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Abstract:

The electrification of private vehicles is a central element of decarbonizing 
transport and energy systems. Accurately anticipating when and where electric 
vehicles will be adopted is critical for charging infrastructure planning, 
distribution grid planning, and energy system operation, yet most diffusion 
models represent adoption at aggregated spatial scales. Here we introduce an 
open, high-resolution technology diffusion framework that links household-level 
electric vehicle adoption with GPS-exact residential locations. The framework 
combines a synthetic population, household-to-building matching, car 
ownership modeling, and a national Bass diffusion trajectory to translate 
aggregate electric vehicle growth into localized adoption pathways. We apply 
the framework to Germany from 2025 to 2050 and validate its main components 
against Census marginals, building assignments, and registered vehicle counts, 
demonstrating its suitability for spatially explicit EV diffusion analysis. The results 
reveal substantial spatial heterogeneity in electric vehicle diffusion across 
regions, municipalities, grid cells, and buildings. Differences in household income 
and the share of single-family houses shape local adoption trajectories, leading 
to higher adoption in West Germany than in East Germany and slightly higher 
adoption in rural than urban municipalities in aggregate. The framework 
provides an open and transferable basis for spatially explicit modeling of 
household technology adoption. Future research can build on these findings by 
applying the framework to other technologies or by linking GPS-exact electric 
vehicle diffusion to charging demand, system operation, and infrastructure 
planning
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• GPS-exact electric vehicle diffusion is modeled for Germany.
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• Building-level results reveal local patterns hidden by aggregation.
• Open, transferable framework for spatial technology diffusion modeling.



Who Adopts Where and When? Electric Vehicle Diffusion with
Building-Level Localization in Germany
Moritz Raaba, Max Kleinebrahma, Jonathan Vogla, Tim Signera, Jannik Brauna and Wolf Fichtnera

aInstitute for Industrial Production, Karlsruhe Institute for Technology (KIT), Hertzstr. 16, Karlsruhe, 76187, Germany

A R T I C L E I N F O
Keywords:
Technology diffusion
Electric vehicle adoption
Synthetic population
Spatially explicit modeling
Household-level adoption
Building-level modeling

A B S T R A C T
The electrification of private vehicles is a central element of decarbonizing transport and energy
systems. Accurately anticipating when and where electric vehicles will be adopted is critical for
charging infrastructure planning, distribution grid planning, and energy system operation, yet most
diffusion models represent adoption at aggregated spatial scales. Here we introduce an open, high-
resolution technology diffusion framework that links household-level electric vehicle adoption with
GPS-exact residential locations. The framework combines a synthetic population, household-to-
building matching, car ownership modeling, and a national Bass diffusion trajectory to translate
aggregate electric vehicle growth into localized adoption pathways. We apply the framework to
Germany from 2025 to 2050 and validate its main components against Census marginals, building
assignments, and registered vehicle counts, demonstrating its suitability for spatially explicit EV
diffusion analysis. The results reveal substantial spatial heterogeneity in electric vehicle diffusion
across regions, municipalities, grid cells, and buildings. Differences in household income and the
share of single-family houses shape local adoption trajectories, leading to higher adoption in West
Germany than in East Germany and slightly higher adoption in rural than urban municipalities in
aggregate. The framework provides an open and transferable basis for spatially explicit modeling of
household technology adoption. Future research can build on these findings by applying the framework
to other technologies or by linking GPS-exact electric vehicle diffusion to charging demand, system
operation, and infrastructure planning.

1. Introduction
In 2024, global electric vehicle (EV) sales climbed to

a record 17 million units, an increase of 25% compared
with 2023 [1]. This growth is expected to persist, with the
global EV fleet projected to expand from about 58 million
vehicles in 2024 to around 235 million by 2030 [2]. While
this rapid deployment substantially contributes to trans-
port decarbonization, it simultaneously poses challenges to
distribution grid infrastructure [3–5], including potential
overloads occurring before transformers reach their capacity
limit [6–8].

At the same time, EVs can provide flexibility services
through controlled charging [9, 10]. Thereby, EVs can con-
tribute to peak shaving, voltage and frequency regulation
[11, 12], grid resilience, reduced requirements for stationary
battery storage and costly grid reinforcements [13, 14],
and facilitate the integration of renewable energy [15–19].
However, realizing these potentials requires an appropriate
integration of EVs into the local energy system.

Consequently, regional planners and distribution system
operators require spatial and temporal visibility into the evo-
lution of electric vehicle adoption to ensure adequate system
sizing and operation. More broadly, the same need for high-
resolution adoption modeling applies to other distributed
technologies such as heat pumps and rooftop photovoltaic
systems, whose uptake and operation likewise shape local
electricity demand and flexibility.
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To our knowledge, no model currently exists that rep-
resents EV adoption at the household level with GPS-exact
spatial localization while simultaneously accounting for so-
ciodemographic determinants (Table 1). Mascherbauer et al.
(2025) [20] model EV adoption at GPS-exact spatial reso-
lution, however, EV allocation is not driven by household-
specific sociodemographic adoption likelihoods. As a result,
the interaction between household characteristics, residen-
tial location, and technology adoption remains insufficiently
represented in the literature.

This limitation is particularly relevant at the distribution
grid level, where overloads may be triggered by a small num-
ber of households with coincident charging peaks. While
aggregation at the transformer or municipal level smooths
these peaks, GPS-exact resolution reveals localized stress
patterns that are crucial for grid planning (see Figure 1).

To address this gap, we develop a high-resolution tech-
nology diffusion model that integrates temporal (annual),
spatial (GPS-exact), sociodemographic (e.g., household in-
come), and residential dimensions (e.g., residential building
type) within a unified framework. The framework com-
bines three components: (i) the generation of a synthetic
population calibrated to multi-level spatial marginals; (ii)
the assignment of synthetic households to georeferenced
buildings; and (iii) a hybrid diffusion-adoption module that
links macroscopic diffusion dynamics with household-level
adoption probabilities derived from observed adoption de-
terminants. We demonstrate the framework in a case study
of EV diffusion in Germany.
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Household N

…

Household 2

Household 1

Aggregated household demand

Fig. 1: Smoothing effect through spatial aggregation. The
lower panel shows exemplary single-household load profiles with
pronounced EV charging peaks relative to baseline residential
demand, whereas the upper panel shows an aggregated profile
for the average German household, in which charging peaks
are substantially attenuated. This illustrates how GPS-exact,
household-level resolution can reveal localized stress patterns
that may be relevant for line overloads. Household profiles are
based on [3, 21, 22], and the average German household profile
is based on [23, 24].

By integrating sociodemographic heterogeneity with
building-level spatial localization, the proposed model en-
ables a differentiated analysis of EV adoption dynamics
at distribution-grid-relevant scales. It thereby provides a
foundation for improved assessment of localized grid im-
pacts and flexibility potentials at the lowest spatial level.
At the same time, the household-level sociodemographic
resolution allows adoption patterns to be linked to questions
of charging infrastructure access, energy poverty, and distri-
butional equity in the diffusion of low-carbon technologies.

The remainder of this paper is structured as follows.
Section 2 provides a literature overview. Section 3 and
Section 4 describe the methodology and data. The results
are presented in Section 5 and discussed in Section 6. In
Section 7, conclusions are drawn, and an outlook is provided.

2. Literature review
The electrification of mobility and heating, together with

the expansion of residential photovoltaics, increasingly re-
shapes electricity demand and generation at the low-voltage
level, where detailed grids are often highly heterogeneous
[32, 33]. The impact of technology deployment depends
strongly on local grid characteristics, building stock, and
the spatial concentration of new electricity demand [7, 34].
Geographically disaggregated analyses show that network
upgrade costs and the value of flexibility can vary sub-
stantially between local areas, indicating that targeted flex-
ibility deployment may reduce reinforcement needs more
effectively than untargeted approaches [34]. Complementary
studies of German low-voltage grids show that electric vehi-
cles, heat pumps, and photovoltaics jointly affect transformer
loading and that local coordination of flexible demand can
mitigate distribution-grid constraints [7, 33]. These findings
imply that distribution grid and local energy system analy-
ses require adoption scenarios that are not only temporally
resolved, but also spatially explicit at the level where loads
and generation emerge.

However, existing demand-side analyses often rely on
aggregated technology deployment assumptions [28, 34].
More broadly, technology adoption and diffusion models
increasingly account for spatial [31, 35–40], temporal [35–
42], and sociodemographic heterogeneity [31, 36–38, 40–
42] through agent-based models [36–38], machine-learning
methods [38–40], econometric models [31], and household-
level adoption and use models for residential cooling tech-
nologies [41, 42]. Yet these approaches typically operate at
aggregated spatial units, such as regions and grid cells, or use
building agents that do not represent the sociodemographic
composition of resident households. In the EV context,
adoption and diffusion models likewise tend to represent
adoption at aggregated spatial levels or estimate sociode-
mographic determinants without linking households to exact
residential buildings [25, 27, 31]. As summarized in Table 1,
no existing approach combines GPS-exact building-level lo-
calization with sociodemographic determinants of EV adop-
tion. Addressing this gap requires integrating three method-
ological strands: synthetic population generation, spatial
matching of households to buildings, and EV adoption mod-
eling.

