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ABSTRACT

Atmospheric chemistry models usually perform badly in forecasting wintertime air
pollution because of their uncertainties. Generally, such uncertainties could be decreased
effectively by techniques such as data assimilation (DA) and Model Output Statistics
(MOS). However, the relative importance and combined effects of the two techniques
have not been clarified. One-month air quality forecast with the Weather Research and
Forecasting-Chemistry (WRF-Chem) model was carried out here in virtually operational
manner focusing on Hebei province, China. Meanwhile, 3D variational DA (3Dvar DA)
and MOS based on one-dimensional Kalman filtering were implemented separately and
simultaneously to investigate their relative performance in model improvement.
Comparison with observations shows that chemical forecast with MOS outperforms that

with 3Dvar DA. Such superiority of MOS in improving the forecast accuracy could be
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seen in all the species tested and extend to 48 h and 72 h forecast in which 3Dvar DA has
almost no or negligible effect. Combined use of both techniques does not guarantee better
forecast than MOS only—improvements and degradations are both small and appear
rather randomly. Results probably indicate that the implementation of MOS is more

suitable than 3Dvar DA in improving operational forecast ability of chemistry model.

Key words: Data assimilation; model output statistics; WRF-Chem; operational forecast

1. Introduction

In recent years, an unexpected outbreak of severe air pollution events engulfed China
during autumn and winter. These air pollution episodes arouse a deep concern and panic
in the public and has since then been the top priority of local government. To efficiently
control the atmospheric pollution, it’s a must to achieve accurate forecast for atmospheric
chemical constituents.

Since the 21% century, the air quality forecast systems, such as Weather Research and
Forecasting-Chemistry (WRF-Chem), have been gradually put into operation in key cities
across China by many organizations and institution. However, without any additional
measures, those numerical forecast systems are often incompetent for the application of
air quality forecast due to the uncertainties within the parameterization schemes and input
data of models (van Loon et al., 2007; Zhang et al., 2016). During the last decades,
scientists have developed multiple techniques in either pre- or post-processing manners
for model improvement in the operational prediction of meteorological and chemical

fields. For example, data assimilation (DA)—a measure applied before the model run—is
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an effective approach in improving the model forecast skill of air pollution via reducing
the uncertainty of chemical initial conditions (CICs) or other parameters. For instance,
Barbu et al. (2009) achieved better forecast by assimilating the measurements of SO, and
SO, to adjust the emission and conversion rates of SO, in model; the research of Liu et al.
(2011) and Yin et al. (2016) showed improvement of aerosol analysis and forecast from
assimilating the Moderate Resolution Imaging Spectroradiometer (MODIS) total aerosol
optical depth (AOD) retrieval products. Different models and observation data had been
tried and results showed similar conclusions (Wang et al., 2014; Zhang et al., 2015; Mizzi
et al., 2016; Tang et al., 2016). Readers who are interested could refer to Bocquet et al.
(2015) for more details. On the other hand, through processing the model output, the
forecast error could also be corrected effectively by another approach called Model
Output Statistics (MOS) (Glahn and Lowry, 1972). MOS works through statistically
relating the historical model output with the corresponding observations and then
applying it to the model forecasts. This approach has been widely used in the post-
processing of operational numerical weather prediction and most forecast biases could be
corrected (Wilson and Vallee, 2003) especially for temperature (Taylor and Leslie, 2005;
Libonati et al., 2008) and humidity (Anadranistakis et al., 2004).

Although it has been proved that both DA and MOS are effective in improving the
forecast performance, little attention, however, was paid to the comparison or the
combined use of the two methods, especially concerning the atmospheric chemistry
model. Two problems made it relatively hard to fairly compare the two methods using the
same dataset of observation. Firstly, early (even recent) research concerning the DA in

atmospheric chemistry models focused on assimilating observation of satellite-derived
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products to generate analysis skillful in improving the forecasts for variables like CO
(Barret et al., 2008), CO,, O3, NO; (Inness et al., 2015; Wargan et al., 2015), CH4 (Alexe
et al., 2015) and aerosols (Benedetti et al., 2009; Yumimoto et al., 2016). However, MOS
works only with in-situ observations from surface stations. Secondly, unlike numerical
weather prediction, MOS still remains in its infancy for the operational numerical
forecast of atmospheric chemical variables. Such works, if any, were usually based on
regression approaches (Denby et al., 2008; Honore et al., 2008; Struzewska et al., 2016)
which are effective in improving the air quality forecast for all analyzed species but too
dependent on local pollution conditions, which makes them inconvenient to be applied as
widely as DA approaches.

