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a b s t r a c t

An automated air quality forecast bias correction scheme based on the short-term persistence of model
bias with respect to recent observations is described. The scheme has been implemented in the oper-
ational Met Office five day regional air quality forecast for the UK. It has been evaluated against routine
hourly pollution observations for a year-long hindcast. The results demonstrate the value of the scheme
in improving performance. For the first day of the forecast the post-processing reduces the bias from 7.02
to 0.53 mg m�3 for O3, from �4.70 to �0.63 mg m�3 for NO2, from �4.00 to �0.13 mg m�3 for PM2.5 and
from �7.70 to �0.25 mg m�3 for PM10. Other metrics also improve for all species. An analysis of the
variation of forecast skill with lead-time is presented and demonstrates that the post-processing in-
creases forecast skill out to five days ahead.

Crown Copyright © 2014 Published by Elsevier Ltd. All rights reserved.
1. Introduction

Regional air quality forecasts have improved significantly over
the last decade or so, due to factors such as (i) the availability of
near-real-time boundary fluxes provided by improved global
composition models; (ii) increased computing power, allowing
improved resolution and greater sophistication in the representa-
tion of chemical processes; (iii) improved pollutant emission in-
ventories. For a review of air quality forecast modelling in Europe
see Kukkonen et al. (2012).

However despite these advances, the spatially and temporally
detailed prediction of atmospheric composition at a given site re-
mains a challenging problem and it is not uncommon for forecasts
eal).
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to contain large errors (see Solazzo et al., 2012). These may arise
due to errors in inputs of key model parameters such as actual
emissions (as opposed to annual mean values: see Pouliot et al.,
2012), initial and boundary conditions for chemical species
(Schere et al., 2012) as well as meteorology (Vautard et al., 2012). In
such circumstances human forecaster interventionmay be required
to modify the model predictions, based on recent observations and
judgement about how conditions are evolving. Alternatively,
automatedmethodsmay be employedwhich offer the possibility of
improving forecasts and may minimise or completely remove the
need for human intervention (e.g. Rouil et al., 2009). A simple daily
persistence forecast (i.e. that today's observed values should be the
same as yesterday's) is often used as a reference forecast in mete-
orological verification (e.g. Jolliffe and Stephenson, 2012). This
basic idea can be further developed with varying degrees of so-
phistication. The most advanced methods of using observations to
improve air quality forecasts are those of data assimilation (DA, see
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Fig. 1. Model domain for AQUM.
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Inness et al., 2013). However the high level of additional complexity
and computational expense required for constituent DA plus the
limited near-real time availability of suitable satellite observations,
make the simpler bias correction techniques described in this paper
an attractive option.

In this paper we describe a simple scheme for combining
model predictions with observations in a post-processing step to
generate an improved air quality forecast. In Section 2 we pre-
sent a short review of various approaches which have been
adopted by others and in Section 3 we describe our own scheme.
We have evaluated the performance of the scheme over an
extended period and the results are presented in Section 4. In
Section 5 the results are discussed and possible future de-
velopments are described.

2. Air quality forecast bias correction methodologies

We consider the problem of producing the best gridded field
of surface air pollutant concentrations given values from a 3-D
numerical model forecast plus a set of recent measurements
from a sparse surface observation network. The numerical model
may be considered to exhibit both random errors and a sys-
tematic bias with respect to the observations. It is frequently
observed, for example by Kang et al. (2008) and Savage et al.
(2013), that this bias remains approximately constant over the
timescales typical of air quality episodes (a few days). In this
situation a short-term bias correction is able to correct gross
errors in the numerical model prediction and allow a signifi-
cantly improved forecast. Some of the relevant techniques
employed by other researchers to address this bias correction
problem are described briefly below.