Synthetic population. Agent-based models commonly
rely on synthetic population data representing households
and individuals with attributes that drive behavioral deci-
sions. The goal of synthetic reconstruction is to generate a
population whose sociodemographic characteristics exhibit
statistical distributions consistent with those of the real pop-
ulation. This includes capturing heterogeneity of households
and individuals across geographic areas and reflecting inter-
dependencies among members of the same household [43,
44]. The current state-of-the-art approach is Iterative Pro-
portional Updating (IPU), which assigns weights to house-
holds from a representative microdata sample such that the
weighted population matches known aggregate control totals
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Table 1
Overview of spatio-temporal EV diffusion and adoption models. Studies are compared by temporal and spatial resolution, diffusion
and adoption modeling approach, inclusion of sociodemographic determinants, adoption data source, and sample size. The final
row summarizes the contribution of this work for direct comparison.

First author and year Temporal
resolution

Spatial
resolution

Diffusion Adoption Sociodemographics Adoption
data

Size

Ensslen 2019 [25] Yearly ✗ Bass Logit
regression

✓ Mobility
Survey
2016

171

Cao Van 2023 [26] Yearly ✗ ALADIN ✗ ✗ Mobility
Survey
2023

17k

Sica 2025 [27] ✗ ✗ ✗ Discrete
choice

✓ Mobility
Survey
2023

17k

Arnold 2024 [28] Yearly NUTS3 Bass ✗ ✗

Paevere 2014 [29] Quarterly LAU ✗ Multi crite-
ria decision

✓ Mobility
Survey
2011

2k

Heymann 2017 [30] ✗ LAU ✗ Multi
linear
regression

✓ Mobility
Survey
2016

30

Sheng 2022 [31] Yearly LAU ✗ Binomial
regression

✓ National
Statistics
2020

Mascherbauer 2025 [20] Yearly GPS-exact ✗ Random ✗

This work Yearly GPS-exact Bass Logit
regression

✓ Mobility in
Germany
2023

420k

NUTS3: regional district level, LAU: municipal level

[43, 45]. IPU extends the Iterative Proportional Fitting al-
gorithm [46] by calibrating household- and individual-level
features simultaneously. The algorithm therefore relies on a
representative microdata sample and on aggregated marginal
distributions of household and individual features. Because
relevant control variables may not be available at the same
spatial resolution, extensions of IPU have been developed to
calibrate synthetic populations to controls at multiple spatial
resolutions, commonly referred to as multilevel IPU [47, 48].

In this paper, we use a two-level IPU procedure that
calibrates household weights to German Census controls
at both the municipal level and the 100 × 100 m grid-cell
level. This is necessary because variables relevant for EV
adoption are distributed across both spatial levels and must
therefore be combined to construct a consistent synthetic
population (see Section 4). The resulting population repre-
sents individual households as decision makers and provides
the bottom-up basis for linking household-level adoption
behavior to spatially resolved EV diffusion and its higher-
level system implications. Related energy-system studies
use similar approaches. For example, Kleinebrahm et al.
apply iterative proportional fitting to generate a synthetic
European building stock at the NUTS3 level and assess self-
sufficient energy supply for single-family buildings across
Europe [49].

Household-to-building matching. To enable geograph-
ically explicit analyses, synthetic households must be as-
signed to physical, georeferenced buildings. Such linkage
is particularly relevant in transport modeling, as residential
location influences individual mobility behavior and travel
demand [50, 51]. This linkage is also relevant for energy
system applications, for example, when analyzing EV charg-
ing, building electrification through heat pumps, or local
load patterns, where coupling households with building-
specific attributes such as construction age or dwelling size
is essential.

Assigning synthetic households to buildings can be for-
mulated as a generalized assignment problem, in which
households are allocated to suitable residential buildings un-
der compatibility and capacity constraints. Related studies in
spatial microsimulation and urban modeling have addressed
this problem through probabilistic or rule-based allocation
procedures. Antoni et al. [52] generate synthetic households
from aggregated sociodemographic and geographic data for
French cities and subsequently assign them to buildings to
create a population database for multi-agent and activity-
based urban models. Thomson et al. [53] simulate geolo-
cated synthetic households in Namibia by classifying house-
hold types and linking them to building coordinates using
probability surfaces estimated from spatial covariates. These
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studies demonstrate the relevance of household-building
linkage for spatial population modeling, but their assignment
procedures are primarily designed for demographic, survey,
or urban modeling applications rather than for allocating
technology adoption and energy demand to individual build-
ings.

In this paper, we build on this idea and assign households
to buildings using an optimization-based matching proce-
dure that minimizes unused living area and can additionally
account for building attributes such as construction age and
building type. Compared with probabilistic allocation, this
approach provides an optimal or near-optimal assignment
with respect to the specified constraints. This is particularly
important for building-level technology diffusion, because
adoption-relevant household characteristics must be linked
to plausible residential building attributes. For example, res-
idential building type can affect the suitability for private EV
charging and rooftop photovoltaics, while construction age
and dwelling size are relevant for heating demand and heat
pump adoption. An optimization-based assignment there-
fore reduces implausible household-building combinations
and improves the consistency of localized adoption and
demand estimates. The main trade-offs are higher com-
putational effort and the possibility of leaving households
unmatched when hard building-capacity constraints prevent
feasible assignments.

EV adoption and diffusion. EV adoption is shaped
by heterogeneous household, individual, and spatial charac-
teristics. Previous studies show that adoption is associated
with sociodemographic factors such as income, education,
age, gender, and household size [54–59], as well as with
behavioral and attitudinal factors including environmental
concern and innovation affinity [54, 55, 60]. Spatial context
also matters, as adoption patterns differ by region type and
can be reinforced by neighborhood effects [54, 58, 59].
These findings motivate models that represent individual
households as decision makers and link their characteristics
to spatially explicit adoption probabilities.

In the literature, adoption models explain which house-
holds, individuals, or vehicle users are more likely to choose
an electric vehicle, whereas diffusion models describe how
EV uptake develops over time at the fleet or market level
(see Table 1). Existing EV modeling approaches can be
grouped into bottom-up, top-down, and hybrid approaches.
Bottom-up approaches model adoption or vehicle choice at
the household, individual, vehicle-user, or driving-profile
level. They include adoption models based on regression
[25, 30, 31] or discrete choice [27, 29], as well as techno-
economic diffusion models such as ALADIN, which rep-
resents drivetrain choice based on driving profiles, total
cost of ownership, infrastructure availability, and utility-
based purchase decisions [26]. Top-down approaches in-
stead project aggregate fleet growth using diffusion models
such as the Bass model [25, 28]. Hybrid approaches combine
both perspectives by linking aggregate diffusion trajectories
with micro-level adoption probabilities [25].

This paper applies a hybrid approach by combining a
Bass diffusion model with a logistic regression adoption
model. The Bass model determines the aggregate temporal
diffusion pathway, while the logistic regression model dis-
tributes adoption probabilities across households based on
sociodemographic and residential determinants. In contrast
to previous work, the household characteristics used for
adoption modeling are derived from a spatially localized
synthetic population rather than directly from survey ob-
servations. This design reflects the fact that the synthetic
population provides detailed household characteristics but
does not include all behavioral and attitudinal drivers of
EV adoption, such as environmental concern or innovation
affinity. The model therefore does not aim to explain ag-
gregate EV diffusion entirely from the bottom up, but to
allocate a given national diffusion pathway to households
and GPS-exact residential locations. Additional adoption
drivers could be integrated if they can be linked to synthetic
households through sociodemographic proxies, spatial indi-
cators, or additional data sources.

Overall, integrating synthetic population generation,
optimization-based household-to-building assignment, and
hybrid EV diffusion modeling provides a unified frame-
work that links aggregate EV diffusion to household-level
adoption at GPS-exact residential locations. This enables
a differentiated temporal, spatial, and sociodemographic
analysis of EV diffusion at distribution-grid-relevant scales.

3. Methodology
In the following, we describe the three methodolog-

ical steps in detail, namely synthetic population genera-
tion, household-to-building matching, and adoption model-
ing. Figure 2 provides an overview of the methodological
pipeline and the required input data.
3.1. Microsimulation of the synthetic population

Microdata are large, representative surveys that contain
information on individuals and households, including in-
come, age, gender, household size, and education [61–63].
Due to privacy constraints, microdata are typically only
available for large spatial units (e.g., national or federal-state
level). As a result, analyses at very high spatial resolution are
not directly possible without microsimulation. To identify
which households from the microdata are most relevant for
a given region, aggregated marginal distributions at higher
spatial resolution are required. Such marginals for selected
attributes, for example, household size, employment status,
or education, are available at different spatial levels, for
instance, at the municipal level or at the grid level [64].

