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Abstract

Accurate device-level forecasting of residential heat pump power consumption is a key enabler for advanced Prosumer energy
management, yet forecasting performance is often limited by user-driven variability and incomplete measurement data. This
work examines day-ahead forecasting of individual air-source heat pumps at 15-minute resolution using a large field dataset from
308 devices, combining lagged load, weather, and calendar features. A globally trained XGB model, locally trained XGB and
Transformer models, and benchmark methods (linear regression and 24 h persistence) are comparatively evaluated with respect
to R2, normalized RMSE, and a peak error metric. Results reveal pronounced performance heterogeneity across devices, with
the global XGB model achieving R2 > 0.8 and nRMSE < 0.05 for series with regular daily peaks, but negative R2 and large
peak errors for highly irregular time series. Transformers do not consistently outperform XGB and tend to overfit to noisy data
despite considerable model capacity and training effort. Feature ablation experiments identify lagged load values as the dominant
predictors and indicate that temperature and periodic features alone yield poor forecasts. Generalization analyses show that
models trained on time series with consistent patterns transfer reasonably well to unseen, regular time series, whereas models
calibrated on irregular time series generalize poorly and are sometimes inferior to persistence, highlighting the central role of the
intrinsic load structure in forecastability. The findings underscore that, in the studied setting, robust, computationally efficient
tree-based ensembles remain competitive with deep learning methods.

1 Introduction

1.1 Motivation

To meet the targets set by the German federal government,
greenhouse gas emissions in the building sector must be dras-
tically reduced in the coming years [1]. One way to achieve
this goal is to widely install heat pumps (HPs) for space heat-
ing and domestic hot water supply. During periods of high
heat demand, photovoltaic (PV) generation in Germany and at
comparable latitudes is comparatively low [2]. Nevertheless,
accurate HP load forecasting supports the efficient utilization
of PV energy and, importantly, helps to avoid overloading the
grid connection point [3]. In particular, day-ahead forecasts
with 15 min resolution provide the temporal detail required
to anticipate load peaks and align HP operation with on-site
PV production and tariff signals. Such forecasts form a key
input to advanced residential energy management systems,
which rely on them to coordinate flexible demand, enhance PV
self-consumption, and maintain local grid stability [3, 4].

1.2 Contribution

This work addresses day-ahead forecasting of residential
Prosumer-level air-source heat pumps’ (ASHPs) electricity
demand at 15-min resolution, where user-driven variability
strongly affects load profiles and complicates data-driven mod-
eling. The study focuses on forecasting electrical demand using

publicly available datasets and compares Transformer-based
sequence models with eXtreme Gradient Boosting (XGB) in
a high-resolution, day-ahead setting. Due to the strong influ-
ence of individual load patterns, the time series are classified
into irregular and regular consumption types, and the impact of
these types on forecasting accuracy is systematically analyzed.
The chosen forecast horizon and 15-min resolution mirror typ-
ical requirements of residential energy management systems,
enabling direct use of the forecasts for operational scheduling
of HPs and PV-coupled Prosumer systems.

1.3 Paper Structure

The paper is structured as follows: Section 2 describes the
related work. Section 3 describes the literature-based selection
of the applied forecasting architecture. Section 4 describes the
input data, its preprocessing, and the feature selection, as well
as the implementation of the forecasting models. Section 5 ana-
lyzes the forecast accuracy. Section 6 discusses the limitations
encountered and suggests possibilities for future work. Sec-
tion 7 summarizes the essential findings and conclusions drawn
from the research.

2 Related Work

Research on forecasting the electrical load of heat pumps spans
a range of building types, system configurations, and model-
ing objectives. Several studies have analyzed ground-source or
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air-to-water heat pumps in non-residential buildings such as
laboratories [5], office buildings [6], or university facilities [7],
often with the primary goal of evaluating control strategies or
assessing system efficiency rather than providing operational
day-ahead forecasts for Prosumer-level energy management.
The work of Song [4] benefits from detailed sensor networks
and access to internal system states, leading to high predic-
tive performance but limiting their applicability to less-detailed
residential environments.

