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INTRODUCTION

« EV Vehicles are rapidly adopted worldwide

* Need reliable Charging stations for regular
dependency

» Because of Rapid growth, Infrastructure are not
built on a same pace

« This project tries to determine required number of 11772 Level 2
ports(Level 2 and DC) in Census Tract level using 7.ZC pi‘:f CCS1DC Port
Machine Learning



PROBLEM STATEMENT

A sustainable EV adaptation need proper charging infrastructure

Although US is adopting EV vehicles fast but its infrastructure are not built evenly in all
region

Not having even and fulfilling infrastructure may create negative impact among people

This Project aims to predict required number of charging port in small region i.e., census
tract using demographics, land use, accessibility data
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MODEL SELECTION

Two approach were used to find optimal model:

« Approach 1: XGBoost Regressor and LightGBM were used to predict total number of port.

« Approach 2: Almost 60% training data had zero ports, so two stage model also
implemented

« Stage 1: Classification — predict presence of charging infrastructure
« Stage 2: Regression — predict number of charging ports

Single XGBoost with importance feature provides best result.




MODEL PERFORMANCE

« The model shows moderate predictive
capability for EV charging demand.

« Final Model predicted almost 15% more
number of charger for Vermont State.
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SHAP ANALYSIS / FEATURE IMPORTANCE

(SHAPLEY ADDITIVE EXPLANATIONS)
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SHAP ANALYSIS / FEATURE IMPORTANCE

(SHAPLEY ADDITIVE EXPLANATIONS)
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GAP CLASSIFICATION

Based on actual and predicted number of ports, tracts are categorized into three group:

« Underserved Area: Predicted ports > Existing ports
« Balanced Areas: Predicted ports = Existing ports

« Overserved Areas: Existing ports > Predicted ports




Select State

o

Total Existing Ports Total Predicted Ports Overall Charging Gap

10597 12921 2324

Charging Status by Tract - MA

[0S Braftléboro

41 ; ' o - '.‘ T
_ l ‘ " A Win(ngner_ ‘ i Greenville

Stelfwagen '
Bank jational
Marme
Sancrumy

Nonh anaan "\‘}y '.-

Ilsbury s

Enfleld | -Somers Stafford
Charging Status y

Smithfield

) %C\I(El f
Thompson Burrllhnlle

v Y elingtan | Putiam Glocesur
= Under-Served (Gap > 0) { Tolland ¥, &
 Balanced (Gap = 0) ¥ Vel n6n Ay

u Over-Served (Gap < 0)

e
<O A {

Killingly

19

‘Mm' 1N ansfield !

&

Farmin lﬁw Ston \' ﬁ" lim .k 4 z % :
T o = | Coventry Warwi
/ \>J‘B'&° Jta'ﬂ/\ l@ H-bmn .\\\ P ,_rmf:’ :

GAP ANALYSIS OF
MASSACHIISFTTS

== | eaflet | © OpenStreetMap contributors




Select State
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ANALYSIS

» Overserved Tract has many underserved neighbor

» Overserved tracts gap and the gap of nearby underserved
tracts are quite corelated.

 Inreal life charging station are not perfectly install on tract
basis.

* We can merge multiple neighbor tract to get better result for
specific area.




FUTURE WORK

« EV registration and adaptation data, Traffic data, and Highway data could be added for
better result.

 Instead of generalizing some well-established state’s data for model training we could
collect some real suitable data through research or survey.

 Instead of limited within a tract level, we could find more useful area by combining
multiple tracts.

« We can even build a system to determine location for new charging station based on the
demand predicted by this model.




CONCLUSION

« Developed a model to predict total number of required charging ports on tract level based
on demographics, business activity, and built environment data.

» Applied trained model to analyze the Charging Infrastructure gap for different state.

» The data-driven insight could be used for EV infrastructure planning and investment
decisions.
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