We simulate the synthetic population using IPU [45] and
extend it to a two-level procedure that calibrates household
weights simultaneously to marginal distributions available at
both a macro level and a grid level. Let 𝑁 denote the number
of households in the microdata sample and 𝐺 the number
of spatial grids. For each IPU iteration 𝑡, a weight 𝑤(𝑡)

𝑖𝑔 is
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Fig. 2: Schematic overview of the methodological pipeline of this paper. In the first step, a synthetic population is generated
for each grid cell using microsimulation (IPU) based on microdata and high-resolution marginal distributions. In the second
step, synthetic households are optimally assigned to georeferenced buildings to obtain GPS-exact residential locations. In the
third step, a logistic regression model is calibrated on adoption data to estimate household-specific adoption probabilities
from sociodemographic determinants. Macroscopic diffusion is represented by a Bass diffusion model, and the annual rollout
is stochastically allocated to households according to their estimated adoption probabilities.

assigned to each household 𝑖 in grid 𝑔. Initially, all weights
are set to one, i.e., 𝑤(0)

𝑖𝑔 = 1.
Macro-level calibration. For each control variable 𝑗 =

1,… , 𝐽 , the current weighted total across all grids is com-
puted as

𝑆(𝑡,macro)
𝑗 =

𝐺
∑

𝑔=1

𝑁
∑

𝑖=1
𝑎𝑖𝑗 𝑤

(𝑡)
𝑖𝑔 , ∀𝑗 (1)
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where 𝑎𝑖𝑗 denotes the value of attribute 𝑗 for household 𝑖.
Let 𝑐macro

𝑗 denote the corresponding macro-level marginal
total. Weights are then adjusted proportionally across all
grids according to

𝑤(𝑡+1∕2)
𝑖𝑔 = 𝑤(𝑡)

𝑖𝑔 ⋅
𝑐macro
𝑗

𝑆(𝑡,macro)
𝑗

, ∀𝑖, 𝑔 with 𝑎𝑖𝑗 > 0,∀𝑗. (2)

Grid-level calibration. Subsequently, for each grid 𝑔 and
control variable 𝑗, the weighted total is computed within the
grid:

𝑆(𝑡+1∕2, grid)
𝑗𝑔 =

𝑁
∑

𝑖=1
𝑎𝑖𝑗 𝑤

(𝑡+1∕2)
𝑖𝑔 , ∀𝑗, 𝑔. (3)

Let 𝑐grid
𝑗𝑔 denote the corresponding grid-level marginal total.

Weights are then updated within each grid as

𝑤(𝑡+1)
𝑖𝑔 = 𝑤(𝑡+1∕2)

𝑖𝑔 ⋅
𝑐grid
𝑗𝑔

𝑆(𝑡+1∕2, grid)
𝑗𝑔

, ∀𝑖 with 𝑎𝑖𝑗 > 0,∀𝑗, 𝑔.

(4)
An iteration 𝑡 consists of sequential macro-level and

grid-level adjustments over all control variables.
Convergence criterion. After each iteration, the average

relative deviation across all macro- and grid-level constraints
is computed as

𝛿(𝑡) = 1
𝐾

⎡

⎢

⎢

⎢

⎣

∑

𝑗∈ macro
𝜌(𝑡,macro)
𝑗 +

𝐺
∑

𝑔=1

∑

𝑗∈ grid
𝑔

𝜌(𝑡,grid)𝑗𝑔

⎤

⎥

⎥

⎥

⎦

, (5)

with

𝜌(𝑡,macro)
𝑗 =

|

|

|

|

|

|

𝑆(𝑡,macro)
𝑗 − 𝑐macro

𝑗

𝑐macro
𝑗

|

|

|

|

|

|

,

𝜌(𝑡,grid)𝑗𝑔 =
|

|

|

|

|

|

𝑆(𝑡,grid)
𝑗𝑔 − 𝑐grid𝑗𝑔

𝑐grid𝑗𝑔

|

|

|

|

|

|

,

 macro =
{

𝑗 ∈ {1,… , 𝐽} ∶ 𝑐macro
𝑗 > 0

}

,

 grid
𝑔 =

{

𝑗 ∈ {1,… , 𝐽} ∶ 𝑐grid𝑗𝑔 > 0
}

,

𝐾 = |

|

 macro
|

|

+
𝐺
∑

𝑔=1

|

|

|

 grid
𝑔

|

|

|

,

where 𝐾 denotes the number of active constraints, and
 macro and  grid

𝑔 denote the sets of control variables with
strictly positive targets at the macro and grid level, respec-
tively.

The algorithm terminates when the improvement Δ falls
below a predefined threshold 𝜀

Δ = |

|

|

𝛿(𝑡−1) − 𝛿(𝑡)||
|

< 𝜀. (6)
Household sampling. After convergence of the two-level

IPU, a calibrated weight𝑤𝑖𝑔 is available for each household 𝑖
and grid cell 𝑔. The resulting weights do not directly define a
synthetic population, because they are generally non-integer
and cannot be represented as discrete household records. An
additional sampling step is therefore required to convert the
fractional weights into an integer set of households for each
grid cell. In the spatial microsimulation literature, a common
procedure for this transformation is the Truncate–Replicate–
Sample (TRS) method [43, 65, 66]. TRS first extracts the
integer part of each calibrated weight (truncate) and deter-
ministically replicates households accordingly (replicate).
The remaining fractional parts are then interpreted as sam-
pling probabilities to stochastically allocate the residual
households (sample) [66]. Because in our high-resolution
setting, grid-level populations are small compared to the
microdata sample, the weights 𝑤𝑖𝑔 are typically less than
1. Therefore, TRS provides no advantage over direct Monte
Carlo sampling.

For this reason, we draw the observed number of house-
holds 𝑁𝑔 in each grid cell 𝑔 with replacement according to
the probability 𝑝𝑖𝑔 , which is calculated by:

𝑝𝑖𝑔 =
𝑤𝑖𝑔

𝑊𝑔
, with 𝑊𝑔 =

𝑁
∑

𝑖=1
𝑤𝑖𝑔 ,

𝑁
∑

𝑖=1
𝑝𝑖𝑔 = 1. (7)

This yields an initial Monte Carlo realization. To further
improve the reconstruction of grid-level characteristics, we
apply a random search step: (i) we remove one randomly
selected household, (ii) propose a set of candidate replace-
ments sampled from the same probability distribution, and
(iii) accept the replacement that yields the largest reduction
in the total grid-level reconstruction error. Optionally, the
objective function can include a normalized excess-demand
term that penalizes cases in which the aggregate living area
demand of the sampled households exceeds the available
residential living area in the building data for grid cell 𝑔.
The procedure terminates after a fixed number of attempts
or once no further improvement is observed for a predefined
number of consecutive steps.
3.2. Household-to-building matching

In the second step, synthetic households are assigned
to georeferenced residential buildings. The matching is
performed separately within each grid cell, so that every
matched household is associated with a specific building.
This building-level localization is required for the subse-
quent high-resolution spatial diffusion simulations.
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The allocation of households to buildings belongs to the
class of Generalized Assignment Problems (GAP). House-
holds correspond to items with resource demands (e.g.,
required living area), whereas buildings represent capacity-
constrained agents providing limited living space. Assigning
a household to a building consumes capacity and incurs a
cost defined by an attribute-based mismatch function. The
formulation extends the classical GAP in two directions.
First, households may remain unassigned at a penalty cost,
which corresponds to a GAP with rejection. Second, unused
building capacity is explicitly penalized in the objective,
which yields a soft-capacity extension that promotes effi-
cient space utilization. The resulting optimization problem
is NP-hard and is solved as a binary integer linear program
(BILP).

Let 𝐻 denote the set of households 𝑖 and 𝐵 the set of
buildings 𝑗. Each household 𝑖 requires living area 𝐴𝑖 ≥ 0,
and each building 𝑗 provides living area capacity 𝐶𝑗 ≥ 0.
In addition, each household carries an attribute 𝑎𝑖 (e.g., the
residential building type associated with the household),
and each building is characterized by the corresponding
observed attribute 𝑏𝑗 .The binary decision variable 𝑥𝑖𝑗 ∈ {0, 1} indicates
whether household 𝑖 is assigned to building 𝑗, and 𝑢𝑖 ∈
{0, 1} indicates whether household 𝑖 remains unassigned.
To explicitly represent unused living area, we introduce a
nonnegative slack variable 𝑠𝑗 ≥ 0 for each building.

Mismatch between household attribute 𝑎𝑖 and building
attribute 𝑏𝑗 is penalized via an arbitrary, user-defined non-
negative function 𝑔(𝑎𝑖, 𝑏𝑗) ≥ 0, which is treated as a param-
eter. The objective minimizes (i) unused area, (ii) unassigned
households, and (iii) attribute mismatch penalties:

min 𝜔
∑

𝑗∈𝐵
𝑠𝑗 + 𝜆

∑

𝑖∈𝐻

∑

𝑗∈𝐵
𝑔(𝑎𝑖, 𝑏𝑗) 𝑥𝑖𝑗 + 𝛽

∑

𝑖∈𝐻
𝑢𝑖,

(8)
where 𝜔, 𝜆, 𝛽 ≥ 0 are the penalties for unused living area,
attribute mismatches, and unassigned households, respec-
tively.

Each household must be assigned to exactly one building
or remain unassigned:

∑

𝑗∈𝐵
𝑥𝑖𝑗 + 𝑢𝑖 = 1 ∀𝑖 ∈ 𝐻. (9)

Building capacities are enforced through the living-area
balance with slack:

∑

𝑖∈𝐻
𝐴𝑖𝑥𝑖𝑗 + 𝑠𝑗 = 𝐶𝑗 ∀𝑗 ∈ 𝐵. (10)

This approach yields an optimal matching of households
to buildings based on living area and additional attributes,
which is then used to stochastically allocate EV adoption
according to household-level adoption likelihoods.
3.3. EV adoption

In the third step, EV adoption is modeled using a hybrid
approach that combines a macroscopic diffusion perspective

with a microscopic household-level adoption model. At the
macroscopic level, the temporal rollout of EVs is represented
by a Bass diffusion model, which determines the cumulative
EV stock over time. At the microscopic level, an empirically
calibrated logistic regression model estimates household-
specific adoption likelihoods based on sociodemographic
and residential characteristics, which are then used to al-
locate the macroscopic EV rollout to individual synthetic
households.

