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Abstract. Observations of carbon monoxide (CO) by the MAPS instrument

onboard the Space Shuttle were assimilated into a global three-dimensional chemistry

transport model using the Optimal Interpolation approach. The assimilation

considerably improved the calculated distribution of CO in the troposphere. On the

global scale, the adjustment of the CO �eld resulting from the assimilation procedure

was large at the beginning of the assimilation, suggesting discrepancies in the initial

conditions of the model. As the model integration/assimilation progresses with time,

transport caused the model to drift. This drift limited to a few days the "memory" of

CO from its adjustment towards the observations. The assimilation of CO signi�cantly

in
uenced the distribution of other chemical species, even over the limited time periods

(� 10 days) analyzed.
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1. Introduction

Knowledge of the global distribution of carbon monoxide (CO) in the troposphere

is important to assess the chemical state of the global troposphere. Indeed, in the

free troposphere, the reaction of CO with the hydroxyl radical (OH) provides the

major sink of OH, and hence in
uences the oxidizing capacity of the atmosphere (e.g.,

Hauglustaine et al., 1998). Furthermore, in the presence of su�ciently large amounts

of nitrogen oxides, the reaction with OH can lead to a net production of ozone. In

the troposphere, carbon monoxide is emitted as a result of incomplete biomass and

fossil fuel combustion processes. CO is also a product of the oxidation of methane

and non-methane hydrocarbons. The anthropogenic source of CO is expected to rise

over the next decades, particularly over southeastern Asia due to increased economic

activity and growing population. Despite its considerable importance, the distributions

of CO concentrations and of CO sources are not well known and consequently model

simulations are subject to large uncertainties. Recent modeling studies have clearly

highlighted some de�ciencies in the simulation of the observed CO distribution

(Hauglustaine et al., 1998).

Data assimilation incorporates observations into model simulations, resulting in

improved distributions of speci�c quantities. Unlike observations, which are related

to a speci�c �eld measured at a speci�c time and location, data assimilation methods

provide a four dimensional (time and space) description of the dynamical and chemical

state of the atmosphere (Errico, 1998). The assimilation procedure determines the

distribution of a speci�c �eld that minimizes a measure of the distance (usually in a

least-square sense) between the calculated and observed distributions of the same �eld

(Talagrand, 1997; Errico, 1998). This distance is formulated using weights that depend

on the respective error distributions. Under some simplifying assumptions (e.g., Cohn,

1997), the Kalman-Bucy �lter provides a solution to this minimization problem. The

Kalman-Bucy �lter can also dynamically estimate covariances of the forecast error
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(Talagrand, 1997). For global problems in atmospheric sciences, this approach is not yet

computationally feasible. For that reason, simpli�ed versions of the Kalman-Bucy �lter

have been designed. In particular, the Optimal (or statistical) Interpolation (OI) is a

simpli�cation of the Kalman-Bucy �lter method in which the forecast error covariance

is prescribed (e.g., Lorenc, 86). OI, which is equivalent to the three-dimensional

variational data assimilation technique (Lorenc, 86), is the assimilation algorithm used

in this paper.

For the assimilation to be most e�ective at the global scale, a dataset with frequent

quasi-global coverage is necessary. At the present time, the only CO dataset with

such characteristics is provided by the Measurement of Air Pollution from Satellites

(MAPS) campaign. The MAPS instrument 
ew aboard the Space Shuttle in November

of 1981 and October of 1984. Following these experimental 
ights, two more 
ights were

performed in April (April 9 to 19) and October (September 30 to October 11) 1994.

The data from these last two campaigns will be used in this study as the observations

to be assimilated.

The goal of this paper is to investigate the impact of assimilating CO on tropospheric

chemistry. For that purpose, we use a global three-dimensional chemistry-transport

model (CTM) into which the MAPS observations are assimilated using the OI approach.

The observations and modeling tools are described in Sections 2 and 3. In Section 4, we

discuss the impact of the assimilation on the calculated CO distribution. Speci�cally, we

assess the role of transport and chemistry in the evolution of the discrepancy between

model and observations. Finally, we analyze the impact of assimilation on chemical

species other than CO.

