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Abstract

Accurately predicting building heating and cooling loads is crucial for optimizing HVAC
systems and enhancing energy efficiency. However, data-driven models often face over-
fitting issues due to scarce training data, a common challenge for new constructions or
under data privacy constraints. Transfer learning (TL) offers a solution, but its effectiveness
heavily depends on selecting an appropriate source domain through effective similarity
measurement. This study systematically evaluates the performance of 20 prevalent similar-
ity metrics in TL for building heating load forecasting to identify the most robust metrics
for mitigating data scarcity. Experiments were conducted on data from 500 buildings,
with seven distinct low-data target scenarios established for a single target building. The
Relative Error Gap (REG) was employed to assess the efficacy of transfer learning facil-
itated by each metric. The results demonstrate that distance-based metrics, particularly
Euclidean, normalized Euclidean, and Manhattan distances, consistently yielded lower
REG values and higher stability across scenarios. In contrast, probabilistic measures such
as the Bhattacharyya coefficient and Bray—Curtis similarity exhibited poorer and less stable
performance. This research provides a validated guideline for selecting similarity metrics
in TL applications for building energy forecasting.

Keywords: transfer learning; similarity measurement; heating load forecasting; data-
driven model

1. Introduction

Enhancing the efficiency of building heating and air conditioning systems is a core
strategy in building energy conservation [1]. To optimize these systems, it is essential
to accurately predict the cooling and heating demands of buildings, which is crucial for
guiding system optimization. Therefore, accurately predicting the heating demands of
buildings has become an urgent challenge to address. Currently, methods for predicting
building heating demands can be broadly divided into white-box models based on physical
principles and black-box models based on data [2]. White-box models, such as EnergyPlus
and DeST software, rely on comprehensive building data for calculations, but such data is
often difficult to fully obtain [3]. However, with the advancement of big data technology,
the accumulation of building operation data is increasing, providing strong support for the
development of data-driven models [4].

Starting from basic models such as support vector machines and decision trees, data-
driven models have evolved to include deep learning models like multilayer perceptrons
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(MLP), convolutional neural networks (CNN) [5], and recurrent neural networks (RNN) [6].
These deep learning models have garnered widespread attention due to their excellent
feature recognition and data adaptation capabilities, and they are often used to predict
the heating and cooling loads of buildings. However, research also indicates that the
performance of these models is highly dependent on the scale and quality of the data [7].
Particularly for deep learning models, a lack of training data can significantly compro-
mise the accuracy and reliability of their predictions [8]. In practical applications, due to
new construction, data protection, or cost issues, data for some buildings may be very
limited, leading to severe overfitting in deep learning networks that have not been specially
designed or trained with complex strategies.

When dealing with data scarcity, few-shot learning becomes a key challenge in the
field of machine learning, and transfer learning is a commonly used method to address such
issues [9]. Transfer learning involves learning patterns and knowledge from source tasks
with abundant data and transferring them to target tasks to overcome the insufficiency of
data in the target tasks [10]. Li et al. [11] employed LSTM neural networks within a pre-
training and fine-tuning framework, which was shown to significantly improve the accu-
racy of short-term cross-building energy consumption predictions over subsequent weeks.
Fan et al. [12] constructed a hybrid model combining CNN and LSTM for cross-building en-
ergy consumption forecasting, demonstrating through multiple scenarios that the approach
reduces prediction errors by 15% to 78%. Santos et al. [13] developed a cross-building
prediction model by integrating Transfer Learning with Temporal Fusion Transformer archi-
tectures, achieving more than a 40% reduction in prediction errors compared to non-transfer
learning methods.

