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Abstract

The purpose of the study was to analyze air quality in underground shopping
centers using pattern recognition methods. In order to perform this, the
concentraion of air pollutants such as CO, NO,, NO,, SO,, and particulate matters
was measured at the 11 different shopping centers in Seoul metropolitan area and
the total of 47 samples were obtained at random based on the size of shopping cen-
ters. To introduce a new concept of the “average concentration” for the indoor air
quality analyses, the various multivariate statistical analyses have been studied.
Thus, a cluster analysis was applied to separate the samples into pseudo — patterns
and a disjoint principal component analysis was used to generate homogeneous
patterns after removing outliers from the pseudo—patterns. The 6 homogeneous
patterns were then obtained as follows:the first pattern was a group of clean
sites;the second a group of sites having high dust concentration;the third a group
of sites having high dust and NO, concentration;the fourth a group of sites having
low dust and SO, concentraion and high CO concentration;the fifth a group of
sites having high NO, and SO concentration;and the final a group of miscella-
neous sites. Thus, the average concentration could be estimated for each pattern.
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2.1 80, &3

Pararosaniline Formalin o & Z33 ).
F F5dd F4Y 1E ¥ F 15 1/
min®] £52 F7NE FHAA SOE FF4
7l &, pararosaniline formalin & 2mf2 ¥
. @AAlF] & gpectrophotometer®  # A
550nmdl A FFEE EFA3 Ao}

2.2 NO; ¥ EZL4EE(NO,)

F5 o F+H(0.0IN NHOH) 20mfE 4
A, % 1.5 1/min? £52 F3AA Hos
B8 F4A7 ¥ sulfanilamide §° 1m,
naphthyl ethylenediamine £ 1mfE 7}35o
AL % 307 5 $A3 ok spectrophoto-
meter2 7% 535nmolA] FHEE A5
t}.

23 CO &X
ol = Ecolyzer #]&<21 CO monitor 2008 A}
&35 Aot

24 & |
Y& KanomaxA}l #A|F < E2 A Model 5300
£ At 83t

3. 38&AI? ol % &3

3.1 Data®] 1=

19883 14 ZF, A& AW 11749 A &A
71 8 2§ F 24 CO, NO, NO,, SO,, & &
AE A BAMsled 47709 Y2} 2 (raw data)
dac. =818 FARg e MAyE 74 Ay
2HFEEY 258 BoFD It 29
t 22 AstAdrie A E, v29 & 7
£ BHYon, 259 H{dw, gFe X2
71e3 #AYE 9-23C9 L5 & BRIt o
518 2M%E 47708 A8 BN AS 0.02
—0.25mg/m3, CO2] 7% 1—28ppm, NO,2| 7
£ 0.027—-0.104ppm, NO,2] A$ 0.040-—0.
241ppm, SO,9} A ¢ 0.010—0.026ppm H $] 2]
FEE Ho R

JooHonl e

3.2 2B MY (Cluster Analysis)
FRAEAY L e Foldal da AlE
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o, 2 dataciA AEE MEE ZA
Foh o] EMRo 7|2 YeE F objects A
olg] AEE Jige
(dissimilarity) & &332

Q€ objectE REol Sol=t Stk URtAH o E
THAENYA e 2A F7HA Uyl Urh F,
2 Al (hierarchical) & 41 ¥ 3} 8| 9 A (non-hiera-
rchicaDE® Mg o2 e £ Uk AALAH
& ¢ A9 A (agglomerative hierarchical)®t &
A1 9] A (divisive hierarchical) 24H o g2 M2
. 2AYgAH Lz} objectoll A T F (cluster)
g7 AFREA 2o FFEe sk U
9l 7}AE A% Y E FIHE UEH
2g der. digad, E49AdEe $34
Ao 9oz 44¥ + Uvh. F, 9
2 Tde] AES7] AFsH & e object
7b & Mo 238E vEuzA EdHe B4
Holoh, dutA o2, v YAEHYPLE 54 4
9 #AE dAY, AHE & UL u, HA
objectE & Fold B THFE HZH £t
= YHold. ARAUY FH L vgAEY
Hol u]3] algorithmo] 7t©3sl1, computer A
Ztol AdH ez #Hed AUt AW, Z2HE
AHe AFAFA A7 FH FHFH L HA
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g o 2o Fovt "asiolh YA 2 v YA
T ENYAE £7E algorithmo] o F

