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Abstract

Data-driven methods are increasingly popular for building energy performance assessment. For these to be useful, it is required
that good quality data is created through the filtering of outliers and imputation of missing information. In the field of energy use
in buildings, there is a clear sensitivity of heat load to outdoor climate, which needs to be considered when identifying outliers
and developing imputation methods.

We propose to use a well-known changepoint model to define the sensitivity of the data to climate, further segmented by time of
the week. Then we use the residuals of the model to identify outliers, where those observation with residuals substantially out of
the normality expectations are identified as outliers. Then missing data is repaired by means of linear imputation techniques,
considering the patterns for same times of the week in the dataset.

As a result of the full process, we were able to identify 5% of outliers, which resulted in the improvement of model metrics in the
range of 20% mean absolute error (MAE) and slightly better R2 values.
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1. Introduction

Energy use in buildings contributes significantly, up to 40%, to the overall energy consumption in the European
Union (EU) [1]. Given this substantial share, enhancing energy efficiency in buildings stands out as a pivotal
objective in the EU's strategy to decarbonize the economy [2], [3]. This emphasis underscores the critical role that
buildings play in achieving sustainability goals by curbing energy demand and reducing greenhouse gas emissions.
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Nomenclature

4GDH 4th Generation District Heating
DH District Heating

EU European Union

IQR Interquartile range

MAE  Mean absolute error

RMSE Root mean square error

ST Solar thermal

ULT  Ultra Low Temperature

WH Waste heat

District heating (DH) networks are crucial components of urban infrastructure in cold countries where heating
demand is relatively high. These DH networks presently fulfill approximately 13% of the EU's total thermal energy
demand [4]. These networks have evolved significantly, with a notable shift towards lower supply temperatures.
Initially, DH systems operated at temperatures exceeding 80°C; however, the introduction of the 4th Generation
District Heating (4GDH) or Ultra Low Temperature (ULT) DH networks has led to heat supply at temperatures
around 45°C [5], [6]. This advancement has facilitated greater integration of low-grade energy sources like solar
thermal (ST) systems [7] or waste heat (WH) streams [8], [9], [10] into the heat network.

The growing significance of renewable energy sources in 4GDH systems introduces greater variability in the heat
generation profile of heat production facilities. Consequently, there is a need to implement energy generation
flexibility techniques to align heat production with demand in the network. Achieving this goal necessitates the use
of accurate characterization methods for heat loads. These methods ensure that available energy sources are
managed effectively, taking into account external variables such as weather conditions [11].

For the purpose of heat load characterization, heat meters are becoming increasingly prevalent in buildings,
enabling the measurement of thermal energy consumption for each consumer connected to the heat network [12],
[13]. Modern devices offer the capability to gather energy and operational data on an hourly or sub-hourly basis, and
they can communicate continuously with the DH utility. Remote access to this data has led to the development of
various energy management systems for heat production in DH networks [14], [15], which rely on frequent readings
from smart heat meters at the consumer level. These systems typically include short-term forecasting capabilities,
usually spanning a few hours or days.

Apart from forecasting, heat meters can also aid in heat load assessment and operating DH systems. They help
optimize system design, sizing, and capacity planning by monitoring heat consumption and identifying
inefficiencies. In DH systems operation, heat meters ensure billing accuracy, detect heat losses, meet regulatory
requirements, and help detect anomalies for timely maintenance. The benefits of data from heat meters are
granularity, ability to capture seasonal variation and real-time insights.

The presence of outliers in actual measurement data records raises the need for their detailed analysis before
deciding how to handle them. These observations that deviate significantly from the general pattern or expected
trend in the data set [16] may be due to a variety of reasons, such as measurement errors, data entry errors, unusual
events or simply natural variability in the data. Outliers can distort the interpretation of the relationships between
variables, disproportionately influencing the model parameters, and leading to over-fitting or under-generalization.
By removing outliers, the model can better capture the underlying patterns in the data and make more accurate
predictions. Overall, the detection of outliers prior to modelling is essential to ensure the reliability, accuracy and
interpretability of the resulting models and analyses, as it allows for the identification and mitigation of potential
sources of bias or error. [17] notes the large amount of effort involved in dealing with missing data and outliers
while [18] examines their influence on the identification of linear and non-linear systems and discusses the problems
of outlier detection and data cleaning

The most common way to detect outliers is based on identifying observations that are significantly different from
the majority of the data points. This is done by calculating the percentiles of the data and marking as outliers those
observations that fall above or below certain threshold percentiles. Thus, values below the 5th percentile and above




Roberto Garay-Martinez et al. / Procedia Computer Science 246 (2024) 2071-2079 2073

the 95th percentile are sometimes marked as outliers. Another widespread method based on box plots [19, 20, 21] is
to treat as outliers all values that are further than 1.5 times the interquartile range above Q3 or below Q1

However, when data are related to external variables, careful consideration must be given to how to incorporate
these variables into the analysis, to consider their effects on the primary variables of interest and to interpret the
results appropriately. In this case, heat loads have a strong dependence on meteorology, so observed extreme values
should not necessarily be treated as outliers. External variables - in our case temperature and radiation - must be
incorporated into the models to adjust the outlier detection thresholds, and thus better distinguish between genuine
outliers and observations that are consistent with such external factors.

