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Abstract. We consider the estimation of the grazing prefer- aiming at representing different plankton functional groups
ences parameters of zooplankton in ocean ecosystem modh the ecosystem (e.g. diatoms, calcifying algae or microzoo-
els with ensemble-based Kalman filters. These parametenglankton) leads to more complex diets and grazing prefer-
are introduced to model the relative diet composition of zoo-ences must be added. These parameters are always positive,
plankton that consists of phytoplankton, small size-classes oénd, although not compulsory, usually add up to one. We re-
zooplankton and detritus. They are positive values and theifer to the review ofGentleman et al(2003 for more de-
sum is equal to one. However, the sum-to-one constraint cartails concerning the common mathematical formulations of
not be guaranteed by ensemble-based Kalman filters whethe zooplankton grazing in ocean biological models and their
parameters are bounded. Therefore, a reformulation of thémpact on model dynamics.
parameterization is proposed. We investigate two types of Grazing preferences specify the direction of the feeding in
variable transformations for the estimation of positive sum-the space of foods, and so the direction of the transfer from
to-one constrained parameters that lead to the estimation of BFTs (the food) to the zooplankton PFTs (the feeder). There-
new set of parameters with normal or bounded distributionsfore, their impact on the distribution of the different PFTs
These transformations are illustrated and discussed with twirobtained from a model simulation can be significant. For ex-
experiments performed with the 1-D coupled model GOTM- ample,Buitenhuis et al(2010 observed in their global bio-
NORWECOM with Gaussian anamorphosis extensions ofgeochemical model that “the phytoplankton functional type
the deterministic ensemble Kalman filter (DEnKF). distributions and the proportions of primary production that
are exported or remineralized” were sensitive to the micro-
zooplankton grazing preferences. In the same \Bajten-
huis et al.(200§ conclude their work by suggesting that
1 Introduction the representation of mesozooplankton would notably ben-
efit from the improvement of their grazing preferences by
The development of numerical ocean biogeochemicakaking into account the food quality. For large-scale applica-
models over the last two decades has led to more angions like configurations covering a whole ocean basin, this
more complex representations of the interactions betweepesuits in the potential need of a fine spatial tuning of the
the different trophic levels, notably between different plank- grazing preferences in order to take into account the adapta-
ton SpeCieS at the base of the fOOd Chain. Wh|le the d|et Oﬁion of ZOOP'ankton Species to their local environmeﬂsm_
ZOOplankton is relatiVEly Slmply represenIEd in the ear"estﬂeman et al2003 Direct measurements of grazing prefer-
NPZD models — the unique zooplankton group (Z) is feedingences for the different zooplankton species would help to op-
only on the unique phytoplankton group (P) (see for exampletimize the model parameters representing these preferences.

Evans and Parslo{983) — the addition of multiple plank-  However, field data are sparse; the information provided by
ton functional types (PFT) for the phyto- and zooplankton
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the experiments realized in the laboratory does not cover theve aim at reducing the number of parameters to estimate. For
large spectrum of conditions found in natuBuitenhuis et  this reason, we suggest a new formulation that introduces a
al., 2010, and available observations might not be consistentchange of variables based on hyperspherical coordinates.
with each otherBuitenhuis et al.2006).

Multivariate data assimilation methods like ensemble-2.1 Definition of the problem
based Kalman filters make possible the estimation of vari-
ables and parameters that are not observed. State variables -
and parameters can be estimated simultaneously simply b{'@te- They are positive:
augmenting the state vector with the parameters to estimat@l. 1N 1>0 (1)
(Anderson2001; Evensen2009. However, the efficient ap- T te
plication of ensemble-b_ased data assimilation methods likey,q their sum is equal to one:
the ensemble Kalman filter (EnKEyvensen1994 2003 to
ocean ecosystem models is a challenging issue. Beside the
nonlinearity of the model, most variables and parameters ari mi=1 (2
strictly positive, producing non-Gaussian state and paramei=1

ter distributions thereby breaking an important assumptionThey can be estimated with ensemble-based Kalman filter

g; It:]aelnilgr??irlt:rnsalxsfc;li?gnl?:dlgrgfotr?naKg)IrSnsagffi(I)tgtlrgsatlilfy by augmenting the analysis state vector with these parame-
' P ters. Unfortunately, the conservation of linear properties in-

e 10" insic 0 he ensembe el e enseq2003 i o
9 P uaranteed for the parameters due to the constraint of posi-

L?a%g‘i:rfege?/gzrieat)r;:sggl’:i)(wscises'[t?a? ggg;?ruhsi:'aan dr'zg'cbhme(ﬂveness. The truncation of negative values that results from
i . T L pp . the Kalman analysis can lead to parameter estimates that
has proven to be easily applicable in realistic configurations

: . o . do not respect the linear sum-to-one property (BgEven
(Simon and Bertinp2009 and allows the estimation of bi- . i . . i
ased parameterDoron et al, 2011 Zhou et al, 2011 Simon if the Gaussian anamorphosis extension of ensemble-based

nd Bertino 201 Kalman filters makes the estimation possible of positive pa-
a erting 2. o . rameters $imon and Bertinp2012, nonlinear transforma-
In this study, we focus on the problem of estimating posi-

. . L tions do not ensure that they still sum to one.

tive sum-to-one constrained parameters. Our aim is to assess

the ability of ensemble-based Kalman filters to estimate zoo- 5  pirichlet distribution and Gelman’s formulation
plankton grazing preferences in ocean biogeochemical mod-

els. To overcome the issues that ensemble-based Kalman fil- A prior distribution forN positive random parameters with
ters cannot guarantee the sum-to-one constraint when a cotthe sum-to-one constraint is the Dirichlet distribution of or-
straint of positiveness applies on the parameters, we investider N. The (r;);—1.x can be obtained fronV independent
gate two reformulations for which these two constraints aregamma distributed random variabl@s );—1.n as follows:
implicit.

