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Abstract—The increasing electrification of residential energy
consumption, combined with dynamic electricity tariffs, raises
concerns about potential overloads in low-voltage distribution
grids. Through a simulation study combining empirical house-
hold data and thermal building models, we analyze how different
grid charge structures affect grid stability under varying dynamic
tariff adoption rates. We find that while traditional volumetric
charges lead to significant overloads at high adoption rates, both
peak-level and three-tier segmented charges effectively maintain
grid stability, suggesting their potential as policy instruments for
grid management.

Index Terms—demand response, grid charges, energy policy,
thermal model

I. INTRODUCTION

European lawmakers have mandated large electricity sup-
pliers to offer dynamic electricity pricing alongside existing
fixed-rate options, aiming to align household consumption
with power system scarcity signals [1]. While this policy
supports Europe’s renewable energy transition, simultaneous
consumer responses to these uniform price signals could
overwhelm electrical distribution grids [2], [3]. This risk is
particularly relevant as households increasingly adopt flexible
loads like electric vehicles and heat pumps, highlighting the
importance of developing specialized models to evaluate how
various grid charge policies could help maintain grid stability.

A. Motivation

Europe’s energy transition is a cornerstone of its climate
change mitigation strategy, with renewables playing a pivotal
role [4] and expected to grow significantly [5]. To manage the
intermittent nature of these renewables, demand response—the
adjustment of electricity consumption to match supply—is
enabled through EU-proposed [1] dynamic electricity tariffs.
These provide incentives for implicit demand response in the
form of price signals to consumers [6].

The electrification of transport and residential heating is
driving increased adoption of large, flexible devices like elec-
tric vehicles (EVs) and heat pumps in households [7]. Home
energy management systems (HEMS) automate the coordina-
tion of these devices, optimizing electricity consumption for
cost-efficiency [8]. By leveraging dynamic tariffs, HEMS can
align significant portions of residential electricity demand with
power system scarcity signals.

This growing flexibility, however, introduces new chal-
lenges: synchronized responses from multiple flexible devices
to a common price signal can cause significant fluctuations in
aggregated load, potentially exceeding local grid capacity and
increasing the risk of overloads—referred to as the avalanche
effect [9]. Even without demand response, similar risks arise
from simultaneous EV charging during peak evening hours,
further stressing distribution networks [10], [11].

B. Related work

The impact of tariff structures on grid stability has been
widely studied, particularly in the context of electric vehicle
charging and decentralized flexibility options. A recurring
finding is that volumetric electricity tariffs and standard grid
charges can lead to significant reinforcement costs due to load
synchronization effects, especially when EV charging follows
uniform price signals, causing peak load congestion [10].

Dynamic tariff schemes have been analyzed for their in-
fluence on consumption patterns, as they introduce price
signals that can incentivize load shifting. However, research
indicates that while these tariffs provide marginal economic
benefits to consumers, they may also contribute to herding
behavior, where users respond similarly to price fluctuations,
exacerbating grid congestion [12]. To mitigate these effects,
distribution system operators (DSOs) may need to implement
additional intervention strategies.

Beyond EV charging, decentralized flexibility options such
as thermal energy storage and battery storage have been
studied for their impact on grid stability. Time-varying tariffs
can unintentionally synchronize loads, increasing reinforce-
ment costs, whereas capacity-based charges help mitigate
overloads by addressing potential congestion before it occurs
[9]. However, many models assume uniform tariff adoption
across households, overlooking the heterogeneity in consumer
decision-making. Addressing this limitation, recent work has
incorporated household-level tariff choices and HEMS adop-
tion, showing that capacity-based charges can reduce rein-
forcement costs while influencing the adoption of dynamic
tariffs [2]. While confirming the finding of increasing rein-
forcement costs in distribution grids with rising proliferation
of dynamic tariffs under volumetric grid charges, other authors
identify additional grid charge options, such as three level
segmented tariffs as effective policy tool against overloads [3].979-8-3315-1278-1/25/$31.00 © 2025 IEEE European Union



Yet, these models often simplify heat demand dynamics, not
fully accounting for building thermal storage and pre-heating,
which carries significant demand shifting potential [13].

In summary, existing studies highlight the significant im-
pact of dynamic tariff adoption on overloads in distribution
grids. While several studies explore grid charges as effective
policy instruments for mitigation, important gaps remain in
understanding how heterogeneous tariff adoption, along with
detailed thermal building models that account for building
thermal storage, affect model outcomes. Addressing these gaps
is crucial for accurately simulating and comparing grid charge
scenarios and for advancing our understanding of distribution
grid overloads under various tariff schemes.

