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The simulation of human behavior is an essential component in the domain of energy demand modeling. However, 
due to its diverse nature, it is often unclear whether a simulated behavior pattern is fitting to certain contexts. 
Combined with the poor availability of appropriate activity data, this makes proper validation of behavior models 
difficult. Existing validation approaches are limited and specialized to the respective use case, and are therefore 
not reusable or comparable. To address this issue, the new open-source framework ETHOS.ActivityAssure is 
presented for evaluation of generated activity profiles, supporting the validation of behavior models. For this 
purpose, an aggregated activity dataset is created from restricted European time use data and published to 
ensure reusability. Validation is conducted through a set of indicators and comparative plots, taking into account 
activity duration, frequency, and time. A categorization of person types and activities enables mapping to result 
categories commonly used in behavior models. The framework’s capabilities are demonstrated on the residential 
demand model LoadProfileGenerator. The developed framework allows for consistent and reproducible validation 
of synthetic activity profiles targeting Europe, without requiring access to confidential data. This offers the 
opportunity to enhance both new and existing behavior models by identifying flaws, compare multiple modeling 
approaches, and thoroughly evaluate model quality for diverse target purposes.
1. Introduction

Many models across various domains incorporate human behavior 
in some way. Especially in transportation or energy research, the inclu-

sion of accurate activity schedules is often essential, as appliance loads, 
building energy demands and traffic flows depend directly on human 
behavior [1]. None of these aspects are negligible, with appliance loads 
for example having a significant impact on residential energy demand. 
Thus, to build an accurate energy demand model, obtaining suitable ac-

tivity schedules is essential. Accessible sources of this kind of data are, 
however, scarce. On the large scale, activity schedules are collected in 
time use surveys (TUSs). These are sets of activity diaries, usually for 
single days and from participants in different socio-economic situations. 
TUSs are conducted in many countries, but due to the high effort they 
only include a limited number of respondents, and are repeated at large 
time intervals, such as once per decade. Furthermore, as they contain de-

tailed behavior data on the individual level, they are subject to privacy 

* Corresponding author at: Forschungszentrum Jülich GmbH, Institute of Climate and Energy Systems – Jülich Systems Analysis (ICE-2), 52425, Jülich, Germany.

concerns and access is often restricted, even for anonymized datasets. 
This mostly leaves no choice but to fall back on behavior simulation [2].

In this study, the focus is on applications in the energy domain. This 
comprises two main types of models, namely occupant behavior models 
and load profile generators. Occupant behavior modeling is a growing 
domain that investigates the influence human behavior has on build-

ing energy performance, i.e., the energy demand required for usage of 
a building, including heating and cooling [3,4]. Load profile genera-

tors aim to produce load curves for various types of demand. In private 
households, a large share of energy consumption is caused by plug loads, 
human device usage is an integral part of these [5]. Naturally, there ex-

ists an overlap between these two model types, and many current models 
attempt to achieve a holistic representation of residential demand, in-

cluding electricity, water consumption, heating, and other load types. 
For these applications, obtaining accurate activity schedules is crucial.

Approaches to acquire such schedules are manifold and depend on 
the research question. There are stochastic and deterministic models, 
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Table 1

Overview of common techniques for occupancy and activity profile validation in the literature, in-

cluding the plots and numerical indicators used for comparing validation data and model data.

Author Validation Data Plots Indicators

P1 P2 P3 I1 I2 I3

Richardson et al. [16] UK TUS 2000 X

Santiago et al. [17] Spanish TUS 2010 X

Aerts et al. [18] Belgian TUS 2005 X X

McKenna et al. [19] UK TUS 2000 X X X X

Nijhuis et al. [20] Dutch TUS X

Wilke et al. [6] French TUS 1998 X X

Kamara-Esteban et al. [21] Smart Home measurements X X

Reynaud et al. [9] French TUS 2010 X

Bottaccioli et al. [7] Italian TUS 2014 X X

Mueller et al. [22] German TUS 2013 X X

Ziegler et al. [23] German TUS 2013 X

Kleinebrahm et al. [10] German TUS before 2010, Mobility 
Data

X X

Chen et al. [8] American TUS 2013–2017 X X X X

Osman et al. [24] Canadian TUS 2015 X X X

P1: Daily probability curves.
P2: Frequency distribution.
P3: Duration distribution.
I1: Indicators from daily probability curves.
I2: Clustering.
I3: Frequency and duration within confidence interval.
with different methods for generating diversity in behavior, respec-

tively. Further notable features include model granularity, i.e., whether 
behavior is simulated at the individual or household level, and consid-

eration of dynamic environmental influences. However, most behavior 
models rely on activity profiles from TUS data for calibration. This data 
is typically used to build Markov chains or probability distributions, 
which can then be used to simulate activity choices. Examples of this 
method include the models by Wilke et al. [6], Bottaccioli et al. [7], 
or Chen et al. [8]. SMACH by Reynaud et al. [9] instead consists of 
an agent-based model with preliminary activity schedules derived from 
TUS data, which in turn influence activity probabilities for the simu-

lated agents. Kleinebrahm et al. [10] pursue yet another approach by 
training transformer models and long short-term memory-based neural 
networks on TUS and mobility data for a more realistic representation of 
weekly patterns. Other approaches do not rely on TUS data though. The 
LoadProfileGenerator, for example, a residential demand model by Pflu-

gradt et al. [11], works with deterministic activity simulation, which is 
based on a set of continuously increasing desires that each person must 
fulfill through matching activities.