2. Data description

The available MAPS data cover two distinct periods. The data were produced by

the NASA Langley Research Center, Atmospheric Sciences Division. The April data
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is from the Space Radar Laboratory (SRL-1) on the Space Shuttle 
ight STS-59, and

the October data is from the Space Radar Laboratory (SRL-2) on the Space Shuttle


ight STS-68 (Reichle et al., 1990; Connors et al., 1996). The contribution of the

CO distribution at di�erent altitudes to the overall radiometric signal is provided by

the convolution of the vertical CO distribution with the instrumental signal function

(Reichle et al., 1998; referenced hereafter as R98). As a consequence, at a given

geographical location, a MAPS observation consists of a single value, which is the

integrated value of CO weighted by the signal function. It is important to note that

the signal function goes to zero at the ground, indicating that the signal recorded by

the instrument contains no information on the CO concentration in the boundary layer.

The reader is referred to R98 for the description of the signal function.

The MAPS instrument collected data every second, with an instantaneous square

�eld of view of 17 � 17 km2 along the track of the Space Shuttle (R98). Nearly

global coverage is achieved every 12 hours. Validation against aircraft-borne direct

measurements can be found in R98. Such comparison indicates that the MAPS data

are within about 10% of the values measured by the aircraft. The data are available

in two forms: gridded and ungridded. The ungridded data are un�ltered and might be

contaminated by extreme values due to the presence of clouds at the location of the

observation. To alleviate this problem, a �lter based on the N2O distribution measured

simultaneously was designed (R98). The gridded data is a subset of the ungridded data,

�ltered for clouds, averaged over a one-day period, and binned at a 5-degree horizontal

resolution. To provide the highest possible time resolution, we have used the ungridded

data, with the same cloud �ltering for the observations as in R98.

3. Model description

This Section describes the two principal modules of the model used in this study :

the chemistry-transport module and the assimilation module.
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3.1. Chemistry-transport module

We used an updated version of the global tropospheric CTM called MOZART

(Model for OZone And Related chemical Tracers), recently developed at NCAR (Rasch

et al., 1997; Brasseur et al., 1998; Hauglustaine et al., 1998). We describe only the

characteristics of the model relevant to the present study. For a complete description

of the model and its evaluation, the reader is referred to Brasseur et al. (1998) and

Hauglustaine et al. (1998) respectively.

In its standard version, MOZART provides the distribution of 56 chemical

constituents between the surface and the upper stratosphere, at a horizontal resolution

(T42) of approximately 2.8� in both latitude and longitude. The continuity equations for

these species are solved and account for advection, convection, and di�usive transport,

as well as surface emissions, photochemical conversions, and wet and dry deposition.

The evolution of species due to all physical and chemical processes is calculated with a

timestep of 20 min.

For this study, we updated the MOZART model to use analyzed winds provided by

the National Center for Environmental Prediction (NCEP). The vertical discretization

consists of 28 �-levels from the ground to approximately 5 mb. In order to save computer

time and memory, the horizontal resolution was degraded to T21, i.e. approximately

5.6� in both latitude and longitude. Furthermore, the chemical scheme was simpli�ed

and neglects the reactions associated with non-methane hydrocarbons. We will discuss

the in
uence of this latter simpli�cation later in this paper.

3.2. Assimilation module

As mentioned previously, each MAPS observation consists of a vertically-integrated

average of the tropospheric CO pro�le. Since the chemistry-transport model did not

explicitly compute such a variable, we needed to transform a model CO pro�le into the

value that MAPS would observe under such conditions. For that purpose, we used the
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averaging kernel formulation from R98. The equivalent MAPS value was calculated as

the convolution of the CO pro�le with the averaging kernel. The shape of the averaging

kernel is shown in Fig. 1.

The assimilation procedure requires the de�nition of an \interpolation" operator

which transforms the values from the model space (a CO vertical pro�le in a model

grid column) to the observation space (a tropospheric weighted average at the location

of the MAPS observation). In our case, this \interpolation" operator consists of a

horizontal interpolation to the location of the observation followed by the convolution

of the horizontally interpolated CO pro�le with the averaging kernel (see Fig. 1). This

operator is therefore linear.

For a linear \interpolation" operator, the OI equation is given by

�xa = K(xobs �Hxb) (1)

where �xa is the analysis increment, which, when added to the background xb, provides

the analyzed �eld xa (Courtier et al., 1998). In our case, the model simulations are

considered to be the a priori background estimate. The term background will therefore

refer to the model �eld for the rest of this paper. H is a matrix representation of the

linear interpolation operator and xobs are the observations.

