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Air quality in the Pacific Northwest (PNW) of the U.S has generally been good in

recent years, but unhealthy events were observed due to wildfires in summer or

wood burning in winter. The current air quality forecasting system, which uses

chemical transport models (CTMs), has had di�culty forecasting these unhealthy

air quality events in the PNW. We developed a machine learning (ML) based

forecasting system, which consists of two components, ML1 (random forecast

classifiers and multiple linear regression models) and ML2 (two-phase random

forest regression model). Our previous study showed that the ML system provides

reliable forecasts of O3 at a single monitoring site in Kennewick, WA. In this

paper, we expand the ML forecasting system to predict both O3 in the wildfire

season and PM2.5 in wildfire and cold seasons at all available monitoring sites in

the PNW during 2017–2020, and evaluate our ML forecasts against the existing

operational CTM-based forecasts. For O3, both ML1 and ML2 are used to achieve

the best forecasts, which was the case in our previous study: ML2 performs better

overall (R2 = 0.79), especially for low-O3 events, while ML1 correctly captures

more high-O3 events. Compared to the CTM-based forecast, our O3 ML forecasts

reduce the normalized mean bias (NMB) from 7.6 to 2.6% and normalized mean

error (NME) from 18 to 12% when evaluating against the observation. For PM2.5,

ML2 performs the best and thus is used for the final forecasts. Compared to the

CTM-based PM2.5, ML2 clearly improves PM2.5 forecasts for both wildfire season

(May to September) and cold season (November to February): ML2 reduces NMB

(−27 to 7.9% for wildfire season; 3.4 to 2.2% for cold season) and NME (59 to

41% for wildfires season; 67 to 28% for cold season) significantly and captures

more high-PM2.5 events correctly. Our ML air quality forecast system requires

fewer computing resources and fewer input datasets, yet it provides more reliable

forecasts than (if not, comparable to) the CTM-based forecast. It demonstrates

that our ML system is a low-cost, reliable air quality forecasting system that can

support regional/local air quality management.
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FIGURE 1

Ratio plots of model predicted MDA8 O3 to observations vs. observations for three models (A) AIRPACT, (B) ML1, and (C) ML2. The point color of dark

blue to bright pink indicates density of the data increasing. The white dashed lines mark the ideal condition (the ratio between model predictions and

observations is 1). The ratio below 1 represents the model under-prediction and the ratio above 1 represents the over-prediction.

TABLE 2 Statistics of the 10-time, 10-fold cross-validation of the MDA8

O3 predictions from AIRPACT and our ML models.

AIRPACT ML1 ML2 ML_opr_O3

R2 0.42 0.67 0.79 0.76

NMB (%) 7.6 2.2 −0.68 2.6

NME (%) 18 16 11 12

IOA 0.64 0.69 0.79 0.76

in Tables 2, 3. The statistics (R2, NME, IOA, HSS, CSI1, and CSI2)

betweenML2 andML_opr_O3 is close as ourO3 observation data is

mostly for lower O3 levels where ML_opr_O3 relies on ML2. Using

ML1 predictions improves the model performance (KSS and CSI3)

for high O3 events, although some over-predictions lead to a higher

NMB value than ML2.

To examine the model performance of MDA8 O3 at each

individual AQS site, we present the spatial distributions of NMB

in Figure 3 and those of IOA in Figure 4. AIRPACT tends to over-

predict the MDA8 O3 during the wildfire seasons, especially along

the coast, where the NMB can be up to 28% (see Figure 3A). It

is possibly due to the influence of boundary condition and model

representation of atmospheric mix layer (Chen et al., 2008). ML1

performs better than AIRPACT and does not over-predict along the

TABLE 3 Forecast verifications of the 10-time, 10-fold cross-validations

using AQI computed with only O3 from AIRPACT and our ML models.