Let (;);=1.ny be theN parameters that we wish to esti-

.The outline of the paper is as foIIow§. We present.t'hew —1:N.m = bi with ¢ ~ T'(6;, 1). @)
different changes of variables for the estimation of positive N
sum-to-one constrained parameters in Sect. 2. We describe Z¢k
k=1

our experimental framework in Sect. 3. Results of the meth-

ods are discussed in Sect. 4, and we present our conclusithen' the parameter®;);_1.v are estimated by assimilat-

in Sect. 5. ing observation with ensemble-based Kalman filters, and the
values of the original parametdts; );—1.y are obtained from
equation 8). Because the parametéys); 1.y are not Gaus-
2 Estimation of positive sum-to-one constrained sian distributed, we suggest to transform them with the Gaus-
parameters with ensemble-based Kalman filters sian anamorphosis during the analysis.
Another possibility is to substitute the gamma distribu-

_In this section, we describe the general problem of €S+jon py the log-normal distribution as suggested@giman
timating positive sum-to-one constrained parameters withggg-

ensemble-based Kalman filters and the issues raised by these

constraints. We present a formulation previously suggested ebi ,

by Gelman (1995 to estimate positive sum-to-one con- Vi =1: N, 7= ——— with ¢ ~ N'(6;, Z). (4)
strained parameters in the framework of pharmacokinetics Zeff’k

(Gelman et a].1996. Since the number of food preferences k=1

that need to be calibrated can be large in complex ocean bio-
logical models (numerous different feeding and fed species),

Ocean Sci., 8, 587602 2012 Www.ocean-sci.net/8/587/2012/



E. Simon et al.: Estimation of zooplankton grazing preferences with the DEnKF 589

In that case, thég;);—1.y fulfill the Kalman filtering as- 2.4 Prior distribution of the (¢;);=1.x—-1 in the
sumption of Gaussian distributed variables and do not require hyperspherical coordinate system
anamorphosis.

Due to the symmetrical roles played by the parameters A significant issue lies in the choice of the distributions
(¢1)i—1.n in both formulations, the estimation of the param- of the parametergp;);=1.x—1. When the distributions of the
eters (7;);—1.y is insensitive to the mapping between the parametersr;);—1.y are known or samples are available, the
parameterg¢;);—1.y and (;)i—1.y in the change of vari- inversion of the hyperspherical coordinate system can pro-
ables. However, these approaches do not allow for paramvide prior values for the paramete;);=1.n—1. This can

could not be completely removed by assimilation. This might . T . .
) ) ) . . so on. This approach can also be applied to estimate posi
be undesirable in large-scale configurations for which the

. - S .tive sum-to-one constrained state variables evolving in time
diet composition can significantly change from one region . . .
to another. accordingly to a model dynamics. The variable transforma-

tions before and after the analysis using the inverse ofq. (
and Eq. b) guarantee that analyzed variables fulfill both con-
straints.
N ) Another approach consists in focusing on the direct mod-
~The(r;)i=1.y canbe seen as i‘/ position vector in the Carte-g|ing of the(¢;);_1.y_1. This can be an option when too lit-
sian coor_dlna'_[es_of a pointin R ._A natural ideais to rep- e information on the(r;)i—1.v is available. We suggest to
_resent this point in another coordinate system. .We suggest tgase this choice on the ability to specify prior values and
introduceN — 1 angles(¢;)i=1.n-1 to represent inthe hy-  ncertainties for ther;);—1.y — their prior expected value
perspherical coordinate system that generalizes the sphenca};[m])i:lw and variance E[(zr; — E[7;])2]);—1.y — rather
coordinate in dimensiolV. The use of this coordinate system han focusing on their distributions. This leads to the choice
to remove constraints of sum has also been introduced for gegss prior values and uncertainties of t;);_1.y, for which
ometrical applicationsNurmela 1999. An analogy with @ the parameters of the distributions of thg);—1.y_1 will
coordinate system describing a point on a sphere shows thfe yned accordingly. For example, in our particular frame-
2 angles, longitude and latitude, are required to characterizg,qrk it would be interesting to start the estimation process
the position of a point on the surface in 3 dimensions. with (1);—1.n that have the same expected vaﬁjebecause

this case corresponds to no particular feeding preferences in

2.3 The hyperspherical coordinate system

T = cosz(%m) the diet of the zooplankton species.
We assume that the parametdis);—1.y—1 are inde-
Vi=2:N-1, pendent and follow marginal distributioi®; (©;));=1.ny—1,
i1 o - which can differ. The prior values for the expectation and
T = HSIHZ(EdJk)COg(E@) (5)  variances of the parametets;);—1.y are obtained by an ad-
k=1 equate tuning of the&v — 1 parameter set&d;);—1.y_1. Let
(mi)i—1.y and(c?);—1.y be the target means and variances
S Nl__[zsinz(Lp )sinz(z¢ ) of the (n,»),-zlzN.lDue to the sum-to-one constrain, the ex-
V= k] 27k 2 VN1 pected value and variance of one parametgr\ithout loss

of generality) are determined by the choice of the values for

With (¢1)i—1:ny—1 N — 1 random variables distributed on the the N' — 1 other parametensr;);—1.y-1.

segment lind0, 1]. By definition, the(r;);—1.y are positive
and it can be easily shown that their sumis equaltoone. 2 4.1 Specification of the expected values of the

Again, we suggest to transform the parameters (T )ie1:N
(¢i)i=1:n—1 With the Gaussian anamorphosis functions
during the Kalman filter analysis. The specification of the expected valyesg);—1.y_1 leads
One benefit of this approach is the reduction of the numbetto the resolution otV — 1 nonlinear equation&S; );—1.y _1:
of parameters to estimate fromto N — 1, the(¢;)i=1.n—1 Find (®;);—1.y—_1 such that

instead of the(wr;);—1.y. This is certainly useful for com-
plex systems involving numerous unknown parameters to es- 1'(<1)¢1(n) + By, (—71)) = m1 — 1
timate. However, the estimated values of the);_1.y can 4 2
be sensitive to the choice of the mapping to (#e;—1.n_1

due to the asymmetry of the transformation. For our specificy 4 m 1
problem of estimating zooplankton grazing preferences, it Z(<D¢,. () + Py, (—7)) = ———— — >
means that the results might depend on the choice of assign 1—
ing the types of food to thér;);—1.n.

