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Improvement of PM,;, Forecasting Performance
using Membership Function and DNN

Suk Hyun Yuﬂ Young Tae Jeon*i Hee Yong Kwon''

ABSTRACT

+

In this study, we developed a PMjy forecasting model using DNN and Membership Function, and
improved the forecasting performance. The model predicts the PMo concentrations of the next 3 days
in the Seoul area by using the weather and air quality observation data and forecast data. The best
model(RM14)’s accuracy (82%, 76%, 69%) and false alarm rate(FAR:14%,33%,44%) are good. Probability
of detection (POD: 79%, 50%, 53%), however, are not good performance. These are due to the lack of
training data for high concentration PM;y compared to low concentration. In addition, the model dose
not reflect seasonal factors closely related to the generation of high concentration PMjo. To improve this,
we propose Julian date membership function as inputs of the PM, forecasting model. The function express
a given date in 12 factors to reflect seasonal characteristics closely related to high concentration PMjj.
As a result, the accuracy (79%, 70%, 66%) and FAR (24%, 48%, 46%) are slightly reduced in performance,
but the POD (79%, 75%, 71%) are up to 25% improved compared with those of the RM14 model. Hence,
this shows that the proposed Julian forecast model is effective for high concentration PM10 forecasts.
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Index Range Meaning
1 0~30 Levels that will not be affected by air pollution-related patients
2 31~80 Levels that are less affected when chronic exposure to the patient group
3 31~ 150 Levels that will have a serious impact to patient and sensitive groups (children, the
old and the infirm etc.) and may have a experience the health discomfort to general
4 151 ~ Levels that will have a significant impact when acute exposed to patient and sensitive
groups and may have a weak impact on the general
Prediction value
Level
1 2 3 4
g 1 al bl cl dl
3 é 2 a2 b2 2 d2
g s 3 a3 b3 c3 d3
E 4 a4 b4 c4 d4
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Evaluation item Equation
Accuracy = Wtﬁgiﬁmx 100(%)
POD: Probability of Detection = ﬁx 100(%)
FAR: False Alarm Rate = %X 100(%)

Fig. 1. ltems and methods for evaluating the performance of the forecast model,
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Fig. 2. Time unit concept of forecast model.
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Table 2. Input Data
Variable Unit Min Max Variable Unit Min Max
PMio ng/m’ 0 180 Solar radiation O'OlMZJ/ 0 2
hr-m
PM,5 ng/m’ 0 110 CASE4_PM;o ng/m' 0 180
SO, ppm 0 0.01 Mixed highs m 100 2000
NO, ppm 0 0.01 Geopotential height_850hpa m 1250 1500
O3 ppm 0 0.08 Pressure_850hpa Pa 97000 | 102500
CO ppm 0 14 U_850hpa m/s -15 20
U m/s -6 6 V_850hpa m/s -15 15
\% m/s -5 5 Relative humidity_850hpa % 0 50
Pressure Pa 970 1025 Temperature_850hpa K 270 310
Temperature K 260 310 Geopotential height_925hpa m 710 860
Dew point 260 | 310 U_925hpa m/s | -15 20
temperature
Relative humidity % 0 100 V_925hap m/s -15 15
AccgrgulaF ed mm 0 10 | Temperature difference_850-925 K 0 8
Precipitation




1072 EZEOICNEE ==X M22H X9=(2019. 9)

B x; — Min, 3)
Min; >0, nor'fnal(li)—m
-5 4)
Min, <0, normal(z;) = m (
olgA BsE TAT ASES YO E 31y
AZAAEE SFHEA 712, 612 T919] PMy, ol B
s AT R /\I7J ZHPE ot Fig. 29
Table 3o YEFAT. o714 ZF T+ 641 &9 =
TAE L, 15410 EE A3t Rdo|n=g
T1~T5& A sldste= F1telal, T6~TIloe

e s Fsl= FHSE PMy AR %Eg 2323 3l
oF 3l Ftolth o] F T6~T7L D+0ol| s gdsta
T8~T11e D+1, T12~T15= D+29] alg-3ie}.
DNN ¢ B 2 QoA 713 6417 &9
Oﬂl:l e A Y8l dr FIHT6~TIH)ER
1071 A8 UEZ 48 Fig. 3o Yebd
H1E$JEL— he] 485 v 29 %, e &
P35 7R HES T 742 ol RAEE Ao
3, S VEde= giv|d 9 71 A
= =)

248 71 E %

Table 3. Time frame of 15 hour forecast model

Time Time corresponding to section
T1 | D-1 07~12 o’clock, Measure at forecast time

