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Sensitivity of Key Parameters in Ensemble Square Root Filter to
PM3 5 Prediction in Air Quality Data Assimilation
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Abstract

The accurate forecasting of fine particulate matter (PM,5s) is critical for public health and policy-making in Northeast Asia.
Ensemble-based data assimilation (DA) has shown promise in improving chemical transport model (CTM) predictions;
however, the system performance is highly sensitive to its parameters. This study conducted a comprehensive sensitivity
analysis of the Ensemble Square Root Filter (EnSRF) combined with the Community Multiscale Air Quality (CMAQ) model.
Using the KORUS-AQ 2016 campaign as a test case, we evaluated the impacts of (1) the inflation factor, (2) horizontal
localization width, (3) vertical localization width, and (4) ensemble size on PM, 5 similations. The results demonstrate that an
inflation factor of 1.0 effectively prevents filter divergence by maintaining adequate background error variance. The optimal
localization widths were identified as 200 km horizontally and 2.0 km vertically, enabling realistic spatial propagation of
ground-level observation information throughout the planetary boundary layer. Prediction performance improved with
increasing ensemble size, with the highest accuracy achieved using 40 members; however, gains became marginal beyond 30
members, indicating saturation effect. Considering computational efficiency, an ensemble size of 30 was suggested for a
operational purposes. Compared with a control run without DA and with a three-dimensional variational(3DVAR) DA, the
optimized EnSRF system significantly reduced the root mean square error (RMSE). This also increased the index of
agreement (I0A). These findings provide essential guidelines for optimizing ensemble-based DA systems for operational air
quality forecasting.
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Fig. 1. Study domain for the CMAQ model simulations. Green, red, blue, and purple circles indicate the ground-based
observational stations in China (790 sites), while orange circles represent those in South Korea (165 sites).
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Table 1. Key parameters of EnSRF data assimilation for PM; 5 predictions in this study

Parameters

Experimental values

Inflation factor, 3

Horizontal localization width HLW (km)
Vertical localization width, VLW (km)

Ensemble number, N

0, 1.0, 1.02, 1.04, 1.06, 1.08, 1.10

100, 150, 200, 400
0.5, 1.0, 2.0, 4.0
10, 20, 30, 40

Table 2. Statistical metrics from the sensitivity experiments for the different prior inflation factor(8) with a fixed
horizontal localization width of 100 km and an ensemble size of 40

Exp. Prior inflation factor, 3 Horizontal localization width, HLW (km) RMSE I0A
1 0 100 13.665 0.578
2 1.0 100 9.642 0.680
3 1.02 100 9.597 0.682
4 1.04 100 9.542 0.685
5 1.06 100 9.557 0.684
6 1.08 100 9.53 0.691
7 1.10 100 9.513 0.692
Table 3. Statistical metrics from the sensitivity experiments for the horizontal localization width
Exp. Horizontal localization width, HLW (km) RMSE I0A
1 100 9.642 0.680
2 150 9.862 0.741
3 200 9.798 0.744
4 400 9.727 0.746
Table 4. Same as Table 3 except for the vertical localization width
Exp. HorlzontalHlE\?;l(E;t)lon width, Vertical Iocahaj;())n width, VLW RMSE I0A
1 200 0.5 9.775 0.741
2 200 1.0 9.382 0.756
3 200 2.0 9.268 0.761
4 200 4.0 9.269 0.761
202 ofi oA WMAAAS] tiat ZER ol E 9 o3 Wk 4 H w1 2asid), A u
&% ok mpgto R AR Bake] AR AREs g Aol Al AEHOE P Sk Zhate] uf
At a8/ Atol] HAHES 271 fls] FFE HH et 7o) Ad# oz At Hl-go] St wizel oS
(N) 1= AH-e Pstact. ‘3“31 410, 20, 30, 35l T71ES Tt A WY 8 Aot
400 HSIA7|H, WS F o+ & Art.
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Fig. 2. Average vertical distributions of PM; s at all the observation sites in South Korea at all the data assimilation times (00,
06, 12, and 18 UTC) for the control run and the EnSRF DA experiments with the vertical localization width of 0.5, 1, 2,
and 4 km. These experiments were performed for 6 days from May 1 to May 6, 2016. The dashed and solid lines for
the DA experiments indicate the periods before(dashed lines) and after DA(solid lines), indicating the background (or
+06 h prediction) and analysis (or +00 h), respectively. The mean PM, s observed at the ground level is marked with
star symbols.
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Fig. 3. Daily variations of PMzs during the period of the KORUS-AQ campaign. CMAQ output for the 6 h reanalysis
experiments with the EnSRF methods for the ensemble members of 40, 30, 20, and 10 are plotted with red line, pink
line, purple line, and maroon line, respectively. The same experiment with the 3DVAR method are plotted with green
line. The control experiment (CTR) and observations (OBS) are shown with black line with open circles, and blue
line, respectively. Values were prepared by the aggregation of daily averages at all the observation sites in South

Korea.
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Fig. 4. The same as in Fig. 3, except for the 48 h prediction experiments. (a) Predictions for the first 24 h, and
(b) Predictions for the last 24 h.
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Fig. 5. Diurnal variations of the averaged PM; 5 for the 6 h reanalysis experiments. Model data were extracted from all the
observation locations in South Korea during the period of the KORUS-AQ campaign. The color labels are the same
as in Fig. 3, except for the symbols.
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