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Application and Evaluation of Machine Learning Techniques for
Real-time Short-term Prediction of Air Pollutants
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Abstract

In this study, the machine learning (ML) techniques were compared and evaluated for real-time short-term

prediction of air pollutants and the accuracy of the prediction results using the optimal prediction technique was analyzed.
Air quality data and meteorological data for the last four years (2015~2018) are used to train and test the ML system. The ML

system consists of four models including Random Forest (RF),

Support Vector Machine (SVM), Multiple Linear Regression

(MLR), and Deep Neural Network (DNN), and the optimal model was determined through an error analysis technique using an

accuracy verification index of Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error
(MAPE), and coefficient of determination (R?). The optimized model estimation results showed that the explicit error ranges
were estimated (NO, = +0.035 ppm, CO = +0.071 ppm, SO, = +0.0008 ppm, O;= +0.006 ppm, PM;,= +6.395 pg/m?>,
PM, 5= +3.772 ug/m>). Using the optimized model determined by the highest grade acquisition method, the modelling
results during a year of 2019 showed relatively high accuracy as (NO,=14.146 +5.864%, CO =4.289+ 1.025%,
S$0,=5.572+1.306%, 03=5.549+0.716%, PM;,=4.031£0.899%, PM, 5 =3.488+0.990%) respectively. These prediction
results mean a significant level of error within the uncertainty of the model. Therefore, it was proved that the suggested
methodology is effective in short-term prediction of air pollutants.
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A= t2A AL 7kt Q= A
(NIER, 2021). tj7| L EE &
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219 671 9] T= 21491 FFE G A (35.155°N, 126.889°
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Fig. 1. Geographic locations of six Sun-sky radiometer mea-
surement sites used in this study (Busan (35.100°N, 129.030°E
agl.), Daegu (35.865°N, 128.640°E agl.), Daejeon (36.372°N,
127.374°E agl.), Gangneung (37.760°N, 128.903°E agl.), Gwang-
ju (35.155°N, 126.889°E agl.), Jeju (33.500°N, 126.531°E agl.),
Mokpo (34.806°N, 126.372°E agl.), Seoul (37.572°N, 127.005°E
agl.), Ulsan (35.560°N, 129.371°E agl.), and Wonju (37.353°N,
127.947°E agl.).

Table 1. List of datasets used in this study.
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Data Parameter

Period Sources

NO, (ppm), CO (ppm), SO, (ppm),

Air Quality 05 (ppm), PMyg (g/m?), PMy 5 (Lg/m?)

2015.01.01.~2019.12.31. https://www.airkorea.or.kr

Air temperature (°C), Wind direction (°),
Wind speed (m/s), Air pressure (hPa),
Dew point temperature (°C),

Visibility (km), Relative humidity (%)

Meteorology

2015.01.01.~2019.12.31. https://www.data.kma.go.kr
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Fig. 2. Flowchart of data processing used in this study.
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Fig. 3. The optimal number of cluster in determined from the NbClust package (left) and K-means clustering results (right).
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Table 2. Cluster analysis results using regional air quality
data and meteorological data.

Cluster Cluster 1 Cluster2  Cluster3
Air temperature (°C) 8.08 21.71 7.29
Wind direction (°) 148 166 247
Wind speed (m/s) 1.37 2.14 3.1
Air pressure (hPa) 1010.78 1002.95 1015.19
Dew point temperature (°C) 1.56 15.98 -4.32
Visibility (km) 1.1 1.7 2.1
Relative humidity (%) 66.31 72.78 47.44
NO, (ppm) 0.037 0.014 0.016
CO (ppm) 0.75 0.37 04
S0, (ppm) 0.006 0.003 0.003
O (ppm) 0.015 0.034 0.033
PM0 (g/m?) 68.31 32.16 40.23
PM, 5 (ug/m?) 43,57 18.2 19.92
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Fig. 4. Scatterplots of model predicted and observed PM;, data for (a) Cluster 1 (best): DNN, (b) Cluster 1 (worst): MLR, (c)
Cluster 2 (best): RF, (d) Cluster 2 (worst): MLR, (e) Cluster 3 (best): RF, (f) Cluster 3 (worst): MLR.
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Fig. 5. Scatterplots of model predicted and observed PM, s data for (a) Cluster 1 (best): RF, (b) Cluster 1 (worst): MLR, (c)
Cluster 2 (best): RF, (d) Cluster 2 (worst): MLR, (e) Cluster 3 (best): RF, (f) Cluster 3 (worst): MLR.
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Table 3. MAE, RMSE, MAPE, R? for different machine learning methods and total grade number (TGN) of Cluster 1.

