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Abstract

This paper introduces a comprehensive methodology for predicting hourly heat loads in
buildings. The approach employs unsupervised learning to identify distinct day types
based on daily load profiles. A classification process then assigns each day to one of
these day types, followed by the application of various supervised learning techniques to
forecast heat loads. The methodology is both simple and robust, facilitating its use in load
prediction across a wide range of buildings. The process is validated using data from three
distinct building types (Residential, Educational, and Commercial) located in Tartu, Estonia.
The results indicate that the day type identification and attribution process significantly
reduce model complexity and computational time while achieving high prediction accuracy
(MAPE ~<2%) with minimal computational requirements.

Keywords: load prediction; pattern recognition; heat load in buildings; district-heating networks

1. Introduction

Global energy consumption has exhibited a persistent upward trajectory, with growth
rates doubling between 2010 and 2018 [1]. Although significant efforts have been devoted
over the past decades to expanding the deployment of Renewable Energy Sources (RES),
fossil fuels continue to constitute the dominant share of the global energy mix.

Buildings represent a significant share of global energy consumption, accounting for
approximately 20% to 40% of the total [2,3], with nearly half of this demand dedicated to
heating and cooling requirements [4].

Over the past decades, substantial international efforts have been directed toward
improving building energy efficiency and reducing reliance on fossil fuels through the
integration of RES. In Europe, the European Commission (EC) has introduced a series of
directives in this domain [5,6], establishing a framework aimed at progressively reducing
the energy consumption of buildings in the coming years.

The Heat Load (HL) in buildings can be categorized into Space Heating (SH) and
Domestic Hot Water (DHW) demands. While SH is strongly influenced by external climatic
conditions [7], DHW consumption remains relatively stable throughout the year. Super-
imposed on these seasonal patterns, both SH and DHW loads exhibit distinct daily and
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weekly fluctuations that are closely associated with occupants’ behavioral routines within
buildings [8].

In order to effectively manage Heat Loads (HLs) and Renewable Energy Sources
(RES) while reducing reliance on non-renewable resources, it is essential to enhance the
intelligence of energy system management, which must be grounded in accurate load
forecasting. This requirement is particularly critical for modern low-temperature thermal
networks, such as 5th generation District Heating systems [9] that incorporate a high
share of RES. In such systems, a persistent mismatch arises between the availability of
RES-based heat and the temporal distribution of HLs, both across seasons and within daily
or transient periods [10,11]. Maximizing the utilization of RES heat under these conditions
is fundamental, as its marginal cost is negligible, thereby enabling both economic and
environmental benefits.

Over the past decade, metering devices have been widely deployed in heat systems
and networks across the European Union (EU). In advanced infrastructures, high-resolution
historical data have been collected for several years [12]. Practical applications of heat
meter data have demonstrated significant value, enabling the optimization of distribution
temperatures and the detection of malfunctioning subsystems far beyond the capabilities
of traditional analogue systems [13]. The adoption of such technologies is increasingly
common in thermal systems. Moreover, real-time access to metering data creates new
opportunities for characterizing and predicting HLs through data-driven models, which
can be applied at scale across large building stocks with relatively low computational
cost [14,15].

Among data-driven approaches, Machine Learning (ML) algorithms have proven to
be particularly effective in predicting a wide range of operational variables in buildings,
including HLs and return temperatures.

ML has been widely applied in the field of electricity load modelling [16-19], while
its application to HL modelling in buildings has been comparatively less explored [20-22].
This imbalance largely reflects the greater availability of electricity load data relative to
HL data, which has facilitated broader research on ML-based electricity management. In
general, ML models can be categorized into supervised approaches [23,24], which rely
on labelled data for predictive or classification tasks, and unsupervised approaches [25],
which are designed to uncover patterns and structures within unlabeled datasets.

At present, the intersection between data-driven methods and energy load prediction
remains insufficiently explored. A key research gap lies in understanding the extent to
which social patterns can be accurately identified and transferred into different types of data-
driven models. It is not yet clear whether Day Types (DTs) can be reliably attributed using
only information available to a blind observer in a forecasting context. Addressing this gap
requires determining which models are most suitable for day-ahead heat load prediction
while also assessing the potential benefits of incorporating DT attribution processes, both
in terms of predictive accuracy and computational efficiency.