Vi=2:N-1, 6)
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with &4, the characteristic function of the parameger
The derivation of these equations is detailed
AppendixA.
The existence of solutions to this system of equa-
tions (S;)i—1.y—1 depends on the chosen distributions
(D;)i=1:n—1 and can be found numerically.

in

2.4.2 Specification of the variances of thér;);—1.n

The specification of the varianceslz),-:L ~—1 leads to the
resolution of N — 1 nonlinear equation&:;):
Find (®;);=1.ny_1 such that

1

3 2 , 1
~3 +oi+mi— Z(de,l(n) + @y, (=)

Vi=2:N-1,

1 1
(5, 21) + By (—27)) =

== 3@s )+ 0y (D)

Uiz +mi2

+

i k—1 1
2 TR+ mE ) [T 7o (1) + @y (=)
k=1 =1

with the conventions  of+m3=1 and
0
1
I 2(@o (D + @y (-m) =1 The values of

=1

1
(Z(q>¢i () 4+ @y, (—m)))i=1:.n—1 depend on thém;);—1.ny 1
only and are given by Eq6J. The derivation of these equa-
tions is detailed in AppendiB.
Again, the existence of solutions to this system of
equations(%;);—1.nx—1 depends on the chosen distributions
(D;)i=1:n—1 and can be found numerically.

2.4.3 Example with the triangular distribution

In order to illustrate the approaches described above, wéV —i <

specify an equal expected value for thg),—1.y following
§2.4.1 It corresponds to the strategy applied for estimating

E. Simon et al.: Estimation of zooplankton grazing preferences with the DEnKF

with 6; € [0, 1] the mode of the distribution. The probabil-

ity density function reads
2
g—‘é, for 0<¢ <6
Vi=l:N-1f5@) =1
21—
( ¢), for 6, <¢<1
1-06;
)
The characteristic functiotby, is given by
Vi=1:N-1,
(1—6;) — bt 4 ;e (10)

VieR, &4 (1) =-2

JT29,' (1 — 91') ’
with j2=—1.

Then, a prior equal value for the parameténs);—1.n
is obtained by an adequate tuning of the—1 modes
(6;)i=1:ny—1. For that particular case, one has

1

Vi=1:N, mi = (11)
And Eq. 6) reads
Vi=1:N-1,

coSmh) 420, —1 N—i—1 (12)

(SH)

=0.
720;(1—6;) 2(N—i+1)

The parameters(¢;);—1.y—1 distributed according to
(7(0,1,6;))i=1.n_1, With the (6;);=1.y_1 Solutions of the
system defined by Eqlp), lead to equal expected values
for the (;)i—1.n.

However, it can be shown that solutions exist if and only
if

2
T 236
wc—4

(13)

It means that only the equatiodSy_1) and (Sy—2) admit

the grazing zooplankton preferences in the numerical expera solution. In practice, it will not be possible to obtain equal

iments shown in § and &. First, we must choose a distribu-
tion for the parameterg;);—1.n—1 and we assume that they
follow a triangular distribution:

Vi=1l:N-— 1, ¢i ~ T(O, 1,90. (8)

Ocean Sci., 8, 587602 2012

prior values of theér;);—1.5 for N > 4 when using triangular
distributed parameter®;);—1.ny—1.

Finally, it is worthy to note that it is not possible to choose
the variances of thér;);—1.y after having specified their ex-
pected values, because the triangular distribution has only
one parameter: its mode.

Www.ocean-sci.net/8/587/2012/
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2.5 Truncated Gaussian distribution and linear flagellates concentrations (DIA and FLA) by EG4):
inequality constraints DIA + FLA
CHLA = % (14)

Another strategy to reduce the number of parameters to

estimate consists in formulating the problem simply us-The constant conversion factor 0.8 mmolNM&hI a is

ing linear inequality constraints. Without loss of general- added to obtain the chlorophyll concentration in nigiythe

ity, we choose to only estimate the first— 1 parameters standard unit of data produced from satellite, from the phyto-

(m)i—1.n—1 and the last parameter is given by the sum- plankton concentration in mmol NTH. The mesozooplank-
N-1 ton (MES) feed on diatoms (one assumes that the flagellates

to-one constraintry =1— » ;. The problem amounts are too small to be fed on by mesozooplankton), detritus

i (DEN) and microzooplankton (MIC). The microzooplank-

ton feed on both classes of phytoplankton (flagellates and

diatoms) and on detritus. Both classes of zooplankton have

the choice of their food among three variables of the model

and compete against each other for feeding on detritus and

the(n’;[)ri:m ,}_hat\_/e atrfutr;:_:atfe_s G‘?‘USS'?” dlstr|bu_t|on. H?N' diatoms. For both classes of zooplankton, the formulation of
ever, the application of this TITIer 1S Not as €asy In practicey, grazingG;—1.3 on the variablé = 1: 3 reads
than the simple variable transformations suggested in the

i=1
to estimating thg(w;);—1.x—1 under theN inequality con-
straintsvVi =1: N,m; > 0.
This can be done with the truncated Gaussian filter sug
gested byLauvernet et al(2009 under the assumption that

previous sections and can be computationally expensive for, . mXiz

large systems due to the use of a Gibbs sampler to sampl\%’ =1:3.Gi=¢ N z (15)
the truncated-Gaussian distribution and to estimate its loca- anxk(xk + K1/2)

tion vector and scale matrix. k=1

with Z the concentration of meso- or microzooplankton
feeder,(X;)r=1.3 the concentration of the different variables