2 BHolA o5 4L Hol ¥ 5 AP0

2 Hd me &L
i)

AGCLUS

AGCLUSE FORTRAN IVE #43Z Com-
puter Program”e 2, L ZYAFHEA Y (ag-
glomerative hierarchical cluster analysis) 2
Alg EXHoR 3, HRAIE FHE A& 7

7VA] Atk (option) & A FA}A A Tst U
o}, Bl RAlE e MeEle FHeo Ar|g FAH 7
o] AgE M2 vz ded £ Jeong,

MEAE HES 8 8ol UM FRF A}
A AP Bastth T Aol d@ 53
Ml B@3 542 Hopkeol oaf A&d u}

2.

AGCLUSS| 88 #It

AGCLUSE o] &3td A EA] A 3HAh7el A
4749 AEE RESAT. o3 I
£ 8 AL gA87 AL de 28
H 40| X A (variable selection) ¥ 2} & ¢}
%l (data transformation)o] & Q3ft}. Li3d}
d, 53T gFgo] Fxo s 2EX T
A A+ (skewed) S A H HFALol
A 4FFAE 2Y AT, F3eM9 #Z
© #ZEHAY, 275 HE & U] W Eojoh
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& oxore
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L BUEEE Hawe
WAgel HES AEABE sopsiol, M
HBBAE Bolt MFE BHAYAA A9

Al Aot ot

£ ATE ko], HSolk LEWSE X
3, 5709 % =% (dust, CO, NO;, NOx, SO2)
€AY ERFAYGA ol &sAT. o A +4
=(dendrogram)+ H3¥ Y& 29 EFE
8402 #YY + gtk 21H=R, &%
U E Asta 540 sndstE o] &3ty
AEFACE BHFAAA M, 4 dge 2

E AFadct. 2 "dgd A HG 9
T 494 29 BF oJ=Fozr ALH ¢
A ggton], Wt A{[BJAZ TEEHZA
skt 538 ™ NO2 NOx Apojg 4
AAAE SHEE 230 mEt A, EFEH
S, AR Y HE L A ZH ] gEgkTh
AGCLUSE ol &3 fxtg9 #7FE 94,
AGCLUSS &} Alp & o] &3le, JAEE B&
&} (standardization) A|%] %, 57}x¢] Mz ¢}
E ¥ H A= (dissimilarity) o] 2|8, FAEZE
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PzlolE M io o,

MDu=[ 2 (xi—xu) }/m

2@ 1€ FEFAolg WHFAEE ojgd F
A4} (dendrogram)olth. @A HE uie}
gol, FAE9 HE LR EL B2 objects ol
Had g2 bHfAs EH6M FAUA 24
e AE B F 9o, 2o ZFE HE
objectEo] =2 HFAIE E(level) ol A, 4t
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HINA HAATIEANHY FAECAA HFH
H{Al: &9 A¥Ha, vgATIEA
Hols A A AAYHS FASH A
Ao Ags FaHoct depA, TIEAHY
g o) 83ld KET AEE & F U2,
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sis), 8 Q& A (factor analysis) £33 ¢ & ¢t
W 4= % A & (multivariate statistics) & 34,
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HAF3E 5 Udh

melAd, & d7e a2d 19 F4EE o f
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Fig. 1. A dendrogram for samples obtained
from underground shopping centers

in Seoul.

objects(8, 9, 7, 46, 47, 16, 11, 12, 40, 10, 27,
14, 19, 21), class 270 = 870 2] objects(35, 45,
1, 43, 22, 26, 13, 33), class 32 47§19 ob-
jects(17, 24, 15, 18), class 4+ 47019 objects
(3, 42, 4, 44), class 5= 9712} objects(29,
31, 28, 38, 32, 36, 30, 34, 39) ® 7]|E} class
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AP 5 YAt

