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Optimization of Aluminum Melting Process by Data-Driven Model
Using Time Series Data*
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Shohei Yomogida **, Saho Kobayashi *** and Yuki Yamamoto

Improving the melting efficiency in aluminum melting furnaces has significant cost and environmental
benefits. A large amount of data, including time-series data, have been accumulated from the use of
aluminum melting furnaces, but no effective method has been established to utilize these data. In this
study, a data-driven model was constructed by combining two machine learning methods: variational
autoencoder (VAE) and artificial neural network (ANN). VAE was applied as a model to quantify
time series data into 18 latent variables, while ANN was constructed as a model to predict fuel gas
consumption from latent variables and other characteristics. In addition, we attempted to optimize
aluminum melting process by simulation using the data-driven model.

Although the aluminum melting process was complicated, we were able to construct a highly accurate
prediction model (R2= 0.69). Furthermore, the characteristics of the fuel gas flow rate in the case of
high melting efficiency were determined by simulation. In fact, the results of modifying the operating
conditions of melting furnace based on the knowledge obtained confirmed a significant improvement in
melting efficiency. These results indicate that the data analysis method used in this study is effective for
process optimization.
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Table 1 List of data used in analysis.

Data Types Data

Combustion Air Flow Rate
Fuel Gas Flow Rate
Exhaust Gas Flow Rate
Furnace Pressure

Process Data
Explanatory

Variable

Representative Raw Material Amount
Value Time Taken in Melting

Objective Variable Fuel Gas Consumption

Flue
Combustion Air Flow Rate

Furnace Pressure Fuel Gas Flow Rate

, .

Exhaust Gas
Flow Rate

Burner

Raw Material

Fig. 1 Schematic diagram of melting furnace.
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Fig. 2 Construction flow of fuel consumption prediction
model.

ANND2ODOEMAEETVEMHA L TWw5, UTFT
ZNENOHNFIZOWTIHHT 5,

2.3 VAEIZ & 245 EHmH

VAE X H 245 51b%s (Autoencoder, AE) O—Fi T
0, ANMF=5 WM TF=H—FT5LH) 2%y b
7 — 7 OEREEET L EAE LS 7 LT X
LD—D2TH5Y VAEOWM X% Fig. 312/7°F,
VAE 134571t #% (Encoder) & 5751b#: (Decoder) ® 2
DODZa—F Ay NT—=r 5, ADE, TRE,
WO Tk ENs, 22T, o=y  THEX
NN OEIZ AT T — % OF % K3 2 E 5T
b, AL (Z) LR, L7ed>T, VAERAE
TIRBAEEBEOR I E AEORITE LY b4 7% <
T5ZET, BRILATIT— % 2 KRICOBAEE I
LTS 5 ENTE D, VAEDOHMIE, HAEZEIZIE
BWAows E2EHLETHWEHTHDL, WHDAE
TIREEHNDO AN T — 12O TIIBAELEZ IE L < %t
RSB IENTELY, ANT—IPEBHDI Y —
BN, BIEABEMNISSED I LN TE
v, VAEXBAELZHIZWS X285 2LTID
RuZwkLTw5,

AKWFFE THET L 72 VAE © € 7V HERS % Fig. 4128
o BB, TITIEIVAEOHMREIZBIT 20D
LHEEIIAML TV d, BEFHIIBI2ROBLK

Fully Connected Layer
Latent Variable

Fully Connected Layer

H: Mean
1l 0: Standard Deviation
£: Random Number Generator

A\
g

Encloder Dec:':-der

Fig. 3 Conceptual diagram of VAE.
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Fig. 4 Structure of constructed VAE model.
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Fig. 10 Relationship between predicted fuel consumption and latent variable of fuel gas flow rate.
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Table 3 Conditions for melting experiment.
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Fig. 12 Variation of fuel consumption distribution
by melting operation conditions.

Table 4 Statistics and t-test results for each condition.

", Standard
Condition N Mean Deviation t )
Condition 1 1000 0.08 1.32 336 <0001
Condition 2 1000 -0.08 0.50 ’ ’
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