3 Experimental framework they feed on,(mi)k=1.3 the grazing preferencesy/> the
half-saturation constant for ingestion by zooplankton and
3.1 The 1-D ocean ecosystem model g the zooplankton maximum growth rate. The second or-

der modified Patankar-Runge-Kutta scheme is used for the

The experiments were performed in a 1-D vertical config- source and sinks dynamics.
uration of the coupled model GOTM-NORWECOM repre-  The dynamics of phytoplankton blooms in the first 100 m
sentative of the station Mike (8®l, 2° W) in the North Sea.  in the reference solution is illustrated in Fi.

The 1-D ocean water column model is the General Ocean o )
Turbulence Model (GOTMBurchard et al.1999 2005 Um- -2 Data assimilation experiments

lauf and Burchard200 that transports physical quanti- In order to assess the performances of the two formula-

ties with hydrodynamic primitive equations and turbulence .. ) . i
: - tions, twin experiments have been conducted: the true state
schemes. A relaxation towards temperature, salinity and hor-

izontal velocity profiles from the TOPAZsystem Bertino ;I:S)rﬁh(?f?ﬁ:er;vségniivagﬁ/ iErogquecseoci 23:]; r?]ieéfg;:;g'ﬁgzz;?]u'
and Liseeter2009 is used with a relaxation time of 14 days. g P

The vertical advection velocity is specified to zero. The depthgraZlng preferences that differ f.rom equal preferencgs. The
alues of preferences used to build the reference solution will

Is 2034 m, and the model uses a Cartesian grid of 55 verticale called “true” values in the following. These values have
levels with a minimum thickness of 1 m at the top level, in- been arbitrary chosen and are summar.ized in Thble

creasing exponentially towards the bottom. : . .
The NORWegian ECOlogical Model system (NORWE- The observations are t_he chlorophyll |.n the two first layers
of the model and are defined as follows:

COM; Aksnes et a].1995 Skogen and Sgiland998 is cou-

pled to GOTM. The current version of this model includes y, _ H.X, x E, with E~ F(iz,%ﬂ 0, =0.3 (16)

two classes of phytoplankton (diatom and flagellates), two o5

classes of zooplankton (meso- and microzooplankton) dewe construct the observations by multiplying the true surface
rived with the same formulation from the model ECOHAM4  ¢orophyll with a gamma distributed observation error with
(Patsch et al.2009), three types of nutrients (inorganic ni- 5 standard deviation around 30 % (average should be 1).
trogen, phosphorus and silicon) and detritus (nitrogen, phos- The gbservation are assimilated with a Gaussian anamor-
phorus), biogenic silica, and oxygen, so that the ecosystemyhosis extension of the deterministic ensemble Kalman filter
state vector is made of 11 variables. The chlorophydbn- (DENKF). This method is based on the DEnkEakov and
centration (CHLA) is computed from the model diatoms and ke 2008 and consists in introducing Gaussian anamorpho-
sis functions in order to realize the analysis step with Gaus-
http:/ftopaz.nersc.no sian distributed transformed variables. More details can be

WwWw.ocean-sci.net/8/587/2012/ Ocean Sci., 8, 5802 2012
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Chlorophyll with 6; € [0, 1] the mode of the distribution. The triangu-
3 lar distribution is simulated from the uniform distribution
mg/m thanks to the MINMAX method suggested Byein and Ke-
0 4 blis (2009. The prior values for the parameters);—1.3 are
k . obtained by an adequate tuning of the 2 mo@&%;—1.o.
= ; Equal preferences are obtained by solving the two nonlinear
= equations:
£ -50 2
3 15
o 1
coSmh)+200—1 1
N (S1) > +-=0.
100 A T401(1—61) 6 (19)
Jan00 Jan01 Jan02 Jan03 Jan04
Time (d) S») codntp) +20, —1 0
S S
Nitrate A solution to the equationsS;);—1.» exists and can be
mmol N/m® found numerically; = 0.8905 andd, = 0.5. The mapping
0 L ‘ N of the preferences in Egb)is as follows:
. T Mesozooplankton Microzooplankton
§' 10
5 50 i TpIA = 003(%051) TDET = 0052(%¢1)
[ 6
e 4 T T T g (20)
i TMIC = Sin2(§¢1) 005(5452) TFLA = sin2(§¢1)co§(§¢>2)
-100 0
Jan00 Jan01 Jan02 Jan03 Jan04 TDET = Sinz(%m)sinz(%(ﬁz) p—— sinz(%zﬁl)sinz(%d)z)

Time (d)

_ S ) _ This choice is motivated by our wish to respect the symme-
Flg. 1. Reference solution: time evolution of chlorophyll and nitrate try between the two classes of phytoplankton in the defini-
in the upper 100m from 1 January 2000 to 31 December 2004.  yinn of the observed variable (same weight for the FLA and

