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Semi-supervised Classification of Semi-molten Working Condition of
Fused Magnesium Furnace Based on Image and Current Features
LU Shao-Wen' WEN Yi-Xin'

Abstract
proposes a solution that combines the two types of features of current and image under the framework of semi-su-

Aiming at the task of identifying abnormal working conditions of fused magnesium furnace, this paper

pervised learning. The main contributions of this paper are: Using multivariate image analysis (MIA) technology to
replace the human eyes, and extracting features of magnesium furnace flames more accurately and objectively; us-
ing a semi-supervised learning framework based on entropy regularization (ER), and at the same time using strong
complementary production images and current data to classify working conditions, thereby making up for some
shortcomings in classification based on single feature; the cross-entropy method (CEM) is used to optimize the ob-
jective function of the classifier, which significantly improves the training speed compared with the traditional op-
timization method. The advantages of the algorithm in this paper are tested and discussed through simulation data
and public data sets; and the effectiveness, application value and good robustness of the method proposed in this
paper are verified through industrial data.
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H .
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TN 05 Hemp NIERLZ 0L T A AERS,
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A S ARPRCEEE A R, B b = LIE . &
b, AR A R SR AR A (0 D0 R ) i) RS
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T3 (6) A MPEOE P(m|x; 0) 8% &9 ™
(), FH T80 BE R B B 7 Ve LIRS B . X T IX
ANE) R, SCHR [22] 52 R A e R K EM (Ex-
pectation-maximization) VLK g, € 1B K
EM® J& EM LR Sz 0. 2T = 1 — X N
TEE, AN w46, 38 I 1 R A Rt
Sa A, & — DA AL T A A ik
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squares, IRLS)™ 3K fif.
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#2318 (Cross entropy method-entropy
regularization, CEM-ER), A& & IMNGHE. 7
TR S, A SOTESRFRIIZ0E 3R, 15
TS OB TT i T e Hor 28 H bR e 8T
KRG AT AR, T S e R R IE R AR TP &R
ZRTHSRLERE . T AR SR ISR BVE O T 32 i [
5 (Logistic regression, LR) /E NNk 2] 4%, 1X—
I Ik I7 VI ABE T HAh TR 2CH H ek £

A SEITEIR TR T 05 Z /MU T A 5
PE07 FL R B & RS, 6 A BB Bud T AR T A
TRIZ AR AH B LA 0] RS 28 22 A 1] JET. CEM
CUBIE I 2 PR HLAE L8 58 SO By L B2
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Bk 2. 3T CEM-ER M B 5%

1) Miatb A, B AR RPE = 1.

2) FI| FH ve 7 o A A 2 P BRI N A B A

3) WHEEAREE C(61), -, COn) HHER, & X H
BRI Nelite ASPEAAE RS ERE AR,

4) B t=t+ 1, FR RS DERE AT 0 58T v 7 oy
FilBME 5 77 %,

5) M 2 /NTF R — B e, B IEARUREUE B RIS
tmax BT, 15 IEIEAR. B0 IR EIGIR 2).

6) TEXEAREE TR, w01 20 A (1 2 8 B DAy 3 % [l U3 R A

ER (3D): 94.81% - oundary
ER (2D): 82.22%

dwith0 | S*VM (3D): 97.78%
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5 {hESXL5Se

51 TEHENR

Nt — 0 R E A 1 S 1 3 SR, AR
ffiH ER. S? VM, Self-training (Sf-T) —Fh& X}
Bl 3 A 5 B AT I, X b g R 4. Hop
TE XY I B2 0 18— 4E 3 1500 3151
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5.2 RFHIREMR

ATiffH UCI (University of California,
Irvine) HiE & 1 8 A~ 70 KBl B X 77 K Ak
2 5 U0 25l BE R AT K. 8 A% %24 Bupa.
Blood. Haberman. Ionoaphere. Sonar. Statlog. Tic-
tac-toes WBC, A T i, W75 J5 X sLis 25 R o
AT 1 2 8 RRE

ASOH EEER IR 2 S 2 I B S B B
YRR (Self-training, S-T) 2 W B S FE A B HL

SET (3D): 92.59%
SET (2D): 50.37%

4 FFAERLG TG 70 RSEI A RN HE

Fig.4

Comparison of classification experiment results before and after feature fusion
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Fig.5 Robustness test results

