Detection of electric vehicles at household
level from half-hourly smart meter data

Rafferty Parker, Data Scientist
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Project motivations

* Customer focus

* Which segments of our customer base
are driving EVs?

* How is this likely to change over time?
* Why EVSs?
* Large energy users

* Rapid rate of uptake

» Localised clustering may trigger
Infrastructure upgrades
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Why location matters

* Vector's EV trial demonstrated
that due to diversity effects,
IMmpacts on infrastructure servicing
a large number of households will
be lower than anticipated

* At fewer numbers of households,
the likelihood of a high % of
customers charging concurrently
INcreases

* Qur scenario model predicts a
2032 EV demand of:

« O.EMW in Otahuhu
* 1.8MW In Remuera
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Data sources

* Survey of Auckland customers
* Do you have an EV?
* When did you purchase your EV?
* Etc

* Auckland weather data
- HDD calculated from
temperatures
* Electricity smart meter data
« Half-hourly resolution

* Provided under DDA agreement
oy retailers and metering
companies
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Vector Limited
e uyd-Q
Do you own an electric vehicle (EV)? We want to hear from Aucklanders who own, or are

considering buying, an electric vehicle in the next 12 months.

If this is you, please take part in a short two-minute survey for a chance to win one of five $100|
Prezzy cards: https://survey.vector.co.nz/jfe/form/SV_2fXCvDdUVNiEufc...

#electricvehicles #survey #NewEnergyFuture

take part in our. |
for a chance to

F

SURVEY.VECTOR.CO.NZ

Qualtrics Survey | Qualtrics Experience Management Learn more
The most powerful, simple and trusted way to gather experience data. Start y...



Smart meter feature engineering

|ICP:; O0SD...NU
numMmber Period 00SD.NU 03 0.42

20210101

150 data points

2 20210101 2 O.11
3 20210101 3 0.08 .
/' Uses domain knowledge to extract

4 20210101 4 0.09 . ‘ 1

high-level features’ of the data

» Statistical

« Temporal
17519 20211231 47 029 - Ratios
17520 20211231 48 0.26 . ‘Jumps’ N demand

*7 _— : . . .
17,520*3 = 52,560 data points * Reduces dimensionality

* Improves model accuracy
wvector * |Increases speed of model training



XGBoost algorithm: backgrouna

Fundamental architecture based on decision trees

* Decision trees categorise
using binary logic on
variables

* Made up of nodes and
obranches
* Root node at the top
» Leaf nodes at edges (final

classification)
* Internal nodes in between

* Nodes determined based on
lowest gini index at each

split
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X[251<=0.0
gini = 0.159
samples = 871
value = [795, 76]

X[35]1 <= 0.22 X[22]1 <= 0.0
gini = 0.142 gini = 0.066
samples = 52 samples = 819
value = [4, 48] value = [791, 28]
gini = 0.0 gini = 0.0 gini = 0.0 X0l <99
samples = 4 samples = 48 samples = 702 sagmplgs = 117
value = [4, 0] value = [0, 48] value = [702, 0] value = [89, 28]
ﬁ ﬁ 7] <= 0.018 X[26] <= 0.004
gini = 0.397 gini = 0.091
samples = 33 samples = 84
value = [9, 24] | = [80, 4]

gini = 0.0 gini = 0.048 gini = 0.444
samples = 25 samples = 8 samples = 81 samples = 3
value =[1, 24] value = [8, 0] value = [79, 2] value = [1, 2]

Decision tree for determining the presence or absence of EVs



Model accuracies

Initial results with EV trial data (fast chargers) showed very high
performance

Detecting ‘trickle charging’ still performed well when using one full
year of smart meter data, however performance deteriorated rapidly
when features calculated using less data

| Alichargers

Precision Recall Precision Recall

One

month 0.55 0.62 0.69 Q.77
Three

months 0.63 0.5 0.71 0.83
SixX

months 0.65 0.5 0.75 0.83
One year 0.87 0.81 0.91 0.96
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EV detection process
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