3.3 FEoIXHE A Y (Principal Component
Analysis)

FARAYG o] & $AF  objectE o]
Ztzbel A& FAHsn uAAdo|XT AW
object 52 E 2o} BYL uf, 7t FAo
B 232 objectE°] #<¢ 1 class(=E pattern)
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T £ Ade HHol Hasdir. ol L A
g Y37 9, FoFAAEA Y (disjoint
principal component analysis) & 2839 o™,
ol& ¢]3] SIMCA Package'®E A}£31%}.
Folxlr el 7jEMNEL oy gk 3
o 4 gt7fol Al MH7AR S WE7t EA ST,
7} object Alol9l A= e FTHRE I
oz A oldllE F Ut TeF MA o)A
o] W7t globd, object Atole] BAE A7
Ho gz olafslv|E E7l5stth. AT W9
Adg EY U UG olEQ AAE A
olgld 4 qUrh. oo T RYUZAHLE A
o (orthogonal projection)3 M Z - B2 A
THE F4 TR Fo A& FYPHA, AR
e "HaEe B wesEd Ay 3 (linear
combination) ®th. o] EXAAHELE FAAEH
¥, I = eigenvector analysisgt 2 3ot F91 &}
XA £33 He FAFHoZ us=
Z ¢l Z}(principal components) 2] A& 72 A3}
o, 21 F2EF FAA x£2d FI FHI=

Aol

SIMCA(Soft Independent Modeling of Class
Analogy)

SIMCAE= Wold'e]  2j3] s dod,
SIMCA-3B%* microcomputerES £ 3t Basicg
o]z FAIFo rt. SIMCA HMo] 24, ¥
72 &of Aol Hadtrt. 7 classEo] rlg
40 Ae AR i, ZL FIEAY Ze
wHo® 9 EFE &£ A& u, o classE
training setz} 1l 3}, oW classBEE® &5 37
T ¥U%AT EHRHAOL &, 2% EFHT
object52] B YL test setz}il Fot. EFH
modeling ¥ oW classdll® £8% %= ob-
jectE E- o] A (outlier)gt iz 3}, SIMCAo| 9
g ARENe FAAZ s £ Utk AGA
+ training set2 o) &3t F¢12} model& 7)
Wl Aolx, SR A= test setF o zt
objectE o]n] 7fgH Z class modelz} B] 3|
4 A%z (membership) & ¥ o3l ZHolth. o
SIMCAE 8% AS FHEAANMS o7}
AR A5e HEde Fadlrl. tkef object F
o ¥ HFUL thE #Hgo vE XX U

A

W, 49 488 FYste 1 Wa 3
Fe 29 4 Aot UNHoZ, FAAE
3 79, 9lx}(component)?] <z7} =7}

=, 2 Ede ¢ & fittinge AT,
of e §EA(validity)e o 2 Aore
Boh gdetA] 2do i fFEA H3Fol F8
&tn, ®do| 23 (optimization) & sl 3
% & X (cross validation) HAIE HFo =72
ol &3tz Art?. SIMCAE o438 EEdas=
23 2ok dw, 7z classyl A¥gTEZ %
B35, @719 object7t LAHH Fghol A
olu] Eel3 © =F class&o] 458 4 9l
=328 A A el (critical distance)S o] &35}
AARsE Zolot. SIMCAS Yale ctE Tay-
lor &< (multiple Taylor’s expansion) ol A] 2 g
Z9tdl=d, ol % N9l B AbA 4 (discrete
parameter)?] Hd A y, H4 ¥H & b, ob-
ject9] ZtE FA|HC

nT oy ot x> o2
X oy o of
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AAE 71 ik Heo jHA objecte] &3
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U= ¥ object Atele] Aels vtelddh o
A class q¢ o] FFH A} (residual standard
deviation) = o} 23 go] Foia 4 Qlth.