This study aims at comparing the potentials of the two approaches in improving the
atmospheric chemistry forecast with WRF-Chem modeling system in the operational
context. To overcome problems mentioned above, we firstly adapted a 3Dvar DA system
based on Li et al. (2013) (L13 henceforth) and Jiang et al. (2013) to the assimilation of
observation data from surface stations. The authors then modified a MOS scheme from
Galanis and Anadranistakis (2002) (hereafter G02) which was used in adjusting the
meteorological forecast, to make it able to correct the chemical output from atmospheric
model. The paper is organized as follows: model, setup and experimental designs Will be
described in Section 2; evaluation of model improvement with the two methods are

discussed in Section 3; a summary and conclusion are given in Section 4.

2. Method and data

2.1 Model setup

https://mc03.manuscriptcentral.com/aasiap
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The WRF-Chem model is an online three-dimensional, Eulerian chemical transport
model that considers the complex physical and chemical processes in the troposphere
(Grell et al., 2005). It has been applied in various research settings, especially those
concerning feedbacks of air pollution on weather and chemical data assimilation (Saide et
al., 2012; Makar et al., 2015; Saide et al., 2015; Mizzi et al., 2016). In this study, WRF-
Chem 3.7.1 was used to simulate air quality in Hebei province, China. (Two nested
domain was set as Fig. 1. The outer domain covered East-Asia with a horizontal
resolution of 75 kmx75 km and 106x81 grids, while the inner domain covered the Hebei

province with a horizontal resolution of 15 kmx15 km and 76 X 81 grids. Model vertical

resolution was defined as 24 vertical levels with 100 hpa as model top. 0.5°x0.5° data
from NCEP Global Forecast System (GFS) was used to provide the meteorological initial
conditions and lateral boundary meteorological conditions every 12 hours. Atmospheric
gaseous chemistry and aerosol was simulated using RADM2/MADE/SORGAM
(Stockwell et al., 1990; Ackermann et al., 1998; Schell et al.,, 2001) scheme.
Anthropogenic emission inventory was provided by Multi-resolution Emission Inventory

for China (MEIC) in 2012 (http://www.meicmodel.org). Detailed configuration of WRF-

Chem model was listed in Table 1.

2.2 MOS method

What MOS does is to find statistic relationship from the training samples which
would be then applied ©n model forecast outputs. By doing so, it is expected to correct
the model errors and generate forecast that fit the observation better. In this paper, one-
dimensional Kalman filter was chosen as the algorithm to realize the MOS process for its

situation-independence and stable effects. This paper formulated the algorithm mostly
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resembling G02, so detailed theory and formulations Will not be introduced here except
some modifications described in the next paragraph.

Firstly, in this work, imeasurement y(?) as well as real value x(?) could be both the
difference and ratio between forecast and observation while they only denoted difference
in equation (1) and (2) of GO2. Furthermore, hourly concentrations of 5 species from the
3 day model output were split into 3x5%24 independent daily concentration series. At
last, given Kalman filtering could predict only one time step ahead (one day ahead in this

context), the correction could only work on 24 h forecast while leaving 24 - 48 h and 48
- 72 h (48 h and 72 h hereafter) forecast uncorrected for lack of future observation. So,

in order to extend the algorithm to the further, the corrected results from 24 h (48 h)
forecast would be used as a low-grade proxy of observation at corresponding time to

correct the 48 h (72 h) model output. Detailed steps could refer to Appendix A.

2.3 Configuration of DA

In this paper, 3Dvar data assimilation was implemented to optimize the (CICS for the
inner model domain. The data assimilation system and formulation used here is based on
L13 with the following modifications.