In the field of transfer learning, the quality of source domain data is a key factor
affecting the effectiveness of transfer [14]. The excellence or inferiority of source domain
data directly relates to the success of transfer learning outcomes. When there is a high
similarity between the source and target domains, the pre-trained model can absorb more
valuable information, thereby enhancing the transfer effect [15]. Conversely, if the similarity
between the source and target domains is insufficient, the pre-trained model may struggle
to capture useful knowledge, which limits the performance improvement of the target task
model. In extreme cases, when the similarity between the source and target domains is very
low or there are significant differences, it is not only impossible to improve the accuracy of
the target task model, but it may also lead to negative transfer phenomena, reducing model
performance [16]. To optimize the transfer effect, researchers have employed various met-
rics to assess the similarity between source and target buildings. Common methods include
Maximum Information Coefficient (MIC) [17], Maximum Mean Discrepancy (MMD) [18],
and Dynamic Time Warping (DTW) [19]. At the same time, scholars are exploring the
potential of other algorithms in similarity assessment. For instance, Wei et al. [20] pro-
posed a new WM algorithm to measure the similarity between source and target domains.
Research results indicate that compared to algorithms like SP, PCC, MIC, JS, and WD, the
WM algorithm performs better in terms of stability.

Despite numerous similarity metrics having been proposed, existing research largely
focuses on comparing the performance of these metrics under a single target scenario,
lacking comprehensive studies on the performance of different metrics across diverse target
scenarios. Different similarity metrics are based on varying principles and are applicable
to different scenarios, thus potentially exhibiting different performances in various tasks.
For instance, in the field of visual recognition, Zhou et al. [21] successfully selected the
optimal source domain by using KL divergence as a similarity measure. In well logging
stratigraphic evaluation research, the Pearson correlation coefficient is frequently used due
to its broad applicability [22]. Furthermore, when applying transfer learning methods to
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the problem of concrete dam deformation prediction, Chen et al. [23] achieved the best
transfer effect by employing Dynamic Time Warping (DTW) as the similarity metric.

For building heating load data, which is influenced by various factors, multivariate
regression models are commonly used for analysis, and the data exhibit significant time
series characteristics. In the field of building heating load modeling, there is no consensus
on which measurement metrics are most suitable. Therefore, this paper conducts a study
aimed at evaluating data similarity metrics in the context of transfer learning for building
heating load forecasting. To this end, a quantified metric—Relative Error Gap (REG)—is
defined to measure the effectiveness of transfer learning, and a systematic evaluation of
20 commonly used metrics in the field of transfer learning is conducted. The study initially
selects 20 commonly used metrics for measuring similarity or dissimilarity. Subsequently,
500 buildings are chosen as candidate buildings, and seven different target scenarios are set
for one target building. These metrics are used for screening to implement transfer learning.
Ultimately, the transfer learning results from the selected source domains are compared
and analyzed with those from the optimal source domain, thereby identifying the best-
performing metrics under each target scenario. This research provides valuable reference
for data similarity metrics in transfer learning for building heating load forecasting.

Therefore, the primary purpose of this work is to conduct a systematic and com-
prehensive evaluation of 20 commonly used similarity metrics within a transfer learning
framework for building heating load forecasting. We aim to identify the most effective
and stable metrics under various data-scarce scenarios, thereby providing a data-driven
guideline for selecting source domains and enhancing the practicality of transfer learning
in real-world applications.

The innovation of this paper is the construction of an evaluation framework designed
to assess similarity metrics used for screening source buildings in transfer learning methods.
This framework relies on abundant building heating load data and tests the transfer
performance of various metrics under different scenarios through the setting of diverse
target scenarios. Furthermore, this study introduces the Relative Error Gap (REG) as a
quantitative tool to measure the efficacy of metric selection and employs standard deviation
to assess the stability of the transfer effects of metrics across different target scenarios,
providing a comprehensive analysis of the performance of 20 similarity metrics.

2. Methodology

This section provides a detailed description of the overall research workflow. Initially,
a set of similarity metrics was constructed, consisting of 20 similarity measures across six
categories, to evaluate their effectiveness in transfer learning. Subsequently, seven different
target scenarios were set up for a single building, and these similarity metrics were used
to conduct transfer learning and test the migration effects of each metric. Finally, the REG
was defined to compare the gap between the source buildings selected by each metric and
the optimal source building, thereby measuring the effectiveness of their source building
selection, while the standard deviation was used to assess the stability of source building
selection across different scenarios. The overall process of this study is shown in Figure 1.
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Figure 1. Overall Workflow of This Study.