S @w=[ X X e’?/(n;—a,—1)(m—a,) }'*

1 1

...... (2)

o714 n, a, me zz class qu & object
&, FAzle £ 9 #WHF FE guFch
Test setoll 4] A 40] 2843 object po &/
£ 9)8led, &4 class q9] model& o] &3, ¥
Bt v} 3 3] A ¥ A (multiple linear regression an-
alysis)©] # &€t

Vie— VY= by ' +e,@ (3
k

At e, object p2l RRIIFOLE AR HE

& sith. welbAl class qol ¥ object po
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Wof R EEMA 5,97 class @2 Wl EE
Hzt s, @81} Z o™, object p= class q2 &
FAo ol9pgo] 2go] BAIA %L& object
v EdslE 7 class¢t viwso 7t 7tk e

classol &3lAl =l=dl, ol= F-testo] 9] <+
3 ot
F=@f §50/85V oo (5)
o714 @& class q2] F<UA modelo] o3t
B A A 4 (correction factor) 7} # t}.
O*=[ ng/(ng—ag—1) ] eeverecrirecrenererrececns (6)
Folzl levelol A F9 UAZE (m—a,)9}

(ng—a,—1)(m—ay) 9 Atf = (degree of free-
dom)& zt=rt}. $78 9 training set7} T 9]
Aol class2 FAEo] AL W, 7t class= I
%7 A = (standard decision plot: Cooman, et al.

Wyg ol gstel AZFoz MaY 4 Atk

SIMCA2| S8&3

SIMCAE 2& XHopoi L2551 gl
Kvalheim'2 24 ATE 48l capillary gas

chromatography & o]&3le]l 50—-60709 F
peakE A8 23l 1071 2] bluemussel?] =3
E2RE AL, ScottVe 7MY W7ILE A&
E 7R Age £ wot g FolH HZ
SIMCAE o] &3l ¥

el A, HAZAZHYY FHYEE o] &3}
o, AAFHoZ 7le classE T3 67)9
class TEAC. £ AF9 HE, 257 E
o test sets7} &A51X] o g, SIMCA
o] AWK L 2AA ZA training setsS o] &%

AR 2d g MNEsHg. 4, & class &
9] object7} ¢ class £ 3oz 7y

ol 24g ¢ AeAE HAs A ol g 9
&, olv] AFHoF EFH, class 19] 1474,
class 22] B7l, class 32] 47l, class 42] 47},
class 52 971 2 7]e} class 9929 87] objects

E 77 training set2 3t3, B FAAEN S

Distance from class 3 model

AlPatdon, & 6749 setsE REYT A,
ol class® © 79 FAAE ZX Y&
#EZ3 gk A ()9 WA 93, »H B&E
HaAE 78 = Aded, AxdE g o] &3l
o], Cooman?] R 57 7% X (standard decision
plot)E ZAA4¥ & AUt

a2y 2 class 29 38 9% FHFEAAHLO]
o 28l A, HHS 95% HES dAA
(critical distance) X o] 23l 47 FF o2 y¥F
oJZth. 18 9F AL class 22| objectE Rt
of &AstEe godolm, 2EF o gge
class 32] objectEqto] &A3l= dHolr},
Z ol dd9e F class7t §&23E F9ol,
2% 9 99L& class 29 3& AT a9
9] class®| object7t EAT FHolot. Tk of
28 9o 18H9] class 1, 4, 992 objectE A}

&t d, class 1, 4, 999 = E objectsE 2.2
% 9 ool Y Rolgh. webA, class 2
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22 9 oo =AY AS, BRE 95%
EE ZXFHGNOT 44T ¢ Uk
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Fig. 2. Decision plot for class 2 and
class 3 models.
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Table 1. Raw data obtained from various underground shopping places.
. . Temp Dust (6(0] NO, NOx S0,

1D Sampling Sites (C) |(mg/m*)| (ppm) | (ppm) (ppm) (ppm)