In addition to PM, s assimilated in L13, particulate mass with diameter between 2.5
um and 10 pm (PM;s—PM hereafter) was also assimilated and the analysis increment

was added to the corresponding model variables following L13. The gaseous species,

including SO,, NO; and O3, also joined the assimilation to decrease the uncertainty of

their concentration in the model CICs.
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For background error, The National Meteorological Center (NMC) method (Parrish,
1992) was adopted here to estimate the background root mean square error (RMSE) and
the three Kronecker product members of the background error correlation matrix. The
NMC method utilized the difference between 12 and 24 h WRF-Chem forecasts valid at
the same time of 12:00 UTC for a whole month. No cross correlation between different
species was assigned for background error.

Considering that all the stations were built and maintained under the same standards,
no difference the measurement and representativeness error between different stations
was assumed. In addition, cross correlation between different species and stations Wwere
also set to zero for the lack of information. Therefore, observation error consisted of

merely 5 numbers, one for each species. The measurement error was assigned as 1.0 u
g/m3, 1.0 1 g/m3, 1.0 ppb, 1.0 ppb and 1.0 ppb for PM; s, PM, s - PMo, SO,, NO, and

Os; respectively. Representativeness error was estimated following Elbern et al. (2007)

and Schwartz et al. (2012) using the formula

e [
o _"”E“\E Eq. (1)

where g and ¢ are the measurement error and representativeness error, y means a
adjustable parameter that accounts for the lifetime of the species (0.5 for PM, s, PM;s—
PM)y and O3, 1 for SO, and 2 for NO,), Ax is the grid spacing (here 15km) and L is the
radius of influence determined according to the location of stations (here 4.0km for
suburban stations assumed for all sites). If the total observation error was defined as the
sum of measurement error and representativeness error, the standard deviation of

observation error ends out to be 2.0 1 g/m>, 2.0 1 g/m>, 3.0 ppb, 4.9 ppb and 2.0 ppb for

https://mc03.manuscriptcentral.com/aasiap


Huang's family
Highlight

Huang's family
Highlight


©CoO~NOUTA,WNPE

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

Advances in Atmospheric Sciences

PM,; s, PM;,5s - PMjo, SO,, NO, and Oj; respectively. Though the observation error was

determined fairly arbitrarily and empirically here, the tincertainty relating to it should not
have significant influence on the conclusion. That is because the results are usually not
very sensitive to the specification of error (Geer et al., 2006) and similar analysis were

obtained from our experiments with observation error increased or reduced 2—3 times.

2.4 Experiment design

To compare the relative importance of MOS and DA, 4 parallel experiments were
designed: Sim_base, Sim DA, Sim_MOS and Sim DM. Sim base worked as the base
simulation without applying both DA and MOS.; Sim_ DA was an experiment with only
DA being employed to optimize the model CICs; Sim_MOS was the same to Sim_base
except the model output had been corrected by one-dimensional Kalman filtering; in
Sim DM, both DA and MOS techniques were used.

To simulate the operational forecast scenes, as Fig. 2 shows, all experiments initiated
a new daily WRF-Chem forecast at 12:00 UTC between 12:00 UTC 30 November 2014
and (12:00°UTC 31 December 2014. Each forecast was integrated 84 h to generate 72
hours’ forecasts of each day with the €arliest 12 h being discarded as the Spin-up time.
CICs for each initiation came from the 24 h forecasts of the previous cycle, which would
be the background fields to be assimilated with valid observations for experiments with
DA before initializing the WRF-Chem. The very first CICs at 12:00 UTC 30 November
2014 were the spun-up over 2 days beginning from the climatological background
chemical profile. For all experiments, the chemical boundary conditions (CBCs) were the
default climatological chemical profile for the outer domain who supplied CBCs through

interpolation for the inner domain.
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2.5 Observation data

