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<H 1> DVRPC XlY9 oREHEN E4

22 &9 ZAg| ZHat | Baagt | A=
oA EC Z 7 = 0 2764 978 0.55
A= Xt AMEIISE B XIE = 0 9237 | 2163 1.22
HHS_0-35K |0~35K AFOIQ AS(19994)S JH&l Db+ 0 1614 359 1.3
HHS_OVER_35K| 35K 0|49 AS(1999E)s Jt&l D=3 0 1695 619 0.58
gl NS W K-12 &w = 0 7 0.93 1.29
e = e = s 0 3 0.48 5.63
INFS TAZ €32 B3 NEHIX = 0 2 0.79 0.16
=3 TAZ L S&2 =X& = 0 2882| 12.3 83.7 |396.65
P~ TAZSt WXtole & B9 =+ 0 10 0.61 3.49
HAEFRE TAZSt WXtote & UXIHAEFHE = 0 501 32.8 2.42
EIR= ME= 0 1414.9| 1040 | 3.10

¥ TAZ : Traffic Analysis Zones

* XtZ : Shideh Shams Amiri, Nariman Mostafavi, Earl Rusty Lee, Simi Hoque, “Machine Learning
Approaches for predicting Household Transportation Energy Use®, City and Environment
Interactions, 21 August 2020, p.7.
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