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Residential load modeling with generative
adversarial networks

Marco Castangia, Benedetta Giorgi, Stefano Quer, Lorenzo Bottaccioli and Edoardo Patti

Abstract—Precise residential load modeling is indispensable
for crafting effective demand-side management strategies and
simulating realistic household power consumption under diverse
conditions. This paper introduces a novel generative frame-
work, leveraging the power of Generative Adversarial Networks
(GANSs), to synthesize highly realistic daily activity patterns. By
training on detailed Italian time-use data, the model captures
nuanced behavioral statistics, reflecting the inherent variability
of human routines. Furthermore, incorporating conditional gen-
eration based on the day of the week allows for contextually rich
and adaptable simulations, capturing weekly lifestyle variations.
Household power profiles are reconstructed by meticulously
mapping the generated activities to the characteristic power
signatures of common household appliances, resulting in simula-
tions that exhibit strong concordance with empirical load data at
both granular, appliance-level, and aggregated household levels.
Critically, our GAN-based approach demonstrably accelerates
simulation throughput compared to conventional Markov chain
methodologies, enabling the efficient and scalable analysis of
complex residential energy scenarios, and opening avenues for
real-time applications and large-scale urban energy studies.

Index Terms—residential load modeling, residential electricity
use, occupant modeling, load simulation, generative adversarial
network, markov chain

I. INTRODUCTION

Residential energy consumption plays a pivotal role in the
global transition toward net-zero emissions, as outlined by
governments worldwide over the past few decades. Residen-
tial buildings account for nearly one-third of global energy
demand, making their decarbonization essential for achieving
carbon neutrality [1]. The shift toward zero-carbon-ready
buildings is a critical milestone in this process, requiring
innovative solutions for energy efficiency and grid integration.

Load modeling is a powerful tool for analyzing and fore-
casting changes in residential energy demand due to evolving
consumer needs. For example, the widespread adoption of
electric vehicles is expected to alter household load profiles
significantly, concentrating energy consumption during night-
time charging hours [2]. Similarly, the growing use of Heating,
Ventilation, and Air Conditioning (HVAC) systems, driven by
the transition to heat pumps and electric boilers replacing natu-
ral gas-based systems, will further reshape energy demand [3].
Additionally, rising global temperatures due to CO, emissions
will likely increase the demand for cooling systems. These
shifts and the growing integration of renewable energy sources
underscore the need for strategic interventions in power dis-
tribution networks to ensure reliability and efficiency [4].
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Beyond grid planning, load modeling plays a critical role in the
analysis and design of demand response (DR) strategies. By
simulating end-user behavior, it becomes possible to evaluate
the most effective interventions to reduce energy demand in
residential buildings. Importantly, the effectiveness of these
strategies is closely related to user responsiveness, which can
be enhanced by proposing behavioral adjustments that closely
align with existing consumption patterns [5], [6].

A significant challenge in Demand Side Management
(DSM) research is the limited availability of real-world load
data. Most utilities internally develop their analytics using
extensive data from customer smart meters. However, these
datasets are often complex to access due to proprietary re-
strictions and privacy concerns. This lack of publicly available
data hampers research progress. In this context, load modeling
offers a privacy-preserving alternative by generating synthetic
yet realistic power consumption profiles. By mitigating data
scarcity, load simulations can accelerate advancements in
DSM strategies and energy system planning [7].

Residential load modeling plays a crucial role in helping
prosumers optimize the use of their photovoltaic systems and
battery storage. By simulating realistic consumption patterns,
it enables the scheduling of deferrable appliances to maximize
self-consumption and minimize dependence on the grid [8].
The value of load modeling becomes even greater in energy
communities, where the co-optimization of shared resources is
essential for the coordinated management of multiple house-
holds [9], [10].

In recent years, Generative Adversarial Networks (GANs)
have gained prominence as a powerful technique for synthetic
data generation. Initially introduced for producing realistic
images from training data [11], GANs have since been suc-
cessfully applied to various data modalities, including images,
videos, and audio signals [12]. This study investigates the
efficacy of GANs as a paradigm shift in bottom-up residential
load modeling, specifically for the simulation of daily user
activities. While Markov chains have historically held sway,
we posit that GANs offer a compelling alternative, achieving
comparable fidelity in behavioral representation with a marked
reduction in computational overhead. We present empirical
evidence demonstrating this performance gain, advancing the
argument for GANs as a more scalable and efficient method-
ology for large-scale residential load simulations.