Within the residential domain, research has increasingly
examined aggregated electricity demand from heat pumps in
multi-family houses [8] or at the energy community scale [9].
Semmelmann et al. [9] study day-ahead forecasting of aggre-
gated heat pump and household loads using Random Forest
(RF), XGB, Long Short-Term Memory (LSTM), and Trans-
former models and report that tree-based models perform best
for household demand, while the Transformer model yields the
lowest errors for aggregated heat pump loads. Other recent
contributions propose hybrid or physics-informed models to
estimate heat pump electricity load profiles [5, 10], generally
focusing on aggregated behaviour [8, 9] and on quantifying the
grid impacts of large-scale heat pump deployment [4, 11].

By contrast, there are comparatively few works on fore-
casting individual device-level electrical loads, despite their
relevance for fine-grained demand response and appliance-
level control. Appliance-level studies, such as those by Ji
et al. [12] and Razghandi et al. [13], propose probabilistic
models and deep learning architectures for forecasting the
loads of individual household appliances, showing that device-
specific consumption is highly influenced by user behaviour
and exhibits considerable uncertainty [14, 15]. These findings
support the observation that forecasting individual devices,
including residential heat pumps, is more challenging than
forecasting aggregated loads because of the dominance of
idiosyncratic usage patterns.

To the current knowledge, no prior work has systematically
investigated day-ahead forecasting of the electrical demand of
individual residential heat pumps in single- and two-family
homes using high-resolution (15 min) data, and directly com-
paring state-of-the-art tree-based methods and Transformer
architectures [5, 9]. Existing studies either operate at higher
aggregation levels, rely on additional system measurements
that are rarely available in typical Prosumer settings, or pur-
sue different objectives such as estimating heat demand rather
than electrical load [8, 9]. The present work addresses this gap
by focusing on individual residential HPs with limited mea-
surement infrastructure and by explicitly evaluating XGB and
Transformer on Prosumer-level field data, identifying forecast-
ing constraints [9, 13, 14].

3 Selection of the Forecasting Method

In recent years, several literature reviews have provided
structured overviews of state-of-the-art load forecasting tech-
niques, including statistical, machine-learning, and deep-
learning approaches [16–19, 47]. One common way to cat-
egorize forecasting methods is to distinguish between linear

models and machine learning models [16], with deep learn-
ing forming a subfield of the latter [18]. Across these reviews,
frequently used methods include linear regression, AutoRe-
gressive (Integrated) Moving Average (ARMA/ARIMA), k-
nearest neighbours (KNN), support vector machines (SVM),
tree-based ensemble models such as RF and Gradient Boosted
Trees, as well as a wide range of Artificial Neural Network
(ANN) architectures, including FeedForward ANN (FFANN),
Recurrent NN (RNN), LSTM, Convolutional NN (CNNs),
and Transformer-based models. In recent years, deep-learning
models have emerged as the most prominent techniques for
short-term load forecasting, particularly when rich feature sets
and large datasets are available [18].

However, deep learning methods are not universally appli-
cable to all load forecasting problems. The suitability of a
specific model family depends on application-specific factors
such as data availability and quality, the temporal resolu-
tion and forecast horizon, the degree of nonlinearity in the
underlying process, and the required level of interpretability
[14]. Building-level and device-level loads often exhibit highly
heterogeneous consumption patterns, implying that no single
model class is appropriate for every use case. Moreover, the
availability of explanatory variables (e.g., weather, occupancy,
operational signals) and the granularity of metering strongly
influence model choice and feature engineering requirements
[21]. Consequently, recent reviews recommend selecting fore-
casting methods with respect to the forecasting task and its
constraints in mind rather than applying deep learning models
by default [21].