The temporal diffusion of EVs is described by the Bass
model [67]:

𝑁(𝑡) = 𝑀 1 − 𝑒−(𝑝+𝑞)𝑡

1 +
(

𝑞
𝑝

)

𝑒−(𝑝+𝑞)𝑡
, (11)

where 𝑁(𝑡) denotes the cumulative EV stock at time 𝑡, 𝑀
the market potential, 𝑝 the coefficient of innovation, and 𝑞
the coefficient of imitation.

The macroscopic EV rollout is then allocated to house-
holds based on their estimated propensity to adopt an EV.
Previous literature has identified several sociodemographic
determinants of EV adoption, including education [54–56],
income [55, 56], age [54, 57–59], gender [54], and house-
hold size [54, 58], among others [60]. Building on these
findings, the adoption likelihood of each synthetic household
is estimated using a weighted logistic regression model
calibrated on observed adoption data. For household 𝑖, the
probability of EV adoption is given by

𝜋𝑖 = Pr(𝑌𝑖 = 1 ∣ 𝐱𝑖) =
1

1 + exp
[

−
(

𝛽0 + 𝐱⊤𝑖 𝜷
)] , (12)

where 𝑌𝑖 is a binary indicator of EV adoption, 𝐱𝑖 is the vector
of sociodemographic characteristics, 𝛽0 is the intercept, and
𝜷 is the vector of regression coefficients.

To determine the number of vehicles available for po-
tential electrification at the household level, a car ownership
model is additionally applied. Specifically, a multinomial lo-
gistic regression model, which is commonly used in vehicle
ownership analysis [68], is estimated on vehicle ownership
data to predict the probabilities that a household owns zero,
one, two, or at least three cars. These categories follow the
ownership classes reported in the empirical mobility data
used for the case study.

Let 𝑝𝑖𝑘 denote the predicted probability that household
𝑖 owns 𝑘 vehicles for 𝑘 ∈ {0, 1, 2, 3+}. The conditional
probabilities used for the sequential assignment of the first
three vehicles are given by

𝑞𝑖1 = 1 − 𝑝𝑖0, (13)
𝑞𝑖2 =

𝑝𝑖2 + 𝑝𝑖,3+
𝑝𝑖1 + 𝑝𝑖2 + 𝑝𝑖,3+

, (14)

𝑞𝑖3 =
𝑝𝑖,3+

𝑝𝑖2 + 𝑝𝑖,3+
. (15)
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Since the multinomial model does not distinguish between
exactly three and more than three vehicles, additional vehi-
cles beyond the third are assigned using a constant continu-
ation probability

𝑞𝑖𝑘 = 𝛿, 𝑘 ≥ 4, (16)
where 𝛿 ∈ (0, 1) implies a geometrically decaying tail for
households with more than three vehicles.

These conditional probabilities are used to assign vehi-
cles sequentially to households until the total market po-
tential 𝑀 is reached. The resulting synthetic vehicle stock
forms the basis of the subsequent EV diffusion process. At
the initial time step 𝑡0, the car ownership model assigns each
household a total number of vehicles available for electrifica-
tion. The EV diffusion model then determines which of these
vehicles are electric over time according to the estimated
household adoption likelihoods and the macroscopic Bass
diffusion trajectory.

This yields a high-resolution representation of EV adop-
tion with yearly temporal, GPS-exact spatial, and household-
and person-level sociodemographic detail. More generally,
the proposed framework is transferable to other technolo-
gies, such as photovoltaic systems and heat pumps.

4. Input data
This section describes the input data used for the case

study of EV diffusion in Germany. The main input parame-
ters are summarized in Appendix Table 5.
4.1. Microdata and marginals

The synthetic population is based on the 2022 Ger-
man Microcensus [61] and the 2022 German Census [64].
The Microcensus is representative for Germany, comprises
approximately 680,000 persons, and provides household-
and person-level microdata for constructing the synthetic
population. Specifically, we consider three groups of vari-
ables: person-level attributes, including age, gender, edu-
cation, and employment status; household-level attributes,
including household size, household type, and net household
income; and building-related attributes, including residential
building type, building age, and living area (see Table 2).
The selected attributes are required to estimate household-
level EV adoption likelihoods. In addition, the building-
related variables are used in the subsequent assignment
of households to buildings. To preserve regional represen-
tativeness, the Microcensus is filtered by federal state so
that each municipality draws its donor households from the
corresponding state-level sample.

The marginal distributions required for the microsim-
ulation are obtained from the 2022 German Census [64].
Marginals are used at two spatial levels, namely the munici-
pal level and the 100×100m grid-cell level. At the municipal
level, the Census provides information on education, gender,
and employment status. At the 100×100 m grid-cell level, it
provides household size, household type, living area, and age
as household- or person-related control totals. The municipal

and grid-cell marginals are used as control totals in the
two-level iterative proportional updating (IPU) procedure to
weight households within each grid cell of a municipality
(see Table 2). Owing to confidentiality restrictions, some
grid cells do not contain the full set of attributes or include
modified values. Net household income is not available at
either the municipal or the grid-cell level and is therefore
weighted indirectly through the remaining control variables.
The same applies to building type and building age, which
are available at the grid-cell level only as building counts
rather than household counts and therefore can not be used
as direct IPU constraints.

To spatially link municipalities to grid cells and obtain
the geographic location of each municipality, we use the
100 × 100 m grid data provided by the German Federal
Agency for Cartography and Geodesy [69]. The data are
available in INSPIRE [70] format and assign each grid cell
to its area-dominant municipality as of 2019.
4.2. Building data

To represent the residential building stock, we combine
two global building datasets: the Global Human Settlement
Open Building Attribute Table (GHS-OBAT) [71] and the
Global Building Atlas (GBA) [72]. GHS-OBAT contains
information on approximately 2.3 billion buildings world-
wide, including use type, construction period, footprint area,
height, and location. The GBA covers more than 2.75 bil-
lion buildings globally and provides building polygons and
height information. In the GBA, building heights are derived
at a spatial resolution of 3 × 3 m [72].

Both datasets were selected because they are globally
available and can therefore be adapted to regional contexts
beyond the German case study. For the present analysis,
both datasets are filtered to Germany. Residential buildings
are first identified using GHS-OBAT, and the resulting res-
idential building set is spatially linked with the GBA to
add building height information. Heights are primarily taken
from the GBA and supplemented with GHS-OBAT values
where GBA height information is missing. Building height
is required to estimate the number of stories and, in turn, the
total living area of each building.

To estimate the number of stories, we assume an aver-
age story height of 3.0 m, consistent with typical German
residential building geometries and standard construction
practice as represented in the IWU building typology [73].
Combined with the building footprint area, this yields an
estimate of the total living area for each building. Together
with building age and the inferred building type, this in-
formation is used in the subsequent household-to-building
matching (Table 2).

For building type, GHS-OBAT only identifies residential
buildings and does not distinguish single-family from multi-
family houses. The building type used in the matching
is therefore inferred from the assignment itself: buildings
occupied by exactly one household are treated as single-
household buildings, whereas buildings occupied by two or
more households are treated as multi-family buildings. A
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penalty is added if this occupancy-based building type is
inconsistent with the expected residential building type of
the assigned household.

For building age, households and buildings are repre-
sented by age classes that are translated into year intervals.
If the household-side and building-side intervals overlap,
no penalty is applied. Otherwise, the penalty increases lin-
early with the temporal distance between the two intervals.
Missing information for building type or building age does
not generate a penalty. Additional details are provided in
Appendix A.
4.3. Adoption data

The Bass diffusion model is calibrated using empirical
stock data on battery electric vehicles (BEVs) in Germany
for the period 2014–2025, obtained from the German Fed-
eral Motor Transport Authority [74].

The household-level EV adoption model is estimated
using data from Mobility in Germany 2023 (MiD 2023)
[75]. Overall, the MiD comprises approximately 420,000
individuals and reflects a weighted EV share of around
7%. This is higher than the current German passenger-car
stock, in which battery-electric vehicles account for 4.1%
of registered cars as of 1 January 2026 [76]. Since EV
adoption is modeled at the household level, individual-level
characteristics are aggregated to the household level and
used to estimate household-specific adoption likelihoods.
The model includes the following sociodemographic and
residential determinants, selected to be consistent with the
attributes available in the synthetic population: education,
age, building type (single-family or multi-family house),
household size, household income, and federal state (Ta-
ble 2).

MiD also provides information on household car own-
ership in the categories zero, one, two, and at least three
cars. These data are used to calibrate the multinomial car
ownership model. Based on the predicted category proba-
bilities, household-specific conditional probabilities are then
derived for the sequential assignment of vehicles. For house-
holds with more than three vehicles, additional vehicles are
represented by assuming a constant conditional continuation
probability of 𝛿 = 0.25, chosen as a conservative assumption
informed by the high vehicle-count categories in the 2022
US National Household Travel Survey [77].

