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Hierarchical Granular Contrastive Network-based Knowledge Acquisition and

Modeling for Gas Scheduling of Steel Industry
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Abstract A real-time effective scheduling for gas system of steel industry is important for achieving energy saving
and consumption reduction. Considering that the gas generation and consumption processes are characterized by
multiple operating conditions, a knowledge acquisition and modeling algorithm based on hierarchical granular con-
trastive network is proposed. In view of the capabilities of deep contrast learning for processing semantic informa-
tion, a series of information granularities are defined and described to establish a semantic representation of the en-
ergy data. To extract multi-condition scheduling knowledge, a long and short-term memory (LSTM) network is
used to learn the time-varying characteristics of granular variables. On top of this, a knowledge representation net-
work based on granular contrastive learning is established, which takes advantage of the expert knowledge to parti-
tion the contrastive samples. For digging out deep-level knowledge involved in the scheduling data, a hierarchical
contrastive network is further proposed by employing a closed-loop feedback mechanism, and then scheduling mod-
eling tasks can be addressed with output layers. The practical operation data coming from the blast furnace gas sys-
tem of a domestic steel plant are utilized to perform our experiments. The results show that the multi-condition
knowledge representation obtained by the proposed method would help improve the modeling accuracy of the gas
system and realize human-level scheduling performance.
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Table 3
prediction under different situations

The error statistics of the gas tank level
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