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Abnormal Condition Diagnosis Through Deep Learning of

Image Sequences for Fused Magnesium Furnaces

WU Gao-Chang? LIU Qiang®? CHAI Tian-You'?2 QIN S. Joel»3

Abstract Ultra-high temperature smelting process of fused magnesium furnace (FMF) is difficult to monitor and prone
to the semi-molten abnormal condition, which exerts severe influences not only on product quality but also on security
of production and workers. Traditionally, the practioners have to reach out for inspection by watching the furnace shell.
This is difficult in real-time and can cause missed alarms, wrong alarms, even lead to melting through the iron shell of
the furnace. To solve this problem, the paper uses the information from in-situ video and takes advantage of the spatial-
temporal features of the semi-molten abnormal condition, namely, the spatial feature appearing as irregular highlighted
regions on the local furnace shell and the temporal feature appearing as increasing brightness and increasing areas of
those regions. Based on the spatial-temporal features, this paper proposes a novel convolutional recurrent neural network
(CRNN)-based method for the abnormal condition diagnosis of FMF. The method is composed of three modules: a
preprocessing of the original video, a convolutional neural network (CNN)-based spatial feature extraction and a recurrent
neural network (RNN)-based temporal feature extraction and a weighted median filter-based automatic labeling algorithm.
By applying videos from the furnace shell of a real FMF, the proposed method is tested and compared with other two

deep learning-based baseline approaches, and the results demonstrate the superiority of the proposed method.
Key words Fused magnesium furnace (FMF), spatial-temporal feature extraction, abnormal condition diagnosis, con-
volutional neural network (CNN), recurrent neural network (RNN)
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(a) Imagc of a production site, where region marked by {b) Image of the semimolten condition at
solid box is the furnace shell a certain frame
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(o) RIRT AN Frik=’G (d) B (o) P Amic ARBER (] ¢ BOTRZAE AR, Hik
(c) Temporal residual image of P Bk I 3 A B X S B R A 2k
semimolten conditio (d) Temporal residual image of the region in (c¢) marked by solid line

over time ¢, where the area marked by an arrow shows a transient
disappearance of visual features of the semimolten region
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Fig.1 Analysis of visual features of semimolten condition for an FMF
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Kl 2 FrRiE T EFEAR 2 M 4 (Convolutional
recurrent neural network, CRNN) ) A& EE) K
B Ot % a5 T8 h =3B Al BB
JEAN AL PR . BT B IE A 28 ) 2% Y R AE $2
U H I I AT H [ i 1 T 000 DX S A .

~

- {)])
B2 BT CRNN [ HIBEBED K be 0015 Wi skems 4544 ]

Fig.2 Framework of the proposed semimolten condition
diagnosis based on CRNN for FMF
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IR — B BIS I BIF I Viar = {H:, Ha, -,
Hy}. s Lab 23liy )7 51 F:4m ROB %
[E], #5438 Vres = {[1, L2, -+ , In}.
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HIXEFAIRARAS (BDAT 50 Wi PAIIRAS) 107R2% T
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Ho, L, RER § ZEMgsm, LI HH—2Z M
EA MTE 1 RN, LI, R AR, B
R EE), B, WiE S, ReLu(-) WIETE L
PE5C (Rectified linear units, ReLu), ReLu(x) =
max(z,0). A3 10 Wi PR ER B R =
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H

fr=o(Wp x [0 yion] ™ +0y)

it = o (Wi x [ gl )T+ :)

C' = tanh(We x [yt )" + be)

Ct:ftQCt71+it@ét

o' = (W x [h* 1, ylone] ™ + o)

h! = o' ® tanh(C") (4)
o, fodt, CY of #99 LSTM BT iistt; o)
g sigmoid ELHEHIT, B o(z) = (1+e*),
tanh XL HIEVIREG © WA AR, W, W;, We
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Fig.3 Architecture of the proposed CNN
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Fig.4 Structure of the RNN
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Fig.5 The LSTM unit

W,  LSTM BTEAUE, by, bi, be 1 b, 2y LSTM
HITIRES Yoone NITH t BT M 254, b
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t BFZ) LSTM Bk . @ x) LSTM H oo i
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(RPE5 ¢ mitlE By 3) 2 Wras R R 1 Py.) M
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exp(Wyihi + by)
Z GXp(thh§C/ + bk)

k'eK

Hrp, K iz WraiR2En = m, K = [0,1] (0 A%
IEH K, T ARG, REZWER 9 h

g0 = argmax(P(y, = k), k € K)

()

(6)