DIA variables when computing the chlorophyll concentra-
o i tion). Since mesozooplankton only eat one type of phyto-

found in S|mon and Bertlnc(ZO'l_a. The state anq parame- piankton (diatoms)zs is associated withrpa . The micro-
ter estimations are conducted jointly by augmenting the Stat%ooplankton feed on the two classes of phytoplankton respec-
vector with the parameters that are estimated. In this StUdytiver; we associater, andsr with 7pja andea, respec-
the state vector is made up of all the vertical components Oiively. This asymmetry, which appears only in the spherical
the ten. state variables (the oxygen is not correqted during th?ormulation, may create a dependence of the results on the
analysis) and the paramete();~1.,, n depending on the  ,3rameter assignment. However, experiments with different
formul'atlon that is chosen. In the Gelman formulatlon, We assignments between the microzooplankton grazing prefer-
take Six parameters (three parameters Controlllng_ the preferénces and ther; )13 led to similar results (not shown). We
ences times two zooplankton types). In the spherical formuy,gieq 3 slight decrease (increase) in the RMS errors in the
lation, we take four parameters (two parameters controllingggtimates of the microzooplankton (mesozooplankton) graz-
the preferences times two zooplankton types). ing preferences compared to the results shown in the follow-

The ensemble contains 100 members. The background,q “Nevertheless, the observed robustness of the estimation
state ensemble is generated by adding a truncated-Gaussigfiihe asymmetry of the transformation could be application-

perturbation to the solutiox(r = 0): dependent and further experiments might be required in a dif-
. ; ferent framework.
Vi=1:100  x;, =max0,x(t =0) x (1+b)) 7 Gaussian anamorphosis functions are applied to state vari-

ables and parameters except for parameters transformed by
with b~ N'(0,02). 0, is chosen to be equal to 0.3 for all the Gelman formulation. In the latter case, thig);—_1.3 are
the state variables. In the Gelman formulation, the paramealready normal-distributed and Gaussian anamorphosis is not
ter ensemble is initialized by assuming that the parametergecessary (see Sect. 2). The strategy to build the anamor-

(¢i)i=1:3 are normally distributed according£d(0,0 =2).  phosis functions differs between the chlorophyll and the
In the spherical formulation, we assume that the parametersther state variables and parameters (if necessary) and is
(¢i)i=1:2 follow a triangular distribution: a variation of the hybrid approach describedSimon and
Bertino (2012. Since the chlorophyll concentration in the
Vi=1:2,¢; ~7(0,1,6;). (18) ocean is usually assumed to have a log-normal distribution

Ocean Sci., 8, 587602 2012 Www.ocean-sci.net/8/587/2012/
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(Campbel] 1995, its anamorphosis function is the logarith- in the ensemble, and weak corrections by the filters during
mic function. For other state variables and the parametersnost of the year. An increase of the sampling frequency to
anamorphosis functions are built from the empirical marginalfour days would be enough to obtain a good representation
distributions of the variables. The empirical anamorphosisof blooms in this simple 1-D configuration, more specifically
functions are computed from a sample of the forecast ensenthe transition phases, and potentially improve the quality of
ble and are then piecewise linearly interpolated to obtain thehe estimation. Nevertheless, assimilating observations more
Gaussian anamorphosis functions. Their tails are linear anfrequently might not be affordable in realistic 3-D configura-
their last segments extrapolated towards specified biologications due to the computational costs that it implies. The use
minimum and maximum values. The spherical formulation of an asynchronous version of the EnkFakov et al.2010
introduces parameters that are bounded on both sides and farould be a solution to tackle these issues but is out of the
which the odds to reach the bounds during the assimilatiorscope of this study.
are not null. The succession of analysis steps can build-up In order to check the robustness of the estimation against
discontinuities (“atoms”) of the distribution at the bounds random initial conditions and observation errors, we repeated
which are not handled by the piecewise linear anamorphosishe experiment 20 times. That is, 20 initial ensembles (com-
function — zero slopes are not invertithon and Bertinp  bined state-parameter background) and 20 sets of observa-
2012. Extending the first and last segments until they in- tions were generated. Nevertheless, the different assimilation
clude the first values outside of the atoms seems to resolveystems used the same state component of the background
the issue. The observation erkdris assumed to have a log- ensemble and observations for each of the 20 realizations.
normal distribution: loge?) ~ A/ (0, %2) with o, = 0.3. It re- The diagnostics shown in Sedtare averaged over these 20
sults in a normal-distributed observation error for the trans-experiments.
formed observations with a standard deviation equal3o 0
The model includes perturbations on the phyto- and zoo- o
plankton components of the state variables. Similarly to# Data assimilation results
the generation of the background state variables, truncated; .
. . 4.1 Overall error evolution
Gaussian random variables are added every twelve hours.
The standard deviation of these perturbations decreases lin- \ne are interested in the time evolution of the relative root

early towards zero in the eight deepest layers in order 9nean square error (RMS) and the relative ensemble standard
obtain a smooth transition between the deep layers and thgeyjiations (STD) of the solution of the two different formu-

bottom layer where no perturbations are applied. Furtheryaions. These diagnostics are averaged over 20 experiments.
more, no perturbations are added to the parameters duringpq expression at time, of these two quantities is as fol-
the model integration, so they remain constant between twq,,s:

analysis steps.
Starting from the background state variables and param-
eters, a one-year ensemble simulation is performed with- 1 Nexf’\/

out assimilation. Assimilation cycles are then performed > Kt K) =Xt K, 1))

over four years with a frequency of one analysis step everyrms,) = ke (21)
seven days. This frequency for observing the system is rel- /Z X! (tn, K)2

atively low considering the short time scales of the bloom keQ

phenomenon. Figur2 represents the time evolution of the
chlorophyll concentration in the two first top layers in the

Nexp (=

reference solution and in the assimilated observations. We 11 > i(x’”(z K. i) = R(ty. K. i))2

note that during the blooms the 7-day sampling of the refer- Nep S\N-15~= " " 22)
ence run leads to only one observation during the first peakSTD(t”) = . 5