5. Results
The synthetic population reproduces the empirical pop-

ulation characteristics with reasonable accuracy, given the
partial inconsistency of the available Census controls. Across
municipalities, the average relative deviation from the Cen-
sus marginals decreases from 27% after Iterative Propor-
tional Updating (IPU) to 15% after household sampling
(Fig. 3a). This metric should be interpreted as a conser-
vative discrepancy measure, because it averages relative
deviations across marginal categories whose target totals
are not always mutually consistent. In particular, the ag-
gregated comparison in the Appendix (Fig. 7) shows that

Table 2
Attributes included in the synthetic population and their use
as IPU control marginals, building-matching variables, and EV
adoption determinants.

Attributes Marginals Matching Adoption

Age Grid cell ✓

Gender Municipality
Education Municipality ✓

Employment Municipality
Household size Grid cell ✓

Household type Grid cell
Household income ✓

Living area Grid cell ✓

Building type ✓ ✓

Building age ✓

The Census marginal column indicates whether the attribute is
available as a Census control total at the municipal level or at
the 100×100 m grid-cell level. Gender and employment status are
available in Mobility in Germany 2023, but are not included in
the EV adoption model due to collinearity with other variables.
Federal state is additionally included as a regional parameter in
the EV adoption model.

the published household-level marginals do not sum to the
same total as the overall household-count target. Since the
synthetic population assigns household size, household type,
and living-area information to all households, while the
corresponding Census marginals cover fewer households,
matching the total household count necessarily produces
positive deviations for these household-level attributes, es-
pecially for living area. The detailed national-level com-
parison in the Appendix (Fig. 6) nevertheless shows that
the drawn households largely preserve the empirical distri-
butional patterns across categories. Sampling reduces the
municipal-level deviation because households are drawn
independently for each grid cell, allowing the required
number of households to be matched locally and limiting the
accumulation of small deviations across the larger number of
grid cells relative to municipalities. The final sample further
incorporates the optional living-area demand penalty, which
discourages samples whose aggregate living-area demand
exceeds the available residential living area in the building
data. Compared with sampling without this penalty, the
resulting living-area distribution is shifted toward smaller
dwellings, reducing the overrepresentation of large flats and
improving compatibility with the subsequent household-to-
building matching. Based on the 2019 municipal structure,
the analysis covers 11,007 municipalities across Germany;
for 231 municipalities, no synthetic population could be
generated because the corresponding areas are either unin-
habited or lack the required Census information. Overall,
the remaining deviations mainly reflect inconsistencies and
incomplete coverage in the available Census controls rather
than a failure of the synthetic reconstruction, while the main
empirical distributional patterns are retained.
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Fig. 3: Validation of the synthetic population, household-to-building matching, and car ownership model. The synthetic population
is evaluated against Census marginals using the average relative error after sampling for each municipality in Germany (a),
calculated according to Eq. 5. The household-to-building matching is assessed by the share of households successfully matched
to residential buildings by municipality (b). The spatial distribution of vehicles assigned by the car ownership model is shown
at the municipal level (c). The car ownership model is validated at the federal state level by comparing modeled vehicle counts
with registered passenger cars in 2025 reported by the German Federal Motor Transport Authority [78] (d). White municipalities
indicate areas without a synthetic population, either because they are uninhabited, such as nature reserves, or because required
Census information is missing.

Households can be spatially assigned to residential
buildings with high coverage across Germany. The household-
to-building matching reaches a mean matching rate of 91%
across grid cells (Fig. 3b), compared with 83.7% without
the living-area demand penalty. This corresponds to approx-
imately 36 million of 39.5 million households and about 77
million individuals matched to buildings. To avoid excessive
computation time in individual grid cells, the optimization
was solved with a 5% optimality gap and a time limit of
20 s per grid cell, after which the best available solution was

retained. Under these settings, the solver reached optimality
for 97% of grid cells. The remaining grid cells were either
not solved to optimality within the time limit or could not be
solved because no building information was available. The
assignment retains key building characteristics, although
mismatches remain: about 11% of matched households
differ from their expected building type and 28% from their
expected building age. These mismatches indicate that the
matching prioritizes household coverage and living-area
feasibility over perfect agreement in all building attributes.
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Table 3
EV adoption model: training and evaluation summary.

Measure Value

Sample composition
Households after vehicle-ownership filter 189,562
Households dropped due to missing building type 7,234
Households dropped due to missing EV ownership status 451
Households used for model estimation 181,877
Households with EV 19,217
Households without EV 162,660
EV share in model sample, unweighted 10.6%
EV share in model sample, weighted 7.7%

Training fit (80% split)
McFadden pseudo-𝑅2 0.102
Adjusted McFadden pseudo-𝑅2 0.101
McKelvey–Zavoina pseudo-𝑅2 0.240

Test-set predictive performance (20% split)
AUC-ROC 0.741
Log loss 0.242
Accuracy 0.891
Precision 0.215
Recall 0.167
F1-score 0.188

For the EV diffusion analysis, the building-type mismatch is
particularly relevant because single-family houses enter the
adoption model.

The car ownership model provides the vehicle stock
used as the basis for subsequent electrification. The model
training and evaluation summary is reported in Table 6,
and the direction and significance of the determinants are
summarized in Table 7. The resulting municipal distribution
of assigned vehicles is shown in Fig. 3c. For validation, the
modeled vehicle counts are aggregated to the federal state
level and compared with registered passenger cars in 2025
reported by the German Federal Motor Transport Authority
[78] (Fig. 3d). In this comparison, the model reproduces
registered passenger car counts with a vehicle-weighted
average error of 4.9%. The assigned vehicle stock then serves
as the basis for subsequent electrification by the household-
level adoption model.

The household-level adoption model identifies clear so-
ciodemographic, residential, and regional determinants of
electric vehicle adoption, while also reflecting the limited
observability of household-level adoption drivers. The logis-
tic regression model reaches an adjusted McFadden pseudo-
𝑅2 of 0.101 (Table 3). Since this metric measures im-
provement in model likelihood relative to an intercept-only
model rather than the share of variance explained, the value
indicates a meaningful but incomplete ability to distinguish
adopting from non-adopting households. This is consistent
with the absence of several potentially relevant behavioral
and attitudinal drivers, such as environmental concern, inno-
vation affinity, and charging access. The model nevertheless

shows clear and statistically significant associations: house-
hold net income and residence in single-family houses are
positively associated with electric vehicle adoption, while
age structure and education also influence adoption proba-
bilities (Table 4). Federal state effects remain relevant after
accounting for observed household characteristics, indicat-
ing that regional differences are not fully captured by the
available sociodemographic and residential variables.

The spatially resolved diffusion model shows that na-
tional electric vehicle growth translates into markedly dif-
ferent local adoption trajectories. Figure 4 illustrates this
heterogeneity for Germany, Berlin, and two selected 500 ×
500 m grid cells in Berlin (Fig. 4a–c). At the national
level, the temporal development follows the Bass diffusion
trajectory fitted to historical vehicle-stock data from the
German Federal Motor Transport Authority [74] (Fig. 4d).
The adoption trajectories for Berlin and the selected grid
cells demonstrate how this national diffusion pathway differs
across spatial scales (Fig. 4e–f). In the selected example, grid
cell A at the urban fringe shows a faster increase in electric
vehicle share than the city center grid cell B, particularly
between 2030 and 2040. This difference is consistent with
the sociodemographic and residential structure of the two
grid cells: grid cell A has a higher average net household
income and, in particular, a substantially higher share of
single-family houses than grid cell B (Appendix Fig. 8).

Beyond the selected Berlin examples, the model reveals
strong East–West differences in electric vehicle diffusion
across Germany. The spatial distribution of the electric
vehicle share in 2035 shows higher diffusion levels in West
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Table 4
Determinants of EV adoption based on the logistic regression EV adoption model.

Feature Coefficient Odds ratio Standard error

Constant −5.895∗∗∗ 0.003 0.083
Household net income 0.541∗∗∗ 1.717 0.012
Building type: single-family house 0.453∗∗∗ 1.573 0.027
Household size 0.086∗∗∗ 1.090 0.012
Age: 0–9 years −0.201∗∗∗ 0.818 0.047
Age: 10–19 years −0.273∗∗∗ 0.761 0.042
Age: 20–29 years −0.347∗∗∗ 0.707 0.032
Age: 30–39 years −0.236∗∗∗ 0.790 0.023
Age: 50–59 years −0.044 0.957 0.022
Age: 60–69 years −0.092∗∗∗ 0.912 0.025
Age: 70–79 years −0.230∗∗∗ 0.795 0.032
Age: 80+ years −0.609∗∗∗ 0.544 0.051
Education: no degree 0.102∗∗ 1.107 0.038
Education: lower level 0.090∗∗ 1.094 0.028
Education: upper level 0.335∗∗∗ 1.398 0.027
State: Baden-Württemberg 0.288∗∗∗ 1.334 0.064
State: Bavaria 0.289∗∗∗ 1.335 0.063
State: Berlin −0.206∗ 0.813 0.102
State: Brandenburg −0.105 0.900 0.091
State: Bremen −0.191 0.826 0.169
State: Hamburg −0.123 0.884 0.108
State: Hesse 0.146∗ 1.157 0.069
State: Lower Saxony 0.178∗∗ 1.195 0.067
State: Mecklenburg-Western Pomerania −0.363∗∗ 0.695 0.117
State: North Rhine-Westphalia 0.224∗∗∗ 1.251 0.062
State: Rhineland-Palatinate 0.208∗∗ 1.232 0.074
State: Saarland 0.182 1.199 0.109
State: Saxony −0.230∗ 0.794 0.090
State: Saxony-Anhalt −0.063 0.939 0.102
State: Thuringia −0.262∗ 0.769 0.104

Age and education variables are measured at the household level and indicate the number of
household members in the respective age or education category. The reference category for
age is 40–49 years; the reference category for state is Schleswig-Holstein. Significance levels:
∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01, ∗𝑝 < 0.05.