Traditional linear methods, such as linear regression (Lin-
Reg) and time-series models like ARMA and ARIMA,
achieved early successes in load forecasting and remain widely
used as reference, baseline, or benchmark models due to their
simple architecture and good interpretability [14, 18, 22].
These models are computationally efficient and can perform
competitively in settings with limited data, or where the load
dynamics are approximately linear [47]. Nonetheless, their
ability to capture complex, nonlinear interactions and long-
range temporal dependencies is limited compared to more
flexible machine learning approaches.

Among machine learning methods, KNN, SVM, and tree-
based ensembles are popular choices for load forecasting,
particularly when the problem can be formulated in a tabu-
lar feature space [14, 18]. Tree-based models such as RF and
XGB are especially attractive due to their robustness to het-
erogeneous features, high computational efficiency, and strong
predictive performance with relatively modest tuning effort
[23]. These models have been successfully applied in numer-
ous load forecasting studies at the household, building, and
community levels and often serve as strong benchmarks against
which more complex deep learning models are evaluated.

ANNs, inspired by biological neurons, process informa-
tion through multiple layers of interconnected nodes, where
the layer configuration determines the network architecture
[16]. Popular ANN types in load forecasting include FFANNs,
RNNs, LSTMs, and Gated Recurrent Units (GRUs) [16, 18],
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which are particularly suited to capturing nonlinear relation-
ships and temporal dependencies in energy time series [13, 21].
More recently, Transformer-based models have gained atten-
tion for time series forecasting. The Transformer architecture
was first introduced in 2017 by [24] and has quickly become
the most successful deep learning approach for natural lan-
guage processing and computer vision [25]. In recent years,
several variants of the original Transformer architecture have
been developed for time series forecasting [10]. Transform-
ers are gaining popularity in time series analysis due to their
advantages over RNN-based models for sequence processing
[25], further motivating their consideration alongside strong
tree-based architectures such as XGB in this work.

4 Forecast of Electrical Load of Individual
Heatpumps

A critical aspect of time series forecasting lies in the selec-
tion and preparation of the data used for model training. In the
following, the data sources utilized in this study and the pro-
cedures for data preparation and cleaning will be presented.
Subsequently, the feature preparation and selection process is
described. Finally, the chosen models are introduced, and the
training process is presented.

4.1 Data Selection and Preprocessing

As simulation data represent real-world conditions only to a
limited extent [4], this work uses field data from the Electrifica-
tion of Heat Demonstration Project [26]. The dataset comprises
measurements from 306 ASHPs installed in residential build-
ings in the UK. The systems’ rated power ranges from 5.0 to
16 kW and were monitored from January 2021 to September
2023. In addition, data from two ASHPs installed in single-
family houses in Konstanz, Germany, are included. These data
are obtained from the Household Data dataset provided by
Open Power System Data [28] and cover a measurement period
from May 2015 to March 2017. Overall, the available time
series range from a few months to 32 months, with most span-
ning more than 2 years. For further processing, timestamps,
accumulated electrical energy consumption (kWh), and out-
door air temperature (where available) are used. Electrical
energy consumption is converted into load values (kW) and
aggregated to 15-minute averages. During data preprocessing,
missing values are linearly interpolated, and extreme outliers,
caused by measurement errors that occur after time jumps in
the measurement log, as well as time series segments with more
than 3 consecutive missing measurements, are removed.

The data analysis comprises visual inspection, autocorrela-
tion function (ACF) analysis, partial autocorrelation function
(PACF) analysis, and frequency spectrum analysis. In general,
the load time series of individual ASHPs do not exhibit a uni-
form or consistent pattern. This variability can be attributed
to the wide range of application contexts and user behaviors
under which heat pumps operate in real-world conditions, con-
sistent with findings reported in the literature [15]. All load
time series exhibit varying degrees of correlation between

the load and its lagged values, as well as differing strengths
of periodic behavior. The analysis further indicates that heat
pumps operate in three distinct states [12], frequently switch-
ing between standby, medium, and high-load states. Medium
load levels occur predominantly during the heating season.
Load peaks of consistent magnitude are observed throughout
the year, suggesting that medium load levels are primarily asso-
ciated with space heating, while higher peak loads are likely
related to domestic hot water production. However, due to the
lack of detailed information on individual usage patterns, these
interpretations cannot be conclusively validated.