The Kalman gain matrix K is expressed as

K = BHt(HBHt +R)�1 (2)

where B is the covariance matrix of the background (i.e. model) �eld errors, and R

is the covariance matrix of observation errors. HBHt can be viewed as the matrix of

the covariances of background errors in observation space while BHt is the matrix of

covariances between the background errors in model space and the background errors in

observation space (Courtier et al., 1998). By calculating some or all of the covariance

matrix elements in observation space, we reduced the order of matrices to be processed
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from the number of three-dimensional grid points in the model (typically 200,000 in the

case of MOZART at the T42 resolution) to the number of observations (around 10,000

for a 12-hour period).

To further reduce the order of the matrices, we aggregated in space all the

observations located in the same model grid cell. This procedure, along with the

numerical methods to solve Eq.(1), is described in details in Khattatov et al. (1998).

In the OI method, the model error covariances are prescribed. This prescription

has a profound impact on the vertical distribution of the analysis increment �xa. The

transformation of the di�erence in observation space ((xobs � Hxb) in Eq.(1)) into

the di�erence in physical space (i.e., the analysis increment) is achieved through the

multiplication by BHt. A commonly used form of the covariance, in both the horizontal

and vertical planes, is

B(i; j) = �(i) � �(j) � exp(�
d(i; j)2

2L2
) (3)

where �(i) is the variance of the model CO at the location i, d(i; j) is the distance

between points i and j, distance taken either on the sphere or in the vertical, and L is a

preset correlation length. L is taken as 1000 km in the horizontal and as one scale height

(� 7 km) in the vertical. In practice, we use a compactly supported covariance function

that approximates the Gaussian distribution (see Eq.(4.10) in Gaspari and Cohn, 1996).

This compact support characteristic ensures that B(i; j) is explicitly 0 for distances

d(i; j) larger than 2L. As a consequence, the covariance matrix was sparser than if

Gaussian functions were used, since those go to zero only at in�nity. The background

variance was calculated assuming a �xed 30% relative error variance on the model CO

�eld, which is representative of the MOZART results discussed in Hauglustaine et al.

(1998).

For the observation error covariance matrix R, we assumed the observations to be

independent, a reasonable assumption for nadir-viewing instruments. The matrix R
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was therefore diagonal. From R98, we assumed a 20% relative error variance for the

observations.

Because the Space Shuttle 
ight track begins to retrace its path after every 12

hours approximately, we performed the assimilation every 12 hours using the MAPS

data collected over the previous 12 hours. This led to a discontinuity in the evolving

CO �eld each time the assimilation was performed.

4. Assimilation results

In this Section we discuss the results from the assimilation of the MAPS observations

of CO in the MOZART model for both the April and October 1994 periods. In all cases,

we took the initial conditions for the chemical species from the standard MOZART

simulation discussed in Hauglustaine et al. (1998), degraded to the T21 resolution

and interpolated to the starting time of the simulation. It must be kept in mind that

the original MOZART results were obtained using the winds generated by a climate

model which are therefore di�erent than the analyzed winds used in this study. As a

consequence, the CO distribution used as initial conditions was quite di�erent from

the distribution that would have been found using analyzed winds. We discuss the

sensitivity of the results to the initial conditions at the end of this paper. All simulations

were run for the length of the observation periods.

4.1. Model-data comparison

Since the model assimilated the observed MAPS mixing ratios, it is natural to

compare these observations to the value of the collocated model pro�le after vertical

integration with the averaging kernel as weighting function (see Section 3.2). For the

remainder of this paper, we will call such a value retrieved CO.

Results from the assimilation of CO are shown in Fig. 2 for April 10, 00GMT.

Since MAPS data is only available from April 9, 12GMT, the �rst assimilation cycle
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performed on April 10, 00GMT, used the data collected over the previous 12 hours. The

results shown are qualitatively representative of the general behavior of the e�ect of the

assimilation of CO for the whole period of study.

In the upper panel, the accumulated observations of CO from MAPS, after cloud

�ltering, are displayed as they were taken along the Space Shuttle 
ight track. The

second and third panels present the retrieved CO before and after assimilation. Before

assimilation, although the model provides a reasonable simulation of the major features

of CO, it clearly misrepresents some broad scale peaks. After assimilation the general

distribution of CO is in better agreement with the observations. In particular, the low

values in the Southern hemisphere and the high values over southeast Asia and Japan

and o� the west coast of the United States are captured only after the assimilation

process was applied. These features are present even though the resolution of the model

is relatively coarse (T21). The general improvement in the calculated CO distribution

can be expected because the error in the observations was assigned to be smaller than

the error in the model CO �eld. The horizontal spread of the adjustment of CO around

the location of the observation is due to the shape of the background covariance function

(Eq.3). In this study, each observation in
uenced the CO �eld over a circular area (of

radius equal to 1000 km) centered over the location of the observation, with a weight

decreasing exponentially away from the point where the observation was made.