Hourly concentration of SO,, NO,, PMj,, O3 and PM; s at surface level from 207
sites was provided by Ministry of Environmental Protection (MEP) of China. Data covers
the whole month of December 2014 and has been subjected to routine quality control. As
shown in Fig. 3, only 155 stations were randomly selected from the 207 stations to be
assimilated with the 52 stations’ data left to verify the assimilation process. Furthermore,
it should be noted that only the 155 sites who provide their data into the 3Dvar data

assimilation will participate into the MOS process.
3 Results

3.1 Model evaluation

Table 2 presents the mean bias (MB), relative bias (RB), RMSE and correlation
coefficient (Corr) for the 24 h, 48 h and 72 h forecast of Sim_base. In general, the base
model simulation could give fairly good result especially for NO, whose bias is small and
correlation is high. When it comes to particulate matter and SO,, model tends to
systematically underestimate the concentration of SO, as well as that of PM, s and PM.
Even so, the model well reproduces the temporal variations of particulate matter, with

correlation coefficient higher than 0.47 for PM;y and 0.54 for PM;s. For Os, the model

may seem to have some problem—simulated concentrations (20 - 80 1 g/m’) seriously
overestimate the observed values (5 - 45 u g/m’), which leads to positive bias (about 40

1 g/m’) and lower correlation coefficient (0.44) than other species. Fortunately, when

https://mc03.manuscriptcentral.com/aasiap
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10

viewed the RMSE of O; from the aspect of MB, it is apparent that error is mainly caused
by bias and therefore the model is still able to reproduce the variation of the Os. The
biases mentioned above could usually be attributed to the uncertainties from emission
inventory (Tang et al., 2011) and model schemes (Yerramilli et al., 2010). Though 24 h
forecast performs the best for all species, 48 h and 72 h simulation are also good enough
to yield fairly reliable results, which @s critical to the success of MOS in the whole 72
hours’ forecast. In a word, the model shows forecast skill that is enough to make itself

competent for the success of DA and MOS process.

3.2 Validation of MOS

Fig. 4 depicts the site averaged hourly concentration simulated by Sim MOS plotted
versus ground observations. Note that, although the hourly concentration are averaged
over 155 stations, the MB and RMSE attached in Fig. 4 are generated by calculating the
155 stations’ own errors at the first before averaging.

From Fig. 4, it could be concluded that forecast from the Sim MOS fits the
observation fairly close especially for SO,, NO, and O;. However, when it comes to
PM;s and PM,, the points locate within a wider space and those extremely high
observations are hard for MOS to forecast. Even so, when compared with Table 2, PM; s
and PM;, together with the other 3 species could see a clear correction obtained for all
the forecast time. Excluding the 48 h forecast of NO,, MOS could decrease the MB to a
large extent, which means MOS is able to remove the majority of model systematic bias.
Thanks to the reduction of MB, RMSE were also decreased for all the cases except the 24
h forecast of SO,. What’s more, the effect on reducing the error is unlikely to get poor as

the forecast time advances. That is to say, no matter for 72 h and 48 h forecast or 48 h

https://mc03.manuscriptcentral.com/aasiap
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11

and 24 h forecast, the effect MOS has on the former could rival or even exceed that on
the latter, e.g. the RMSE reduction of PM, s is even larger for 72 h than 48 h forecast.
Among all the 5 species, Oz seems to benefit the most from the MOS process. That is not
surprising because O; usually follows a very regular daily variation which makes the
hourly-split but daily-linked concentration series almost perfect for the assumptions of

one-dimensional kalman filtering.

It must be admitted that MOS (dégrades the forecast in few cases (48 h forecast of
NO; and 24 h forecast of SO5as mentioned above). Those error increase usually will not
concern the users and may well be accepted, in that they are extremely small and only
appears at times when model outputs to be corrected are already fairly close to the
observation. However, when viewed from correlation, such degradation becomes more

obvious. Except NO; and Os, the correlation all experience a decrease of about 0.1 - 0.2.