This paper introduces a novel methodology for predicting HLs in buildings by ex-
plicitly incorporating occupant behavior and external climatic conditions. The approach
integrates unsupervised learning to identify representative day types, a classification proce-
dure to assign each day to one of these types, and multiple supervised learning models to
predict HLs within each category. By capturing intra-day variations in occupant-driven HL
profiles and assigning each day to the most likely day type, the method develops tailored
predictive models that reduce the complexity typically associated with heterogeneous
load patterns.

The proposed approach is evaluated using data from three real buildings with distinct
usage patterns—residential, educational, and commercial—located in Tartu, Estonia. This
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diversity ensures the method’s applicability across heterogeneous building stocks. In addi-
tion, the study reports on the computational requirements of the proposed HL prediction
method, recognizing their importance for large-scale deployment at the district or city level,
where energy systems may encompass thousands of buildings.

2. Literature Review

The literature on data-driven methods for energy load modeling and prediction is
extensive, as these approaches are essential for enabling energy conservation, system
management, and operational optimization. A wide range of methods have been developed
for different spatial scales, from individual buildings to entire distribution networks, and
for multiple energy carriers, including electricity, gas, and heat.

Among these approaches, the Energy Signature (ES) method remains one of the sim-
plest yet most effective. ES models express energy loads as a function of weather variables
and have been widely applied since their initial development in the late 1980s [26]. The
PRInceton Scorekeeping Method (PRISM) [27], for example, correlates energy consumption
with monthly Heating Degree-Days (HDDs), which were shown to be sufficient predictors
for monthly natural gas consumption once transient effects were filtered out. Later, the
ASHRAE changepoint method [28] generalized this approach, allowing for the charac-
terization of heating and/or cooling loads, both individually and simultaneously, using
piecewise linear models with respect to outdoor temperature. “Changepoint” temperatures
are defined to delineate heating, neutral, or cooling-dominated operational regimes. The
use of outdoor temperature as a predictor has become standard practice in ES models, as it
is consistently identified as the most influential meteorological variable [29].

A key limitation of traditional ES models is their focus on low-frequency patterns, such
as weekly or monthly aggregated energy loads [30]. Several approaches have been pro-
posed to overcome this constraint. Recognizing that higher-resolution predictions—such
as daily or hourly loads—require accounting for additional input variables and temporal
correlations, we previously developed a time-segmented, multivariable ES model at hourly
resolution [8]. Our study demonstrated that both outdoor temperature and solar irradia-
tion are significant predictors of building Heat HLs and that time-segmented ES models
effectively capture intra-day and weekly variations. The model was applied to a dataset
of 43 buildings, achieving coefficients of determination (R?) ranging from 0.47 to 0.95 for
hourly predictions and from 0.70 to 0.99 for daily predictions.

HLs in buildings are strongly influenced by occupant behavior. Consistent with this
observation, load pattern profiling has proven effective for identifying typical operational
regimes. For instance, ref. [31] conducted an in-depth analysis of electricity loads in
buildings located in a cooling-dominated tropical climate and identified a set of intra-day
hourly load profiles. When mapped onto a calendar, these profiles corresponded clearly
to recurring events in the academic year, such as weekends and holidays. Similarly, we
applied clustering analysis to HLs [32] in the dataset from [8]. This analysis not only
revealed the most relevant day types but also established a causal pathway by which
each day can be assigned to a specific cluster using only exogenous information, including
calendar and meteorological data. In this way, cluster classification serves as a first, essential
step in the load prediction process.

Alternative approaches for load prediction are found in the domain of time-series mod-
eling. For example, ref. [33] developed an online short-term forecasting model for building
thermal loads using Seasonal Autoregressive Integrated Moving Average (SARIMA) models,
a linear regression-based approach that accounts for seasonality. This study achieved a Mean
Absolute Percentage Error (MAPE) of approximately 5% for one-day-ahead predictions.
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In [34,35], Auto-Regressive models with eXogenous inputs (ARX) were employed for
the short-term prediction of HLs. Time-series models have also been shown to effectively
capture the interactions between buildings, outdoor climatic conditions, and occupant
behavior [36].

