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ARTICLE INFO ABSTRACT

Dataset link: [GitHub], [KITOpen] In future energy systems characterized by significant shares of fluctuating renewable energy sources, there
is a need for a fundamental change in electricity consumption. The energy system must adapt to the
intermittent generation of renewable energy sources. This can be achieved by using flexible electrical loads,
such as heat pumps and electric vehicles, with efficient control methods. In this paper, we introduce the
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Pareto local search Pareto local search method PALSS which employs heuristic search operations to solve the multi-objective
Reinforcement learning demand response problem in residential areas, resulting in superior performance to existing approaches.
Residential area Flexible electrical loads are shifted with the objective of minimizing the electricity cost and peak load while

maintaining the inhabitants’ comfort in favorable ranges. Furthermore, we extend PALSS by incorporating
reinforcement learning into the search operations in the approach RELAPALSS. For the evaluation, we employ
the dichotomous method to obtain solutions that are guaranteed to be Pareto-optimal, serving as benchmarks.
The results demonstrate that PALSS outperforms state-of-the-art multi-objective evolutionary algorithms by
16% (18% for RELAPALSS) regarding the performance indicator Generational Distance and by 128% (130%
for RELAPALSS) for the indicator Hypervolume. The runtime for PALSS and RELAPALSS is reduced by up to
92% compared to exact methods.

1. Introduction or availability signal for renewable energy sources is that all buildings
tend to react to the lowest price at the same time [6]. This leads to

Future energy systems require flexible electricity loads to cope with new peak loads in the electricity grid that might harm the transformers
the intermittent electricity generation by renewable energy sources. In or the transmission lines. This issue becomes increasingly significant

residential areas, electric heating systems (like heat pumps) coupled to
thermal storage, and electric vehicles (EV), are especially suitable for
demand response by adjusting their electricity consumption based on
an external signal [1,2]. In 2022, space heating accounted for approx-
imately 63.5% of the total energy usage in EU households and about

with the growing residential demand driven by the electrification of
the mobility and heating sectors, particularly through the use of EVs
and heat pumps [7].

Thus, the resulting optimization problem for controlling flexible

15% for domestic hot water (DHW) [3]. Due to their high efficiency, devices in a residential area has multiple conflicting goals. Next to
heat pumps are especially well-suited for demand response strategies. the minimization of the electricity cost, the reduction of the peak load
They can utilize existing infrastructure like the building’s thermal in the local grid is an important objective. Further, considering the
mass and hot water tanks to shift electricity usage over time while inhabitants’ thermal comfort is crucial for shifting the operation of the
maintaining occupant comfort. Advanced measurement technologies, electrical heating devices. Since the multi-objective scheduling problem
like smart meters, combined with intelligent monitoring and control is NP-hard [8], exact methods for finding optimal solutions are compu-
strategies, are transforming the traditional electricity grid into a smart tationally intensive and therefore impractical for real-world scenarios

grid. Intelligent strategies for centrally controlling smart buildings can
lower electricity costs, enhance the utilization of renewable energy, and
contribute to grid stabilization [4].

A price signal tied to electricity market prices is typically used to
control electricity consumption [5]. The problem with using a price

involving residential areas with multiple buildings [9]. Consequently,
heuristic methods are needed to solve the multi-objective optimization
problem for the intelligent control of flexible devices. While heuristics
cannot guarantee to find the globally optimal solution, they have shown
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NSGA-II
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Indices
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Q?EmandDHW
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QtI:ZssesDHW
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min
TDHW

Building type

Domestic hot water

Electric Vehicle

Generational Distance

Hypervolume

Mixed Integer Linear Programming
Non-dominated Sorting Genetic Algorithm
3

Non-dominated Sorting Genetic Algorithm
2

Pareto local search for load shifting
Pareto local search

Reinforcement learning assisted Pareto lo-
cal search

Reinforcement Learning

Reference Vector Guided Evolutionary Al-
gorithm

Strength Pareto Evolutionary Algorithm

total number of buildings
building
iteration
time slot
total number of time slots

charging efficiency of the EV

density of concrete

coefficient of performance of the heat
pump

availability parameter of the EV

specific heat capacity of concrete

energy capacity of the EV’s battery

factor for controlling the allowed deviation
from the initial DHW volume

factor for controlling the allowed deviation
from the initial temperature

maximum number of heat pump starts
maximum electrical power of the heat
pump

time-variable electricity price

electrical power of the inflexible devices
power consumption of the EV while driving
maximum power of the EV charging station
demand for DHW

demand for space heating

energy losses of the hot water tank

energy losses of the heating system
maximum building temperature

minimum building temperature
temperature of the domestic hot water

y PHWmax maximum volume of the hot water tank

y PHWmin minimum volume of the hot water tank

Al volume of the underfloor heating system

mod™" minimum modulation degree of the heat
pump

Variables

SocC,, state of charge of the EV

RIunDHW binary variable indicating if the heat pump
is running for DHW

h;‘Z“SH binary variable indicating if the heat pump
is running for space heating

hSitchedOft binary variable indicating if the heat pump
is switched off

pPeak electrical peak load

pPeakshift share of shifted load using the Peak-Shift-
Operator

pPriceshift? share of shifted load using the Price-Shift-
Operator

Pr]?bv charging power of the EV

oy heating energy of the heat pump for DHW

Qf’; heating energy of the heat pump for space
heating

Tti“ﬂdi"g temperature of the building

VO usable volume for DHW of the hot water
tank

X p modulation degree of the heat pump for
space heating

Yib modulation degree of the heat pump for
DHW

very good performance with strongly reduced computational times in
numerous demand response studies [10].