2.1. Model adjustments at a measurement site

Initially, consider producing a forecast for a site where obser-
vation data are available. These observations can be used to correct
the forecast. For example, the ‘Hybrid Forecast’ technique (as used
by Kang et al., 2008) simply assumes the forecast at the site for a
certain time is given by themodel value at that time, plus a residual,
derived as the difference between the observation and model at a
previous time (usually 24 h earlier when observations were avail-
able). A more sophisticated method employs the Kalman Filter,
which is described in detail by Delle Monache et al. (2008) and is
widely used, for example by Kang et al. (2008), Borrrego et al.
(2011) and De Ridder et al. (2012). This method was found by
Kang et al. (2008) to generally perform better than the Hybrid
Forecast, although their Hybrid Forecast captured exceedances
better.

2.2. Conversion to gridded data from randomly located
measurement sites

Most bias correction techniques involve adjusting the model
value at measurement sites initially. However as model forecasts
are usually derived on a grid, these adjustments need to be
extended to cover not just a few randomly located sites, but across
the whole model domain.

For producing gridded historical data, many groups have
considered techniques for transforming observations at irregu-
larly located sites into a regular gridded field. Ordinary Kriging is
a widely used method for interpolating between a set of sparse
observations and is described in detail by Denby et al. (2005). As
an extension, Hor�alek et al. (2005, 2007, 2008) apply Kriging (as
well as other interpolation techniques) separately to urban and
rural observations to produce fields of each, which they then
combine using population density maps to produce a single
field.

These interpolation techniques can also be applied to correct
model forecasts on a grid. This appears to usually be done by the
Kriging of residual fields, also referred to in the literature as a
Hybrid Forecast (Kang et al., 2008) or the Innovation Kriging
Method (Blond et al., 2003). This technique involves calculating the
‘residual’ as described above, at an earlier time and then interpo-
lating these values using Kriging. This field of residuals can then be
combined with the raw forecast model field at a future time (or the
same time for analysis purposes).
3. Statistical Post-Processing of Observations (SPPO):
description and evaluation methods

3.1. Air quality forecast model: AQUM

The Met Office air quality forecast is produced using the on-line
air quality model AQUM (Air Quality in the Unified Model). This is
a limited area configuration of the Met Office Unified Model
(MetUM), which has a 12 km horizontal resolution covering a
domain containing the UK and nearby western European countries
(Fig. 1). There are 38 vertical levels from the surface to 39 km.
Lateral boundary conditions for chemistry and aerosols are
derived from operational forecasts of the MACC global model
(Flemming et al., 2009) for the first two days, before relaxing to a
climatology by day five. AQUM is used to provide five day forecast
maps and site specific forecasts for approximately 5000 sites
across the UK. For further details on AQUM, see Savage et al.
(2013).
3.2. Requirements

Our objective has been to develop a simple method for
improving the air quality predictions from our gridded forecast
model, AQUM. It is essential that any bias correction technique can
be applied in forecast mode, not just for the first day of a forecast,
but at all lead-times out to Day five. The method must also be able
to correct the model across its entire domain from which interpo-
lated values for 5000 sites can then be extracted, the vast majority
of which do not have observations. The AQUM model has a known



L.S. Neal et al. / Atmospheric Environment 98 (2014) 385e393 387
positive bias in ozone, caused mainly by the lateral boundary
conditions used, while PM10 has a significant negative bias, usually
attributed to missing emission sources in the inventories (Savage
et al., 2013). These two species are therefore particularly suitable
candidates for the application of a bias correction technique to
improve forecast skill.

3.3. Observations

The air quality observations for the UK used by our forecast
system are taken from the AURN (Automatic Urban and Rural
Network, http://ukair.defra.gov.uk/networks/network-info?
view¼aurn). This currently has around 100 surface measurement
sites ranging from rural/remote to kerbside locations. For this paper
however we only consider sites applicable to a regional air quality
model such as AQUM: remote, rural, urban background and sub-
urban sites. The AURN has routine hourly measurements of ozone
(O3), nitrogen dioxide (NO2), sulphur dioxide (SO2), PM10 and PM2.5
as well as some other pollutants. Not all species are measured at
every site. This is particularly noticeable for PM10 for which there
are only 23 sites. The number of sites measuring each pollutant are
indicated in Table 2. The Met Office has a near-real-time feed of
these data, which provides hourly measurements approximately
30 min after the observation time. These data however only have a
‘provisional’ status, as they have not yet been subjected to full
quality control procedures.

