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1. INTRODUCTION
Air quality forecasting has become more common
throughout the United States over the past 10 years
(Dye et al., 2004).
What began with a few states
reporting current ozone conditions evolved into a
nationwide network of state and local agencies
producing forecasts for over 300 cities.
More
specifically, ozone forecasts are produced from the
beginning of May through the end of September, a
period typically considered the “ozone season” in the
United States.
Most agencies began forecasting ozone as the only
pollutant.
The promulgation of new 24-hr PM2.5
standards in 1997 (Federal Register, 1997), in addition
to numerous recent studies showing increasing harm
caused by PM2.5 to human health (Peters et al., 2001),
has recently led many agencies to begin forecasting
particle pollution in addition to ozone. As multi-pollutant
prediction gained momentum, a new idea of “air quality”
rather than “ozone” forecasting began. While the scope
of this paper is to examine the performance of ozone
prediction tools and methods, it is important to note that
air quality
forecasting (which includes multiple
pollutants) is becoming more prevalent (Wayland et al.,
2004).
Many agencies are forecasting air quality at various
levels of government. A byproduct of the decentralized
nature of this forecasting community is a variety of
methods for forecasting air quality and, more
specifically, ozone. The complexity and effectiveness of
the tools available depend greatly on the maturity of a
particular forecasting program. Forecasting methods
range from simple rules of thumb to statistical methods
to more complex real-time air quality models. Wayland
et al. (2002) noted that uniformly assessing the
accuracy of the wide range of tools and methods is a
challenge. In addition, because nationwide air quality
forecasting is only a recent development, the current
state of air quality forecasting has been compared to the
state of weather forecasting 20 years ago.
This paper evaluates the performance of several ozone
forecasting methods (statistical models, real-time
photochemical models, and human forecasting). In
addition to performance assessment, this paper
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recommends forecast performance goals for air quality
forecasting programs across the country.
1.1 Distribution of Air Quality Forecasts
State and local agencies are the authority for issuing air
quality forecasts and warnings for protecting public
health. Air quality forecasts are available regionally
through web sites and other outreach sources and
nationwide through the U.S. Environmental Protection
Agency’s (EPA) AIRNow program (www.airnow.gov).
AIRNow is a voluntary partnership between EPA and
regional, state, and local agencies that began in 1997
with a goal to provide current air quality conditions and
forecasts for the United States.
Forecasts are submitted to AIRNow’s Data
Management Center (DMC) and then distributed to
numerous organizations. One major destination of
forecast data is Weather Service Providers (WSPs) who
provide data to television and print media outlets. The
media are an effective way to disseminate forecast and
related health information to the public. While AIRNow
plays a significant role in distributing both real-time and
forecast air quality information, many regional, state,
and local programs have a well-established
infrastructure for transmitting their data to local media
and the public.
1.2 Selection of Forecast Cities
Six cities in the eastern United States were selected for
the purpose of evaluating agency air quality forecasting
performance. The basic criteria for selection were that
(1) each city must be within the domain of the real-time
air quality model and (2) the agency responsible for a
city’s air quality forecasting has several years of
experience forecasting ozone. While not required,
preference was given to agencies using a statistical tool
to aid human forecasts. The cities were also chosen
based on geographic diversity to capture variations in
weather patterns. Figure 1 shows the cities that met the
criteria for selection: Atlanta, Georgia; Baltimore,
Maryland; Charlotte, North Carolina; Columbus, Ohio;
Boston, Massachusetts; and Richmond, Virginia.
2. TYPES OF FORECASTING METHODS
Three types of forecasting methods were compared as
a measure of performance: human forecasting,
statistical methods, and real-time air quality modeling.
While human forecasting is the most common method,
statistical and numerical models have become useful

and respectable guidance tools to support human air
quality forecasts.

organizations begun running real-time air quality models
to support operational ozone forecasting. The two
modeling efforts discussed in this paper are from the
Meteorological Service of Canada (MSC) and the
National Oceanic and Atmospheric Administration
(NOAA).
In summer 1999, the MSC began a pilot ozone
forecasting program for eastern Canada only, using the
Canadian Hemispheric and Regional Ozone NOx
System (CHRONOS). The CHRONOS model domain
now covers most of North America including all the
contiguous United States. The model has a 21-km grid
resolution and runs twice a day at (0Z and 12Z).
Additional details about the model can be found in
Venkatesh (2003).

