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Abstract—This study examines the effectiveness of targeted

meteorological observations for improving ozone prediction in

Houston and the surrounding area based on perfect-model simu-

lation experiments. Supplementary observations are targeted for the

location that has the highest impact factor (maximum Kalman gain)

estimated from an ensemble and is expected to minimize ozone

forecast uncertainty at the verification time. It is found that the

observational impact factor field varies with time and is sensitive to

ensemble resolutions and physics parameterizations. The efficiency

of observation targeting is further examined through assimilating

observations in areas with different impact factors using an

ensemble Kalman filter. It is found that the ensemble sensitivity

analysis is capable of locating supplementary observations that

may reduce meteorological and ozone forecast error, but not as

effectively as expected.

Key words: Ozone prediction, data assimilation, observation

targeting, observational impact factor.

1. Introduction

The severity of air pollution situations is deter-

mined by a complicated interaction among three

factors: the emissions to the atmosphere, chemical

reactions, and meteorology (BANTA et al., 2005).

However, except for accidental releases or spills,

whether high-pollution concentrations form on a

given day is dominated principally by meteorological

processes, which determine the dilution or accumu-

lation of the pollutant emissions and can also impact

other key processes, such as chemical reaction rates.

Air-quality forecasters depend upon numerical

weather prediction (NWP) model output for guidance

in formulating their forecasts, so the reliability of air-

quality forecasts is related to the accuracy of the

NWP models. It has been known that the quality of a

numerical weather forecast is related to the quality of

its initial condition. If the initial condition has large

errors, or if it has moderate errors in regions where

forecast errors grow fast, the relevant numerical

weather forecast may not be accurate enough. The

importance of the accurate representation of meteo-

rological conditions for ozone predictions in Houston

and the surrounding area has been demonstrated by

ZHANG et al. (2007) recently.
One possible approach for minimizing forecast

errors from day to day or in particular situations is the

use of an adaptive observation network (EMANUEL

et al., 1995). The existing methods for adaptive

observations include the singular vector technique

(PALMER et al., 1998; BUIZZA and MONTANI, 1999;

BERGOT et al., 1999; GELARO et al. 1999, 2000; BERGOT,

2001), the quasilinear inverse approach (PU et al.,

1997; PU and KALNAY, 1999), gradient and sensitivity

approaches (BERGOT et al., 1999; LANGLAND et al.,

1999; BAKER and DALEY, 2000), ensemble spread

techniques (LORENZ and EMANUEL, 1998; HANSEN and

SMITH, 2000; MORSS, 1998; MORSS et al., 2001), the

ensemble transform technique (BISHOP and TOTH,

1999; SZUNYOGH et al., 1999), and the ensemble

transform Kalman filter (BISHOP et al., 2001; MAJUM-

DAR et al., 2001; HAMILL and SNYDER, 2002; LIU and

KALNAY, 2008; LIU et al., 2009). KANG (2009) and

KANG et al. (2011) applied the LETKF for estimating

surface CO2 fluxes and obtained promising results.

HAMILL and SNYDER (2002) demonstrated the applica-

tion of an algorithm to select the optimal adaptive

observation location using the background-error
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statistics from an ensemble Kalman filter coupled to a

quasigeostrophic model. They underscored the

importance of accurate estimates of the background-

error covariance matrix through using different data

assimilation schemes. Their work focused on testing

adaptive observation strategies for improving analyses

but not forecasts. MAJUMDAR et al. (2006) evaluated the

similarities and differences among five types of

adaptive sampling guidance for tropical cyclones that

occurred during the Atlantic hurricane season of 2004.

They found that the guidance using the same adaptive

sampling technique with different numerical models

was often similar while the guidance using the two

main techniques usually differed significantly.

Data assimilation has been used operationally for

meteorological modeling and prediction. It is also

useful as an inverse modeling technique for diag-

nosing pollutant emission source locations and

strengths (i.e. parameter estimation) (CHANG et al.,

1997; ELBERN et al., 2000; MENDOZA-DOMINGUEZ and

RUSSELL, 2001) and for identifying locations (in time

and space) for field observation networks and adap-

tive observations (DAESCU and CARMICHAEL, 2003).

However, much of these data assimilation works have

focused on variational data assimilation techniques.

The ensemble-based Kalman filter (EnKF) is an

alternative data assimilation approach which has been

applied in a number of studies (EVENSEN, 2003) since

it was first introduced by EVENSEN (1994). It has also

been used to improve air quality modeling (such as

VAN LOON et al., 2000; HANEA et al., 2004; HEEMINK

and SEGERS, 2002). Its advantages include flow-

dependent background error covariance, ease of

implementation, and its use of a fully nonlinear

model. The EnKF system used here is the same as

that employed in ZHANG et al. (2006) and MENG and

ZHANG (2007). It is a square root EnKF with 20

ensemble members that uses covariance relaxation

(ZHANG et al., 2004, their Eq. 5 where a = 0.5) to

inflate the background error covariance. More recent

development and applications of this system can be

found in MENG and ZHANG (2008a, b), ZHANG et al.

(2009, 2011), HU et al. (2010), and WENG et al.

(2011) while a comprehensive review of mesoscale

applications of the EnKF is presented in MENG and

ZHANG (2011). STUART et al. (2007) studied the use of

ensemble-based Kalman filtering of chemical

observations for constraining meteorological uncer-

tainties and for selecting target observation locations

following the method proposed by HAMILL and SNY-

DER (2002). They further demonstrated the potential

usefulness of the above method for locating promis-

ing adaptive observations in a predictive model.

However, they did not test the strategy through

assimilating the additional observations at the selec-

ted locations. LIU and KALNAY (2008) proposed an

ensemble sensitivity method, which was conducted

within an ensemble Kalman filter, to measure obser-

vation impact on the reduction of forecast errors due

to assimilation of observations. LIU et al. (2009)

further investigated the analysis sensitivity, which is

proportional to the analysis error and anti-correlated

with the observation error. The purpose of this study

is to apply and extend the method developed by

HAMILL and SNYDER (2002) to determine the meteo-

rological targeted observation locations for

improving ozone prediction in Houston and the sur-

rounding area using a real-world NWP model (MM5)

and photochemical model (CMAQ/Models3). In

addition, the efficiency of the targeted observations is

investigated using EnKF data assimilation under the

perfect-model assumption.

A high-ozone event that occurred on 30 August

during the Texas Air Quality Study of 2000 (TexA-

QS2000) is chosen for study. An analysis of the

meteorological and ozone conditions on this day is

provided by BANTA et al. (2005), and mesoscale

simulations of the meteorology and photochemistry

on this day have been reported by BAO et al. (2005),

ZHANG et al. (2007), and CHENG and BYUN (2008a, b).