(S*°VM). #rEIIZREARY (Co-training, Co-T), #4h
EFEIT JLAESE H S ELAEMLSA At 1T (Contrast-
ive pessimistic likelihood estimation, CPLE)"" A/
Bk (Ladder networks, LaN)". Hr CPLE
H% 2 HH Loog #& H T 10 1 I B 22 I HESE B
FEARBAER e W B R R AMC T A T
AR TC O () s B R e, SR A “RE U 25
FEARFRCEHE 73 O A bR 25 5 SIEBR A A 22 izt S
ZENG L, HETR X EE AR SR @ I <L 1) TR
AAIANEF ]I FEH. CPLE SR A4 sl R fn 2L+
CAER Ak 1 P JXURS: R BOHE 22, Fod R, HE A
SCREEAE L. LaN SRR IR BE 2 ST ALK
PR IR 2 I 50, UL A g S N HE S, A
gihtag. — MRS A AR, BT IR BB
S0t dbHE 7 AN LaN il i se v 9 2% 4% 4
SOK I BT S5 A R S B A TE R 15 B AT ge s 4y
F£, FFH AN 53 3R] B AR 2 1 22 e A 18 400 2R ek 4
T ZSEA G AN 4%, PR 3E F T AR S s
B, £ S rmrh, AT XL, ARk
() P9 B ARV 35 R F I8 B (B s DR R R S 36— Sk
XA T $E ) CPLE Bk T A%, DU&E
I PN BB R [E1E; LaN 9% (1) ) 26 2 400l i 4

FRABL I HE

WOE SIS AR b H T N B EtR T 3
R RINEREE MR EE; ¥ 97%- 95%- 92%- 90%-
80%- 60% A [F] L A7 15 B To br ic Bl iE AR 4R 3
FEFRICFEARBENLER, HFFAREZ HAEEE;
A5 MR SRS WAL A A BEA LI B IZ 1T 5
10 W, HAERISiT Y EHENLRI B4R, &5
BUCP Y HERf R
5.2.1 ASIEMELLR

76 UCT Zdm £ il ik PA b 6 Fhavk, g5 50 0
F1~K3.

MEE BT LA B, B 92% Tohric & et vl ah,
ARSCHRE I BAE R AN 5 FIERRC & EL IS R T 8
B TP R i, SEERAREYELF. SB VM
RILLFAH 24, (HEBEAR KA CHE; CPLE K
PEREA AR E, 76 MR 45 b1 if 2R A 7 B3
W22, X &K CPLE filja) % /& “8W i, 7
Ah, BT BIREE R E A, KRB LaN Hik

R A TR VTS 7 R REZE 5, 3N T Fried-
man 55 Nemenyi 5224050, X 6 Fphsid th
B1E S Friedman %0 5 Nemenyi J5 245 B
Wik 6 Fiaw.

SIS R KW WPFE EE, ASCHE LR
gL 2 83 VM [FAE 1) 7 K vERe, Hes L T HAb &
1. B &, 7E Friedman £ 55 Nemenyi J& 22K 50
WY FEAN R 3 R 7E A — B 4 b o e Re
J7, MEAERAR> NG, RIS A TR,

5.2.2  SASIIIGRE LI

FIH UCT B4l £ 5 5T CEM ML L S
o IR Kk EM SR T I, 5 Rk 4 FioR
(CARD A FRAL).

F 1 PR R (97% 5 95% Tobrid b tt)
Table 1  Comparison of classification accuracy (97% and 95% unlabeled)
y TehRid e 97% Jebwic Lk 95%
A CEM-ER SE-T S*VM Co-T CPLE LaN CEM-ER SE-T S*VM Co-T CPLE LaN
1 56.844.2 53.8+6.8 52.2+5.7 49.7+6.3 56.0£3.0 52.3+4.7 59.94+5.7 48.0+7.8 50.5+5.8 50.8+8.0 53.7+£3.6 53.9+5.8
2 63.2£15.0 65.5£20.0 50.2+16.0 64.8+21.0 75.7+3.6 57.5+16.0 64.0£8.1 50.64+22.0 49.94+13.0 60.9£13.0 76.1+2.3 60.5+£11.0
3 51.949.0 51.74+12.0 52.7+13.0 41.2+13.0 28.54+3.3 53.04+10.1 62.3+7.7 60.1£17.0 53.6+11.0 56.24+9.8 30.9+3.5 58.8+8.8
4 729464 61.3£16.0 69.7+£6.7 59.1+12.0 60.9+£3.8 45.0+7.5 73.24+11.0 57.6+13.0 75.7+£9.2 65.7£11.0 35.8£11.0 47.5+£10.0
5 57.9+59 51.848.3 56.7+8.3 57.3+8.0 45.7+8.8 52.7+6.6 58.9+4.8 52.5+11.0 57.8+9.0 56.4+£10.0 47.6+4.2 52.54+6.5
6 67.2+9.7 67.8412.0 70.1+8.7 69.8+£16.0 42.74+5.3 54.7+£9.8 62.1+5.0 60.9+£8.9 71.4+5.1 75.7+6.3 46.4+4.4 57.7L£7.5
7 53.545.8 51.0£7.0 56.9£3.0 52.4+£4.6 61.1+1.3 47.846.0 50.0+4.2 51.7+4.6 57.6+6.0 49.7+2.2 62.24+1.2 52.0£5.2
8 93.1+1.5 96.2+1.6 96.6+1.4 94.1+1.7 68.8+5.3 89.5+1.8 94.0+1.0 96.5+1.3 96.3+1.2 93.7+1.5 70.7+4.8 89.7+1.5
P 64.56 62.38 63.14 61.01 54.93 56.56 65.54 59.73 64.08 63.61 52.91 59.07
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Table 2 Comparison of classification accuracy (92% and 90% unlabeled)