2.1. Constructing a Set of Similarity Metrics

In building heating load forecasting, selecting the appropriate source building is
crucial for improving prediction accuracy. This process relies on various similarity metrics
that can quantify the similarity between different buildings, thereby assisting in identifying
the data most suitable for the target building in transfer learning. For a comprehensive
evaluation, this study selected 20 commonly used similarity metrics from different fields
for comparative analysis, as shown in Table 1.

Table 1. The similarity metrics selected in this study.

Category Metric Description
Euclidean Distance Measures the straight-line distance between two points in space.
Manhattan Distance Sums the absolute differences between points along each dimension.
o Chebvshev Distance Finds the maximum difference between any two dimensions of
Based on geometric distance Y the points.
Cosine Similarity Compares the direction of vectors, not their magnitude.
Dice Similarity Coefficient Compares the overlap between two sets.
Bray—Curtis Distance Measures similarity based on the ratio of shared to total items.

Based on probability
distribution differences

Compares how one probability distribution diverges from a second,
expected distribution.

A symmetric version of KL Divergence, measuring the average
difference between two distributions.

KL Divergence

JS Divergence

Chi-square Distance Compares observed and expected frequencies in categorical data.
Hellinger Distance Measures the similarity between two probability distributions.
Wasserstein Distance Measures the distance between probability distributions.
Bhattacharyya Distance Compares the overlap between two probability distributions.

Based on sets/
discrete data

Calculates the minimum number of operations to transform one string
into another.

Compares the ratio of differences in corresponding elements of

two vectors.

Maximum Mean Discrepancy (MMD)  Compares the difference between the means of two distributions.

Edit Distance

Canberra Distance

Based on convex optimization

and geometry

Bregman Divergence Measures the difference between two points using a convex function.

Alpha Divergence

A flexible measure of the difference between probability distributions.

Based on time series

Dynamic Time Warping (DTW)

Aligns and compares time series data, accounting for time shifts.

Based on correlation

Pearson Correlation Coefficient

Measures the linear relationship between two variables.




Energies 2025, 18, 4678

50f 14

)

Heating load(kW)

Heating load(kW)

12000

Heating loa

2.2. Comparison of Transfer Effects in Multi-Objective Scenarios

The core function of similarity metrics is to select better source buildings to enhance
the accuracy of transfer learning. Specifically, the quality of the transfer effect is directly
reflected in the predictive accuracy of the target task model after using these metrics to
select source buildings for transfer learning. However, it is still unknown what performance
indicators are suitable for measuring the similarity between building objects. The main
solution of this paper is to use a large amount of building data to calculate similarity
indicators and the transfer effect between buildings to analyze which indicators are suitable
for task measurement in the transfer learning process. As shown in Figures 2 and 3, the
operating data of 500 buildings was used as the source task. Figure 4 shows the load
time series data for a target building task. The data was used to set up an experiment to
analyze the applicability of different indicators in the transfer learning task measurement.
In addition to the hourly load data shown in Figures 2—4, the data of these 501 buildings also
includes data on factors affecting the load (such as outdoor temperature). Each building
was monitored for hourly load and outdoor temperature data at one-hour intervals from
15 November 2024 to 1 February 2025.

As shown in Figure 1, the experimental setup is as follows: First, seven different
small-sample scenarios were constructed using the target building’s data: 1 day of data
available, 5 days of data available, 10 days of data available, 15 days of data available,
20 days of data available, 25 days of data available, and 30 days of data available. In each of
these seven small-sample scenarios, transfer learning was performed on the target building
using 500 source building task data. The last 30% of the target building data is used to test
the transfer learning effect.
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2.2.1. Best Source Buildings via Exhaustive Search

For each target building in the target scenarios, there theoretically exists an optimal
source building among the 500 candidate buildings. The heating load data of this optimal
source building, when used for transfer learning, can minimize the error of the target task
model and achieve the highest prediction accuracy. The ideal goal of screening similarity is
to accurately identify this best source building. Therefore, this study employs an exhaustive
search method to determine the optimal source building for each target scenario and uses
it as a benchmark to assess the deviation between the source buildings selected by various
metrics and the optimal source building in different target scenarios. The specific steps are
as follows:

®  Pre-train using the 500 candidate buildings to generate 500 pre-trained models.

