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Abstract

As the electrification of heating accelerates, accurate and scalable
probabilistic forecasting of heat pump loads becomes increasingly
important for grid operators, utilities, and other practitioners. While
state-of-the-art methods such as quantile gradient boosting offer
high forecast accuracy, they are often computationally intensive
and difficult to scale for large datasets. To address this challenge,
we propose a Kernel Density Estimation (KDE)-based approach
for probabilistic load forecasting in households with heat pumps.
Using real-world data from 1,193 Swiss households, we benchmark
KDE against quantile gradient boosting regarding forecast accu-
racy—measured via pinball loss—and computational efficiency. Our
results show that KDE performs slightly better in 8 out of 9 quan-
tiles while reducing training time by 3500x, though at the cost of
higher inference time due to its sampling-based quantile estimation.
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1 Introduction

To reduce carbon emissions, policymakers worldwide are promot-
ing a transition from fossil fuel-based to electricity-based heating
systems [5]. Heat pumps represent a mature and efficient technol-
ogy for achieving this electrification of heating.

The transition from gas boilers to heat pumps imposes a substan-
tial additional load on electricity grids [17]. It is therefore essential
to provide policymakers, grid operators, and utility companies with
robust tools to accurately model future electricity demand from
households equipped with heat pumps. While earlier research has
predominantly focused on point forecasts of electricity load, there
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has been a growing recognition of the importance of probabilis-
tic forecasting in recent years [10]. Probabilistic forecasting aims
to estimate future electricity loads across a range of probability
levels—such as specific quantiles—thereby capturing the inherent
uncertainty in demand more comprehensively than traditional point
forecasts.

Probabilistic forecasts have become essential tools in modern
power systems, enabling more robust decision-making for grid con-
gestion management, unit commitment, and extreme weather risk
mitigation [7]. Common approaches to probabilistic load forecast-
ing include quantile regression methods [10], gradient boosting
techniques [13], and neural networks [18]. While these methods
have demonstrated strong predictive performance, they often entail
high computational costs, particularly when applied to datasets
with large sample sizes [12, 19]. As an alternative method, Kernel
Density Estimation-based approaches (KDE) have attracted increas-
ing interest. These methods aim to estimate Gaussian kernels from
training data and subsequently generate samples from the estimated
distribution to construct quantile forecasts [1].

Although KDE has been applied in load forecasting contexts,
existing studies have primarily focused on conventional household
electricity consumption and have neither specifically examined
the computational efficiency of such methods, nor investigated
their performance with respect to heat pump-related data [1, 6].
Hence, in this study, we evaluate both the predictive performance
and computational costs of a KDE-based approach for probabilistic
load forecasting in households equipped with heat pumps. Our
analysis draws on a novel, large-scale dataset comprising 1,193
Swiss households with heat pumps, monitored over a period of 1,576
days. The approach is benchmarked against a Gradient Boosting
Quantile Regression.

The remainder of the study is structured as follows. In Section 2,
the applied methodology, benchmarked approach and evaluation
metric is presented. In Section 3, the applied data is described.
Finally, 4 presents the results, discusses its implications and sheds
light on promising research avenues, while Section 6 concludes the

paper.

2 Methodology

The following methodology section is divided into three parts. First,
the suggested KDE-based algorithm to forecast individual loads
of households with heat pumps is described. Second, the quantile
gradient boosting method is briefly introduced as the benchmarking
method. Third, the evaluation metric is presented.

Kernel Density Estimation: The goal of kernel density estima-
tion is to construct a nonparametric estimate of the density func-
tion f based on a set of observations, which, in our case, are hourly


https://orcid.org/0000-0001-6735-9518
https://orcid.org/0009-0007-7319-1142
https://doi.org/10.1145/3679240.3734640
https://doi.org/10.1145/3679240.3734640
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3679240.3734640

E-ENERGY ’25, June 17-20, 2025, Rotterdam, Netherlands

household energy consumption measurements (Y1, Ys,..., YN,
where N is the number of observations) [1]. The resulting esti-
mator is given by:

N
F@) =D K, (Ya—y), )
t=1

where f(y) denotes the estimated density at point y, Kh, ()=
K(-/hy)/hy represents the kernel function scaled by the bandwidth
hy, and hy is the bandwidth parameter controlling the smoothness
of the estimate. The kernel function K acts as a localized weight-
ing function, assigning higher weights to observations closer to
y and lower weights to those farther away, with the bandwidth
determining the rate at which this influence decays. We employ
a Gaussian kernel for the density estimation and determine the
bandwidth based on preliminary experiments at 0.1. While alterna-
tive kernels, such as the Epanechnikov kernel [8], and established
bandwidth selection methods, such as Silverman’s rule of thumb
[9], are available, initial experimental evaluations indicated that
these alternatives resulted in inferior performance.

