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Abstract

By analyzing the influencing factors of carbon emission in the grinding process of drive shaft, a
more accurate carbon footprint calculation model is established in this paper. In view of some
problems existing in traditional calculation methods, it is decided to apply big data technology to
the collection and calculation of carbon footprint in the grinding process of drive shaft. Traditional
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methods of carbon footprint collection and accounting have a series of problems such as insuffi-
cient computing power and collection difficulties when faced with massive and unbounded data.
However, this study uses big data technology to collect and analyze a large number of production
data and energy consumption data to provide real-time and accurate metadata for carbon foot-
print accounting models.
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Table 1. Carbon emission coefficient of electricity in various regions of China
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Table 2. Carbon emission factor of commonly used materials
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Figure 1. Basic data items on carbon emissions generated by each system
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Table 3. An explanation of the underlying data item
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Figure 2. HDFS distributed storage system
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Figure 3. Spark processes the propeller shaft carbon emission data flow chart
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Figure 4. Data acquisition and storage process
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Figure 5. Tree diagram of the problem analysis of carbon emissions during the grinding process of the drive shaft
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Figure 6. Data processing flow chart
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Figure 7. A data flow diagram of the two phases of Spark’s carbon footprint accounting
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