The day featured westerly and northwesterly winds in

the morning that died down by early afternoon.

During mid- to late-afternoon, bay and sea breezes

developed along the immediate coastline, and hourly-

averaged ozone levels of nearly 200 ppbv were

recorded between Galveston Bay and downtown

Houston. Airborne lidar observations and model

simulations indicate that very high concentrations of

ozone were present over Galveston Bay, and photo-

chemical model simulations also produce high ozone

concentrations over the nearshore Gulf of Mexico

east and southeast of the Houston–Galveston area.

Skies were generally clear, and no deep convection or

precipitation was present.

N. Bei et al. Pure Appl. Geophys.



The initial and boundary conditions used in the

meteorological model are interpolated from the Eta

model’s 3-hourly gridded analysis for the Global

Energy and Water Cycle Experiment (GEMEX)

Continental-Scale International Project (GCIP). Since

the GCIP analysis for the initial conditions has

already incorporated the conventional observation

data from the current fixed network, the targeted

observation locations we mention here and after are

actually single sounding observations embedded

within a generic synoptic-scale observing network. In

addition, the method for selecting targeted observa-

tion locations is not specific to Houston and its

surrounding area.

The methodology for choosing targeted observa-

tion locations is given in Sect. 2. Section 3 describes

observation targeting results and their sensitivity to

the data treatment, resolutions and planetary bound-

ary layer (PBL) parameterization schemes. Section 4

investigates the effectiveness of targeted observa-

tions, and the summary and discussion are provided

in Sect. 5.

2. Methodology for Choosing Targeted Observation

Locations

In this study, we try to explore the targeted

meteorological observation locations for improving

ozone prediction through both meteorological and

photochemical ensemble forecasts.

2.1. Model Configurations

The Pennsylvania State University-National Cen-

ter for Atmospheric Research fifth-generation

nonhydrostatic mesoscale model (MM5) version 3

(DUDHIA, 1993) is used to run the meteorological

simulations. Horizontal grid spacings of 12- and

4-km are used in the coarse domain (D1) and fine

domain (D2) (Fig. 1), respectively, with one-way

nesting. There are 43 vertical layers in the terrain-

following coordinate system, with the model top at

50 hPa and vertical spacing smallest within the

boundary layer. The MRF boundary layer parame-

terization scheme (HONG and PAN, 1996) and the

simple ice microphysical scheme (DUDHIA, 1993) are

used for both the 12- and 4-km domain. The cumulus

scheme of GRELL (1993) with the shallow cumulus

option is used only for the 12-km domain while

convection in the 4-km domain is fully explicit. The

MM5 simulations use the 24 land-use categories

created from the 30-s USGS global land cover data,

but a separate land-surface model or urban canopy

parameterization are not used.

The MM5 simulations consist of 21 ensemble

members initialized at 0000 UTC 30 August 2000

(1800 LST 29 August 2000) and integrated for 24 h.

The ensemble members are initialized with the clima-

tological ensemble initialization method of AKSOY

et al. (2006) and ZHANG et al. (2007) in which

dynamically consistent initial and boundary conditions

are statistically sampled from the Eta model’s 3-hourly

gridded (40-km) analyses for the Global Energy and

Water Cycle Experiment (GEWEX) Continental-Scale

International Project (GCIP). Departures from the

initial and boundary condition ensemble means are

scaled down by 20% to reduce the ensemble spread

over the Houston area to 0.4–0.6 m s-1 for horizontal

wind components and 0.7–0.8 K for temperature. The

Figure 1
Model domains used in photochemical ensemble simulations. The

horizontal grid spacing of domain 1 (D1) and domain 2 (D2) is 12-

and 4-km, respectively. The box indicated by D_target denotes the

domain used in Figs. 2, 3, 7, and 9. The innermost box denotes the

domain used as the Houston area. Cross points indicate positions

used to extract the profiles for assimilation. D1 grid points are

numbered along the margins
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scaled perturbations are added to the unperturbed

initial and boundary conditions from the GCIP anal-

yses for the model simulation period beginning at 0000

UTC 30 August which are used for the 12-km domain

ensemble simulation.

The output from the meteorological ensemble

simulations is used to drive a 21-member photochem-

ical ensemble simulation using the EPA photochemical

model CMAQ/Model-3 (BYUN and CHING, 1999) with

the CBIV gas-phase chemical mechanism (EPA, 2003).

The CMAQ model uses the same two horizontal nests

as the MM5 simulations but employs just 21 vertical

layers with the lowest three levels at approximately 21,

64 and 106 m. Anthropogenic and biogenic emissions

are directly downloaded from the online emission

inventory of the Texas Commission on Environmental

Quality (TCEQ) (ftp.tceq.state.tx.us) and converted to

CMAQ-ready emission files. Initial chemistry condi-

tions are obtained from a 24-h spin-up run at 12-km grid

spacing initialized at 00Z 29 Aug 2000. Further details

regarding the model configurations are found in ZHANG

et al. (2007).

2.2. Targeted Observations Sensitivity Assessment

The method adopted for determining targeted

observation locations is similar to that developed by

HAMILL and SNYDER (2002), which follows closely

from the theory of BERLINEAR et al. (1999). Its

algorithm is mathematically identical to the ETKF of

BISHOP et al. (2001) and is also closely related to the

ensemble sensitivity analysis in ZHANG (2005),

HAWBLITZEL et al. (2007), TORN and HAKIM (2008),

and SIPPEL and ZHANG (2008, 2010). In this method,

the norm used for the total decrease in the model

uncertainty is the sum over all state variables of the

individual differences in variances, or the trace of Pb

- Pa. Pb - Pa is written as (HAMILL and SNYDER,

2002):

Pb � Pa ¼ PbHTðHPbHT þ RÞ�1
HPb ð1Þ

where,

Pb ¼ hðxt � xbÞðxt � xbÞTi ð2Þ

Pa ¼ hðxt � xaÞðxt � xaÞTi ð3Þ

Pa and Pb are the post- and pre-analysis back-

ground error covariance matrices, respectively. H is

the operator matrix relating the model state variables

to the observational variables, superscript T means

matrix transpose, and R is the observational error

covariance matrix, which includes both the instru-

ment error and the representation error. xa is the m-

dimensional analyzed state vector, xb is the back-

ground state, and xt is the true state, which is

associated with the observations through the follow-

ing formula:

