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Abstract

In this study, we applied a deep neural network model to predict four grades of fine dust PMjg, ‘Good,
Moderate, Bad, Very Bad’ and two grades, ‘Good or Moderate and Bad or Very Bad’. The deep neural
network model and existing classification techniques (such as neural network model, multinomial logistic
regression model, support vector machine, and random forest) were applied to fine dust daily data observed
from 2010 to 2015 in six major metropolitan areas of Korea. Data analysis shows that the deep neural

network model outperforms others in the sense of accuracy.

Keywords: fine dust PM 10, neural network, multinomial logistic regression, support vector machine, random
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Table 2.1. Definition of variables

Variable description
Particulate matter(< 10um) of the day

Variable name
PMig
PMlOy
SOq9
O3
NO
CO
ChinaPM1
ChinaPM2

meanTemp

Variable type

Particulate matter(< 10um) of the previous 1 day
Sulfur dioxide of the previous 1 day
Air

pollutants

Ozone of the previous 1 day
Nitrogen dioxide of the previous 1 day
Carbon monoxide of the previous 1 day
China’s Particulate matter(< 2.5um) of the previous 1 day
China’s Particulate matter(< 2.5um) of the previous 2 day

The average temperature of the previous 1 day
minTemp The lowest temperature of the previous 1 day

Meteorological maxTemp The highest temperature of the previous 1 day
meanWind
maxWind

Rain

elements The average wind velocity of the previous 1 day
The highest wind velocity of the previous 1 day
no rain(0) or rain(1) of the previous 1 day

Spring(3-5), Summer(6-8), Autumn(9-11), Winter(12-2)

Other Season

Table 2.2. Grades of PMj used as a categorical response variable (uint: /,Lg/m3)

Grade Good Moderate Bad
PMio 0-30 31-80 81-150
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Table 2.3. Descriptive statistics by area

A
Variable =2 - -
Total Seoul Busan Incheon Daejeon Gwangju Daegu
PM Mean 44.5525 47.3599 35.6818 50.6964 41.9032 46.0341 45.5397
10 SD 26.4438 30.4616 21.3227 28.4316 24.7637 26.9613 22.3526
PM Mean 44.5411 47.3451 35.6659 50.6934 41.8940 46.0216 45.5268
10y SD 26.4437  30.4590 21.3187 28.4324 24.7655 26.9624 22.3514
S0 Mean 0.0049 0.0053 0.0064 0.0076 0.0030 0.0036 0.0034
2 SD 0.0027 0.0019 0.0029 0.0024 0.0014 0.0013 0.0023
o Mean 0.0240 0.0185 0.0324 0.0182 0.0225 0.0264 0.0260
3 SD 0.0130 0.0121 0.0122 0.0100 0.0125 0.0112 0.0137
NO Mean 0.0266 0.0382 0.0230 0.0368 0.0220 0.0222 0.0164
2 SD 0.0135 0.0139 0.0114 0.0124 0.0090 0.0078 0.0093
co Mean 0.5387 0.4742 0.6000 0.6255 0.5290 0.5733 0.4141
SD 0.2214 0.1846 0.2137 0.2447 0.2053 0.1720 0.2297
M .
ChinaPM1 " 959066
SD 77.6848
ChinaPM2 Mean 95.9045
SD 77.7022
Mean 12.9913 12.2643 15.1776 12.3879 12.3156 13.4022 12.8787
meanTemp
SD 9.8708 10.7301 7.4860 9.8469 10.4493 9.6546 9.9976
. Mean 8.5447 7.4713 13.0156 8.8322 6.9737 8.7032 7.2619
minTemp
SD 10.5560 11.1102 8.0904 9.9862 11.2160 10.2507 10.8748
T Mean 18.0480 17.7312 17.3753 16.4953 18.3474 18.7640 19.4189
maxTem
P SD 9.9134 11.0127 7.1387 10.3066 10.2649 9.7690 9.7384
. Mean 2.2237 1.5905 4.6037 1.9728 1.9304 2.0728 1.7326
meanWind
SD 1.4925 0.8405 2.1467 0.9454 1.0167 1.0032 0.7363
. Mean 5.3500 4.2718 9.3223 4.4470 5.0997 4.9578 4.9357
maxWind
SD 2.5450 1.5024 3.3676 1.5540 2.0122 1.5806 1.74659
Rai Freq(0) 9,766 1,621 1,794 1,684 1,589 1,456 1,622
ain
Freq(1) 3,373 569 396 506 601 734 567
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Figure 2.1. Box plots of PMjg by area.