4.2 Feature Engineering

To improve forecasting accuracy and to support the model
in identifying patterns, additional features are added to the
dataset [14, 18]. Typical features for short-term load forecast-
ing (STLF) in the residential sector include weather data [32],
building characteristics [39], occupancy patterns [40], calendar
variables [41], historical load values [14], and cyclic calendar
characteristics [47]. To reduce model complexity, only impor-
tant features are used in the final forecast model [42]. To iden-
tify the most relevant features, a two-stage process is designed,
following the approach proposed by [9]. This process involves
collecting relevant features and selecting the most important
ones using a random forest–based feature-importance analysis
and Spearman correlation. The Spearman coefficient measures
the monotonic relationship between two variables by calcu-
lating the linear correlation between their ranks. Based on a
ranking of the results, features with sufficiently strong corre-
lations are identified [43]. The Random Forest algorithm is
an ensemble method for identifying related variables and cap-
turing complex interactions [42]. It provides a ranking that
indicates the percentage contribution of each feature to improv-
ing the forecast [44]. Irrelevant features are excluded from the
final forecasting model.

Additional weather data (relative humidity, wind speed,
direct and diffuse solar radiation, and, where missing, outdoor
air temperature) are added to the dataset using the Historical
Weather API provided by Open-Meteo [29] and by matching
the heat pump to its corresponding postal code coordinates. To
represent periodic patterns [45], various cyclical variables are
generated using sine and cosine functions [9]. Working days,
weekdays, season, and year labels are included using integer
values (one-hot encoding) [46]. Past load values (lagged val-
ues) ranging from 24 hours to 7 days are added. To account for
the building’s thermal inertia, delayed temperature values are
incorporated [45, 47]. Finally, the heat pumps’ rated power of
the respective time series is included as additional information
in the dataset, and added to the feature set.

To simplify model design, no adaptations have been made
for forecasting different ASHP load profiles. The final feature
set includes only features with Spearman correlation coeffi-
cients greater than 0.1 [43] and those that rank in the top 10 in
at least 50 percent of the data series according to the Random
Forest analysis. Heat pump rated power, as well as the sine and
cosine of the time of day, are manually added to the feature set.
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The final feature set consists of the following features: average
load of the previous day, outdoor temperature, average load at
the same time step over the past seven days, lagged tempera-
ture (48 h), rolling average temperature (6 h, 12 h, 24 h, 48 h),
past load values (24 h, 7 d), relative humidity, sine and cosine
of the day, and heat pump size.

4.3 Model Training

4.3.1 XGB: XGB, introduced by [23], is an ensemble learning
technique that is based on the Gradient Boosting Regres-
sion Tree (GBRT) algorithm. In contrast to classical GBTR
algorithms, XGB features mathematical and technical improve-
ments, as well as parallel data processing. Due to its high
computational efficiency and ability to handle tabular and mul-
tivariate data, XGB is one of the most popular methods for load
forecasting [18]. The GBRT algorithm sequentially constructs
decision trees, splitting the input data at each step based on dif-
ferent features. During prediction, the algorithm searches for
the split that represents the best forecast. Each tree corrects the
errors of its predecessor, and the final prediction is obtained
by summing the weighted predictions of the individual trees.
The XGB model is implemented using the open-source Python
library XGB. Hyperparameters are optimized, while the selec-
tion of hyperparameters is based on comparable literature
[4, 9, 32]. Hyperparameter tuning is performed using Random-
izedSearchCV from the Python library scikit-learn [4]. Early
stopping is enabled using the root mean squared error (RMSE).
The standard error metric, mean squared error (MSE), provided
by the Python library is used for model training and to trigger
early stopping during validation.