Y0 ¼ Hxt þ e; e�Nð0;RÞ ð4Þ

Because the true state is not known, here we

estimate the background error covariance using the

ensemble covariance matrices around the ensemble

mean. Thus, Pb in Eq. 2 can be estimated by

Pb ¼ 1

n� 1

Xn

i¼1

xb
i � xb

� �
xb

i � xb
� �T

¼ XbðXbÞT

ð5Þ

where the subscript i denotes ensemble members, n

represents the ensemble size. Substituting Eq. 5 to 1,

we obtain

Pb � Pa ¼ XbðHXbÞT½HXbðHXbÞT þ R��1
HXbðXbÞT

ð6Þ

In this study, we intend to choose the locations for

additional observations with the goal of minimizing

the forecast-error variance. It is necessary to compare

the forecasts from the initial condition with and

without additional observations. If we mark quanti-

ties relating to these two forecasts by superscripts f|a

and f|b, respectively, the change in the forecast-error

variance due to the additional observations is tr(Pf|a -

Pf|b). When the analysis errors are not too large, we

have

Pfjb � Pfja�MðPb � PaÞMT

Here M is the linearization of the nonlinear

forecast operator M (BISHOP et al., 2001; MAJUMDAR

et al., 2001). From Eq. 6, we can get

Pfja � Pfjb � MXbðHXbÞT½HXbðHXbÞT
þ R��1

HXbðMXbÞT ð7Þ

N. Bei et al. Pure Appl. Geophys.



Considering the ensemble forecasts from the

background state, xi
f|b = M (xi

b) for i = 1,…, n.

MXb in Eq. 7 can be replaced by Xf|b with the same

accuracy, and HXb can be replaced by Y, which

represents the observation located at the model grid

point, so Eq. 7 becomes

Pf aj � Pf bj � ðXf bj � YTÞ½Y � YT þ R��1½Y � ðXf bj ÞT�
ð8Þ

where Xf|b represents model state variables and

Y represents observation variables. The symbol ‘‘�’’
means covariance between two variables. In this

particular study, Xf|b represents photochemical model

output variables (such as the surface ozone concen-

tration) or meteorological model output variables

(such as u, v, and T), and Y represents meteorological

observation variables at model grids (such as u, v and

T at all vertical layers). R represents observation error

variances of u, v and T. The observational error

variances at vertical layers used in this study are

interpolated from those provided by PARRISH and

DERBER (1992), and are assumed to be uncorrelated

between vertical levels and different variables

(Table 1).

The trace of (Pf|b – Pf|a) can be computed for each

additional observation location candidate (each H).

Like STUART et al. (2007), we define the trace of (Pf|b

- Pf|a) normalized by its domain-wide maximum

value as the observational impact factor. The loca-

tions with the maximum observational impact factor

value are expected to be where additional observa-

tions can best improve ozone prediction or

meteorological prediction, depending on which

model variables are included in Eq. 8.

If we consider u, v and T in an entire vertical

column as one sounding observation and the surface

O3 concentration ([O3]) as the model state variable

(or the forecast variable), the above formula can be

used to calculate the observational impact factor of

sounding observations on the surface [O3]. Figure 1

shows the model domains (D1 and D2) for CMAQ/

Models3, the domain (D_target) used for examining

the effect of the targeted observations, the Houston

area (innermost domain), and the locations (cross

points) at which observational sounding data is

extracted for assimilation. A total of 121 sensitivity

experiments (one for each sounding) are conducted to

examine the impact of each individual sounding as

compared to the estimated impact derived from the

ensemble sensitivity.

With the climatological ensemble initialization

scheme employed here, the background error covari-

ance is independent of information regarding previous

observation locations. In practice, the background

errors would be expected to be larger in places where

observations are relatively sparse, such as over the Gulf

of Mexico in this case, but such observation-sensitive

background error information may not always be

available. All other things being equal, the observation

sensitivity would be higher than analyzed here where

the background error covariance is large and smaller

where the background error covariance is small.

3. Diagnosed Targeting Sensitivities

The ensemble mean forecast of ozone, tempera-

ture and wind at 21 UTC (15 LST, the approximate

time of maximum ozone) is shown in Fig. 2a for the

12-km run over D1 and Fig. 2c for the 4-km run over

D2. The highest values of ozone are located over

Galveston Bay and the adjacent Gulf of Mexico, but a

tongue of high ozone concentrations extends west-

ward from Galveston Bay toward downtown

Houston. The winds have weakened and shifted from

an offshore land breeze to an onshore bay/sea breeze.

The ensemble mean ozone at 21 UTC is 120 ppb in

the Houston area and is as high as over 150 ppb over

Galveston Bay.

Table 1

Observation error variances for temperature and u and v wind

components

Level Pressure (hPa) T (K2) u (m2s-2) v (m2s-2)

1 1,010 3.24 1.96 1.96

2 1,001 3.24 1.96 1.96

3 989 3.16 2.04 2.04

4 967 3.06 2.22 2.22

5 936 2.85 2.53 2.53

6 895 2.65 2.92 2.92

7 830 2.31 3.68 3.68

8 676 1.69 5.95 5.95

9 483 1.85 8.06 8.06

10 291 4.2 11.35 11.35

11 98 9.79 6.3 6.3

Ozone Prediction in Houston and the Surrounding Area



Figure 2b and d show the simulations of ozone,

temperature, and wind from a separate model run (the

‘‘truth’’ run) that is the source of the simulated

observations for the experiments described in Sect. 4.

Because this is a single deterministic run, the ozone

field has a more detailed structure than in the

ensemble mean. In the context of this experiment,

improvements in the model forecasts are only possi-

ble in places where the ensemble mean (Fig. 2a, c)

and the truth run (Fig. 2b, d) disagree at 21 UTC.

Using the method described in Sect. 2, we com-

pare the observational impact factors derived from

different treatments of forecast variables (Houston

urban ozone, domain-wide ozone, and meteorological

variables), observation data (sounding vs. single

layer), different model resolutions (coarse vs. fine

resolutions), and different PBL schemes (single- vs.

multi-scheme). Multi-scheme, hereafter, means

ensembles with five different PBL schemes: MRF

PBL (HONG and PAN, 1996), High-resolution

Blackadar PBL (BLACKADAR, 1979), Burk-Thompson

PBL (BURK et al., 1989), Eta PBL (JANJIC, 1990,

1994), and Gayno-Seaman PBL (BALLARD et al.,

1991; SHAFRAN et al., 2000).

