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Predictions depend on production volume, molecular
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EPA has ample data for facilities:

Advantages: improved compared to existing

Advantages: primary data reported by industry and states; detailed databases; includes storage and fugitive emissions; 7 6
emission profiles; able to be automated look-up tables for screening-level inventories ‘
)

Challenges: allocating in multi-chemical production facilities; data Challenges: knowledge of engineering design; need
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