Due to the large amount of possibly relevant influences, the realis-

tic and precise simulation of human behavior is a difficult task [12,13]. 
Hence, many behavior models are complex and elaborate. This empha-

sizes the necessity of thorough and all-encompassing validation. For this 
purpose, model developers can check created activity profiles or, where 
applicable, directly validate the final model output, such as load pro-

files. Due to the aforementioned difficulties regarding human behavior 
data, most authors focus on the latter component. Furthermore, many 
models are built upon a specific set of behavioral data, and so using the 
same dataset for validation is of limited use.

However, models increasingly aim to represent human behaviors 
more explicitly and in more detail. In order to support this approach 
to modeling, to evaluate result quality, and to enable further improve-

ments, it is necessary to implement dedicated activity profile validation. 
This paper attempts to address this deficit by developing the generic 
validation framework ETHOS.ActivityAssure [14] that allows the ade-

quacy of activity profiles to be verified using a large European behavior 
dataset [15]. With this framework, models can more easily be compared 
and evaluated, providing opportunities for reuse and improvement. 
ETHOS.ActivityAssure is part of ETHOS, the Energy Transformation 
Pathway Optimization Suite developed by the Institute of Climate and 
2

Energy Systems, Jülich Systems Analysis (ICE-2) at Forschungszentrum 
Jülich.1 ETHOS provides models and tools for energy system analysis 
with a high level of detail.

The remainder of this paper is structured as follows: in Section 2, 
related human behavior models and the validation methods they employ 
are introduced. In Section 3, the ETHOS.ActivityAssure framework and 
the associated dataset are presented and explained. The application of 
the framework for the validation of a typical behavior model is described 
in Section 4. Finally, Section 5 concludes with a summary of the utility 
of the framework and possibilities for future improvements.

2. Related work

Up until now, no dedicated framework for the validation of activity 
profiles and corresponding models could be identified. Therefore, vali-

dation methodologies conducted by the authors of behavior models are 
reviewed instead. However, as only a few authors validate their gener-

ated activity profiles and instead focus on other model outputs, only a 
small number of methods for behavioral validation have been described 
thus far. Amongst these, there is a strong tendency towards visual com-

parisons of measured and generated data. Some, however, also employ 
numeric indicators. Table 1 presents an overview of common validation 
techniques in the literature.

2.1. Means of comparison

Comparisons of simulated and measured data are mostly carried out 
visually. By far the most common chart type used for this is daily prob-

ability curves. These curves are plotted for each activity, and indicate 
the probability of this activity being carried out at different times of the 
day. They enable the precise evaluation of time-dependent activity pat-

terns and thorough comparisons of measured and generated data. This 
type of plot is predominantly used for occupancy models, which simu-

late the general state of occupants, including the presence and level of 
activity, but not the activities conducted [18–20]. Richardson et al. [16]

and Santiago et al. [17] also employ slightly different variants of daily 
probability curves, demonstrating the possibility for state changes or for 
non-empty dwellings. In addition to the visualizations, some numerical 

1 ETHOS Model Suite: https://www .fz -juelich .de /en /ice /ice -2 /expertise /

model -services.
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indicators were derived from the plotted curves. For that, common dis-

tance metrics including mean absolute error (MAE), root mean squared 
error (RMSE), and bias are used (Equations (1) to (3)). Unlike the MAE, 
the RMSE places more weight on large deviations. The bias has its own 
distinct meaning, as positive and negative errors cancel each other out 
in its calculation. When applied to daily probability curves, it repre-

sents the overall amount that an activity is carried out by too much 
or too little, neglecting any temporal shifts. The Wasserstein distance 
(Equation (4)) is another common metric, but one that has not yet been 
applied to this purpose, despite its unique properties. It represents the 
effort required to transform one curve into another. Hence, it can re-

sult in lower, more appropriate error values in cases of slight temporal 
shifts of large peaks, which usually lead to high MAE or RMSE values. 
In addition to these metrics, the Pearson correlation coefficient (Equa-

tion (5)) can be used as a measure of similarity and assesses the shape 
of the curves, ignoring the heights of peaks.

𝑚𝑒𝑎𝑛 = 1
𝑛

𝑛∑
𝑖=1

|𝑥𝑖 − 𝑦𝑖| (1)
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𝑛
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𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
𝑛∑
𝑖=1

(𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)√∑𝑛

𝑖=1(𝑥𝑖 − 𝑥)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦)2
(5)

𝑥 and 𝑦 denote a daily probability curve of simulated and measured data, 
respectively. 𝑋 and 𝑌 are the corresponding cumulative distribution 
functions.

Every individual plot and indicator alone only has limited validation 
capabilities, and so multiple different measures are used in combination. 
Most validations include at least one measure each to examine the av-

erage time, duration, and frequency of activities, as these are the basic 
characteristics of behavior profiles.

2.2. Level of aggregation

All measures depend on the level of aggregation, pertaining to 
whether a simulated population is validated as a whole or split into mul-

tiple categories to more accurately investigate differences in behavioral 
patterns. Most authors validate weekday and weekend profiles sepa-

rately. Wilke et al. [6] distinguish between working and non-working 
people, whereas Ziegler et al. [23] combine both approaches. Compared 
to the average number of possible model configurations, this is, how-

ever, still a fairly rough categorization, as most models offer multiple 
options for age, sex, employment status or household composition of the 
simulated persons, which all affect activity profile generation. A second 
dimension of aggregation relates to the set of available activities. Each 
model defines a set of these, usually between five and 50, that make 
up the generated schedules. For the validation, however, some authors 
merge activities to groups to keep the effort manageable.