(diatom bloom) and only one or two observations during the ,/%X a. k)

second peak (flagellate bloom). Furthermore, the maximum

values reached by the concentrations in the reference soluwhere( is the domain of computatiory is the number of
tion during these two peaks are generally not captured bymembersx™ is the forecast membet, Neyp is the number
the observations. Blooms are mostly represented in the obef experimentsx’ is the true state, anklis the mean of the
servations as two Dirac pulses with highly uncertain ampli- forecast ensemble.

tude and timing. This usually results in difficulties for the  Figure3 represents the evolution of the relative RMS and
ensemble-based Kalman filter methods to correctly estimatastandard deviation over five years for the diatoms, flagellates
the state of the system, and notably to estimate some paranand the micro- and mesozooplankton. These diagnostics are
eters. This is a real issue for ocean ecosystem models: thaveraged over the whole water column, &ndepresents the
weak production (apart from the bloom periods) results in55 vertical layers. The evolution of the spatial average of the
low innovations and spread of the chlorophyll concentrationtrue state is plotted (green dashed line) in order to provide
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Fig. 2. Time evolution of the chlorophyll concentration at the surface (two first layers) in the reference solution (blue line), in the reference
solution at observation times (green circles) and in the observations (red circles) for one experiment.

information on the yearly dynamics of the variables. No as-shown). On average, their RMS errors are low (less than 5 %)
similation is performed during the first year. First, we note and exhibit low oscillations during the blooms.
that both formulations lead to a reduction of the RMS error
and the standard deviation for flagellates and their grazers4.2 Evolution of the parameters
the microzooplankton. The peaks in the error for flagellates
occur at the end of the flagellates blooms, which are too short Figure 4 represents the time evolution of the mean and
in the assimilated solution, notably around 25 m depth. Thestandard deviation of the ensemble for the meso- and mi-
evolutions of the standard deviation and RMS error are incrozooplankton grazing preferences. First, we note that both
agreement during the last bloom both for microzooplanktonformulations lead on average to reasonably good final es-
and flagellates, which highlights a good representation of thdimates of the microzooplankton grazing preferences. The
error by the ensemble during that period. An improvement oflargest corrections occurring during the first two blooms re-
the detritus component of the solutions is also observed (nosult in a convergence of the estimation towards the true val-
shown). ues of the preferences in less than two years for both formu-
The impact of data assimilation on the diatoms is mixed.lations. However, we note larger corrections during the last
We note a large increase of the standard deviation after all th§loom with the Gelman formulation that can be explained
diatoms blooms and a large peak in the RMS error during theby a larger spread for the preferences in the ensemble in-
first year with assimilation associated with a too long bloom. herited from the initial ensembles. The Gelman formulation
The RMS error decreases year after year for both formulaintroduces a distribution with two parameters — the mean and
tions and reaches its lowest values during the fourth yearthe variance of the normal distribution (see Bjj— which
However, a large peak is still present in the error during themakes it possible to choose the mean and the standard devi-
final bloom for the spherical formulation. This is due to the ation of the prior preferences. Our use of a distribution with
presence of a strong subsurface chlorophyll maximum at @ne parameter — the mode of the triangular distribution (see
70m depth. Because the silica cycle depends only on thé&q.18) —allows only for the choice of the mean for the prior
diatom concentration, these large peaks in the error resulpreferences. In these experiments, the prior variances chosen
in a low increase of the RMS error for both silicate com- for the normal-distributed parameters in the Gelman formu-
ponents during the bloom every year leading to final errorlation lead to initial variances for the prior preferences that
around 10 % (not shown). In the same way, data assimilatiordre larger than the ones obtained with the spherical formula-
cannot significantly reduce the RMS errors for the mesozoodion.
plankton. On average, the solutions obtained with the Gel- The mean and standard deviation of the 20 means of the
man formulation present a lower error than the ones obtainegreferences in the ensemble obtained at the end of the exper-
with the spherical formulation. Finally, nitrate and phosphateiments are specified in Tableand the RMS error in Tabl2.

are not significantly impacted during the assimilation (not On average, the Gelman formulation produces slightly better
estimates of the preferences for diatoms and detritus, while

Ocean Sci., 8, 587602 2012 Www.ocean-sci.net/8/587/2012/



E. Simon et al.: Estimation of zooplankton grazing preferences with the DEnKF

Diatoms

595

200 T

150

100

Flagellates

—RMS Ensemble
——STD Ensemble
- = Reference

L i i i i i e e
L R R e e

200

150

100

Relative RMS error and standard deviations (%)

Fig. 3. Evolution with time of the relative RMS error and standard deviation computed over the water column and averaged over the 20
experiments. The spatial mean of the reference solution is plotted to highlight the seasonal dynamics (green dashed curve). The black do
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Fig. 4. Evolution with time of the averaged mean (black line) and averaged mean plus/minus the standard deviation (shaded area) of the
grazing preferences. The true value is highlighted with a dark dashed-dotted line.
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Table 1. Zooplankton grazing preferences;);—1.3: mean and  Table 2. Zooplankton grazing preferencés;);—1.3: relative RMS
standard deviation (computed over the 20 experiments) of the meanarror (computed over the 20 experiments) of the means of prefer-

of preferences obtained at the final time. ences obtained at the final time.