The spatial and temporal evolution of the obser-

vational impact factor for sounding observations on

the peak time surface [O3] averaged over Houston

area (the inner box) is shown in Fig. 3, along with the

ensemble mean of the surface wind and temperature

over the simulation period. Initially (00 UTC or 18

Figure 2
The ensemble mean forecast of ozone (ppb, shaded), temperature (Celsius, contoured) and wind (vectors) at 21 UTC (15 LST) in a D1 and

c D2, and the simulations of ozone, temperature, and wind from the ‘‘truth’’ run in b D1 and d D2. Domain grid points are numbered along the

margins

N. Bei et al. Pure Appl. Geophys.



LST, Fig. 3a), the largest observational impact factor

is found over land near the coast, where the ensemble

mean of the wind direction is almost perpendicular to

the coastline and the gradient of the ensemble mean

of the temperature has its maximum value. This

shows that the location and intensity of the previous

day’s sea-breeze front has an important correlation in

the model simulations with the formation of the next

day’s urban [O3]. Another large impact factor area is

located in the northeast corner of the domain. At 06

UTC (0 LST, Fig. 3b), the largest observational

impact values are farther inland, though still collo-

cated with the stronger winds and remnant

temperature gradient of the sea breeze. At 12 UTC (6

LST, Fig. 3c), the greatest impact area is located near

and upstream of Houston. Finally, at 18 UTC (12

LST, Fig. 3d), the area of the largest observational

impact factors are generally smaller than before,

though an area with large impact factor persists along

the coast east and southeast of Houston. This area

perhaps reflects the importance of the timing and

magnitude of the local sea breeze on the ozone con-

centrations in the Houston area.

Figure 4 shows the observational impact factor

for 21 UTC ozone concentrations throughout domain

D1. The sensitivities at 00 UTC (Fig. 4a) are quite

similar to those for Houston area ozone only

(Fig. 3a), suggesting that observational influences on

the ozone forecast this far in advance are fairly large-

scale and not specific to the ozone in any particular

region. As the verification time approaches, differ-

ences between the domain-wide impacts and Houston

Figure 3
The observational impact factor (shaded) for sounding observations on the peak time surface [O3] (21 UTC) over the Houston area (the

innermost domain in Fig. 1) along with the ensemble mean surface temperature (Celsius, contoured) and surface wind (vectors)
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area impacts become larger. In general, the domain-

wide ozone is more sensitive to sounding observa-

tions in the northern portion of the domain.

If the targeted sounding is to be assimilated by a

sequential data assimilation system that ingests

observations of u, v and T at each layer separately, the

covariances and correlations between the observa-

tions on different layers may not properly be taken

into account in the calculation of the observational

impact factor. When the multiple observations within

a single sounding are redundant for analysis purposes,

the impact factor for the multiple single-layer

observations can be estimated as the average of the

observational impact factor over each layer. Figure 5

shows the average observational impact factor for

single-layer observations on the peak time surface

[O3] over D1. In general, the distribution of the

observational impact factor is consistent with that for

the sounding observations treated as a whole (Fig. 4),

while the impacts themselves are smaller. However,

the average single-layer impact factor is much

smaller than the full-sounding impact factor in the

coastal areas, especially at later assimilation times.

The large difference between single-layer and

full-sounding impact factors in coastal areas is

probably due to the importance of the sea breeze

circulation for determining ozone concentrations.

Only a small portion of a coastal or offshore sounding

will sample the sea breeze flow or return circulation,

and the rest of the observations aloft will be of

Figure 4
The observational impact factor (shaded) for sounding observations on the peak time surface [O3] (21 UTC) over D1 along with the ensemble

mean surface temperature (contoured) and surface wind (vectors) from 00 to 18 UTC. Inner domain indicates D2 and the innermost domain

indicates the Houston area

N. Bei et al. Pure Appl. Geophys.



relatively little value. In such a circumstance, aver-

aging of impact factors from the various levels in the

sounding would underestimate the impact of the

sounding observation. In contrast, farther inland, an

observation from anywhere in the lower troposphere

would be sufficient to improve the model’s analysis

of the large-scale flow opposing the sea breeze and

controlling its inland penetration. Here, averaging

comes closer to the impact factor computed from a

full sounding. This demonstrates that the impact of

the multiple data points within a sounding should be

estimated collectively rather than as a set of inde-

pendent observations.

Since the model resolution contributes to the

quality of numerical weather forecast, we investigate

the observational impact factor derived from the high

resolution (4-km) ensemble simulations. Figure 6

shows the observational impact factor for sounding

observations on the peak time surface [O3] within

domain 2 calculated from 4-km ensemble simulations

(D2 in Fig. 1) at different times. The evolutions of

the observational impact factor in the 4-km run is

chiefly consistent with those from the 12-km run,

however, there exist more fine structures along the

coastline, especially at 06 and 18 UTC (00 LST and

12 LST), indicating the significant contributions of

the local circulation in the coastal area to the for-

mation of the peak time surface [O3].

Ozone prediction is also sensitive to various PBL

schemes used in the meteorological model on an urban

Figure 5
The observational impact factor (shaded) for single layer observations on the peak time surface [O3] (21 UTC) over D1 along with the

ensemble mean surface temperature (contoured) and surface wind (vectors) from 00 to 18 UTC. The inner domain indicates the Houston area
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scale (MAO et al., 2006, BEI et al., 2010). We have

compared the observational impact factors calculated

from the ensemble simulations using a single-PBL

scheme versus multi-PBL schemes, respectively

(Fig. 7). They exhibit similar basic patterns (compare

to Fig. 6), but with large differences in the details of

location and magnitude, especially along the coastline.

It shows that the targeting depends upon details of the

forecast system used in the data assimilation scheme,

so we cannot use one technique for identifying target

locations and another technique for assimilating the

additional data. It also further shows that model errors

besides model resolution should also be considered in

the targeted observation network design.

4. Examination of the Improvement from Targeted

Observations

The most interesting question is whether the

assimilation of an additional observation actually

reduces the forecast error in line with the calculated

impact factor. We have conducted a group of

experiments in an initial attempt to address this

question. In each experiment, a synthetic (fake)

observational sounding extracted from the truth run (a

perfect-model identical twin experiment) has been

assimilated. Random uncorrelated noise of a partic-

ular magnitude (see Table 1) is added to each

observation. The synthetic soundings are extracted

from the places indicated by crosses in Fig. 1. Each

synthetic sounding is assimilated using a standard

Ensemble Kalman Filter algorithm, without covari-

ance localization, inflation of member deviations, or

hybridization. The EnKF used in the current study

follows closely that of SNYDER and ZHANG (2003). As

in the standard Kalman filter,

xa ¼ xf þ Kðy� HxfÞ;

where xf represents the prior estimate or first guess, xa

is the posterior estimate or analysis, y is the obser-

vation vector, H is the observation operator that

Figure 6
Same as Fig. 4, but the observational impact factor (shaded) is derived from ensemble simulations in D2 (4-km run). The inner domain

indicates the Houston area

N. Bei et al. Pure Appl. Geophys.



returns observed variables given the state, and K is

the so-called Kalman gain matrix defined as

K ¼ PfHTðHPfHT þ RÞ�1;

where Pf and R represent the background and

observational error covariance, respectively. In the

EnKF, the flow-dependent Pf is estimated through an

ensemble of short-range forecasts. Observations are

taken sequentially with observations errors assumed

to be uncorrelated. Further background on the EnKF

refer to SNYDER and ZHANG (2003) and references

therein.