2.3. Examples of behavioral validation

In the following, some specific validation methods are presented in 
greater detail. Wilke et al. [6] show the daily probability curves of all ac-

tivities together in a stacked line chart. In order to highlight deviations, 
3

the difference between TUS and the simulation results is also plotted in 
Energy & Buildings 326 (2025) 115036

another line chart. As the authors use the same dataset for both the cali-

bration and validation of the model, they apply ten-fold cross validation 
to still obtain meaningful results.

Kamara-Esteban et al. [21] calculate confidence intervals for ex-

pected values of activity frequencies and durations and determine 
whether the simulation results are reflected within. Reynaud et al. [9]

propose a more generic methodology. The combined dataset of valida-

tion data and simulation results is clustered to see if the datasets can be 
easily distinguished. If not, this is seen as an indicator as to the validity 
of the results. In a follow-up, they add manual activity schedule verifi-

cation by persons who have been recreated within the model, which is 
difficult to quantify and not scalable [25].

Bottaccioli et al. [7], Ziegler et al. [23], and Chen et al. [8] all make 
use of daily probability curves, but with different levels of aggregation. 
Ziegler et al. [23] created plots with 95% confidence interval curves 
to emphasize the extent to which results and validation data match. 
Chen et al. [8], on the other hand, complement their daily probability 
curves with histograms for activity count and duration. Other means 
of validation used by Mueller et al. [22] and Kleinebrahm et al. [10]

include a histogram, which shows the overall number of activity changes 
per day, as well as plots showing the total time spent per activity. As 
Kleinebrahm et al. generate activity profiles with a length of more than 
one day, they also utilize auto-correlation and Hamming distance to 
assess diversity within a single profile. For single-day profiles, however, 
this approach is not applicable.

2.4. Evaluation of validation approaches

All of the presented validation methodologies are based on TUS or 
comparable data. In each case, only a single dataset was used, which 
was always the one the model had been calibrated with. This could be 
due to the additional effort that would be required to process different, 
not standardized, time use surveys, as well as due to the generally bad 
accessibility of these datasets. Given that, of the mentioned works, only 
Mueller et al. [22] and Ziegler et al. [23] used the same dataset, aside 
from McKenna et al. [19] and Richardson et al. [16], who worked on the 
same model, this circumstance poses an obstacle to model comparisons.

In summary, the methods applied for behavior model validation 
are highly heterogeneous with respect to validation data, comparative 
plots, indicators, and categorizations of person types and activities. The 
ETHOS.ActivityAssure framework introduced in the following section 
aims to combine the most relevant methods into a single, reusable and 
reproducible validation workflow with a more detailed categorization. 
In this way, it will help bring about precise, consistent, and meaningful 
validations, ultimately allowing better evaluations and comparisons of 
behavior models.

3. Methodology

One of the core issues the new validation framework is meant to solve 
is the poor accessibility of activity data. To that end, a dedicated vali-

dation dataset has been generated and published [15], and is presented 
in Section 3.1.

To aid in the validation process, a software framework was devel-

oped [14] that can be used to calculate the required statistics for input 
activity profiles and compare them to the validation dataset. This re-

duces the overall validation effort and provides a consistent set of visu-

alizations and comparison indicators, as well as enables the tooling for 
categorizing data.

In Section 3.2, the creation of the validation framework is described 
in more detail. Section 3.3 details a selection of the indicators used for 
the comparison.

3.1. Creation of a validation dataset

In order to solve the data accessibility issues, the primary purpose of 

the generated dataset is to avoid disclosing individual information, so 



Energy & Buildings 326 (2025) 115036D. Neuroth, N. Pflugradt, J.M. Weinand et al.

Table 2

Person categorization criteria and possible values as contained in the HETUS dataset.

Categorization criteria Possible values

Country1 AT, BE, DE, EE, EL, ES, FI, FR, HU, IT, LU, NL, NO, PL, RO, RS, UK

Sex Female, male

Employment type Full-time, part-time, retired, student, unemployed

Day type Working day, rest day

1 The two-character country codes from Eurostat are used to indicate the country.
that it can be made publicly available without constraints. As a basis for 
this, the Harmonized European Time Use Survey (HETUS) from 2010 
was used [26]. This dataset, provided by Eurostat, combines the results 
from 17 national surveys. It includes activity diaries for single days at a 
10-minute resolution, as well as personal and household characteristics 
for each respondent. Activities are specified using a three-layer coding 
system with a set of 108 possible ones. Due to the personal information 
it contains, this dataset is not publicly accessible. The structure of the 
HETUS dataset is shown in Appendix A. HETUS data are collected once 
per decade, with the most recent available iteration being that of 2010. 
The results from HETUS 2020 are still undergoing processing and are 
anticipated to become available in 2027.

An important factor for both activity and load models is household 
level dependencies, such as shared meals or exclusive use of appli-

ances. Although activity profiles are primarily generated for individ-

ual occupants [6,18], some models take such influences into account 
[5,7,11,25]. Ideally, an activity profile validation would therefore need 
to evaluate entire households to check for correlated behavior patterns. 
However, for this to be possible, the validation data would need to in-

clude activity diaries for each resident of a household for the same day. 
This type of data is rarely available. In HETUS, the exact date of diary 
recording is obfuscated for privacy reasons, so there is no way to ver-

ify that diaries belonging to the same household were recorded on the 
same day. Thus, activity validation at the household level is not feasi-

ble with the available data, and all validation is done at the individual 
level. This is consistent with existing approaches to activity validation 
in the literature.