AIRPACT ML1 ML2 ML_opr_O3

HSS 0.46 0.47 0.59 0.54

KSS 0.49 0.61 0.55 0.63

CSI

1 0.83 0.80 0.89 0.86

2 0.36 0.36 0.46 0.41

3 0.16 0.21 0.038 0.21

4 0 0.062 0.12 0.062

The best statistical values are marked with bold fonts.

coast. The individual AQS site’s NMB inML1 is mostly in the range

of −6 to 8%, while that in ML2 is −4% to 0. For ML_opr_O3, its

NMB is mostly close to the NMB of ML2 except at a few sites (i.e.,

sites near Salt Lake City, UT) where ML_opr_O3 performance is

close toML1. TheNME is not shown in the figures, butML_opr_O3

(10 to 14%) and ML2 (8 to 14%) have close performance, and

they are better than AIRPACT (12 to 33%) and ML1 (11 to 22%)

throughout the AQS sites.

For the site-specific IOA, most ML-based models show higher

values than AIRPACT, whose IOA values are mostly below 0.6

Frontiers in BigData 05 frontiersin.org
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(see Figure 4A), because AIRPACT suffers from extremely over-

predicted MDA8 O3 above 100 ppb and IOA is sensitive to them

(Legates and McCabe, 1999). The IOA values of ML_opr_O3 are

very close to those of ML2, similar to the site-specific NMB.

FIGURE 2

The evaluations of HSS and KSS with increasing the threshold.

We also use the Taylor diagram plot in Figure 5 to show the

model performance at the individual AQS site. Note that the

statistics used in the Taylor diagram are normalized to visualize

the difference among models more easily: for example, the SD

and centered RMS difference are normalized by dividing them

by the observed SD at each AQS site (Taylor, 2001). The Taylor

diagram shows that the correlation coefficients of ML2 are within

0.6 and 0.9 and the centered RMS difference values are all within

0.5 and 0.8. While the centered RMS difference of ML1 (0.5 to

1.2) and AIRPACT (0.8 to 2) are worse with a larger site-to-

site variation than ML2. However, the normalized SD of ML2 is

less than 1, which means the ML2 predictions have less variation

than the observations. For ML_opr_O3, it is quite like ML2 but

the normalized SD is close to 1 for most sites, which means

ML_opr_O3 is better at capturing the observed variation.

Overall, we find that ML2 predicts the low-MDA8 O3 events

best, while ML1 predicts the high-MDA8 O3 events best. The

ML_opr_O3 model take an advantage of both ML1 and ML2 by

using ML2 model when the ML2 predicted MDA8 O3 is lower than

50 ppb and ML1 model for all other cases. The overall ML_opr_O3

FIGURE 3

Maps showing NMB of MDA8 O3 predictions from (A) AIRPACT, (B) ML1, (C) ML2, and (D) ML_opr_O3 at the AQS sites throughout the PNW.
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FIGURE 4

Maps showing IOA of MDA8 O3 predictions from (A) AIRPACT, (B) ML1, (C) ML2, and (D) ML_opr_O3 at the AQS sites throughout the PNW.

performance is close toML2, but it also captures the high-O3 events

like ML1.

4. PM2.5 in 2017 to 2020 wildfire and
cold seasons

The PNW region experiences strong seasonal variations of

PM2.5 due to distinct sources. For instance, wildfires are the

main sources of PM2.5 from May to September, while wood-

burning stoves are the main source from November to February.

Based on this, our PM2.5 study is separated into the wildfire

season (May to September) and cold season (November to

February). We use a total of 103 AQS sites for the wildfire

season and 104 sites for the cold season, which are available from

2017 to 2020.