The remainder of this paper is organized as follows: Sec-
tion II reviews existing approaches to residential load model-
ing. Section III describes the datasets used to implement our
simulation framework. Section IV details the calibration of
GAN and Markov chain behavioral models and the deriva-



tion of load profiles from daily activity patterns. Section V
evaluates the accuracy of the simulated loads by comparing
them with real-world power consumption at both the appliance
and household levels. Finally, Section VI summarizes our key
findings and outlines potential directions for future research.

II. RELATED WORKS

Bottom-up simulation is a widely used load modeling
approach that estimates electricity demand by simulating the
daily activities of end users. This is typically achieved using
a behavioral model calibrated with national time-use survey
data from the country of interest [13]. In this framework,
load modeling is performed by linking users’ activities to the
power consumption of household appliances. For example, the
operation of a washing machine is triggered by the activity
“washing clothes”. The aggregated household load curve is
then obtained by summing the contributions of individual
appliances [7].

The behavioral models that generate daily user activities
in bottom-up simulations may vary across implementations.
Foteinaki et al. [14] propose two probabilistic models to gener-
ate the daily activities of consumers based on the Danish time-
use survey. Fischer et al. [15] introduce a stochastic model that
generates household power profiles in Germany under various
future scenarios. Their approach derives probability density
functions from a comprehensive European time use survey,
incorporating socioeconomic characteristics of participating
families. Thorve et al. [16] implement an alternative behavioral
model by training a random forest regressor on data from
the American time-use survey. Given a set of socioeconomic
factors as input, the random forest is trained to predict the
time spent by the end user in different locations during the
day. The simulated daily activities are sampled from the tree
leaves based on the occupant’s given socioeconomic factors. In
our previous work [17], we introduced a multi-scale residential
load model that employs a Non-Homogeneous Semi-Markov
chain fitted to the Italian time use survey to simulate user
behavior. Similarly, Osman et al. [18] calibrate a semi-Markov
model using the Canadian time-use survey to model consumer
behavior. Chen et al. [19] present a hybrid behavioral model
combining Markov chains for activity scheduling with another
probabilistic model for activity duration estimation. Their
model is calibrated using the American time-use survey.

In contrast to bottom-up methods, top-down approaches
simulate total household load directly by fitting generative
models to accurate power consumption data. Generative Ad-
versarial Networks (GANs) have been widely adopted for
this purpose. Zhang et al. [20] propose a conditional GAN
to generate the daily profiles of residential end users with
a sampling frequency of 15 minutes. The GAN has been
conditioned with the day of the week and the month to capture
variations due to weather conditions and users’ occupations.
Gu et al. [21] implement a GAN-based approach to simulate
weekly power curves for Irish households. They cluster weekly
load profiles into ten representative consumer groups and
then condition the GAN to generate power profiles based on
the assigned group label. Hu et al. [22] propose to improve

GANs by simultaneously generating groups of weekly loads
with spatial and temporal correlations. Their method demon-
strates the capability of generating individual loads that better
resemble the distribution of real power profiles compared
to the case of weekly curves generated separately. Liang
and Wang [23] introduce a GAN architecture incorporating
recurrent neural networks to capture temporal dependencies
in load patterns better, demonstrating enhanced performance
and stability compared to traditional GANs.

Modeling the daily activities of consumers is the most
time-consuming component of bottom-up simulations, often
posing a bottleneck to their scalability in large-scale scenarios.
To address this limitation, we introduce a novel behavioral
model based on Generative Adversarial Networks (GANSs) that
significantly accelerates execution time without compromising
accuracy. In comparison to previous bottom-up approaches, the
main contribution of our work lies in providing a more efficient
and scalable behavioral model based on the use of neural
networks. Unlike previous models based on Markov chains,
which generate activities sequentially, our model simultane-
ously predicts entire daily schedules for thousands of users
by leveraging the capabilities of parallel processing units. As
reported in Table I, our methodology preserves the granularity
of bottom-up approaches while exploiting the scalability of
neural networks demonstrated in previous top-down methods.
In this way, we enable large-scale simulations with thousands
of agents, resulting in faster execution and more statistically
robust outcomes.

TABLE I: Comparison of our load modeling framework with
previously proposed approaches.

Reference ~ Approach Model Scalability ~ Granularity
[14] Bottom-up Probabilistic Medium High
[15] Bottom-up Probabilistic Medium High
[16] Bottom-up Probabilistic Medium High
[17] Bottom-up  Markov Chains Low High
[18] Bottom-up  Markov Chains Low High
[19] Bottom-up  Markov Chains Low High
[20] Top-down GAN High Low
[21] Top-down GAN High Low
[22] Top-down GAN High Low
[23] Top-down GAN High Low
Our Bottom-up GAN High High

III. DATASET

In this section, we describe the data required to implement
the simulator adopted in our methodology. National surveys
and statistical datasets provide region-specific behavioral pat-
terns and trends, though these are often constrained to par-
ticular historical periods (e.g., during increased remote work).
However, because such data are widely available across many
countries and are regularly updated to reflect evolving societal
behaviors, the proposed framework can be readily adapted to
simulate various geographic contexts or revised to incorporate
recent behavioral shifts.