The underlying idea for improving accessibility is to aggregate the 
confidential HETUS dataset just enough to preempt privacy concerns 
and thus permit publication, but still retain sufficient information on 
different facets of human behavior. To achieve this, a suitable catego-

rization of the activity profiles is necessary. Selecting an appropriate 
categorization scheme is crucial, as within a category no further dif-

ferentiation will be possible. Fine-grained categorizations offer more 
precise distinctions, but the category sizes must not become too small 
either. Eurostat prescribes a minimum cell size of 20 for data that is 
derived from HETUS and intended for publication. Consequently, statis-

tics for categories containing less than 20 entries cannot be published. 
Most behavior models make internal use of characteristics of the mod-

eled person or household for a better adjusted activity simulation. These 
characteristics are good candidates for categorization, as they were de-

liberately chosen to reflect behavioral patterns and allow the selective 
validation of the respective person types of a model with matching be-

havior data. The specific attributes taken into account differ for each 
model. As a compromise, a set of four categorization criteria, namely 
country, sex, employment type, and day type, were established, as these 
cover the most important distinctions. Possible values for each of these 
are shown in Table 2. In regard to the categorization of day types, there 
exist a multitude of related approaches, which predominantly consider 
weekdays and one to three distinct categories of weekend days. As these 
approaches disregard weekend work, vacation, and holidays, a straight-

forward differentiation between working days and rest days was selected 
instead, determined by the total hours of employed work on a given day.

Combined, these criteria result in a total of 340 theoretically-possible 
categories, or 20 categories per country. As no data was available for 
4

retired and unemployed people from the Netherlands (NL), eight cate-
gories were excluded. Another 29 had less than 20 entries and had to be 
excluded. These include mostly working days for unemployed or retired 
people, which is to be expected, as well as some part-time categories, for 
which in general little data was available. In summary, 303 categories 
remain for use. An overview of the cell sizes is shown in Fig. 1. Due to 
data protection requirements, a cell size of 50 is also indicated for all 
smaller cells. When accounting for entries that are restricted from pub-

lication, as well as records that could not be processed due to missing 
information, 95.4% of the HETUS dataset could be incorporated into 
the developed dataset. The authors regard this as a sufficiently large 
share for realistically depicting relevant behavioral patterns. Appendix B

presents the distribution of diaries utilized for the validation dataset by 
country.

As not all models make use of each of these criteria, it can be help-

ful to be able to merge arbitrary categories. For example, if a model 
only distinguishes between the working and non-working populations, 
separating retired and unemployed persons in the dataset might be im-

practical. However, for realistic results, the correct proportions should 
be considered when merging different categories. Otherwise, rarer activ-

ity profiles could have too much influence. For this purpose, the HETUS 
dataset provides an appropriate weight for each activity diary, taking 
both the person and date into account. The summed weights are stored 
for each category as part of the validation dataset, allowing dynamic 
merging for validating models without implementing all of the prede-

fined criteria.

The 108 different activities of the HETUS data are unwieldy for 
comparison with common behavior models. Therefore, a single, general 
set of activity groups was devised, which combines all activities from 
HETUS, as well as from every reviewed model that specified its respec-

tive activities. To do that, similar activities were matched, and small 
and insignificant activities were iteratively merged into groups, until 
ultimately each activity group had an overall time share of >2% in at 
least one profile category. The final set of activity groups consisted of 
“clean,” “cook,” “dishwashing,” “eat,” “education,” “iron,” “laundry,” 
“PC,” “personal care,” “radio/music,” “sleep,” “TV,” “work,” “not at 
home” and “other”. A definition of each activity is provided in Ap-

pendix C. For all reviewed models in Section 2, including the LoadPro-

fileGenerator, a mapping of their respective activity set to the merged 
set is provided as part of the framework.2 This enables straightforward 
comparisons of the different models.

For each cell, all activity diaries are reduced to a set of statistics, each 
calculated per activity group. These include activity durations, frequen-

cies per day, and activity probability profiles. Thus, the core aspects of 
behavior, activity frequencies, durations and times, are all taken into 
account. The validation dataset is freely available on Zenodo at https://

doi .org /10 .5281 /zenodo .10835208.

3.2. Development of the validation framework

In order to support the validation of a behavior model using the new 
validation dataset, the ETHOS.ActivityAssure software framework was 

2 Location of the activity mappings within the framework repository: 
https://github .com /FZJ -IEK3 -VSA /ActivityAssure /blob /main /activityassure /

activities.

https://doi.org/10.5281/zenodo.10835208
https://doi.org/10.5281/zenodo.10835208
https://github.com/FZJ-IEK3-VSA/ActivityAssure/blob/main/activityassure/activities
https://github.com/FZJ-IEK3-VSA/ActivityAssure/blob/main/activityassure/activities
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Fig. 1. Number of entries per category. Note that a size of 50 is specified for all cells with less than or equal to 50 but more than 20 entries, due to Eurostat 
requirements. White cells denote categories with less than 20 entries, which had to be excluded.)
developed [14]. It consists of two separate parts—a statistical calcula-

tion and a graphical validation user interface. Through this architecture 
processing of the model output data is decoupled from interactive vali-

dation.

As input, the activity profiles to be validated must be provided in the 
form of .csv files, each file containing a profile of arbitrary length for 
one person. In addition, a single .json file must contain each person’s 
country, sex, and employment type. Finally, an activity mapping must 
define the translation of the activities used in the model to the activity 
set defined in Section 3.1, in another .json file.