Germany than in East Germany (Fig. 5a). This difference
persists over time, with East Germany lagging behind West
Germany throughout the diffusion pathway (Fig. 5c). The
regional contrast is more consistent with variation in income
and residential building structure than with age (Appendix
Fig. 9). The synthetic population is only slightly older in
East Germany than in West Germany, with average ages
of 45.0 and 43.5 years, respectively, closely matching the
corresponding Census 2022 pattern of about 46 and 44
years [64]. In contrast, differences in household net income
and single-family house share are more pronounced. Av-
erage net household income is approximately 12% higher
in West Germany than in East Germany, which is close
to the corresponding Microcensus difference of about 14%
[61]. The single-family house share is about 36% higher
in West Germany than in East Germany, exceeding the
corresponding Census difference of about 14% [64]. This

stronger difference should be interpreted in light of the fact
that building type is not available as a direct IPU control
marginal. Because both income and single-family house
residence increase adoption probabilities in the household-
level adoption model, these determinants likely contribute
substantially to the lower diffusion levels observed in East
Germany.

A further spatial contrast emerges between urban and
rural municipalities, with rural municipalities slightly ahead
in electric vehicle adoption. Figure 5b shows the electric
vehicle share in 2035, with urban municipalities indicated
by dots. The highlighted examples of Berlin, Bremen, Frank-
furt, Munich, and their surrounding municipalities illustrate
that adoption levels differ considerably across urban regions.
When all urban and all rural municipalities are aggregated
into two temporal pathways, rural municipalities maintain
slightly higher electric vehicle shares throughout most of
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Fig. 4: Spatial and temporal distribution of electric vehicles across different spatial scales. The spatial distribution of the electric
vehicle share in 2035 is shown at the municipal level for Germany (a), at the 500 × 500 m grid-cell level for Berlin (b), and at the
building level for two selected example grid cells in Berlin (c). The temporal development of electric vehicle diffusion from 2025
to 2050 is shown for Germany, Berlin, and the selected grid cells, respectively (d–f). White buildings in the grid-cell examples
indicate either buildings occupied by households without vehicles or buildings without matched households.

the diffusion pathway (Fig. 5d). This aggregate pattern is
consistent with the higher share of single-family houses in
rural municipalities, which increases adoption probabilities
in the household-level adoption model (Appendix Fig. 10).

6. Discussion
This study addresses a central gap in spatial EV diffu-

sion modeling by linking household-level adoption behavior
with GPS-exact residential locations. The results show that
national EV growth can be translated into highly localized
adoption trajectories when synthetic population modeling,
household-to-building matching, car ownership modeling,
and household-level adoption probabilities are combined
in one framework. This combined approach makes it pos-
sible to move beyond aggregate EV stock projections by
estimating not only how many vehicles are likely to be
electrified, but also where these vehicles are located. The
validation results show that the synthetic population, build-
ing assignment, and car ownership model reproduce the key
population, residential, and vehicle-stock patterns required
for allocating EV adoption spatially across municipalities,
grid cells, and buildings. At the same time, the diffusion

results demonstrate why this level of spatial detail matters:
EV adoption differs substantially between regions, munici-
palities, and grid cells, as well as within individual grid cells.
These differences are strongly shaped by sociodemographic
and residential characteristics, particularly household in-
come and single-family houses. The framework therefore
contributes to the literature by explicitly connecting house-
hold characteristics, residential location, and technology
adoption at GPS-exact spatial resolution in a single modeling
framework.

The EV adoption model shows comparatively strong
explanatory power for a household-level model based pri-
marily on sociodemographic and residential characteristics.
Studies with a comparable information set report McFadden
pseudo-𝑅2 values of about 0.04–0.07 [27, 80–83], whereas
models that additionally include detailed vehicle attributes,
policy variables, mobility indicators, or latent attitudinal
factors report higher values, ranging approximately from
0.15 to 0.50 [84–87]. The adjusted McFadden pseudo-𝑅2

of 0.101 obtained here is therefore toward the upper end
of models relying mainly on sociodemographic and resi-
dential characteristics, which may partly reflect the large
MiD sample, while remaining below models with richer
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Fig. 5: Spatial and temporal heterogeneity of electric vehicle diffusion in Germany. The electric vehicle share is shown for
each municipality in 2035, distinguishing East and West Germany by the indicated East–West boundary (a). Urban and rural
differences are shown for the same year, with urban municipalities marked by dots (b). Panel (b) additionally highlights selected
urban examples, including Berlin, Bremen, Frankfurt, Munich, and their surrounding municipalities. The temporal development
of the electric vehicle share from 2025 to 2050 is shown for East and West Germany as a whole (c) and aggregated across all
urban and all rural municipalities (d). Municipalities are defined as urban if classified as large cities or medium-sized towns, based
on the classification of the Federal Institute for Research on Building, Urban Affairs, and Spatial Development [79].

behavioral or choice-experiment information. This supports
the hybrid modeling approach, in which the Bass model
defines the aggregate diffusion pathway and the adoption
model allocates this pathway across households and resi-
dential locations based on observed sociodemographic and
residential characteristics.

The spatial patterns identified in this study are consis-
tent with the broader literature on EV adoption, but add a
more spatially explicit interpretation of these mechanisms.
Household income emerges as one of the strongest determi-
nants of adoption, in line with previous studies [57–59, 88].
Residence in a single-family house is another important
determinant in our adoption model. Previous studies em-
phasize related factors such as home ownership [57, 59]
and charging access [59]. Single-family houses are likely to
capture part of these mechanisms because they more often
provide private parking and easier access to home charging.
Other significant determinants in our model, including ed-
ucation, age, and household size, are also consistent with
earlier findings [54, 57–59]. These determinants help explain

the local heterogeneity observed within Berlin: the selected
grid cell with higher income and a substantially higher
share of single-family houses shows faster EV diffusion than
the city center grid cell. This interpretation refers to the
selected grid-cell comparison and should not be generalized
to all urban-fringe areas, because the spatial distribution of
building types remains heterogeneous within Berlin.

The East–West difference in EV diffusion is partly con-
sistent with the sociodemographic and residential structure
identified in the results. East Germany shows both lower
average household income and a lower share of single-family
houses than West Germany, two determinants associated
with lower adoption probabilities in the household-level
model. Similar regional disparities in EV uptake have also
been reported by Speth et al. [89], indicating that the lower
diffusion levels observed in eastern Germany are consistent
with previous regional analyses. However, the East–West
difference should not be interpreted as a purely sociode-
mographic effect. The federal state information included in
the adoption model may also capture unobserved regional
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characteristics beyond income and residential structure. Pre-
vious adoption studies show that EV uptake is associated not
only with sociodemographic variables, but also with envi-
ronmental concern, innovation affinity, and other behavioral
or attitudinal factors [54, 55, 60]. However, although such
variables can improve the explanatory power of adoption
models, they are not available for the synthetic population
generated from Microcensus and Census data [61, 64]. The
estimated federal state effects should therefore be interpreted
as composite spatial effects that may reflect differences
in charging infrastructure availability, technology affinity,
political preferences, or attitudes toward climate protection,
rather than as direct causal effects of administrative location.

The urban–rural contrast further illustrates that settle-
ment structure affects EV adoption, but not in a uniform
way. In our results, rural municipalities are slightly ahead
of urban municipalities in the aggregate diffusion pathway.
This pattern is plausible in the German context because
rural municipalities tend to have a higher share of single-
family houses. At the same time, the results show substantial
heterogeneity across municipalities and urban regions. This
mixed pattern is consistent with previous literature, which
does not identify a uniform urban effect: while some studies
report higher EV adoption in urban areas [58], others find
higher adoption probabilities in rural regions or small towns
[54]. The urban–rural distinction should therefore be inter-
preted as an aggregate pattern rather than as a deterministic
predictor of local EV adoption.

The results have direct implications for distribution grid
and charging infrastructure planning. Since EV adoption is
spatially concentrated in households and residential envi-
ronments with higher adoption probabilities, grid impacts
are unlikely to follow the national diffusion pathway uni-
formly. Instead, local areas with high household income,
high share of single-family houses, and favorable regional
conditions may experience faster EV uptake and therefore
earlier charging-related grid stress. This is particularly rele-
vant for low-voltage grids, where a small number of house-
holds with coincident charging demand can already create
local constraints. The building-level resolution of the pro-
posed framework can therefore help identify where charg-
ing demand is likely to emerge first and where grid rein-
forcement, public charging infrastructure, or smart charging
strategies may become relevant earlier. At the same time,
the results show that aggregated spatial units can mask
substantial heterogeneity. Municipal or regional EV shares
may appear moderate even when individual grid cells or
residential clusters already reach much higher adoption lev-
els. High-resolution diffusion modeling therefore provides
an important link between national EV scenarios and locally
actionable planning information.