Machine Learning (ML) techniques have been widely applied to energy load predic-
tion. For example, ref. [26] employed neural networks (NNs) for building load forecasting,
achieving MAPE values between 9% and 29%. In [21], NNs were used to predict HLs in
a commercial building connected to a District Heating Network (DHN), obtaining an R?
value of 0.968 on an hourly basis. Similarly, ref. [37] reported that NNs achieved a MAPE of
approximately 5% across a study of 100 buildings. While deep learning models generally
yield high accuracy for hourly HL prediction, their computational cost is substantially
higher compared to simpler ML approaches. For instance, ref. [33] applied Extreme Gra-
dient Boosting (XGB) to simulated heating and cooling loads, achieving correlations (R?)
above 0.90.

Many studies focus on time- and space-aggregated models. In [38], HL predictions
were performed at the scale of the entire DHN, mitigating the influence of individual
building variability. The study concluded that Gaussian Process Regression provided the
most accurate results, with a MAPE below 3% for annual cumulative energy across the
DHN. Although this level of accuracy may be sufficient for some applications, short-term
HL prediction requires higher temporal (hourly or sub-hourly) and spatial (individual
building) resolution, where loads are considerably more variable.

A substantial portion of this variability is attributable to social behaviors, which, to-
gether with physical interactions such as heat transfer, govern building energy performance.
Occupancy patterns and Heating Ventilation and Air Conditioning (HVAC) scheduling
generate identifiable daily profiles that repeat over time [39]. While aggregation across
multiple buildings often reveals clear patterns, such as weekday-weekend cycles, indi-
vidual buildings display more complex behaviors. Unsupervised ML models have been
successfully applied to identify these intra-day patterns. For example, K-means and fuzzy
K-means algorithms have been used to uncover electricity load profiles [40-42], and [43]
identified intra-day HL profiles with distinct weekday and weekend patterns. In our
previous work [32], we demonstrated the feasibility of identifying day types corresponding
to specific intra-day HL patterns through clustering and established a causal pathway to
assign each day to a type based solely on calendar and meteorological information. This
approach produced a decision tree that can serve as the initial step in HL forecasting.

Overall, unsupervised ML models provide valuable insights into occupant behavior,
enabling the identification of specific intra-day patterns that can guide the development of
tailored prediction models for each day type. Leveraging this knowledge can enhance the
accuracy of predictive load models.

In this paper, we develop such a methodology and evaluate its performance using
multiple load prediction models. Our primary contribution to the state of the art lies in
decomposing load prediction into two distinct steps: (i) prediction of occupant behavior,
and (ii) prediction of Heat Loads (HLs) conditional on the known occupant behavior. This
separation substantially reduces model complexity, as predictive models are developed
only for the specific load profiles associated with each behavior. Consequently, there is
no longer a need to construct an individual ES model for each hour of the week, and the
expectation of occupant behavior can be directly provided to Al models, relieving them
from inferring it implicitly.

The proposed methodology is validated using real-world data from a DHN. Although
tested on DHN data, the approach is domain-agnostic and can be applied to HL data for any
building type, irrespective of construction characteristics, energy system configuration, or



Buildings 2025, 15, 3604

50f17

Step 1

Data
Preprocessing

Maimm B2V s =
she * Buikdiog
- w + busegn
- L pugnes
- = = + Baan
ors e
i oy ™
i g gasy = ol .
i 3 Zoe MAR 1 ‘
i gos = MR i,
L/v\f, o .
025 i |
xo8.1
® xco2
P, 00 v
A e
Bl

energy carriers. The method is computationally efficient, allowing scalability to district- or
city-level applications by aggregating hundreds or thousands of building-level models. By
developing and testing models at the individual building level (where energy loads exhibit
high variability), the methodology supports a wide range of applications, including single-
building prediction, building portfolio management, DHN operation, energy communities,
and other HL prediction scenarios.

3. Methodology

This paper presents a novel multi-step methodology for hourly HL prediction and
tests it over data real buildings. A stepwise methodology is pursued as follows:

- Step 1: Matching data sources and pre-processing of the datasets

- Step 2: Identification of day types (DT) by means of the clusterization of intra-day
HL patterns

- Step 3: Development of a classification model for the attribution of specific DT each
day, based only on exogenous information

- Step 4: Development of hourly HL prediction models for each DT

- Step 5: Evaluation of the prediction efficiency using error metrics.

This multistep methodology is illustrated in Figure 1.