Compared to single-objective optimization, multi-objective opti-
mization offers several key advantages [11,12]. The outcome of an opti-
mization problem in a multi-dimensional objective space is a Pareto set
— a collection of optimal trade-off solutions (Pareto-optimal
solutions) — which provides greater decision-making flexibility. In
multi-objective optimization, the weights of the objectives do not
need to be specified beforehand, allowing the decision-maker to ex-
plore trade-offs and understand objective conflicts before expressing
preferences. In contrast, the weighted-sum approach used in single-
objective optimization requires the decision maker to specify objective
weights prior to optimization, which can introduce arbitrary or biased
results depending on the chosen weights. Moreover, multi-objective
optimization methods offer a more comprehensive understanding of the
interactions between conflicting objectives, revealing the sensitivity of
these objectives to various decision variables. This level of insight is
generally unattainable with single-objective optimization. Additionally,
it is known that the weighted-sum approach cannot find all Pareto-
optimal solutions, as discussed in Section 4.3, thereby limiting the
exploration of the solution space in the objective domain. Exact meth-
ods for solving multi-objective optimization problems are generally
more computationally demanding than those for single-objective prob-
lems, further justifying the use of heuristic approaches in applications
with realistic problem sizes.

Heuristic local search methods based on Pareto-optimality have
been successfully used in several applications of multi-objective opti-
mization [13,14]. However, the literature lacks multi-objective heuris-
tics that incorporate demand response-specific search operations, par-
ticularly for exploiting the flexibility of thermal storage in combination
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Table 1
Comparison of relevant papers from the literature.
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RL with domain Multi-objective Pareto Compared to Compared to
knowledge optimization local search metaheuristics exact methods

Pinto et al. 2021 [15] X ) X X X

Peirelinck et al. 2024 [16] v V) X X X

Pinto et al. 2021 [17] v W) X X X

Shakouri et al. 2017 [18] X W) X X v

Tang et al. 2022 [19] X V) X X X

Dutra et al. 2019 [20] X V) X X v

Khalid et al. 2018 [21] X (2] W) v X

Wynn et al. 2022 [22] X v X v X

Terlouw et al. 2019 [23] X v X X w)

Song et al. 2022 [24] X (2] X X W)

Wang et al. 2020 [25] X v X v X

Kazmi et al. 2019 [26] 4 X X X X

Wei et al. 2015 [27] X v X v X

Chiu et al. 2020 [28] X v v v X

Present work v v v v v

with heat pumps. To address this gap, we propose a Pareto-based local
search method to solve the multi-objective demand response optimiza-
tion problem for a residential area equipped with thermal storage and
EVs. The goal is to minimize the electricity costs while simultaneously
reducing the peak load and maintaining the thermal comfort of the
inhabitants in acceptable ranges.

The remainder of the paper is organized as follows: In Section 2,
we describe the relevant literature and explain the main contribution
of this paper. We define the multi-objective optimization problem in
Section 3 and introduce our novel Pareto local search approach and an
exact method from the literature for solving the problem in Section 4.
The results of our experiments are presented in Section 5. The paper
ends with a conclusion and outlook in Section 6.

2. Related work and contribution
2.1. Related work

Table 1 lists the relevant studies from the literature. Pinto et al. [15]
use (Reinforcement Learning) RL to optimize four buildings with heat
pumps and domestic hot water (DHW). They aim to minimize the
energy costs and the peak load. Peirelinck et al. [16] include domain
knowledge into their RL application to control the DHW heating of
buildings to minimize the electricity cost by having a tariff that depends
on the peak load. Pinto et al. [17] combine a Long-Short-Term-Memory
(LSTM) with RL to control heat pumps. They use the LSTM to learn
the building dynamics for evaluation from a building simulation tool.
Shakouri et al. [18] define a multi-objective optimization problem for
minimizing the costs and peak load in an intelligent grid by shifting the
electricity consumption of household devices. They solve the problem
with Goal programming. In [19], Tang et al. use RL to operate an inte-
grated energy system with electricity, gas, and heating networks. Their
objectives also include the minimization of costs and peak load. Dutra
et al. [20] introduce a decentralized heuristic for demand response of
an aggregator. The aggregator controls multiple flexible loads such that
the costs and the peak load are reduced. Khalid et al. 2018 [21] define
a novel local search method based on two metaheuristics (genetic algo-
rithm and hybrid bacterial foraging). Their flexible devices include air
conditioners (AC), water heaters, washing machines, and dishwashers.

Wynn et al. [22] use a multi-objective version of the metaheuristic
gray wolf optimization applied for scheduling flexible resources in
a microgrid. Next to minimizing the costs and the peak load, they
consider consumers’ dissatisfaction in their optimization problem. Ter-
louw et al. [23] define a multi-objective optimization problem for an
aggregator with different battery technologies for a whole community.
The objectives comprise minimizing costs, CO,-emissions, and the peak

load. In the study [24], Song et al. solve a day-ahead battery schedul-
ing problem for residential buildings and include the goal of costs,
peak load, and consumer satisfaction in the objective function. Wang
et al. [25] use the multi-objective genetic algorithm NSGA-II for the
optimization of a combined cooling, heating, and power system. The
goals are the reduction of CO,-emissions, costs, energy usage, and the
enhancement of grid integration. Kazmi et al. [26] train an RL agent for
thermostatically controlled loads (heat pump, DHW). They include do-
main knowledge into RL by adding additional training features derived
from thermodynamic laws. The goal is to minimize energy consumption
in residential areas. Wei et al. [27] use multi-objective particle swarm
optimization to optimize the operation of a heating-ventilation and air
conditioning (HVAC) system. The goals include minimizing the energy
consumption, CO,-emissions and the temperature of buildings while
maximizing the indoor air quality. Chiu et al. [28] introduce a Pareto
local search approach based on evolutionary algorithms for demand
response in a residential area. The Pareto local search controls the AC,
EV, and shiftable devices to minimize the energy costs and the peak
load.