The open framework is flexible and transferable to other
countries and other household technologies, provided that
comparable input data are available. Its core requirements
are household microdata, spatially disaggregated census
marginals, building data, and technology adoption data.
Such data are available in many contexts. National microdata

and census sources exist, for example, for the United States
[90–92], the United Kingdom [93, 94], Australia [95, 96],
France [97, 98], and the European Union [99, 100]. Inter-
nationally harmonized sources, such as IPUMS [101, 102],
the Luxembourg Income Study, and the Demographic and
Health Surveys [103, 104], further support cross-country
applications. Ton et al. [43] demonstrate the feasibility of
large-scale synthetic population generation by constructing
a global synthetic population of approximately seven billion
individuals based on Luxembourg Income Study and De-
mographic and Health Surveys microdata. Building data are
increasingly available through global datasets such as GBA
and GHS-OBAT [71, 72]. For EV adoption, comparable
travel surveys exist for countries such as the United States,
the United Kingdom, and France [105–107]. Beyond EVs,
the same modeling logic could be applied to other household
technologies, such as heat pumps, residential photovoltaics,
or air conditioning, if adoption data can be linked to sociode-
mographic and building characteristics, such as rooftop area
or building age. Examples include the German Microcensus
and the KfW Energy Transition Barometer for Germany
[61, 108], as well as the Residential Energy Consumption
Survey for the United States [109]. In addition, recent
work on global AC diffusion highlights the importance of
linking adoption to income, service access, and energy-
poverty concerns [40, 42, 110, 111]. Thus, the proposed
framework is not limited to EV diffusion in Germany, but
provides a general and adaptable approach for spatially
explicit modeling of household technology adoption.

Despite this flexibility, several limitations should be con-
sidered when interpreting the spatial diffusion results. First,
the framework uses a static representation of the population,
building stock, and household-to-building assignment. The
synthetic population captures the sociodemographic struc-
ture at the baseline year, but it does not dynamically simulate
demographic change, such as aging, births, deaths, house-
hold formation, separation, or changing household compo-
sition. Similarly, the building stock is treated as fixed and
therefore does not account for urban development, new resi-
dential construction, redevelopment, demolition, or changes
in dwelling availability [112]. The household-to-building
assignment is also static, meaning that migration, residential
relocation, and changing housing choices over time are not
represented.

In addition, the household-to-building matching should
be interpreted as a lower-bound estimate of building-level
household allocation. The model assigns households only
where the available building capacity is sufficient under the
estimated living-area constraints. As a result, households
can remain unmatched in areas where household living-
area demand is overestimated, building capacity is under-
estimated, or building information is incomplete. The im-
proved matching rate of 91% substantially reduces this is-
sue, but the remaining unmatched households imply that
building-level household, vehicle, and EV stocks may still
be underestimated in areas with uncertain building data.
This conservative treatment avoids increasing coverage by
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assigning households to buildings with uncertain or implau-
sible residential capacity. Future applications could address
this limitation by using the height uncertainty reported in
GBA to construct sensitivity cases with higher building
capacities, or by integrating additional building datasets,
such as EUBUCCO [113], to improve building coverage and
capacity estimates.

As a result of the static population, building stock, and
household assignment, the spatial distribution of adoption
determinants remains fixed, while only the electrification of
the assigned vehicle stock evolves over time. This design
choice reflects the aim of developing a data-driven, low-
assumption framework for spatial technology diffusion.
More dynamic modeling approaches could relax this as-
sumption. Dynamic microsimulation models can update
households over time through aging, births, deaths, house-
hold formation, and migration [114–117], thereby allowing
adoption determinants to evolve throughout the diffusion
period. Similarly, urban microsimulation models can rep-
resent where new dwellings are constructed, where existing
buildings are redeveloped or demolished, and how the avail-
able housing stock changes spatially [118]. Coupling such
population and building-stock dynamics with residential
location choice models would allow households to move
between dwellings over time rather than remain fixed at their
initial building assignment [119]. These extensions could
improve long-term realism, but would shift the framework
from a mainly data-driven spatial allocation model toward
a more scenario-dependent representation of population and
housing dynamics.

Second, the temporal diffusion pathway is determined
by the Bass diffusion model and therefore abstracts from
several mechanisms that may influence future EV uptake.
These include vehicle price dynamics, policy changes, and
charging infrastructure expansion [60]. The EV adoption
model is estimated from cross-sectional data and therefore
cannot capture dynamic adoption processes, such as the con-
ditional probability of purchasing an additional EV after al-
ready owning one. Estimating such transitions would require
longitudinal data. Moreover, several potentially important
drivers of EV adoption are not observed in the synthetic
population, including environmental attitudes, political ori-
entation, technology affinity, and actual charging access.
Neighborhood effects have also been identified as relevant
for EV adoption [59]. In principle, such effects could be
integrated into the proposed spatial framework, but this
would require data that link neighborhood-level adoption
dynamics to household sociodemographic characteristics.
The role of these factors may also change over time, and the
determinants of early EV adoption may not fully represent
the determinants of mass-market adoption in later diffusion
stages. Nevertheless, although the available data do not
capture all relevant behavioral and contextual drivers, the
EV adoption model shows moderate explanatory power and
identifies plausible determinants that are consistent with
previous literature.

Future research should build on the spatial detail of the
proposed framework by linking the GPS-exact EV diffusion
to charging demand and distribution grid models. While
this study identifies where and when EV adoption is likely
to emerge, the next step is to translate these adoption pat-
terns into temporally resolved charging profiles, including
uncontrolled, smart, and potentially bidirectional charging.
A promising direction is to generate household-level activity
and mobility profiles from sociodemographic characteris-
tics and spatial context, for example using transformer-
based deep neural networks trained on time-use and mo-
bility survey data [49, 120]. These activity profiles could
determine when vehicles are at home, when trips occur, and
when charging demand can arise. In addition, they could be
linked to residential electricity demand through a bottom-
up household demand model calibrated to empirical data,
enabling the assessment of local demand impacts and flex-
ibility potentials. Conceptually, such an approach is similar
to Staffell et al. [121], who translate weather-derived heating
and cooling indicators into energy demand using calibrated
demand coefficients. Combining spatially explicit EV adop-
tion, activity-based mobility profiles, and residential de-
mand modeling would enable assessment not only of where
EVs are adopted, but also when and under which charging
strategies they may create or relieve local grid constraints.
Future work could also improve the adoption layer itself by
incorporating more detailed behavioral information, such as
environmental attitudes and neighborhood effects, if such
data become available at sufficient sociodemographic reso-
lution. Overall, such an extension would provide a stronger
basis for locally targeted charging infrastructure planning,
distribution grid reinforcement, and flexibility strategies.

7. Conclusion
This study developed a high-resolution technology dif-

fusion model with annual temporal resolution, GPS-exact
spatial resolution, and household-level sociodemographic
detail for the case of EV diffusion in Germany. By combining
a synthetic population, household-to-building matching, car
ownership modeling, and EV adoption modeling, the frame-
work translates national EV growth, projected by a Bass
diffusion model, into highly localized adoption trajectories.
This enables the estimation of not only how many vehicles
are likely to be electrified, but also where these vehicles are
located.

The results show that the modeling framework provides
a robust basis for spatial analysis of EV diffusion. The
synthetic population reproduces Census marginals with rel-
atively high accuracy, the household-to-building assignment
spatially locates most households in residential buildings,
and the car ownership model provides a validated vehicle
stock for subsequent electrification. The spatial diffusion
results reveal substantial heterogeneity across scales. Within
Berlin, selected grid cells show markedly different adoption
trajectories, driven by differences in income and residential
building structure. At the national level, EV diffusion is
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higher in West Germany than in East Germany, consistent
with regional differences in household income and share of
single-family houses. Rural municipalities are slightly ahead
of urban municipalities in aggregate, although urban areas
themselves show considerable heterogeneity.

These findings highlight the need for highly spatially
resolved diffusion frameworks for household technologies,
such as heat pumps and residential photovoltaics, because
spatial heterogeneity is central to local energy system oper-
ation, distribution grid planning, and charging infrastructure
planning. Local adoption patterns depend on sociodemo-
graphic, residential, and regional characteristics that can
be masked by aggregated spatial representations. The pro-
posed framework therefore links household-level adoption
decisions with the spatial information needed for local en-
ergy system analysis. Future work should connect GPS-
exact households and their associated technology stocks,
including electric vehicles, with temporally resolved de-
mand profiles to assess when and where local demand peaks
may emerge and how they may affect system operation and
planning.

Data availability
The input data used in this study are obtained from pub-

licly available or restricted-access data sources. All publicly
available input data required to run the workflow are acces-
sible through the links and scripts provided in the GitHub
repository associated with this study. The German Micro-
census data used for constructing the synthetic population
are subject to access restrictions and cannot be redistributed
by the authors. To facilitate testing and adaptation of the
framework, the repository provides an alternative workflow
based on publicly available microdata from the American
Community Survey Public Use Microdata Sample [90]. The
EV adoption survey data used to estimate the electric vehicle
adoption model are also subject to access restrictions and
cannot be shared directly. However, the estimated regression
coefficients and model specification are provided in the
repository, allowing the adoption model to be applied within
the proposed framework.

Code availability
The modeling framework developed in this study is

written in Python and is publicly and freely available on
GitHub at https://github.com/GitMoritzraab/PySEDM. The
results presented in this study were generated using PySEDM
version v0.1.0. The repository contains the code required to
construct the synthetic population, perform household-to-
building matching, apply the car ownership and EV adoption
models, and generate the spatial diffusion results. The full
Germany-wide implementation was run on the bwHPC
high-performance computing infrastructure because of the
large number of municipalities, grid cells, households, and
buildings. However, the workflow is modular, and individual
municipalities or smaller study regions can be processed on
a local laptop or desktop computer.
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Table 5
Main input parameters used in the case study.