C. Contribution

Addressing the aforementioned research gaps, this paper
investigates the following research question: How do different
grid charge structures affect low-voltage grid stability in res-
idential areas with increasing adoption of dynamic electricity
tariffs? To answer this, we develop a simulation framework
that explicitly models building thermal storage and integrates it
with empirical household load data and EV charging patterns.
This allows us to assess heating flexibility in household-
level optimization problems, a dimension often simplified in
previous studies. We aim to evaluate and compare the grid
stability impacts of three grid charge schemes—volumetric,
peak-level, and three-tier segmented charges—under varying
dynamic tariff adoption rates. Through a case study in a subur-
ban low-voltage grid, we analyze how these schemes mitigate
transformer overloads, line congestion, and voltage issues,
offering policy-relevant insights into grid charge design.

II. RESEARCH METHOD

The following section presents our research approach by
first providing a high-level overview and then describing its
different components in detail.

Figure 1: Methodology Overview

Figure 1 presents our three-stage approach: First, we
model household-level decision-making under various pricing
schemes and grid policies, where each simulation run con-
siders a set of sampled household configurations representing
a neighborhood. Second, we analyze the aggregated impact
of these individual decisions on power grid operations, con-
sidering households as nodes in a low-voltage grid. Finally,

we evaluate system performance through multiple simulation
runs to assess grid reliability and potential overload conditions
under different dynamic tariff adoption rates.

A. Monte-Carlo sampling strategy

Given that each household-level optimization problem takes
multiple seconds to solve on standard hardware and a single
simulation involves more than 300 such optimizations, exhaus-
tive evaluation of all possible input parameter combinations is
computationally infeasible. Instead, we employ Monte Carlo
sampling, drawing building thermal characteristics based on
the underlying empirical distribution of the respective house
types. For all other input variables, we assume uniform
distributions. This method effectively balances computational
efficiency with representative system exploration [14].

B. Household-level optimization

We consider a fully electrified scenario, where each house-
hold is equipped with an EV and a heat pump, both of which
are operated through a HEMS. In addition to these flexible
loads, each household has an inflexible household load. In
our model, operation of HEMS and controlled flexibility
potentials is represented by a quadratic optimization problem.
In the following, we present the underlying cost optimization
problem on the household level in detail. It is based on a
number of studies covering operation strategies of flexible
household loads, EV charging and building thermal modelling
[13], [15]–[17].

Objective function. Each household balances two compet-
ing objectives: reducing its cumulative energy costs Ct over
the whole considered timespan T and maintaining occupant
thermal comfort, with discomfort penalized through a term λ.
This leads to the following formulation:

min

T∑
t=1

(Ct) + λ (1)

Ct = Et · pt,∀t (2)

Et = Ehh,t + EEV,t + Eheat,t,∀t (3)

0 ≤ Ehh,t, EEV,t, Eheat,t,∀t (4)

where Ct reflects the cost of procuring electricity, being the
product of consumed electricity Et with the price pt, which
may be constant or time-varying depending on the considered
scenario. Et is the sum of inflexible household electricity
consumption Ehh,t and EV , EEV,t and heat pump Eheat,t loads,
both of which are flexible and governed by a set of boundary
conditions elaborated in the following sections. All of these
loads are non-negative at each time step.

Thermal model. The thermal model ensures occupant
comfort and setpoint adherence while accurately representing
the building’s physical behavior. A widely adopted approach
for incorporating thermal dynamics into optimization problems
are resistance-capacitance models [18], which model buildings



as equivalents to electrical circuits [19]. We implement a three-
resistance, two-capacitance (3R2C) thermal building model
based on [13] to simulate each building’s thermal behavior. We
discretize via forward-euler method [20] and further extend
the model by incorporating a thermal energy storage and
thermal comfort component. The thermal building dynamics
are governed by the following set of equations:

λ =

T−1∑
t=0

∆t · α · (Tin,t − Tsetpoint)
2 (5)

Tsetpoint ≤
end(d)∑

t=start(d)

Tin,t ∀d ∈ Dheating (6)

Tin,t+1 = Tin,t +∆t

[
1

CiRie
(Te,t − Tin,t) +

1

CiRia
(Tout,t − Tin,t)

+
1

Ci
(Pheat,t + Ptes,t) +

Ai

Ci
Ps,t

]
,∀t ∈ [1, T − 1]