The assimilation is performed at 00 h. For each

experiment, we calculate the actual reduction in the

root mean squared error (with respect to the truth run)

of the surface wind speed (hereafter rms-SPD) and

the surface [O3] (hereafter rms-O3) according to:

rms ¼ xfjb � xt
�� ��� xfja � xt

�� �� ð9Þ

We also identify the square root of the observa-

tional impact factor with the expected reduction in

the root mean squared error. The actual reduction in

the rms-SPD over D1 and the actual reduction in the

rms-O3 over the Houston area are calculated and

compared to their expected reduction.

Figure 8 shows the scatter plot of the expected

and actual reduction in the rms-SPD at 21 UTC (15

LST) when the observations were assimilated at 00

UTC (18 LST). The rms-SPD at 21UTC is reduced

when any of the synthetic soundings are assimilated

at the model initial time. In general, a larger expected

reduction in rms-SPD is associated with a larger

actual reduction in rms-SPD. However, the expected

reduction is always overestimated. The correlation is

only 0.13, suggesting the value of the impact factor

diagnosis is limited, at least in this case. One possible

reason is that the background-error covariances pro-

vided to the EnKF may not be perfect since the

ensemble size is limited. Also, the initial ensemble

perturbations, despite being dynamically consistent,

are derived directly from climatological uncertainties

in this location, which may not have sufficient flow

Figure 7
Same as Fig. 6, but the observational impact factor (shaded) is derived from ensemble simulations with multi-PBL schemes
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dependent statistics at the initial time. In addition, the

actual error reduction (through EnKF assimilation of

the synthetic soundings) also depends on the magni-

tude of the error (without assimilation) while the

predicted impact factor may not.

Figure 9 shows the horizontal distributions of the

expected and actual reduction in the rms-SPD. Both

expected and actual reductions in rms-SPD are largest

for synthetic soundings ingested from southwest and

northeast of Houston. The actual reduction is much

smaller than the expected reduction when fake

soundings are assimilated in the eastern margin of the

domain.

Reductions in meteorological errors should lead to

reductions in ozone errors. However, ozone errors,

particularly in the Houston area, should depend partly

on the initial configuration and transport of ozone and

its precursors and partly on the interaction of the

meteorological conditions with emissions during

model integration. The latter process is not explicitly

considered in the estimation of expected error.

A scatter plot of the expected and actual reduction

in the rms-O3 over the Houston area is shown in

Fig. 10. The rms-O3 over the Houston area is reduced

by assimilating any of the fake soundings extracted

from the truth run. The average actual ozone impact

is similar to the average expected ozone impact. The

correlation between the expected and actual reduction

in rms-O3 is 0.23, which is still low but is slightly

higher than for rms-SPD. For the low correlation

between the expected and actual reduction in rms-O3,

one possible reason is the non-linear response of the

ozone concentration uncertainty to the meteorologi-

cal field uncertainty (ZHANG et al., 2007); another is

the lack of consideration of ozone emissions men-

tioned earlier. On the other hand, the better estimate

of the magnitude of the impact factor for ozone than

for meteorological variables may be due to a greater

dependence of O3 on meteorological conditions

throughout the forecast period, including the time at

which the impact factor estimate is made, since O3 at

verification time is sensitive to transport and dilution

that takes place beginning at analysis time and

continuing throughout the forecast period.

The horizontal distributions of the expected and

actual reduction in the rms-O3 (Fig. 11) show that

both the expected and actual reduction in rms-O3 are

Figure 8
Scatter plot of the expected and actual reduction in the root mean

squared error of surface wind speed (rms-SPD, m/s) over D1 at 21

UTC (15 LST). The solid (dotted) line denotes data fitted (ideal)

line

Figure 9
Horizontal distributions of a the expected reduction and b the actual reduction in rms-SPD (m/s) over D1 at ozone peak time through data

assimilation at 00 UTC (6 LST)

N. Bei et al. Pure Appl. Geophys.



largest for synthetic soundings ingested from west

and southwest of Houston. The actual reduction tends

to be much smaller than the expected reduction when

synthetic soundings are assimilated near certain

boundaries, particularly the northern, eastern, and

southwestern margins of the domain.

5. Summary and Discussion

An ensemble-based method for determining tar-

geted observation locations developed by HAMILL and

SNYDER, 2002 has been extended and applied for

improving ozone predictions in Houston and the

surrounding area. In this method, an observational

impact factor has been calculated from an ensemble

run and employed to select the targeted observation

locations. The locations with larger observational

impact factors are expected to be where supplemen-

tary observations can better reduce the forecast error.

The improvement brought by the targeted observa-

tions is further examined through an ensemble

Kalman filter assimilation of synthetic observations.

The computational cost of estimating the obser-

vational impact factor as proposed here is only

slightly more than the cost of performing the set of

ensemble forecasts on which the calculation is based.

Calculation of actual impact factor through assimi-

lation of test observations requires one EnKF analysis

and set of ensemble forecasts for each test observa-

tion, which rapidly becomes prohibitively expensive

as the number of test observations increases.

The observational impact factor for meteorologi-

cal observations on the peak time surface [O3]

evolves with time. Initially, the larger impact factor is

mainly located at the land side of the coastline and

the northeast portion of the domain. The larger

impact factor area near the coastline moves to the

north and then northeast at later assimilation times

with the increase of south and southwest wind. Close

to verification time, the observational impact factor

along the coastline increases. This shows that the

observational impact factor field is changed with the

evolution of the wind circulation.

The observational impact factor from considering

sounding data for different layers separately on the

Figure 10
Scatter plot of the expected and actual reduction in the root mean

squared error of surface [O3] (rms-O3, ppb) over the Houston area

at 21 UTC (15 LST). The solid (dotted) line denotes data fitted

(ideal) line

Figure 11
Horizontal distributions of a the expected reduction and b the actual reduction in rms-O3 (ppb) over the Houston area at peak ozone time

through data assimilation at 00 UTC (6 LST)
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peak time surface [O3] is different from that for the

sounding observations over the entire column as a

whole, indicating that the targeting strategies should

be based on proper consideration of the impact of the

sounding in its entirety on the forecast.

