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ABSTRACT

Purpose: It is essential for the steel industry to produce steel products without unexpected downtime to
reduce costs and produce high quality products. A hot strip rolling mill consists of many mechanical and
electrical units. In condition monitoring and diagnosis, various units could fail for unknown reasons.
Methods: In this study, we propose an effective method to detect units with abnormal status early to minimize
system downtime. The early warning problem with various units was first defined. An autoencoder was mod-
eled to detect abnormal states. An application of the proposed method was also implemented in a simulated
field-data analysis.

Results: We can compare images of original data and reconstructed images, as well as visually identify differ—
ences between original and reconstruction images. We confirmed that normal and abnormal states can be
distinguished by reconstruction error of autoencoder. Experimental results show the possibility of prediction
due to the increase of reconstruction error from just before equipment failure.

Conclusion: In this paper, hot strip roughing mill monitoring method using autoencoder is proposed and experi-
ments are performed to study the benefit of the autoencoder.
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Figure 1. A Schematic illustration of hot strip rolling mill process
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Figure 2. lllustration and image(left) and picture of a roughing mill(right)
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Figure 6. Autoencoder(right) and stacked autoencoder(left) structures

LENFYY F2e WAt 295§, 295 LB, EFORE 84S, 85 E(learning rate) 53 o]
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F& <Table 1> YeRAct 222 G5
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tt. MSE(mean square error), RMSE(root mean square error)S 227t A 51|l 7|02 54 th <Table 1>
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Agd eate] FA1E vehdaL vk S ElolE o] ARk AlRRERL 1~100014 A7+ @ 4ke] 42 0.004
2 FAdolE & o] &3 Bl Al eate] 4n) S BTk S1F 772191 1001~11009014 = 0.029, nhA2F -3¢
2l 1901~2000°01 A<= 0.198% WA 2 7he A|2H31e] 52,34, F7+-3e] 6.8¥ = mll-¢- A Webstt). o] 52
A o3 7IeRds Fd e FHoE AAPS W A ext A, EddolEelA S5dtk 139 wlolE e}
o dlolB7F 19 E e b}E‘r‘ﬂiE‘r ol& Fal -2l Adule AEirt Aok debileS & g AL, dEE S

ArdaE A 7@&3 s = 3
b .

ﬂl{

<Figure 9> Wz Sl 0] n| =) 2 W33l 98 o]n| % (original image)®} %8 (reconstruction image)

S WA g E} <Figure 9(a)>2] 48 o|n|A= LEFAHE T3 <Figure Ad)>Z A ATAEES &

It} kAR, <Figure 9(c)>9] 948 olnx|= QEJNFEE E3l <Figure 9O)>E AFAE w] o]u|x]7} AL,

A= A oW A S AFAHA] ot As G & e o] Ao ouAE AFAE w AT At

7b A BT A o|HAE FE Ao R o] g Ak = Aol HlolEs de 5 Ae AT

AAGD HolHE olr A& W=l o] 3E Y o|n A sk w4l (convolutional neural network, CNN)&
Zgafo] Anldde] Wsts Adsta ol iE i A Aot}

Table 1. Hyper—parameter for autoencoder modeling
Model No. 'The number of Actwa'uon Dropout ratio MSE RMSE
hidden layer node function
1 0 0.0704 0.2654
2 tanh 0.2 0.0708 0.2660
3 100 0.5 0.0724 0.2690
4 0 0.2628 0.5127
5 ReLu 0.2 0.2326 0.4822
6 0.5 0.2578 0.5077
7 0 0.0608 0.2465
8 tanh 0.2 0.0605 0.2459
9 200 0.5 0.0618 0.2486
10 0 0.3070 0.5541
11 ReLu 0.2 0.2995 0.5472
12 0.5 0.3108 0.5575
13 0 0.0599 0.2448
14 tanh 0.2 0.0549 0.2344
15 400 0.5 0.0593 0.2436
16 0 0.3385 0.5818
17 ReLu 0.2 0.2249 0.4742
18 0.5 0.2281 0.4776
Table 2. Stacked autoencoder modeling
Model No. Hidden layer Activation Dropout ratio MSE RMSE
structure function
19 (500,400,500) 0.0953 0.3087
20 (600,400,600) tanh 0.2 0.2887 0.5373
21 (700,400,700) 0.2905 0.5390
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Figure 7. Reconstruction error trend of autoencoder model
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