A Comparison Study of Data Assimilation Algorithms for Ozone Forecasts
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There is a recent diffusion of data assim-
ilation expertise from numerical weather
prediction (NWP) to air quality commu-
nity. However, the atmospheric chemistry-
transport models (CTM) are stiff but stable
systems; the perturbations on initial condi-
tions tend to be smoothed out rather than
amplified. Therefore the conclusions from
meteorological experiences cannot be ap-
plied directly. We perform a comparison
study of assimilation algorithms [Wu et al.,
2008]. Hopefully this could serve as a
base point for the design of assimilation al-
gorithms suitable for one-day ozone fore-
casts in realistic applications.

‘ Algorithms |

Chemistry-Transport Equation for Air
Quality Model

N
advection N

% = —div(V¢;) +div (pKV%) +

diﬁagion
xilc) +  Si—L;

chemistry  sources and losses

Facts

1. Nonlinear due to chemical reaction term
Xi(c);

2. High dimension, typically 10° ~ 107;

3. Strong uncertainties mainly due to
uncertain parameters [Mallet and
Sportisse, 2006]; initial conditions tend
to be forgotten.

Assimilation

Estimate the uncertainties for a better pre-
diction from diverse resources, i.e. model
simulations, observations and statistics in-
formation. Variational vs. sequential algo-
rithms.

1. Model and observations at time step k:

c. = M|cp_1| + 1. Model M
yi. = H|cp] + ¢,  Observation Yy

2. Minimization of a cost function J(c) that

deals with obs.:

1
s(c—cp) P (¢ — cp)+

5 (v — Hle))' R™ (y;, — Hlc))
where P;. = E(nkng), R = E(ekeg).
Implemented Algorithms
1. Optimal interpolation (Ol);
2. Ensemble Kalman filter (EnKF);

3. Reduced-rank square root Kalman filter
(RRSQRT);

4. Four dimensional variational assimila-
tion (4DVar): time interval k =0,..., N.

The model uncertainties are either pa-
rameterized with homogeneous error cor-
relations (Balgovind parameterization for
Ol and 4DVar) or estimated by perturbing
some (mostly lognormal) uncertain param-
eter p (RRSQRT and EnKF) as:

Vk,i P}, =pp xvVa',
where ~ Is sampled according to a stan-
dard normal distribution, independent of
the time index k£ and of the space index
i. The same sample of ~ is used to per-
turb all values of the field p. The uncertain

parameters sets and their magnitudes are
listed as follows

Parameter name Q)

DO

Boundary condition 3.
Deposition velocity
Photolysis rate
Surface emission
Attenuation
Vertical diff. coef.
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Cloud height
Vertical wind

() Meridional wind
Zonal wind
Specific humidity

Pressure
Air density

Q)" Merid. diff. coef.
Zonal diff. coetf.
Temperature
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In this table, uncertain parameters sets
and magnitudes are detailed. We denote
0 as {Q,Q'}, and Oy as {Q,Q,Q"}. The
distribution of temperature is supposed to
be normal, and its magnitude should be in-
terpreted as relative standard derivation.

‘ Comparison Results |

The four assimilation algorithms are com-
pared under the same experimental set-
tings.

2 Map of model domain.
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The coarse discretization of model domain
and the observation network EMEP sta-
tions are shown in FIG. 2. The squares
show the locations of EMEP monitoring
stations, and the disc shows the location
of the monitoring station Montandon. For
model details, we refer to Mallet et al.
[2007].
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3 Forecast scores of ozone concentrations
during the assimilation period (day #1) and
the prediction period (day #2)..
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4 Time evolution of the RMSE for the ozone
forecasts. The vertical lines delimits the
assimilation period from the prediction pe-
riod.
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5 Time evolution of average ozone fore-
casts over all available stations. The er-
ror bar shows the average spread of the
EnKF forecast ensemble calculated over
these stations.
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6 Time evolution of ozone forecasts
against available observations over two
days at EMEP station Montandon.

Sensitivities to Assimilation
Algorithms

Modifications of configurations on each
component of the data assimilation sys-
tems, i.e. model, observation and algo-
rithm, may influence the assimilation per-
formance. In FIG. 7 - 10 we show the
results on sensitivities to algorithm algo-
rithms.
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7 Forecast scores of EnKF against the

ensemble size. The curve shows mean

scores and the errorbar shows the stan-

dard derivations over 10 random seed
numbers.
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8 Forecast scores for EnKF against differ-
ent uncertain parameter definitions.

The parameter sets and perturbation mag-
nitudes are defined in TAB. 1. The EnKF
sample number is chosen to be 30 (white
columns) and 90 (dark columns) respec-
tively. The two columns of scores for each
case show the forecast scores during the
assimilation and prediction periods. The
bar values are mean scores, and the er-
rorbar shows the standard derivations over
10 random seed numbers.
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9 Forecast scores of Ol and EnKF (with 30

and 90 members) against the number of
assimilation days.
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10 Forecast scores against the number of
assimilation days for the two experiments
using 4DVar.

Cycling and Model Error

55

—— Forecast without assimilation
- - OI forecas t

50 — — EnKEF forecast

""" 4DVar forecast

45

40

RMSE

30
25} R N A U T S - AR Iy
It . . I AV/ ! . . 1 ; N
4 S\ f LN/ B \ ' L A SRR T AR

/o
20F \

15

| | | | | |
03 Jul 04 Jul 05 Jul 06 Jul 07 Jul 08 Jul 09 Jul

11 The one-day forecast performances
based on model simulations with/without
assimilations in the context of cycling as-
similation/predictions.

12 The covariance approximated by EnKF
forecast ensemble between the error at
the station Montandon and the error in all
ground cells at 13:00 UT, 2™ July 2001.

Conclusions |

t is found that the assimilations signifi-
cantly improve the ozone forecasts. The
comparison results reveal the limitations
and the potentials of each assimilation al-
gorithm. In the four-dimensional varia-
tional method, it is shown that the model
error has to be accounted for to further
improve the forecasts. In the sequential
methods, the ensemble approach demon-
strates great potential for the forecasts dur-
ing the end of the prediction periods.

NOTE 1 - RMSE: the root mean square error.

NOTE 2 - SCORE. RMSE over given time length.
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