While every study considers multiple objectives, most use the
weighted sum approach to transform the multi-dimensional objective
space into a one-dimensional space (ticks in brackets). Only [22,23,
25,27,28] optimize in a multi-objective space and generate trade-off
(Pareto-optimal) solutions. However, none of those studies compares
their introduced approach to an exact method for multi-objective opti-
mization that systematically generates the true Pareto-front containing
all Pareto-optimal solutions. Chiu et al. [28] introduce a Pareto local
search approach aimed at approximating the true Pareto front using
local search methods. However, their approach relies on the local
search operations of evolutionary algorithms, which do not incorporate
problem-specific heuristics tailored to the demand response problem
with variable electricity tariffs. Moreover, their method does not uti-
lize thermal storage to exploit the flexibility of heat pumps. While
several studies use RL [15-17,19,26], only [16,17,26] include domain
knowledge into the decision making of their trained agent.

2.2. Contribution

To the best of our knowledge, this study is the first to introduce a
Pareto local search method with problem-specific operations tailored
to shift flexible electricity loads from heat pumps and EVs in resi-
dential areas, within a multi-dimensional objective space. Approaches
for multi-objective optimization problems aim to find optimal trade-
off solutions for decision-making. This feature of heuristic control
approaches for demand response in residential areas has not been
adequately explored in the literature. We also extend our approach
by integrating RL into the decision-making and evaluating the novel
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Fig. 1. Residential area with three different building types.

approaches. Our approach is the only one to utilize RL combined
with domain knowledge of demand response operations to optimize
within a multi-dimensional objective space. Moreover, we have made
the code and data used in this study publicly available to facilitate
reproducibility and support future research.

In summary, our paper has the following three unique contributions:

» We introduce a novel approach for Pareto local search for de-
mand response in residential areas with heat pumps, thermal
storage and EVs that utilizes heuristic search operations. The
heuristic search operations we propose for this domain are new
and designed specifically for multi-objective demand response
problems.

We include a model-free RL approach into the Pareto local
search’s decision-making in a multi-dimensional objective space
and thus include domain knowledge into the training of the RL
agent. To the best of our knowledge, this is the first approach that
combines RL with domain-specific knowledge for multi-objective
demand response optimization.

For the evaluation, we solve the multi-objective optimization
problem for a residential area using four state-of-the-art meta-
heuristics and the Dichotomous method, an exact method that
can guarantee to find the whole Pareto-front. To our knowledge,
no prior work on multi-objective demand response has included
exact methods for benchmarking. Further, we compare them
to an existing conventional control approach that is used most
often nowadays in buildings. Notably, our evaluation is extensive,
comparing our methods to a greater number and a wider variety
of algorithms than the studies found in the literature.

3. Multi-objective demand response optimization problem for the
residential area

In this section, we formulate the multi-objective demand response
optimization problem for the residential area, which consists of three
building types (BT) visualized in Fig. 1. BT1 is a single-family building
that uses a heat pump for space heating and domestic hot water.
An underfloor heating system and a hot water tank serve as thermal
storage. Further, the inhabitants charge the EV at home. BT2 is similar
to BT1, but does not use an EV. BT3 is a multi-family building that uses
a heat pump for space heating but not for DHW supply (DHW requires
higher temperatures which reduces the efficiency of heat pumps).

The primary goals for a centralized controller are to minimize the
total electricity costs with a time-variable electricity tariff p, and to
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minimize the peak load P*¢?* in the residential area.

min(Cost, PFeek) (€D)]
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Eq. (2) makes sure that the temperature T, Building ¢ every building b
is always between a lower temperature limit Tmm and an upper temper-
ature limit 7," during every time slot ¢. In analogy, Eq. (3) forces the
volume of the hot water tank V)™ to be between the corresponding
minimum PHWVMin and maximum volume y,PHWmax To ensure that the
values of the building temperature and the usable volume of the hot
water tank are not too far away from their initial values, we add Eq. (4)
and (5). These equations include the two parameters dTemperature and
dPHW whose values are between 0 and 1. Thus, we can control the
deviation from the allowed initial values.

We define the temperature difference equation in Eq. (6). The
temperature of each building b at time ¢ is equal to its temperature
from the previous time slot plus the energetic difference divided by
the volume of the underfloor heating system ¥ UFH, the density pConcrete
and the specific heat capacity of concrete cC°"r¢, The heat pump’s
heating energy for space heating Qflb{ increases the temperature of
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the building while the demand for space heating Q7;™"**" and the
losses of the heating system itself Qb}’““SH decrease it. The demand
for space heating comprises a time series incorporating the building’s
transmission and ventilation losses, as well as internal and solar gains.
We describe in Section 5.1 how we generated the time series. In anal-
ogy, Eq. (7) defines the energetic difference equation for the volume of
the hot water tank. The heating energy flows for DHW from the heat
pump QW increase the usable volume of DHW while the demand for
DHW QDC““““leHW and the hot water tank’s standing losses Q9**PHW
decrease it. As hot water tanks use water as storage medlum the
energetic difference is divided by the temperature TPHW density pWater
and specific heat capacity ¢V of water.

To calculate the heat pump’s heating energy for space heating,
Eq. (8) multiplies the modulation degree of the heat pump for space
heating x, , with the heat pump’s maximum electrical power P}, the
coefficient of performance COP, , and the time resolution 4t. Likewise,
Eq. (9) uses the heat pump’s modulation degree for heating the hot
water tank y, , to derive the heating flows to the hot water tank.

