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1. Background and use case

 The BMW Group corporate strategy team is interested in ;- ________ S ;Il;ll_la_tl:); s_te:p_s ________ l
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N . . raditional petrol engine drivers. To do this they built a |
) Billions of EV units sold each year worldwide simulation. I @ & I
* To improve their current simulation, they needed a better | , |
B way to model the charging behavior. Thus we delivered a 1 - Select. a gtven 2. Selectan EV model 3. Assess Whe(rll the
B machine learning model that would predict charging | Petrol engine driver for the customer customgr needs to :
v events at the end of driving sessions. I o e o e e e e e e e e e o Shatse
’ « The BMW innovation and emerging technologies team Final deliverables
6 was interested in assessing the potential of Federated K 1‘ 2 Q, 3 L
4 Learning, a privacy compliant way to train models . (_@ - o @ o
2 I * Seeing the potential in the simulation of the corporate YN (W
, m B I I strategy team, we decided to test the federated learning J 3
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Source: https://www.statista.com/outlook/mmo/electric-vehicles/worldwide

2. Data 3. Feature engineering

The data we used can be divided info 3 parts: Geo-Spatial Feature engineering Time-series Feature engineering

o= Vehicles Drives [47]3 Charges

*  General information about the *  General information about the *  General information about the i BenE e

vehicle drive charge : Migae - : . e

| . Netherlands 3 i o :

*  Geographical context of Home «  Time/ Geographical context of *  Time/ Geographical context of i T BT T e s ,,°

and important locations the drive the charge i isxermbourg '

: K Germany

* Customer segmentation and *  Previous/following drive : W

clustering information I /
Data sample selection: ﬂ ,

. . . . . . : Liechtenstein
e Sample extracted from vehicles situated in the Munich geographical region. | 2=
* Inclusion criteria: Drives conducted after December 2021. ‘ ,
: . . : : : Example of such features:
* Picked a subset of 110 drivers, specifically those demonstrating the highest drive . : :
e s e s stop in public location, * Is my charge level low compared to my usual
frequency within this area. : : : : :
. o . * How far is the closest public charging charging habits ?
> Aggregate of 1 million drives included in the study. location I’ve previously charged in  Is my stop in one of dominant charging location at
o o/ * .
» Recorded data exhibits a 10% imbalance rate. the time of the day

S. Federated model

4. Centralized model

The necessity for high-performing models that safeguard user privacy is
vital for BMW's future, in part due to the forthcoming European GDPR.
Addressing this, the project employed Federated Learning to predict user
charging behavior, examining if 1t could match the efficacy of a centralized
model without accessing private data, and further exploring any limitations.
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6. Results

Performance of the best model
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