Table 2.4. Frequency table by PMio grade and area

Area
Grade

Total Seoul Busan Incheon Daejeon Gwangju Daegu

Good  3811(30.0%) 594(27.3%) 1019(47.8%) 445(20.4%) 715(33.3%) 607(27.7%) 431(23.0%)
Moderate 7947(62.5%) 1372(63.1%) 1058(49.6%) 1488(68.1%) 1310(60.9%) 1391(63.6%) 1328(70.8%)
Bad  867(6.8%) 181(8.3%)  52(2.4%)  230(10.5%) 114(5.3%) 177(8.1%)  113(6.0%)
Very Bad  83(0.7%)  26(1.2%) 5(0.2%)  23(1.1%)  11(0.5%)  13(0.6%) 5(0.3%)
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Table 3.1. Relationship between PM;o and each predictor

. Correlation Mean of variable by grade
Variable i
coefficient Good Moderate Bad Very Bad
PMioy 0.6179 29.0504 46.9625 81.9071 135.5268
SO2 0.2485 0.0043 0.0050 0.0070 0.0068
O3 0.0314 0.0224 0.0230 0.0247 0.0240
NOg 0.3080 0.0184 0.0256 0.0340 0.0345
CcO 0.2934 0.4737 0.5484 0.7353 0.7043
ChinaPM1 0.1705 84.3274 97.6374 129.6883 133.7645
ChinaPM?2 0.1368 90.7450 94.8335 125.2360 145.0907
meanTemp —0.2257 16.6527 11.6965 8.4972 9.5840
minTemp —0.2645 13.1387 6.9745 3.0120 4.3296
maxTemp —0.1615 20.6479 17.0726 14.6927 15.2144
meanWind —0.1433 2.6248 2.0930 1.8551 2.1021
maxWind —0.1191 5.3860 5.1422 4.8160 5.3860
E EAth 71 MeE2 BE 2o AAAAE Holut £x9 #¥H Bw7)e, AA7L, Hav)e
o] oFh g0 AVBAE AT WA BAH HEES, AUFHLS e o) ABIAL BT,
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Fe2 Fagtol Fadnt. T vl VR (Very Bad)ollM= 023k F2o] A-stA] odert. dAnt
Aow A%y WAl PMy W49 SUSEL £ A% 44 HolAe AT ¥ay wew
S MBS T LB (Bad) A1) 413 S WG} 2 A5 434S dehig 2 4 9
th o4} 2o ATEAG) olshY AnAow U )ePeA TR 4L4E, LEE $L4E, vy
o 4= wAWA FEE ol & 4 I}
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Figure 3.1. Bar graphs of categorical predictors.

Table 3.2. Cross table between PMg grade and categorical predictors

Variable Levels of PM;jo grade
variable Good Moderate Bad Very Bad
. 0 (no rain) 2204(23.3%) 6444(68.1%) 759(8.0%) 57(0.6%)
Rain R
1 (rain) 1607(49.5%) 1503(46.3%) 108(3.3%) 26(0.8%)
Spring 467(14.5%) 2328(72.4%) 370(11.5%) 51(1.6%)
Season Summer 1382(44.2%) 1684(53.9%) 60(1.9%) 0(0.0%)
Autumn 1231(38.4%) 1859(58.0%) 104(3.2%) 10(0.3%)
Winter 731(23.1%) 2076(65.7%) 333(10.5%) 22(0.7%)

o4} o] Table 2.18] 7} o ZWLEL WEY VWS PMio & AS5het] o8 Wagolet @
Wstel ol F ARRANN AZWFE AHEIGT