Figure 1. Six cities within the NOAA model domain
included in this study.
2.1 Human Forecasting
There is no explicit definition of human air quality
forecasting. The most common method used by human
forecasters in the six cities that were evaluated is the
phenomenological/intuition method. This method of
forecasting relies heavily on analyzing and conceptually
processing air quality and meteorological data to
formulate an ozone prediction (U.S. Environmental
Protection Agency, 2003). Forecaster experience plays
a large role in the phenomenological method.
For forecasting method comparison in this study, it is
assumed that the human forecasters in each city have
equal access to the tools to which human forecasting is
being compared in addition to their own forecasting
experience. Since forecaster experience and training
vary, directly comparing human forecasting skill across
the cities is difficult.
2.2 Statistical Methods
The statistical methods evaluated for the select cities
consist of multiple linear regression equations. A
regression equation uses relationships between specific
variables to predict outcomes (U.S. Environmental
Protection Agency, 2003; Comrie, 1997). In the case of
air quality, specific meteorological variables are
identified that correlate with ozone concentrations. Most
regression equations use wind speed, maximum surface
temperature, aloft temperatures, and cloud cover as
predictor variables.
2.3 Real-Time Air Quality Models
Air quality, grid-based models have, for many years,
been available for regulatory purposes to evaluate
emission control scenarios. Only in recent years have
universities, national centers, and private sector

In the United States, NOAA and EPA developed an
experimental real-time air quality forecast model. The
model uses NOAA’s National Weather Service (NWS)
operational model, Eta, for its meteorological input. The
air quality component of the modeling system is the
EPA Community Multi-Scale Air Quality (CMAQ) model
(McQueen et al., 2004). The model was run as a
prototype for the northeastern United States domain
during summer 2003 (Fig. 1) with a horizontal grid
spacing of 12 km. Started in early May 2004, the
modeling system became operational by late summer.
3. ASSESSMENT AND PERFORMANCE
Weather conditions during summer 2004 were generally
cooler and cloudier than normal in the eastern United
States. These conditions produced a below average
number of high-ozone episodes. Nevertheless,
evaluating forecast performance is important to
establish a baseline for future forecasting efforts and to
understand forecast performance in a relatively clean
ozone year.
We evaluated next-day forecasts from May 1 to
September 30, 2004, for the Air Quality Index (AQI)
categories (see www.airnow.gov/aqi.html for category
descriptions). Two thresholds on the AQI scale were
selected: Moderate and above (≥65 ppb 8-hr average
concentration) and Unhealthy for Sensitive Groups
(USG) and above (≥85 ppb 8-hr average concentration).
The second threshold was chosen because it is the
threshold for the national ozone standard and
corresponds to action days (e.g., ozone alerts, code-red
days, Spare The Air days, etc.) typically issued by air
quality agencies.
Forecasts were evaluated as to whether the predictions
were above or below the thresholds. The following
verification statistics were used:
•

Percent correct (PC) – Shows the percent of
forecasts that correctly predicted the event or nonevent.

•

False alarm rate (FAR) – Shows the percent of
time a forecast of high pollution (at or above the
threshold) was wrong.
Probability of detection (POD) – Indicates the
ability to predict actual high-pollution events (i.e., at
or above the threshold).
Critical success index (CSI) – Shows how well
high-pollution events were predicted; it is
unaffected by a large number of correctly
forecasted, low-pollution events.
Bias – Indicates, on average, whether forecasts are
under-predicted (false negatives) or over-predicted
(false positives).

tools were able to detect high-ozone days in certain
areas in this study and can provide valuable guidance to
air quality forecasters.

Forecast statistics were calculated for the six cities at
the two AQI thresholds—Moderate and above and USG
and above as shown in Tables 1 and 2.
Each
forecasting method—human experience, statistical
tools, and the NOAA and CHRONOS models—was then
objectively compared to the others. Results from the
CHRONOS model will be shown at the AMS
conference.

Ozone forecast performance can be improved. We
surveyed the air quality forecasting and pubic outreach
communities, and representatives of those entities did
not have rigid expectations in terms of forecast
performance.
We recommend the following
performance goals for forecasting USG and above
ozone days: a FAR less than 25% and a POD of
greater than 80%. We also suggest performing the
analysis again for a high-ozone season and for other
pollutants—for example fine particles (PM2.5)—which will
better reflect each forecast method’s ability to detect
high-pollution days.