@ For each target scenario, fine-tune these pre-trained models to obtain 500 target
task models specific to that scenario, resulting in a total of 7 x 500 models for the
7 target scenarios.

®  Test the target task models for each target scenario, select the model with the smallest
error as the optimal target task model, and record its corresponding source building as
the optimal source building for that scenario, ultimately determining the best source
buildings for 7 different scenarios.

This study employs the coefficient of variation in the root mean square error
(CV-RMSE) to assess the prediction error of the target task model, as shown in
Equation (1). This normalized error metric is recommended by authoritative guidelines in
building performance measurement [24], as it allows for comparison across datasets with
different scales.

(% —x)?

CV — RMSE = ; i=1 x 100% (1)
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where y represents the average actual load, x; is the actual load value, and ¥; is the predicted
load value.

It is crucial to note that this exhaustive search method is employed not as a practical
tool for real-world application, but as a rigorous benchmarking technique within this
research framework. While this method is computationally expensive and impractical
for operational use due to the need to train and evaluate all possible models (1 x m for
n candidates and m scenarios), it provides an irreplaceable advantage: it guarantees the
identification of the theoretically optimal source building from the candidate pool for each
scenario. This establishes a definitive performance baseline (or ground truth) against which
the effectiveness of all heuristic similarity metrics can be fairly and accurately measured.
The computational cost was a feasible, one-time investment for this study given its fixed
scope, justified by the value of obtaining an unbiased benchmark for evaluation.

The neural network model architecture used in the transfer learning process of this
study is shown in Table 2, and the hyperparameter settings for the pre-training and
fine-tuning processes are shown in Table 3. In this study, the input vector includes
current outdoor temperature data (1 dimension), historical 12 h building heating load
(12 dimensions), and historical 12 h outdoor temperature data (12 dimensions), totaling
25 dimensions. Additionally, this study assumes that the weather forecast data is suffi-
ciently accurate, and therefore does not consider the potential impact of the uncertainty in
weather forecast data on the prediction results.

Table 2. Neural Network Architecture Used in This Study.

Layer Number of Neurons Activation Function
Input 25 -
Hidden Layer 1 100 ReLU
Dropout - -
Hidden Layer 2 100 ReLU
Dropout - -
Hidden Layer 3 100 ReLU
Dropout - -
Output 1 Linear

Table 3. Hyperparameter Settings for Transfer Learning in This Study.

Batch Epochs Learning Rate
Pre-training 32 300 0.001
Fine-tuning 32 10 0.0001

2.2.2. Source Building Selection Using Similarity Metrics

After determining the optimal source building and its transfer learning effects for
each target scenario, the next step is to apply similarity metrics for screening and perform
transfer learning to verify the transfer effects of each metric, comparing them with the
effects of the optimal source building. The specific operational steps are as follows:

(O Ineach target scenario, use each similarity metric to select what it considers the “best”
source building, choosing 20 buildings per scenario, for a total of 7 x 20 source buildings.

@  Pre-train using these selected source buildings to generate 20 pre-trained models per
target scenario, for a total of 7 x 20 pre-trained models.

(® Fine-tune these pre-trained models for each target scenario to form 20 target task
models specific to that scenario, for a total of 7 x 20 target task models.

®  Test the target task models for each target scenario to assess the transfer effects of each
metric in each target scenario.
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The model architecture and hyperparameter settings used in these processes are the
same as those in the exhaustive method, and will not be repeated here.

2.3. Evaluation of Similarity Metric Transfer Effects

The evaluation of similarity metric performance in this study is primarily conducted
from two aspects: the effectiveness of the metric in selecting the best building in a sin-
gle scenario and the stability of the metric’s migration effects across different scenarios.
Therefore, the following two parameters are used as evaluation indicators.

2.3.1. Effectiveness Evaluation: Relative Error Gap (REG)

The role of the metric is to select a source building similar to the target building from
all candidate buildings, thereby reducing the error of the target task model. Therefore,
an ideal metric should be able to identify the optimal source building to minimize the
error of the target task model. Therefore, to quantitatively assess the effectiveness of
each similarity metric in source building selection, a normalized performance indicator is
essential. The Relative Error Gap (REG) was selected for this purpose, as it provides a clear,
scale-independent measure of how much worse a model performs compared to the best
possible case (the benchmark). This allows for a direct and fair comparison across different
target scenarios, which may have different baseline error levels. The REG is calculated as
shown in Equation (2). A lower REG value indicates that the metric’s selection is closer to
the optimal choice, with an REG of 0% representing a perfect selection.