3.4. Bias correction technique (SPPO)

The bias correction technique that has been developed for
AQUM is referred to hereafter as ‘Statistical Post-Processing of
Observations’, or SPPO. AQUM predictions are observed to provide
a good representation of temporal changes in pollutant concen-
trations, but frequently exhibit a bias compared to observations:
SPPO is based on the assumption that the model bias persists from
day to day and hence aweighted bias calculated from the preceding
days' forecasts and observations provides a good estimate of the
current bias. By applying this bias correction to the temporal trends
derived from the air quality model an improved forecast can be
achieved.

3.4.1. Bias correction at individual sites
The bias correction technique that has been developed for in-

dividual sites is based on the Hybrid Forecast method as described
by Kang et al. (2008). This can be applied for a single site i where
observations exist to get the Hybrid Forecast (HF) at time t þ Dt
using.

HFi;tþDt ¼ mi;tþDt þ
�
oi;t �mi;t

�
(1)

where oi,t is the observed concentration at time t, and mi,t and
mi,t þ Dt are the model predicted concentrations at time t and
forecast time t þ Dt. Typically Dt is 24 h. The model concentrations
are evaluated at the observation sites by using bilinear interpola-
tion to extract data from the gridded model field.

A residual difference, ri,t, at site i and time t, can be defined
simply as the difference between the observations and model.

ri;t ¼ oi;t �mi;t (2)

To provide a forecast value, this residual can then be simply
added to the model forecast for this site i and forecast time t þ Dt.

In real-time operation of a forecast model this method is sus-
ceptible to problems due to observation errors. For example a local
peak in observed concentrations at a given site would give a large
over-prediction in concentration for the corresponding time on the
forecast day. To mitigate the impact of this problem various
correction techniques to dampen and smooth out any extreme
values were tested. These included using: (i) the mean residual at
the site over a period of time; (ii) the mean or median residual
across all similar sites at the same time. The latter approach was
found to give optimum performance, giving the residual, ri,t, at site i
and time t as.

ri;t ¼ 0:5
�
oi;t �mi;t

�þ 0:5
�
medianj2S

�
oj;t �mj;t

��
(3)

The first component of this is taken from Equation (2). The
second component takes themedian of (observationemodel) at all
sites of the same classification (set S). So for a rural observation site
i, set S contains all rural stations in the model domain where data
are available at time t. In the second term the median is used in
preference to themean, as the latter would be adversely affected by
any outlying measurement. Another important characteristic of the
second term is to only include sites of the same site classification
such as rural or urban background, in evaluating the median. This is
particularly important for some species such as NO2, where AQUM
has a known positive bias in rural areas (a negative residual), but a
negative bias (giving a positive residual) in urban areas (see Savage
et al., 2013).

AQUM produces a full five day forecast operationally and the
bias correction method must be applicable for each day of the
forecast. The assumption that the bias can be calculated using
persistence can be expected to weaken over time and this is
included in the model by relaxing the residual (using linear
interpolation) at each hour to the mean residual for this hour
from the previous 30 days by day five. This gives a residual valid
at any future time of the forecast period. This procedure limits
the forward propagation of extreme values from an ongoing
episode and the relaxation to a previous 30 days mean allows the
baseline bias to respond to any model changes or seasonal
variations.
3.4.2. Gridded correction
The AQUM model forecast is produced on a 12 km resolution

grid (giving ~26,500 grid points at the surface), enabling the
extraction via interpolation of values at any point in the domain
(approximately 5000 site-specific forecasts in our operational
forecast). However the observations and hence residuals, are only
available at around 70 sites at most. These residuals must therefore
be mapped onto the model grid in order to permit bias correction.
We employ the Ordinary Kriging (OK) technique tomap this limited
number of irregularly spaced residuals onto a grid. This method is
described further in Denby et al. (2005).

Once a gridded field of residuals at time t, Rt, is calculated, the
final improved gridded forecast at time t þ Dt, or the Statistical
Post-Processing of Observations forecast, SPPOt þ Dt, is given by.

