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Abstract

Global leaders and policymakers are unified in their unequivocal commitment
to decarbonization efforts in support of Net-Zero agreements.
while contributing to carbon emissions due to the continued re-
liance on fossil fuels for heat production, are embracing more sustainable practices
albeit with some sense of vulnerability as it could constrain their ability to adapt to
dynamic demand and production scenarios. As demographic demands grow and
renewables become the central strategy in decarbonizing the heating sector, the
need for accurate demand forecasting has intensified. Advances in digitization
have paved the way for Machine Learning (ML)| based solutions to become the
industry standard for modeling complex time series patterns. In this paper, we
focus on building a[Deep Learning (DL)| model that uses deconstructed compo-
nents of independent and dependent variables that affect heat demand as features
to perform multi-step ahead forecasting of head demand. The model represents
the input features in a time-frequency space and uses an attention mechanism to
generate accurate forecasts. The proposed method is evaluated on a real-world
dataset and the forecasting performance is assessed against LSTM and CNN-based
forecasting models. Across different supply zones, the attention-based models
outperforms the baselines quantitatively and qualitatively, with an [Mean Abso!
lute Error (MAE)| of 0.105 4+ 0.06kW h and a[Mean Absolute Percentage Error
(MAPE)|of 5.4% =+ 2.8%, in comparison the second best model with a[MAE]of
0.10 & 0.06kW h and a[MAPE]of 5.6% + 3%.

1 Introduction

As the effects of climate change become increasingly pronounced, global policymakers are intensify-
ing their efforts to combat these issues through climate-friendly policies [[1]. A major focus of these
initiatives is the pursuit of carbon neutrality by decarbonizing energy systems within sustainable
energy frameworks. Despite progress in renewable energy technologies, fossil fuels still provide
50% of Europe’s primary energy, with 63% of the residential sector’s final energy consumption used
for heating [2]. District heating networks have significant potential for decarbonization through the
integration of renewable energy sources [3]], underscoring the importance of precise heat demand
forecasting methods. Such accuracy is crucial for efficient resource management, reducing energy
waste, and facilitating the successful incorporation of renewables into existing energy systems.
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With the growing proliferation of smart devices, time series modeling has greatly advanced, benefiting
from the richer data streams and the progress in Machine Learning (ML) and Deep Learning (DL).
While these advancements have led to sophisticated models, such as attention mechanisms that enable
a model to prioritize and focus on the most critical parts of the input data, traditional statistical
methods like ARIMA and SARIMAX remain popular [4], [5]], [6]. These methods are valued for their
intuitive additive and multiplicative approaches, offering a level of interpretability that complements
the complexity of newer techniques. As attention-based models [7]], including transformer models for
time series, Large Language Models (LLMs) with embedded context, and foundation models for time
series forecasting [8]], become more prevalent, they still rely on well-crafted inputs to learn contextual
representations effectively. Particularly with heat demand data, which exhibits strong daily and weekly
seasonality along with yearly trends dictated by weather conditions, combining intuitive feature
aggregation with these advanced models enhances their ability to capture the residual fluctuations
that characterize time series data. This synergy between traditional and modern approaches is crucial
for developing industrial applications aimed at reducing carbon emissions.

Given the widespread use of statistical modeling for its interpretability and the complex representa-
tions learned by DL models, we propose a DL-based forecasting approach that combines that employs
an attention mechanism and incorporates individual components of decomposed time series as input
features, allowing the model to capture the nuanced factors that influence heat consumption. By
elucidating these individual components, we identify the key drivers of next-day heat demand. The
effectiveness of the proposed approach is thoroughly evaluated using real-world heat demand data
over an entire year, providing insights into its performance across different phases of the annual trend.

2 Methodology

For the downstream task of forecasting heat demand, we adopt and adapt a convolution-based
network F' [9] for which each input feature is represented in a Time-Frequency domain in the form of
wavelet scalograms obtained through Continuous Wavelet Transform (CWT). During convolution,
as different types of features such as demand and weather are concatenated to form a multi-channel
input, the kernel learns the inter-dependency between each channel, however, there is a risk of
features obscuring essential patterns. As a remedy, the architecture is modified to F' where the
endogenous and exogenous features are embedded in two distinct branches, with a cross-attention
block introduced after the convolutional layers, as illustrated in Figure 1. However, this delays the
model’s ability to learn certain inter-dependencies across feature families early on, and the attention
block compensates by dynamically focusing on and prioritizing the most relevant contexts from
each branch during the merging process. With fewer and similar features, we only require a single
convolution layer per branch to capture the essential patterns.
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Figure 1: Wavelet-based forecasting network with cross attention between the primary demand
features and the supporting exogenous features. V., N,,, and IV; represent the number of consumption,
weather and time based features.

The endogenous features consist of historical consumption data, while the exogenous features include
weather forecasts and time-based variables. Owing to the unidirectional influence of weather on
demand patterns endogenous feature embedding is used as the query vector for the attention layer,



while the exogenous features provide contextual support, enriching the representation of heat demand
[1O],[11]]. The attention layer is followed by a series of fully connected layers to generate the
demand forecast. During feature selection, in addition to relevant features in their current form
selected through correlational analysis, we also perform seasonal decomposition of the features, to
obtain trend, seasonal, and residual components. Figure 2 illustrates the decomposition of historical
demand and observed maximum temperature. The temperature trend is selected as a feature due to
its inverse influence on the trend of heat demand. However, the seasonal component of temperature
is disregarded, while the seasonal component of demand is retained to reflect the DMA’s daily or
weekly patterns. Residual components are included as well, given there are identifiable patterns.