In essence, the first part of the framework applies a similar trans-

formation to this input data, as was utilized in the case of the HETUS 
dataset to obtain the aggregated validation dataset, combined with ad-

ditional preprocessing. This encompasses translating activities in the 
profiles into the predefined groups according to the user’s mapping, 
resampling to the 10-minute time resolution used in the HETUS data, 
splitting activity profiles spanning multiple days into 24-hour profiles 
and categorizing them. Ultimately, this component of the framework 
stores statistics per category of the processed data in the same file struc-

ture as the validation dataset. Instructions for this process, a sample 
script, and sample input files to show the exact file format are included 
in the repository [14].

Building upon that, the second component incorporates the valida-

tion and input data statistics and generates comparative figures and 
indicators in order to assess similarities. This portion was built as a web 
application using Dash [27] to allow for the interactive investigation 
of the results. Additionally, the framework can generate overview files, 
including all indicators for automatic processing. By default, the input 
data statistics are compared to validation statistics of the same profile 
category, meaning the same person and day type. In this way, it is pos-

sible to identify which person types are better represented by the model 
than others. However, for more exploratory purposes, comparisons of 
different categories are also possible. Comparison indicators and plots 
are shown as totals for the entire category, as well as for each activity 
group individually. This facilitates understanding of possible differences 
in behavioral patterns and the identification of the affected model com-

ponents that might need to be adapted for better results.

In summary, the steps for using the framework include adding de-

scriptive information to the input data, executing the data processing 
function to generate statistics, and then interactively validating the data 
5

with the web application.
3.3. Selection of comparison plots and indicators

The comparison of the validation and input data relies on compar-

ative indicators and plots. For that, some of the different validation 
methods presented in related work were evaluated. The main empha-

sis was placed on daily probability curves, as these are widely used and 
provide information on the most relevant aspects of activity profiles. 
For a first, general overview, a stacked probability curve plot shows all 
activity groups at once, so as to be able to quickly identify the largest 
deviations. Additionally, individual probability curves for each activity 
group allow for a more detailed assessment to be made. In addition to 
that, histograms of activity repetitions per day and of activity durations 
are generated, as information on these aspects also characterizes human 
behavior but cannot be obtained from the daily probability curves.

For the calculation of comparison indicators, the common approach 
of calculating distance metrics and similarity indices from daily prob-

ability curves was applied. For that, the indicators MAE, RMSE, bias, 
Wasserstein distance, and Pearson correlation coefficient were selected, 
as defined in Section 2.1. As already noted, capturing the quality of 
behavior modeling in a simple indicator is difficult and usually visual 
comparisons using plots are required. Hence, the main purpose of these 
indicators is to quickly find the worst results of a behavior model, e.g., 
the person configuration or activity with the highest deviation, in order 
to review it manually.

In that regard, the four distance metrics of the common indicators 
(MAE, RMSE, bias, and Wasserstein distance) have a potential weak 
point. As they measure the deviation of two curves, their value depends 
on the value range of these curves. All probability curves and with them 
the metrics lie within the range [0, 1], where 0 implies identical curves. 
However, the profiles for more time-intensive activities such as sleep-

ing have generally higher values, and relatively smaller errors can result 
in larger metric values. This can lead to underestimations of errors for 
activities with a smaller overall time share, such as doing laundry. For 
instance, if laundry activities were entirely missing in the input data, 
the metric values would still be very small due to the low probability 
within the validation data. Whether or not that is desired depends on the 
application. Although some users might wish to obtain activity profiles 
that correctly incorporate the most important activities, others might re-

quire accurate profiles for specific activity types. To support both cases, 
all metrics were calculated in two variants, namely normal and scaled 

ones. For the scaled variant, the metrics were divided by the sum of the 



Energy & Buildings 326 (2025) 115036D. Neuroth, N. Pflugradt, J.M. Weinand et al.

Fig. 2. Cross-validation of two HETUS subsets using the unscaled MAE, averaged across all activities.
probability curve of the validation data (see Equation (6)), leading to 
more comparable value ranges for different activity groups.

𝑚𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑚𝑛𝑜𝑟𝑚𝑎𝑙∑

𝑖 𝑦𝑖
(6)

𝑦 denotes the daily probability curve of the validation data. The Pearson 
correlation coefficient was not affected by this.

For an initial test of the validation framework and the comparison in-

dicators, a two-fold cross-validation was conducted. For that, the HETUS 
dataset for Germany was randomly split into two subsets, which were 
then treated as validation and input data and fed into the framework. 
The heat map in Fig. 2 shows the MAE values when comparing every 
possible pairing of activity profile categories. The darker main diagonal 
cells indicate that comparing the data of the same category results in 
better indicator values, as expected. Data from different categories in-

stead produces worse values, especially when comparing working days 
to rest ones. This emphasizes the importance of differentiated validation 
for individual categories instead of a mere aggregated analysis.

4. Results

In order to demonstrate the usage and functionalities of the devel-

oped validation framework, the LoadProfileGenerator behavior model 
was applied [11]. The LoadProfileGenerator employs a psychological 
desire model to generate activity and load profiles for residential house-

holds. It is not calibrated with TUS data; instead, a number of typical 
German household compositions have been predefined using a small 
survey on typical activities and available appliances. For the valida-

tion, a set of activity profiles created with the LoadProfileGenerator 
was preprocessed, categorized, and compared to the validation data. 
Comparison indicators were calculated for each category, and were used 
to identify the model configurations that performed especially well or 
poorly. These were then examined in more detail using the web appli-

cation in the framework.

