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Abstract Light-scattering fine particulate matter monitors can measure particulate matter (PM)
concentrations in every second and can be designed in a portable size. They can measure the
concentrations of various PM sizes (PMio, PMas, PM4so and PMio) with a single sensor. They measure
the number and size of particulate matters and convert them to weight per volume (concentration).
These devices show a large error for asian dust. This paper proposes a scheme that compensates
the PM,5 concenstration error for asian dust by multiple linear regression machine learning in
light-scattering PM monitors. This scheme can be effective with only two or three types of PM sizes.
The experimental results compare a beta-ray PM monitor of national institute of environmental
research and a light-scattering PM monitor during a month. The correlation coefficient (R?) of
theses two devices was 0.927 without asian dust, but it was 0.763 due to asian dust during the entire
experimental period and improved to 0.944 by the proposed machine learning.
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Fig. 1. The ratios of various particulate matter sizes
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1. Learning

| data gathering |

l

Measured values by a light-scattering PM monitor

reference data

time | PMygx; | PMysix, | PMygixs | PMygix, y
1:00 325 487 62.2 105.2

77

2:00 378 59.8 81.7 166.8 102

3:00 373 6.7 96.2 2558 122

the Model
h = wyXxq + Wy XX+ waXxs + wyXxy + b

cost = /%E’f(hi - y)?

l

| Learning (train) to minimized the cost |

l

| obtain the model parameters (w;, Wy, W3, W4, b) |

2. Prediction

measure PM, o, PM, 5, PM, , and PM,in real-time
and apply them to x,, X,, X3, and x,.

1

revised PM, 5 = Wy XXx; + Wy XX+ WaXx3 + WyXxy + b

Fig. 2. The flow diagram of the machine learning
(multple linear regression).
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Fig. 3. The dataset for x1, x2, x3, and x4 acquired
in Munhwa-dong Daejeon, South Korea
during March 2021.
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Fig. 4. The reference data of national institute of
environmental research (NIER) and the
target data of the light-scattering PM
monitor GGS20 during March 2021.

Fig. 4= g Ald 717F2] NIERS] Z2m|AHA] 3}
ZHolE ()2 GGS7279] ZMHHA ZREHoIH (S
gt AR Ao wlugt ol o] 7o) 43t
B} 3t ColAf At @Ask o 4 C= A
FAE T} FHE AU o] FAF 13t 5 GGS727°0
A 2 ZaHlHEAN)e SFddr e a4
ASHL FzHOIHEMDES AgrtEo] 22

& % ook

——

reference data c

rarget data with M.L.

PM2.5 Concentration [ug/m']

time [hour]
Fig. 5. The reference data of NIER and the target
data that is compensated by machine
learning.
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data of GGS20 with the filtering scheme
and machine learning.
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Table 1. The trend lines and R square of the
machine learning with various inputs.

slope | intercept R?
without M.L. 0.761 3.770 0.763
M.L. and filtering with four PMs 0.974 -0.453 0.944
M.L. with four PMs 1.065 0.405 0.932
M.L. with (PM1o, PMys, PMao) 1.062 -0.308 0.944
M.L. with (PM1o, PMys, PMio) 1.030 0.458 0.942
M.L. with (PMas, PMao, PMio) 1.028 0.33 0.944
ML a”dpwie;'”ngV;;h (PMzs. | 0aa|  -o/e08|  0.045
M.L. with (PM1o, PM2s) 1.115 -0.552 0.913
M.L. with (PMzs, PMao) 1.036 0.005 0.927
M.L. with (PM2s, PM1o) 1.009 0.729 0.939
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