AR Z (CNN 55 LSTM) {2l — 48
PRIEFTUN G, AR BREC Lross F5EUH, & SLATF

Lioss ==Y > Qy="k)log(Ply=Fk) (7)
rzeX keK
Hor, (z,y) A—dEdEXT, X AL 5
XECE, Q(y = k) AR BHR IR 21, BIXHT
EFEXE QY =0) =1, Q@ =1) =0, MXHEX
HQy=0)=0,Qy=1) =1

2.2.3  ETMRFEIEKHN IR XERS

HL A B A7 T BT A T, (LA
AR e P 1 101 5 W 725 ) A
e I, XE—BER 1 /NG BRI R4
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o T G A A U U R R G  2
I Iy EL B £ 20, (L5 58 i ELAT 40 A B
U R 4 I 0 24 A7 I 2, O 3 A
4 AR B HE T U 45 5S84
TERICA R FRAE 1 TSRO,

AT B M PR B E A, A
S T AE:

1) BT B, Bas o (R A, 1
G2 R 1 5 B A B T .

2) SBEIKIIBAR R AU, (L HL %2k, BBk
R BRI % 2 KA

7 AL RS I D2 1 T Bl 5 74
() MO BREBEVIIOR 2 BRI % e K .

£ LR PTARSE, 7% SCHE th—F AR B
B S B SR I v, R TS
R P 2 W T e T R 2
RRAEASIE i 1 B BT P Px I B R 91
o T I T L, BB I T

1) X ST B BRI b i — B
PR PG e T A R IR Gy 5 4t
G HEFT AT 707, 9 L L 5 51 B A
I Y1, Y (WIF 6 (c) FER).

2) 45 FGATLIA P 15 9 25 H AL 1. I 2
VERLB R — 25 RO BT 5% AR IC R Y2, Yo, 0

BRI ISR 5 JEL, O Y5, Y. Vi, oo
AL A
0=0+%= 1) @

Hr, O; A5 @ WK A T E BLARAR.

3) AR KIRAEAE. mI A A S R bRiE KR A
LIS S A57, PR SR SO S AR P (B 208 O o 4 — i g
ZEFRCEIE Yy AT AL B AT 3 B & R bR
s Y,

Yn(p) = arg med(hp(k))

q€EN(p)
_ |R;i(p) — Ri(Q)IZ |z, — azq\2
w(p, Q) = €exXp <_ 2/)%% - 2;)% >
(9)
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(b) BRI ok 2 F R
{b) The corresponding temporal
gradient image

() F— WU S F R 2
(a) Image of FMF at a
certain frame

(o) NLHsic B R e X 1

{¢) A manually marked

(@ iR s
P X 4%
{d) The labels refined by the
weighted median filter

semimolten region

K6 BT AR E IR A I G b 2 A A

Fig.6 Generation of training labels based on

weighted median filter

Hrp, N(p) WBE p A, x, HERE p =R
br, 6 Rve B N ra k% (Kronecker delta function),
HI N EAE sy 0 IF6(-) = 1, BN 6(-) =0, R
RTRAL PGB B 5 4 Wi PR 2E IR, pr F pe H
IIA AR I8 s 1) [ 240 ASCHL pr = 0.08, p,
= 2. E6(d) NEMACHEIRE %, 46
6 (a) FIE 6 (b) WJLAE BZIRE BRI KT R BRI
PEAT R 7 .

3 NMAWIESSEERS S

ARG I ) AR B S R 416 BUIE P
22 A5 ARSI, I ACHLE B b L LR
G WrR 515 WU W J5 T, R TR ) M
IR T IO o, 5 i R 4R B A
WIS WNIERR20R, iR WMR (KBTI
PERPARAIN ) . BRIZWrR (IEFARES TS W KR
To) MLUEZWrR (BRI WHERL); 15 Wrig/s s
M B3 S 2 e T 0L E pr AR 292 Wt b T 00 2
Jir 3 B R RS

S T I 1 A0 B 22 AR A
EARIR M 26 W 45 AR 02D EAT e LE. Hod, SR [21]

X A P18 43 AR U= 30 25 1RV RRAE 5 42 J) 2 [ 43 A1
PEAT R B B ARG I . EL A, SRk [21] %Rk
B P15 DA S B A AR, 4 R T A4 AR s 2 1 4%
AT A R AR I, Tl — 2 &2 Al AT
RUZRY 23 [BIRHE. T SCHER [12] FIH &6 £ )2 LSTM
FIoH) RNN 405 150 A 7R GEARIEAS [H]
I 4% 22 [E] R R B2 P, RSk [21) B Scik [12] 33
KA T EM g, B SCiEk [21] RA 4 2 CNN
5 2 B4 EEZE AT R REE R 28 B RSB, I
P 1 24 EE 2R e mt, ek [12] RA 7
JZ LSTM Bt (ARSI 6 2625
1 2 LSTM Bjr). pbsh, it A B HE B )
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Visualization of diagnosis result of semimolten condition for FMF
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