4. JIZE 25 J180l 2lst OIMTIX] o|=

£ AFod A= uAER] FEE 53] 98l 7]—'——4 —"i'—-u‘?— 71l sigshe AATES, SVM,
t}3) 22~ 8 3923, Random Forest 7]|-& AF23ltt. 2E BA 7192 R Project & A3
IR Z23 Yo AHEH 317] A= nnet, e1071, randomForest ©]
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Table 4.1. Accuracy in the 4 way classification

Area

Data Model Seoul Busan Incheon Daejeon Gwangju Daegu
NN 72.30% 77.88% 73.24% 74.04% 74.22% 78.48%

Training Logistic 73.26% 73.73% 72.96% 75.29% 73.94% 77.80%
SVM 74.81% 79.09% 76.47% 76.92% 76.39% 78.94%

RF 71.62% 73.86% 72.20% 72.89% 73.56% 77.12%

NN 73.48% 74.45% 74.96% 73.99% 74.22% 77.42%

Validation Logistic 71.88% 71.83% 74.54% 74.14% 73.94% 77.80%
SVM 71.74% 73.04% 74.54% 72.70% 74.79% 77.59%

RF 71.88% 74.04% 75.39% 73.28% 75.50% 76.06%

NN 75.07% 71.15% 75.62% 68.98% 70.14% 71.39%

Test Logistic 73.67% 73.77% 74.52% 68.07% 66.58% 72.89%
SVM 75.07% 73.77% 71.19% 71.39% 69.04% 71.99%

RF 72.55% 72.13% 72.85% 71.99% 71.78% 70.48%

NN = neural network model; SVM = support vector machine; RF = random forest.

4.4. Random forest
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Table 4.2. Accuracy of Bad or Very Bad in the 4 way classification

Area

Data Model Seoul Busan Incheon Daejeon Gwangju Daegu
NN 16.16% 0.00% 25.00% 15.52% 17.98% 26.67%

Training Logistic 28.28% 16.67% 25.71% 29.31% 24.72% 33.33%
SVM 26.26% 12.50% 35.00% 18.97% 19.10% 28.33%

RF 19.19% 8.33% 27.86% 18.97% 23.60% 21.67%

NN 18.31% 0.00% 26.58% 18.60% 23.19% 21.05%

Validation Logistic 22.54% 33.33% 21.52% 20.93% 26.09% 21.05%
SVM 16.90% 0.00% 12.66% 4.65% 17.39% 2.63%

RF 16.90% 11.11% 24.05% 4.65% 31.88% 7.89%

NN 16.00% 0.00% 17.24% 15.79% 10.34% 5.90%

Test Logistic 20.00% 0.00% 17.24% 10.53% 3.45% 0.00%
SVM 12.00% 0.00% 6.90% 0.00% 3.45% 0.00%

RF 20.00% 0.00% 10.34% 5.26% 3.45% 0.00%

NN = neural network model; SVM = support vector machine; RF = random forest.
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Table 4.3. Confusion matrix

Prediction
Data
Bad|Very Bad Good|Moderate
Bad|Very Bad TP FN
Good|Moderate FP TN

TP = true positive; FN = false negative; FP = false positive; TN = true negative.

% (Sensitivity &2 True Positive Rate), 5 ©°]% (Specificity &2 True Negative Rate) H &+
Al
|

(4.4)9}F Zo] Zojdrt.