Eq. (10) introduces the binary variables h“‘“SH and h”‘"D“W that
indicate whether the heat pump is running for space heatmg or DHW at
time . Further, the binary variable /5%<"d0T has the value 1 if the heat
pump is being switched off at time slot t. As the heat pump cannot heat
the building (space heating) and the hot water tank simultaneously, we
add Eq. (11). To ensure that the maximum number of heat pump starts
does not exceed k,, Eq. (12) is added. Eq. (13) to Eq. (16) force the heat
pump’s modulation degree to be either 0 or higher than the minimum
modulation degree mod™",

The charging power for the electric vehicle
the maximum power of the charging station PEVMaX Moreover, the EV
can only be charged at a particular time slot t 1f its binary availability
variable q,, indicates that the EV is at home and thus available for
charging. Hence, we introduce Eq. (17) to incorporate these constraints.
Eq. (18) ensures that the state of charge of the electric vehicle’s battery
SOC, , is always between 0 and 1, while Eq. (19) hinders it to be too far
away from its initial value at the end of the optimization horizon Z. The
difference equation for the SOC, , is defined in Eq. (20). The charging
power of the EV, adjusted by the charging efficiency #,, increases the
SOC while the required electrical power while driving the EV PEYPrive
reduces it. The parameter CEV quantifies the energetic capacity of the
battery.

Eq. (21) defines the costs and, thus, the first objective. The total
costs are calculated by summing the electrical power consumption of
the heat pump, the EV, and the inflexible household appliances Pf}).
This is multiplied by the time resolution and the current price p, of a
time-variable electricity tariff. For the costs, we sum up over all time
slots and buildings.

To determine the peak load as the second objective, we use Eq. (22),
which takes the maximum value of the combined electrical load of
all buildings over all time slots. To model the maximum function, we
introduce a set of linear constraints requiring P*% to be greater than
or equal to the load at each time slot in the implementation. Since PFeak
is minimized in the objective, it will exactly equal the maximum load
across all time slots. Thus, despite involving a maximum function, the
problem formulation remains linear.

While the defined optimization problem is valid for the whole
residential area, it must be noted that BT2 and BT3 do not have an EV,
and BT3 only uses the heat pump for space heating. For these buildings,
the corresponding equations are neglected. The optimization problem
is a mixed-integer linear problem (MILP).

PEV should not exceed

4. Methods for solving the multi-objective optimization problem

In this section, we introduce our novel algorithms for shifting
electrical loads in a residential area and thereby find Pareto-optimal
solutions for the minimization of the peak load and the electricity costs.
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Initial solution
PLS - Iteration 1

PLS - Iteration 2

PLS - Iteration 3

True Pareto front
> 1>

Fig. 2. Solution space of a minimization problem with Pareto local search.

A solution is Pareto-optimal when there exists no other solution that
improves at least one objective without worsening the others.

In Section 4.1, we explain the Pareto local search approach for
demand side management PALSS, which constitutes the main contri-
bution of this paper. Next, we describe RELAPALSS in Section 4.2,
which uses reinforcement learning to assist PALSS. In Section 4.3, we
explain the Dichotomous method, which is an exact method for multi-
objective optimization that we use to obtain a real Pareto-front of the
problem that consists of so-called supported Pareto-optimal solutions.
We use a conventional control approach for a lower benchmark in our
evaluations that we describe in Section 4.4.

4.1. Pareto local search for load shifting (PALSS)

4.1.1. Pareto local search

Pareto local search (PLS) aims to find a good approximation of
the true Pareto-front (that is not known before) in a reasonable time.
PLS extends the iterative improvement algorithm, called local search,
from single-objective to multi-objective problems for the systematic
exploration of the solution space [14]. It navigates the neighborhood
of solutions within its archive, incorporating new non-dominated so-
lutions while removing dominated ones to refine the archive. Fig. 2
illustrates the outcomes in the solution space of three PLS iterations
for the minimization of two objectives. In many applications, the search
starts from a naive solution of the problem that is easy to find.

Fig. 3 depicts the schematic workflow of our developed method
PALSS. The search starts with a conventional solution (see Section 4.4).

PALSS generates the population of the first generation by using local
search operators (see Section 4.1.2) to generate k solutions. Afterward,
the same local search operations generate m new solutions from each
of the k existing solutions and store each of the k - m solutions in
a temporary archive. Next, PALSS uses the Pareto sorting approach
(see Section 4.1.3) to filter the solutions in the temporary archive and
reduce them again to k solutions. These solutions are Pareto-optimal
(based on the solutions in the archive) and form the population of
the next iteration. This procedure is repeated for n iterations (in case
the algorithm meets no other stopping criterion, such as a time limit
or predefined target values of the different goals), and the algorithm
outputs the approximated Pareto front.

4.1.2. Local search operators

PALSS makes use of two shifting operations to adjust the load
profiles of individual buildings: the Price-Shift-Operator and the Peak-
Shift-Operator. Both use as input the resulting electrical load profile of
the residential area from a solution and the time-variable electricity
tariff. The Price-Shift-Operator shifts loads from time slots with high
electricity prices to time slots with low prices. Fig. 4 illustrates this
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Fig. 3. Schema of PALSS.

Table 2

Probabilities of PALSS for selecting the highest price hours in each iteration
using the Price-Shift-Operator (Probabilities for the lowest price hours are
equivalent to those for the highest price hours).