To improve model predictions, a second stage of outlier removal can be added [22]. Model-based approaches to
outlier detection consist of fitting a statistical model to the data and then identifying observations that deviate
significantly from the expected behavior of the model [23]. These methods assume that normal data points fit the
underlying model, while outliers show patterns or characteristics that are not captured by the model. Model-based
outlier detection methods vary in complexity from simple parametric models to more sophisticated machine learning
techniques. In general, model-based approaches to outlier detection can be tailored to specific data characteristics
and analysis requirements, making them widely applicable in a variety of domains and contexts.

Energy signature models, despite being one of the simplest types of black-box models, can yield successful
results for monthly or seasonal data. These models, which are widely used in data-driven approaches, express
heating energy use as a function of weather variables. The purpose of energy signature models is to characterize
energy usage with the help of historical data.

These are typically formulated as linear models with regards to heating/cooling degree-days [24] or changepoint
models, with regards to ambient temperature and solar irradiation [25,26,27]. The concept of changepoints is based
on the idea that a dataset can be divided into distinct segments, each with its own homogeneous properties.
Detecting these changepoints allows for a better understanding of the underlying processes and can lead to more
accurate predictions.

An evolution of this concept are time-of-the-week segmented changepoint models [28] that capture shifts in the
data pattern that occur at different hours throughout the week. The model segments the time series by hour & day
and allows for changepoints within each segment, representing sudden changes in the pattern, such as the start of a
new working day affecting energy consumption.

In this paper, we develop a novel model-based approach for the outlier detection on heat load data for buildings.
It is based on a 3-parameter changepoint model, segmented for every hour of the week, and incorporating the
influence of solar radiation, as per the work in [27]. Based on the current literature, our approach is that this model is
suitable to characterize both the physics and the user behavior in buildings. Accordingly, we assume that the
residuals of this model (given no structural bias) are a good indicator of the goodness of the data. We analyze the
residual in a statistical way and define outliers as those pieces of the data where the residuals of the model are
significantly out of bounds.

Authors believe that this model-based outlier detection is at the same time simple, extendable (to more complex
changepoint model) and robust to apply in real-life cases. And to authors’ best knowledge, no such methods have
been reported in the state of the art.

2. Methodology

The methodology employed in this paper aims to understand and manage outliers in a dataset representing heat
load patterns of a building. The dataset consists of hourly values of heat load, ambient temperature, and solar
radiation over a year. The methodology involves several key steps (figure 1):

o Data Inspection: Initial examination of the dataset to understand its structure and identify any anomalies or
missing values. Various plots are used to explore the relationships between variables, such as power
consumption, temperature, and solar irradiation, over time.

e Changepoint Model and Outlier Detection: A changepoint model is created and segmented for each hour of the
week. This model is trained to predict the expected heat load based on temperature and solar irradiation using a
genetic algorithm. Observations that deviate significantly from the model's predictions are identified as outliers.
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e Data Repair: Outliers are corrected by filling in missing values using interpolation techniques. This step helps
improve the overall quality of the dataset and ensures that the subsequent analysis is based on reliable data.

e Recompute Changepoint Model: After repairing the dataset, the changepoint model is recomputed to
incorporate the corrected values. This step ensures that the model is updated with the latest data and can provide
more accurate predictions. These steps are applied iteratively to each hour of the week to fit a separate
changepoint model for each hour.

e Model Statistics: Finally, various model statistics, such as R-squared, root mean squared error (RMSE), and
mean absolute error (MAE), are calculated to evaluate the performance of the changepoint model and the impact
of outlier detection and repair on the dataset.

G = @0%%

Changepoint model and
outlier detection

Data inspection

[ s ]
c— Data repair
& e
-V @)
= 7ol
Model statistics Recompute changepoint
model

Fig. 1 Methodology
3. Dataset

The dataset used in this study involves a 1-year dataset for a multi-rise building connected to the District Heating
Network in Tartu, Estonia. The dataset contains hourly values of heat load, ambient temperature, and solar radiation
over a horizontal plane. The data sources for this dataset are GREN Eesti for heat load and the University of Tartu
for weather data. Greater details on this dataset are available at [29,27,32].

