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Combustion States Recognition Method of MSWI Process Based on

Mixed Data Enhancement

GUO Hai-Tao"? TANG Jian"? DING Hai-Xu"? QIAO Jun-Fei"?

Abstract The municipal solid waste incineration (MSWTI) process usually relies on operating experts to observe the
flame inside furnace for recognizing the combustion states. Then, by combining the experts’ own experience to
modify the control strategy to maintain the stable combustion. Thus, this manual mode has disadvantages of low
intelligence and the subjectivity and randomness recognition results. The traditional methods are difficult to apply
to the MSWI process, which has the characteristics of strong pollution, multiple noise, and scarcity of samples un-
der abnormal conditions. To solve the above problems, a combustion states recognition method of MSWI process
based on mixed data enhancement is proposed. Firstly, combustion states are labeled by combining the experience
of domain experts and the design structure of furnace grate. Next, a deep convolutional generative adversarial net-
work (DCGAN) consisting of two levels of coarse and fine-tuning was designed to acquire multi-situation flame im-
ages. Then, the Fréchet inception distance (FID) is used to adaptively select generated samples. Finally, the sample
features are enriched at the second time by using non-generative data enhancement strategy, and a convolutional
neural network is constructed based on the mixed enhanced data to recognize the combustion state. Experiments
based on actual operating data of a MSWI plant show that this method effectively improves the generalization and
robustness of the recognition network and has good recognition accuracy.

Key words Municipal solid waste incineration (MSWI), deep convolutional generative adversarial network
(DCGAN), combustion states recognition, non-generation data enhancement, mixed data enhancement

Citation Guo Hai-Tao, Tang Jian, Ding Hai-Xu, Qiao Jun-Fei. Combustion states recognition method of MSWI
process based on mixed data enhancement. Acta Automatica Sinica, 2024, 50(3): 560-575

W% (Municipal solid waste, MSW) 52 J&
RIS I AU, o RIS R R e, H
R NE N & SN S8 2 DN S G A |

ek HIA 2021-09-06 3R A H A 2021-12-02

Manuscript received September 6, 2021; accepted December 2,
2021

K HREFEKEE S (62073006, 62021003), dLHTH HRFI AR 4
(4212032, 4192009), B2 BA 1 ZK L6 R ikR (2018YFC

1900800-5), # G % B sh4E Hl BOR E & (Abatiy) =R E
(BGRIMM-KZSKTL-2020-02) ¥ B}

Supported by National Natural Science Foundation of China
(62073006, 62021003), Beijing Natural Science Foundation
(4212032, 4192009), National Key Research and Development
Program of the Ministry of Science and Technology (2018YFC
1900800-5), and Beijing Key Laboratory of Process Automation
in Mining and Metallurgy (BGRIMM-KZSKL-2020-02)

KL TAEIME Miidi

JEHEHE (Municipal solid waste incineration,
MSWTI) {2y — it Fya i iz is B MSW it

Recommended by Associate Editor YANG Tao

LoAbRT Tl R4 B2 b5 100124 2. B RAL R 880
# Jbat 100124

1. Faculty of Information Technology, Beijing University of
Technology, Beijing 100124 2. Beijing Laboratory of Smart En-
vironmental Protection, Beijing 100124




3 3 FREASE: BT IR G HR G 5R 1 MSWI M AEABEIR A R 561

AT 5, B U ME R BRI ks 4L DL E
T 7 R R S I B R (R SOR R SRR AL H T, K
J&& R E 2R B MSWI ORI AL T-9% 5 R, fEE1E 2
o) A RO, Hod i R R RBOIRS A T e &
BTG B HETBOAS ik A ) R e 4h, MSWT #AKE
RS PIAFEE 5y 3 B i 9 25 65 B JE i & )
L, R A L A e Tl R IE PR, dERRRR
PRIGERAS 2 fRBE MSWI i FRIZ AT =80 15 S
ISR S —. W 1 B, #E0E A MSWI it
TR, 1847 % S0 W8 K A BRI R bR 28 i
MHEIEFEHISRBEC. SR, KIS 1T T KL R MR
RS R N 7 VEAFAE W 5 Bl = ik A, LA
AR FE ARG, HME LA &2 4 i1 MSWI g2 fhiikiz
TR, X 28 222 1) MSWI R8T, W] 741 &
BetEsm ) MSWI i FEBA e R A TR AR AL AT 72 — A
T THCH: S .