It seems that the MOS approach tends to reduce the bias and error at the expense of

correlation. @

3.3 Validation of DA

Fig. 5 and Fig. 6 shows the RMSE and Corr change over the integration time from
forecast —12 h (right after the DA) to forecast 10 h (already integrated 22 h) for
experiments Sim_base and Sim DA. RMSE and Corr are averaged over the 52 stations
who have not provided their observation data into the 3Dvar DA process, so any

improvement in RMSE and Corr should be attributed to the success of DA.
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It could be seen from the forecast —12 h of Fig. 5 and Fig. 6 that DA lead to better
initial condition for the simulation, especially for NO,, PM,y, PM; 5 and O3 whose RMSE
experienced large decrease at almost all the sites. For example, particulate mattef such as
PM,o and PM, 5 has a RMSE reduction of about 50-100 ug/m3, which is about half the
RMSE of Sim_base. Such results are as good as those obtained by L13 and Jiang et al.
(2013) who also worked on assimilating ground observation using 3Dvar. For SO,, the
RMSE decrease seems not so apparent (though RMSE change is still negative when 52
sites are averaged) but correlation after DA is still obviously larger than before. The
marginal RMSE decrease of SO, could be accepted considering correlation increase is
rather obvious and the data representativeness of some stations is dubious (Zhang et al.,
2016).

However, as expected, the effect of DA slowly diminishes when the integration goes
on, which has also been observed in other works (Jiang et al., 2013; Li et al., 2013). After
the model has been integrated over 14 hours, RMSE after DA minus that before DA
(RMSE change henceforth) are still negative but their absolute values are apparently
smaller when compared to the earlier. The effect of DA keeps longer for O3, PM;( and
PM,s (RMSE change keeps negative for the 14 hours), mainly benefiting from their
relatively long lifetime. For example, PM, s and PM; still maintain a RMSE reduction of
about 10-20 pg/m’, which is even better than results from L13 and Jiang et al. (2013).
However, when it comes to NO, whose lifetime is short, the two experiment shows
almost no difference in RMSE after 4 hours’ integration. Because the initial improvement
from DA is relatively small, the forecast of SO, soon loses its improvement from DA and

shows little RMSE change almost immediately after the run of model. For SO, and NO,,
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13

the RMSE change are positive in some cases, but such positive values are usually very
small compared with the original RMSEs and therefore unlikely to be a problem.
Conclusions from the view of Correlation are similar to that from RMSE, except the
effect of DA seems more obvious and long-lasting.

Overall, for most cases, DA successfully produce better chemical initial condition for

the model and could help to improve the forecast skill in the following half to one day.

3.4 Effect of MOS and DA

Forecast error could be seen to vary with forecast hours from Fig. 7 which plots the
RMSE of the 4 experiments and 5 species at different forecast hours from —12 h to 72 h.
Considering the RMSE is calculated from the statistics of one month, Fig. 7 could well
represent a relatively general fact of the four experiments.

From comparing experiments using MOS (solid lines) and those without MOS
(dotted lines), all species see large decrease in the 72 hours forecast span and such
decrease is much larger than that DA could provide (solid lines are below the dotted lines
a larger distance than blue lines are below the red). Take SO; as an example, the averaged
RMSE decrease of the 72 hours for Sim_MOS to Sim_base is 4.34 pg/m’ while Sim_ DA
could only provide a decrease of 0.48 pg/m’. What is worse, when forecast runs to its
second or third day, the effect of DA would inevitably diminish (it could be seen from the
overlapped red dotted and blue dotted lines after forecast 24 h) while MOS could still
work during this period (solid lines do not overlap with the dotted lines even after
forecast 24 h).

The blue dotted lines represent simulation RMSE corrected only with MOS while red

dotted lines are results processed by both MOS and DA. Overlap of the two lines could

https://mc03.manuscriptcentral.com/aasiap
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be seen at almost all the times from all the species, which means that DA of the initial
condition provides little help to the MOS effect though providing better initial condition
for the model to generate better forecast. However, sometimes the two lines do not
overlap and do show some differences, which is common for all the species but most
obvious for NO, and most unobvious for PM;q and PM, 5. In time when DA still could
improve the forecast or say the red dotted line is below the blue dotted line, the red solid
line could be either above (forecast 1 h in SO;) or below (forecast 10 h in O3) the red blue
line, which means better forecast from DA may either improve or degrade the MOS
effect. Because in this work, MOS correct the one day’s forecast using the correction
results and forecast from previous days, it is not strange that Sim DM and Sim MOS
show discrepancy when Sim DA and Sim_base coincide after forecast 24 h. However,

like what has been stated, such discrepancy could be either improvement or degradation.