SPPOtþDt ¼ MtþDt þ Rt (4)

where Mt þ Dt is the raw model forecast at this future time t þ Dt.
3.5. Verification methodology

For air quality forecasting in the UK the parameter provided to
the public is the Daily Air Quality Index (DAQI). This index is
derived from concentrations of five key air quality species: O3, NO2,
SO2, PM2.5 and PM10. Each species has its own averaging period and
concentration threshold levels, derived from health impact studies
(Connolly et al., 2013) e these are given in Table 1. The overall DAQI
is the maximum of all the individual species indices.

http://ukair.defra.gov.uk/networks/network-info?view=aurn
http://ukair.defra.gov.uk/networks/network-info?view=aurn
http://ukair.defra.gov.uk/networks/network-info?view=aurn


Table 1
UK Daily Air Quality Index bandings. The overall index is calculated as themaximum
index derived from all five species.

Band Index O3 NO2 SO2 PM2.5 PM10

Running 8 h
mean
(mg m�3)

Hourly
mean
(mg m�3)

15 min
mean
(mg m�3)

24 h
mean
(mg m�3)

24 h
mean
(mg m�3)

Low 1 0e33 0e67 0e88 0e11 0e16
2 34e65 68e134 89e177 12e23 17e33
3 66e100 135e200 178e266 24e35 34e50

Moderate 4 101e120 201e267 267e354 36e41 51e58
5 121e140 268e334 355e443 42e47 59e66
6 141e160 335e400 444e532 48e53 67e75

High 7 161e187 401e467 533e710 54e58 76e83
8 188e213 468e534 711e887 59e64 84e91
9 214e240 535e600 888e1064 65e70 92e100

Very high 10 241þ 601þ 1065þ 71þ 101þ

Table 2
Statistics comparing the skill of forecast Day 1 rawmodel data to SPPO forecast data,
for the period 1st July 2012e30th June 2013. The Bias and RMSE are given in mg m�3

for standard pollutants and in units of index levels for the DAQI.

Number of sites R Bias RMSE FAC2

O3 Raw 61 0.64 7.02 20.85 0.83
SPPO 61 0.76 0.53 16.42 0.85

NO2 Raw 61 0.62 �4.70 14.04 0.61
SPPO 61 0.68 �0.63 12.62 0.68

PM2.5 Raw 32 0.50 �4.00 10.60 0.62
SPPO 32 0.65 �0.13 8.74 0.76

PM10 Raw 23 0.51 �7.70 13.00 0.47
SPPO 23 0.62 �0.25 9.70 0.80

DAQI Raw 74 0.50 �0.05 0.93 0.97
SPPO 74 0.62 �0.13 0.81 0.98
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For verifying the air quality forecast, both in its raw form and
after SPPO, we use several standard metrics, including the root
mean square error (RMSE), Pearson correlation coefficient (R), bias
and FAC2 (proportion of model results within a factor of two of
observations). In time-series plots, Modified Normalised Mean Bias
(MNMB) and Fractional Gross Error (FGE) are also given. All sta-
tistics are based on hourly concentration values, although for the
DAQI statistics are based on daily values. For further information on
these statistics, see Savage et al. (2013).

Although SO2 is included in the DAQI it is very rare for it to
exceed an index level of 1. Observations of SO2 from the AURN
made by UV-fluorescence monitors are of sufficient precision to
measure the higher concentrations occurring during exceedance
events. However the accuracy is poor at the lower ambient con-
centrations generally found (Dr. N. Cape, personal communication).
Hence the measurements are generally unreliable for the purpose
of model evaluation. For this reason, although raw model values of
SO2 are corrected using SPPO and this species is still included in the
calculation of the DAQI, individual verification statistics are not
presented.

To test the impact of the interpolation we consider a technique
of cross validation as used by Konovalov et al. (2009) and Denby
et al. (2008). For this we split the observations into two groups e

one is used for producing a bias correction via SPPO, and the other
is used for verification.