1 Chungryang Restaurant 20.1 0.14 3 0.0548 0.1002 0.0189

2 Chungryang Coffee 19.7 0.25 7 0.0401 0.0869 0.0125

3 Chungryang Theater 20.7 0.06 13 0.0535 0.0735 0.0200

4 Chungryang Billiard 12.5 0.09 14 0.0301 0.0601 0.0120

5 Jonggak Passage 18.6 0.12 7 0.0354 0.1497 0.0104

6 Jonggak Drugstore 18.7 0.13 3 0.0331 0.1229 0.0119

7 Jonggak Bookstore 19.8 0.07 1 0.0427 0.1003 0.0128

8 Dongdaemoon 10.3 0.06 3 0.0347 0.0962 0.0136

9 Dongdaemoon Shoes 12.2 0.06 4 0.0414 0.1136 0.0136
10 Myungdong Passage 16.4 0.07 6 0.0467 0.0802 0.0180
11 Myungdong Baby Store 19.4 0.03 3 0.0467 0.0802 0.0164
12 Myungdong Records 174 0.06 2 0.0434 0.0668 0.0160
13 Kangnam T. Passage 13.6 0.11 2 0.0501 0.0802 0.0214
14 Kangnam T. Passage 21.7 0.11 3 0.0548 0.0869 0.0165
15 Kangnam T. Clothes 20.8 0.13 3 0.0434 0.1336 0.0183
16 Kangnam T. Passage 18.5 0.15 1 0.0354 0.1049 0.0164
17 Kangnam T. Passage 11.1 0.11 5 0.0354 0.1604 0.0216
18 Kangnam T. Restaurant 23.0 0.17 4 0.0501 0.1470 0.0164
19 Kangnam Passage 14.7 0.15 4 0.0274 0.0400 0.0189
20 Kangnam Passage 10.1 0.09 2 0.0327 0.0454 0.0264
21 Kangnam Clothes 19.5 0.08 3 0.0334 0.0467 0.0176
22 Kangnam Restaurant 19.2 0.15 5 0.0601 0.0815 0.0189
23 Kangnam T. Coffee Shop 19.2 0.02 4 0.0614 0.2406 0.0149
24 Kangnam T. Passage 11.3 0.13 2 0.0501 0.1604 0.0214
25 Kangnam T. Passage 21.6 0.19 3 0.0401 0.2005 0.0158
26 Chungryang Chess 14.7 0.19 5 0.0535 0.0909 0.0183
27 Jungro Clothes 11.3 0.08 5 0.0601 0.0869 0.0200
28 Jongo Metal Craftsshop 12.9 0.08 5 0.0802 0.0802 0.0247
29 Jongro Craftsshop 13.2 0.12 8 0.0668 0.0975 0.0252
30 Jongro Pottery Shop 15.6 0.16 8 0.0909 0.1002 0.0228
31 Jongro Yarn Shop 14.5 0.13 10 0.0668 0.0922 0.0246
32 Jongro 5 Credit Union 21.7 0.14 6 0.1036 0.1203 0.0252
33 Jongro 5 Art. Flower 13.3 0.09 2 0.0668 0.0775 0.0228
34 Chungryang Cosmetic 19.9 0.09 3 0.1002 0.1470 0.0211
35 Chungryang Electro Ent. 21.6 0.13 1 0.0735 0.1096 0.0194
36 Chungryang Restraurant 20.1 0.13 3 0.1002 0.1070 0.0217
37 Namdaemoon Art Shop 19.1 0.08 28 0.1002 0.1270 0.0257
38 Namdaemoon Passage 9.1 0.08 6 0.0668 0.0802 0.0237
39 Elgiro Clothes 21.6 0.03 2 0.0802 0.1136 0.0205
40 Elgiro Passage 9.0 0.05 2 0.0635 0.0668 0.0189
41 Elgiro Coffee Shop 18.7 0.23 4 0.0668 0.1270 0.0194
42 Elgiro Food Dept. 23.1 0.05 10 0.0401 0.1042 0.0149
43 Elgiro Clothes 175 0.15 4 0.0601 0.1070 0.0189
44 Elgiro Shoes 16.2 0.13 12 0.0735 0.0935 0.0164
‘45 Elgiro Passage 11.3 0.13 1 0.0701 0.1070 0.0194
46 Pyunghwa 2nd Ground 14.3 0.10 2 0.0334 0.0935 0.0158
47 Pyunghwa 1st Ground 17.2 0.11 5 0.0328 0.1070 0.0149
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a9 29 93H, A class 3 2] 479
objectst= Y4H3IA class 302 B EIHIY oW,
A A class 229 87] objects F 3}t (Object
No. 33)= 7]€l classo]l #3l™, 3} (Object
No. 26)= S&844d ¥ At A714, st
9] outlier object, & object No. 33& #H AHAI 7]
otd, U R 770 objects®2 TAHE T4 class
28 B2y 5 AUt} olgzo] b P A
2 thE classE ztzto] A A Fald A
ol mste] 2zt class? &4 objects$t outlier
objects® BZ|ZAAE & Utk F 7 class?