Each observation from the underlying dataset can be represented
as a tuple (Yy, T,,), where Y, denotes the household energy con-
sumption and T, the corresponding temperature measurement at
observation n. We discretize the temperature space into 1°C in-
tervals and construct a separate kernel density estimate fb (y) for
each temperature bucket b. Each fh(y) is estimated using only the
subset of observations for which the temperature falls within the
corresponding bucket. To ensure statistical robustness and reduce
noise, we consider only those buckets that contain at least 1,000
observations. We construct temperature-dependent buckets due
to the strong correlation between heat pump loads and ambient
temperature [15], whereas the remaining household load is treated
stochastically. While both heat pump and household loads can ex-
hibit temporal patterns—such as peak consumption in the morning
and evening—these effects could be addressed by introducing time-
dependent buckets as well. However, for the sake of conciseness,
we leave this extension to future work.

To infer a probabilistic quantile load forecast, we consider a
set of forecasted temperatures {Tl, fz, e, fm}. For each forecasted
temperature T;, we identify the corresponding temperature bucket
b; and draw S samples from the associated kernel density estimate.
These samples form the basis for estimating quantiles of the house-
hold load distribution conditioned on the forecasted temperatures.

Quantile Gradient Boosting: The previously introduced KDE
approach is benchmarked against a Gradient Boosting-based
method, which is commonly used in the literature as a baseline due
to its robustness, reproducibility, and performance [21]. Gradient
Boosting Trees can be extended to probabilistic forecasting by train-
ing separate models to predict conditional quantiles of the target
variable [4, 13]. Instead of minimizing the mean squared error, the
model is trained with a quantile loss function that targets specific
quantile levels. This approach allows us to generate prediction in-
tervals and express uncertainty directly . We note that a standard

'We  follow  the implementation  provided by  scikit-learn’s
GradientBoostingRegressor, which supports quantile regression na-
tively: https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
GradientBoostingRegressor.html
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quantile regression approach was also considered during initial
experiments. However, due to its prohibitively high runtime on the
large underlying dataset, we limit our benchmarking to Quantile
Gradient Boosting.

For both the kernel density estimation and quantile gradient
boosting approaches, the input observations from each household
are individually normalized to the [0,1] range using min-max scal-
ing, where the maximum value (i.e., the household’s peak load)
serves as the scaling reference. After model training and inference,
the outputs are rescaled accordingly using the same household-
specific peak load. This normalization strategy enables the appli-
cation of the forecasting models to previously unseen households,
provided that information on heat pump size (and respective peak
loads) is available. As a result, the approach is particularly well-
suited for use by aggregators or grid operators aiming to estimate
demand profiles for new or unmonitored households.

Metric: To evaluate the accuracy of the probabilistic forecasts,
we use the pinball loss, also referred to as quantile loss. Unlike
standard error metrics such as the Mean Squared Error, which
evaluate point forecasts, the pinball loss assesses the quality of
quantile predictions by accounting for the asymmetry in over- and
under-predictions [16]. For a given quantile level g, the pinball loss
at observation n is defined as:

(1= Q@ —yn), iG] > yn

N o (2)
q(yn — 9), if 97 < yn,

Lgn (Yn, QZ) = {

where yj, is the true value and §{ is the predicted g-th quantile
at observation n. The loss function penalizes overestimations and
underestimations differently: when the forecasted quantile exceeds
the actual value, the penalty is scaled by (1 — q), and when it falls
below, it is by g. This makes the pinball loss a suitable metric for
evaluating the sharpness and calibration of probabilistic forecasts.

3 Case study

We apply the previously described methodology to a high-quality
dataset of 1,193 Swiss households with heat pump installations,
sourced from the open-source HEAPO dataset [2]. Since this dataset
consists of real-world smart meter data, it provides high-resolution
insights into household energy consumption, and all results pre-
sented in this study are fully reproducible. The original dataset
includes a subset of 214 households where heat pump systems were
optimized by experienced energy consultants during on-site vis-
its, providing time series data before and after the consultation.
To ensure comparability across households while maintaining a
large sample size, we exclude these treatment group households
and focus solely on the control group without intervention. For
our analysis, we use 15-minute smart meter data on total active
energy consumption (in kWh) but aggregate it to hourly values.
This temporal resolution is commonly applied in load forecasting
tasks, such as day-ahead electricity procurement or scheduling of
flexibility potentials [14].

For the evaluation, a five-fold cross-validation is applied [11],
which provides a robust estimate of model performance by reducing
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the variance associated with a single train-test split. This approach
enhances the generalizability and reliability of the results?.