=\ -
E(Accuracy)+=

Sensitivity = TP
YT TP L FN’
TN
SpeCIﬁCH;y = m,
TP + TN
Accuracy = + (4.4)

TP +FN + FP + TN’
AR YT 2228 AR Yo 2@ o] PRFANE T WRA U T ojS LP(Bad|Very
3 Eoh. wEbA ARgARE vlolEl SA4ol whel Add #ES thresholdz A}
2 & ok wARAY o3 BAolde Aes Age Ao FAEA B T ue 1
(Bad|Very Bad) SHol B o5 o] olop At wheF WIZES H)E Sk thresholdE A
A HW U EL ul$ 2 (Bad|Very Bad) S5l g dl3e] AewE 100%7} HAw A
A Ak o 10% A olAA Ho] vigte ATkE 2L & P Dok weby B Al
= threshold groZ AA|, HE=E FHJZ 3= threshold(Max Accuracy)E #H3tAY 4|, E73
9] dlo]ElolA] Matthew’s correlation coefficient (MCC)E ARS8l MCCO] EHZS HAUZ 3=
threshold(Max Absolute MCC)E #]5lo] #8338 oSS AlFalFE F 7IX] WHoz o] A
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=

N

o
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Table 4.4. Accuracy of Bad|Very Bad for test data in the binary classification

Area
Threshold Model Rate

Seoul Busan Incheon Daejeon  Gwangju  Daegu
Accuracy  93.28% 96.39% 90.58% 94.28% 92.33% 91.87%
NN Sensitivity — 44.00% 0.00% 37.93% 15.79% 33.33% 11.76%

Max Specificity  96.99%  99.32% 95.18%  99.04%  92.70%  96.19%
accuracy Accuracy  94.12%  96.72% 92.24% 93.98%  91.51%  94.88%
Logistic ~ Sensitivity  20.00% 0.00% 3.45% 5.26% 6.90% 5.88%

Specificity  99.70% 99.66% 100.00% 99.36% 98.81% 99.68%
Accuracy  93.28% 96.39% 89.75% 92.47% 92.33% 89.46%
NN Sensitivity  44.00% 0.00% 41.38% 26.32% 47.62% 29.41%

abI\s/iflLil(te Specificity  96.99%  99.32%  93.98%  96.49%  94.48%  92.70%
MCC Accuracy 94.40% 96.07% 92.24% 93.98% 92.33% 94.88%
Logistic ~ Sensitivity  32.00% 0.00% 13.79% 5.26% 6.90% 5.88%

Specificity  99.10% 98.99% 100.00% 99.36% 99.70% 99.68%

Accuracy 94.12% 97.05% 91.69% 92.17% 93.98% 94.28%

SVM Sensitivity  24.00% 0.00% 13.79% 0.00% 6.90% 5.88%

None Specificity  99.40% 100.00% 98.50% 99.68% 98.81% 99.05%

Accuracy  93.84% 97.05% 92.52% 94.28% 90.68% 93.98%
RF Sensitivity  24.00% 0.00% 10.35% 5.26% 6.70% 0.00%
Specificity  99.10%  100.00% 99.70% 99.68% 97.92% 99.05%

NN = neural network model; SVM = support vector machine; RF = random forest.
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Hyperbolic tangent ¥+ 4.149] Sigmoid <H T} w2 52 $]3) Sigmoid TS HH ]
o W 188 12 59 Fejolth. AEAY aol theF B4 Hyperbolic tangents] A1
% 2ot

-

o]

5

exp(a) — exp(—a)
1) = @) + op(—a)” (52
RELU g4+ 2 71 o] 2o0]11 Q1= 8434+ E Hyperbolic tangent &8 7]£2] Sigmoid
=2 A A 7] o)) Sigmoid S5 Gradient descent 2 AF-2-3F Backpropagation 37 of| A o]
] SE5& AAHZIEA Gradient7} 098 +H3HA Fof thee] AAQW TR+ 2 25 WA &
t}. ¥hde] RELU &4+ 0Eth 22 ol sl 05 &8sl BE EA37) 73t A¥ ol 7]
ol Az wEA 3= Fhol k. AT el tigt @435 RELUS A2 o3 2t