(7)

Te,t+1 =Te,t +∆t

[
1

CeRie
(Tin,t − Te,t)

+
1

CeRea
(Tout,t − Te,t)

]
,∀t ∈ [1, T − 1]

(8)

ETES,t+1 =ETES,t −∆tPtes,t,∀t ∈ [1, T − 1] (9)

Pheat,t + Ptes,t ≥ 0, ∀ t (10)

Eheat,t =
1

COPt
·∆t · Pheat,t, ∀ t (11)

where λ is the discomfort term penalizing setpoint de-
viations quadratically in the objective function [17]. As an
additional measure for thermal comfort, we ensure that for
heating days- days with an average temperature below 18◦C-
the average temperature does not fall under the specified
setpoint, as defined in Equation (6). Equation (7) and (8)
represent the thermal building model with Ci and Ce being
the lumped indoor and building envelope capacitances, while
Rie, Ria and Rea are the thermal resistances between inside
and envelope, inside and ambient and envelope and ambient,
respectively [13]. Ai represents the effective window area.
Ps,t denotes the power of south-facing solar radiation for
each time step, while Pheat,t and Ptes,t represent the average
power of heat provided by the heating system and thermal
energy storage at time step t. Tin,t and Tout,t are the indoor
and outdoor temperatures at each time step. Equation (9)
ensures the consistency of the thermal energy storage model,
with ETES,t denoting the storage level at time t. The thermal
energy storage (TES) may only charge from the heat source,
represented by Equation (10). Lastly, the electrical energy

consumed for heating at each time step is subject to a time-
varying coefficient of performance (COP) and the length of the
time step ∆t. We calculate the outdoor temperature-dependent
COP as proposed by [21].

EV model. We model the flexibility of electric vehicle
charging by allowing EV charging demands to be shifted
within predefined sessions j characterized by a starttime,
endtime, and total amount of energy charged. In addition,
the charging must adhere to limits based on the maximum
charging power. The flexibility of EV charging operations is
governed by the following equations:

EEV,t ≤ EEV,max, ∀t (12)

start(j)∑
t=end(j−1)

EEV,t = 0, j ∈ [2, J ] (13)

end(j)∑
t=start(j)

EEV(t, j) =

end(j)∑
t=start(j)

EEV,empirical,t ∀j ∈ [1, J ] (14)

There, (12) enforces the energy limit per time step and (13)
ensures no charging occurs outside the sessions [16]. Equation
(14) guarantees that the energy demand of each session j
matches the demand of the respective charging session [3].

C. Considered grid charge options

Different grid charge options are modeled by adjusting the
cost term Ct as follows, with the grid term depending on the
chosen grid charge option: Ct = Cgrid,t + Et · pt,∀t with
Cgrid,t being the grid charges at time step t, Et being the total
energy consumption at time t and pt representing the electricity
price at time step t.

Volumetric grid charges. Volumetric grid charges, where
customers pay a fixed fee per kWh of electricity, are a widely
proliferated option [22]. It leads to the following formulation:

Cgrid,t = Et · pgrid,volumetric (15)

Peak pricing grid charges. The second option we model
are capacity-sensitive grid charges consisting of two parts:
a capacity-related peak charge billed for the maximum con-
sumption of the billing period and a reduced volumetric grid
charge. Due to incentivizing individual peak avoidance, this
grid charge policy might also help to reduce aggregated peaks
[2], [9]. One example of this mechanism is the grid charge
policy for industrial consumers in Germany [23]. For modeling
peak level grid charges in our objective function, we adjust the
grid charge term as follows:

Cgrid,t =
1

T
·pgrid,capacity ·max

t∈T
Et+pgrid,volumetric ·Et ∀t (16)

where pgrid,capacity represents the capacity-based grid charge,
and pgrid,volumetric denotes the volumetric grid charge. Et rep-
resents the energy consumption at time step t.



Three-level segmented grid charges. In the case of three-
level segmented grid tariffs, the volumetric price for distri-
bution grid usage increases for additional energy with every
segment [24], incentivizing flatter load profiles. It can be
formulated as follows [24]:

Cgrid,t =

S∑
s=1

Es
t · p

grid,s
t (17)

, where S represents the number of tariff segments, while
Es

t and pgrid, s
t denote the energy consumption and the cor-

responding volumetric grid charge for segment s at time t,
respectively.