Parameter Technique MAE RMSE MAPE R? TGN
RF A (0.0045) A(0.0058) A(18.1419) A(0.9329) 12
\o SVM B (0.0046) B(0.0059) B(18.2239) C(0.9176) 7
2 MLR D (0.0069) D (0.0086) D(28.8192) D(0.839) 0
DNN €(0.0046) C(0.0061) C(18.3543) B(0.9254) 5
RF A(0.074) A(0.1015) A(16.3863) A(0.9075) 12
© SVM (0.0782) €(0.1078) C(16.9405) €(0.8938) 4
MLR D(0.1032) D(0.1394) D (22.665) D(0.8139) 0
DNN B(0.0767) B(0.1042) B (16.6846) B(0.9038) 8
RF A (0.0009) A(0.0012) A(20.7211) A(0.7522) 12
w© SVM B (0.0009) €(0.0013) B(20.9611) €(0.6889) 6
2 MLR D(0.0011) D(0.0015) D(26.6519) D(0.5555) 0
DNN €(0.001) B(0.0013) C(21.8688) B(0.7302) 6
RF A(0.0053) A(0.0075) C (43.4835) B(0.9107) 9
o SVM C(0.0055) €(0.008) A (38.7949) €(0.8983) 6
3 MLR D (0.0085) D(0.0114) D(72.2305) D(0.779) 0
DNN B(0.0052) B(0.0075) B (40.0168) A(0.9116) 9
RF A(5.278) B(8.435) B (15.486) B(0.936) 9
SVM C(5.454) €(9.338) A(14.946) €(0.922) 6
PMio MLR D(6.93) D(10.73) D(20.853) D(0.893) 0
DNN B(5.427) A (8.266) C(15.915) A(0.939) 9
RF A(3337) A(4.823) B(20.274) A(0.958) 1
o SVM C(3.567) C(5.302) C(21.097) €(0.948) 4
25 MLR D (4.998) D (7.402) D(29.438) D (0.896) 0
DNN B(3.363) B (4.842) A(19.968) B(0.958) 9
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Table 4. MAE, RMSE, MAPE, R? for different machine learning methods and total grade number (TGN) of Cluster 2.

Parameter Technique MAE RMSE MAPE R? TGN

RF A(0.0033) A (0.0045) B(35.5771) A (0.8686) 1

NO SVM €(0.0035) €(0.0048) C(35.6198) C(0.8506) 4

2 MLR D (0.0051) D (0.0066) D(56.2012) D (0.6857) 0

DNN B (0.0034) B (0.0048) A(33.8224) B(0.8657) 9

RF A(0.0662) A(0.0868) A(24.8911) A(0.7891) 12

© SVM C(0.0722) C(0.095) C(27.3121) C(0.7228) 4

MLR D (0.0878) D(0.1115) D(33.5125) D (0.5899) 0

DNN B(0.0717) B (0.0949) B(26.0841) B(0.7552) 8

RF A(0.0008) A(0.0013) B (33.2586) A(0.7236) 1

o SVM B (0.0008) B(0.0014) A(32.4721) C(0.688) 8
2 MLR C(0.0011) C(0.0016) D (45.6866) D (0.462)

DNN D (0.0012) D (0.0017) C(39.2737) B(0.7108) 3

RF A (0.0066) A (0.0088) C(24.8137) A (0.8498) 10

o SVM C(0.0070) C(0.0094) B(24.8119) C(0.8204) 5

3 MLR D (0.0099) D(0.0129) D (38.1576) D (0.6204)

DNN B (0.0067) B (0.0092) A(23.828) B (0.8456) 9

RF A(Z.111) A(10.349) B(20.39) A(0.888) 11

oM SVM B(7.259) B(11.035) A(19.65) B (0.874) 9

10 MLR D (8.541) D(12.162) D(24.411) D (0.840) 0

DNN C(8.194) C(11.484) C(23.353) C(0.867) 4

RF A(3.913) A (5.295) A(24.917) A (0.929) 12

oML SVM B (4.079) B(5.558) C(25.534) B (0.920) 7

25 MLR D (5.208) D (6.957) D (32.982) D(0.872) 0

DNN C(4.234) C(5.753) B(25.214) C(0.916) 5
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Table 5. MAE, RMSE, MAPE, R? for different machine learning methods and total grade number (TGN) of Cluster 3.

Parameter Technique MAE RMSE MAPE R? TGN
RF B (0.0034) B (0.0048) C(42.3521) B(0.8211) 7

NO SVM C(0.0036) C(0.0051) B (41.3995) C(0.7939) 5
2 MLR D (0.0049) D (0.0066) D (62.8858) D(0.6126) 0
DNN A(0.0027) A(0.0035) A(19.7858) A(0.8461) 12

RF A(0.0719) A(0.0991) A(22.229) A(0.851) 12

o SVM C(0.0813) C(0.1132) B(24.2279) C(0.7975) 5
MLR D (0.1003) D(0.134) D(31.5348) D (0.6936) 0

DNN B (0.0798) B(0.1082) C(30.9148) B(0.8293) 7

RF A(0.0007) A(0.001) A(27.8458) A(0.8301) 12

o SVM B (0.0007) B(0.0011) B (29.2988) C(0.788) 7
2 MLR €(0.0009) D(0.0013) C(39.0178) D (0.6993) 2
DNN D(0.0013) C(0.0017) D (44.6371) B (0.8087) 3

RF A(0.0056) A(0.0077) C(32.7182) A(0.901) 10

o SVM C(0.006) B (0.0083) B(30.9112) C(0.8779) 6
3 MLR D (0.009) D(0.0117) D(51.1832) D(0.7363) 0
DNN B (0.006) C(0.0083) A(29.9809) B(0.8825) 8

RF A(6.797) A(9.788) B(18.232) A(0.891) 1

oM SVM B (7.099) C(10.757) A(18213) C(0.865) 7
10 MLR D(8.918) D(12.53) D (24.565) D(0.807) 0
DNN C(7.412) B(10.374) C(20.048) B(0.879) 6

RF A (4.065) A(5.397) B(28.484) A(0.911) 11

oM SVM B (4.384) B (5.805) C(29.522) C(0.894) 6
25 MLR D(5.712) D (7.555) D (40.63) D(0.813) 0
DNN D(5.712) D (7.555) D (40.63) D(0.813) 0
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Fig. 6. Scatterplots of optimal model prediction and observed air pollutants concentrations for Cluster 1 during a year of 2019.
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