Step 2 Step 3 Step 4 Step 5

Heat Load Model Validation
Prediction : and Error Metrics

Day type
Identification
(unsupervised
learning)

Day type
attribution
(Classification)

i,

H
e fec]

c 0 om o ors
ing L]

Figure 1. General framework of the paper (larger-sized figures of the specific process outcomes are
available in Figures 4, 5, and 7 of this paper and Figure 4 of [32]).

Steps 1, 2, and 3 are introduced in Section 3.2 (Data sources and the preprocessing)
and Section 3.3 (Day type identification and attribution). Further information about this
process can be found in [32].

This paper highlights the potential improvements achievable through various load pre-
diction methods. Section 3.4 details the HL prediction models evaluated, while Section 3.5
presents the error metrics used to assess each method.

All computations and ML developments were conducted using the R programming
language [44].

3.1. Data Source and Definition of Buildings

The dataset employed in this study consists of hourly HL measurements from build-
ings connected to a DHN in Tartu, Estonia. The full year 2019 was employed (8760 h),
with load data having <5% of data missing (building dependent). These measurements
were remotely collected from heat meters installed in the substations of the buildings. Fur-
ther details on the connection scheme and technical specifications of the metering devices
are provided in [8]. The HL data were complemented with meteorological observations
obtained from the University of Tartu [45].
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To evaluate the proposed methodology, three buildings with distinct energy load
profiles were selected:

e Building A (Residential): Characterized by continuous SH and DHW demand through-
out the year.

e  Building B (Educational): Includes both SH and DHW loads year-round. Unlike
Building A, its HL profile is non-linear, with multiple trends emerging under low
outdoor temperature conditions.

e  Building C (Commercial): Exhibits very low HLs during summer months, while in
winter, two distinct load trends are observed under low outdoor temperatures.

Figure 2 presents the hourly HL of these buildings. HL is presented in the vertical
axis, and outdoor temperature is presented in the horizontal axis. As can be observed,
it is common (buildings A and B) to have a baseload (HL > 0 independently of outdoor
temperature), and HL increases with lower outdoor temperature values. Although the
relation between HL and outdoor temperature is clear, its shape is potentially dependent
on several factors such as intra-day usage, operation factors, and/or other social effects
such as workday-holiday differences [32].

Building B: Educational Building Building C: Commercial Building

HEAT LOAD [kWh]
HEAT LOAD [kWh]

0 . 0

20 30 -20 -10 0 10 20 30 -20 30

(b) (0)

Figure 2. Hourly energy consumption vs. outdoor temperature for (a) Building A, (b) Building B,
and (c) Building C.

The resulting dataset comprised the following information: Calendar data, Outdoor
Temperature, Solar Irradiation, and HL. This is consistent with commonly available infor-
mation in similar datasets and real-life cases. Also, the physical variables (temperature and
solar radiation) are consistent with common approaches to Energy Signature Modelling [28]
previously used in works on input data significance [8].

3.2. Data Preprocessing

Data preprocessing included the removal of outliers. Outliers were detected using
a density-based clustering approach, specifically the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [46], implemented through the dbscan library
in R [47]. This method is particularly effective for identifying anomalous points located in
low-density regions of the dataset.

3.3. Day Type Identification and Attribution

Day types (DTs) are identified from daily HL profiles with hourly resolution. The
dataset is partitioned into days, where each observation corresponds to a 24-dimensional
vector representing hourly HL values. Unsupervised ML techniques are then applied to
assess similarities among daily profiles and to cluster them into a set of representative DTs.
For this purpose, the K-means algorithm [40] is employed, as it has demonstrated strong
performance in comparable applications [48]. To ensure that clustering captures only the
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shape of the profiles and not their absolute scale, daily profiles are min-max normalized
to a 0-1 range. The K-means algorithm partitions the profiles into K clusters, with each
day assigned to the cluster with the most similar profile. Different values of K in the
3-to-10 range are tested. The result of this process is a labeled dataset in which each day is
associated with a specific DT.

Following the clustering step, methods are developed to attribute a DT to each day
using only exogenous variables that are available in predictive applications. By doing so,
prediction models in Section 3.4 can then be applied to each DT individually, potentially
with improved prediction performance. For this classification task, calendar data and
weather information are considered. A k-Nearest Neighborhood (kNN) model [49] is
applied, in which classification is based on the Euclidean distance (other metrics are
possible) to the k closest observations, with the most frequent DT among them assigned
to the current day. kNN is well suited for problems with a limited number of predictors.
The algorithm is implemented using the class library in R [50]. The set of external variables
employed in the classification process is summarized in Table 1.

