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Development of Flatness Control in a 12Hi Cold Rolling Mill Using Deep
Learning
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Abstract:

Flatness control in a cold rolling mill is generally performed by feedback control based on measurements from
flatness meter installed on the exit side of the mill. This approach is usually applied to 4Hi and 6Hi rolling mills. In
flatness control, influence coefficients are parameters that need to be measured on the actual mill. Ideally, numerous
factors affecting flatness, such as thermal crown and wear of rolls should be considered in the influence coefficients.
Constructing and managing a model that accounts for these factors is however unrealistic. In this paper, a new

flatness control using deep learning that does not require measured influence coefficients was developed and

installed to a 12Hi cluster cold rolling mill.
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Fig.1 12Hi cold rolling mill and it’s flatness actuators
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Table 1 Specifications of the mill

Mill type 12Hi reverse
Max. rolling speed 600 mpm
Max. rolling force 6 000 kN

WR diameter 70-120 mm
Steel grade High carbon steel
Thickness 0.3-2.3 mm

Width 400-1 070 mm
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Table 2 Input information of the deep learning network

Number of data Unit

Measured flatness 44 I-unit
Target flatness 44 T-unit
Start/finish element 2 -
Pass No. 1 -
Position of flatness actuators 6 kN or mm
Width 1 mm
Entry/delivery thickness 2 mm
Entry/delivery speed 2 mpm
Entry/delivery acceleration 2 mpm/sec
Rolling force 1 kN
Lubricant flow 1 L/min
Entry/delivery tension 2 MPa
WR diameter 1 mm
Entry side strip crown 1 wm
Rolling direction 1 -
Rolling distance 1 m
Steel grade 1
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Table 3 Output information and constants for normalization

WR bender 9.2 (kN/sec)
IMR bender 9.2 (kN/sec)
Leveling 15 (um/sec)
BUR crownl 10 (um/sec)
BUR crown2 10 (um/sec)
BUR crown3 10 (um/sec)
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Fig. 2 Schematic diagram of deep learning network
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Table 4 Training conditions of deep learning network

Number of training data 1 000 000
Number of validation data 200 000
Number of test data 200 000
Number of input data 23
Number of output data 6
Number of middle layer 7
Number of node 512
Epoch 500
Loss function mse
Optimizing method adam
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Fig. 3 Details of calculation procedure in training and prediction phase
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Fig.4 Schematic diagram of the data importance calculation
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measured (b) manually operated flatness actuators
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