(CV — RMSE) — (CV — RMSE)

(CV — RMSE) . @)

REG =

min
2.3.2. Stability Evaluation: Standard Deviation (SD)

The stability of a metric refers to the variation in the metric’s performance across
different sample scenarios. The smaller the variation, the more consistent the metric’s
performance is across different scenarios, indicating a more stable metric. Therefore, this
study uses the standard deviation of the REG across different sample scenarios for each
metric to assess the stability of the metric, as shown in Equation (3).

)

sp— \/23’_1 (RE(I;\;, — REG)?

3. Results

This section analyzes the results from Section 2, categorizing the metrics based on their
performance in different scenarios, followed by a comparative analysis of the performance
of different categories of metrics to identify the best-performing metrics in each scenario.

3.1. Transfer Results of Different Similarity Metrics in Different Target Scenarios

Figure 5 presents a comparison between the transfer results of all candidate buildings
and those selected by each metric in different scenarios. The results indicate significant
differences in the transfer effects among different source buildings. In each target scenario,
the best-performing source building can reduce the model error to below 10%, while
the poorest-performing source building may lead to model errors as high as 20% to 30%.
Therefore, it is crucial to carefully select the source building; otherwise, arbitrary selection
may result in transfer effects that fail to meet expectations. After similarity measurement,
in most cases, the errors of transfer learning are maintained between 10% and 15%, which
largely ensures the effectiveness of transfer learning.
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Figure 5. Comparison of Transfer Results for All Candidate Buildings and Source Buildings Selected
by Each Metric in Different Scenarios.

However, even after similarity measurement, there are significant differences in trans-
fer results among different metrics. Figure 6 details the transfer results of each metric in
every target scenario. It can be observed that in each target scenario, there is at least a
10% gap between the best-performing and the worst-performing metrics. Therefore, it is
essential to evaluate which metrics can minimize the error of the target task model to the
greatest extent in each target scenario, to prevent improper metric selection from affecting
the transfer effects.
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3 £
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Figure 6. Transfer Results of Individual Metrics.

3.2. Classification of Metrics Based on Source Domain Selection Results

Table 4 details the source domain selection results for each metric across various
target scenarios. For easy identification, metrics with the same source domain are marked
with the same background color. Based on these selection results, all 20 metrics can be
categorized into 6 different groups. It is noteworthy that metrics within the same group
show consistency in their source domain selection across various target scenarios. The
categorization of the 20 metrics into the 6 distinct groups presented in Table 4 was not
arbitrary but was driven by the empirical results of the source domain selection process. The
grouping was performed based on a clear and objective principle: metrics that consistently
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selected the identical source building across all seven target scenarios were clustered into
the same group.

Table 4. Source Domain Selection Results for Each Metric in Different Target Scenarios.

1d 5d 10d 15d 20d 25d 30d
Euclidean A237 A237 A237 A237 A237 A237 A237
Standardized Euclidean = A237 A237 A237 A237 A237 A237 A237
Manhattan A237 A237 A237 A237 A237 A237 A237
Chi-square A237 A237 A237 A237 A237 A237 A237
KL Divergence A237 A237 A237 A237 A237 A237 A237
Group 1 JS Divergence A237 A237 A237 A237 A237 A237 A237
Hellinger A237 A237 A237 A237 A237 A237 A237
Alpha Divergence A237 A237 A237 A237 A237 A237 A237
Bregman Divergence A237 A237 A237 A237 A237 A237 A237
MMD A237 A237 A237 A237 A237 A237 A237
Dice A237 A237 A237 A237 A237 A237 A237
Group 2 Chebyshev A237 A237 A237 A89 A89 A89 A89
Group 3 Cosine A415 _ Al176 Al76 Al76 Al76 Al176
Bhattacharyya A89 A89 A89 A89 A89 A89 A89
Group 4 Bray—Curtis A89 A89 A89 A89 A89 A89 A89
DTW A89 A89 A89 A89 A89 A89 A89
Wasserstein Distance A89 A89 A89 A89 A89 A89 A89
Group 5 Canberra A421 A421 A421 A421 A421 A421 A421
Edit A421 A421 A421 A421 A421 A421 A421
Group 6 Pearson A421 A42] A421 A58 A58 A311 A311