A summary of the PM2.5 observations during these seasons is

presented in Table 4. The mean PM2.5 concentrations during the

wildfire season range from 4.7 to 12 µg m−3 while those during the

cold season range from 6.9 to 9.2 µg m−3. In both seasons, daily

PM2.5 concentrations are mostly in the AQI category 1 (AQI1;

corresponding to Good) and AQI2 (Moderate). A large number

of wildfires occurred in 2017, 2018 and 2020, leading to 5.0 to

5.9% of monitor-days in the wildfire season experiencing AQI3
(unhealthy for sensitive groups) or above. There were few wildfires

in 2019, so the mean PM2.5 concentration is particularly low and

only 4 AQI4 (unhealthy) events occurred during that 2019 wildfire

season. The cold season has less variation in PM2.5 concentrations

during the 2017 to 2020 period, and experiences significantly fewer

unhealthy events (i.e., AQI3 and above) than the wildfire season:

only 0.1 to 1.1% of monitor-days in the cold season have AQI3
or above.
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4.1. Evaluating PM2.5 predictions of
AIRPACT and ML models in wildfire season

Similar to the O3 evaluation for the ML models, 10-time,

10-fold cross-validation is used to evaluate the ML-based PM2.5

predictions. Because most daily PM2.5 concentrations are below

10 µg m−3, the x-axis of ratio plots in Figure 6 uses a log

scale. It is clear that PM2.5 predictions are much more scattered,

showing severe under-predictions as well as over-predictions than

O3 predictions shown in Figure 1 for all models. Focusing on the

density of data (see the bright pink region in Figure 6A), AIRPACT

mostly under-predicts the PM2.5 in the wildfire season: the densest

part of the data is below the ratio of 1 in Figure 6A, and Table 5

shows its NMB of −27%. Most of the ML1 and ML2 predictions

(bright pink regions in Figures 6B, C) are close to the ratio of 1,

and their NMB values (14 and 7.9%) are lower than AIRPACT,

FIGURE 5

Taylor diagram of MDA8 O3 at the AQS sites throughout the PNW.

Each circle symbol represents an AQS site, and the red color is for

AIRPACT, green for ML1, blue for ML2, and yellow for ML_opr_O3.

Note that centered RMS di�erence is proportional to the distance

from the point on the x-axis (standard deviation) marked with an

open circle.

although ML1 and ML2 tend to over-predict some low daily PM2.5

concentrations (AQI1 and AQI2).

Similar to O3, ML2 has a better overall performance than ML1:

lower NME (41 vs. 54%) and higher IOA (0.78 vs. 0.70) and higher

HSS (0.59 vs. 0.53) are shown in Tables 5, 6. However, unlike O3,

ML1 does not perform better for high-PM2.5 predictions. The KSS

scores from ML1 and ML2 are the same (0.66). The CSI scores for

AQI5 and AQI6 events from ML1 are 0.01 and 0.06 higher than

ML2, but the scores for AQI3 and AQI4 are 0.06 and 0.02 lower

than ML2. To reduce the false alarms, we decided to use only ML2

to forecast the daily PM2.5 at the AQS sites in the PNW.

As shown in Figure 7, AIRPACT under-predicts the daily

PM2.5 at most AQS sites (94 out of 103 sites) in the PNW, while

the ML models tend to over-predict the daily PM2.5. ML2 (−2 to

19%) performs better than ML1 (0 to 32%) because of fewer false

alarms. ML2 also has the lowest NME (22 to 60%) than AIRPACT

(43 to 103%) and ML1 (33 to 87%) throughout the AQS sites

(not shown in the figures). The IOA from AIRPACT in Figure 8A

is acceptable except for the AQS sites at the far eastern edge of

the model domain. Both ML1 and ML2 show higher IOA than

AIRPACT at several sites, but ML2 generally has the highest IOA

scores (see Figures 8B, C).

The Taylor diagram in Figure 9 shows that the AIRPACT

performance varies more widely among the 103 AQS sites than

ML1 and ML2. The correlation coefficients from AIRPACT range

from 0.2 to above 0.9, while both ML predictions are mostly in

the range of 0.6 to 0.9. The centered RMS difference values are all

within 0.5 to 0.8 for the ML models but AIRPACT has several sites

with large centered RMS difference values above 1. Similar to O3,

the normalized SD of ML1 is close to 1 but that of ML2 is slightly

below 1, suggesting the ML2 predictions have less variation than

the observations. Figure 9 shows extreme predictions by AIPRACT.