A. Time use survey (TUS)

The Italian Time Use Survey (TUS) was published in 2013
by the National Institute of Statistics (ISTAT) [24]. During



this survey, the members of approximately 20,000 Italian
families were asked to fill out a report of their daily activities
at intervals of 10 minutes. The survey involved more than
41,000 individuals from different socioeconomic groups, work
occupations, and family compositions. In this work, we used
these data to train a behavioral model that simulates the
activities of fictional end users during the day. Following the
selection criteria of our previous work [17], we limited the
user’s activities to only those carried out inside the home
and involving the use of electrical devices. In more detail,
starting from an initial set of 146 different activities, we
selected the following 11 activities: studying, watching TV,
using PC, reading, cooking, eating, dish washing, cleaning,
ironing, being in bathroom and washing clothes. Notice that
national TUS data usually follows a standardized format to
report information on the daily activities of end users [25].
Therefore, the proposed methodology can be easily adapted
to data from different countries without losing generality.

B. Use of energy

In 2013, ISTAT collected a survey involving more than
20,000 families to obtain information on their energy con-
sumption habits [26]. This survey collects statistics on the
presence of certain household appliances and their relationship
with the number of family members. We used this informa-
tion to determine the probability of having a specific device
conditional on the family size of the simulated household. To
this aim, Table II shows the probability of owning different
appliances, given the number of individuals in the household.
Generally, we can see that the likelihood of having an appli-
ance increases with the family size. The washing machine and
the oven are present in almost all households; on the contrary,
the dishwasher is only owned by about 50% of the families.
Furthermore, the dryer looks pretty uncommon among Italian
families, being used by less than 10% of the families, probably
due to the temperate climate, which does not require its use
most of the time.

TABLE II: Probability of appliance ownership as a function
of the number of family members.

Number of

family members Dishwasher =~ Oven  Washing machine  Dryer
1 0.25 0.84 0.94 0.01
2 0.41 0.93 0.98 0.02
3 0.50 0.95 0.99 0.04
4 0.55 0.97 0.99 0.07
5 0.56 0.97 0.99 0.07

The survey on energy use also provides valuable information
on the weekly activations of common deferrable appliances
such as dishwashers, washing machines, and ovens [26].
Table III reports the number of weekly operations for each
family size up to five members. As expected, the number of
operations generally increases with family size. This infor-
mation is used during load modeling to correctly associate
the appliance activation with the specific task that triggers
it. For example, the task “dishwashing” does not always
correspond to turning on the dishwasher because the user may

load the dishwasher multiple times before using it. The same
reasoning can be applied to the activity “washing clothes”.
Likewise, the activity “cooking” very rarely corresponds to the
activation of the oven. Therefore, we used these parameters to
determine these devices’ activation probability whenever the
user performs a triggering activity. In particular, the probabil-
ities of each device are obtained by dividing the number of
weekly activations by seven. This probability determines the
likelihood of using the specific device each day of the week,
provided the corresponding activity has been performed.

TABLE III: Number of weekly operations as a function of the
number of family members (up to five).

. Number of . Dishwasher Oven  Washing Machine
amily members

1 2.14 1.10 1.64

2 3.11 1.38 2.69

3 4.11 1.55 4.02

4 4.80 1.65 5.30

5 5.32 1.83 6.19

C. Census dataset

The data from the 15" Italian census provides information
on the distribution of family sizes in the Italian popula-
tion [27]. This information has been used to generate realistic
simulations with the correct distribution of family composi-
tions. Table IV shows the distribution of Italian households
based on the number of family members reported in the census
dataset.

TABLE IV: Distribution of family compositions in the Italian
population.

Number of -
family members Probability
1 35%
2 30%
3 18%
4 8%
5 1%

D. Appliance power signatures

To reconstruct the daily power consumption of the simulated
households, we leveraged the sub-metered power signatures
from available public datasets. In particular, we selected a
set of power signatures from the UK-DALE dataset [28].
UK-DALE provides the sub-metered power signatures of
multiple electrical devices from five households monitored in
the UK between 2012 and 2017. The power measurements
are collected with a sampling rate of 6 seconds. We extracted
the power profiles of six home appliances: Fridge, dishwasher,
washing machine, dryer, oven, and iron. Figure 1 reports the
power signatures of these devices. During load modeling,
when the user carries out an activity associated with one of
these appliances, we insert the corresponding power footprint
into the house’s total load in the activity’s specific time slot.
More straightforward power profiles, such as TV, PC, lights,
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Fig. 1: Appliance power signatures from UK-DALE

and devices on standby, have been approximated using a
constant power level. In more detail, based on the information
collected in [29], we used a fixed consumption of 125W for
each television set and 276W for each computer. For the light-
ing system, we considered an overall consumption of 150W
for the whole house. Finally, standby power consumption is
randomly drawn for each home from a uniform distribution
between 10W and 50W.