The observational impact factor derived from

ensemble simulations with different resolution basi-

cally has the same pattern except for some minor

differences in the distribution. Ensembles created with

different PBL schemes can also produce differences in

the detailed distribution and magnitude of the calcu-

lated observational impact factor fields, especially

along the coastline, which indicates the model error

due to the PBL scheme should also be included in the

observation targeting. It also suggests we should not

use one technique for identifying target locations and

another technique for assimilating the additional data.

Through assimilating synthetic observational

soundings extracted from the truth run using an

ensemble Kalman filter, the surface wind speed

forecasts are improved in the root mean square sense

when any of the synthetic observational soundings is

assimilated at the model initial time. In general, lar-

ger observational impact factors are associated with

larger reductions in rms-SPD. However, at the peak

ozone time (21 UTC), the correlation between the

expected and actual reduction in the rms-SPD is low

(0.13). The lack of agreement between expected and

actual observation impacts could be produced by the

data assimilation scheme, without using the locali-

zation in EnKF, the noise of the observation data,

sampling ensemble with a limited ensemble size, and

the limit of meteorological predictability (MORSS and

EMANUEL, 2002; ZHANG et al., 2007). The correlation

between the expected and actual reduction in rms-O3

is also low but better than of rms-SPD, which can be

partly explained by the non-linear response of the

ozone concentration uncertainty to the meteorologi-

cal field uncertainty (ZHANG et al., 2007). Other

reasons (such as lateral boundary influence) may also

affect the results.

Acknowledgments

The authors are grateful to Yonghui Weng and

Zhiyong Meng for help on the EnKF implementation.

This research was started when both NB and FZ were

employed at the Texas A&M University. This

research is partially funded by GTRI/HARC Grant

Project No. H24-2003 and NSF grant ATM-084065.

REFERENCES

AKSOY, A., ZHANG, F. and J.W. NIELSEN-GAMMON (2006) Ensemble-

based simultaneous state and parameter estimation with MM5,

Geophys. Res. Lett. 33, L12801, doi:10.1029/2006GL026186.

BAKER, N.L. and DALEY, R. (2000) Observation and background

adjoint sensitivity in the adaptive observation-targeting problem.

Quart. J. Roy. Meteor. Soc. 126, 1431–1454.

BALLARD, S.P., GOLDING, B.W. and SMITH, R.N.B. (1991) Mesoscale

model experimental forecasts of the Haar of northeast Scotland.

Mon. Wea. Rev., 119, 2107–2133.

BANTA, R.M., SENEF, C.J., NIELSEN-GAMMON, J., DARBY, L.S.,

RYERSON, T.B., ALVAREZ, R.J., SANDBERG, S. P., WILLIAMS, E.J.

and TRAINER, M. (2005) A bad air day in Houston. Bull. Amer.

Meteor. Soc., 86, 657–659.

BAO, J.-W., MICHELSON, S.A., McKeen, S.A. and GRELL, G.A.

(2005) Meteorological evaluation of a weather-chemistry fore-

casting model using observations from the TEXas AQS 2000 field

experiment. J. Geophys. Res., 110, D21105, doi:10.1029/2004JD

005024.

BEI, N., LEI, W., ZAVALA, M., and MOLINA, L.T. (2010) Ozone

predictabilities due to meteorological uncertainties in Mexico

City Basin using ensemble forecasts, Atmos. Chem. Phys., 10,

6295–6309.

BERGOT, T., (2001) Influence of the assimilation scheme on the

efficiency of adaptive observations. Quart. J. Roy. Meteor. Soc.,

127, 635–660.

BERGOT, T., HELLO, G., JOLY, A. and MALARDEL, S. (1999) Adaptive

observations: a feasibility study. Mon. Wea. Rev., 127, 743–765.

BERLINER, L.M., LU, Z.-Q. and SNYDER, C. (1999) Statistical design

for adaptive weather observations. J. Atmos. Sci., 56,

2536–2552.

BISHOP, C.H., and TOTH, Z. (1999) Ensemble transformation and

adaptive observations. J. Atmos. Sci., 56, 1748–1765.

BISHOP, C.H., ETHERTON, B.J. and MAJUMJAR, S. (2001) Adaptive

sampling with the ensemble transform Kalman filter. Part 1:

Theoretical aspects. Mon. Wea. Rev., 129, 420–436.

BLACKADAR, A.K., (1979) High resolution models of the planetary

boundary layer, Adv. Environ. Sci. and Eng., 1, 50–85.

BUIZZA, R., and A. MONTANI, (1999) Targeting observations using

singular vectors. J. Atmos. Sci., 56, 2965–2985.

BURK, S.D., and THOMPSON, W.T. (1989) A vertically nested

regional numerical prediction model with second-order closure

physics. Mon. Wea. Rev., 117, 2305–2324.

BYUN, D.W. and CHING, J.K.S. (ed.) (1999) Science Algorithms of

the EPA Models-3 Community Multi-scale Air Quality (CMAQ)

Modeling System, EPA Report, EPA/600/R-99/030, NERL,

Research Triangle Park, NC.

CHANG, M.E., HARTLEY, D.E., CARDELINO, C., HAAS-LAURSEN, D. and

CHANGE, W.L. (1997) On using inverse methods for resolving

emissions with large spatial in homogeneities. J. Geophys. Res.,

102, 16023–16036.

CHENG, F.-Y., and BYUN, D.W. (2008a) Application of high reso-

lution land use and land cover data for atmospheric modeling in

N. Bei et al. Pure Appl. Geophys.

http://dx.doi.org/10.1029/2006GL026186
http://dx.doi.org/10.1029/2004JD005024
http://dx.doi.org/10.1029/2004JD005024


the Houston-Galveston metropolitan area, Part I: Meteorologi-

cal simulation results. Atmos. Env., 42, 7795–7811, doi:

10.1016/j.atmosenv.2008.04.055.

CHENG, F.-Y., and BYUN, D. W. (2008b) Application of high reso-

lution land use and land cover data for atmospheric modeling in

the Houston-Galveston metropolitan area, Part II: Air quality

simulation results. Atmos. Env., 42, 4853–4869, doi:

10.1016/j.atmosenv.2008.02.059.

DAESCU, D.N., and CARMICHAEL, G.R. (2003) An adjoint sensitivity

method for the adaptive location of the observations in air

quality modeling. J. Atmos. Sci., 60, 434–450.

DUDHIA, J., (1993) A nonhydrostatic version of the Penn State-

NCAR Mesoscale Model: Validation tests and simulation of an

Atlantic cyclone and cold front. Mon. Wea. Rev., 121,

1493–1513.