3.5 Discussion

This section will give additional discussion on two facts. First, MOS could improve
forecast far more than 3Dvar DA of CICs. That is reasonable because MOS could keep
effective through the whole forecast period while the effect of 3Dvar via optimized initial
condition usually diminishes after 24 hours of model integration. The loss of benefit from
3Dvar DA is unavoidable because atmospheric chemistry is less sensitivity to chemical
initial condition rather than other driving factors like meteorological conditions and
emission (Henze et al., 2009; Semane et al., 2009; Tang et al., 2011). What is worse, the
earliest 12 hours’ forecast, which benefits the most from 3Dvar DA, usually makes no
sense in real operational forecast environment and is excluded from evaluation as spin-

up. In fact, when compared with Sim_base, Sim DA could account for 43.85% O3
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RMSE decrease in the first 12 hours after initialization (forecast —12 h to forecast —1 h ),
well acting as a rival of Sim_MOS who contributes 55.94% O3 RMSE decrease in its first
12 hours (forecast 0 h to forecast 11h). However, when discussed within the same
forecast time period, say forecast 12 h to forecast 24 h, Sim DA could produce only
3.93% O3 RMSE decrease which is far less than Sim MOS (61.26%), despite the
following hours during which DA has no effect at all.

The second fact to be explained is that Sim DM does not always outperform
Sim_MOS. This result is somehow against the experience that, when corrected with the
same MOS algorithm, better input should lead to better or at least not worse output.
However, it should be noted that the error’s temporal consistency, rather than its
magnitude, decides the effects of MOS on the model outputs. When reducing the
magnitude of the error of model outputs, the 3Dvar DA process may at the same time
violate or increase its consitency to degrade or improve the effects of MOS from case to
case. Therefore, such phenomenon is uncorrelated with the inherent or necessary nature
of the model, DA as well as MOS processes and will be changed randomly whenever the
three changes their setup. The assumption is supported by the evidence that things get
very different when the whole experiment is replicated except the space resolution of
original anthropogenic emission is changed from 0.1°x0.1° to 0.25°x0.25°. (See Fig. 8§,
PM, s and PM are not plotted here considering the problem was not obvious for them in
Fig. 7.) For example, in Fig. 7, SO, is predicted better by Sim DA than Sim base at
forecast 2 h but Sim DM is beaten by Sim MOS. When it comes to Fig. 8, however the
same comparison lead to an inverse result to see Sim DM is better than Sim MOS.

Given the fact that experiment only covers a period of only 1 month, it is possible that the
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forecast ability of Sim MOS is slightly worse than or almost the same to Sim DM if
experiment is carried with longer time. However, results from short time experiment,
which contains random just like everyday forecast, could still reveal that using MOS and
DA together does not gurantee better output than MOS only, to which people should be

careful.

4. Conclusion

A comparison between the effect of MOS and DA on improving forecast skill of
atmospheric chemistry model was performed in near real operational context. Evaluation
according to observations shows that both 3Dvar DA and MOS based on one kalman
filtering are effective measures to decrease errors in model forecast.

Forecast with solely MOS (Sim_MOS) performs better than that with solely 3Dvar
DA of CICs (Sim_DA). Such superiority of MOS could also be seen in all five species
and even extend to 48 h and 72 h forecast where 3Dvar DA of CICs lose its effect in
forecast improvement. That is to say, the implementation of MOS rather than 3Dvar DA
on CICs is more suitable for the aim of improving operational forecast ability.

Considering the randomness of DA’s influence on error consistency, it is not
impossible that combined use of both techniques sometimes yields worse forecast than
MOS only. The potential degradation, which is expected to be mitigated by long term
average, should be paid attention to but is not likely to concern the forecasters for the
relatively limited difference yielded.