E. Solar irradiance dataset

Leveraging the solar irradiance dataset, this study recon-
structed seasonal patterns of artificial lighting consumption,
illuminating the direct correlation between environmental con-
ditions and electrical demand. The dataset provides the Global
Horizontal Irradiance (GHI) measured in Turin (Italy) during
2015. The GHI is expressed in W/m? and represents the
total energy received from the sun per square meter. Even
though we used a proprietary dataset for GHI, the same data
can be easily retrieved from other data sources providing the
estimated historical GHI values for most of the world [30].
Figure 2 shows the typical cycles of solar irradiance during
a clear sky day (orange) and a cloudy day (blue) in Turin.
Bear in mind that in the event of overcast weather conditions,
solar irradiation can reach lower values, potentially triggering
the use of the lighting system even in the central hours of the
day.

IV. METHODOLOGY

To demonstrate the effectiveness of the proposed behavioral
model, we opted for a straightforward pipeline following
the typical implementation of bottom-up load simulations. In
particular, our procedure comprises two main steps as depicted
in Figure 3. During the first step, i.e., the activity generation,
we apply our behavioral model to generate the daily activities
of the different households composing our population. During
this stage, the activities of the various occupants are simulated
separately and then merged to simulate the entire household.

Solar irradiance

800 -

600 -

S

00 03 06 09 12 15 18 21 00

GHI [W/m2]

Fig. 2: Solar illumination trends in Turin during a clear sky
and a cloudy day.

House simulation

Activity generation ]—'[ Load modelling

x N days

Fig. 3: The two stages of our residential load simulator.

In the second phase, i.e., the load modeling, we reconstruct
the daily power consumption of the house by associating the
activation of each typical electrical device with the activities
generated in the previous phase.

In the remainder of this section, we first present the new
GAN-based behavioral model for simulating daily activities.
Then, we present an alternative behavioral model based on



Markov chains that we used for benchmarking our solution.
Finally, we describe the load modeling stage that associates
the user’s daily activities with the appliance power signatures
composing the total load of the house.

A. Generative adversarial networks for daily activities

Ian Goodfellow et al. [11] introduce GANs as a new
framework for training neural networks via an adversarial
approach. The aim was to capture and generate new samples
from the underlying data distribution. In this novel framework,
they alternately train two models. A generator model G is
prepared to produce new realistic samples from some random
noise z, and a discriminator model D is trained to distinguish
actual training samples from those produced by G. Generally,
G and D are implemented using neural networks as they are
universal function approximators. The loss function of this
two-player game between G and D is defined by the following
expression:

mén max Ex~p,[log D(z)] + Ezp, [log(1 — D(z)], (@)

where x is a realization of the real data distribution P, and
Z = G(z) is a realization of the generator distribution P, con-
ditioned by the random noise z. In their standard formulation,
GAN:Ss are very effective in generating realistic and novel sam-
ples but are also challenging to train. The training process is
precarious, and converging requires a constant synchronization
between G and D. In particular, if the discriminator D is not
trained correctly, the generator GG tends to “cheat” by consis-
tently producing the same sample for different values of z (i.e.,
mode collapse). This problem makes it difficult to test different
neural architectures because a different parametrization of the
training process would likely be needed. To solve the problem
of training instability, Arjovsky et al. [31] use an improved
cost function using the Wasserstein distance between the actual
data P, and the generated one Py. This new framework,
named Wasserstein GAN (WGAN), demonstrates significantly
better stability to the original GAN formulation and also
provides a meaningful metric to evaluate the convergence
of the training process. However, WGANSs still suffer from
optimization problems due to the weight clipping applied to
the discriminator D to enforce the Lipschitz constraint. To
avoid the use of weight clipping, Gulrajani et al. [32] proposed
adding a gradient penalty term to the value function of WGAN
as an alternative way to enforce the Lipschitz constraint on the
discriminator. The loss function of the WGAN with gradient
penalty (WGAN-GP) is the following:

Esnpy [D(®)] = Eonp, [D(@)] + A3 p, [([[Va D(@)]]2 = 1% @)

Alternatively, the generator output can also be conditioned
with multiple class labels, as demonstrated by Mirza et al. [33].
This capability benefits us for conditioning the generator
with additional information and parameterizing our simulation.
Conditional GANSs are trained in the same way as their original
implementation. The only difference is that the generator
receives the class labels in addition to the noise prior z, and
the discriminator receives the same class labels together with
the example x to be processed.