For example, the daily PM2.5 concentrations are below 40 µg

m−3 during wildfire seasons in 2017 to 2020 at Lindon, UT, but

AIRPACT predicts several extreme values up to 470 µg m−3. The

red circle outside the Taylor diagram in Figure 9 is the AQS site

represented by the red circle from AIRPACT in Figure 8A, where

both ML models perform well.

ML1 and ML2 exhibit better performance for PM2.5 than

AIRPACT. However, unlike the case of O3 where ML1 shows a

significantly better capability to predict high pollution events than

TABLE 4 Summary of the daily PM2.5 observations from two seasons in 2017 to 2020 at AQS sites in the PNW region. Note that daily AQI is computed

using PM2.5 only.

Season Year Mean (µg

m−3)

Percentage and # of monitor-days for each AQI

1 2 3 4 5 6 Total

Wildfire season (May to Sep) 2017 11 82.4% (11,442) 11.7% (1,623) 2.9% (409) 2.3% (319) 0.6% (80) 0.1% (16) 13,889

2018 9.7 83.7% (11,663) 11.2% (1,556) 2.7% (373) 2.3% (321) 0.1% (14) 0 (2) 13,929

2019 4.7 98.4% (14,144) 1.5% (211) 0.1% (16) 0 (4) 0 (0) 0 (0) 14,375

2020 12 88.9% (12,556) 6.2% (871) 1.2% (163) 2.1% (296) 1.0% (143) 0.7% (100) 14,129

Cold season (Nov to Feb) 2017 9.1 77.6% (7,997) 21.3% (2,194) 0.9% (97) 0.2% (16) - - 10,304

2018 7.9 82.1%(6,827) 17.7% (1,471) 0.3% (21) 0 (0) - - 8,319

2019 9.2 76.9% (8,843) 22.7% (2,606) 0.4% (51) 0 (3) - - 1,1503

2020 6.9 87.1% (8,647) 12.7% (1,261) 0.1% (14) 0 (0) - - 9,922
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FIGURE 6

Ratio plots of model predicted daily PM2.5 to observations vs. observations in the wildfire season for three models (A) AIRPACT, (B) ML1, and (C) ML2.

The point color of dark blue to bright pink indicates density of the data increasing. The white dashed lines mark the ideal condition (the ratio between

model predictions and observations is 1). The ratio below 1 represents the model under-prediction and the ratio above 1 represents the

over-prediction.

TABLE 5 Statistics of the 10-time, 10-fold cross-validations of the daily

PM2.5 concentrations during wildfire season from AIRPACT and our ML

models.

AIRPACT ML1 ML2

R2 0.51 0.69 0.72

NMB (%) −27 14 7.9

NME (%) 59 54 41

IOA 0.67 0.70 0.78

ML2, both ML1 and ML2 perform similarly for the high PM2.5

events. Since ML2 preforms noticeably better than ML1 for most

PM2.5 levels, we use only ML2 to provide the final PM2.5 forecasts.

4.2. Evaluating PM2.5 predictions of
AIRPACT and ML models in cold season

There are fewer severe pollution events in the cold season than

in wildfire season: only 19 unhealthy events in the cold season of

2017 to 2020; no very unhealthy or hazardous events. AIRPACT

during the cold season has the lower NMB (3.4%) and higher

TABLE 6 Forecast verifications of the 10-time, 10-fold cross-validations

using AQI computed with only PM2.5 during wildfire season from

AIRPACT and our ML models.