MSWI i R 1 N BR e KO B SR 22 e 1
4. BNTEAR . IS BB SERHIE, 3E TS 80U [FPIRES
TR RG22 R IROK, A AT 5 TR g A P A
BRI 7 15 HME LUIE UL i aE R, T 40ds Ok
B I 8 07 IEAE SR s SO VA 1) A5 7 T B A
HOREE RN X MSWI IS FE R IR A5 15 1) B4
JE | FEA.

H T, & T E0E DK 2 A R A A A 45 1 4 2R
Al DU 43 SR AR U0 B 3 AR L SCRF I &AL
(Support vector machine, SVM)!'| 1 £8 X £ 732
AL BEHLARAREY DL R 22 SR Al AR ) B A O 8
JLRBE AT 7y NS — R EE T RMIER IS 7 2K 45
FHE G W T, FRONRHIE TR, — SRR R TIRE

Bl

5 ) B o 3 0 7V, Ja A LB R Z /2% (Convo-
lutional neural network, CNN)®2! Af3K.

FHEG TR FE 5% ) B, R AE TR0 KR A4
WO AT 8055, O T 2 75 34T BR GRS 11
TP ISR, SCHR [9] 0 MSWT I 2 (I #A R
AR ), R Bt iR (Hue, saturation, value,
HSV) MFE 574 (Principal component analys-
is, PCA) BEN KOG AT RAAE SR UM P4, JR455
/N e L FE M EML (Least squares support vec-
tor machine, LSSVM) #4773, SCHR [22] £14S
R B AP R PR A TR ) e R, $RER 7 A e
BHRHER T SVM 2025, 3k [23] 48t KGRI &
A VRLR R 5 BE 2 R BOIR AN TR ) ) R BRERRAIE, IF
EEMPEE FHTIOUE. A, MSWI d 22 Bf
SR AN B VAR I Tl R, HoR e ke G 5 32
WETH. A I KGR E I 7 R O T &
FOEW R, 3BT RHE TR AR ) 5L ) S
PSS Bz A iR 2.

BT CNN (PR AR R 2 R4 R E 52 X
e IRz AR, TR 2 AI8015 2 T2 N Y.
SR, LA CNN AR I M B 2 2] 190 28 455 1 (14 vHE 1
BT AR FEAR L S 5 &2, 17 MSWI ik F2 (1)
FUE R & K T T B b, SR EA R
TEAFE W AE. BRI, a2 T I A BOR RS m i &
E AR 2 B2 TH A RS 1R 455 284 1 B8 B T W 1 A 2
Zz—.
i FH B BEUG E A 386 0 7 VA B LA AR e, e
Lol BEHLIE A AER FAR o R0 IR AR Hdls 47 AE
A R AR 4 DS EIURE AR IR B 0, DN T 2% i 1 A5 2

B AL

NNNN NL WA Ah T R G @::>

5] AL

L7t
PGk

K1 MSWIdRTLZHE
Fig.1 Flow chart of MSWI process
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Fig.2  Strategy of combustion state recognition based on DCGAN data enhancement
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R0 BB FE AT Adam! BV TE WAL E S 4L

1) RIMERE SR ERE . NRE 78, &
BEE [ Xreal; Xisse,t] RANN X, Bl [@; 20+ 505+,

Ho ) x, RIRE a BB Dy(X) R A 51 9 45 i
MHEEE S, B Dy(-, +); Y, 227 H 0] I 48 L5240 HH
B lyive - 1Yas ) HH, v RN o IRBE
FUH; LARREL FE0N L(Yp 4, Dy(X)), Bk
TN BARPIR KR BRI N L(ya, Di(xq)), HEERN
oL oL OD, ()
Dz, ~ OD(w,) * oa, )

HI TR M 2% I 5 M R 2%, Dy A DLELEER AT,
PRI, SR B i A 4 B3k e 1o e 32 0 o i A i 4
S, T FRTAL 3 X 2815 s KT 2, R

0D(0;_1)