N TehRid b 92% TERRIE 5 B 90%

S CEM-ER ST S*VM Co-T CPLE LaN CEM-ER SET S*VM Co-T CPLE LaN
1 59.145.5 51.3+8.9 48.2+7.1 49.0+6.5 56.7+2.8 53.44+6.6 61.1+5.6 48.4+9.0 47.44+7.1 47.3+5.7 58.44+4.6 53.84+5.8
2 65.6+7.7 50.1£21.0 58.1+15.0 72.6+11.0 73.7+1.6 63.1£9.5 64.74£5.5 49.4+15.0 58.2+11.0 72.24+4.2 77.94+2.3 65.846.5
3  60.3£8.4 53.8423.0 61.7£11.0 51.7+11.0 28.24+3.0 52.4+8.8 62.0+10.0 44.4£13.0 56.3+6.7 56.9+10.4 27.5+3.5 57.6+7.8
4 73.3+11.0 61.8413.0 82.7+9.5 68.4+10.0 38.5+11.0 57.84+11.0 78.44+10.0 57.5£19.0 80.7+6.9 72.24+4.4 37.6+6.6 64.2+9.5
5 57.146.5 56.7+8.6 65.7+8.0 56.7+£8.4 47.3+9.7 51.14+8.5 59.54+6.8 54.3+7.0 66.7£9.9 58.7+9.2 48.4+4.8 55.6+8.7
6 70.4£5.0 66.9+£8.5 77.4+3.5 79.845.2 44.7+7.8 58.5+6.5 71.0£4.2 71.1+4.7 78.6+4.6 80.5+6.2 50.24+8.5 65.4+5.5
7 54.244.3 49.3+4.5 51.7+6.0 51.4+2.5 65.6+2.1 54.245.8 58.2+3.3 49.94+4.5 59.04£3.5 57.6+4.7 61.4+3.3 54.94+4.7
8 94.14+1.3 96.4+1.5 96.2+2.0 94.94+1.9 70.24+4.6 91.9+1.9 95.7+1.3 97.2+1.4 96.8+1.1 96.0+1.5 69.1+3.0 95.7+2.2

Ty 66.76 60.77 67.74 65.56 53.11 60.30 68.82 59.00 67.96 67.68 53.79 64.12

® 3 S RMEMRRERLE (80% 5 60% Tohrid i HL)
Table 3 ~ Comparison of classification accuracy (80% and 60% unlabeled)

y TobRid & bh: 80% TERRIE i L 60%

A CEM-ER ST S*VM Co-T CPLE LaN CEM-ER SE-T S*VM Co-T CPLE LaN
1 65.145.5 47.848.8 50.9+5.5 45.5+6.3 59.0£2.8 56.7+6.1 63.7+3.6 55.7+£5.9 49.8+£6.6 52.9+4.3 56.6+3.3 58.7+4.6
2 64.9+3.9 50.2+13.0 64.94+8.0 71.7+£6.8 72.2+1.9 68.0+7.0 68.8+4.3 53.24+5.4 65.9£3.5 72.1+5.4 67.6+2.6 71.6+4.8
3  66.4+8.0 50.8419.0 59.849.7 58.44+10.0 34.7+2.7 67.4+8.5 64.4+7.2 44.1+23.0 62.6+11.0 58.6+7.5 39.2+19.0 69.6+8.9
4 80.843.0 68.5+3.9 83.844.4 74.9+8.1 39.5+13.0 67.9+4.7 81.6+£2.8 73.7+3.0 85.9+3.0 83.9+4.9 67.5+20.0 77.4+3.1
5 60.0£7.4 61.6+£8.0 70.5+7.2 66.8+5.7 54.6+6.8 57.1+7.2 66.5£5.8 61.9+7.6 73.0+6.7 72.4+6.8 58.1+7.7 58.7+6.4
6 76.3+2.7 71.043.6 78.24+5.4 80.0+2.9 52.4+8.8 71.64+6.1 81.0+2.9 76.1+4.2 82.8+4.8 83.0+3.9 64.6+6.8 80.3+4.8
7 59.7+£2.2 34.7+3.5 60.4+£3.1 51.4+4.2 65.3+2.7 55.6+£3.2 61.1+2.1 36.84+3.9 61.5+2.8 58.3+2.5 64.24+3.0 56.94+2.9
8 96.0+1.0 96.7+1.2 96.84+1.3 96.2+1.4 80.4+9.3 96.24+1.9 95.9+1.0 96.7+£1.0 96.9£0.8 96.8+1.0 90.6+3.1 97.1+1.0

Py 1115 60.15 70.64 68.11 57.26 67.57 72.86 62.28 72.29 72.24 63.56 71.27

MEERTTLLE e FEFT AN, AR
BT A BRI SR, SRR R (T
i B RCKBIRLE), P R THE 81% /4.
6 EIEEEIP A A HAENR

AP T TR0 o B A R R R T
LT E DT KA MRS B B AP A = Al i I 5
. A SRS HoA 7 AT X B, 9 R o 2R
T BRI I B 7 2848 oSSt | B TG AR
(172 B 38 oSS | T BRI M B S48 oSt
BT R B 2R oSk B R AR T e e
1B EHR 5 B AR, 20 B SRR AR AR TR A
10 UG EAE 5 R — B 20 48K 1 EUG AR 0 i Fr L
P P MBS B SR AR I 2R I D AR S A
H 1) CEM-ER 540 (LR) HiZ%.