Table 1. Variables used for the kNN classification model to predict the cluster.

Variable Units Type of Data
Daily Mean Temperature °C Numeric
Daily Total Radiation Wh/m? Numeric
Holiday [-] Boolean
Day of the Week [-] Categorical
Month of the Year [-] Categorical
Day preceding a Holiday [-] Boolean

Within these variables, categorical data are encoded using one-hot encoding. Note
that since the DT attribution is performed in daily resolution, all the variables included in
Table 1 are daily aggregated values.

3.4. Heat-Load Prediction Models

HL prediction is performed by means of a set of models, whose prediction accuracy is
evaluated. The following models are used:

- Theso-called Q-T algorithm [8]: A piecewise linear regression model that characterizes
HLs (Q) as the maximum of two components: a baseload, independent of ambient
conditions (e.g., DHW demand), and a variable load, defined as a negative linear
relationship with outdoor temperature (T) and solar irradiation.

- Multivariate Linear Regression (MVLR): A linear regression model in which HLs are
predicted directly from climatic variables.

- Support Vector Regressor (SVR) [51]: Based on the maximization of the margin be-
tween observations and a hyperplane, SVR is well suited for high-dimensional data.
The model is implemented and tuned using the 1071 package in R [52].

- Random Forest (RF) [53]: An ensemble model in which multiple decision trees are
constructed using bagging and feature randomness. Outputs from individual trees
are aggregated without preference for any model. The randomForest package in R [54]
is used for implementation.

- Extreme Gradient Boosting (XGB) [55]: Another ensemble approach that builds multi-
ple decision trees sequentially, combining them to improve prediction accuracy. The
model is implemented using the xgboost library in R [56].

HL prediction is performed at an hourly resolution, based on exogenous variables
only. Two types of predictors are considered:
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- Climatic data: hourly outdoor temperature and solar irradiation on the horizontal
plane, consistent with the significance analysis in [8].

- Calendar data: hour of the day, day of the week, month, holiday indicator, and
attributed Day Type (DT, as defined in Section 3.3). Depending on the model, this
information is either used to generate separate models for calendar-segmented subsets
(e.g., Q-T model for Mondays at 8 h) or incorporated directly as additional input
variables (e.g., day of the week included alongside climate data in RF).

Each model is trained under two scenarios:

- Without DT attribution: using only climate and calendar data.

- With DT attribution: using climate and calendar data, along with the attributed DT
from Section 3.3. In this case, the DT information is passed to the prediction models,
acknowledging the potential impact of misclassification errors.

Table 2 summarizes the trained models and the variables or predictors included in
each model.

Table 2. Predictive Models and the predictors used in each model.

Algorithm Model Tour Gr Week Day Month Hour Day  Holiday Cluster
o-T O-T X X X
MVLR_1 X X X

MVLR MVLR_2 X X X X
SVR_1 X X X X X X

SVR SVR 2 X X X X X X X
. RF_1 X X X X X X

RF 2 X X X X X X X
XGB_1 X X X X X X

XGB XGB_2 X X X X X X X

All models are developed with hourly resolution. The predictors include outdoor
temperature (Toyt, °C) and global horizontal solar irradiance (G, W/ m?), both at hourly
intervals. In the case of MVLR, calendar variables (e.g., day of the week, holidays) are not
explicitly included, as these effects are indirectly addressed through the clustering analysis.
For categorical predictors, one-hot encoding is applied, following the same procedure used
for the classification models described in Section 3.3.

3.5. Model Validation and Error Metrics

The dataset is divided into training and testing subsets, where the training data
are used to calibrate the models and the testing data are used to evaluate predictive
performance. Model validation is conducted using a K-fold cross-validation procedure, in
which the dataset is randomly partitioned into K subsets. In each iteration, K-1 subsets are
used for training and the remaining subset for testing. This process is repeated K times
(See Figure 3), and error metrics are computed for each iteration; the final performance
indicators are reported as the average across all folds.

In this study, a fivefold cross-validation was implemented, such that in each step, 80%
of the data were used for training and the remaining 20% were used for testing.