The proposed behavioral model uses the WGAN-GP to
generate the daily activities of simulated occupants. We trained
the WGAN using the Italian TUS results described in Sec-
tion III. First, we pre-processed the daily activities of TUS
by converting them into a more suitable format that could
be fed into the neural network. In more detail, we collected
each individual’s reported daily activities. Then, for each day
of the survey, we generated a matrix X with 11 rows and
144 columns, where each row represents a potential activity
performed by the user, and each column corresponds to a
10-minute time slot of the day. Each element X;; of the
matrix is initialized to zero, and it is set to one if the user
performs the activity ¢ at the time slot j. Finally, we associated
a binary label ¢ to each matrix X, indicating whether the
sample was collected during a weekday or the weekend. This
variable has been introduced to demonstrate the possibility
of conditioning the generator’s output on external factors
affecting the simulation. At the end of pre-processing, we
obtained 41227 training samples of pairs (X, ¢) corresponding
to each person’s reported daily activities in the Italian TUS.

Generator (G) Discriminator (D)
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- NG J

Fig. 4: The architecture of our conditional WGAN-GP.

Figure 4 describes the architecture of the conditional
WGAN-GP we implemented in this work. The generator has
two inputs: The noise prior z and the weekend indicator c. The
noise vector z comprises 32 random numbers extracted from a
normal distribution with a zero mean and unit variance. First,
we pass the conditioning variable ¢ through an embedding
layer, which maps the label to a new hidden representation of
32 units. Then, we concatenate the prior noise by embedding
the conditioning variable to obtain a new vector of size 64.
This vector is finally passed through two additional fully
connected layers with 128 units each and a rectified linear
activation function. The last fully connected layer produces
an output vector with shape 11 x 144, which contains the
generated daily activities of the occupant, conditioned by the
weekend occurrence. The architecture of the discriminator
mirrors almost exactly the one of the generator, except that



the input x is a vector with shape 11 x 144, and the output is
a single unit with no activation function.

The hyperparameters of the WGAN-GP training phase are
reported in Table V. Following the original implementation of
the gradient penalty, we used a A of 10 in the loss function.
The generator and discriminator have been trained with the
Adam optimizer with a learning rate 0.001 for 200 epochs,
using a batch size of 64 samples. As suggested in the original
WGAN paper, for each generator iteration, we trained the
discriminator five times [31]. The number of epochs has
been set by looking at the quality of the distributions of the
generated daily activities at the different stages of the training
process.

TABLE V: Training hyperparameters.

Hyperparameter Value

A 10
Optimization algorithm  Adam
Learning rate 0.001

Batch size 64
Number of epochs 200

B. Markov chain for daily activities

To benchmark the accuracy of the proposed generative
neural network, we implemented a second behavioral model
based on nonhomogeneous Markov chains, following the
implementations of previous works adopting a bottom-up
simulation approach [17], [19], [18]. Unlike the base defini-
tion, nonhomogeneous Markov chains use multiple transition
matrices, one for each time step of the stochastic process.
This property provides more flexibility in simulated daily
activity distribution. Nonhomogeneous Markov chains can be
fully described by two sets of parameters: a time-dependent
transition matrix P(n) € R(212) (o determine the next
activity given the current state at time n, and a vector of
initial probabilities 7(0) € R!? to set the initial state of
the simulation. Note that we inserted an additional empty
state to account for time steps where there is no activity
from the user, who can be away or sleeping. Given the daily
activities reported in the Italian TUS, we can easily estimate
the parameters of the Markov chain. Each element p; ;(n) of
the transition matrix P(n) is computed with the following
expression: (n)

_ A 5\

pij(n) = a(n) 3)
where a; j(n) represents the number of co-occurrences of
activity ¢ followed by activity j, and a;(n) is the total number
of occurrences of activity ¢ at the time step n. The initial state’s
probabilities 7(0) are computed by finding the likelihood of
performing each activity at the first time step of the day (i.e.,
midnight). To condition the simulated activities based on the
day of the week, we estimated the parameters of two different
Markov chains for the activities performed on weekdays and
weekends. Once the Markov chain parameters have been fully
determined, we can simulate the daily activities of an occupant
using algorithm 1.