In the rest of this paper, ‘raw’ refers to the raw model output,
‘SPPO’ signifies the model has been modified by all available ob-
servations using SPPO and ‘SPPOcv’ uses a ‘cross-validation’ tech-
nique: the model has been modified using just half the
observations available, while the other half are used for validation.

4. Results

Operationally, AQUM is run at 23:30Z with the SPPO usually run
around 01:30Z. Observations are therefore available up to and
including 01Z for the first full forecast day. Here we show the re-
sults from a year-long hindcast (1st July 2012e30th June 2013)
which simulates these operational timings. The systemwas run for
one month prior to the first date. This allowed the 30 day mean
residual to be calculated and then used for correcting forecasts out
to a five day leadtime, as described in Section 3.4.1.

4.1. Verification of Day 1 forecast

Initially we consider the impacts on Day 1 of the model forecast.
As the model output begins at 18Z this will consider the data from
01Z-24Z on the first full day, i.e. T þ 7 to T þ 30 h. Verification
statistics for this period are shown in Table 2 for the pollutant
species O3, NO2, PM2.5, PM10 and the DAQI.

For all of these parameters and for most statistics the SPPO
forecast gives an improvement over the raw forecast. In particular
the bias is moved closer to zero for all species e this can be seen
clearly in the histograms shown in Fig. 2 for O3 and PM2.5. It is also
noticeable that despite a relatively small number of sites for PM10

there is still a large improvement in bias.
To understand the effects of the post-processing on the Day 1

forecast, it is useful to examine a few air quality episodes in more
detail.

Over summer 2012, there were several O3 episodes. An example
time-series is shown in Fig. 3 for Charlton Mackrell (a rural site in
the south-west of England) for 15th Julye14th August. This period
began with changeable westerly conditions, before high pressure
built around the 20th July when temperatures rose steadily,
reaching 30.7 �C in London on the 25th. CharltonMackrell observed
one of the highest UK concentrations over this summer of
182 mg m�3 on 26th July. Northwesterly winds arrived on 27th July;
low pressure then dominated the rest of the period, apart from 9th
to 12th August which were largely dry and warm (Eden, 2012a,
2012b). The time-series in Fig. 3 illustrates effective removal of
the generally positive bias of the raw model, including improved
diurnal cycles. This is particularly noticeable during the period
around the end of July and through the beginning of August. During
the large episode near the end of July, SPPO is seen to give improved
forecasts initially. SPPO improves the forecasts for the majority of
the episode towards the end of July. On most days the raw model
over-predicts the observed concentrations, consequently the bias
correction applied by SPPO leads to an improved forecast. The only
exception is on the 25th, when the raw model matches the
observed ozone peak well. On that particular day, the application of
the bias correction (using negative residuals based on data from the
previous day) leads to an under-prediction of O3 by SPPO. This is a
feature of the technique, which relies on the model's ability to
predict a change in concentration levels; on this occasion the raw
model did not predict the large increase in levels for the following
day.

In March 2013, there were two episodes of elevated PM2.5
concentrations e an example time-series for Eastbourne (an urban
background site on the south coast of England) is given in Fig. 4 for
April 2013. April began with a cold easterly flow, before a south-
westerly flow took over from the 11th. From the 19th April, high
pressure built from the south resulting in temperatures reaching
23 �C in London on the 25th. It then became much colder as winds
came from the north-west for the remainder of the month (Eden,
2013). The raw model predicted the first episode from the 4th to



Fig. 2. Histograms comparing forecast Day 1 raw model data (orange) and SPPO forecast data (green) to observations (black) for O3 (left) and PM2.5 (right). Model histograms are
calculated using only values at sites and hours when observations are also available. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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8th March fairly well. During the second episode from 20th to 28th,
the raw model significantly under-predicted the increased magni-
tude of the observed concentrations. The SPPO forecast however,
gave a good representation of both of these episodes with an
improvement over the raw model forecast (which was already
reasonable) during the first episode, and successfully forecast the
second episode, which would have otherwise been under-forecast
by the raw model.
4.2. Impact of forecast lead-time