The LoadProfileGenerator contains 157 persons across 66 predefined 
households, which cover most of the different household types in Ger-

many. Each of these was simulated 50 times for a time span of one year, 
resulting in a total of around 2.6 million daily activity profiles. Of all 
6

20 German activity profile categories, 18 are represented, as currently 
no male part-time employees are predefined, although configuring such 
persons is possible.

The validation was executed on a per-category basis. This means 
that, using the calculated behavioral statistics, all activity profiles from 
the LoadProfileGenerator within one profile category were compared to 
the respective statistics of the validation dataset. In case of deviations, 
single-person configurations of the LoadProfileGenerator were assessed 
individually by only using statistics calculated from the respective per-

son. Section 4.1 briefly outlines how the validation indicators work in 
practice and compares category statistics to representative statistics for 
Germany. Next, after processing the profiles from the LoadProfileGen-

erator, some typical categories were selected and are depicted visually 
in Section 4.2.

4.1. Evaluation of validation indicators and categorization

As a first step, in order to check the practical usefulness of the se-

lected validation indicators, heat maps were generated to show indicator 
values for different categories and activity groups. As can be seen in the 
example in Fig. 3, the MAE, RMSE, and Wasserstein distance behaved in 
the same way for the most part. Analyzing the exceptional cells for male 
and female students on rest days, it became apparent that, as expected, 
Wasserstein produced significantly lower error values when curves were 
shifted on the time axis. In this case, students in the LoadProfileGener-

ator data got up and went to bed too early. MAE and RMSE, however, 
were found to be very similar to each other.

In order to highlight the need for proper classification of person 
and day types, in contrast to a mere aggregated validation, behavioral 
statistics for a representative German population were created. Instead 
of individual statistics for each profile category, they contain just one 
set of statistics calculated from all German HETUS diaries, applying 
the respective diary weights included in the HETUS dataset. Comparing 
these average behavioral statistics to those of individual categories re-

vealed significant differences. The most obvious deviation affects work, 
for which there is a clear differentiation between employees and un-

employed or retired people. In addition to that, further activities are 
affected as well. For example, Fig. 4 shows how full-time employees 
mostly carry out “other” activities in the evening, after working hours, 

unlike unemployed people. Validating the activity profiles of any of 
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Fig. 3. Heat map of the five validation indicators, showing the averaged indicator values across all activities. Note that, for better comparability, all indicator values 
were individually normalized, and the value range of the Pearson correlation coefficient was reversed, so that lower values indicate a lower deviation. Normally, 
the Pearson correlation coefficient has a value range of [−1, 1], with 1 and −1 indicating perfect positive or negative correlations, respectively, and 0 indicating no 
correlation. In this use case, however, the lowest observed values of the coefficient were just below 0. This was to be expected, as a negative correlation could only 
come about by coincidence.

Fig. 4. Daily probability curves illustrating the likelihood of performing “other” activities at different times of the day for a female German full-time employee on 
a working day (a), and for a female German unemployed person on a rest day (b). Both curves are compared to the representative average for Germany (shown in 
blue). The signs of the probability values serve solely to differentiate the datasets and carry no additional meaning.
these types with average statistics is therefore not a sensible approach. 
Instead, individual statistics for each category are required to obtain 
useful results.

4.2. Assessment of individual categories

In the following, the utility of the ETHOS.ActivityAssure framework 
for validating behavior models is outlined for some typical categories. 
According to MAE, RMSE, and Wasserstein distance, one of the best-

performing activity profile categories is that of female students on work-

ing days. This category is now analyzed in greater detail in order to 
provide an overview of the framework’s capabilities. Fig. 5 shows the 
corresponding stacked probability curves of the validation data and of 
the LoadProfileGenerator. The low indicator values are primarily based 
on a good representation of basic activities such as sleep, as can be 
seen in Fig. 6. This is evidenced by the scaled variants of the indicators, 
which, within the category of female students on working days, are the 
7

lowest for the activities of sleep, education, and other. As unscaled indi-
cator variants measure absolute deviations instead, they exhibit lower 
values for activities such as doing laundry and using a PC with less total 
time.

When looking at the histograms of the educational activity durations 
shown in Fig. 7, it becomes apparent that there are significant differ-

ences between the validation and model results. Although there are mul-

tiple flat peaks around the duration of 1:30h in the validation data, there 
are two clearly distinct ones in the data from the LoadProfileGenerator—

at 1:00h and 6:00h. This discrepancy is in stark contrast to the good 
temporal distribution of educational activities, which closely matches 
the validation data, which suggests that there are frequent interruptions 
to educational activities in the validation data that are not accounted for 
in the LoadProfileGenerator. This pattern—fewer but longer activities—

also appears in other activity groups, indicating that while the LoadPro-

fileGenerator generally produces realistic schedules, its current level of 
detail may limit its suitability for applications that require precise ac-
tivity duration modeling.
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Fig. 5. Stacked daily probability curves for a female German student on a working day, for comparison.
Fig. 6. Daily probability curves of the sleep of female German students on a 
working day.

Overall, the day–night rhythm in the results of the LoadProfileGen-

erator is slightly shifted, which is also visible in Fig. 5. Some activities, 
including sleep, watching TV, and personal care, are well simulated, 
but the main peaks occur earlier than in the validation data. This is sup-

ported by a high Pearson correlation coefficient, e.g., 0.96 for sleep. 
Nevertheless, the total duration spent for the different activity groups is 
close to the validation data, with only one minute too long per day spent 
on personal care, for example. Time not at home is underestimated in 
the LoadProfileGenerator in terms of both duration and frequency, es-

pecially between 4:00 and 6:00 pm, indicating a lack of hobbies. The 
largest deviation was found in the early morning. Here, there were small 
8

peaks for several media usage activities within the LoadProfileGenera-
Fig. 7. Durations of the educational activities of female German students on a 
working day.

tor that could not be observed in the HETUS data. In the latter, students 
spent most of their mornings focused on breakfast and personal care. 
Ironing was entirely missing in the LoadProfileGenerator activity pro-

files for female students, but as it has a very low share in the HETUS 
data with a maximum probability of less than 0.2%, this was negligi-

ble.