The fourth panel presents the relative di�erence

COafter
� CObefore

CObefore

where before and after refer to the application of the CO assimilation. At this point in

the simulation, the modi�cation of the retrieved CO from its assimilation is as large as

� 50%. The implication of this modi�cation to the CO distribution is studied in more

detail in section 4.5.

As a measure of the mis�t between the observations and the model results, the
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standard deviation �m

�m =

vuut 1

N

NX
i=1

(yobsi � ymodel
i )2 (4)

is calculated, with N being the number of observations for the time period under

consideration, yobs are the MAPS observations, and ymodel are the retrieved CO values

from the model simulations, interpolated to the location of the observations. Fig. 3a

and b show the evolution of �m over the course of the assimilation period for the April

and October cases respectively. To measure the e�ect of the assimilation, the value

of �m is shown before and after assimilation, performed every 12 hours of the model

simulation. Though it is clear that the assimilation consistently improves the quality

of the simulation, this improvement plateaus after only a few assimilation cycles. The

value of �m for the CO distribution after assimilation is almost constant with time.

This constancy is expected because the degree of improvement through assimilation is

primarily limited by the relative error of the observations, which was de�ned as constant

through time.

The large initial value of �m in Fig. 3b is due, in part to the fact that the chemical

�elds in the CTM simulations were initialized from an earlier MOZART simulation

performed with climatological winds (Hauglustaine et al., 1998). As a consequence, the

geographical distribution of CO in the model compared poorly with the observations. It

is not the main source of discrepancy in this case since the modeled CO distribution

lacked regions of high CO concentrations (not shown), regions that are present in the

observations. Furthermore, a simulation starting 10 days before the �rst data are

available for assimilation indicated very little di�erence with the results shown here.

4.2. Amplitude of adjustment

The process of assimilation results in an adjustement of the modeled CO �eld. The

amplitude of such an adjustment is provided by the di�erence between the CO burden

derived from model runs with and without assimilation. A positive (negative) value
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indicates that the assimilation acts as a source (sink) of CO. Fig. 4a and b show the CO

burden for the April and October cases respectively. In both cases, it is clear that the

largest adjustments occur in the beginning stages of the assimilation.

The early adjusments in the October case are particularly large, suggesting a

signi�cant underestimation of the impact of biomass burning sources of CO in the

Southern hemisphere. This points to an underestimation in the model either of the CO

sources, or of the boundary layer venting associated with convection.

After substantial initial adjustments, the amplitude of adjustments decreases

with time and oscillates around the zero line, suggesting that CO distributions were

in
uenced by previous adjustments. The time evolution of the adjustments would be

smoother if the assimilation were performed more frequently than once every 12 hours.

When integrated over the length of the simulation, the adjustments of the CO

concentration added to the model CO burden 1.88 and 5.36 Tg for the April and October

cases respectively. These numbers have to be compared with an annual averaged burden

of 321 Tg (Hauglustaine et al., 1998). Because most of the adjustment occurs in the

early stages of the assimilation, the continuous assimilation over a large period of time

might not substantially in
uence the total amount of CO in the modeled atmosphere.

4.3. Lifetime of adjustment

So far, we have analyzed the e�ect of assimilating the MAPS data over the entire

period of observations. It is also interesting to estimate the time required for the CO

to \forget" the state which results from the adjustment towards the observations. To

that end, we designed an experiment in which we assimilated CO for the �rst day of

the simulation (for 2 assimilation cycles), and then let the model drift freely, without

assimilation. The evolution of �m (see Eq.(4)) for this case and for the case with

assimilation provides an estimate of the adjustment lifetime. The di�erence in �m

is shown for the April case in Fig. 5. At �rst the di�erence is exactly 0 since both
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simulations were subject to the assimilation of CO. Then the di�erence grows quickly,

until it reaches an almost constant value for the rest of the simulation. We expected that

the di�erence in �m between the two simulations would be stable after an adjustment

period because the value of �m after assimilation is almost constant with time (see

Fig. 3a and b). The results in Fig. 5 show that the model CO �eld \memory" of its

adjustment from the assimilation is of the order of one to two days. Therefore, for this

model setup, accurate assimilation of CO requires a coverage with gaps no longer than a

few days. This adjustment lifetime is mostly related to errors in the redistribution of CO

from errors associated with transport (see next section). Since horizontal transport is

layered vertically, errors in the vertical redistribution of the adjustment of CO will lead

to errors in the subsequent transport of CO, even if the meteorology used for transport

is correct.