ELBERN, H., SCHMIDT, H., TALAGRAND, O. and EBEL, A. (2000) 4-D

variational data assimilation with an adjoint air quality model

for emission analysis. Environmental Modelling & Software, 15,

539–548.

EMANUEL, K.A., and Coauthors (1995) Report of the first pro-

spectus development team of the U.S. Weather Research

Program to NOAA and the NSF. Bull. Amer. Meteor. Soc., 76,

1194–1208.

Environmental Protection Agency (EPA) (2003), Models-3 Com-

munity Multiscale Air Quality (CMAQ) model, version 4.3,

report, Research Triangle Park, N.C. (Available at

http://www.cmascenter.org/modelclear. shtml).

EVENSEN G., (1994) Sequential data assimilation with a non-linear

quasi-geostrophic model using Monte Carlo methods to forecast

error statistics. J. Geophys. Res., 99, 10143–10162.

EVENSEN G., (2003) The Ensemble Kalman Filter: theoretical for-

mulation and practical implementation. Ocean Dynamics, 53,

343–367.

GELARO, R., LANGLAND, R., ROHALY, G. D. and ROSMOND, T.E.

(1999) An assessment of the singular vector approach to target

observations using the FASTEX data set. Quart. J. Roy. Meteor.

Soc., 125, 3299–3327.

GELARO, R., REYNOLDS, C.A., LANGLAND, R.H. and ROHALY, G.D.

(2000) A predictability study using geostationary satellite wind

observations during NORPEX. Mon. Wea. Rev., 128,

3789–3807.

GRELL, G.A., (1993) Prognostic evaluation of assumptions used by

cumulus parameterizations. Mon. Wea. Rev., 121, 764–787.

HAMILL, T.M. and SNYDER, C. (2002) Using improved background-

error covariances from an ensemble Kalman filter for adaptive

observations. Mon. Wea. Rev., 130, 1552–1572.

HANEA, R.G., VELDERS, G.J.M. and HEEMINK, A. (2004) Data

assimilation of groundlevel ozone in Europe with a Kalman filter

and chemistry transport model. J. Geophys. Res., 109, D10302,

doi:10.1029/2003JD004283.

HANSEN, J.A., and SMITH, L.A. (2000) The role of operational

constraints in selecting supplementary observations. J. Atmos.

Sci., 57, 2859–2871.

HAWBLITZEL, D.P., ZHANG, F., MENG, Z. and DAVIS, C.A. (2007)

Probabilistic evaluation of the dynamics and predictability of the

mesoscale convective vortex of 10-13 June 2003. Mon. Wea.

Rev., 135, 1544–1563.

HEEMINK, A.W., and SEGERS, A.J. (2002) Modeling and prediction

of environmental data in space and time using Kalman filtering.

Stochastic Environmental Research and Risk Assessment, 16,

255–240.

HONG, S.-Y. and PAN, H.-L. (1996) Nonlocal boundary layer ver-

tical diffusion in a medium-range. forecast model, Mon. Wea.

Rev., 124, 2322–2339.

HU, X., ZHANG, F. and NIELSEN-GAMMON, J.W. (2010) Ensemble-

based simultaneous state and parameter estimation for treatment

of mesoscale model error: a real-data study. Geophys. Res. Lett.,

37, L08802.

JANJIC, Z.I., (1990) The step-mountain coordinate: physical pack-

age. Mon. Wea. Rev., 118, 1429–1443.

JANJIC, Z.I., (1994) The step-mountain eta coordinate model: fur-

ther developments of the convection, viscous sublayer and

turbulence closure schemes. Mon. Wea. Rev., 122, 927–945.

KANG, J., (2009) Carbon Cycle Data Assimilation Using a Coupled

Atmosphere-Vegetation Model and the Local Ensemble Trans-

form Kalman Filter, Ph. D Thesis, University of Maryland.

KANG, J.-S., KALNAY, E., LIU, J., FUNG, I., MIYOSHI, T. and IDE, K.

(2011) ‘‘Variable localization’’ in an Ensemble Kalman Filter:

application to the carbon cycle data assimilation. J. Geophys.

Res., doi:10.1029/2010JD014673, (in press).

LANGLAND, R., GELARO, R., ROHALY, G.D. and SHAPIRO, M.A. (1999)

Target observations in FASTEX: Adjoint based targeting pro-

cedures and data impact experiments in IOP/7 and IOP/8. Quart.

J. Roy. Meteor. Soc., 125, 3241–3270.

LIU, J., and E. KALNAY, 2008: Estimating observation impact

without adjoint model in an ensemble Kalman filter. Quart.

J. Roy. Meteor. Soc., 134, 1327-1335.

LIU, J., KALNAY, E., MIYOSHI, T. and CARDINALI, C. (2009) Analysis

sensitivity calculation in an ensemble Kalman filter, Quart.

J. Roy. Meteor. Soc., 135, 1842–1851.

LORENZ, E.N. and EMANUEL, K.A. (1998) Optimal sites for sup-

plementary observations: Simulation with a small model. J.

Atmos. Sci., 55, 399–414.

MAJUMDAR, S.J., BISHOP, C.H., SZUNYOGH, I. and TOTH, Z. (2001)

Can an Ensemble Transform Kalman Filter predict the reduction

in forecast error variance produced by targeted observations?

Quart. J. Roy. Meteor. Soc., 127, 2803–2820.

MAJUMDAR, S.J., ABERSON, S.D., BISHOP, C. H., BUIZZA, R., PENG,

M.S. and REYNOLDS, C.A. (2006) A comparison of adaptive

oberving guidance for atlantic tropical cyclones. Mon. Wea.

Rev., 134, 2354–2372.

MAO Q., L.L., GAUTNEY, T.M., COOK, M.E. JACOBS, SMITH, S.N. and

KELSOE, J. J. (2006) Numerical experiments on MM5-CMAQ

sensitivity to various PBL schemes. Atmos. Environ., 40,

3092–3110.

MENG, Z., and ZHANG, F. (2007) Tests of an ensemble Kalman filter

for mesoscale and regional-scale data assimilation. Part II:

Imperfect Model Experiments. Mon. Wea. Rev., 135, 1403–1423.

MENG, Z., and ZHANG, F. (2008a) Tests of an Ensemble Kalman

Filter for Mesoscale and Regional-Scale Data Assimilation. Part

III: Comparison with 3DVar in a Real-Data Case Study. Mon.

Wea. Rev., 136, 522–540.

MENG, Z., and ZHANG, F. (2008b) Tests of an ensemble Kalman

Filter for mesoscale and regional-scale data assimilation. Part

IV: comparison with 3DVar in a month-long experiment. Mon.

Wea. Rev., 136, 3671–3682.