4 Result

In this section, we compare the quality and runtime of the proposed
KDE-based method with the Quantile Gradient Boosting approach.
All computations were performed on a device equipped with an
Apple M1 chip.

Temperature (°C)

14 -12.0°C 13.0°C
-7.0°C 18.0°C
12 -2.0°C 23.0°C
0 3.0°C 28.0°C
80°C  — 33.0°C
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0.4 0.6
Energy consumption (scaled)

Figure 1: Kernel density estimates of scaled energy consump-
tion across different temperature bins.

Figure 1 shows the temperature-dependent KDEs derived from
the first k-fold training set’. As expected, the density shifts with
temperature: at lower temperatures, the distributions are broader
and peak at higher consumption levels, reflecting increased heating
demand. In contrast, at moderate or higher temperatures, the den-
sity curves are narrower and concentrated around lower consump-
tion values, indicating minimal or no heating-related electricity use
across different households.
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Figure 2: Exemplary KDE-based quantile forecasts.

For each temperature observation in the test sets, 1,000 sample
values are drawn from the corresponding temperature-dependent
KDE. These samples form the basis for the quantile estimates. An
example of a KDE-based quantile forecast is shown in Figure 2.

2We note that in every cross-validation run, only up to 340,000 samples in the testing
dataset were considered, due to computational reasons.

3While some density values exceed 1, this is based on the illustrative process. To
validate the correctness of the KDEs, we numerically integrated each distribution,
confirming that the area under each curve sums to 1.
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Quantile Level KDE Gradient Boosting
10% 0.1141 0.1140
20% 0.2250 0.2250
30% 0.3323 0.3324
40% 0.4355 0.4357
50% 0.5340 0.5344
60% 0.6262 0.6267
70% 0.7096 0.7103
80% 0.7787 0.7795
90% 0.8169 0.8178

Table 1: Comparison of Pinball Loss between KDE and Gra-
dient Boosting across quantiles. Lower values indicate better
predictive accuracy for the respective quantile, with the best-
performing method at each quantile shown in bold.

From a quality perspective, the KDE-based approach performs
slightly better than the Gradient Boosting approach in 8 out of
9 quantiles, though the difference is not statistically significant
(p < 0.01), as depicted in Table 1. The complete pinball loss values
from all cross-validation runs are provided in the Appendix in
Tables 3 and 2.

However, as illustrated in Figure 3, this advantage comes with sig-
nificantly lower training times compared to the benchmark Quantile
Gradient Boosting method. On average, training on 13,453,622 sam-
ples takes just 2 seconds using the KDE-based method, compared to
7,006 seconds with Gradient Boosting. In contrast, inference with
the KDE approach requires 2,041 seconds, whereas Quantile Gra-
dient Boosting completes inference in only 3 seconds. The higher
inference time of the KDE-based method is primarily due to its
dependence on the size of the test set, as quantiles for each en-
try are generated by sampling from the temperature-dependent
KDEs. Later on, we discuss avenues to reduce inference time for
the KDE-based method.

These findings have important implications for practitioners
such as grid operators or utilities. While the KDE-based method
offers significantly faster training—making it well-suited for rapid
model updates on large datasets—it comes with higher inference
costs due to its sampling-based quantile estimation. This trade-
off makes the method especially appealing for use cases involv-
ing frequent retraining on large-scale data—such as thousands of
households with fine-grained measurements—where only a lim-
ited number of future time steps need to be forecast, for instance
day-ahead values.

5 Discussion

The previously presented results demonstrate that KDE-based fore-
casts are also suitable for large datasets of households with heat
pump installations. While the general applicability of this method
has already been established for standard household loads [1], it
is important to confirm its effectiveness for households with heat
pumps, as their load patterns change significantly and become
heavily temperature-dependent due to the nature of heat pump
operation [14].
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Figure 3: Runtimes for training and inference averaged over
five-fold cross-validation runs.

Another key contribution of this work is the consideration of
computation time in KDE-based probabilistic load forecasting. We
show that the proposed approach yields reasonable forecasting
performance for households with heat pumps while significantly
reducing training time compared to the Gradient Boosting method.
Nonetheless, several important aspects remain to be explored, pre-
senting promising directions for future research.

First, we acknowledge that the KDE-based method was only
benchmarked against Gradient Boosting. For a more comprehensive
evaluation, it should also be assessed in terms of both performance
and runtime against other approaches, such as neural networks
[20].

Second, both methods were evaluated using only a single input
variable—temperature measurements. Future studies should assess
whether alternative approaches, such as the Quantile Gradient
Boosting method, achieve superior performance when incorporat-
ing additional input features, such as humidity or time-of-day infor-
mation. However, the KDE-based approach could also be extended
to process additional inputs. One potential avenue is a conditional
KDE approach [9], or alternatively, expanding the KDE estimation
by introducing bins not only for temperature but also for factors
like weekdays/weekends and different times of the day [1].