4.3.2 Transformer: As noted in 3, time series forecasting using
the Transformer architecture has received attention in the lit-
erature. Transformer models process entire data sequences
in parallel, in contrast to RNN-based models, which handle
sequential data step by step [31]. In particular, their ability to
attend to all elements of a sequence enables Transformer mod-
els to capture long-term dependencies and complex patterns in
sequential data, thereby improving generalization performance
[34]. The core principle underlying Transformer models is the
attention mechanism, which enables the model to focus on the
most relevant parts of a sequence, weigh information by its
importance, and learn relationships across long time periods
[14]. As a result, Transformers can effectively capture long-
range dependencies and leverage information from distant time
steps, leading to more robust and flexible predictions.

The model is implemented as a sequence-to-sequence Trans-
former with an encoder–decoder architecture. The encoder pro-
cesses load data from the preceding seven days as input to learn
temporal dependencies relevant to the target variable, electri-
cal power. The decoder uses auxiliary input features alongside
information from the encoder to generate forecasts. Using a
seven-day input window, the model predicts the load for the
next 24 hours in a single forecasting step (one-step prediction)
[18]. Only sequences that are free of temporal discontinuities

caused by missing load values are processed. The implementa-
tion is based on the PyTorch machine learning framework. Prior
to training, input features are scaled using a Robust Scaler to
mitigate the influence of extreme values. Model performance
is evaluated using the Huber loss. The ASHP load time series
often exhibit a strong imbalance between very large values
(peaks) and much smaller baseline values. The Huber loss is
well-suited for this scenario because it combines the advan-
tages of mean absolute error (MAE) and mean squared error
(MSE). It penalizes small errors quadratically and large errors
linearly, making it less sensitive to outliers while still account-
ing for deviations across the entire value range [38]. During
training, validation, and prediction, only sequences without
time gaps are used.

4.4 Benchmark Model

To evaluate the performance of the introduced machine learn-
ing models, multiple linear regression and simple daily persis-
tence serve as benchmarks. Forecasting models whose accu-
racy is lower than the benchmark model are considered to have
poor performance [14, 48]. Linear regression models define a
direct relationship between the forecast value and the histori-
cal values, assuming a linear dependency [16]. A persistence
model assumes that the value of the target variable at time step
ti is equal to the value of the target variable at time step ti−1.
Persistence methods are suitable when the data exhibit a strong
single autocorrelation in lagged values [18].

The linear regression model generates a one-step forecast for
the next 24 hours, while the persistence model simply uses the
load value from 24 hours earlier. For linear regression, the Lin-
earRegression module from the Python library scikit-learn is
used.

4.5 Metrics

Given the wide range of ASHP load values, commonly used
interpretable evaluation metrics are employed to compare
results. These include the coefficient of determination (R2), the
normalized RMSE (nRMSE), and a peak error metric that
sums up not predicted peak loads [49]. In addition, the fore-
casted load profiles are visually compared. R2 indicates how
superior the model performs compared to a baseline prediction
using the mean of the target variable. Higher R2 values indi-
cate better predictive performance, with R2 = 1 corresponding
to a perfect agreement between predictions and observations.
Negative R2 values imply that the model performs worse than
the mean-based baseline. However, R2 should be interpreted
with caution, as it may yield deceptively positive values when
predictions happen to align closely with the target values by
chance or when overfitting causes the model to reproduce the
training data well without capturing true underlying patterns
[4, 16]. nRMSE is particularly suitable for comparisons at
low energy consumption levels, as it is sensitive to errors in
small value ranges. For normalization, the value range is used
as the scaling factor [41].
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4.6 Implementation

Each ASHP time series is split into training, validation, and
test sets in a 70:10:20 ratio. Initially, a global XGB model is
trained on the entire dataset, meaning that one single model
processes multiple load time series simultaneously [10, 14].
In contrast, a local XGB model processes a single time series,
so forecasting n load series requires training n separate mod-
els. Hyperparameters of the global XGB model are optimized
by evaluating 300 random parameter combinations on the test
set, with each combination undergoing cross-validation on the
validation set. The selection of hyperparameters is based on
[9], [4], and [32]. Further trials are performed using a local
approach on selected ASHP datasets. The employed hyper-
parameter sets for each model are provided in Tables via
Zenodo https://doi.org/10.5281/zenodo.18369208.