Another especially relevant group are full-time employees due to the 
high share of the German population they make up. They are, in gen-

eral, well covered by the LoadProfileGenerator, in particular on working 
days. With respect to the category sizes, it became apparent that for 
some individuals, the share of working days was too small, with less than 

150 per year. For a full-time German employee, a realistic number of 
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Fig. 8. Daily probability curves for the sleep of a male German unemployed 
person on a rest day, showing a high discrepancy due to an overrepresentation 
of irregular sleeping patterns in the LoadProfileGenerator.

working days would be around 200–230 per year. This large difference 
suggests an error in the affected person configurations of the LoadPro-

fileGenerator. The activity profiles of all of the remaining individuals 
show realistic workday distributions.

This deviation does not affect the quality of the results for each day 
type. Using the scaled indicators, the activities that are best covered 
can be identified. These primarily include the important activities of 
work and sleep, which are both well-represented. For work, a similar 
phenomenon occurs as with the education activities of students, due 
to the missing integration of a lunch break. For the target use case of 
residential behavior modeling, this is negligible. The share of people 
watching TV is partially underestimated in the evening hours, and in 
turn PC usage is overestimated for several categories. These activities 
are similar in nature and compete for the same time period, but are not 
equally popular. The observed discrepancy indicates an inappropriate 
balance of these two activities in the LoadProfileGenerator, leading to 
the latter being selected too frequently.

Amongst the categories with the highest deviation is that of unem-

ployed people. The main reason for the higher error lies in a bad match 
of the sleeping profiles, as can be seen in Fig. 8. Upon closer inspec-

tion of the activity profiles from the LoadProfileGenerator, it was found 
that this discrepancy is caused by only one of the archetypes of unem-

ployed people in the LoadProfileGenerator, which is characterized by a 
highly irregular sleeping pattern. This pattern occurs in reality, but far 
less often than regular sleeping patterns, which are closer to those of 
employees.

4.3. Discussion

The example validations presented in Section 4.2 exemplify the pos-

sible usages of the ETHOS.ActivityAssure framework and demonstrate 
its capabilities. The framework offers a simple and straightforward 
method for conducting thorough comparisons of activity datasets and 
evaluating behavior models at a detailed level. The indicators enable 
categories or model configurations that warrant further investigation to 
be quickly found, allowing to focus effort on the most relevant aspects. 
As a core contribution, the validation dataset provides public access to 
behavioral statistics that are normally restricted. This enables meaning-

ful comparisons of different models, the testing of their applicability to 
other countries, and, perhaps most importantly, validation with data 
that the model has not been calibrated with. This constitutes a signifi-

cant advancement over the previous validation methodologies described 
in the literature.

The application of the framework helped to detect inaccuracies in 
the LoadProfileGenerator and identify specific components with the po-
9

tential for further improvement. In this manner, the framework can 
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facilitate improvements in the quality and realism of behavior models, 
ultimately leading to more accurate activity profiles.

It became evident during this process that a detailed, multifaceted 
examination of activity profiles is essential for identifying shortcomings 
and inaccuracies. Only looking at one aspect of behavior alone is not 
sufficient. This confirms the importance of incorporating many different 
indicators and plots into the framework and permit very specific devi-

ations in behavior patterns, such as breaks interrupting working times, 
to be detected, leading to a more accurate estimation of the suitability 
of behavior models for different application scenarios.

Furthermore, it was found that within subgroups behavior patterns 
diverge considerably from the overall population average. This indicates 
that in order to achieve a meaningful validation, it is necessary to con-

duct a separate examination of each subgroup.

The framework is effective and beneficial for the developers of be-

havior models; however, there are also some points of criticism. As of 
now, the framework relies on a fixed categorization of persons, includ-

ing in terms of country, sex, and employment status. Other attributes, 
such as household composition, have not yet been taken into account. 
Including these could allow for a more accurate categorization and en-

able the validation of more specific behavior patterns, but would also 
increase the demand for time use data.

Another drawback of categorization lies in the occurrence of small 
categories with statistics calculated from only a few activity profiles. 
This can potentially lead to distorted results for such categories, as sta-

tistical errors might increase in a small sample. These categories exhibit 
high indicator values and more visibly jagged probability curves. Al-

though this can clearly be an obstacle for comparing modeling results 
across different categories, it only affects a negligible minority of the 
total population.

The clustering of activity profiles, as implemented by Osman 
et al. [24], represents a potential alternative to categorization. This 
method could facilitate a more precise matching of profiles and a more 
detailed identification of behavioral patterns, but it could impede the 
validation of behavioral archetypes.

An alternative approach to the presented framework might consist 
of the utilization of the few publicly-available TUS datasets. Building a 
framework on such data would enable a direct comparison of activity 
profiles instead of using aggregated indicators, which is not possible 
with the current method. In addition, the TUS dataset could be split 
into training and test data, permitting the calibration of multiple models 
with the same training dataset and then comparing their performance 
with respect to the test dataset. While this would be an ideal scenario for 
comparison of different behavior modeling methods, it is less suitable 
for assessing fully built and calibrated behavior models. Furthermore, 
the lack of publicly available TUS data would restrict such validation 
to a few regions, also making analyses of the applicability of models to 
other contexts more difficult.