Given the indications that the refinement of model grid is promising for additional
forecast skills (Elbern et al., 2007), future work will concentrate on trying finer model

grid as well as different 3Dvar observation error setup in order to improve the effect of
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DA on forecast. Of particular interest are species like SO, and NO, which are
unsatisfactorily forecasted by model with 3Dvar. Also, to see if conclusions will be
different, we are going to try different DA methods, like 4Dvar and inverse modeling,
which are able to adjust model parameters and emissions who work as control parameters
in a successful forecast (Schmidt and Martin, 2003; Dubovik et al., 2008). Another work

concerns itself with extending the experiment time to explore whether any long - term

statistic properties exists when using DA and MOS techniques together.
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496  Table 1. Configuration of the model’s physical and chemical schemes
Scheme
Cloud microphysics scheme WSM 5-Class
Long-wave radiation scheme RRTM
Short-wave radiation scheme Goddard
Urban canopy scheme Off
Surface layer scheme Modified MMS5 Monin-Obukhov
Land surface scheme Unified Noah
Planetary boundary layer scheme YSU
Cumulus parameterization scheme  Grell-Devenyi
Chemistry scheme RADM2/MADE/SORGAM
Photolysis scheme Madronich F-TUV
497
498  Table 2. Site averaged MB, RB, RMSE and Corr for 24 h, 48 h and 72 h forecast of 5
499  species in Sim_base. Statistics is calculated according to hourly concentration from each
500 of the 207 sites before being averaged. Unit is pg/m’ for MB and RMSE.
24 h forecast 48 h forecast 72 h forecast
MB RB(%) RMSE Corr MB RB(%) RMSE Corr MB RB(%) RMSE Corr
SO, 3349 352 7339 0.50 -36.54 384 7542 048 -41.78 -439 77.82 047
NO, 2.12 3.8 3545 056 0.05 0.1 36.13  0.53 —4.47 —8.1 35.84  0.51
PM;, —13692 -723 173.60 0.52 -140.65 -743 177.60 0.50 -145.27 -76.7 182.68 0.47
0O; 39.99 160.8 43.47 0.44 40.08 161.2 43.61 0.44 4134 166.2 44.75 0.43
PM,s —72.10 —62.3 10430 0.60 -74.74 -64.6 10726 0.57 -78.64 —67.9 111.48 0.54
501
502
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were only used in validation of DA effect.
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values have been averaged over the 52 stations who have not provided observation into

DA.
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Appendix A:
For convenience, the full equations of one - dimension Kalman filtering were given
below as kl~k4:

X(t) = Xt = 1) + £(0) ly(©) = ¢ = D] k1
k@) = RO RO + V@) T - k2
B@&)=PE -0+ k3
P@t) = Bt) - KOBE) -+ -+ k4 Eq. (A1)
These equations will give the best estimate of a sequence of x(#) when the system
equation writes as
x(t) = x(t = 1) + w(z) Eq. (A. 2)

and measurement equation is

y(@t) = x(¢) + v(®) Eq. (A. 3)
To complete a single one - dimension kalman filtering iteration, ~(z — 1) and

x(¢ — 1) from the previous calculation are input the equations to be updated by a newly
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obtained measurement y(¢) . Then the result P(z) and x(z) will be saved for the next
iteration.

Here there sequences of Oz concentrations at 12:00 UTC from 3 days’ model output
will be taken as an example to show the detailed steps of completing one iteration of

MOS. It is assumed that, at the day of ¢ (here I use ¢ to represent “today”), the following

variables had been prepared: observation sequence O, :i =12...f from ground station,
model 24 h forecast sequence and its correction 1.24 ci=12...t+1 and
224 :i=12...t,model 48 h forecast sequence and its correction f; :i=12...t+2 and

Z“S :i=12...t+1 , model 72 h forecast sequence and its correction
fi=12...t+3and £ :i=12...t+2( model forecast sequence could be get from

interpolating the 3D field of model output to the position of site) as well as all the # and

~ . . . . 724 748 T2
X from previous iteration. What we want is to generate f,;;, f,., and f,.; from all

variables above.