The Transformer model is implemented exclusively as a
local model, since a global approach would entail prohibitive
computational cost for this load forecasting task. Initially, a
simple model architecture with uniform hyperparameters is
applied and trained sequentially on each ASHP time series.
In subsequent experiments, individual time series are analyzed
using optimized hyperparameters.

The machine learning models are trained on an NVIDIA
RTX 4000 Ada Generation GPU, while the linear model is
trained on the CPU.

5 Forecast assessment

The study compares a globally trained XGB model with locally
trained XGB models for selected time series and locally trained
Transformer models, using linear regression and persistence as
benchmark methods.

5.1 XGB

For the global XGB model with optimized hyperparameters,
trained on the entire training set, the distributions of R2 and
nRMSE across all series are approximately unimodal, as
shown in Figure 1. Most devices cluster around R2 ≈ 0.15,
with nRMSE values predominantly between 0.06 and 0.15;
only a subset of series with regular, high-amplitude peaks
achieves R2 values above 0.7. In addition, Figure 2 shows the
monthly distribution of the R2 and nRMSE metrics for com-
parison with the Transformer model. Detailed inspection of
individual forecasts demonstrates that the model can success-
fully capture daily peaks when they occur at nearly fixed times
(e.g., around 01:30 in EOH2722), whereas it largely reverts to
a smoothed baseline for devices with irregular or user-driven
operation (e.g., in KN4), shown in Figure 3.

Local XGB models are trained on three representative series
with high, medium, and low predictability to assess whether
device-level specialization can substantially improve perfor-
mance. The results indicate that local models yield only modest
gains: for EOH2504 (time series with a consistent pattern),
R2 increases from 0.801 to 0.836 and nRMSE decreases
from 0.046 to 0.042, while improvements for the other series
remain below four percent. At the same time, the cumulative

0.2 0.0 0.2 0.4 0.6 0.8
Value

0

20

A
m

ou
nt

R² | XGB

0.05 0.10 0.15 0.20 0.25 0.30
Value

0

20

40

A
m

ou
nt

nRMSE | XGB

Fig. 1 Comparison of R² and nRMSE for the global XGB
Model

optimization time for local models across all devices would
significantly exceed that of the global approach. Consequently,
the global XGB model appears preferable from a computa-
tional efficiency perspective, unless the heterogeneity of the
load profiles is exceptionally high.

5.2 Transformer

A simple Transformer architecture with low model complexity
is trained sequentially for all series, requiring roughly 22 hours
of total training time, which precludes comprehensive hyper-
parameter tuning across all devices. The resulting R2 values,
shown in Figure 2, display a wide spread: some series achieve
monthly R2 values close to 1, while others fall clearly below
the performance of the global XGB model, with overall higher
variance in both R2 and nRMSE. Across the device pop-
ulation, some time series exhibit pronounced, quasi-periodic
daily peaks, while others are characterized by irregular, noise-
dominated patterns with sparse or non-recurrent peaks. When
evaluating all models and metrics jointly, this heterogeneity
results in substantial variability in forecasting performance,
with R2 values ranging from clearly negative to above 0.8,
depending on the underlying load pattern.