— (Vr s — D (O:_)) el
6 = —(Yp,+ — Di(0i-1)) 20, (6)
551 = o, 2Pe0i2) (7)

i—1 1 VVi—1 601_2
507,
Wi_1 = T (8)
0

vBi—l = Z (9)

b, 5 RINRZEN 6, B REHON O;, i SR
B AN B9 Wi F1B;, 28 — 12 B A B
MRTEEE 2 AN Vi, MV,

2) Adam Fi 5T BRSO A M4 24,
HRCE T Oy

mp,t
0D,t+1 = ‘9D,t -«

VD7
R, 0p, Nt RHBINGE BB o %A%
AL O WM E S mop, AR ¢ U
AL —Br g, sk (11) Bros, op, R ¢
TR 28 1 — B, ok (12) Fis, B

mp,t = 51*mD,t,1 +(1—B1)Vy

(10)

(11)

vp,t = Povp -1+ (1 — 52)V2D7t (12)

A, Bl By WS, Vp, N ¢ IRFIM S

KRR
XF 5 ¢ ARIRAR, I X 48 20 SR IR N
B4, M (6) ~ (9) WELHTEES L,
BETTSRAF AN XS HHIREE Vo5 355, RN
SR E & mp, . 5 B s B ep R,
TS ¢ IR BB np, ¢, B
Mp, ¢

VUD,t +7

5, KM np, BB ¢ IR % Z80p 4,
IS EIZE ¢ + LIRS S 30D 4, B

Op,t+1 =0p,t — 1D, ¢

Np,t =« (13)

(14)
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mD70:0, 'UD’():O7 Fﬁu—miﬂ%'i:m
HEAEHS BV B#Eix T 0. Bk, X
(11) F1=X (12) &mZEBIE )G, 133

~ mp,t

= u 1
~ UD,

= 2 1
UD,t 1 _ 55 ( 6)

2.2.3 MEEIELE
A SO 70 B 1 5 A T8 I AR S 28 5 4 1 T
26 (TR S 8Ok AT BB, DRI RR FEAE RO N E 2
X (1) FEFH G, A5
max V(D, G) = Egrp, (a)[log D" ()] +

Ezp.(mllog(1 = D*(G(2)))] (17)

A, D(G(2)) MEZE, RN ES N0 F 1, D
28 b e, BEH G S BT log(1-
D(G(2))) KIBREELE D(G(2)) N 0 BN, 78 D(G(2))
1R, ﬁvﬁﬁﬁﬁﬂﬁﬁﬁﬁ%&, J& 1 SRR 5 s
FERRNE, PRIk, 75 B0 B bR ek Bodt A7 ook, DARIRIE
B DCGAN N dEAT Fiak , ST 0 55 A AR B Y
ZH0 B bs k= (18) A=l (19) Frow, B
max [EmNpr(w) log D¢ (x) +

0D, 1+
Ezrvpz(z) IOg(]. - Dt(Gt(Z)))] (18)
e Enp(z) l0g(Di41(Gi(2))) (19)

FETEZRIERE T, 7 B S 40 ) ) 4 A0 A2
M2 240, % B bs bR BURENS A R o SRR EAS AL
5 11 225 PR HE S i R A R i I 58 T Pt P 3 S0 15
PN S L. SCEL 3R H be e B s 508 8 GAN
IR R RO — B3 SR R 3, U

LY, f(X :_7zya10g

(1= ya)log(1 = f(wa))] (20)

o, YRRMAEMB BMEES, f(X)RRMHEM
EIMMESES, n RRE R,

HilZE D, ¥ BB ARiC oy 1, A REIE
Frid N 0, HFI2 A ming, .., L(Yp, ¢, Dy(-, ) &0y
T30 (18), AR UIT:

PR EHRMA—RELER, My, =1, HN
Hh, if/ KN —log(D(xy)) = —log D(x); 4N\ —24
FLSZ BRI, I3RS

_Zya log(Dt(wa)) = _Emwpr(m) IOth(w) (21)

a=1

FE2. A EEEREE, By, =0, N
M, BURA log(1 — Di(wa)) = —log(1 — Diy(Ge(2)));
AN HA RGBSR, AT

_% Z (1 = ya)log(l — Dy(xa)) =

a=1
- Ezwpz(z) log(l - Dt(Gt(z))) (22)

Zia LR 1ML IR 2, A148 ming, ,,, L(Yp, ¢,
Dy(-, ) FM T2 (18).