HFAEE ol 838td outlier objectE A A%
F, ZAH classg§ €F class® ¥E F U

EE 2¢ THENA 9] a9z A4
H 57 classE& SIMCAco] 2|3 outlier object&
AAZ & BE £ classEolth. A A class
ol 5] A AHZF outlier objectss A3 8] o] 7]
E} class 99¢] EFAAC. wrabr, o] E class
9] pattern®F= HEFHoZ d2x ¥ A
A, class 1& EE 2989 =71 H& HA

THog, o] FH9 odFE HWIHFL EA
0.07mg/m*, CO 2.6ppm, NO,, 0.039ppm, NOy

Table 2. A classification result after deleting outliers in each class using a disjoint principal

component analysis.

Average Concentration
Class iD Heating Door Dust CO NO, NOx SO,

(mg/m*) | (ppm) (ppm) (ppm) (ppm)
2 None None
9 None Open
7 None Close

1 46 None None 0.07 2.6 0.039 0.085 0.015
11 None Close
12 None Open
21 None Close
35 None Open
45 None None
1 Gas Close

2 43 Electro Close 0.14 3.0 0.060 0.097 0.019
22 Gas Close
26 Kerosene Close
13 None None
17 None None
24 None None

3 15 None Open 0.14 3.5 0.045 0.150 0.019
18 Gas Open
3 None Close

4 42 Gas Close 0.08 12.3 0.049 0.083 0.016
4 None Close
44 Kerosene Close
29 Kerosene Close
31 Kerosene Open
28 Kerosene Close

5 38 Local None 0.12 6.6 0.082 0.097 0.024
32 Kerosene Close
36 Gas Close
30 Kerosene Close
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0.085ppm, SO, 0.015ppmJc}. o] 7o H ¢
ko, HALE A9 d4L Y g B
A, class 2= EAFTEV 2 THoz B
o HF¥ E7F 0.14mg/miolct. M A, class 3
2 BXF NOx9 %7 & F9eg 2X
3 NOx& #HaF=7t Zz 0.14mg/m’, 0.
15ppmo| ok, Ul A, class 4= B A3} SO,9
FE7 2on, CO9 FE7 & Fdo=
CO9 HaEws =7t 12.3ppmeolglch. o T4 9
A 248 EF 23 UHIY Addd. o
AA, class 5+ NO;, ¥ SO,9 5 %71 & F
Jo g NO,o HF5E7 0.082ppm, SO0
TFE7F 0.024ppmo]ith. o] 7o A, &
e AT dEEA HFE gRE olg8A
t}. o2t o 7, class 99% outlier objects& F
g& JIEE FHOE o] A FoA A2d 4 2
dE9 HIFFEE 99 57 patterno] A 4zt
28 YFe =9 H(range)stel U

4.4 B

ME A A 87t A E4" 47709 ARE
ige 2, du dirledEde HFFEEE M
2L Yo F4 4L £ d7E 4
&), - EA 49 (cluster analysis)# 22 Fz
£ 4 9 (disjoint principal component an-
alysis) & S &3ttt metA, 47709 AEE
71€}l class® E @3 67§ 9] patterne 2 B F
A, zt class £ 2¥9E HITFEEE I
patterne] ¥ 3 H outliersE 95% HFEZ A A
3 A2dAT B AT 22 67] pat-
terne oh&3 Yok A, ZE 2EEY ¥
=7t ve FFTY; A, 29 w2 =
o 7o AA, EA3} NOk9 7571 =& +
o BEAD SO0 wx7F veoy CO9 %
7t 28 7Y ; NO, ¢ SO¢ v=7 & F
9 2 AAH, 7jg 79 FoldH-.
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