T2 | D-1 13~18 o'clock, Measure at forecast time

T3 | D-1 19~24 o'clock, Measure at forecast time

T4 | D+0 01~06 o'clock, Measure at forecast time

T5 | D+0 07~12 o'clock, Measure at forecast time

T6 | D+0 13~18 o'clock

T7 | D+0 19~24 o'clock

T8 | D+1 01~06 o'clock

T9 | D+1 07~12 o'clock

T10 | D+1 13~18 o'clock

T11 | D+1 19~24 o'clock

T12 | D+2 01~06 o'clock

T13 | D+2 07~12 o'clock

T14 | D+2 13~18 o'clock

T15 | D+2 19~24 o'clock
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Fig. 3. Proposed DNN architecture,
Table 4, Input Data of ORIM
Time Kind Data
Weather U, V, Pressure, Temperature, Dew point temperature, Relative humidity,
T1 Precipitation, Solar radiation
Air quality PMys, O3, NO,, CO, SOs, PMjo
Weather U, V, Pressure, Temperature, Dew point temperature, Relative humidity,
T2 Precipitation, Solar radiation
Air quality PMass, Os, NO,, CO, SO, PMio
. Weath. U, V, Pressure, Temperature, Dew point temperature, Relative humidity,
T3 Observation eather Precipitation, Solar radiation
data(70)
Air quality PMass, Os, NO,, CO, SO, PMio
Weath. U, V, Pressure, Temperature, Dew point temperature, Relative humidity,
T4 cather Precipitation, Solar radiation
Air quality PM2_5, 03, NOz, CO, SOz, PMm
Weather U, V, Pressure, Temperature, Dew point temperature, Relative humidity,
T5 Precipitation, Solar radiation
Air quality | PMss, Os, NOy, CO, SOs, PMjo
Air quality CASE4_PMy,
Temperature, Pressure, Relative humidity, Mixed highs, U, V,
T# Forecast Geopotential height_850hpa, Pressure_850hpa,
#6~15 data(16) Weather U_850hpa, V_850hpa, Relative humidity_850hpa, Temperature_850hpa,
Geopotential height_925hpa, U_925hpa, V_925hap, Temperature
difference_850-925
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Table 5, Network parameter of ORIM

Input Hidden Hidden Hidden Output Learning
Epoch
layer layerl layer2 layer3 layer rate
86 15 8 4 1 0.009 160000
Table 6. Input Data of RM14
Time Kind Data
. Weather U, V, Pressure, Temperature, Dew point temperature, Relative
T5 Observation humidity, Precipitation, Solar radiation
data(14)
Air quality PMy5, O3, NOs, CO, SO, PMjj
Air quality CASE4_PMy,
Temperature, Pressure, Relative humidity, Mixed highs, U, V,
T# Forecast Geopotential height_850hpa, Pressure_850hpa,
#6~15 data(16) Weather U_850hpa, V_850hpa, Relative humidity_850hpa,
Temperature_850hpa, Geopotential height_925hpa, U_925hpa,
V_925hap, Temperature difference_850-925

Table 7. Network parameter of RM14

Input Hidden Hidden Hidden Hidden Output Learning Epoch
layer layerl layer2 layer3 layerd layer rate

30 15 8 4 2 1 0.009 160000
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> Definition of Adjacent_Month
@ if(Day = 15) then There is no Adjacent_Month
else-if(Month = 1 and Day < 15) then
Adjacent_Month = 12
© else-if(Month = 12 and Day > 15) then
Adjacent_Month = 1
O else-if(Day < 15) then Adjacent Month
Month - 1
® else-if(Day > 15) then Adjacent Month =
Month + 1
> Month_value
@ if(Day < 15) then Month_Value=

13
X Day+ —

28
® else-if(Day > 15) then Month_Value=
1 3
- 5>< Day+ 5
© Day = 15, Month_value=1
> Adjacent_Month_value
Adjacent_Month_value = 1 - Month_value

Fig. 6. Definition of Month and Adjacent Month,
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Table 8. Input Data of Cos, S_Cos and Julian

Time Kind Data
. Weather U, V, Pressure, Temperature, Dew point temperature, Relative
T5 Olzsetr\(fi;ll)on humidity, Precipitation, Solar radiation
ata
Air quality | PMas, O3, NO,, CO, SO, PMj
Air quality | CASE4_PM;,
Temperature, Pressure, Relative humidity, Mixed highs, U, V,
T# Forecast Geopotential height_850hpa, Pressure_850hpa,
(#6~15) data(16) Weather U_850hpa, V_850hpa, Relative humidity_850hpa, Temperature_
850hpa, Geopotential height_925hpa, U_925hpa, V_925hap,
Temperature difference_850-925
Cos: 1 factor expressed by the Cos function
( #’6’12#15) Date(1/1/12) S_Cos: 1 factor expressed by the S_Cos function
Julian: 12 factor expressed by the Julian membership function

Table 9. Network parameter of Cos, S_Cos and Julian

woaa | e T ey T e il i T Qut T s |- e
Cos 31 15 8 4 2 1 0.009 160000
S_Cos 31 15 8 4 2 1 0.009 160000
Julian 42 21 10 5 2 1 0.009 160000
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Table 10, PM10 prediction result for Seoul by DNN mod—

els (unit: %)

Model Day Accuracy POD FArm
D+0 76 83 26
ORIM D+1 63 69 61
D+2 60 65 73
D+0 82 79 14
RM14 D+1 76 50 33
D+2 69 53 44
D+0 80 79 17
Cos D+1 76 63 33
D+2 67 47 56
D+0 82 83 20
S_Cos D+1 72 63 38
D+2 66 53 53
D+0 79 79 24
Julian D+1 70 75 48
D+2 66 71 46
D+0 72 54 32
CASE4 D+1 7 63 50
D+2 5 47 47

100 T pM10forecast resultfor Seoul by DNN model

performanoce (36)

D+G!D+I‘D+2 D+D‘D+‘£|D+2!D+D|D+1|D+2‘D+G![HI‘D+2 D+G!D+I|D+Z

D+01m1|D+2
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DNN model
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Fig. 8. PM10 prediction result for Seoul by DNN models,
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