Model component Parameter Value Description

Synthetic population 𝜖 10−4 IPU improvement threshold
Household-to-building matching ℎstory 3.0m Average story height [73]

𝜔 1 Unused-area penalty weight
𝛽 1000 Unassigned-household penalty weight
𝜆type 100 Building-type penalty weight
𝜆age 1 Building-age penalty weight

Vehicle ownership 𝛿 0.25 Conditional continuation probability for households with more
than three vehicles

EV diffusion 𝑀 49,339,166 Market potential, based on current vehicle stock [74]
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Fig. 6: Validation of the synthetic population against Census target marginals. Aggregated counts for Germany obtained from
the Iterative Proportional Updating (IPU) weights and after household sampling (Drawn) are compared with the target counts
from the marginal distributions (Target). Shown are all variables used as IPU constraints: age in years (a), gender (b), education
(c), employment status (d), household size (e), household type (f), and flat size in m2 (g). Relative deviations above the bars
indicate the percentage difference between the IPU or Drawn counts and the corresponding target counts.
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Proportional Updating (IPU) weights and after household sampling (Drawn) are compared with the target counts from the marginal
distributions (Target). The comparison is shown for person-level totals, including the total population and the aggregated counts
for age, gender, education, and employment status (a), and for household-level totals, including the total number of households
and the aggregated counts for household size, household type, and living area (b). Relative deviations above the bars indicate the
percentage difference between the IPU or Drawn counts and the corresponding target counts.
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Fig. 8: Residential building classification in Berlin after household-to-building matching. Residential buildings are classified as
unmatched, single-family houses, or multi-family houses based on the matching outcome. The full Berlin case is shown together
with two selected 500 × 500 m grid cells, labeled A and B, corresponding to the grid cells shown in Fig. 4c. Compared with grid
cell B, grid cell A has an approximately 31% higher average net household income and a substantially higher single-family house
share, 25% compared with 4%. Average age is similar in both grid cells, at 44 years in grid cell A and 42 years in grid cell B.
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Fig. 9: Spatial distribution of key electric vehicle adoption determinants in East and West Germany. The municipal-level
distributions of age (a), net household income (b), and single-family house share (c) are shown for the synthetic population.
The corresponding average values are additionally aggregated to the federal-state level for the same determinants (d–f).
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Fig. 10: Urban–rural differences in key electric vehicle adoption determinants. Bars show the mean values calculated separately
across all municipalities classified as urban and all municipalities classified as rural. The comparison includes net household income
(a), age (b), and single-family house share (c).
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Table 6
Training and evaluation summary of the car ownership model.

Measure Value

Sample composition
Households 218,101
Households dropped due to missing building type 8,317
Households dropped due to missing vehicle ownership status 281
Households used for model estimation 209,503

Ownership class distribution, unweighted
Households with zero vehicles 27,401
Households with one vehicle 99,883
Households with two vehicles 66,561
Households with three or more vehicles 15,658

Ownership class distribution, weighted
Households with zero vehicles 40,353
Households with one vehicle 105,919
Households with two vehicles 49,156
Households with three or more vehicles 8,791

Training fit (80% split)
McFadden pseudo-𝑅2 0.266
Adjusted McFadden pseudo-𝑅2 0.266

Test-set predictive performance (20% split)
Multiclass log loss 0.840
Accuracy 0.626
Precision, weighted average 0.625
Recall, weighted average 0.626
F1-score, weighted average 0.603
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Table 7
Qualitative auxiliary regression results for the car ownership model by vehicle ownership class. The main car ownership model
is estimated as a weighted multinomial logistic regression using scikit-learn for predictive purposes. Since this implementation
does not provide coefficient-level standard errors or p-values for the weighted multinomial model, the reported directions and
significance levels are derived from auxiliary one-vs-rest weighted logistic regression models. The results are used for qualitative
interpretation only and should not be interpreted as exact inference for the multinomial model.

Feature Zero vehicles One vehicle Two vehicles Three or more vehicles

Constant +∗∗∗ +∗∗∗ −∗∗∗ −∗∗∗

Household net income −∗∗∗ −∗∗∗ +∗∗∗ +∗∗∗

Building type: single-family house −∗∗∗ +∗∗∗ +∗∗∗ +∗∗∗

Household size −∗∗∗ −∗∗∗ +∗∗∗ +∗∗∗

Age: 0–9 years − +∗∗∗ −∗∗∗ −∗∗∗

Age: 10–19 years +∗∗∗ +∗∗∗ −∗∗∗ −∗∗∗

Age: 20–29 years +∗∗∗ −∗∗∗ −∗∗∗ +∗∗∗

Age: 30–39 years +∗∗∗ − + −∗∗∗

Age: 50–59 years −∗∗∗ −∗∗ −∗ +∗∗∗

Age: 60–69 years −∗∗∗ +∗∗∗ +∗∗∗ +∗∗∗

Age: 70–79 years −∗∗∗ +∗∗∗ −∗∗∗ +
Age: 80+ years +∗∗∗ +∗∗∗ −∗∗∗ −∗∗∗

Education: no degree +∗∗∗ −∗∗∗ +∗∗∗ −∗∗

Education: lower level −∗∗∗ −∗∗∗ +∗∗∗ +∗∗∗

Education: upper level −∗∗∗ −∗∗∗ +∗∗∗ +∗∗∗

State: Baden-Württemberg − −∗∗ +∗∗∗ −
State: Bavaria −∗∗ −∗∗∗ +∗∗∗ +
State: Berlin +∗∗∗ −∗∗∗ −∗∗∗ −∗∗∗

State: Brandenburg − −∗∗∗ +∗∗∗ +
State: Bremen +∗∗∗ −∗∗∗ −∗∗∗ −∗∗

State: Hamburg +∗∗∗ −∗∗∗ −∗∗∗ −∗∗∗

State: Hesse +∗ −∗∗∗ +∗∗ −
State: Lower Saxony + −∗∗ +∗∗∗ +
State: Mecklenburg-Vorpommern − − +∗∗ −∗∗∗

State: North Rhine-Westphalia − −∗∗∗ +∗∗∗ −
State: Rhineland-Palatinate −∗∗ −∗∗∗ +∗∗∗ +∗

State: Saarland −∗∗∗ −∗∗∗ +∗∗∗ +∗∗∗

State: Saxony + −∗∗∗ +∗∗∗ +
State: Saxony-Anhalt −∗ −∗∗∗ +∗∗∗ −
State: Thuringia −∗∗∗ −∗∗∗ +∗∗∗ +∗

Age and education variables are measured at the household level and indicate the number of household members in the respective age
or education category. The reference category for age is 40–49 years; the reference category for state is Schleswig-Holstein. Significance
levels: ∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01, ∗𝑝 < 0.05.
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A. Soft compatibility penalties in the household–building matching
Let 𝑖 ∈ 𝐼 index households and 𝑗 ∈ 𝐽 index buildings. The binary variable (𝑥𝑖𝑗) equals 1 if household i is assigned to

building j, and 0 otherwise. The full objective function (Eq. 8) contains the unassigned-household penalty and the unused-area
penalty and can additionally include soft compatibility terms, here for building type and building age.
A.1. Building type penalty

Each household has an expected residential building type (𝑡𝑖), distinguishing single-family houses and multi-family
houses. Since GHS-OBAT only identifies residential buildings and does not distinguish single-family houses and multi-family
houses directly, the building-side type is inferred from the assignment itself. Buildings occupied by exactly one household
are classified as single-family houses, whereas buildings occupied by two or more households are classified as multi-family
houses.

For households with known expected type, a binary mismatch variable 𝑧𝑖𝑗 is introduced and linked to the assignment
decision such that 𝑧𝑖𝑗 = 1 if household 𝑖 is assigned to building 𝑗 and the occupancy-based type of building 𝑗 differs from
the household’s expected type.

The building-type contribution to the objective is therefore
type = 𝜆type

∑

𝑖

∑

𝑗
𝑧𝑖𝑗 . (17)

A.2. Building age penalty
Let [𝑎𝐻𝑖 , 𝑏𝐻𝑖 ] denote the expected building age interval of household i and [𝑎𝐵𝑗 , 𝑏

𝐵
𝑗 ] the building age interval of building

j. The age penalty function is defined as

𝑑age𝑖𝑗 =

⎧

⎪

⎨

⎪

⎩

0, if [𝑎𝐻𝑖 , 𝑏𝐻𝑖 ] ∩ [𝑎𝐵𝑗 , 𝑏
𝐵
𝑗 ] ≠ ∅,

𝑎𝐵𝑗 − 𝑏𝐻𝑖 , if 𝑏𝐻𝑖 < 𝑎𝐵𝑗 ,
𝑎𝐻𝑖 − 𝑏𝐵𝑗 , if 𝑏𝐵𝑗 < 𝑎𝐻𝑖 .

(18)

Thus, overlapping age intervals incur no penalty, whereas non-overlapping intervals are penalized in proportion to the
smallest year gap between them. The building-age contribution to the objective is

age = 𝜆age
∑

𝑖∈𝐼

∑

𝑗∈𝐽
𝑑age𝑖𝑗 𝑥𝑖𝑗 . (19)

If either the household age or the building age is missing, no age penalty is applied for that household–building pair.
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