Mesozooplankton Mesozooplankton

Diet DIA MIC DET Diet DIA MIC DET
True value 0.6 0.15 0.25 Prior (%) 45 120 32

Gelman 0.58:0.19 0.31+0.16 0.19-0.09 Gelman (%) 35 146.6 44
Spherical 0.5%0.19 0.24-0.11 0.25:0.13 Spherical (%) 33.3 86.7 48
Microzooplankton Microzooplankton

Diet DET FLA DIA Diet DET FLA DIA
True value 0.15 0.6 0.25 Prior (%) 120 45 32

Gelman 0.19£0.1  0.56+0.09 0.25+0.05 Gelman (%) 66.7 16.7 20
Spherical 0.2&:0.09 0.56£0.10 0.24+0.05 Spherical (%) 66.7 167 20

both formulations lead to the same estimate of the preferof the preference for the microzooplankton. The rate of fail-
ences for flagellates. Both formulations lead to a similar de-ure decreases to 30 % of the experiments with the spherical
crease of the RMS error in the estimate of the three preferformulation. For most cases, this is due to an erroneous in-
ences. However, the ternary plots of the final estimates of therease of the preference for the detritus to the detriment of
preferences for the 20 experiments in Figshow that the  diatoms. This is also highlighted by the increase of the RMS
number of experiments, for which the assimilation provideserror in the final estimate of the preference for the detritus
corrections in the direction of the true value for the three (see Table2). However, experiments done with different as-
preferences, is larger with the spherical formulation thansignments of the microzooplankton grazing preferences in
with Gelman’s: only two points do not belong to the shadedthe transformation led to higher RMS errors, notably in the
area representing the subspace of preferences defined ipyeference for microzooplankton, and a rate of failure equal
0< mpeT < 1/3, 1/3< rLa < 1 and 0< npia < 1/3 (de-  to 45% (not shown). This suggests that the performances
crease of the preferences for the diatoms and detritus an@f both approaches do not significantly differ. Furthermore,
increase of the preference for the flagellates) with the spherwe think that these difficulties faced by the DEnKF to cor-
ical formulation compared to four points with the Gelman rectly estimate the mesozooplankton grazing preferences are
formulation. related to the configuration of the experiments rather than
The estimation of the mesozooplankton grazing prefer-the variable transformations. As stated earlier, the surface
ences is less successful. On average, we note idftigit the  chlorophyll seems to be more sensitive to the microzooplank-
corrections are very weak during the first two years of assim{on than to the mesozooplankton in the model. Furthermore,
ilation. The reduction of the standard deviation of the threeimprovements could be obtained by changing the experimen-
preferences is very low for both formulations suggesting atal framework, for example the observation frequency, the
weaker sensitivity of the surface chlorophyll to the meso-specified observation error, etc.
zooplankton grazing preferences compared to the microzoo-
plankton grazing preferences. This is highlighted in FEg.
by the Pearson correlation coefficients between the surfacé Conclusions
chlorophyll and the microzooplankton that are much larger
than the ones between the surface chlorophyll and the meso- In this study, we investigated the problem of estimating
zooplankton. N positive sum-to-one constraint parameters with ensemble-
On average, the spherical formulation leads to slightly bet-based Kalman filters with the purpose of estimating zoo-
ter final estimates of the preferences than the Gelman formuplankton grazing preferences that are commonly used in
lation (see Tabld). The assimilation tends to strongly cor- ocean ecosystem models.
rect the preference for the detritus to the detriment of micro- We have suggested a new formulation of the grazing pref-
zooplankton. It results in larger RMS errors in the final esti- erences introducing a change of variables based on the hyper-
mates of these two preferences compared to the prior valuespherical coordinate system. This formulation results in the
(see Table2). The ternary plots in Figh show that in 45%  estimation of a reduced numbey (- 1) of bounded param-
of the experiments the estimation with the Gelman formula-eters. Issues raised by estimating non-Gaussian distributed
tion does not jointly improve the three preferences. For mosparameters with Kalman filters can be tackled by using the
of these experiments, this is due to an erroneous increas@aussian anamorphosis. Furthermore, the two systems of
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N — 1 nonlinear equations to be solved, in order to obtainstraightforward to apply for any number of preferences.
target prior values and variances of the preferences, are alddowever, it can require to estimate a large number of param-
exhibited. eters in complex systems. The spherical formulation reduces
The performances of this approach and the one suggestatie number of parameters to estimate but can require a choice
by Gelman(1995 based on the Dirichlet distribution have of their prior distribution and to solve nonlinear systems of
been assessed in the framework of twin experiments realequations accordingly if the inversion of the hyperspherical
ized in a 1-D configuration of the coupled model GOTM- coordinate system cannot be applied.
NORWECOM. Both approaches lead to improved estimates In this study, we have used the triangular distribution for
of the microzooplankton grazing preferences. They presenits simplicity and its applicability in our ecosystem model.
the same difficulties to estimate the mesozooplankton grazBut this distribution is not suitable to obtain equal prior val-
ing preferences that can be explained by the configuratiorues for more than three preferences and does not allow the
of the experiments: the observed variable, the chlorophylltuning of their variances. From five preferences onwartys —
constitutes only one type of food (diatoms) for the mesozoo-equal four can be solved via the introduction of the Hopf co-
plankton diet compared to two (diatoms and flagellates) forordinate system — the questions of the choice of the distribu-
the microzooplankton diet. Furthermore, the results obtainedion and the resolution of the systems remain open. However,
with the spherical formulation for the mesozooplankton arethe inversion of the hyperspherical coordinate system could
not significantly better and cannot be guaranteed for moreprovide a prior ensemble for th@;);—1.y—1 if an ensemble
complex realistic configurations. for the preferences is available. This suggests that the Gel-
Both approaches present theoretical and practical advanman formulation is more suitable in the framework of few
tages. The Gelman formulation leads to the estimation ofzooplankton species with a diet involving numerous types of
Gaussian distributed parameters, a property that presents thé&sod, while the spherical formulation could be more suitable
oretical advantages in the context of Kalman filtering. Fur-in the framework of numerous zooplankton species with a
thermore, this formulation is naturally symmetric with re- diet involving few types of food.
gards to the mapping of parameters. This formulation is
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In the same way, one has
Appendix A