Iteration Highest Highest Highest Highest Highest

hour 1 hour 2 hour 3 hour 4 hour 5
1 0.410 0.328 0.123 0.082 0.057
2 0.393 0.311 0.139 0.098 0.059
3 0.377 0.295 0.156 0.11 0.062
4 0.361 0.279 0.172 0.12 0.068
5 0.344 0.262 0.189 0.135 0.07

operation. Flexible electrical devices (heat pumps, EVs) try to reduce
their load during time slots with high prices if possible. In compensa-
tion for that, the devices try to increase their electricity consumption
during low-price periods.

For the selection of the affected time slots and the amount of shifted
loads, we use a heuristic approach. Table 2 shows the probabilities
for selecting the hours with the highest, second highest, third highest
prices, etc., during each iteration. The probability of selecting the time
slot with the highest and second highest prices is very high initially and
slightly decreases in every new iteration. In contrast, the probability of
selecting the hour with the third, fourth, and fifth highest price to re-
duce the load increases in each iteration. The probabilities for selecting
the time slot with the lowest value to shift the load to are determined
analogously. Using selection probabilities enhances the exploration of
the search space. We determined these probabilities after running a
large number of experiments. The concrete probabilities depend on the
specific use case and scenario. However, the general idea of having high
probabilities at the beginning for the highest prices which decrease over
time, and analogously, having lower probabilities for the lower prices
that slightly increase in every iteration, is useful for all probabilistic
demand response heuristics.

Next to selecting the time slots for load shifting, the Price-Shift-
Operator determines the amount of load that is shifted between the
time slots. For this purpose, it uses the following uniform distribution
in iteration i:

ApPriceshifth 1720 - 1,40 - 2), i€ {l,...,5) (24)

Price-Shift-Operator

Electricity Load (kW)

Price (Cent/kWh)
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Fig. 4. Price-Shift-Operator.

According to Eq. (24), the percentage of shifted loads P‘.l"ad% in
iteration i is randomly determined by using a uniform distribution
with diminishing upper and lower boundaries in each iteration. Those
values yielded the best results in our experiments. These percentages
and the maximum number of iterations (which is five in our case)
also depend on the specific use case and scenario. The central idea
is that in early iterations, higher amounts of loads are shifted while
the amount decreases with increasing iteration counter. Using random
values ensures diversity in the temporary archive.

The Peak-Shift-Operator is similar to the Price-Shift-Operator as Fig.
5 illustrates. It always chooses the time slot with the highest load in
the whole residential area and shifts a certain amount to time slots with
low prices. The probabilities for selecting the time slots with the lowest
prices are equivalent to the ones of the Price-Shift-Operator in Table 2.
The algorithm likewise randomly determines the amount of shifted load
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PPeakShift% by ysing a uniform distribution with decreasing boundaries

in each iteration i as shown in Eq. (25).

APPESHIftE (10— 1,25~ 1), ie{l,...5) (25)

The boundaries can be flexible. We determined the specific values
by running multiple experiments and choosing the combination that
yielded the best results. PALSS randomly chooses to either apply the
Peak-Shift-Operator or the Price-Shift-Operator to generate one new
candidate solution. This is done several times for every solution in
the generation to generate a temporary archive with new candidate
solutions.

4.1.3. Pareto sorting

The number of the new candidate solutions in the temporary archive
is higher than the population size. Thus, the Pareto sorting eliminates
several solutions from it. First, the algorithm determines the Pareto-
optimal solutions amongst the candidate solutions of the prior genera-
tion. Further, all solutions that violate any constraints are eliminated.
A score is calculated by using Eq. (26) for all remaining solutions.

Score = =y L i (26)
Conventional PConventional

The equation divides the cost of a solution by the cost of the
conventional solution. Likewise, the peak power is divided by the peak
of the conventional solution. A lower score indicates a better fulfillment
of the two objectives as we deal with a minimization problem.

If the number of Pareto-optimal solutions in the temporary archive
of generation i is lower than the population size, all Pareto-optimal
solutions are transferred to the next generation i + 1. The remaining
positions in generation i + 1 are filled by successively adding the
dominated solutions of the previous generation’s i temporal archive
with the lowest Score value. If the number of Pareto-optimal solutions
exceeds the population size, the algorithm only adds the solutions with
the lowest (best) Score values to the new generation.

4.2. Reinforcement learning assisted pareto local search (RELAPALSS)

Instead of heuristically choosing the time slots and the amount of
shifted electrical loads within the Peak-Shift-Operator and the Price-
Shift-Operator, we also investigate the use of model-free reinforcement
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learning algorithms to learn the parameters for the local search opera-
tors. We use the Proximal Policy Optimization Algorithm [29] as it yielded
promising results in many different applications and tends to be sample-
efficient. We train it on 12 days for one configuration of the residential
area with 20 buildings.

To derive the state for the Price-Shift-Operator, the RELAPALSS
algorithm uses the five time slots with the highest and lowest electricity
prices. It then calculates the share of electrical load from the overall
load profile of the residential area (as percentages) for each of those
time slots. This results in a ten dimensional state space. This state
vector provides the agent with information about the load distribution
during the most expensive and cheapest time slots, enabling it to learn
shifting strategies based on price signals. For the Peak-Shift-Operator,
the calculation is similar. The difference is that only the five time slots
with the lowest electricity prices are considered, making the state space
five-dimensional. This operator focuses solely on reducing the peak
load by shifting demand from the peak period to the five lowest-price
time slots.

The action space for the Price-Shift-Operator is a three-dimensional
vector. The first component determines the source time slot for shifting
the electricity load. The agent chooses the source time slot out of the
five time slots with the highest prices indicated by the state space
vector. The second component contains the target time slot to shift the
load to (time slots with lowest prices), while the third quantifies the
amount of shifted electrical loads.