As it only requires activity profiles as inputs, the framework can be 
applied to any behavior model or simulation tool that generates such 
profiles. The dataset published with this framework is only based on 
HETUS 2010 and is therefore limited in its applicability. Data for coun-

tries outside of Europe are not included, and although the dataset is 
from the latest available HETUS iteration, it is already outdated to a 
certain extent. In the meantime, there have been notable changes in oc-

cupant behavior, particularly in response to the COVID-19 pandemic. 
These include shifts in social behavior, increases in screen time, and 
other developments, some of which persisted beyond the end of the 
pandemic [28,29]. To date, none of the referenced models has been cal-

ibrated with data from after 2020; nevertheless, this caveat should be 
considered for new behavior models.

The open structure of the framework offers a potential solution to 
these issues. It is both feasible and desirable that new datasets, once 
available, undergo similar preprocessing and that they are then provided 
as additional validation datasets, whether for other regions or for new 

HETUS iterations.
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One shortcoming of the presented methodology that cannot be re-

solved in this way is the lack of validation of household dependencies. 
As outlined in Section 3.1, the currently available data does not permit 
the analysis of such dependencies on a large scale. Consequently, the 
framework focuses on individual occupants. Should suitable data for 
this purpose become available in the future, another validation method 
and appropriate indicators must be devised.

5. Conclusions and future work

In this study, the new validation framework ETHOS.ActivityAssure 
for the consistent evaluation of activity profiles was developed. As an in-

tegral component, it includes an aggregated European behavior dataset 
to take measured activity schedules into account and still enable open, 
unrestricted reuse, in spite of strict data protection regulations. Un-

like previous behavior model validations, this framework works with 
a fine-grained categorization to allow thorough and meaningful com-

parisons, only with matching data. The framework was shown to enable 
a very detailed assessment of a typical behavior model, the LoadProfi-

leGenerator, and provide precise information on deviations in behavior 
patterns.

The framework and associated dataset are freely accessible and can 
be applied to any behavior model to identify flaws and assess or improve 
the accuracy and suitability of the results. Therefore, the behavior mod-

eling domain, as well as domains that rely on it, such as demand profile 
generation, building performance simulation, an mobility modeling, can 
benefit from this framework and its deeper insights into the realism of 
generated activity profiles.

The described method for aggregating a confidential dataset was 
devised specifically to meet the data protection requirements from Euro-

stat, but it is expected to be applicable to other time use surveys as well, 
given some adjustments if needs be. This opens up the opportunity of 
creating more validation datasets in the future, such as from the Multi-

national Time Use Study [30], which contains time use surveys from 
different countries and years. In that way, the possibilities for behav-

ioral validation can be extended, potentially covering more countries 
and an overall larger amount of data.
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Appendix A. HETUS data structure (Table A.3)

Table A.3

Synthetic data sample to show the HETUS structure. Included 
are the record IDs, socioeconomic characteristics, and the ac-

tivity codes for all 144 10-minute intervals of a 24-hour diary 
(MACT1–MACT144).

HETUS Attribute Profile 1 Profile 2 Profile 3

Country DE FR FR

Sex 0 1 0

Household ID 1 2 2

Person ID 1 1 2

Diary 1 1 1

Work Status 1 3 4

(More socioeconomic attributes) ... ... ...

MACT1 11 11 11

MACT2 11 11 21

... ... ... ...

MACT144 11 39 11

Appendix B. Country proportions in HETUS (Table B.4)

Table B.4

Rounded proportion of HETUS diaries from each country 
used for the validation dataset.

Country Eurostat Country Code Proportion [%]

Austria AT 2.3

Belgium BE 3.1

Germany DE 8.0

Estonia EE 2.9

Greece EL 4.2

Spain ES 5.7

Finland FI 2.1

France FR 7.7

Hungary HU 2.5

Italy IT 11.3

Luxembourg LU 1.1

Netherlands NL 2.9

Norway NO 2.1

Poland PL 22.1

Romania RO 16.7

Serbia RS 1.7

United Kingdom UK 3.9

Appendix C. Activity definitions (Table C.5)

Table C.5

Definition of the 15 activity groups in the merged activity set, as used in the 
framework and the validation dataset.

Activity Group Definition

clean Cleaning the dwelling or garden

cook Preparing food or drinks

dishwashing Cleaning dishes, manually or with a dishwasher

eat Eating, consuming food or drinks

education Studying, homework, lectures, helping children with studying

iron Ironing

laundry Doing laundry, including washing and drying

not at home Any not work-related activity taking place away from home, 
such as shopping, going to the cinema or theater, or doing 
sports outdoors

pc Any computer related activities, such as programming, 
communicating online, or playing computer games

personal care Washing, getting dressed, and other personal hygiene and 
self-care related activities

radio/music Listening to the radio, to music, and other forms of audio 
consumption

sleep Sleeping, napping, or staying sick in bed

tv Watching television

work Working, including related activities such as commuting and 
taking lunch break

other All other activities not matching the previous activity groups, 
for instance, reading, accompanying children, receiving guests, 
or pursuing hobbies
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Data availability

The ETHOS.ActivityAssure framework and the corresponding vali-

dation dataset are both openly available under permissive licenses and 
are free to reuse. The framework is available on GitHub at https://

github .com /FZJ -IEK3 -VSA /ActivityAssure, and the dataset is available 
on Zenodo at https://doi .org /10 .5281 /zenodo .10835208.
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