1
. 1
Derivation of the system of equations(S;);—=1.ny—1 tO /Slnz(%¢)f¢i(¢)d¢ =3 —h(©)).
0

choose the mean of the preference®;);=1:n

Let (¢;)i=1.n_1 be N — 1 independent random variables Now, fori = 1, one has
following marginal distribution§D;); 1.y 1 involving a set

of parameterg®;);—1.y—1 and with a support equal to the !

b4 1
segment lind0, 1]. We notef;, the probability density func-  Elm1] = /CO§(§¢)f¢1 (p)do = >t h(©1),

tion of the parametep; foralli =1: N — 1: 0
Vi=1:N-1, f4 :[0,1] = Ry d the Eqg.A2
i Al and the Eq.A2) reads
0 5@ (A1)
Let (7r;);i=1.5 N random variables defined by E§)(We aim  h(®1) =mq1 — %

to choose the values of the set of parametér9,_1.y-1 to
N

obtain the expected valué€s:;);—1.y, With ka =1, for

the variablegr;)/—1.y: k=1 of the variablegr;);—1.v, one has
Vi=1:N, E[m]=m; (A2) Vi=2:N-1,
We start with a preliminary calculus. By introducing the rela- Elr] —
. 2 1+ cog2a) _ [i] =
tion cos (a) = — and using the property of a prob- 0.1V k=1
ability density functionf /f(qb)dq& =1, one has

R

NI =

1 1
1

/COSZ(%qﬁ)qu,- (@)de = 5+ /005(71¢)f¢,- (@)dg (A3)

0 0

Vi=1:N—1, h(®)= %(cbd,,. (1) + Py, (—77))

1
/ c03(59) fy, ($)dd = 5 +h(®)).

(A5)

(A6)

(A7)

(A8)

(A9)

which is equivalent to the equati@;) defined by Eq.§).
Now, leti be an integer between 2 and-1. By definition

i—1
[Tsi?(5 61 0850 fian-vy-1 (#)09

(A10)
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Because the variablég,);—1.y_1 are independent, itleads @ We must now check that the relation

Elnyl=my =1— Z my is satisfied.
k=1

to

Vi=2:N-1,

Elay] _ JpSiP(5on-1)foy 1 (9)dd
Elny-1]  [rCof(FoN-1) fpy_,(d)de

i-1 % !
Elx]=[] / S (G91) o, ()dp / coS(S0) /4, (9)d
k=19 0

(A11) _ 1-2n(®y_1)
_ _ . T 14+2h(Oy_1)
By introducing Eq. A6) and Eq. A7), one obtains (A16)
N=2
Vi=2:N-1, 1—ka—mN_1
i-1 k=1
1 1 Al12 =
Elri) =[G~ MO0 h(©) +3) (A12) mN1
k=1
Itleadstovi =2: N —1: Because of E[ry_1]l=mpy—_1, one does have
N-1
Elm]  m; Elnyl=my=1-) my.
Elmi-1] ~ mi-1 k=1
=11 1
[1G-r©)@©)+3) _
k=1 _om; Appendix B
i=2 ¢ 1 mia o .
H(E —h(O)(h(®;_1) + 5) Derivation of the system of equations(X;);=1.ny—1 tO
k=1 choose the variance of the preferenceBr;);—1.n
(A13)
1 1 . .
(é — h(©;_1)(h(®;) + E) . _ Let (77;);=1.5 N random variables defined by Eé)(We
o ! aim to choose the values of the set of paramet®ry; —1.n—1
(h(®;_1) + %) mi—1 to obtain the variance@rl?)i:lw of the variableqr;);—1.n

assuming that their expected values are equéht®;—1.n:

1 i 14+ 2h(0;_
& h(®) =—=+ m; +2h(0;-1)

Vi=1:N, E[J'r~2]—m-2=(r-2 Bl
2 mi_11—2h(©; 1) ’ b (1

Finall btai b h bl We start with preliminary calculus. As previously, one ob-
inally, we obtain a recurrence between the variablesying the following by using trigonometric formulas:

(h(®)i=1:N-1:

1 1
1 b4 3 1
h(©1) =m1— > /C054(§¢)f¢,- (p)d¢ = 33 f cos @) fo, (P)dd
0
Viz2:N-1, (AL4) 17 B2)
Mo = Ly mi 14200 +g [ cos@ro) i@
Y2 mis11-2h(0;_1) 0
3
The solution of Eq.A14) is given by =g 7O +2(®)
1 with i defined in Eg. A5) andg as
h(®1) = m1— >
1
Vi=1:N-1, O) = —(Py. (2 4. (—2m)). (B3
Vie2:N_1 AL i 8(©i) 16( ¢ (210) + @y, (—2m)). (B3)
m; 1
h®) = ————~— > In the same way, one has
1-— ka
=1

1
4 T 3
[ st G o) @16 = 5 - @0+ ¢(0) (B4)
which corresponds to the system of equatiG®; —1.ny—1. 0
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Fori =1 one has
1

E[r2] = / 0 (%9) fn @)

601

0
with the conventions +m3 = 1 andl_[h((H)l) =1.
=1
The varianceyf, of the preferencery cannot be chosen
and depends on the values specified for the preferegce.

0 (B5) L
3 Itis given b
=3 +h(01) +g(01) g y
— O'2~|—m2 ) N-1 )
1 1 oy =—(1- Zmi)
It leads to im1 (B11)

3—8h(ON-_1) +8g(ON-_1)
3+ 8h(ON_1) +8g(ON-1)

3 2 2
8(O1) = i h(©1) +of +m? (oy_1+my_1)

(B6)
whereh(©1) is given by Eq. A9). Now, leti be an integer
between 2 an@ — 1. One has
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