LR G B, B ER S R EUR AR bRd A 1,
B ye = 1, F0AN— AN 52 EGORN i AR B 5 408 2 43
N log(Dys1(24)), A & ming,, ., L(Ya, ¢, Diga(s, +))
EMT a0 (19).

Z T RGP A s ZE i~ . AR
IR X 4% A2 OB TR SR 4 ) BDBR e B 15 ORE TR
DCGAN. BB aT A K5 DCGAN. #ABE 2R IEH
FiH DCGAN FRBe2 5 #45H DCGAN. #1172
T LB HUAE B SRR AE T2 20 (1) 1E p M p, 22
RS 0 R CUBIE B X 2% BE S LB, T SR BR p, A
pe HEIRA . (1) SN

ménmgx V(D, G) = Egrp, (a)log(D(x))] +

E.p.(z)log(l — D(G(2)))] =
/pr(:v) log(D(w))dw—i—/pg(a:) log(D(x))dx

B4, SR DS [EE G B3, fEmaxp V(D, G)
dAEF, X EASRFHASHNE, REAH

dpi@)og(D(z) ,_dne(a)(D(a)) _,
dx dax
S, 93
tog(D(a) L2 1, () LB D))
) 2B (1 — g e ) g

IR D* () KT 2 FRIE. HT po(x) M py(x)
(1 FHOHE LASRAS, BRSOk [25) K FHAE i B 2.
FHRLH, HT IR T 2N
ol )dlogém( z)) +pg(x)d(1 lﬁD(w»
X, AR AR (2). IR b, STk [25]
SAE T 3 (3), W H6HE GAN 45 Refig iS4
LFRIZR GAN R, AR T, o
1 pr(x) Flpg(x) AN, AHRLHE, [F]— WX 25 55 A [F)
T ERE L AR AR, PRI, BF AN [R) T A %
B E s oy A A AE 22 AR O, Jeie B G 2 T
(IR AR DN 2R 8 )7 5O I DCGAN BLERAF R

=0
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S 50 %

SR GRS R SRS S N RV O /A0 £ 7 S S |
WX 28 K R L S8, LB IR S5 M) 22 21 B EE, DL
TRAE AN £ H BH F5E 455 o s P8 3 2 255 )
158 E Rk FRAEER
£ iR KA DCGAN FEAY 5 B it f2 b, SR A
] FID $abr Bk A
FID = || — p||* +

2.3

tr(Cov, + Covg — 2(COUrCOUg)%) (23)

X, e 5 pg FoRH R EREE AL BER RN 2
TEIES D AE; Cov 5 Cov, Kon KL KB M
PR R SR I T R () FoR LB
W, Forp FID 7> HOBUR U IR R el 4y, AH
i, Az B 2RI TR R RS )t .

K& R B f g Jy: 156, #iH Inception
[0 225 (10 v ) 2 SRS, A3 — AN 2 n IR Al 5 2] 0K
SURFAE MRS RO O A SR A, A (23) THEER
KEBES LR BER R FID 2% &5, 2T
BEE BRI FID X A8 i 78 (1 B 5 b 4T VF
fiti, 2 FID /N T e5E BIE R, $L 9 be R & 1% IF
R NI ZR5E.

PRIGARZSIR A HE IR

ASCH R A 3G A w1 2 T CNN [ Bk
R RGBERL, BFEFE 7 1) R4 pe U 3 i
B A Eim SR 15 R RUERBR CL 255, [FIE XTI ZREE 1Y
HARFENLIER: 0° ~ 5°, Wr/KFJ5 M BEALF# Lt
0 ~ 0.3, FFRENLE B KBRS, B Ja, DABRSS B 77
R RAGZ,; 2) CNN 50 568 4 E B
WAk 2 HE S DU IURFE, SR 51 Flatten 245K
w=HF, 454 Dropout AL P (EE LG, &) b4
R E N REs, o, WSR3 R R BUN A
X K Adam fRALES 1922 2 %08 0.001, HAh S
I NBRAIME.