The performance of the cluster classification is evaluated using accuracy (Equation (1)),
while the predictive performance of the models is assessed using the coefficient of determination
(R? (Equation (2)) and the mean absolute percentage error (MAPE (Equation (3)).

Number of Correct Predictions
Total number of Predictions

)

Accuracy =
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Let Y; denote the predicted value, ¥, the observed value, Y the mean of observed
values, and n the number of observations. Under these definitions, both accuracy and
R? take values in the range [0,1], with 1 representing perfect prediction, whereas MAPE
ranges between 0% and 100%, with lower values indicating better performance and 0%
representing the optimal case.

Performance analysis in many reference works such as ASHRAE [57] also considers
metrics such as CV (RMSE) and NMBE. Although these would have been interesting in
some of the models (i.e., Q-T and MVLR), their definition in [57] required the explicit
definition of the number of parameters in the model. To avoid this issue, these metrics were

not used.
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Iteration 1 Test Train Train Train Train
Iteration 2 Train Test Train Train Train
Iteration 3 Train Train Test Train Train
Iteration 4 Train Train Train Test Train
Iteration 5 Train Train Train Train Test

Figure 3. K-fold Cross validation methodology (K = 5).

In addition, to predictive accuracy, execution time was measured for all models and
compared to that of the Q-T algorithm to quantify the computational efficiency gained
through the proposed DT identification and attribution process. Computational time is de-
fined as the elapsed time required to train and test each multi-step model. All experiments
were conducted on a personal laptop (the processor is an Intel(R) Core (TM) i5-10210U CPU
@ 1.60GHz 2.11 GHz with 8 GB RAM); therefore, execution times should be interpreted as
relative measures, since absolute runtimes would decrease substantially if executed on a
dedicated server.

4. Results & Discussion

This section presents the results obtained for the intermediate steps of the proposed
methodology, as well as the final HL prediction outcomes, evaluated using the error metrics
defined in Section 3.5. All reported values correspond to the average results across the
fivefold cross-validation procedure described previously.

4.1. DT Identification and Attribution

The classification algorithm achieved accuracies ranging from 0.8 to 1.0, with typical
values around 0.9. This result was consistent across all buildings and for different numbers
of clusters, although minor variations were observed. The classification process yielded
slightly higher accuracies for Buildings B and C, whereas a small reduction in performance
was observed as the number of clusters increased. Figure 4 illustrates the mean prediction
accuracy (after the K-fold cross-validation process) of the classification model as a function
of the number of clusters for the three buildings.
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Figure 4. Mean Accuracy (K-fold) using the kNN algorithm for cluster prediction.

4.2. Heat Load Prediction

This section presents the results of the hourly HL prediction using the models defined
in Section 3.4, both with and without DT attribution processes. The analysis is organized
into two parts. First, linear models are compared against the Q-T model (Section 4.2.1).
Then, the performance of machine learning (ML) models is evaluated (Section 4.2.2).

4.2.1. Performance of Linear Models

Figure 5 shows the R? values obtained with the Q-T, MVLR_1, and MVLR_2 algo-
rithms for the three buildings. The reported values correspond to models using the optimal
number of clusters for DT attribution. Overall, the MVLR algorithms yield slightly lower
R? values than the baseline Q-T model. An exception is observed for Building B, where
MVLR_2 slightly outperforms the Q-T model. Incorporating Day Type (DT) information
substantially improves the performance of MVLR models, particularly for Building B,
where MVLR_1 exhibits limited predictive capability (R? < 0.5) due to high HL variability.
Optimal results for MVLR_2 are achieved with three clusters for Building B and six clusters
for Buildings A and C.

Maximum R2 Value

1.00-

0.75- - =
- Model
. MVLR_1
s - E MVLR 2

Q-T Model
0.25-
0.00-
A B c

Building

Figure 5. Maximum R? values for the three buildings using multi-variable linear regressions.
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Figure 6 presents the computational times for Q-T, MVLR_1, and MVLR_2. All three
buildings exhibit similar trends. The Q-T algorithm requires the highest computational
time, ranging from 1 to 2 min, whereas MVLR _1 incurs negligible computation time. Since
these algorithms do not incorporate DT attribution, their computational times are insen-
sitive to the number of clusters. In contrast, MVLR_2 exhibits intermediate computation
times, increasing with the number of DTs. For the number of DTs yielding optimal pre-
diction, MVLR_2 reduces computational time by approximately 85% relative to the Q-T
algorithm, ranging between 10 s and roughly one-third of the Q-T runtime.