The energy allocated to each segment is subject to the
constraint:

0 ≤ Es
t ≤ Es,max, ∀s,∀t (18)

ensuring that it does not exceed a predefined upper limit
Es,max. Additionally, the total household energy consumption
must be met by summing over all segments:

Et =

S∑
s=1

Es
t ∀t. (19)

D. Power flow calculation

Power flows are calculated across varying adoption levels
and grid charge scenarios using household-specific load pat-
terns derived from each electricity tariff–grid charge combi-
nation. Each household’s resulting load profile is mapped to
a node within the modeled low-voltage distribution network.
To simulate different adoption scenarios, a specified num-
ber of households are randomly selected to follow dynamic
pricing load patterns, while the remainder maintain fixed-
price patterns. This process is replicated across different grid
charging policies, with power flow calculations performed
using pandapower [25].

E. Aggregated evaluation

Three critical health parameters detect overload conditions
in power systems: transformer loading, power line loading,
and voltage stability. Transformer loading monitors the equip-
ment’s relative load, tracking periods when loading exceeds
100% of rated capacity, where sustained overloading acceler-
ates transformer aging and may trigger system-wide blackouts
in extreme cases [26]. Power line loading assessment identi-
fies network congestion by comparing actual loading against
line capacity; when loading exceeds rated limits, accelerated
thermal degradation occurs, and severe overloads can trigger
line trips, causing service interruptions [27]. Voltage stability
monitoring tracks per-unit bus voltages throughout the net-
work, with under-voltage conditions identified when values
drop below 90% of the nominal value, indicating potential
system instability. [28]. These fluctuations can degrade device
performance and, in extreme cases, cause voltage collapse and
blackouts [29].

We assess all of these parameters on an aggregated level by
calculating the average over all simulation runs. To quantify
uncertainty, we also compute the standard deviation for each
metric.

III. CASE STUDY

This paper investigates how grid charge options influence
low-voltage distribution grid overloads in a fully electrified
scenario with varying adoption of dynamic pricing. The sce-
nario considers 2019 in hourly time steps and is situated in
Hamelin, Germany.

A. Empirical input data

To simulate inflexible household loads, we use empirical
household load data from 2019 for multiple single-family
homes located in Hamelin [30]. After filtering out houses with
larger chunks of missing data, 22 load profiles were used in
this study. We employ EV charging data from Norway in 2019
[31], including plug-in time, plug-out time and amount of
electricity charged. After preprocessing, data from 22 chargers
were used. Hourly weather data for Hamelin in 2019, including
temperature and irradiance values, were sourced from Visual
Crossing [32].

Dynamic electricity costs were modeled using the EPEX
SPOT day-ahead prices for 2019, obtained from the ENTSO-E
Transparency Platform API [33]. For the fixed price scenario,
we calculated a daily consumption-weighted average of the
wholesale price. This fixed price consequently excludes any
risk premiums potentially reflected in standard fixed-price
contracts.

B. Thermal model parameters

To model heating demand, we employ a 3R2C thermal
model. We derive the required parameters of thermal re-
sistance, capacitance, and effective window area from [13].
These values are available for a set of representative German
single-family homes. The study also provides heating power
specifications and estimates the prevalence of each building
type in the German housing stock [13]. We use these preva-
lence estimates to establish the distribution of building types
across our house archetypes (detailed in Appendix A), which
informs our sampling methodology. In addition, we assume
each house to be equipped with a 500 l thermal energy storage,
amounting to roughly 20 kWh of storage capacity, which can
be discharged in one hour [34]. The setpoint is constantly set
to 21◦C and α, the discomfort coefficient to 0.05.

C. Low-voltage grid model

We model the grid in Pandapower using the Kerber village
network [35], which is frequently used in studies investigating
residential low-voltage distribution grids [28], [36], [37]. The
Kerber network includes 116 buses, 57 loads, 114 lines, a
transformer, and a grid connection, with "NAYY 150" cables
for main lines and "NAYY 50" for branchout lines.



D. Parametrization of grid charges

Based on empirical data from 2024, volumetric grid charges
of 0.115 C/kWh [38] were used. For peak load grid charges,
the peak price component is set to 67.94 C/kW, following
empirical data [39]. To ensure revenue neutrality compared to
the volumetric-only scenario when no optimization is applied,
we adjust the volumetric price component of our peak grid
charges accordingly. This results in an average volumetric
charge component of 0.025 C/kWh.

For three-level grid charges, the pricing structure is defined
as follows: The first segment applies to consumption up to the
average hourly household consumption. The second segment
covers consumption up to three times the average and is
priced twice as high as the first. The third segment applies
to consumption beyond this threshold and is priced ten times
higher than the first. To maintain comparability, we set the
price of the first segment so that the grid operator’s revenue
remains unchanged when applying the base case load data.