3 SWHERSHH

HiEmEA

FEAL RT3 MSWI HL ) A& B8 d 1) 4 it J5 B 22
Befdg Sk, SRR Bl L R 8545 0% 2 T HLHIM
BURER R, SR AR LB SR IBCRIE TE LR, JFxt K
Y B F B o B BEAT A7 A RIS T X AL, iU
AR LR & 90 ME B i 8] Bk B A i
Hu ek 73 T1 ~ T10, BASHE B EE Sy 9 18
B&, o T9 A1 T10 I 1] B AR B0 32 16 7 R M 4
K, AELEEEANTE T MSW S8 b N3 5 55 il f1. A

24

3.1

SO R R o B e i) 7 3, Her, O A HZI
[Pl 7 I 2R SRR SR A4 7530 B R A
BEMLAIRE SRR )2y B3k 3 M EE AR, Inak 1 pos.

®1 BNy
Table 1  Dataset partition
Ho b XI5y 77 PERS EranieS MR
A IS [ IR 9x8 9 x 1 9 x 1
B BE AL 9 %8 9x1 9x 1

HIZ% 1 AT, %] R % 20 T 2T IR
TR PR PR A AL AL R 1 ) 2 T 3T A
Rz ACTERE. ol DRl R ™=tk o & fp 7 ik
1710 IREE SR, 45 R CAEME AT Z B AU B

3.2 LR
3.21  PRRIRESIRELR

BIRBEAR AR E NIRRT RS B M52 3
PR, S R 7 ~ 9 Bk,

K7 IRBeLHTRS

Fig.7  Combustion line forward

K8 MAKELIEH

Fig.8 Combustion line normal

Ko Mbedaiz

Combustion line back

Fig.9

HIE 7 ~ 9 AR, HIRGE L AE R ek 1 19 b
JTI, AT R RTINS SR be 2 1E B i £&
1 MHEER 2 FIRIN, AbFHAbe 4 IR HOIRAS; HIRbeLk
FEEITRELL 2 TITI, A TR R RS

SEPHLRAR, HRERRE SR H,
RELR 1 MURELR 2 AN T 18] 4 TPbRic A9 AL B 2 T
TAPSERREW], e G MBEL AT a2
KB, ZHEBNES TSR, B
IR, WRGE LA PR b 8 B — s B, BEi oy
AR A VR I AR TR ) S 3 ol R A
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3.2.2  HIEERLER

EFRHBR RS HUR, A SCRIUVEREALEGE 43 K
JEEMG I E DCGAN 258, AR AR FOIRAS B
%X DCGAN S50 il 1 56 ms . DAL ARAIE
DCGAN R H] Ge A pAS A FOIRAS T it & A0 7 8T

T 5, BENLIEHGE 7> SR DCGAN,
K H FID 56t a 500 #LkBEATIEAS, 4niEl 10
FiR.

10 41, FID 5, = 36.10, FID, 00 = 48.51.
XRPA I DCGAN BRI MR R

IRIE, EERAS AR FOIRAS BB DCGAN 2
FORPUG, SRR AT AL IE RS RSB AR B
PG BEAT VRl A HE SCHR [35] 25 52 B AL B 15375 Wi
H5EMHEARL, 46 e #E d pr A s B S
B, SRR AT RS . 1EH RS 2 10 RE 2 91 % e N
60- 60 1 63. 5 J5, T8 B R G 5.

3.2.3 A iEmEIRIEEER

Asedr, J7 A R aT R . IEE RS Bl 2
978 EUR BCER 4y 75N 5060. 3452 F1 3312, 53X
B ek i ®e. IEW AR IIGEY 72 UG EE D
BN 6912, 7632 A1 9360. Hdr, 7 A HE 14
SRR 11 ~ 13 fiok.

3.24  BRRREINRIEBREER

K FH R T AT A ) A AR o 3 5 0 5, Fee
BRI TR UGG 5 R SR an 1 14 B,

B 14 mrgn, %07 30 AR B 3 5
P AL RSO AR B 7. BEALHEAT A 2R Rl B
B 5RO B AL B AR Ak, G0 15 B s, B
1277 30T BIEE I 5 T EORRS B PRI

FFASCHITH ATiA ) CNN BiA 5 A B,
PR AR PR B0 VI A AR AR R A HE R R N 72.69%
F1 84.82%, $12K°H 0.976 8 F1 0.5520; 7730 B B, K
SR R 56 IF B A AR R I UHE R R N 97.41% AN

70 |

2 000 2 100 2 200 2 300 2 400 2 500
Epoch
B 10 FLH DCGAN AR FE S FID X4 siR iR S B 1A 45

Fig.10  Assessment of FID for generating combustion state images during rough DCGAN iteration