To quantify the effect of model complexity, a targeted hyper-
parameter optimization with Optuna is conducted for three
selected series. The search explores a broad range of archi-
tectural parameters over 75 trials, each trained for up to five
epochs with early stopping. The optimized models are consis-
tently more complex than the simple Transformer, yet the per-
formance gains remain marginal. For EOH2504, R2 improves
only from 0.79 to 0.80 and nRMSE from 0.068 to 0.066;
for the highly noisy series EOH0793, neither R2 nor nRMSE
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Fig. 2 Monthly comparison of the metric R2 and nRMSE between the global XGB model (on top) and the Transformer models
(on the bottom)

improves substantially. Interestingly, the most complex Trans-
former configurations are obtained for the most irregular series,
yet forecast quality remains low, suggesting that the additional
model capacity is used mainly to fit noise rather than to uncover
stable patterns. This is further supported by the observation
that the loss curves reveal that the best validation performance
is already reached after the first epoch, followed by a slight
increase in validation loss, indicating a strong tendency to
overfit limited and noisy structure.

5.3 Model Comparison

A direct comparison of the machine learning models on two
relatively consistent series (EOH1700 and EOH2504) shows
that XGB and the Transformer clearly outperform persis-
tence and linear regression, while XGB systematically yields
slightly better R2 and nRMSE than the Transformer. The
results are provided in Table 1. For EOH1700, XGB achieves
R2 = 0.81 and nRMSE = 0.064 compared to R2 = 0.80 and
nRMSE = 0.066 for the Transformer; for EOH2504, XGB
reaches R2 = 0.838 and nRMSE = 0.041, while the Trans-
former achieves R2 = 0.775 and nRMSE = 0.048. The peak
errors (PeakE) are substantially lower for both machine learn-
ing models than for the benchmark methods, especially for
series with stable daily patterns.

5.4 Feature Importance

Feature sensitivity analyses confirm that lagged load values are
the dominant predictors for both XGB and the Transformer.
For EOH2504, removing past load values from the feature set
reduces R2 to approximately −0.03 for both models, whereas
removing temperature or cyclic time-of-day features has only

Table 1 Comparison of forecasting methods via different error
metrics

Model R2 nRMSE PeakE

EOH1700

Lin. Regression 0.74 0.075 798.16 kW
Transformer 0.80 0.066 713.90 kW
XGB 0.81 0.064 777.52 kW
Persistenz 0.55 0.099 917.87 kW

EOH2504

Lin. Regression 0.408 0.078 358.10 kW
Transformer 0.775 0.048 293.25 kW
XGB 0.838 0.041 246.08 kW
Persistence 0.587 0.078 358.10 kW
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Fig. 3 True and forecasted values for selected time series in
summer on top and winter at the bottom

minor effects on R2. In contrast, models trained only on tem-
perature or only on periodic features perform poorly and fail to
capture peaks, supporting the conclusion that these models pri-
marily extrapolate recent load patterns and exploit only limited
periodic structure.

5.5 Generalization Analysis

Generalization experiments on an unseen, yet structurally sim-
ilar series (EOH2722) highlight the dependence of model
performance on the regularity of the training data. The results

Table 2 Forecasting unknown time series

Metric Transf. XGB LinReg Persist.

R2 Consist. 0.428 0.434 0.398 0.235
R2 Inconsist. 0.038 0.164 0.213 0.235

nRMSE Consist. 0.092 0.091 0.095 0.107
nRMSE Inconsist. 0.119 0.111 0.108 0.107

PeakE Consist. 14,2k 11,4k 11,6k 10,4k
PeakE Inconsist. 12,2k 14,0k 13,0k 10,4k
Unit Peak-Error in MW (k = 1000)

are provided in Table 2. Models trained on a consistent
series (EOH2504) achieve R2 ≈ 0.43 and nRMSE ≈ 0.09
on EOH2722 and accurately reproduce regular peaks in both
summer and winter, while sporadic peaks remain largely
undetected. In contrast, models trained on an irregular series
(EOH0793) yield considerably lower R2 and higher nRMSE
on EOH2722, and in some cases are outperformed by the per-
sistence baseline. This is supported by the visualization of a
winter and summer week in Figure 4.