Algorithm 1 Markov chain simulation

Sample the initial state Xy from 7(0)

n=20

while n < 144 do
Sample the next state X,, 1 from P(n) given state X,
n=n-+1

return {Xo, X1, ..., X143}

C. Load modeling

Load modeling consists of distributing the appliance power
signatures into the different time slots of the day according to
the users’ simulated daily activities. As reported in Table VI,
specific daily activities directly trigger the operations of typical
shiftable appliances (i.e., dishwasher, washing machine, dryer,
oven, TV, and PC). Other devices instead operate indepen-
dently during the day (i.e., fridge and standby), and their
operations are not linked to any user’s action. Finally, any
user’s activity at night, or without adequate sunlight during
the day, can trigger the lighting system.

TABLE VI: Relation between daily activities and appliances.

Activity Appliance

dishwasher
washing machine, dryer

washing dishes
washing clothes

cooking oven
ironing iron
using PC PC
watching TV vV

The following describes in more detail the rules we used to
trigger the operations of the simulated devices.

1) Dishwasher: The activity “dishwashing” triggers the
dishwasher. Since the activation of the dishwasher does not
always correspond to this action, we enforced a limit of
one activation per day. In addition, to limit the number
of weekly operations, we extract a random number from a
uniform distribution U(0,1) and only activate this appliance
if this number is lower than the expected number of weekly
operations divided by seven.

2) Washing machine: The action “washing clothes” acti-
vates the machine. As for the dishwasher, the activation of
the washing machine does not have a one-to-one relation
with this activity. We enforced a limit of one operation per
day. Similarly to the dishwasher, we also pick a random
number from a uniform distribution U(0, 1) and activate this
appliance only if this number is lower than the expected
weekly operations divided by seven.

3) Dryer: The dryer is only activated after a previous wash-
ing machine run. In more detail, the dryer’s power signature
is placed two hours after the washing machine’s activation to
wait for its completion.

4) Oven: The activity “cooking” triggers the oven. We
limit the number of operations to one per day, given that
there can be multiple cooking sessions within the same day.
To respect the expected number of weekly usages, we pick a
random number from U (0, 1) and compare it with the expected
weekly operations divided by seven.



5) Iron: The iron is activated by the action “ironing”
without any ambiguity on its usage. The duration of the iron
power signature is truncated to the number of time slots of the
ironing session.

6) PC: The PC is considered active in all time slots where
the activity “using PC” is true. Its duration is equal to the
time slot, i.e., 10 minutes.

7) TV: The TV follows the same rules as the PC and is
triggered by the activity “watching TV”.

8) Fridge: The fridge operates throughout the day and is
distributed according to its periodicity, which is the elapsed
time between two consecutive activations. The starting time
of the first operation is extracted randomly from a uniform
distribution between zero and the fridge periodicity.

9) Lights: Lights are activated only when the global hor-
izontal irradiance (GHI) is lower than 100 W/m?2. However,
low GHI values can also be registered during the day in very
cloudy weather conditions, which explains the use of lights.

10) Standby: Standby power consumption is present during
the whole day and is added to the daily load of the house.

V. RESULTS

In this section, we evaluate the activity generation and load
modeling stages, comparing the performance of GANs and
Markov chains in these tasks. First, we validate our approach
by comparing the distributions of the generated activities with
those reported in the Italian TUS. Then, we compare the
simulated loads with those from the real-world measurements,
assessing the consistency between the reconstructed and real
power profiles. Finally, we evaluate the performance of the
behavioral model in terms of its execution times, showing its
benefits concerning previous methods.

A. Validation of activity generation

To verify the authenticity of the daily activities generated
by our neural network, we compared the distributions of
the simulated activities with those reported in the Italian
TUS. In more detail, we simulated as many individuals as
those interviewed during the survey, generating 14245 samples
for the weekdays and 26982 samples for the weekends. We
also ran the same simulation with the Markov chains to
verify the correctness of the benchmark model. To compare
the simulated and actual distributions of daily activities, we
used the Kullback-Leibler divergence, which also provides
a quantitative comparison between the proposed behavioral
model and the benchmark. The Kullback-Leibler divergence
for discrete distributions is defined as follows:

Dk (P || Q) =) P(x)log P@) &)
= Q(x)

where P(z) and Q(x) are the probability mass functions of the
reference and simulated distributions, respectively. Figure 5
shows the probability distributions of the 11 daily activities
simulated by our behavioral models. We can see that both
GAN and the Markov chain closely follow the distributions of
the time-use survey, demonstrating the generated samples’ au-
thenticity. Regarding the Kullback-Leibler divergence reported

in Table VII, the two models are equally accurate for weekday
and weekend simulations. Therefore, we can say that GANs
can be used as an alternative to Markov chains, providing
equally accurate simulation results.