FLar NF . e
“\ ' ' w‘ /."\ B

11 RBEER AL 3 o R

Fig.11  Expansion results of combustion line forward image

12 MRREIEH RO SR 5

Fig.12  Expansion results of combustion line normal image
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A
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L

K13 RBRL A R g s R

Expansion results of combustion line back image

94.07%, N 0.0699 F10.2019. ZFE K 1 0[15:
J7 20 A LRI PRIy, ISR B0 UE AR AR 2
IREARNEZ A A AFAE— € 2 5 77 B 2 8RN
BENLRAE, VIZREEFEA 70 A B Re e R AR SR 1 &
04, Nk, 7730 B ARG R AR KA T 7 2R
A TR, J73K B S50 2 SN H G E 1 B R B A
Pz AP RRAR S, T 7 20 A ) S 56 285 SO0 2 56 1k
BH R BT (1) B A P R A

3.3 XfEEa#T

3.3.1 HERERIRIXTLE IR AR
WAL 715 GAN, /N3 GAN (Least
square GAN, LSGAN)™, DCGAN #4704, 4558
Wz 2 foR, ARG TR EE & 16 Frs.
F 2 A AT A R VTl 45 R
Table 2 Evaluation results of data generated by
different generation models

=
@
—
w

14 AR AR B 1 5

) ) . ) AREELD
Fig.14 Non-generative data enhancement with T3
FID i, FID,verage Epoch
the proposed method

254.50 10000

51.94 3000

49.67 2500

48.51 2500

LSGAN DCGAN  Aiik

ik A2
E e

15 BEHLEEAT B IEAE B 1Y i Bl 16 AS[AAE B R AR R R BOIRES B
Fig.15 Non-generative data enhancement with Fig.16  Combustion state images generated by

random mode different generation models
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Table 3  Performance comparison of recognition models
Jiik IR 2 JUEES PN IO SRR 2 RUESEBIR
CNN 0.7518+0.00245 0.6046£0.028 82 0.6115+0.00212 1.6319+0.116 40
. FE A e R E T G 38+ CNN 0.8272-£0.002 06 0.6504:£0.040 38 0.78300.00183 0.9077-40.03739
ARA DCGAN ¥dfa 3%+ CNN 0.80000.00098 0.8776+0.01063 0.5885+0.003 96 1.902440.11050
AT 0.848 24-0.00105 0.55200.01006 0.7269+0.003 77 0.9768+0.05797
CNN 0.8926+0.00105 0.2298+0.00309 0.8519+0.00061 0.2519+0.001 67
B 2R B 58+ CNN 0.937140.001 84 0.15040.008 25 0.970440.00055 0.109340.01037
DCGAN ¥¥a 3+ CNN 0.9000-£0.001 23 0.31590.01150 0.8445+0.002 07 0.2913+0.003 96
LS WP 0.94074-0.003 67 0.2019£0.01498 0.97414-0.000 44 0.0699-40.00195

SEIGRE], A ) DCGAN RERL 45 K HH E
T GAN. LSGAN. DCGAN g% 7£ 5 %7 ] epoch
HIRTS AR 4
3.3.2  PRRKASIRBIRBIXTLL SRI04E R

ASCRFHI 4 206 U807 3 36T CNNL T
A G 98 T DCCAN BdEisem bl j 1
DCGAN FIHEAE s A IR 8 (A7),
MG EE 10 K, FHRFFME A T Z W3 3 Fios.

FHR 3 ml4n: 270 A o) A7k R iR B
RUMREE HETR N 84.82%, 112k 0.5520, FHEL T
HAh TV, ATk Re s iR m s B S v 7875
B i, A5 v MSWI 3R 5145 750 i ot 2 o iy 3%
N 94.07%, AR ECT HoAth 5%, BEAY )32 40 1 BE T 4T
DRI, A SOR AR AR i R A i s s 1 o 45 & s
CNN 8 ¥ 1 R0z Ab 1t BE 35175 21 B 2 R $2 7