AQUM produces a full five-day forecast so it is important to
verify all the forecast days, not just Day 1. The impact of SPPO on
bias and FGE over all five days of the forecast can be seen for O3 and
PM10 in Fig. 5. The improvements from SPPO can be clearly seen for
both species over all five days. A curious trend that is visible in the
ozone bias plot is the lower value of the raw model bias on Day 5,
Fig. 3. Time-series of O3 concentrations (mg m�3) for Charlton Mackrell. Observations ar
interpretation of the references to colour in this figure legend, the reader is referred to the
compared to Day 1. Savage et al. (2013) suggested that ozone lateral
boundary fluxes are one of the larger sources of error in our raw
model forecasts. The reduction of the Day 5 bias compared to Day 1
appears to be caused by the relaxation of theMACC boundary fluxes
to a climatology. This suggests that for our model, the climatologies
may be more reliable than the real-time data on some occasions.
The climatologies are generated usingMACC reanalysis data (Inness
et al., 2013), while the Day 1 boundary fluxes are generated from a
near-real time global model which we have observed to exhibit a
positive surface ozone bias over the UK. The real-time boundary
fluxes however should provide extra value under episode
conditions.

By Day 5, the SPPO uses the mean residual for each hour from
the previous 30 days, unlike Day 1 which uses the residual calcu-
lated from the previous day only. The impact of this difference can
be seen by verifying the Day 5 forecast: statistics for all forecast
parameters for Day 5 are given in Table 3. In a similar way to Day 1,
e shown in black, raw model forecasts in orange and SPPO forecasts in green. (For
web version of this article.)



Fig. 4. Time-series of PM2.5 concentrations (mg m�3) for Eastbourne. Observations are shown in black, raw model forecasts in orange and SPPO forecasts in green. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. Impact of forecast lead-time on bias (top) and FGE (bottom) for ozone (left) and PM10 (right). Raw forecasts are given as the solid line and SPPO forecast as the dotted line.

L.S. Neal et al. / Atmospheric Environment 98 (2014) 385e393390



Table 3
Statistics comparing forecast Day 5 raw model data to SPPO forecast data, for the
period 1st July 2012e30th June 2013. The Bias and RMSE are given in mg m�3 for
standard pollutants and in units of index levels for the DAQI.

Number of sites R Bias RMSE FAC2

O3 Raw 61 0.50 5.07 22.99 0.79
SPPO 61 0.62 �1.80 20.84 0.79

NO2 Raw 61 0.47 �5.10 16.07 0.53
SPPO 61 0.54 �0.98 14.63 0.62

PM2.5 Raw 32 0.30 �4.32 11.90 0.57
SPPO 32 0.43 �0.58 10.41 0.68

PM10 Raw 23 0.31 �8.10 14.28 0.44
SPPO 23 0.43 �0.83 11.15 0.76

DAQI Raw 74 0.48 �0.14 0.94 0.97
SPPO 74 0.54 �0.29 0.92 0.97

Fig. 6. Time-series of Day 5 forecasts of O3 concentrations (mg m�3) for Charlton Mackrell.
green. (For interpretation of the references to colour in this figure legend, the reader is ref

Fig. 7. Locations of measurement sites used in SPPOcv (green) and those used for verificati
interpretation of the references to colour in this figure legend, the reader is referred to the
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these show improvements across most statistics and parameters
through the use of SPPO.

In Fig. 6 a time-series is shown for the same period and location
as for Fig. 3, but in this case using the Day 5 forecast. Here it can be
seen that although the raw forecast does reasonably well at pre-
dicting concentrations at this lead time, SPPO still gives further
improvements for most days.
4.3. Cross validation

To test the impact of the Kriging, SPPO has been run on the same
year of raw data, but using only half of the set of observations
(shown in Fig. 7) and verifying using the other half of the sites. This
Observations are shown in black, raw model forecasts in orange and SPPO forecasts in
erred to the web version of this article.)

on (red). These include rural, remote, urban-background and suburban sites only. (For
web version of this article.)