6.1 KEETRIRAERM

NARBURFAL R & X 7 SEHER R A 3R T, H5 5Hik
JS2 80 73 b e 1 B R A A Bt I 24T B e X
AR IC A B R S B URF AR Al S B 1341 41, DL

AH RO I EUG R AR £ . SR k) o 558 5 4
HIF, et g gk 5. R 45 Fnr LUE i RR1E
R I IR o0 S HE R R BRI AL & AT 3R T 30% 224
PR AT SCHTIR, 78 %5 B3R5 AF B A A Bobr 26 Ak
J&i, 29 80% IIEHE A T bR G EE, IS 1) S 56 HE A
RN 94.30%, BATBUFHISE .

A, 25 RE Tt R 5 rE A e 25 1 B B
K (BN MR, 4808 oS & 65.09%, ¢St 2
92.31%, ¢3S\ /& 94.30%. ] LA A S ILHERG R
BEE T BB B o R U AT AR KR T, TR
WS o I HL AL P MR R A R

6.2 WESIIRAERMYE

HIHT SCRI R, HA BRI R G T 0L B FR il R IR T
TEETEGR AW, EPRE T, hT &
BRFE AR 25, W R OOCR 26 1 BB~ i 7
2T7E, A Gy HER S RS T AR B R AR
RMIELLT, SINERE ST BIE— @ R L os
XTI A B AR AERR . IR — A,
SRBEA IR E 1 AR AR, A B T
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Unlabeled proportion: 97% Unlabeled proportion: 95% Unlabeled proportion: 92%
CEM-ER - - CEM-ER - CEM-ER |-
St-T St-T —_— St-T | —_—
SVM - ——————— SVM _— SSVMfpF —e———
Co-T - —_— Co-T - —_— Co-T —_—
CPLE - —_— CPLE - - CPLE [ -
LaN & ! T — —— — LaN &, o . E— — LaN !  — —— —
2 3 4 5 6 1 3 4 5 1 2 3 4 5
Unlabeled proportion: 90% Unlabeled proportion: 80% Unlabeled proportion: 60%
CEM-ER [ CEM-ER| #————— CEM-ER[——
ST — SET I e— ST —
SVM f————— SVM f————— SSVM f——————
Co-Tp ——=— Co-T [ s e— Co-Tp ———
CPLE - - CPLE - —_— CPLE [ —_—
LaNp | —7——=7—7 LaN I 1 LaNgp | —p—ep—-7
2 3 4 5 1 3 4 5 6 2 3 4 5
K 6 Friedman 5365 Nemenyi /&5 &5 56 K
Fig.6 Friedman test and Nemenyi test pictures
x4 REBIIGREE R (UCT i)
Table 4 Comparison of classifiers’ training speed (UCI dataset)
. JEbRid 97% THric 95% JEbRic 92% THFic 90% JEbric 80% THFiL 60%
HURR ER CEM-ER ER CEM-ER ER CEM-ER ER CEM-ER ER CEM-ER ER CEM-ER
Bupa 6.94 1.77 6.95 1.77 6.73 1.71 6.94 1.73 7.17 1.75 7.12 1.79
Blood 20.06 2.34 20.31 2.36 20.22 2.41 20.16 2.45 20.14 2.36 19.44 2.47
Haberman 8.31 2.55 7.58 2.25 7.28 1.92 7.66 2.27 6.31 2.27 6.97 1.91
Tonosphere 9.16 1.92 8.98 1.80 7.59 2.22 8.98 2.55 8.63 1.80 7.95 1.80
Sonar 6.19 2.25 5.05 1.83 5.16 1.80 5.67 1.92 5.23 1.86 5.55 1.70
Statlog (Heart) 6.19 2.16 6.05 1.89 5.81 2.05 5.97 1.86 6.31 1.77 5.64 1.81
Tic-tac-toe 31.00 2.97 28.75 2.88 20.03 2.89 30.14 3.11 32.36 3.08 32.58 3.20
WBC 28.66 5.16 21.76 3.02 21.58 2.78 19.69 2.56 20.91 2.56 16.45 2.64
R 14.56 2.64 13.18 2.22 11.80 2.22 13.15 2.31 13.38 2.18 12.71 2.17
£ 5 BN PR S g R 6. AR AT LURIL: ASCHH AN S CPLE.
Table 5  Experimental results of fused magnesium LaN FJHER R 7E 50 + 1%:; HiAth 28 B B HE R R
furnace production data TE AT £+ 1%. PR E5 F )3 s ok AR AL il &
FERRAT 7 H o3 MER 2 OUCMEME RS A B S 5
o W seTe s 6.3 HFREAMEREWAMN KR TR
95% 67.79% 91.84% 35.49% ﬁ%'l‘i
92% 70.72% 93.01% 31.51%
90% 71.67% 03.98% 31.149% RIS 53 R ARAE U TV B AR AL E L 3F
80% 72.86% 94.30% 29.43% B AEAE M 5 TSRS T T &1t s 1 —
60% 74.00% 94.68% 27.93% B BT AN [R)H 55 A B 1) L B MR B, sl 7,