MENG, Z., and ZHANG, F. (2011) Limited-area ensemble-based data

assimilation. Mon. Wea. Rev., (in press).

MENDOZA-DOMINGUEZ, A. and RUSSELL, A.G. (2001) Estimation of

emission adjustments from the application of four-dimensional

data assimilation to photochemical air quality modeling. Atmos.

Environ., 35, 2879–2894.

Ozone Prediction in Houston and the Surrounding Area

http://dx.doi.org/10.1016/j.atmosenv.2008.04.055
http://dx.doi.org/10.1016/j.atmosenv.2008.02.059
http://www.cmascenter.org/modelclear
http://dx.doi.org/10.1029/2003JD004283
http://dx.doi.org/10.1029/2010JD014673


MORSS, R.E. (1998) Adaptive observations: Idealized sampling

strategies for improving numerical weather prediction. Ph.D.

dissertation, Massachusetts Institute of Technology, 225 pp.

[Available from UMI Dissertation Services, P. O. Box 1346,

300 N. Zeeb Rd., Ann Arbor, MI, 48106-1346].

MORSS, R.E., and EMANUEL, K.A. (2002) Influence of added

observations on analysis and forecast errors: Results from ide-

alized systems. Quart. J. Roy. Meteor. Soc., 128, 285–322.

MORSS, R. E., EMANUEL, K.A. and SNYDER, C. (2001) Idealized

adaptive observation strategies for improving numerical weather

prediction. J. Atmos. Sci., 58, 210–234.

PALMER, T.N., GELARO, R., BARKMEIJER, J. and BUIZZA, R. (1998)

Singular vectors, metrics, and adaptive observations. J. Atmos.

Sci., 55, 633–653.

PARRISH S. and DERBER, J. (1992) The national meteorological

center’s spectral statistical-interpolation analysis system, Mon.

Wea. Rev., 120, 1747–1763.

PU, Z.-X., and KALNAY, E. (1999) Targeting observations with the

quasilinear inverse and adjoint NCEP global models: Perfor-

mance during FASTEX. Quart. J. Roy. Meteor. Soc., 125,

3329–3337.

PU, Z.-X., KALNAY, E., SELA, J. and SZUNYOGH, I. (1997) Sensitivity

of forecast errors to initial conditions with a quasi-inverse linear

model. Mon. Wea. Rev., 125, 2479–2503.

SIPPEL, J.A., and ZHANG, F. (2008) A probabilistic analysis of the

dynamics and predictability of tropical cyclogenesis. J. Atmos.

Sci., 65, 3440–3459.

SIPPEL, J.A., and ZHANG, F. (2010) Factors Affecting the Predict-

ability of Hurricane Humberto (2007). J. Atmos. Sci., 67,

1759–1778.

SHAFRAN, P.C., SEAMAN, N.L. and GAYNO, G.N. (2000) Evaluation

of numerical predictions of boundary layer structure during the

Lake Michigan ozone study, J. Appl. Meteor., 39, 412–426.

SNYDER, C. and ZHANG, F. (2003) Assimilation of simulated Doppler

radar observations with an ensemble Kalman filter. Mon. Wea.

Rev., 131, 1663–1677.

STUART, A.L., AKSOY, A., ZHANG, F. and NIELSEN-GAMMON, J.W.

(2007) Ensemble-based data assimilation and targeted obser-

vation of a chemical tracer in a sea breeze model. Atmos.

Environ., 41, 3082–3094.

SZUNYOGH, I., TOTH, Z., EMANUEL, K.A., BISHOP, C.H., SNYDER, C.R.,

MORSS, WOOLEN, E.J. and MARCHOK, T. (1999) Ensemble–based

targeting experiments during FASTEX: the effect of dropsonde

data from the Lear jet. Quart. J. Roy. Meteor. Soc., 125,

3189–3218.

TORN, R.D., and HAKIM, G.J. (2008) Ensemble-based Sensitivity

Analysis. Mon. Wea. Rev., 136, 663–677.

VAN LOON, M., BUILTJES, P.J.H., SEGERS, A.J. (2000) Data assimi-

lation of ozone in the atmospheric transport chemistry model

LOTUS. Environ Modeling Software, 15, 603–609.

WENG, Y., ZHANG, M. and ZHANG, F. (2011) Advanced data

assimilation for cloud-resolving hurricane initialization and

prediction. Computing in Science and Engineering, 13, 40–49.

ZHANG, F., (2005) Dynamics and structure of mesoscale error

covariance of a winter cyclone estimated through short-range

ensemble forecasts. Mon. Wea. Rev., 133, 2876–2893.

ZHANG, F., SNYDER, C. and SUN, J. (2004) Impacts of initial estimate

and observation availability on convective-scale data assimila-

tion with an ensemble Kalman filter. Mon. Wea. Rev., 132,

1238–1253.

ZHANG, F., MENG, Z. and AKSOY, A. (2006) Tests of an ensemble

Kalman filter for mesoscale and regional-scale data assimilation.

Part I: Perfect Model Experiments. Mon. Wea. Rev., 134,

722–736.

ZHANG, F., BEI, N.J., NIELSEN-GAMMON, W., LI, G., ZHANG, R.,

STUART, A. and AKSOY, A. (2007) Impacts of meteorological

uncertainties on ozone pollution predictability estimated through

meteorological and photochemical ensemble forecasts. J. Geo-

phys. Res., 112, D04304, doi:10.1029/2006JD007429.

ZHANG, F., WENG, Y., SIPPEL, J.A., MENG, Z. and BISHOP, C.H.

(2009) Cloud-resolving hurricane initialization and prediction

through assimilation of Doppler Radar observations with an

ensemble Kalman filter. Mon. Wea. Rev., 137, 2105–2125.

ZHANG, F., Y. WENG, J. F. GAMACHE, and F. D. MARKS (2011), Per-

formance of convection - permitting hurricane initialization and

prediction during 2008–2010 with ensemble data assimilation of

inner-core airborne Doppler radar observations, Geophys. Res.

Lett., 38, doi:10.1029/2011GL04846910.1029/2011GL048469.

(Received December 23, 2010, accepted May 12, 2011)

N. Bei et al. Pure Appl. Geophys.

http://dx.doi.org/10.1029/2006JD007429
http://dx.doi.org/10.1029/2011GL048469

	Ensemble-Based Observation Targeting for Improving Ozone Prediction in Houston and the Surrounding Area
	Abstract
	Introduction
	Methodology for Choosing Targeted Observation Locations
	Model Configurations
	Targeted Observations Sensitivity Assessment

	Diagnosed Targeting Sensitivities
	Examination of the Improvement from Targeted Observations
	Summary and Discussion
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