Table 4
Statistics comparing forecast Day 1 for the period 1st July 2012e30th July 2013.
Statistics are given for raw model data, SPPO data which is generated using all sites
and SPPOcv, which is generated using half the sites. All runs are compared to the
second half of the observation sites. The Bias and RMSE are given in mg m�3 for
standard pollutants and in units of index levels for the DAQI.

Number of sites R Bias RMSE FAC2

O3 Raw 30 0.64 7.61 20.83 0.83
SPPO 30 0.76 0.84 16.31 0.85
SPPOcv 30 0.73 1.38 17.36 0.84

NO2 Raw 30 0.61 �3.90 13.44 0.61
SPPO 30 0.66 �0.02 12.49 0.67
SPPOcv 30 0.62 0.77 13.40 0.62

PM2.5 Raw 19 0.50 �3.67 10.37 0.63
SPPO 19 0.66 0.08 8.53 0.75
SPPOcv 19 0.61 0.06 9.28 0.72

PM10 Raw 14 0.50 �6.89 12.34 0.48
SPPO 14 0.61 �0.02 9.56 0.78
SPPOcv 14 0.56 1.48 10.50 0.74

DAQI Raw 37 0.47 �0.05 0.97 0.96
SPPO 37 0.59 �0.13 0.84 0.98
SPPOcv 37 0.58 �0.11 0.85 0.98
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is an important test of the ability of the SPPO method to provide
valuable forecast information at the required 5000 forecast sites,
and not just for the ~70 measurement sites. As noted previously,
not all species are measured at all sites, consequently, the random
split into the two categories means that for some species (such as
PM2.5), the number of sites may not be split evenly.

In Table 4 statistics are shown for the verification sites only (as
illustrated in Fig. 7) for the one year period, comparing the raw
model data to SPPO data run using all sites (SPPO) and only half the
sites (SPPOcv). From this it can be seen that although using all the
sites gives the best results, verification at sites which were not used
in the SPPO still gives improvement compared to the raw model.
Fig. 8 shows the time-series at the same site as in Fig. 3. Despite this
site not being included in the running of SPPOcv, the results are
Fig. 8. Time-series of O3 concentrations (mg m�3) for Charlton Mackrell. Observations are sh
SPPOcv forecasts using only half the sites (not including Charlton Mackrell) in blue. (For inte
web version of this article.)
very similar to those of the SPPO forecast which did include this
site.
5. Conclusions

This paper has described a new bias correction technique which
has been used for improving a five day gridded air quality model
forecast. This technique, referred to as ‘SPPO’, is based on the short-
term persistence of model bias for pollutant predictions, which is
estimated from a comparison of recent measured and modelled
concentrations. A gridded field of residual values is derived using
Kriging of the residuals calculated at observation sites. The bias
correction is extended to five days by relaxing to the recent 30 day
mean residual. We have shown the results of applying this tech-
nique to forecast data for a year-long period, which illustrated
improvements compared to the raw model at all forecast lead
times. The SPPO technique delivers the greatest benefits for those
pollutants with a significant bias and with a lower spatial inho-
mogenity. Thus the greatest improvements are seen for forecasts of
ozone and PM10, although other species also benefit. The im-
provements from this technique are sufficiently beneficial that the
method has been implemented operationally to run on AQUM
forecast data, leading to improvements in the forecast maps and at
the 5000 specific sites.

Several developments of SPPO are currently being pursued.
These include (i) investigating the possibility of using a Kalman
Filter applied to observation sites; (ii) the production of separate
“rural” and “urban centre” maps, with the urban centre map
including roadside and urban centre observations. These maps
could then be combined using a proxy dataset such as population
density. (iii) Re-running SPPO on the original raw data later in
the day which should prove useful for providing a more up-to-
date forecast in rapidly changing conditions. (iv) The SPPO
method has also recently been used in hind-cast mode using all
available observations in a day to generate air quality ‘analysis’
maps.
own in black, raw model forecasts in orange, SPPO forecasts using all sites in green and
rpretation of the references to colour in this figure legend, the reader is referred to the
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