AIRPACT ML1 ML2

HSS 0.37 0.53 0.59

KSS 0.29 0.66 0.66

1 0.91 0.91 0.92

2 0.17 0.31 0.37

CSI
3 0.08 0.14 0.20

4 0.23 0.36 0.38

5 0.19 0.24 0.23

6 0.30 0.41 0.35

The best statistical values are marked with bold fonts.

NME (67%) than the wildfire season (NMB−27% and NME 59%).

Similar to the model performance in the wildfire season, ML1 and

ML2 have better statistics than AIRPACT and ML2 shows better

performance than ML1 as shown in Supplementary Table 1.

The ratio plot of AIRPACT in Supplementary Figure 3a shows

the densest part (bright pink in the figure) is below the 1-to-1 line,
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FIGURE 7

Maps showing NMB of daily PM2.5 predictions from (A) AIRPACT, (B) ML1, and (C) ML2 at the AQS sites throughout the PNW in the wildfire season of

2017 to 2020.

which is similar to its predictions during the wildfire season. The

low PM2.5 regions show both severe under-prediction and over-

prediction but most of the unhealthy events in the red region are

mainly under-predicted. BothML1 andML2 show better model-to-

observation agreements (the scatters in Supplementary Figures 3b,

c are closer to the 1-to-1 line), and their NME values (36 and 28%)

are much lower than AIRPACT (67%). The IOA, HSS, and KSS

scores of ML1 and ML2 are also 0.28 to 0.39 higher than AIRPACT

(shown in Supplementary Table 2). In the wildfire season, the CSI1
score from AIRPACT (0.91) is comparable to ML models (ML1

0.91, ML2 0.92), but the ML models show significantly better

performance at all levels of PM2.5 in the cold season. ML2 has

higher CSI1 (0.87) and CSI2 (0.53) scores than ML1 (0.83 and

0.50), and ML1 has higher CSI3 (0.17) and CSI4 (0.30) scores than

ML2 (0.11 and 0.21).

AIRPACT largely over-predicts the PM2.5 concentrations along

the coast in the cold season, where the NMB can be above

100%, while it under-predicts at several inland sites, where the

NMB is down to −85% (see Supplementary Figure 4). The NMB

values from ML1 and ML2 are mostly in the range of −10 to

20% and −1 to 10%, in respectively, which are better than their

performance in the wildfire season. Most of the NME values

from two ML models are below 50%, and the AIRPACT can

generate extremely high NME, up to 274% (not shown in the

figures). Supplementary Figure 5 shows that IOA of AIRPACT is

below 0.5 at many AQS sites but both ML models show IOA

above 0.5 at most of the AQS sites in the PNW. It clearly shows

that our ML models improve forecast performance compared to

AIRPACT, and overall ML2 performs better than ML1 at most

AQS sites.
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FIGURE 8

Maps showing IOA of daily PM2.5 predictions from (A) AIRPACT, (B) ML1, and (C) ML2 at the AQS sites throughout the PNW in the wildfire season of

2017 to 2020.

Compared to the wildfire season PM2.5 predictions in Figure 9,

the centered RMS difference values from AIPRACT are higher

than 2 at more sites, and the correlation coefficients decrease from

0.2–0.95 to 0–0.85 in Supplementary Figure 6. The normalized SD

values also show a large variation: one value is even above 4 (the

red circle outside the Taylor diagram in Supplementary Figure 6),

which represents the AQS site in Bellevue,WA. The observedmean

PM2.5 at Bellevue is 4.0 µg m−3, but the mean prediction from

AIRPACT is 14 µg m−3, and it predicts several high PM2.5 events

up to 67 µg m−3. The ML model performance is more stable, and

ML2 has more correlation coefficients in the range of 0.8 to 0.9.

With the better performance at most sites fromML2 than ML1, the

ML2 is also used for the operational PM2.5 forecasts in the cold

seasons.

5. Summary and conclusions

CTMs are widely used for air quality modeling and forecasting.