To get ]Nﬁ? , two different approach will be applied simultaneously. In one approach,

x(1) =0, — £ 1 i =12t and Yi)=0,—f*:i=12--tin Eq. (A. 2) and (A.
3), so this approach would be called difference approach hereafter. v(i) in Eq. (A. 3) was

set to zero to assume no measurement error, which means / in k2 equals zero and the

estimation of W would be unnecessary here. The calculation of k/ to k2 gives the ¥(¢), and

f;ﬁ 4= ﬁzﬁ + x(¢ + 1) if we assume ¥ (¢ + 1) = ¥(¢) . Subscript d means the corrected

result from difference approach. In another approach called ratio approach, all the things
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is the same except x(7) = 0, / £*' 1 1 =12t , y() =0,/ 7 : 1 =12t
and at last lézfl,r = fffl x x(¢ + 1), where subscript 7 means ratio approach. The final

T4 . x p
result f,,; will be chosen from 7% , and 77|

t+1,r

according to the method described in the
last of the appendix.

With ]Nﬁ? obtained, it is now possible to calculate Zjﬁ Similar to ]Nﬁ? , we still carry
the calculation in two approaches: difference and ratio approach. Now,
xX7) =0, -f% or 0, /% : 1 =12t and

y(@) = 17 = Por 17/ £ 1 i =12+t + 1. At this time, v(i) could not be set
to zero in Eq. (A. 3) and the evaluation of / and W become necessary in completing the
iteration. The estimation of Wand / resembles G02 in which

2
n-1

Z(X(t—m)—x(t—m—l))

1 S m=0
Wzn—1§ (k¢ = D= xt =1 -1)- .
Eq.
(A. 4)
s 5 (e =m+1D - xt —m+ D)
V= I (b =740 - xt = 1 +1)-| 2=
n=171- n

Eq. (A.5)

The variable n in Eq. (A. 4) and Eq. (A. 5) is the number of sequence members
participate into the statistics. A value from 7 to 9 is enough for n to generate fairly good
MOS effect, which means history data from the past 7~9 days’ observation and model

output works as the virtual training sample for MOS. After completing the calculation of

https://mc03.manuscriptcentral.com/aasiap
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585  ki~k4, x(t + 1) will be obtained and then x(¢ + 2), I?igw could be produced replicating

586  the process from the paragraph above. Another ratio approach will also be done to

©CoO~NOUTA,WNPE

48 748 . 748 48 . . . . T4
587  generate Z,,, .and f,;; is chosen from 7, ;and 7, . in the way like determining f,; .

12 588 From ]‘;ii to obtain };E, what have to be done is almost the same as };ii‘ to };ii
15 589  Differences mainly lie at the form of some formulations, taking difference approach as
18 500  example, (i) = 0, — £ 1 1 =12, ¢, y() = £ =% : 71 =12 - +2 and
20 591 the estimation of V is changed to

23 . :
24 (y(t—m+2)—x(t—m+2))

25 V = llnz_l(y(t—]+2)—x(t—]+2))— —
—li=o

—

26 n n

28 592
29 593 Eq. (A. 6)

31 594 Fig. A.1 is a schematic diagram that shows how the algorithm described above is
34 595  done step by step.

36 596 The final output should be chosen from difference and ratio approach according to
38 597  their reasonability. From our experience, the difference approach tends to occasionally
41 598  yield unreasonably low value while the ratio approach sometimes gives result too high.
43 599  Fortunately the two conditions never happen simultaneously and therefore the final
600 output is from ratio approach when its result is not too high (lower than the yearly
48 601 averaged value of the species, for example). In time when ratio approach appears too
50 602  high, the difference approach take the place.

53 603

55 604
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yesterday tomorrow

Observation . ©o o o © o o o o o o

N

24 Forecast: © o6 6 6 o o o o o olololo!
| SR

24 Correctlon: o o o o o o o o o oloioig!
48 Forecast: 6 o o o o o o o o o o o o
48 Correctilon: o o o o o o o o o o 0 0 0
72 Forecast: 6 o o o o o o o o o o o o
72 Correctlon: o o o o o o o o o o 0 0 0
| t;da; |

Fig. A. 1. The steps of one-dimensional kalman filtering to apply on 72 h correction.
Note that circles from left to right stands for values at the same hour from a day to the
next day and those in the same column are valid at the same time and day. Black circles
are those exist before today’s iteration while red ones are those generated in the

calculation of today.
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