Fll 2 A 450 B #RAE TN % 52 7 20H)
SR, R 2 2850 T bR 8 & G R A AT
SRRMAR. MR E LR T AR M EE, i8F E
B SET. S? VM. Co-T. CPLE. LaN, iR 44

FEoxF X 2 G FE A HEAT ROT 250 MIA H51E $2HL
ENLhRIC. R, i S0 40 540 T ic 2 A A [
Fric ) B RE A DA BB A R AIE , R4 ik 45
FAUNGRIT A 43 2R B8 . HERRTEDR S % 7.
I 5 o s R AR e R AT X LA B IR
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Table 6  Accuracy of the test on transition state samples
TobRic ditl CEM-ER SET S* VM Co-T CPLE LaN
97% 52.22% 48.89% 48.89% 46.67% 50.00% 49.53%
95% 50.00% 49.17% 47.78% 48.61% 50.00% 49.07%
92% 48.33% 47.50% 47.78% 46.94% 50.00% 50.00%
90% 49.72% 48.61% 50.83% 49.17% 50.00% 54.17%
80% 50.83% 45.00% 48.33% 47.50% 50.00% 50.27%
60% 52.22% 50.56% 50.83% 46.39% 50.00% 50.92%

K7 WA BRI R e B B

Fig.7 Fused magnesium furnace images taken from

different angles

R REBEEENRGR

# 8 S RERINGd EEIN (A )
Table 8 Comparison of classifiers’ training speed

(production data)

Johrid 5 ke ER CEM-ER H IR
97% 94.57 4.12 95.64%
95% 86.63 4.06 95.31%
92% 83.92 4.15 95.05%
90% 73.48 4.18 94.31%
80% 59.47 4.24 92.87%
60% 15.21 4.39 71.14%

Table 7  Classifier robustness test results
Tohric b JE R 2 TR A %
97% 86.77% 84.06%
95% 91.84% 86.63%
92% 93.01% 88.32%
90% 93.98% 89.75%
80% 94.30% 91.02%
60% 94.68% 91.14%

# 9 MRATVEAER 20T H a2 R

7 A E PR IERLT, AT 2 BRI
AR

6.4 AI[GRE

AR SO R80T HUR B e
XFEE T T E PERDUR KK ER S AIA SCHR
[¥) CEM-ER S I ZRmS ], 25 R W% 8 (LLRb N
ST [FJEE, PRAL TR IE AR SR SR 5 AL
SR IT IR HERR ., SR LA 9.

HI AN A% T DL e 7E CRIEAE R R A PRAR 1Y
AR, ARSCHEH T CEM-ER (92 I8 4 2%
SEVE AR St 6 TR I AL VTR 90% A E (MR
Holfs 5 HER T 60% ).

7 g

ORI Tt A HU R A 2B 7 e e v ™ B 1) 5 T
DL, Bt HER R R T O0x T PR A
LA PR B A R R R . H AT T

Table 9  Comparison of accuracy in different
optimization algorithms

Tebrid i bt ER CEM-ER
97% 88.33% 92.04%
95% 89.62% 90.80%
92% 91.00% 93.11%
90% 92.16% 93.16%
80% 93.76% 93.58%
60% 94.50% 94.15%

TURFE BCE IR TR SR A7 AE T8 2 1) . 2k
T RSB A BRI LR R T, M AHERR IR
BIF I TOL, M0 HA 53R 15 58 R L KRS, 1
FLUAL EECOR BB % B MR s e T AR Ak, B2 TR
LS — AGARICSE IR, A S/ E AL TR AR

AR SCEE X L B R 5 T OL IR ) 3K — SERR AR
55, AR MBS STHE SR S 22 o Ak AL 5 S I
GRITiE. ARSCPTIE T, R R B TAME A HLR
UK S E LSRRy o5 U Epo Ra R E SN Y Y
BL, 127 RE SR R R AR SR HE R

AR AT i, R AR B A Bl
IR e TBLIR T 42 w7 b o B A s TN AR M8
B RIRE S BeAh, X R AR AL ¥ 2 18] 443 1
SR DA H A o B, AR SCHR Y AR 3 T 5 SO I~ M
B2 DN GREE, REfs KR BEREARTH 500, f v