AIRPACT is a CTM-based operational forecasting system for the

PNW, which has been operated for more than a decade. There

have been costly efforts to improve AIRPACT forecast capability,

but its forecast capability has not been significantly improved,

especially for poor air quality events. We developed a MLmodeling

framework, which we applied successfully to forecast the O3 level

at Kennewick, WA and used it as a local operational O3 forecast. In

this study, we expanded the MLmodeling framework to predict O3

as well as PM2.5 at the AQS sites throughout the PNW. Since April

2020, our ML model has been used for the ensemble-mean 72-h

operational air quality forecasts across the AQS sites in the PNW.
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FIGURE 9

Taylor diagram of wildfire season daily PM2.5. Each circle symbol

represents an AQS site, and the red color is for AIRPACT, green for

ML1, and blue for ML2. Note that centered RMS di�erence is

proportional to the distance from the point on the x-axis (standard

deviation) marked with an open circle.

TheWashington State Department of Ecology utilizes our forecasts

for their winter forecasts and wildfire smoke forecasts.

There are 30 AQS sites with available O3 observations in the

wildfire season (May to September) from 2017 to 2020. AIRPACT

fails to capture the unhealthy events in the high-O3 year, 2017

and 2018, but it performs well in 2019 and 2020. ML1 shows

improved predictability for high-O3 events, while ML2 shows the

best performance for low MDA8 O3. The combined approach

uses the advantages of the two ML methods and improves the

model performance significantly over AIRPACT. The NMB and

NME decrease from 7.6 and 18% to 2.6 and 12%, respectively.

The statistical parameters, IOA, HSS, KSS, and CSI, are larger than

AIRPACT, and the higher CSI3 and CSI4 scores indicate that the

model identifies more high-O3 events.

There are 103 AQS sites with available PM2.5 observations

during wildfire season and 104 AQS sites during cold season

from 2017 to 2020. ML1 and ML2 are trained for two seasons,

separately. Both ML models perform much better than AIRPACT.

The associated HSS and KSS values for the ML models are 0.22

to 0.39 higher than those for AIRPACT. Compared to AIRPACT

and ML1, ML2 has lower NMB and NME and higher IOA in

both seasons. The CSI (from CSI3 to CSI6) values between ML1

and ML2 are quite close, suggesting both models are capable of

capturing high-PM2.5 events. Thus, we choose to operate ML2

alone to provide the final PM2.5 predictions.

Our ML modeling framework requires much fewer computing

resources than AIRPACT. For example, with the same CPU

resources, the ML modeling framework uses one processor to

finish training in 40 min with the historical WRF data, and

provides up to 30 WRF-member ensemble forecast of O3 at

47 AQS sites and PM2.5 at 138 AQS sites throughout the

PNW within 1–2 h of CPU time, while AIRPACT needs 120

processors for ∼3 h (∼360 h of CPU time) to complete the daily

operational forecasts.

Overall, the ML modeling framework requires much fewer

computational sources and fewer input datasets and provides

more reliable air quality forecasts at the selected locations than

the CTM-based forecasts, AIRPACT. Our ML models provide

more accurate forecasts (most R2 >0.7) and captures 70%

more high pollution events than AIRPACT. On the basis of

the random forest model, we developed this ML modeling

framework with preserving the accurate forecasts for the “good”

air quality and improving the performance for the “bad” air

quality by using the multiple regression model or second-phase

random forest.

This study demonstrates the successful application ofML for air

quality forecasting and how ourMLmodels can be utilized as a low-

cost reliable air quality forecasting system to support regional/local

air quality management. Since our ML forecasting system requires

previous day’s air quality measurement as input, its application is

limited to the sites with observations, such as the EPA AQS sites

in this study. To expand the utilization in the future, the low-

cost sensor measurements (e.g., Purple Air networks) could be

employed as the model input to our ML models to provide the air

quality forecasts at locations without AQS measurement stations,

which would effectively support local air quality management and

public awareness.
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