To forecast for heat demand y(t) = [2¢11, Zty2, ..., T+4n) at time ¢, where n = 24 represents
the forecasting horizon, we discretize all temporal features with a winow of h = 24 historical
observations. These observations are then transformed using CWT to generate scalograms with
dimensions of A X s x 1, where s = 24 represents the number of scales associated with the CWT.
The scalograms are concatenated based on the family of the feature (demand or weather), forming
the inputs to the model for predicting y(t).
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Figure 2: Seasonal decomposition of demand data and maximum temperature sampled hourly for a
specific DMA.

3 Experimental Setup

For the retrospective experiments, hourly heat consumption data from 2016 to 2020 for three DMAs
from a Danish utility is used and actual observations in-place weather forecast. Apart from historical
demand data at lags 24, and 168, maximum temperature, feels-like temperature, day of week encoded
using sine and cosine function, along with their trend, seasonality and residuals components form the
feature set. Experiments are conducted across three DL models. An LSTM model with four layers
and 32 hidden units is the baseline for comparing the adopted wavelet scalogram-based model F'
and modified model F'. The entire year of 2019 is used for testing, while the rest follows a 80:20
training-validation split. Additional experimental settings are described in Appendix 6.2.

4 Results and Discussion

The proposed framework is evaluated quantitatively and qualitatively against the baseline models
and the results are depicted in Figure 3. From the quantitative perspective, the method incorporating
wavelet outperforms the LSTM model as expected. To quantify the impact of using decomposed

components of the feature, the model F' was trained with and without the decomposed components
as part of its feature set. It is evident that the model F’ " benefits with decomposed components as
part of the input feature. Between F' and F', both models boosts superior forecasting abilities, F'

consistently outperforms the other. F’ also exhibits a lower degree of variance in comparison to the
other models highlighting consistency with forecasting performance.



The qualitative results for DMA A and B, shows the ability of the model F’ to follow daily and weekly
patterns in demand closely than the other models. The baseline models underforecasts the demand
during the weekdays for DMA A, while the proposed model captures the actual demand accurately
throughout the week across both the DMAs. The model also show robustness to the perturbation in
demand seen on the fifth day of DMA A, by providing an accurate forecast for the sixth day.

These results demonstrate the effectiveness of our proposed model in accurately and consistently
forecasting heat demand by learning inter-and-intra feature dependencies weighted through a cross-
attention block. Additionally, the proposed methodology reduces the number of trainable parameters
of the F' by 97% from approximately 155 million to approximately 5.7 million parameters, without
losing forecasting performance. The model parameters are listed in Appendix 6.3.
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Figure 3: Quantitative evaluation for the year 2019 - MAE (top left), and MAPE (top right) across
DMAs; Qualitative plots of forecasts over a week in December 2019 for DMA A and DMA B.

5 Conclusion

In this study, we introduced a robust framework for forecasting heat demand using a convolution-
based model that integrates an attention mechanism and decomposed time series components. Our
experiments showed that incorporating cross-attention between endogenous and exogenous features
significantly improves the model’s ability to learn feature-specific patterns and dynamically integrate
contextual information. Quantitative evaluations confirmed that, especially with decomposed features,
our model consistently outperforms traditional methods like LSTM and baseline wavelet-based
models, achieving higher accuracy, reduced forecast variance, and a 97% reduction in trainable
parameters. The architecture facilitates the integration of prior knowledge about demand-influencing
factors into feature-specific branches and merges critical information through attention. Additionally,
the forecast can be subjected to seasonal decomposition, allowing for intuitive comparisons between
the forecasted and actual components, such as trends, seasonality, and residuals, to better understand
the model’s limitations and to address them with techniques such as regularisation. We believe that
this approach, which emphasizes the identification and utilization of meaningful features, not only
enhances model performance but also bridges the gap between research and practical application in
the field of sustainable solutions.
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6 Appendix
6.1 Base Architecture
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Figure 4: Wavelet scalogram-based architecture used for heat demand forecast as adopted from [9].

6.2 Experimental Parameters

Extension to the experimental setup discussed in Section 3.

6.2.1 Data Preprocessing

The demand data for various DMAs is obtained by aggregating individual smart meter readings
within each DMA and is differenced to achieve stationarity. The data undergoes preprocessing to
remove statistical outliers, as well as to address missing values or instances of negative consumption.
The dataset is segmented into h = 24 hour intervals, spanning from midnight to midnight. Relevant
features are identified through correlational analysis and seasonal decomposition. Due to the observed
daily and weekly consumption patterns, two lagged consumption features—24 hours (previous day)
and 168 hours (same day in the previous week)—are used as demand features. For weather features,
the hourly maximum temperature and feels-like temperature for the forecast day are selected. Time-
based features, such as the hour of the day and day of the week, are cyclically encoded using sine and
cosine functions.

6.2.2 Training parameters

All models are trained using the ADAM optimizer with[MSE]as the loss function to convergence,
with an early stopping criterion to prevent overfitting. Hyperparameters are further fine-tuned using
grid search. A batch size of 256 and a learning rate of 0.01 are applied consistently across all models

during training. For the model F’ visualised in Figure 1 the positional encoding of tokens is managed
by a learnable layer, chosen based on prior experiments comparing it with sinusoidal encoding.

6.3 Model Parameters

The number of trainable parameters in the LSTM model, the baseline wavelet model F', and the
proposed model Fis given below:

e LSTM: 32,536
* Scalogram - Base model F": 155,339,512

* Wavelet Scalogram - with Cross Attention F’ " 5,789,152
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