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Intelligent Perception and Recognition of Blast Furnace Anomalies via

Burden Surface Video Image Analysis

ZHU Ji-Lin' GUI Wei-Hua"? JIANG Zhao-Hui"? CHEN Zhi-Peng' FANG Yi-Jing'

Abstract The intelligent perception and precise recognition of blast furnace (BF) anomalies are important for BF
regulation, optimization and stable operation. However, the opaque nature of the internal workings of the BF makes
it difficult for traditional detection methods to directly perceive and accurately recognize various BF anomalies. The
novel industrial endoscope can capture a large number of BF burden surface video images, providing a new way for
direct observation of the furnace’s operational status. Based on this, an intelligent perception and precise recogni-
tion method for BF anomalies is proposed via burden surface video image analysis. Firstly, a method for extracting
high-temperature gas flow regions based on multi-scale texture fuzzy C-means (MST-FCM) clustering is proposed to
accurately obtain gas flow images and extract multi-features of gas flow images. Secondly, a high-dimensional fea-
ture dimensionality reduction method based on feature encoding is proposed, which is combined with the adaptive
K-means++ algorithm to achieve coarse-grained perception of gas flow anomalies. On this basis, a fine-grained per-
ception method for gas flow anomalies is proposed by refining Jacobi-Fourier moments (JFM) to extract the deep
feature change trend of gas flow images. Finally, based on the perception results of gas flow anomalies, and com-
bined with BF video images, a multi-level residual channel attention module (MRCAM) is put forward and the BF
anomalies recognition model ResVGGNet is established. This model achieves precise and online recognition of gas
flow anomalies, collapsing and hanging burden surface in the BF. Experimental results demonstrate that the pro-
posed method can accurately recognize different BF anomalies with a fast recognition speed, providing crucial assur-
ance for the smooth operation of the BF.

Key words Blast furnace (BF), burden surface image, BF anomalies perception, BF anomalies recognition, multi-
level residual channel attention module (MRCAM)
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Fig.1 The schematic diagram of installation of the nov-
el industrial endoscope ((a) Actual installation position of
the novel industrial endoscope; (b) Schematic diagram of
imaging area of the novel industrial endoscope)
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Fig.2 BF burden surface images under different BF operation statuses
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Fig.3  Comparison results of high temperature gas flow images acquired by different methods under different BF
conditions ((a) Stable 1; (b) Stable 2; (c) Abnormal gas flow status; (d) Hanging 1; (e) Hanging 2; (f) High stockline)
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perception and recognition via burden surface
video image analysis
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Fig.5 The integral region of Jacobi-Fourier moment
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M2 5 5 A VGG BRI, AMEEIE S 1 ~
2 NMERERRKMLE, —3ih 8 MERER 3 A4
SEREEHN. VGG MK GBI mAN 55
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2.3.1 ResVGGNet tEBIEE{KLEH]

ResVGGNet HERZER A 6 Frow, BARK M
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attention module, RCAM), RCAM %% 2 45 #4 fl
B B R R 2 2 A v ) A R A
1x 1 FIEAZ, T VSR G EE s, R
b B R BB T — 2.
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REFIEH S R BRI 5 RS T AR,
2.3.2 ZEKXEBETENER

TG BR ZZ G5 I 7 B, Bk ZESE M TE RN
5 G 8204 2 TR i N B R E R AR KRR
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The multi-feature results of high-temperature gas flow images from different BF statuses after

dimensionality reduction ((a) Normal status; (b) Abnormal status)

-50 -~
-100 s s s
=100 50 0 50 100
(a)
Fig.9
100 ; . .

¥ s
| 5
% N

-50
-100 : : :
-100 -50 0 50 100
(a)
10
Fig.10

100
50 -

oy &,

100 : ' :
=100 =50 0 50 100 150

AFPRE T R AR BB 2 TR R RS ((a) EHERE; (b) FFRE)

The multi-feature results of high-temperature gas flow images from different BF statuses after

clustering ((a) Normal status; (b) Abnormal status)
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16 BRE T B IR A AT WD R A 6 T ik AL HE A
FZ gt r i CAM, MWPCAM, SFIC-
VA" Local-DBKSSA (L-DBKSSA)™. Adaptive
DiASSA (A-DiASSA)®! FIJE TR B 2% ) 1) )7 i

FDR = (80)

FAR = (81)

Ui



7 REEFREE: F T RHI AL UG 7 (0 b e RS B BRI N 5 1R ) 1359
100 14 T T T T
—ResNet18
0r 12 —VGG11
ViT16
S 80T 1.0 ——SwinT-t
ool ——ResVGGNet | |
i
=
= o,
= ——ResNet18
50 ——VGG11
ViT16
40 F ——SwinT-t
——ResVGGNet
P DE e
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
epoch epoch
(a) (b)
100 2.5 T T T T
90 ——ResNet18
r ——VGG11
2.0 ViT16
S 801 ——SwinT-t
~ | K15f ——ResVGGNet | 4
w10 =
= =
= 60 =
= ——ResNet18 = 1.0
i vine
1
40 ——SwinT-t 0.5¢
——ResVGGNet b SVA A EA | A
30 L 0 L O R e
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
epoch epoch
(c) (d)
Bl 12 AR EMERTYIGS MR R () WA (b) NGB (o) Mg (d) WHik)
Fig.12 Training and test results of different classification network models ((a) Training accuracy;
(b) Training loss; (c) Test accuracy; (d) Test loss)
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