TABLE VII: Kullback-Leibler divergence computed on the
daily activities distributions generated by GAN and Markov
chain (MC) for weekdays and weekends.

Activity Weekday Weekend
MC GAN MC GAN
Studying 0.013  0.010 0.013 0.011
Watching TV 0.013 0.004 0.012 0.003
Using PC 0.009 0.019 0.011 0.009
Reading 0.014 0.028 0.014 0.015
Cooking 0.018 0.008 0.017  0.008
Eating 0.015 0.004 0.016 0.003
Dish washing 0.024 0.015 0.024  0.009
Cleaning 0.020 0.012 0.017  0.005
Ironing 0.016 0.021 0.020 0.024
Being in bathroom 0.010  0.009 0.009 0.007
Washing clothes 0.032 0.053 0.016 0.024

B. Validation of load modeling

The synthetic curves generated for the validation of load
modeling were obtained by simulating 1000 families over two
weeks. For every electrical device described in Section IV-C,
we reconstructed its daily power consumption for each house
at a six-second resolution. We first resample the devices’
power measurements to get the synthetic curves by computing
their average hourly power consumption. Then, we further
average each appliance’s hourly power consumption across all
simulated households, separately for weekends and weekdays.
At the end, we obtain a sequence of 24 values for each
appliance and the whole house, representing the average
hourly power consumption of the simulated appliances. These
curves are finally compared with their real counterparts to
assess the authenticity of the reconstructed power profiles. We
used the mean bias error and Pearson correlation coefficient
to measure the difference between the generated and accurate
loads. The mean bias error measures the average difference
between the two curves and indicates whether we overestimate
or underestimate the actual power consumption on average.
On the other hand, Pearson correlation measures the temporal
consistency of load shapes without considering differences in
their scales. The bias and the Pearson correlation are defined
as follows:

bias ==L (5)

where x is the vector of real power measurements and y is
the vector of simulated loads. Both vectors have a length n
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Fig. 5: Daily activity distributions generated by GAN and Markov chain compared to the Italian TUS.

equal to 24, where each element contains the average power
consumption of the meter during the previous hour.

The simulated appliance loads have been compared with the
average power measurements of the devices monitored in the
REMODECE project [29]. In more detail, the REMODECE
project collected the energy consumption of thousands of
electrical devices by tracking more than 1000 households
in 12 different European countries for two weeks. For each
house owning the monitored device, REMODECE reports the
average hourly power consumption of the appliance computed
across the two-week monitoring period. To conform with
the methodology of REMODECE, we computed the average
hourly consumption of each device for a population size of
1000 households and a simulation length of two weeks.

REMODECE validated the simulated load profiles of five
different electrical devices, including the washing machine,
dryer, dishwasher, TV, and PC. In addition, we also evalu-
ated the simulation of the house lighting system. Table VIII
shows the mean bias error and the Pearson correlation of
each appliance assessed separately for the weekdays and the
weekends. Furthermore, we differentiated loads derived from
the synthetic activities of GANs and those obtained from
the Markov chain model. As confirmed also in Figure 6, all
simulated loads approximate reasonably well the shapes of the
actual appliance power profiles. As expected, the behavioral
models produced very similar load modeling results, proving
the interchangeability of generative adversarial networks and

Markov chains in bottom-up simulations. Table VIII also
shows a general negative bias error across all simulated
devices, indicating an overall underestimation of the average
hourly power consumption. Given that both behavioral models
are correct for the Italian TUS (see Figure 6), we think
that negative biases are primarily due to differences between
European countries in the frequency of use of some appliances.
External factors such as climate conditions can influence the
use of specific devices (e.g., dryers). However, based on the
correlation coefficients reported in Table VIII, we can state that
the proposed behavioral model successfully provides coherent
daily activities for scheduling the different appliance opera-
tions, which is fundamental for producing realistic bottom-up
simulations.