F 3EFRN, T DCGAN Hl 8 55 (1 B BEIR
AU BAE LT AR i 3 o, v AR e S B4
PEA — It (EACR A Az BB 38 5 20 A a4
K AEAE BB 3G 5, A SCeh H DU AR 1) A
SCBETT A AR AR RN 1 5 RE 65 A R0 I ok JE EHE
BIRIE, T EE R (R 1 BE; 2) 25T DCGAN
(A 3 5k B AR B3 H BT RE AR, (H24 DCGAN il
T 1 g5k BN S8 IR A B, 2B R R0 28 S 1 B 4 31
PR 28 AR 2% 21 21 (R RFAE T BGHT 1R K ra LG T Al
G3E B ARFAE, PRt BB CNN RS 4 14 B 1)
RIHAIR; 3) 3 A MR BIFEE S5 SR eI
TORE I ) B, AR 2 57K, HLEB 4 G b
EAFAEF M, 4) T DCCAN a1 550 7
270 FEAY 7R E) 5 A 19 11824 FEAF 7 B 1)
23904 FEA G, BT HAMERALIE, S5 CNN 1F
Y s A2 Ao DU kA B S fe k. BRIk, dn ey
ST (3 AT A RER AT AL,

4  ZEFRIE
AR AR H— F  R A BOE B A i MSW i

FEMA BRI, JL QPR RIAE: 1) Fa 2k
TR S T R A AN 2, JREE X AR A AR
Azl QB 8 R R R e, B2 M VR A 0 1 iR SR
2) # I T DCGAN 4 BB g st e, &
T AR B R 1 22 TR IR AL U S S5 3) BT XE K
JERRPE R, et AR GRS 1 k. SRR
ZEIRRW], AR SCTTVE RS A 2 & A il U 4 55
5 A A 1 SR e A, BE NS AT AR R Y
FERREA, TS MSWIRA PRI A B S
Iz AP fE 5 B HETE.

ELR A, T I sk b B, 12
AR BRXE. e 78 20 A P i s S A Shdsid BA
ST B SO B 5T S R A iz AL AT
BRI T BT 1AL