According to the classification results, it can be observed that the metrics in Group 1
exhibit a high degree of consistency, which may imply that they are more reliable in transfer
learning. In contrast, the metrics in Groups 2 to 6 show more variation in their selections
across different target scenarios, indicating that finer adjustments may be needed based on
specific contexts in practical applications. Additionally, it can be observed that as the time
dimension of the target scenarios increases, the source domain selection for certain metrics
(such as Cosine Similarity in Group 3) changes. This may suggest that the distribution
characteristics of the data may evolve over time, thereby affecting the choice of metrics.

3.3. REG of Each Group’s Transfer Effects Compared to the Best Transfer Effects

Figure 7 illustrates the REG values for each category of metrics (Group 1 to Group 6)
across different target scenarios. The REG value is a key indicator for measuring the
effectiveness of transfer learning, calculated based on the relative error gap between the
pre-trained model and the optimal pre-trained model.

125

100

75

REG(%)

50

25

I—

1d 5d 10d 15d 20d 25d 30d

|:| Group 1 I:\ Group 2 l:‘ Group 3 l:\ Group 4 l:l Group 5 |:| Group 6

Figure 7. REG for Each Category of Metrics in Different Target Scenarios.
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The REG results, detailed in Figure 7, reveal a clear hierarchy in metric performance.
Metrics in Group 1 (Euclidean, Manhattan, KL Divergence, etc.) consistently achieved
the lowest REG values across nearly all target scenarios. This superior performance can
be attributed to the nature of building heating load data and the mathematical princi-
ples of these metrics. As analyzed in Section 2.1, these are primarily distance-based and
distribution-based metrics. They excel at quantifying the absolute geometric proxim-
ity or probability distribution discrepancy between multi-dimensional feature vectors
(e.g., outdoor temperature, historical loads). This aligns perfectly with the regression
task of load forecasting, where the model must learn a mapping from input features to
a continuous output value. A source building with minimal distance or distributional
divergence is likely to provide a pre-trained model whose internal representations are
already well-suited for the target task, requiring only minor fine-tuning adjustments.

Notably, the metrics in Group 2 (Chebyshev) performed on par with Group 1 in ultra-
short-term scenarios (1d to 10d) but exhibited a noticeable performance decline as more
data became available. This suggests that the Chebyshev distance (which focuses on the
maximum difference in any single dimension) is sensitive to noise or outliers in very small
datasets but becomes a less comprehensive measure of overall similarity as the data volume
increases and the feature relationships become more complex.

Conversely, the metrics in Groups 4 to 6 (e.g., Bhattacharyya, Bray—Curtis, Pearson)
consistently yielded higher REG values, indicating poorer performance. This finding
provides a crucial confirmation of our hypothesis: not all similarity measures are equally
effective. For instance, correlation-based metrics like Pearson (Group 6) focus solely on the
linear trend between sequences but are invariant to scale. This means they might select a
source building whose load profile has a similar shape but a vastly different magnitude,
leading to a poor initialization for the fine-tuning process. Similarly, Bhattacharyya and
Bray—Curtis (Group 4), often used for measuring distribution overlap in categorical or
compositional data, appear less suited to capturing the geometric distances critical in this
high-dimensional, real-valued regression problem.

The instability of Cosine Similarity (Group 3), as seen by its fluctuating REG and high
standard deviation, further underscores the importance of magnitude in this context. While
it measures the angle between vectors, ignoring their length, it can be misled by profiles
that are directionally similar but energetically dissimilar.