The action space is merely two-dimensional for the Peak-Shift-
Operator. The first dimension determines the target time slot to shift
the load to, and the second component decides about the amount of
shifted electrical loads.

During the training phase the RELAPALSS algorithm calculates the
reward after every application of the local search operators for ev-
ery building. If the Price-Shift-Operator is chosen as the local search
operator, the reward quantifies the percentage cost reduction of the
individual building multiplied by a constant weighting factor. For the
Peak-Shift-Operator, the reduced peak load of the whole residential
area is used as a reward for the Proximal Policy Optimization Algorithm.
Throughout training, the agent interacts with the simulation environ-
ment by selecting and applying both types of local search operators.
Over time, it learns to choose operator parameters that are likely to
improve the overall objective.

4.3. Dichotomous method

One approach to solving multi-objective optimization problems is
scalarization. Here, a weighted sum scalarization is applied to the
multi-objective problem with objective functions in Eq. (1) to obtain
a weighted sum objective

min ACost + (1 — 1) PPe, @7

where 4 € (0,1). The multi-objective load shift problem with objective
Eq. (27) is now a single-objective MILP. For every choice of 1 € (0,1)
it is guaranteed that a supported Pareto-optimal solution is obtained
(and all such solutions can be found) [30]. The so-called dichotomous
approach is an effective strategy for exploring all necessary weights
in order to guarantee that all supported Pareto efficient solutions are
found [e.g. 31]. Initially the two lexicographically optimal solutions
of the problem are computed which prioritize minimizing a single
objective (Cost or PP®*) and among all optimal solutions of this first
problem then minimize the other objective, to obtain the initial two
points P, P, on the Pareto-front in Fig. 6. The dichotomous method
iterates by updating the weight 1 and solving a weighted sum problem
for each pair of neighboring points until no new points are found —
intuitively the next point is the one furthest from the line connecting
the two neighboring points in Fig. 6. The process terminates with a
so-called complete set of extreme supported Pareto-optimal solutions.
It should be noted that, unlike a multi-objective continuous linear
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programme, a multi-objective MILP also has other non-supported Pareto- PALSS ~ mmm RELAPALSS mmm NSGA-l SPEA-II NSGA-II RVEA
optimal solutions (lying in the interior of the convex hull of supported &
Pareto-optimal solutions, see bottom-right of Fig. 6) that cannot be 54.8
obtained by the dichotomous method. Hence, the dichotomous method 50 169 472
obtains a subset of the true Pareto-front. All obtained solutions are 43.0
guaranteed to be Pareto-optimal, even if the dichotomous method is g 10 323371
terminated early due to an imposed time limit. i 30 31'526 232 '
o 23.423.1 ‘
4.4. Conventional control 20 162 156155
10 9.1 8.7
In our application, the conventional control uses a hysteresis-based
two-point control approach for the heat pumps for DHW similar to the 0 10 buildings 20 buildings 30 buildings
one described in [32]. The heat pump starts heating the DHW tank with
full power when its usable hot water volume reaches a lower limit. Fig. 7. Results for the Generational Distance (GD) averaged over 18 days and
5 runs.

After the volume reaches an upper limit, the heating stops.

For space heating, the heat pump’s modulation degree is continu-
ously adjusted to have a constant temperature if possible. Otherwise,
the conventional control also uses a small hysteresis to control the
deviations from the desired temperature. This control approach is
typically used for inverter heat pumps, which can not only be switched
on and off but are also capable of modulating their power output [33].

Further, the conventional control approach uses uncontrolled charg-
ing [34] for the EV and thus charges the EV with full power if it is
connected to the charging station until the battery is fully charged.

5. Results
5.1. Scenarios for the analysis

Table 3 lists the relevant parameters for the residential area which
serves as the test environment, along with the corresponding sources.
We investigate three configurations of the residential area: one with ten
buildings (4 BT1, 4 BT2, 2 BT3), one with 20 buildings (8 BT1, 8 BT2,
4 BT3), and one with 30 buildings (12 BT1, 12 BT2, 6 BT3). For the
electricity price, we use the hourly data of the Day-Ahead market in
Germany from 2021, which we took from the ENTSO-E Transparency
Platform [35]. We scaled the prices up so that they are in line with
the average electricity price for residential customers in Germany. We
use the software tool DHWcalc [36] to generate the DHW demand
profiles. The time resolution 4t for the optimization and the simulations
is 30 min and the optimization horizon is one day.

We further use the CREST model [47] in combination with Ger-
man time use data [48] to simulate occupancy behavior which builds
the basis for the consistent simulation of electricity and space heat-
ing demand. By considering local weather conditions [49], occupancy
profiles, and information on household device equipment [50], elec-
trical appliance demand profiles are generated. The calculation of the
space heating demand is based on a 5R1C model following DIN EN
ISO 13790, incorporating internal gains derived from the household
simulation and thermal building parameters taken from the TABULA
residential building typology [51].

The buildings are all located in the federal state of Schleswig-
Holstein in the north of Germany. We use data collected in the project
iZEUS [52] for the EV driving patterns and their availability.

5.2. Evaluation

We compare our developed algorithms PALSS and RELAPALSS
to the well-established multi-objective evolutionary algorithms Non-
dominated Sorting Genetic Algorithm II (NSGA-I) [53] and Strength
Pareto Evolutionary Algorithm (SPEA-II) [54]. Additionally, we include
newer evolutionary algorithms into our analysis like Non-dominated
Sorting Genetic Algorithm III (NSGA-III) [55] and Reference Vector Guided
Evolutionary Algorithm (RVEA) [56]. We restrict the runtime for each
algorithm to solve the optimization problem for one day to 10 min. For
the evaluation, we randomly chose 18 days from the heating period in
Germany (October to March).