A B &
120-
_ 80
3 Model
2, = MVLR_1
2 w— MVLR™2
i == Q-T Model
40-

//j

34567891 3 45678 91 3 456 7 8 910
Clusters

0.

Figure 6. Computational time required for the linear models in each building.

These results indicate that MVLR_2 maintains predictive accuracy comparable to
the Q-T algorithm while significantly reducing computational cost. A summary of these
findings is provided in Table 3.

Table 3. Comparison between the results obtained with the Q-T algorithm vs. MVLR_2.

MVLR_2 Optimal

T R2 I 2 10 T T : o,
Q-TR-[] Number of Clusters MVLR_2 R* [%] Q-T Time [s] MVLR_2 Time [%]
Building A 0.867 6 —1.98% 123.81 —90.79%
Building B 0.704 3 +3.81% 93.27 —95.50%
Building C 0.811 3 —2.53% 82.97 —86.60%

Based on these results, Section 4.2.2 evaluates the performance of ML models in
comparison to MVLR models.

4.2.2. Performance of ML Models

Figure 7 presents the R? and MAPE values for the RF, SVR, and XGB models in
comparison to the MVLR results. Overall, XGB achieves the highest performance in
terms of both R? and MAPE, consistent with findings reported in the literature. Model
performance generally follows the following order: XGB > SVR > RF > MVLR. In most
cases, incorporating Day Type (DT) attribution enhances predictive accuracy; however, this
effect is not observed for Building B.

For Building B, although MAPE values remain very low (~<0.5%), R? values are only

in the moderate range (0.5-0.7) across all models. In addition, RF models underperform
relative to MVLR for Building C.
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Figure 7. Performance metrics for the different models. R? (Above) and MAPE (Below).

Regarding computational efficiency, XGB and MVLR models consistently require less
than 20 s, whereas RF and SVR exhibit higher and more variable runtimes, ranging from

25 to 125 s. The impact of DT attribution on computation time varies across models and
buildings. For instance, in Building D, DT attribution substantially reduces the computation

time for RF models, whereas SVR models experience an increase in runtime.

Figure 8 illustrates the trade-off between computation time and predictive accuracy

(R?) for the different models.
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Figure 8. Computation Time vs. R? for the three buildings.
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5. Conclusions

This paper presents a multi-step methodology for predicting Heat Loads (HLs) in

buildings, integrating unsupervised and supervised learning techniques:

Unsupervised learning is employed to cluster HL profiles into a set of Day Types (DTs).
Unlike conventional approaches based on the day of the week, this method assigns
DTs based on actual performance, allowing for the better representation of variations
such as bank holidays and seasonal shifts in peak loads.

Supervised learning is applied to attribute DTs to each day using only exogenous
information (e.g., calendar and weather data).

Supervised learning is then used to predict hourly HLs for each building.

The methodology is designed to produce accurate yet compact models, facilitating

scalability to large numbers of buildings. Model performance was evaluated not only in

terms of predictive accuracy but also computational efficiency, using HL data from three

real buildings with distinct load profiles. The Q-T algorithm, previously tested on the

same dataset, was used as a baseline for both accuracy and computation time. Various

supervised learning models were analyzed, and the benefits of incorporating DT attribution

were systematically assessed.

Key findings from the study are summarized as follows:

Prediction accuracy: All models achieve good predictive performance, with MAPE
values below 1.5% across all cases. R? values range from moderate (~0.5-0.7 for
Building B) to good (~0.7-0.85).

The most accurate model varies for each case: In building A, RF, SVR, and XGB perform
comparably and substantially outperform MVLR. For Building C, XGB achieves the
highest accuracy, with SVR and MVLR_2 outperforming RF. And for Building B, all
models except MVLR_1 achieve similar MAPE values; MVLR_1 shows the highest
(but still relatively low) R2.

Computational efficiency: All models exhibit substantially lower computation times
than the Q-T algorithm. Even with the additional DT attribution step, the total com-
putation time remains lower than for Q-T, and the time required for DT classification
can be offset by faster HL models.

Impact of DT attribution on model accuracy: DT attribution improves predictive
accuracy in most cases, with gains ranging from 2% to 50%, without significant
computational overhead. This is particularly noticeable in Buildings B and C when
assessing MVLR and RF (only in Building C).