Figure 8 analyzes the standard deviation of the REG values for each type of metric,
revealing the stability of metric performance across different target scenarios. Metrics
in Group 1 not only perform excellently in terms of REG values but also maintain a low
standard deviation, demonstrating superior stability. This implies that these metrics can
maintain their high performance in a variety of target scenarios. In contrast, metrics
in Groups 2 and 3, while having decent REG values in some scenarios, exhibit a larger
standard deviation, suggesting that their performance may fluctuate significantly across
different scenarios. This could be related to their sensitivity to data characteristics or the
variability in the source buildings they select. The metrics in Groups 4 to 6, however, not
only have higher REG values but also a larger standard deviation, indicating that their
performance in the transfer learning process is not only poor but also unstable. This may
suggest that they are not suitable for building heating load forecasting problems.
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Figure 8. Standard Deviation of REG for Each Category of Metrics in Different Target Scenarios.

The superior and stable performance of Group 1 metrics (e.g., Euclidean, Manhattan,
KL Divergence) can be attributed to the nature of building heating load data and the
fundamental principles of these metrics. Heating load time series are typically charac-
terized by multi-dimensional, real-valued data points (e.g., temperature, historical loads)
where the absolute magnitude and overall distribution similarity are crucial for effective
knowledge transfer.

Group 1 metrics are predominantly distance-based (Euclidean, Manhattan) or
distribution-based (KL, JS, Hellinger). These metrics are highly effective at quantifying the
overall geometric proximity or probability distribution discrepancy between the source
and target building’s feature vectors. This aligns well with the regression task of load
forecasting, where the model must learn to map input features to a continuous load value.
A source building with minimal geometric or distributional distance in its feature space is
likely to provide a pre-trained model whose feature representations are already well-suited
for the target task, requiring only minor fine-tuning.

In contrast, metrics that underperformed, such as the Bhattacharyya coefficient or
Bray—Curtis similarity (Group 4), are often more suited for measuring overlap between
probability distributions or compositional data rather than geometric distances in a high-
dimensional feature space. Similarly, correlation-based metrics like Pearson (Group 6)
focus solely on the linear trend between sequences but are invariant to scale, meaning they
might select a source building whose load profile has a similar shape but a vastly different
magnitude, leading to poor transfer performance. The instability of Cosine Similarity
(Group 3) with increasing data length suggests that the angle between data vectors becomes
a less reliable indicator than their absolute distance as the temporal context becomes richer
and more complex.

4. Conclusions

This paper provides an in-depth exploration of the performance evaluation of simi-
larity metrics in transfer learning methods for building heating load forecasting through
systematic experiments and analysis. The findings reveal the effectiveness and applicability
of different metrics in transfer learning strategies, offering clear guidance for building
heating load forecasting issues.

1. There is a significant difference in the effectiveness of various similarity metrics in
transfer learning strategies. The metrics in Group 1 (such as Euclidean distance) have
low REG values (an average of 5%) in most scenarios, with transfer effects close to
optimal. In contrast, metrics in Groups 4 to 6 (such as Bhattacharyya coefficient) have
high REG values (an average of 15%), exhibiting poor performance and stability.
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2. Stability evaluation indicators show that while metrics in Group 1 demonstrate ex-
cellent REG values, they also maintain a low standard deviation, with an average of
2%, indicating superior stability. Certain metrics in Groups 2 and 3 perform well in
specific scenarios but have a larger standard deviation (an average of 5%), indicating
performance fluctuations. Metrics in Groups 4 to 6 have both high REG values and
standard deviations (an average of 8%), indicating poor stability.

3. Asthetime dimension of the target scenarios increases, the selection of source domains
by certain metrics (such as Cosine Similarity in Group 3) changes. Cosine Similarity
has a low REG value in the short term (an average of 6%), but as the time grows to
10 to 30 days, the REG value rises to 10%. This may indicate that as time progresses,
the distribution characteristics of the data change, thereby affecting the selection of
the metric.

4. The underlying reason for the superior performance of Group 1 metrics lies in their
alignment with the data characteristics of the building heating load forecasting prob-
lem. Distance and distribution metrics effectively capture the geometric and statistical
similarities in the multi-variate input features that are most relevant for the regression
model. This suggests that for transfer learning in building energy forecasting, metrics
that prioritize overall magnitude and distribution alignment are more reliable than
those focused solely on trend similarity or distribution overlap.
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