We also evaluated the simulation results at the building level
by using a study conducted by the Italian company Research
on Energy Systems s.p.a. (RSE), reporting the typical daily
loads of Italian families at the whole house level [34]. In
particular, the RSE dataset contains the average aggregated
loads of 1200 Italian families monitored for two years (2011-
2012) by utility companies owning second-generation electric-
ity meters. As reported in Table VIII, the total simulated loads
show a high correlation with the real curves for weekdays
and weekends, independent of the adopted behavioral model.
Similarly to the appliance level results, the total simulated
loads also have a significant negative bias concerning the
actual curves, revealing a constant negative gap during the
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Fig. 6: Comparison between simulated appliance loads and REMODECE.

day of roughly 150 W, as shown in Figure 7. Since the gap is
also present at night, we can presume that the causes should be
searched in devices that generally operate during the day. For
example, we did not simulate essential devices such as electric
boilers and HVAC systems, which typically account for a good
percentage of the total load where they are present. In addition,
we only considered houses with a single fridge, whereas some
families may easily own more than one refrigerator unit.
Despite these simplifications, the high correlation indicates
that the proposed behavioral model can correctly simulate
the overall dynamics of power consumption, placing peaks
and valleys at the correct times of the day. Furthermore, the
interquartile range of the simulated households (red areas in
Figure 7) demonstrates that our simulations can cover various
behaviors, highlighting the generated loads’ originality and
diversity.

C. Execution times

Table IX compares the execution times of the behavioral
models based on GANs and Markov chains with increasing
population sizes. In all cases, neural networks demonstrated
to take significantly lower than Markov chains to simulate the
daily activities of end users, demonstrating better scalability to
more significant simulation scenarios. Contrary to the Markov
chain generation procedure, neural networks can concurrently
generate the daily activities of thousands of individuals in a
single call, thanks to GPU parallelization of matrix operations.

TABLE VIII: Evaluation of bias and correlation obtained by
GAN and Markov chain (MC) in the load modeling task.

Loads Bias [W] Correlation
MC GAN MC GAN

washing machine (weekdays) -10.97 -12.38 0.88 093
washing machine (weekends) -4.71 -5.79 0.96  0.95
dryer (weekdays) -19.46 -16.60  0.66  0.68
dryer (weekends -26.06 -30.15 0.77  0.74
dishwasher (weekdays) -2.29 -4.01 0.74  0.72
dishwasher (weekends) -4.87 -6.58 0.72 0.70
TV (weekdays) -7.44 -5.15 0.91 0.92

TV (weekends) -6.69 -7.36 0.91 0.92

PC (weekdays) -26.61 -2575 085 0.82

PC (weekends) -29.95 -29.18 0.83 0.87
Lights -11.15 -8.36 096 097

Total (weekdays) -149.43  -14343 098 098

Total (weekends) -164.17  -163.85 0.93 091

For this purpose, Table IX also shows the GPU memory use
of the generator neural network when run on an NVIDIA
QUADRO P2200 with different batch sizes (i.e., number of
occupants). The results demonstrate that generating an entire
day of activities for 100,000 users requires less than one
second on a customer-grade GPU. GPU memory does not
represent a bottleneck for running more extensive simulations.
In fact, we need to split the simulated individuals in multiple
batches for large population sizes and run the network nu-
merous times. Overall, the results highlight the importance
of GANs in bottom-up load modeling, demonstrating that
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Fig. 7: Comparison between total simulated loads and RSE.

their adoption can significantly speed up simulations of more
significant scenarios.

TABLE IX: Execution times of GAN and Markov chain (MC)
for different numbers of simulated occupants.

Population Execution time GPU
size MC GAN memory
102 223 ms 2 ms 23 MB
103 231s 12 ms 57 MB
104 23 s 130 ms 430 MB
10° 3min 991 ms 3.26 GB

VI. CONCLUSION AND FUTURE WORKS

This paper presents a novel residential load simulation
framework, centered on conditional Generative Adversarial
Networks, designed to synthesize realistic daily activity pat-
terns of end-users. The generator’s architecture permits con-
ditioning on specific days of the week, enabling the ex-
ploration of diverse behavioral scenarios reflecting weekly
lifestyle variations. To rigorously validate the methodology, we
conducted comparative analyses at both the individual appli-
ance and aggregated household levels, juxtaposing simulated
load profiles with real-world power consumption data. Our
findings reveal a strong correlation between the generated and
empirical load curves, providing compelling evidence that the
model accurately captures daily activities’ temporal dynamics
and household appliances’ operational timing. Crucially, the
proposed GAN-based behavioral model significantly enhances
computational efficiency compared to traditional Markov chain
methodologies. This substantial reduction in execution time
underscores the model’s suitability for integration into future
bottom-up simulation frameworks, particularly those requiring
the analysis of large-scale residential energy datasets and
complex scenario evaluations.

As future work, we plan to extend our simulations by
integrating HVAC systems through the combination of our
behavioral model with mathematical representations of ther-
mal dynamics. Additionally, incorporating electric boilers and
electric vehicles will further narrow the gap between sim-
ulated and real household loads. More advanced generative
approaches such as diffusion models should be explored to
further enhance the behavioral modeling of consumers [35],
potentially capturing a broader range of realistic and diverse
daily activity patterns.
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