4 1

FrA A BT RIS R RURRAE Y U BRI R L B O R U 901

W SSGE L YI R4S 2R 7 SR AR VA 25 v B MR LT
27 A AT R T AR SR AR 1A L

10

11

12

13

References

Lu Shao-Wen, Wang Ke-Dong, Wu Zhi-Wei, Li Peng-Qi, Guo
Zhang. Online detection of semi-molten of fused magnesium fur-
nace based on deep convolutional neural network. Control and
Decision, 2017, 23(9): 1-8

(SR, Eribk, REM, e, 5. B TIRESR MR H
FEBRIF R TIAE L. FEi 53, 2017, 23(9): 1-8)

Zhao Lei, Lu Shao-Wen, Zheng Xiu-Ping. Conditions recogni-
tion of fused magnesia furnace based on flame dynamic texture.
Control Theory and Applications, 2019, 36(9): 1565-1572

(B85, JTARSL, T, BT KA S SUH R AR B LR
RS 58, 2019, 36(9): 1565-1572)

Wu Gao-Chang, Liu Qiang, Chai Tian-You, Qin S. Joe. Abnor-
mal condition diagnosis through deep learning of image se-
quences for fused magnesium furnaces. Acta Automatica Sinica,
2019, 45(8): 1475-1485

(RE B, X, SERM, ZE. 3T I PP R R 27 > B R 8%
Yo TOLZI. EHAMEAER, 2019, 45(8): 1475-1485)

Wu Zhi-Wei. Embedded Intelligent Control System for Fused
Magnesium Furnace [Ph. D. dissertation], Northeastern Uni-
versity, China, 2014

(REM. MAKBBEP R B ARG [ L2 Me ], &K
JER2, HHE, 2014)

Wu Zhi-Wei, Fang Zheng, Chai Tian-You, Zhang Xin-Hai,
Wang Chao. Research on special embedded controller and its
control method for fused magnesium furnace. Chinese Journal of
Scientific Instrument, 2012, 33(6): 1261-1267

(REM, J7IE, SERAM, OB, T8, REBp N % 2
A T AR INETT AL AR IR, 2012, 33(6): 1261-1267)

Wu Yong-Jian. Intelligent Control System of Electro-Fused
Magnesia Furnace [Ph. D. dissertation], Northeastern Uni-
versity, China, 2012

(kMg RIEBE BRI R [ LA ], RIEKRS,
T E, 2012)

Lu Shao-Wen, Li Peng-Qi, Zheng Xiu-Ping, Guo Zhang. A dy-
namic flame image segmentation method and its application in
video monitoring of fused magnesium furnace process. Journal of
Northeastern University (Natural Science), 2019, 40(2): 153-157
(AR, s, TN, FE. ShE KRB 5 B R A R B
A A T R RLHT. ARAEK 24k (B ARFHERR), 2019, 40(2):
153-157)

Liu Qiang, Kong De-Zhi, Lang Zi-Qiang. Multi-level dynamic
principal component analysis for abnormality diagnosis of fused
magnesia furnaces. Acta Automatica Sinica, DOI: 10.16383/
j-aas.c190313

(R, FLARE, BEE . BT 2R L0 e R L
WAEWE. B 5], DOL: 10.16383/.aas.¢190313)

Kittler J, Hatef M, Duin R P W, Matas J. On combining classi-
fiers. IEEE Transactions on Pattern Analysis and Machine In-
telligence, 1998, 20(3): 226—239

Li ST, Yin HT, Fang L Y. Remote sensing image fusion via
sparse representations over learned dictionaries. IEEE Transac-
tions on Geoscience and Remote Sensing, 2013, 51(9): 4779-4789

Qiao L' S, Chen S C, Tan X Y. Sparsity preserving projections
with applications to face recognition. Pattern Recognition, 2010,
43(1): 331-341

Singh M, Singh S, Gupta S. An information fusion based meth-
od for liver classification using texture analysis of ultrasound im-
ages. Information Fusion, 2014, 19: 91-96

Xue Li-Xia, Zhong Xin, Wang Rong-Gui, Yang Juan, Hu Min.
Mid-low resolution vehicle type recognition based on deep fea-
ture fusion. Computer Engineering, 2019, 45(1): 233—-238

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

(FEINEE, B0k, EZRET, 00, SAEL JE TR B RHE AL A 10 5 3%
AL TP, 2019, 45(1): 233-238)

Chapelle O, Scholkopf B, Zien A. Semi-Supervised Learning.
Cambridge: The MIT Press, 2006.

Zhu X J, Goldberg A B. Introduction to Semi-Supervised Learn-
ing. San Rafael: Morgan & Claypool Publishers, 2009.