Third, this study did not fully exploit the granularity of the
underlying dataset. Different temperature-dependent KDEs could
have been fitted for various heat pump and building types. Ad-
ditionally, while in our study measurements were resampled to
hourly intervals, the dataset allows for finer time resolutions. These
aspects present opportunities for further research and potential
improvements to the proposed method.

Fourth, the rather basic implementation of the KDE in this study
offers further room for refinement. The essential bandwidth param-
eter could be selected using more advanced parameter selection
techniques, and alternative kernel functions could be explored. Ad-
ditionally, boundary effects, which cause biased estimations at the
lower and upper ends of the observed loads, could be mitigated
through correction approaches, such as bandwidth adjustments
near the boundaries [1, 3].
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Fifth, we acknowledge the relatively high inference times of
the KDE-based method, which may pose challenges for real-world
applications. However, the current implementation has not incorpo-
rated any runtime optimizations. For example, in its current form,
the model draws a large number of samples from the KDE for each
individual test instance to construct quantiles. This process could be
significantly accelerated by caching or reusing quantiles for similar
temperature values, potentially leading to substantial reductions in
inference time.

Overall, this study highlights the potential of KDE-based prob-
abilistic forecasting for heat pump loads, demonstrating its fast
training times. This serves as a foundation for future research and
offers a promising method for both practitioners and researchers.

6 Conclusion

This study demonstrates that KDE offers a computationally effi-
cient alternative to common approaches—such as Quantile Gradient
Boosting—for probabilistic heat pump load forecasting, particularly
due to its exceptionally fast training time. The KDE-based approach
achieves comparable or slightly better accuracy in 8 out of 9 quan-
tiles while reducing training time by 3500x, at the cost of higher
inference times. These improvements make the approach partic-
ularly well-suited for large-scale forecasting tasks that demand
frequent retraining but only require a small set of points to be
forecast.

Despite the advantages of the KDE method, several areas remain
for further research. The method was benchmarked only against
Gradient Boosting and should be compared with other probabilistic
forecasting techniques, such as neural networks. Additionally, only
temperature was used as an input variable, and future work should
explore whether alternative approaches benefit from incorporating
additional factors like humidity or time-of-day effects. Moreover,
while KDE bins were structured around temperature, refining the
method by incorporating more granular clustering, such as build-
ing types or operational schedules, could improve its performance.
Finally, KDE implementation can be enhanced by optimizing band-
width selection, mitigating boundary effects to improve forecast
accuracy and steps to speed up the inference process.
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Appendix
Table 2: Pinball Loss per quantile with KDE-based approach, per every cross-validation fold.
Fold Pinball Loss_10 Pinball_Loss_20 Pinball Loss_30 Pinball_Loss_40 Pinball Loss_50 Pinball_Loss_60 Pinball Loss_70 Pinball_Loss_80 Pinball Loss_90
1 0.1084 0.2137 0.3155 04133 0.5064 0.5932 06711 0.7344 0.7665
2 0.1218 0.2408 0.3562 0.4676 0.5744 0.6751 0.7675 0.8459 0.8940
3 0.1071 0.2114 03121 0.4089 05011 0.5873 0.6651 0.7291 0.7643
4 0.1198 0.2362 0.3487 0.4570 0.5603 0.6570 0.7446 0.8169 0.8563
5 0.1131 0.2228 0.3289 0.4307 0.5276 0.6181 0.6998 0.7673 0.8035
Average 0.1141 0.2250 0.3323 0.4355 0.5340 0.6262 0.7096 0.7787 0.8169

Table 3: Pinball Loss per quantile with Quantile Gradient Boosting approach, per every cross-validation fold.

Fold Pinball_Loss_10 Pinball_Loss_20 Pinball Loss_30 Pinball Loss_40 Pinball Loss_50 Pinball Loss_60 Pinball Loss_70 Pinball Loss_80 Pinball Loss_90
1 0.1084 0.2138 0.3156 0.4135 0.5068 0.5938 0.6718 0.7352 0.7675
2 0.1218 0.2408 0.3563 0.4678 0.5747 0.6756 0.7681 0.8467 0.8949
3 0.1071 0.2114 0.3122 0.4091 0.5015 0.5878 0.6657 0.7299 0.7651
4 0.1198 0.2362 0.3488 0.4572 0.5607 0.6576 0.7453 0.8178 0.8572
5 0.1131 0.2229 0.3290 0.4310 0.5281 0.6187 0.7005 0.7681 0.8044
Average 0.1140 0.2250 0.3324 0.4357 0.5344 0.6267 0.7103 0.7795 0.8178
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