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Motivation

FCEV: fuel cell electric vehicles

PHEV: plugin-in-hybrid

BEV: battery-powered electric vehicles

CP: Charging Point

P
a
s
s
e
n

g
e
r 

c
a
rs

 i
n

 G
e
rm

a
n

y
 i
n

 m
il
li
o

n
s

Petrol

Development car types in GER [1]
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Development car types in GER [1] Development charging points in GER

• National Centre for Charging Infrastructure 2030: 

 440.000 to 843.000 public CP

 2.5 Mio to 2.7 Mio. CP at work

• Directive 2014/94/EU:

 10:1 ratio of EV to publicly accessible CPs

[2] [3]
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Charging behaviour in GER

• 20 % of charging done at work

• 12 to 24 % (depending on charging behaviour development) 

at public CP

• 70 % of EV Users use a public CP at least once per month

->Available infrastructure is one of the main constraints for users

[2]
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Motivation

With the prediction of CP occupancy, we aim to support:

a) EV users to plan their charging progress

b) scheduling CP maintenance

c) energy manager anticipate utilization

FCEV: fuel cell electric vehicles

PHEV: plugin-in-hybrid

BEV: battery-powered electric vehicl
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Charging behaviour in GER

• 20 % of charging done at work

• 12 to 24 % (depending on charging behaviour development) 

at public CP

• 70 % of EV Users use a public CP at least once per month

->Available infrastructure is one of the main constraints for users

[2]
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Methodology 

How to predict charging station occupancy?

Data Exploration

• Describe data

• Per site & station:
 Occupancy durations

 Usage patterns 

Hyperparameter Tuning

• Grid search

• Different parameter ranges

• Optimization for AUC-Score 

Data Preparation

• Feature Selection

• Target variable: occupation 

• Different Feature Sets for comparison

• Train / Test split

• Data preprocessing

Model Evaluation

• Performance for different metrics 

• Comparison:

 Feature Sets

 Location: work & public

 Mode: Individual CP training vs. all

ACN Dataset

Caltech JPL

• 54 EVSE • 52 EVSE

• Public • Workplace

ML-Classification

• Binary: available or occupied

• 4 different machine learning 

algorithms for classification:

Logistic Regression, KNN, Random 

Forest & XGBoost

Supervised Learning

ACN: Adaptive Charging Network

KNN: K-Nearest-Neighbor

AUC: Area under the Curve
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Caltech (public) JPL (work)

• 54 Charging Points

• More than 25.000 charging sessions

• Garage at Caltech campus near campus gym

• Public charging

• Exclude free charging and corona period

• 01.12.2018 - 29.02.2020

ACN Data
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Caltech (public) JPL (work)

• 54 Charging Points

• More than 25.000 charging sessions

• Garage at Caltech campus near campus gym

• Public charging

• Exclude free charging and corona period

• 01.12.2018 - 29.02.2020

• 52 Charging Points

• More than 25.000 charging sessions

• Garage at JPL campus with restricted access

• Workplace charging

• Exclude corona period

• 05.09.2018 - 29.02.2020

ACN Data

Two datasets: public & work place charging sessions for more than one year
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Caltech (public) JPL (work)

ACN Data

• More heterogeneous 

• Relative occupation low, some stations less than 200 
charging sessions

• Occupied - 14 %, Not Occupied - 86 %
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Caltech (public) JPL (work)

ACN Data

Caltech more imbalanced than JPL

• More heterogeneous 

• Relative occupation low, some stations less than 200 
charging sessions

• Occupied - 14 %, Not Occupied - 86 %

• More homogeneous

• Relative occupation high, all stations more than 350 
charging sessions

• Occupied - 27 %, Not Occupied - 73 %
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Individual

 Use grid search for each charging station to determine 
hyperparameters where model performs best on charging 
station specific data set

 One model per algorithm for each charging station per site

 Use grid search to determine hyperparameters where model 
performs best on whole data set

 One model per algorithm per site

Evaluation – Individual vs. All

All
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Individual

 Use grid search for each charging station to determine 
hyperparameters where model performs best on charging 
station specific data set

 One model per algorithm for each charging station per site

 Use grid search to determine hyperparameters where model 
performs best on whole data set

 One model per algorithm per site

Evaluation – Individual vs. All

XGBoost performs best on JPL-data, Random Forest on Caltech-data

Individual mode has higher variation

All mode performs better on Caltech-data 

All
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Evaluation – Logistic Regression (LR)
JPL Sample Week 26.01.2020 (Sun) – 31.01.2020 (Fri)

🗸 🗸X X X

1 = Occupied

0 = Available
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Evaluation – KNN
JPL Sample Week 26.01.2020 (Sun) – 31.01.2020 (Fri)

🗸 🗸X X X

🗸 🗸🗸X 🗸

LR

KNN

1 = Occupied

0 = Available
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Evaluation – Random Forest
JPL Sample Week 26.01.2020 (Sun) – 31.01.2020 (Fri)

🗸 🗸X X X

🗸 🗸🗸X 🗸

🗸 🗸 🗸 🗸X

LR

KNN

RF

1 = Occupied

0 = Available
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Evaluation
JPL XGBoost

🗸 🗸X X X

🗸 🗸🗸X 🗸

🗸 🗸 🗸 🗸X

🗸 🗸🗸🗸🗸

LR

KNN

RF

XGBoost

X1 = Occupied

0 = Available
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Summary & Outlook

Summary

Outlook

• Random Forest and XGBoost perform best on our data

• Higher relative occupancy rate leads to better prediction

• Considering all data from one site can lead to better prediction for a single charging 

station

• Comparison of different input feature sets

• Optimization and comparison for different metrics
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