Fig. 7 shows the results of our analysis for the Generational Dis-
tance (GD) averaged over 18 days and 5 runs per method. Thus,
each bar represents the average value of 90 runs. GD evaluates the
quality of a set of solutions to approximate the true Pareto-front. It
quantifies the average distance between the solutions and the points
on the true Pareto-front [57]. A smaller GD value indicates a better
approximation. For all three configurations of the residential area,
PALSS and RELAPALSS yield significantly better results compared to the
four metaheuristics NSGA-II, NSGA-III, RVEA and SPEA-II. Using RL for
selecting the relevant parameters of PALSS leads to a small additional
improvement as in all categories RELAPALSS leads to lower GD values
on average. SPEA-II yields better approximations compared to the other
evolutionary algorithms. PALSS leads to improvements of about 16.1%
compared to SPEA-II while RELAPALSS is 17.2% better. Generally, the
GD values increase with an increasing number of residential buildings.
This is because the problem complexity strongly increases with a higher
number of buildings, and we execute every algorithm for only ten min-
utes independently of the problem size. Thus, only a smaller fraction of
the search space can be explored using our developed approaches and
the metaheuristics.

All methods lead to crucial improvements compared to the conven-
tional control approach, which, on average, achieved GD values of 22.0
for 10 buildings, 40.4 for 20 buildings, and 60.0 for 30 buildings.

To evaluate the coverage of the objective space by the approximated
Pareto-front, we use the hypervolume (HV) indicator [58]. HV quan-
tifies the hypervolume between an approximated Pareto-front and a
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Table 3
Parameters of the residential area.
Parameter Value Source Comment
Heated area of the buildings BT1, BT2 140 m? [37] Average German single family house
Heated area of the building BT3 1275 m? [38] Residential area example (Germany)
Concrete width (underfloor heating system) 7 cm [39] DIN 18560 (screeds in buildings)
Density of concrete 2400 % [9] European standards for concrete EN 206-1
Heat capacity of concrete 1000 k"J < [9] European standards for concrete EN 206-1
Supply temperature of the heating system 30 °C [9]
Temperature range for space heating 21-23 °C Assumption for optimal comfort
DHW tank volume 200 / [40] For 4 inhabitants
Losses of space heating 45 W,220 W Assumed 45 W (BT1, BT2), 220 W (BT3)
Losses of DHW tank 35 W [41] 2nd highest EU efficiency class (814/2013)
Electrical power of the heat pump BT1, BT2 3 kW [42] Sized to outside temperature in Germany
Electrical power of the heat pump BT3 15 kW [42] Sized to outside temperature in Germany
Minimal modulation of the heat pump 20% [43] Model: Bosch Compress 6800i AW
COP of air-source heat pump for AT =28 °C 4.8 [43] Model: Bosch Compress 6800i AW
COP of air-source heat pump for AT =33 °C 3.9 [43] Model: Bosch Compress 6800i AW
Battery capacity of the EV 60 kWh [44] Model: Opel Ampera-e
Charging efficiency of the EV 89% [9] Model: Opel Ampera-e
Maximal charging power for home charging 4.6 kW [45] Wallbox: KEBA KeContact P30
Average length of rides for the EV 45 km [46] Inspired by the German Mobility Study
PALSS  mmm RELAPALSS  mmm NSGA-II SPEA-II NSGA-IIl RVEA NSGA-II, NSGA-III, RVEA and SPEA-II, the population size was 20.
313 314 The number of new solutions for each member in the population
300 (offsprings) was 3 for the methods PALSS and RELAPALSS while for the
250 two metaheuristics, the number was 10. All four metaheuristics used
215 217 the Simulated Binary Crossover (SBX) and started from the solution
$200 of the conventional control approach. While the runtime for these
5150 a1 four methods was chosen to be 10 min, the execution time of the
&= 122 125 e " dichotomous method depends on the problem size. For a residential
100 n = . area with 10 buildings, the dichotomous method required an average
=0 o 44 53 of 42 min per day; for 20 buildings, 94 min; and for a problem size of 30
200 28 buildings, 122 min. Thus the runtime was up to 92% higher compared
10 buildings 20 buildings 30 buildings to ones of the heuristics with the chosen configuration. We use the

Fig. 8. Results for the Hypervolume (HV) averaged over 18 days and 5 runs.

reference point. Higher values indicate a better coverage. We choose
the conventional control’s resulting costs and peak load as the reference
point in the two-dimensional objective space. Fig. 8 depicts the results
for HV of our experiments averaged over 18 days and 5 runs. Analogous
to GD, the results for all configurations of the residential area reveal
that our developed methods PALSS and RELAPALSS strongly outper-
form the four metaheuristics NSGA-II, NSGA-III, RVEA and SPEA-II.
On average, PALSS achieves a 128.1% improvement over the best-
performing metaheuristic, SPEA-II, while RELAPALSS surpasses SPEA-II
by 130.2%. In this case, the HV values increase with increasing number
of buildings. A larger problem size increases the improvements over
the naively generated conventional solution. Thus, based on the ref-
erence point, the approximated Pareto-fronts enclose a larger volume.
However, the distance to the real Pareto-front becomes larger with
higher problem complexity. The average HV values for the dichotomous
method are 303.9 for 10 buildings, 933.7 for 20 buildings, and 1687.2
for 30 buildings.