•
•

•

In general, statistics show that human forecasters
performed better at both thresholds (Table 3).
Specifically, human forecasts, on average, were the
least biased and had the lowest FAR. These forecasts
also correctly predicted 96% and 80% of all events at
the first and second thresholds, respectively. When
only high-ozone events were considered, human
forecasters were able to predict almost 80% (POD) of
the Moderate AQI and above events as shown in
Table 1. At the USG and above threshold (Table 2),
about one-third of the high days were detected by
human forecasters.
The NOAA model correctly predicted 47% of the USG
and above days. But it over-predicted more frequently
than both statistical and human forecasts at the same
threshold, yielding a bias of 3 and a FAR over 80%.
This is especially important because many forecasters
are beginning to depend on NOAA model guidance to
aid their forecasts. In addition, regional, state, and local
agencies across the country spend significant resources
on outreach efforts during forecasted poor air quality
days. Regionally, the NOAA model was able to predict
high-ozone days (USG and above) better in Atlanta,
Charlotte, and Richmond than in other cities used in this
study.
Statistical tools, which were not available in all cities,
were generally outperformed by human forecasters.
However, the statistical tool for Baltimore correctly
forecasted 80% of the high-ozone days during 2004 and
performed better than the human forecaster.
4. SUMMARY AND RECOMMENDATIONS
Results of this study showed that human forecasts were
generally more accurate in predicting high-ozone days
based on results from the six cities for summer 2004. At
the same time, photochemical models and statistical

Air quality forecasting, compared to weather forecasting,
is still in its infancy, and the air quality forecasting
community faces several challenges in achieving more
accurate forecasts: (1) how to determine which forecast
tools work best in certain situations; (2) how to create a
consensus forecast by using various guidance
prediction; (3) how to forecast for multiple pollutants;
and (4) how to evaluate and learn from missed
forecasts.

The comparisons provided in this paper serve as a
baseline for forecast performance. As more air quality
forecast tools are developed and photochemical models
are revised and improved, they will continue to aid air
quality forecasters to achieve these goals.
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Table 1. Forecast statistics for Moderate AQI and above ozone days.
ATLANTA
BOSTON
BALTIMORE
Human NOAA Statistical Human NOAA Statistical Human NOAA Statistical
148
142
142
130
142
NA
147
142
133
79
70
74
90
85
NA
82
70
68
31
44
39
53
68
NA
32
46
10
82
88
77
75
67
NA
90
73
90
60
52
51
41
28
NA
63
45
51
1
2
1
2
2
NA
1
1
1
CHARLOTTE
COLUMBUS
RICHMOND
Human NOAA Statistical Human NOAA Statistical Human NOAA Statistical
147
142
NA
152
142
144
136
142
132
80
71
NA
75
71
76
76
70
77
33
46
NA
52
59
50
51
59
53
85
87
NA
64
63
40
77
93
74
60
50
NA
38
33
29
43
39
40
1
2
NA
1
2
1
2
2
2

Forecast
Statistics
Count
PC (%)
FAR (%)
POD (%)
CSI
Bias

Table 2. Forecast statistics for USG AQI and above ozone days.
ATLANTA
BOSTON
BALTIMORE
Human NOAA Statistical Human NOAA Statistical Human NOAA Statistical
148
142
142
130
142
NA
147
142
133
92
86
92
99
97
NA
95
92
95
53
68
57
0
100
NA
33
60
20
64
90
60
0
0
NA
40
40
80
37
31
33
0
0
NA
33
25
36
1
3
1
0
3
NA
1
1
1
CHARLOTTE
COLUMBUS
RICHMOND
Human NOAA Statistical Human NOAA Statistical Human NOAA Statistical
147
142
NA
152
142
144
136
142
132
96
89
NA
97
89
98
99
96
97
56
88
NA
100
88
100
100
83
80
80
50
NA
0
50
0
0
100
100
40
11
NA
0
11
0
0
17
20
2
4
NA
3
4
2
1
6
5

Average
Statistics
PC (%)
FAR (%)
POD (%)
CSI
Bias

Table 3. Average ozone forecast statistics.
Moderate AQI and above
Unhealthy for Sensitive Groups AQI and above
Human
NOAA
Statistical
Human
NOAA
Statistical
80
73
70
96
93
95
42
54
44
57
83
78
79
78
73
31
47
36
51
41
41
18
14
13
1
2
1
1
3
2

Forecast
Statistics
Count
PC (%)
FAR (%)
POD (%)
CSI
Bias

