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Intelligent Control Algorithm of Ceramic Tile Production Line
Based on Reinforcement Learning

CHENG Rongjian, FANG Yixiang, ZHAO Yi, ZHANG Tianzhu, LI Jun, WANG Junxiang

(School of Mechanical and Electronic Engineering, Jingdezhen Ceramic University, Jingdezhen 333403, Jiangxi, China)

Abstract: The modern ceramic tile production process can be taken as a complex system, where various regulatory behaviors
could affect the quality of the final ceramic tile products. The process parameters of traditional ceramic tile production are
usually determined through multiple experiments, which are based on the experience and behavior of engineers. However, it is
difficult to accurately determine process parameters based on empirical behavior. Also, optimal process parameters would
dynamically change with actual operating conditions (such as external atmosphere). Under the influence of variable working
conditions in ceramic tile production lines, it is difficult to ensure the stability of product quality. In order to solve the manual
control problem dominated by experience and achieve dynamic parameter updates in actual processes (working conditions), an
intelligent control framework is proposed for the first time for ceramic tile production lines, based on deep reinforcement
learning (DRL) algorithm. The framework includes an Environment module and an Agent module. The Environment module
simulates and updates various working conditions in the ceramic tile production line, based on data mining technology, where

the corresponding product quality could be timely predicted through random forest (RF) prediction model. The intelligent
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Agent control module can quickly adaptively adjust process parameters based on the predicted product quality, so that quality

of the ceramic tile product meets the expectation. It is found that the accuracy of the prediction model constructed by using

this method is higher than that of similar methods, with an average improvement rate of 2%. At the same time, after multiple

iterations, the intelligent control algorithm for the ceramic tile production lines can increase the qualification of production

process parameters to 95%, with desirable control effects.

Key words: deep reinforcement learning; ceramic tile production; production parameters; random forest
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Fig. 1 Flow chart of ceramic tile production
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Fig. 4 Optimization and control framework of ceramic tile production process based on DQN algorithm
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Tab. 1 Multi-link process parameters and scope
Parameter Unit Value range
Granule moisture % 6.0-6.7
. Granule unit weight — 0.892-0.935
Controllable variable . .
Thickness of green bodies mm 9.05-9.37
Moisture of dried green — 0.59-0.79
State variable Temperature of kiln °C Several temperatures of firing curve
Rupture modulus — 17.65-24.43
. Water absorption — 16.32-20.93
Output variable L
Biscuit size mm 607.53-609.14
Biscuit thickness mm 8.97-9.37
*2 BEBATIZSHRAEZESK
Tab. 2 Process parameters and adjustment steps of spray towers
Parameter Unit Value range Step
Burning temperature °C 1001-1044 2
. Inlet air temperature °C 640-659 1
Controllable variable .
Exhausted air temperature °C 97-125 2
Tower temperature °C 428-460 2
. Slip feeding pressure MPa 30.0-33.2 —
State variable ) .
Slip feeding pressure — 1.680-1.707 —
Moisture content % 5.2-6.4 —
. 20 eyes 0.15-0.54 —
Output variable
40 eyes 48.20-56.37 —
100 eyes 0.41-2.16 —
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Fig. 5 Schematic diagram of output variable classification
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Tab. 3 Prediction accuracy of the multi-link process
parameter model

Rupture Water Biscuit  Biscuit
modulus  absorption size thickness
Aceuracy ) gy 0.86 0.81 0.81

score
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Tab. 4 Prediction accuracy of the process parameter
model of spray tower link

Moisture 20 40 100
content eyes eyes eyes

Accuracy_score
(proposed)

Accuracy_score
(Huang 22y 0.89 — 0.86 0.88

0.86 0.88 0.92 0.90
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Tab. 5 Experimental data to be optimized

Burning Inlet air Exhausted air Tower Slip feeding  Slip specific ~ Actual classification
Samples .
temperature  temperature temperature temperature pressure gravity value of output
1# 1030 655 105 436 30.3 1.700 0 1 0 0
2# 1030 655 104 442 30.5 1.697 1 0 0 1
3# 1031 650 100 437 30.9 1.690 0 1 0 0
4# 1032 655 101 449 31.1 1.680 0 0 0 1
5# 1037 655 102 451 31.1 1.680 1 0 0 1
o# 1022 655 104 438 31.4 1.680 1 1 0 0
T# 1035 645 108 460 32.5 1.696 0 0 1 0
8# 1035 650 110 457 31.9 1.696 1 0 1 0
ot 1036 650 111 450 315 1.680 0 1 0 0
10# 1024 640 111 438 30.8 1.700 0 0 1 1
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Fig. 6 Loss convergence curve of the test samples
x6 800 RIEKEHBEMULER
Tab. 6 Model optimization results after 800 iterations
Burning Inlet air Exhausted air Tower Slip feeding Slip specific Classification value
temperature temperature ~ temperature temperature pressure gravity after optimization
1044 657 125 460 30.3 1.700 1 0 1 1
1004 659 120 428 30.5 1.697 1 0 1 1
1003 641 122 427 30.9 1.690 0 1 1 1
1030 642 97 427 31.1 1.680 1 1 1 1
1035 642 126 459 31.1 1.680 0 0 1 1
1018 647 118 430 31.4 1.680 1 1 1 1
1038 648 116 452 32.5 1.696 1 0 1 1
1003 650 115 443 31.9 1.696 1 0 1 1
1006 642 125 454 31.5 1.680 0 1 1 1
1036 646 100 454 30.8 1.700 1 0 1 1
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Tab. 7 Model optimization results after 5000 iterations
Burning Inlet air Exhausted air Tower Slip feeding Slip specific Classification value
temperature  temperature temperature temperature pressure gravity after optimization
1018 655 99 430 30.3 1.700 1 1 1 1
1030 659 126 430 30.5 1.697 1 1 1 1
1045 645 110 461 30.9 1.690 1 0 1 1
1000 647 105 443 31.1 1.680 1 1 1 1
1039 658 110 461 31.1 1.680 1 0 1 1
1026 640 96 432 31.4 1.680 1 1 1 1
1023 640 122 428 32.5 1.696 1 1 1 1
1035 647 98 439 31.9 1.696 1 1 1 1
1008 642 107 428 31.5 1.680 1 1 1 1
1030 644 105 428 30.8 1.700 1 1 1 1
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