Fig. 9 illustrates the found Pareto-fronts of all six methods for
different days and configurations of the residential area. It can be seen
that the distance between the approximated Pareto-fronts of the various
methods and the true Pareto-front, obtained by using the dichotomous
method, becomes more significant with increasing problem size. As
the wholesale prices on the electricity market can also be negative,
meaning that you get money when consuming electricity, the resulting
costs of day 11 are also negative. The Pareto-fronts for the different
days also reveal that cost minimization and peak load minimization are
conflicting objectives since minimizing one goal without worsening the
other is impossible.

We tested different parameters for each method and used the ones
that yielded the best results. For all six methods PALSS, RELAPALSS,

Gurobi solver to solve the resulting single-objective optimization prob-
lems of the dichotomous method [59]. All experiments were carried out
on an Intel Xeon E-1650 v2, 3,5 GHz, 6 Cores. We set the optimality gap
for exactly solving the resulting single-objective optimization problems
to 0.1% and the maximum runtime for a single problem to 10 min.

On average, the training time for RELAPALSS was 4 h, and we
trained it on 12 different days, using the conventional solution as the
starting solution. It should be noted that we trained the RL model
solely on a residential area consisting of 20 buildings. We subsequently
applied this trained model to other configurations of the residential
area, such as those with 10 and 30 buildings, without retraining. The
results reveal that the trained model is thus scalable and can be applied
to different sizes of the residential area.

We implemented the simulations and the optimization in the pro-
gramming language Python. For the MILP we use the package Py-
omo [60], for the evolutionary algorithms Pymoo [61], for the RL
Stable-Baselines3 stable-baselines3 [62] and gymnasium [63]. All methods
use a super-ordinate additional controller that adjusts their actions if a
constraint violation is about to occur. The code repository containing
the commented code and an executable notebook is openly available at
[64]. The input data and result profiles are provided at [65].

Fig. 10 in the appendix plots exemplary profiles for one day (Day
332) resulting from the different control approaches and input profiles
(DHW, Space heating, number of EVs, outside temperature, and price).
The profiles result from a residential area with 20 buildings (8 BT1, 8
BT2, 4 BT3).

5.3. Critical appraisal

We made some simplifications in our study to carry out the exper-
iments. To solve the optimization problem optimally, we assumed a
perfect forecast of future demands. Thus, we did not incorporate any
uncertainties. To cope with uncertainties of energy consumption, fore-
casts of energy demand, for example, using artificial neural networks,
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Fig. 9. Pareto fronts of the different methods.

are necessary [66]. Further, the building model for the optimization
assumes one uniform temperature in the whole building and does not
consider heat flows between different rooms or internal heat gains.
Moreover, we use a centralized control approach to control the flexible
loads. While this typically leads to the best results, it might infringe
on the privacy of the inhabitants [67]. It should be noted that the
control mechanisms we introduce require an aggregated schedule for
the residential area, which can be obtained either through data-driven
forecasting or via decentralized load profile sharing, as proposed by
Dengiz et al. [67]. Thus, they can be combined with decentralized
scheduling-based control approaches. Hence, we are convinced that
our approaches can be used in many simulations and real-world ap-
plications. We also set a maximum runtime for the single-objective
optimization problems that the dichotomous method repeatedly solves.
Thus, it could happen that the exact methods did not solve the opti-
mization problem to optimality. Because of this, what we refer to as the
true Pareto-front that we use for evaluation, is itself only an approxima-
tion. However, this approximation is very close to the theoretical true
front. It should be noted that the introduced approaches are heuristic
in nature and therefore cannot guarantee globally optimal solutions.
However, they are capable of finding high-quality solutions efficiently,
even for large-scale and complex problem instances.

6. Conclusion
In this paper, we introduce two novel approaches for the multi-

objective optimization of the conflicting goals to minimize the elec-
tricity cost and the peak load in a residential area. The approaches

10

intelligently control flexible electrical devices like heat pumps and
electric vehicles such that the electricity consumption of the residential
area reacts to an external electricity price signal. The two approaches
Pareto local search for shifting loads (PALSS) and Reinforcement learning
assisted Pareto local for shifting loads (RELAPALSS) define a concept
for Pareto local search with heuristic neighborhood searching opera-
tions. RELAPALSS additionally uses reinforcement learning to adjust the
parameters of the local search operations.

Our simulations on a residential area with multiple building types
and varying sizes demonstrate the effectiveness of our approach. The
key findings are:

PALSS and RELAPALSS strongly outperform state-of-the-art evo-
lutionary algorithms (NSGA-II, NSGA-III, RVEA, SPEA-II) in the
two key evaluation metrics for multi-objective optimization: Gen-
erational Distance (up to 18% improvement) and Hypervolume
(up to 130% improvement).

The runtime of PALSS and RELAPALSS is reduced by up to 92%
compared to the exact Dichotomous method.

Including reinforcement learning in RELAPALSS leads to further
improvements in solution quality of about 2%.

The proposed methods significantly reduce both electricity costs
and peak loads compared to conventional control approaches
and metaheuristics. Thus, they can contribute to better utilizing
volatile renewable energy sources in residential areas.

In future work, we intend to analyze the use of imitation learning
in combination with domain knowledge to improve our local search
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Fig. 10. Exemplary profiles for one day in November for a residential area with 20 buildings.

approaches further. Moreover, we plan to integrate other flexibility
options like batteries or additional electric heating elements in gas
heating systems into our model. Also, combining our developed meth-
ods with decentralized coordination approaches constitutes a possible
future task.
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Appendix

Exemplary profiles for one day in November for a residential area
with 20 buildings are presented in Fig. 10 (to enhance visual clarity,
only the two best-performing metaheuristics for that day are included
in the illustration).

Data availability

Both the code and data are openly accessible. The repository con-
taining the commented code and an executable notebook is available
at [GitHub]. The input data and result profiles can be accessed at
[KITOpen].
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