Impact of DT attribution on model size: DT-based segmentation allows for smaller
models, reducing the number of independent hourly models required. For Buildings
B and C, three DTs are sufficient, halving a model size relative to Q-T. Building A
required six DTs.

Impact of DT attribution on computational efficiency: Passing DT information to
models reduces the need to internally infer occupant behavior, contributing to reduced
computation times—up to 90% faster for MVLR compared to Q-T.

ML model comparison: XGB consistently achieves the highest predictive performance
across all three buildings. MVLR and XGB models maintain computation times below
20 s for all buildings, whereas RF and SVR show higher and more variable runtimes
(25-60 s, up to 120 s for Building C).

Opverall, the multi-step methodology demonstrates strong potential for reducing com-

putation time in HL prediction while maintaining high accuracy, particularly when model

compactness and efficiency are key considerations.
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A key takeover is that building heat loads are heavily related to social behaviors
and that their identification (i.e., DT clustering and attribution) is key in improving load
forecasting capacity, as well as reducing computation time.

Although the detailed interpretability of some of the physical models (i.e., MVLR) is
unclear after DT attribution and the development of specific hourly models, this seems to
be an approach resulting in fast and accurate models.

However, the study does not definitively identify the best-performing model for each
building. Although it seems that XGB models may be a viable option in most cases, this
shall be further investigated.

This work focuses on medium- and large-sized buildings in a cold climate with three
specific usage types. It is anticipated that different building types and sizes under varied
climate conditions will yield different results, warranting further investigation. Particularly,
the following research questions remain for future research:

- In our approach, we have been able to identify different usage patterns (clusters),
but there is still a clearly observable physical significance in energy performance,
associated with a cold climate. To what extent will this be so in milder climates? Is
this approach also possible for buildings with heating and cooling loads?

- The record in our dataset corresponds to actual observations in heat loads and meteo-
rological data. In forecasting applications, it is likely that some deviation between the
predicted and actual climate will result in variations in the actual load. Its impact on
the accuracy of our method is yet to be determined.

- The proposed methods develop a pattern identification and attribution process, based
on the performance for a single year (2019). Can these patterns and their distribution
throughout the year be stable and predictable with the CART approach? This is a
relevant question calling for longitudinal research, even without considering the sharp
behavioral changes in events such as those arising from the COVID crisis in 2020.

- We define DT based on calendar information, where bank holidays are encoded. But
our approach did not explicitly consider behavioral holidays (i.e., periods between a
bank holiday and a weekend). Were these to be considered, it would potentially be a
source for accuracy improvement in the CART process.

- What is the trade-off when defining the optimal number of clusters? We believe
that clustering processes are only reasonable to use if they allow for a reduction in
model size and/or sorting out specific seasonal performance (i.e., spring break), but
any cluster should still be useful in describing a relatively large number of days.
Considering this, the number of clusters should be somewhere between 3 and 10-15,
but this requires further research.
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Nomenclature
Acronyms
ARX Auto-Regressive models with eXogenous

ASHRAE  American Society of Heating, Refrigerating, and Air-Conditioning Engineers
DBSCAN  Density-Based Spatial Clustering of Applications with Noise

DT Day type

DHN District-Heating Network

DHW Domestic Hot Water

EC European Commission

ES Energy Signature

EU European Union

HDD Heating Degree Day

HL Heat Load

HVAC Heating Ventilation and Air Conditioning
kNN k-Nearest Neighborhood

MAPE Mean Absolute Percentage Error

ML Machine Learning

MVLR Multi Variate Linear Regression

NN Neural Network

PRISM PRInceton Scorekeeping Method

Q-T So-called Q-T algorithm in [8]

RES Renewable Energy Sources

RF Random Forest

SARIMA Seasonal Autoregressive Integrated Moving Average
SH Space Heating

SVR Support Vector Regressor

XGB Extreme Gradient Boosting

Symbols

Gr Solar Radiation [W/m?2]

MAPE Mean Absolute Percentage Error [%]

n Number of observations [-]

R2 Coefficient of Determination [-]

Tour Outdoor temperature [°C]

Y Predicted Heat Load [kWh] or heat load vector
Y Known Heat Load [kWh] or heat load vector
U Load Mean Value [kWh]
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