4.4. Transport vs chemistry

In this Section, we investigate the origin of the drift between model and observations

over the 12-hour period between two consecutive assimilation cycles. Because only

transport and chemistry (including surface sources) in
uence the CO distribution, the

drift can only be due to errors in either one of these processes.

To examine the model drift, we compared the evolution of �m for two simulations

of CO with assimilation; one with, and the other without chemical transformations.

Chemical species sources were present in both simulations. As shown by Fig. 6 for the

April case, we found no signi�cant di�erence between the two simulations, indicating

that, over the 10-day period of study, the chemistry of CO did not play a signi�cant

role in the drift of the calculated distribution from the observations. The limited role

of chemistry is of course related to the chemical lifetime of CO, estimated to be of the

order of two months in the troposphere (Hauglustaine et al., 1998). Because chemistry

was not an important factor over the period of study, reducing the full chemistry to a
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simple \methane chemistry" (see Section 3.1) had very little in
uence. Nevertheless,

chemistry's inclusion in the model allows us to assess the impact of CO assimilation on

the distribution of other chemical species (see next Section).

4.5. E�ect on other chemical species

Because CO provides the major sink of OH in the free troposphere, a modi�cation of

the CO distribution associated with the assimilation procedure will a�ect the calculated

OH distribution. To quantify this e�ect, we calculated the relative di�erence in the OH

concentration between simulations with and without assimilation. In order to identify

the accumulated e�ect, this di�erence is shown only at the end of the simulation.

Because of the central role of ozone on tropospheric chemistry, we also analyzed the

e�ect of CO assimilation on the distribution of ozone, using the same methodology as

for OH.

Since the information contained in the MAPS data pertains mostly to the

mid-troposphere, the relative di�erence for CO, OH and ozone are displayed for

the 500 mb level. This di�erence is calculated as the simulation with assimilation

minus the simulation without assimilation. A positive (negative) value indicates an

increase (decrease) in the concentration of CO resulting from its assimilation. These

di�erences show the e�ect of the assimilation procedure on chemical species. They do

not represent the e�ect of sources (biomass burning in particular) on the tropospheric

ozone distribution (e.g., Fishman and Brackett, 1997).

In the April case (Fig. 7a-c), there are localized e�ects on OH of the order of 30%,

both positive and negative. No signi�cant di�erence, however, can be found in the case

of ozone. The di�erence is consistent with the fact that CO is signi�cantly modi�ed

only over a limited number of regions.

In the October case (Fig. 7d-f), large portions of the Southern hemisphere are

characterized by a decrease in OH greater than 30%. The changes are associated with
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regions where the CO concentrations were signi�cantly increased in response to the

assimilation, and over the Indian Ocean in particular, where the increase of CO is on

the order of 300%. As mentioned in Section 4.2, this increase in the abundance of CO

is probably related to an underestimation of the biomass burning sources in MOZART

over Africa and South America and/or the boundary layer venting over those regions.

Due to its short lifetime, the OH perturbation is everywhere collocated with the CO

perturbation. This collocation indicates that the free troposphere is in a chemical regime

where NOx (NO + NO2), not CO is the rate-limiting precursor of ozone production.

If the free troposphere were CO-limited, then a CO increase would imply an increase

in both OH and ozone (Hess and Madronich, 1997). The large OH perturbation is

associated with a negative perturbation in ozone that is larger than 6% over the Indian

Ocean. Due to the longer lifetime of ozone, this feature spread downwind from the

maximum OH perturbation. The same analysis applies to the ozone perturbation at

the northern tip of South America. Although the change in the ozone concentration is

not particularly large, it is important to note that ozone is not directly related to CO

through chemical reactions. As a consequence, the ozone modi�cation is only a second

order perturbation, resulting from the overall chemical system. All chemical species

are a�ected by the assimilation of CO, to a degree that is dependent on the chemical

coupling of these species with CO.

5. Discussion and conclusions

In this study we have performed a successful assimilation of the MAPS observations

of CO into the global three-dimensional chemistry transport model called MOZART.