IV. RESULTS

In this section, we discuss the aggregated results of 30 sim-
ulation runs of the case study investigating a fully electrified
scenario of 57 households in Hamelin.

Figure 2: Hours with transformer overloads per adoption sand
grid policy scenario

Figure 2 represents the observed hourly time steps with
transformer overloads averaged over the 30 simulation runs.
While for volumetric grid charges, only single instances of
overloads occur for dynamic tariff adoption rates below 50%,
they dramatically increase with further rising adoption rates,
reaching over 90 hours with transformer overloads in case
of full dynamic tariff adoption. In contrast, overloads can be
almost entirely averted with the other grid charge policies, with
only one overload occurring on average with three-level grid
charges and full dynamic tariff adoption. A similar pattern
emerges when considering hours with elevated transformer
load (depicted in Appendix B). While those increase with
rising adoption rates across all grid charge policies, they are
by far the highest in the volumetric grid charge case.

With respect to the remaining overload metrics, which are
depicted in the appendix, the aforementioned pattern holds

true: With rising adoption rates of dynamic prices, the stress
on the grid increases. However, the effect is alleviated in the
case of peak and three-level grid charges. Critical overloads
are only observed with volumetric grid charges. Overall, peak
pricing grid charges appear to be slightly more effective in
stabilizing the grid than three-level grid charges.

V. DISCUSSION AND CONCLUSION

This study advances the understanding of grid charge struc-
tures by incorporating a detailed building heat model into
the analysis of fully electrified residential scenarios. While
previous work has established the effectiveness of different
grid charge approaches in electrified settings [2], [3], our anal-
ysis uniquely accounts for the thermal dynamics of buildings
and their impact on flexibility potential. Our findings show
that both peak-level and three-tier segmented charges maintain
grid stability when households optimize across heat pumps,
electric vehicles, and building thermal mass, while volumetric
charges prove insufficient at high adoption rates of dynamic
electricity tariffs. Our results extend existing research in two
key ways. First, by incorporating detailed thermal building
physics, we demonstrate how the interaction between building
characteristics and heating system operation affects the overall
effectiveness of different grid charge structures. Second, we
show that the benefits of peak-level and segmented charges
persist even when accounting for realistic thermal constraints
and comfort requirements. These insights are particularly
relevant as they provide a more nuanced understanding of flex-
ibility potential in residential heating systems. The disparity
between our simulation results and empirical findings from
existing networks [40] suggests that realizing the potential
of sophisticated grid charges requires concurrent advance-
ment in household automation systems, particularly in thermal
management. This observation highlights the importance of
coordinating grid charge policy with smart home technology
deployment. While our findings are specific to the German
context, the effectiveness of peak-level and three-tier charges
would likely extend to other regions experiencing similar
electrification trends, though performance may vary with cli-
mate conditions and building characteristics. Limitations of
our study include the exclusion of photovoltaic systems and
battery storage, reliance on a single grid topology, and use of
data from a period of relatively stable electricity prices. Future
work should examine how these factors influence outcomes
across diverse geographic and regulatory contexts.

In conclusion, our findings provide grid operators and poli-
cymakers with new insights into how building thermal storage
influences the effectiveness of different grid charge structures.
The results suggest that peak-level or segmented charges can
effectively manage grid stability even when accounting for
realistic thermal constraints.
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APPENDIX A
INPUT OF THE MONTE CARLO SIMULATION

For our Monte Carlo sampling, we used established RC-Parameters for the German building stock [13]. Figure 3 represents
the relative frequencies we used for the sampling of the different building types. For each building type, there are three different
parameter sets depending on the renovation state of the building. For the renovation state, a uniform distribution was assumed.

Figure 3: Relative frequencies of considered house types

APPENDIX B
FURTHER OVERLOAD METRICS CONSIDERED IN THIS STUDY

The following visualizations provide a more detailed overview of the three overload metrics we tracked in this study:
transformer load, line overloads and voltage limit violations.

Figure 4: Hours with transformer loads >70% per adoption and grid policy scenario



Figure 5: Hours with line overloads per adoption and grid policy scenario

Figure 6: Maximum line loading observed per adoption and grid policy scenario



Figure 7: Hours with voltage limit violations per adoption and grid policy scenario

Figure 8: Minimum voltage levels per adoption and grid policy scenario