The dataset considered for this study belongs to only one building and is structured with several key features:

e Date and Time: The dataset includes timestamps for each hourly observation, allowing for time-series analysis.

¢ Holiday Indicator: There is a variable indicating whether a given timestamp corresponds to a holiday.

e Temperature: Ambient temperature data is included, which is crucial for understanding its impact on heat load
patterns.

e Solar Irradiation: The dataset also includes solar irradiation data, which is important as it affects the heat load of
the building.

e Power Consumption: The primary variable of interest is the power consumption, which is measured in kWh

The dataset is used to analyze the heat load patterns of the building, exploring relationships between variables
such as power consumption (figure 2), temperature (figure 3a), and solar irradiation over time (figure 3b).
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Visualizations and statistical analyses are employed to gain insights into these relationships, helping to understand
the building's energy consumption patterns.
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Fig. 2 (a) Monthly power vs time (b) Hourly power vs time
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Fig. 3 (a) Temperature vs time (b) Solar irradiation vs temperature

Analyzing the plots, it is clear that the heat load is influenced by outdoor temperature and solar irradiation, with
temperature being the primary factor, given its partial correlation with solar irradiation.

During hot summer months, there is a minimum heat load. In cold winter months, there is a linear relationship
between heat load and temperature. Spring and autumn represent intermediate periods in terms of heat load.

Daily variations in heat load are influenced by various building-specific factors and schedules. These include
typical office hours (around 9 am to 5 pm), night setbacks (reducing heating during late evening hours, around 10-11
pm), and weekly occupancy patterns.

4. Results

The changepoint model trained using the above-mentioned dataset predicts the heat load based on temperature
and solar irradiation using a genetic algorithm [31]. As seen in the figure 4, Two primary patterns have been
identified, each with its specific characteristics for every hour.

To detect outliers, the quartiles of each variable are computed as described in [24]. The interquartile range (IQR)
is used as a criterion, where observations exceeding the third quartile plus 1.5 times the IQR or falling below the
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first quartile minus 1.5 times the IQR are flagged as potential outliers. This approach for outlier identification has
been widely employed in diverse research studies [20].

Upon implementation of the data analysis process, it is observed that approximately five percent of the dataset is
identified as outliers. These outliers, once detected, are subsequently removed to ensure the integrity and accuracy
of the data. Following the removal of outliers, the dataset undergoes a data repair process using interpolation
techniques.
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Fig. 4 Changepoint model results (before outlier removal)

Interpolation is applied to impute missing data values, especially for time intervals where data is absent. For
instance, for gaps in the data that are less than 1 hour, interpolation utilizes data from the -1 to 1 hour time slot in the
previous and following weeks. Similarly, for longer gaps, specifically those less than 5 hours, interpolation relies on
data from the -5 to 5 hour slot in the previous and following weeks.
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Fig. 5 Changepoint model results (after outlier removal)

This interpolation process is conducted in a stepwise manner, addressing increasingly longer time gaps. It begins
by addressing 2-hour gaps, then progresses to 3-hour gaps, and continues in this incremental fashion until 30% of
the outlier data is reconstructed. After this repair, the changepoint model is recalculated to produce the result
presented in figure 5.

To evaluate the effectiveness of this approach towards outlier removal, R-square, Root mean square error
(RMSE) and mean absolute error (MAE) are used to analyze the results (figure 6). These metrics are applied on four
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different datasets developed during this study. The first dataset is the original one with all the outliers included. The
second dataset is one with all the outliers removed using the changepoint model. The third dataset has the outliers
removed and values obtained through interpolation filled as part of the repair process. Lastly, the fourth dataset is
obtained after retraining the changepoint model.
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Fig. 6 Model statistics

Overall, in terms of model statistics, the performance is good. R2>0.9; RMSE<15.9, MAE<I0 in all cases.
Removing outliers leads to a slight improvement in performance. However, there doesn't appear to be a significant
impact from repairing outliers or retraining the model.

5. Conclusions

In this paper, we have presented a novel model-based approach for the outlier detection on heat load data for
buildings, based on a changepoint model, as per the work in [27]. It is proven that the model is a good
approximation of the heat load already prior to the outlier removal and data imputation, with reasonable R2, RMSE
and MAE values.

The identification of outliers (5% of the original dataset) and their removal produces a substantial improvement
in model metrics.

The data imputation techniques used to repair the dataset, seem to properly represent the main trends of the data,
as the error metrics remain constant, even for models trained before the imputation process.

We believe that the presented model-based outlier detection is at the same time simple, extendable (to more
complex changepoint model) and robust to apply in real-life cases. And to our best knowledge, no such methods
have been reported in the state of the art.

Code availability
The sample data and the code are available in Github and Zenodo [30].

All the code is written in R, and the scientific outcomes are directly inspectable in html output files created
through rmarkdown files.
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