Every 12 hours, the MAPS data accumulated over the previous 12 hours provide a

nearly global coverage of a measure of tropospheric CO, with an emphasis on the

mid-troposphere. Due to the shape of the MAPS instrument signal function, the data

do not provide information on the concentration of CO in the boundary layer.
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When the MAPS data were assimilated into the MOZART model, the calculated

CO �elds improved signi�cantly. The improvement pertains to the value obtained after

the convolution of the model CO with the MAPS averaging kernel (Fig. 1). This

improvement does not insure that the model CO is better simulated as a whole. In

particular, since the averaging kernel is close to 0 in the boundary layer, the retrieved

CO is virtually independent of the CO distribution in this region of the atmosphere. As

a consequence, the assimilation of MAPS in the boundary layer is constrained solely by

the structure of the background error covariance. In our case, with a �xed background

error, the change in the calculated boundary layer pro�le might therefore have been

modi�ed too much. Since no independent dataset of CO is available for the time period

considered in this study, there is no mean of estimating the magnitude of this error.

This uncertainty accentuates the importance of the de�nition of the error distribution

for the background �eld, as well as highlighting the need for global independent datasets

to analyze the impact of assimilation on tropospheric chemistry as a whole.

Comparison of the geographical distribution of the adjustments of CO towards

the observations suggests a possible misrepresentation of the amplitude of the biomass

burning source of CO in the model. This identi�es data assimilation as a possible

method to quantify the amplitude and location of CO sources.

Because the amplitude of the adjustment that resulted from the assimilation of CO

decreased over the course of the simulation, we can conclude that the modeled CO �eld

has a limited \memory" of previous adjustments, estimated to be on the order of one to

two days.

Transport seemed to be the primary contributor to the drift in CO between model

and observations over the 12-hour period between subsequent assimilation cycles, and

consequently to the limited adjustment \memory". This does not imply that transport

was responsible for the discrepancy, since most of the di�erence between model and

observations was associated with the initial conditions of the simulations.
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By the end of the October case simulation, the assimilation of CO led to a 6%

change in ozone and 50% in OH over local regions. Changes of this magnitude suggest

that assimilation of a single compound such as CO has a substantial in
uence on the

calculated concentration of other chemical species in the troposphere.

Our study was limited by the relatively short periods of available data and the

lack of information from within the boundary layer. A large-scale, high-resolution, and

long-term dataset such as MOPITT (Measurement of Pollution In The Troposphere,

to be launched in 1999 as part of the AM platform; Drummond, 1992) will provide

the necessary coverage to analyze and better constrain the budget of CO. Using the

methodology presented in this paper, it will bring considerable insight into global

tropospheric chemistry and the ability of models to reproduce the observed distributions

of chemical species.
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Figure 1. Averaging kernel for the MAPS CO
channel. From Reichle et al. (1998).

Figure 2. Latitude-longitude distribution of
the retrieved CO (see text for details). The up-

per panel shows the �ltered observations from
MAPS, accumulated over a 12-hr period. The
second panel shows the model results before the
assimilation. The third panel shows the model

results after the assimilation of the data shown
in the upper panel. Units are ppbv. The fourth
panel shows the relative di�erence between the
CO distribution after and before the assimila-

tion (see text for details).

Figure 3. Time evolution of �m (see Eq.4) for

the simulation before assimilation (continuous
line) and after assimilation (dashed line). (a) is
for the April campaign and (b) for the October
campaign.

Figure 4. Time evolution of the di�erence in
the burden of modeled CO from the assimila-

tion. A positive value indicates that the assim-
ilation has increased the amount of CO present
in the model. (a) is for the April campaign and
(b) for the October campaign.

Figure 5. Time evolution of the di�erence in
�m (see Eq.4) between the simulation with con-

tinuous assimilation and the simulation with as-
similation during the �rst day.

Figure 6. Time evolution of the di�erence

in �m (see Eq.4) between the simulation with
chemistry and the simulation without chem-
istry. In both cases, the assimilation of CO is
performed.

Figure 7. Latitude-longitude distribution at
500 mb of the relative di�erence (%) between

the simulation with assimilation and the sim-
ulation without assimilation. A positive value
therefore indicates an increase of the considered
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species due to the assimilation of CO. (a) is for
CO in April (b) is for OH in April, (c) for O3

in April, (d) CO in October, (e) for OH in Oc-
tober, and (f) O3 in October.
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