iR A JTEEKRA

F Al FEEEX

Table A1  Symbols and their descriptions
il frga X
D F R
G AR
V(D, G)  GAN JG#G¥ HAr %
z TRAE 2 H) (R BE AL 75
D* i G 23, £ maxp V(D, G) HFEH, D B
Djs JS HaBE
Rjk Elg el BRRERENEE j 175 kISR
Hj_ o ko B
Fu. v SIES
IRPIRS B4, W RTE. IEW MG INEHEE, RIR
X FEMEMHIE DCGAN MM NHES [21; @2;
@3; - sxa], B [Xrea; Xuse]
Xrw PRBELE RIS K 42
X PRPELR IE s s 42
Xpo PRBELR G #% B 42
Xiw I ZREERR P LT B B 4
Xl NSRBI PR Lk IE H B 4R
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Table A1 Symbols and their descriptions Table A1 Symbols and their descriptions
(continued table) (continued table)
i i E X 5 HaEX
Xio VIZRERARIE Lo B Kl po KRB AT RS R DCGAN THiBrh S ¢ IKMZRIIZ: D
X7 SR SRR L AR B g > PSS A
X2, TR, SUERRPELA IF 5 B 5 YEY PRI LT DOGAN TR 1 IKIRIE &
X B, SRR R B AR .y HRRELEIE AR DOGAN TAURFES ¢ KIZEII% D
Doy MEBERRHEE DCGAN TRk, HHIK% S H0N Pt EeSEESE
o Op, « B, FIBIFZE BN S . WRBELE IE R DOGAN TFHIBh S ¢ % G
Drar(, ) MABEERHL DCGAN FHguP, ML S 40y o HEENEE S
R P S B KRB S RS RS DCGAN THEHerb s ¢ UeiigsilZ: D
v FERRBEIEIR LI DCGAN TR ¢ YHZEIZH o HIASERS
o IR 0 S B WKL F BRI DOGAN TR ¢ KIZRII% ¢
v TERRBE R SHLI0 DCGAN FHUSES ¢ JgRilIZe o MRSk fse e
o PRI 1) BSR4 oty MARERHTESHSIA DCGAN FHERIGE ¢ KA D
loss TEMRBE (G0 DCGAN THISUFE ¢ WMZEE Hi Dt MR
SOt R R A lossEW PRBSLE TR RS I DCCGAN TR sy ¢ SRS H G
G, t e
l (ERRBS PGB DCGAN FHIIE ¢ KIS itk KRR
PG R R loau MABRARIER K DCGAN THHh S ¢ KIS D
088 ¢ 4 2 i
. AR QR DCGAN THirh 2 259 75 5 MR
i ot RERIERTGE DCGAN FHHeh S ¢ MIFEH G
088 ¢ e 2
. TEARBSHRIE DOGAN TSN ¢ KM MR
et foogie MARIFESHEE DCGAN TR ¢ KA D
0SSp ¢ SET
Gixy  TEMPEEI@ILA DCCAN FHUAS + IS5 ibbHL B
¢ g 7 22 e A DO 244 45 301 0 R LR A JogsC IRBEL F R RS DCGAN TR ¢ IRIEZRTERT G
088G, ¢ e
Sp.e BRI DOGAN sk IR mL 54 ;;i‘f DG s 1 YA
So..  MARSEHRELA DOGAN s RNL M2 1 OB e TR
0p 4 TERRBE G DOGAN TR p 3 ¢ I 28505 oW BRISA T DOCAN TR ¢ k254 B 2% 3
: ST % S8 ba. HHTHIRL 5
0 ¢ ERSEE BALT DCGAN TR ¢ IKIBIRA R e BRBEZ I DCGAN THLHrb S ¢ YR 5 w4 5
8T 12 58 D, A 2 28
XW ﬁ?ﬁﬁ«ﬁﬁ%ﬂ%ﬁ DCGAN TR 2 i 8 25 1 B SE 4 o PRESZE TE % DCGAN TAIHerh 55 ¢ ki Z5 A i o 2% o
Gt R 54
EMRBEA TR RS I DCCAN TEIHSINE ¢ Yo ze e WABELRJE R DOGAN TR ¢ IKIZEHI 51 2% 58
Kube,t gy g %b.4 e
X g%‘%ﬁﬁ%ﬁ DCGAN TR 2 () ST A e WABELE GRS DCGAN THIh S ¢ Y25 o o
Gt WG 2 28
X, eI DOGAN FEIARENCE ¢ i Vowv,o  HBORAEIBIGA ¢ KIH ONN BULRIGSEA
ue PRES2E SR DCGAN T Herh 5 I 25 i) 205250 loss o, ¢ PRBEIRA IR AL ES + E B CNN 145k
el i Bowv, e MRBRIRASBIBLGE  KEH ONN MINGEHi2H
X TEARBR AR IS HI DCGAN FRUE SN ¢ Kt loss ARk
o Mk ) 20 MARSE o AL
o TEARBSLR AT B RE Y DCGAN FHibrh 1 % 24y B o
Dt (‘7 ) 72/%@'[ elgi't ETJ', }kIJ}EJIJIXXJ%TﬁJﬁIUﬁﬁEQ Ya % a mﬁiﬁ)\lﬁl@iﬁ)\ﬂléﬂéﬁ)ﬁﬂ‘ﬁﬁmﬁ
i TEMREEA TE RO DOGAN TR 31 4 50y Dy(X)  HRPBHRAERS, B De(, )
R G N e L Bk
e MRS E ARSI DCGAN TH b 5 4 B4 Ny 5 5 i RHiRE
CO T pagene vy, AR I S o -
W TERREERATRS G DOGAN TR A I % 2 50N P
DELC ) sgggnw |t i B S A i R R Z A
| TEHRBESER DOGAN TR R R S B AR RESH
DecrCe) s g, | nt, BRI B Vw,y i LREOBURA B
i (. TEMRBAUSERA DCGAN T85h I S0y Ve, A LRMRER SR
t4+1\" 7

SHOY o W, BRI

5t UCHII 2 10 2 50
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Table A1 Symbols and their descriptions
(continued table)

5 FFEE L
mp, ¢ ot RABI 4 — I B
VDt 5 ¢ UHIRIR 0 s B
o 3%
v TR/ IE S 3
Vb, Bt W BN S E R
B1 Adam HZH
B2 Adam B2
nD,t LSS ¢ IRR TR
Mmp, ¢ VLRI B B R 25 (56 ¢ IR— B ah it
D, ¢t WILRRY BB R £ (K58 ¢ IR — B3l &
Y P2 AEE S
f(X) PR R 2% TRMME R &
P =i
Pr FER I 50
Py A il U RS2 O3 AT
P= z IR IEZS 43 A
Cov 7 ZE R
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