Zhou Zhi-Hua. Disagreement-based semi-supervised learning.
Acta Automatica Sinica, 2013, 39(11): 1871-1878

(A&t BETHEREREE]. Aghik, 2013, 39(11):
1871-1878)

Chapelle O, Scholkopf B, Zien A. Semi-supervised learning
(Chapelle, O. et al., Eds.; 2006) [Book reviews|. IEEE Transac-
tions on Neural Networks, 2009, 20(3): 542

Blum A, Mitchell T. Combining labeled and unlabeled data with
co-training. In: Proceedings of the 11th Annual Conference on
Computational Learning Theory. Madison, Wisconsin, USA: As-
sociation for Computing Machinery, 1998. 92—-100

Zhu X J, Ghahramani Z, Lafferty J D. Semi-supervised learning
using gaussian fields and harmonic functions. In: Proceedings of
the 20th International Conference on Machine learning. Wash-
ington D.C., USA: Kluwer Academic Publishers, 2003. 912-919

Zhou D Y, Bousquet O, Lal T N, Weston J, Scholkopf B. Learn-
ing with local and global consistency. In: Proceedings of the 16th
International Conference on Neural Information Processing Sys-
tems. Cambridge, MA, United States: MIT Press, 2003. 321-328

Vapnik V N. Statistical Learning Theory. New York: Wiley,
1998.

Yves G, Yoshua B. Entropy regularization. Semi-Supervised
Learning. Cambridge, MA: MIT Press, 2006. 151-168

Adrian C, Tommi J. Data-dependent regularization. Semi-Su-
pervised Learning. Cambridge, MA: MIT Press, 2006. 169-190

Wang CY, Xu Z F, Wang S T, Zhang H B, Chen Z C. Re-
search on semi-supervised learning for hyperspectral remote
sensing imaging classification base on confidence entropy. In:
Proceedings of the 2016 IEEE International Conference on Par-
allel and Distributed Systems (ICPADS). Wuhan, China: IEEE,
2016. 1225-1228

Hu T C, Yu J H. Generalized entropy based semi-supervised
learning. In: Proceedings of the 2015 IEEE/ACIS International
Conference on Computer and Information Science (ICIS). Las
Vegas, USA: IEEE, 2015. 259-263

Kim HI, Kim J B, Lee J E, Lee T Y, Park R H. Gaze estima-
tion using a webcam for region of interest detection. Signal, Im-
age and Video Processing, 2016, 10(5): 895-902

Esbensen K, Geladi P. Strategy of multivariate image analysis
(MIA). Chemometrics and Intelligent Laboratory Systems, 1989,
7(1-2): 67-86

Geladi P, Grahn H. Multivariate Image Analysis. Britain:
Wiley, 1996.

Xu De-Gang, Zhao Pan-Lei, Chen Xiao, Xie Yong-Fang, Yang
Chun-Hua. Classification and recognition for copper froth flota-
tion process based on multivariate image analysis. Journal of
Beijing University of Technology, 2014, 40(7): 967-973

(AN, R 22, WRIDE, WIS, PR, 6T 2 A5 U 4 (4
WRE LS RS IRA. b Tl K24, 2014, 40(7):
967-973)

Li Wei-Tao. A Study on Burning State Recognition and Estima-
tions of Clinker Quality Index in Cement Rotary Kiln Process
[Ph. D. dissertation], Northeastern University, China, 2012
(ZEMRETE. 7K [ 5 2 50 BCIR 25 1R ) A5 Sk T i A S ) 22 (1 1F 4
(W2 |, ALk, i, 2012)

Guo Zhang, Wang Ke-Dong, Lu Shao-Wen, Wu Zhi-Wei. Im-
age based semimolten condition diagnosis system of fused mag-
nesium furnace. In: Proceedings of the 28th Chinese Process
Control Conference (CPCC). Chongging, China: CAA, 2017. 210


https://doi.org/10.7641/CTA.2018.80556
https://doi.org/10.3969/j.issn.0254-3087.2012.06.009
https://doi.org/10.3969/j.issn.0254-3087.2012.06.009
https://doi.org/10.12068/j.issn.1005-3026.2019.02.001
https://doi.org/10.12068/j.issn.1005-3026.2019.02.001
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1016/j.patcog.2009.05.005
https://doi.org/10.1016/j.inffus.2013.05.007
https://doi.org/10.3724/SP.J.1004.2013.01871
https://doi.org/10.1007/s11760-015-0837-6
https://doi.org/10.1007/s11760-015-0837-6
https://doi.org/10.1007/s11760-015-0837-6
https://doi.org/10.7641/CTA.2018.80556
https://doi.org/10.3969/j.issn.0254-3087.2012.06.009
https://doi.org/10.3969/j.issn.0254-3087.2012.06.009
https://doi.org/10.12068/j.issn.1005-3026.2019.02.001
https://doi.org/10.12068/j.issn.1005-3026.2019.02.001
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/34.667881
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1109/TGRS.2012.2230332
https://doi.org/10.1016/j.patcog.2009.05.005
https://doi.org/10.1016/j.inffus.2013.05.007
https://doi.org/10.3724/SP.J.1004.2013.01871
https://doi.org/10.1007/s11760-015-0837-6
https://doi.org/10.1007/s11760-015-0837-6
https://doi.org/10.1007/s11760-015-0837-6