5.6 Aggregation Analysis

In an aggregated setting, the average load of the UK time
series is used for model training to reduce the impact of data
gaps, rather than the aggregated load. The Transformer model
slightly outperforms XGB in R2 and nRMSE, while XGB
has shorter training times and lower complexity. Linear regres-
sion performs worst, especially in summer, underscoring the
importance of nonlinear modeling for aggregated yet behavior-
influenced loads. Overall, the results are consistent with the
well-known aggregation effect: as individual fluctuations aver-
age out, the load becomes more predictable, and advanced
models can exploit more stable relationships between features
and the target.

6 Limitations and Future Work

A central limitation of the study is the restriction to a spe-
cific combination of hardware, climate, and usage context,
namely residential air-source heat pumps in the UK and south-
ern Germany, which may not be representative for other
regions, building typologies, or system configurations such as
hybrid or ground-source systems. Moreover, the dataset lacks
detailed operational and behavioral information (e.g., thermo-
stat settings, occupancy schedules, or hot-water demands), so
the models must infer complex control and user interactions
solely from historical power and basic weather data. This
missing information contributes to weak performance on irreg-
ular devices, whereas it could be made available in energy
management systems in the future.

In addition, while the XGB model was extensively optimized
and trained on the entire training dataset, the Transformer
was only trained and coarsely optimized on one profile at
a time due to computational constraints. This implies possi-
ble performance gains for the Transformer architecture under
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Fig. 4. Comparison of forecasting unknown consistent time series [EOH2722] on consistent trained data [EOH2504]

the same conditions. Finally, the study considers a single-day
forecast horizon with fixed 15-minute resolution and does not
explore multi-horizon or multi-scale formulations that may
better match certain operational use cases.

Future work should therefore extend the analysis in several
directions. First, incorporating richer contextual information,
such as indoor temperatures, occupancy proxies, tariff signals,
or hot water demand indicators, may enable models to sepa-
rate user behaviour from building and system dynamics and
improve forecasts, particularly for irregular devices. Second,
hierarchical and transfer learning approaches that leverage sim-
ilarities across devices (e.g., by clustering heat pumps by usage
archetypes and training shared models with device-specific
adaptations) could mitigate data sparsity and improve gen-
eralization to new installations. Finally, future work should
explicitly link forecast performance to downstream control per-
formance in realistic energy management simulations, thereby
quantifying the operational value of improved forecasts at both
device and aggregated levels.

7 Conclusion

The empirical analysis demonstrates that device-level day-
ahead forecasting of residential ASHP load at 15-minute res-
olution is fundamentally constrained by the underlying hetero-
geneity of load profiles and user-driven operation. While both
XGB and Transformer models outperform linear regression
and persistence for devices with stable, quasi-periodic load pat-
terns, XGB consistently achieves slightly higher R2 and lower
nRMSE at substantially lower computational cost, making it
a practical choice for large device populations. For irregular,
behavior-dominated time series, however, all considered meth-
ods deliver modest accuracy and often fail to capture sporadic

peaks, indicating that model class alone cannot compensate for
low intrinsic predictability.

Feature importance and ablation analyses show that recent
load history is the key driver of forecast accuracy, while
exogenous factors such as temperature and cyclic calendar
variables mainly provide incremental refinements and cannot
compensate for missing behavioural information. Generaliza-
tion experiments further indicate that models tend to inherit
the structural properties of their training series, which lim-
its the transferability of models trained on noisy loads and
underscores the importance of carefully selecting training data
for deployment in new devices. From a system perspective,
these findings suggest that while device-level forecasts can sup-
port Prosumer energy management for a subset of heat pumps
under regular operation, aggregated forecasting at the building,
cluster, or community scale provides more reliable and robust
inputs for assessing grid impacts and exploiting flexibility in
highly electrified residential sectors.
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