£ ol

f(a) = max(0, @). (5.3)

Maxout ¥+ RELU 3¢} Leaky RELU & 4ukslst efjojt}. Leaky RELU Sgk 7]&2]
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f(a) = max(ai, a2). (5.4)
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Table 5.1. Definition of model number

L Epoch(90) Epoch(100)
Regularization Value
Tangent RELU Maxout Tangent RELU Maxout

0.01 1 11 21 31 41 51

L1 0.001 2 12 22 32 42 52
0.0001 3 13 23 33 43 53

0.01 4 14 24 34 44 54

L2 0.001 5 15 25 35 45 55
0.0001 6 16 26 36 46 56

0.3 7 17 27 37 47 57

0.5 8 18 28 38 48 58

Dropout

0.4, 0.7 9 19 29 39 49 59

0.6, 0.3 10 20 30 40 50 60

RELU = Rectified Linear Unit.
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Wolch mebd £88 cloleie] 2ia) Ago] ol FolAL ol AARE YAk A2E ol
of that ol Z 2ol F4P + Uk = 45 A4BRY A HRelA 2 ¥k} Dropoute] 245
© euurol AssA A8 AATE A o) e Tl mw.
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Table 5.1 2 23 W3ZE AYs Z=2 2935 37, 24vit]e & 7242 200702 273k Aefoll A
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Figure 5.1. Epoch and logloss graph by activation functions. RELU = Rectified Linear Unit.

Table 5.2. Accuracy in the 4 way classification using deep neural network models

Area
Value Seoul Busan Incheon Daejeon Gwangju Daegu
Model Number 4 34 2 48 27 51
Epoch 90 100 90 100 90 100
Activation function Tangent Tangent Tangent RELU Maxout Maxout
Regularization L2 L2 L1 Dropout Dropout L1
Lambda or Ratio 0.01 0.01 0.001 0.5 0.3 0.01
Training 71.43% 74.66% 75.62% 73.08% 75.92% 79.28%
Validation 73.95% 75.08% 76.73% 73.49% 74.52% 74.40%
Test 75.35% 74.43% 75.68% 74.43% 73.80% 77.93%
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ke S ARSslth 3EollA AAIgE 1HEE 30¥7bA]9] 232 Epoch & 9028 143 2y
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Figure 5.2. Accuracy for validation data(left axis) and difference of accuracy for training and validation data(right

axis).

Table 5.3. Accuracy of Bad or Very Bad in the 4 way classification using deep neural network models

Data Arca
Seoul Busan Incheon Daejeon Gwangju Daegu
Training 34.34% 41.67% 35.00% 24.14% 61.80% 28.33%
Validation 33.80% 33.33% 31.65% 23.26% 46.38% 18.42%
Test 24.00% 11.11% 24.14% 15.79% 31.03% 11.76%
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Table 5.4. Accuracy of Bad|Very Bad for test data in the binary classification using deep neural network models

A
Threshold Rate rea - -
Seoul Busan Incheon Daejeon Gwangju Daegu
Accuracy 94.68% 97.05% 93.63% 93.67% 91.78% 94.28%
Max accuracy Sensitivity  36.00%  11.11% 24.14% 5.26% 20.69% 5.88%

Specificity 99.10% 99.66% 99.70% 99.04% 97.92% 99.05%
Accuracy 92.44% 97.05% 89.47% 86.75% 86.85% 91.87%
Max absolute MCC  Sensitivity — 44.00%  11.11% 44.83% 47.37% 48.28% 47.06%
Specificity 96.08% 99.66% 93.37% 89.14% 90.18% 94.29%

MCC = Matthew’s correlation coefficient.
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Figure 5.3. Accuracy for test data in the 4 way classification.
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Figure 5.4. Accuracy of Bad or Very Bad for test data in the 4 way classification.
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Figure 5.5. Accuracy(Sensitivity) of Bad|Very Bad for test data in the binary classification.
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