902

H Zlj

A

i 47 %

32

33

34

35

36

37

38

39

40

41

(5%, E30Mk, S, REM. BT RGN BB R R T
FIMFRGE. 5 28 Jm P EE R UL WS, i i E 3
SRR G4, 2017. 210)

Castineira D, Rawlings B C, Edgar T F. Multivariate image
analysis (MIA) for industrial flare combustion control. Industri-
al & Engineering Chemistry Research, 2012, 51(39):
12642-12652

Grandvalet Y, Bengio Y. Semi-supervised learning by entropy
minimization. In: Proceedings of the 17th International Confer-
ence on Neural Information Processing Systems. Cambridge,
MA, United States: MIT Press, 2004. 529—536

Ueda N, Nakano R. Deterministic annealing EM algorithm.
Neural Networks, 1998, 11(2): 271-282

Friedman J, Hastie T, Tibshirani R. Additive logistic regression:
A statistical view of boosting. The Annals of Statistics, 2000,
28(2): 337-407

Rubinstein R Y, Kroese D P. The Cross-Entropy Method: A
Unified Approach to Combinatorial Optimization, Monte-Carlo
Simulation and Machine Learning. New York: Springer, 2004.

Rubinstein R Y. Optimization of computer simulation models
with rare events. European Journal of Operational Research,
1997, 99(1): 89-112

Rubinstein R Y, Kroese D P. The Cross-Entropy Method. New
York: Springer, 2004.

Rubinstein R Y, Shapiro A. Discrete Event Systems: Sensitivity
Analysis and Stochastic Optimization by the Score Function
Method. New York: John Wiley & Sons Inc., 1993.

Loog M. Contrastive pessimistic likelihood estimation for semi-
supervised classification. IEEE Transactions on Pattern Analys-
is and Machine Intelligence, 2016, 38(3): 462—475

Rasmus A, Valpola H, Honkala M, Berglund M, Raiko T. Semi-
supervised learning with ladder networks. In: Proceedings of the
28th International Conference on Neural Information Processing
Systems. Cambridge, MA, United States: MIT Press, 2015.
3546—3554

PR RIEKRFRETIVEGSEHE
MO o B R S 3 R 2006 SE3RAG
FOR Y 25 b i T LA e 1
S, EERE T )y Tk e g A
SR, 2 REBEIUEET; %, B
BAF BT A PR T V. A SGE

N {E/E# . E-mail: lusw@mail neu.edu.cn
(LU Shao-Wen Professor at State Key Laboratory of
Synthetical Automation for Process Industries, North-
eastern University. He received his Ph. D. degree in
electronic engineering from the Queen Mary Uni-
versity of London in 2006. His research interest covers
industrial process modeling and simulation, multi-scale
stochastic modeling method, simulation software
design, and data visualization methods. Corresponding
author of this paper.)

mEE AR FHRETIEGS )
b B 5K B RS LRI LA 2018
G N NS ) | e X
FEWTTTT A B .

E-mail: wenyixin0421@163.com
(WEN Yi-Xin Master student at
State Key Laboratory of Synthetic-

d b

al Automation for Process Industries, Northeastern

University. He received his bachelor degree in automa-
tion from Northeastern University in 2018. His main
research interest is semi-supervised learning.)


https://doi.org/10.1016/S0893-6080(97)00133-0
https://doi.org/10.1016/S0377-2217(96)00385-2
https://doi.org/10.1109/TPAMI.2015.2452921
https://doi.org/10.1109/TPAMI.2015.2452921
https://doi.org/10.1109/TPAMI.2015.2452921
https://doi.org/10.1016/S0893-6080(97)00133-0
https://doi.org/10.1016/S0377-2217(96)00385-2
https://doi.org/10.1109/TPAMI.2015.2452921
https://doi.org/10.1109/TPAMI.2015.2452921
https://doi.org/10.1109/TPAMI.2015.2452921

	1 问题描述与技术路线
	1.1 问题描述
	1.2 总体技术路线

	2 图像特征提取
	3 基于熵正则化的特征融合方法
	3.1 熔炼电流数据的分布
	3.2 图像与电流的联合数据的构造
	3.3 基于熵正则化的目标函数

	4 半监督分类器的训练
	4.1 确定性退火EM算法
	4.2 基于交叉熵方法的优化算法

	5 仿真实验与讨论
	5.1 仿真数据测试
	5.2 公开数据集测试
	5.2.1 分类器准确率比较
	5.2.2 分类器训练速度比较


	6 电熔镁炉工业生产数据测试
	6.1 欠烧工况识别准确性
	6.2 过渡态工况识别准确性
	6.3 基于不同拍摄角度视频的欠烧工况识别准确性
	6.4 分类器训练速度

	7 结论

