CHAL

UNIVERSITY OF TECHNOLOGY

Support Vector Machine for Classification of Households' Heating Type
using Load Curves

Downloaded from: https://research.chalmers.se, 2025-07-01 11:41 UTC

Citation for the original published paper (version of record):

Fiirst, K., Chen, P., Gu, 1. (2023). Support Vector Machine for Classification of Households' Heating
Type using Load Curves. IET Conference Proceedings, 2023(6): 3884-3888.
http://dx.doi.org/10.1049/icp.2023.0547

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)




SUPPORT VECTOR MACHINE FOR CLASSIFICATION OF HOUSEHOLDS’ HEATING

TYPE USING LOAD CURVES
Kristoffer FURST Peiyuan CHEN Irene Yu-Hua GU
Chalmers University of Technology =~ Chalmers University of Technology Chalmers University of Technology
Sweden Sweden Sweden

kristoffer.furst@chalmers.se

ABSTRACT

The distribution system operator lacks the knowledge of
the heating system used by their customers to make sound
grid planning decisions. Energy declaration from
buildings and the large-scale rollout of smart meters
provides an excellent opportunity to classify the heating
system used. This paper proposes a machine-learning-
based approach using a support vector machine (SVM)
with daily load curves (mean and standard deviation of
consumption) extracted from smart meter measurements.
Three heating types are analysed: district heating, exhaust
air heat pump, and direct electric heating. The
performance was compared among the classifiers using
daily load curves extracted over one year, for each month,
each week, and each day of the year. The highest average
accuracy of 92.6% was obtained for the SVM classifier
using daily load curves extracted for each week of a year
as features. Furthermore, the classifier showed a higher
performance than using an ensemble of SVM or random
forest  classifiers  (90.6%/90.5%) proposed in the
literature. Lastly, an error analysis of the misclassification
was carried out, including building characteristics and
geographical analysis.

INTRODUCTION

Distribution system operator (DSO) needs to know their
customers' heating types when making grid planning
decisions. In 2018, about 50% of the heating in detached
houses in Sweden came from electricity [1]. However,
there is no obligation for electricity consumers to notify
the grid operator of energy efficiency measures or the type
of heating system used. It is difficult to make sound grid
planning if consumers change their heating types without
notifying their DSO. On the other hand, the large-scale
rollout of smart meters for consumers, with publicly
available data, provides a great opportunity to characterise
the heating types of end-users. This information can be
used by the DSO to make better grid planning decisions.

Different approaches have been used to classify electrical
consumers including unsupervised [2] - [4] and supervised
machine learning approaches [5] - [8]. The unsupervised
methods cluster different load patterns. However, to
classify new consumers’ heating types, a post-analysis and
interpretation are required to identify the characteristic of
the different clusters. Classification by supervised
machine learning on the other hand does not require post-
analysis and interpretation. Authors [5] and [6] used a
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support vector machine (SVM) classifier to classify
different properties of electricity consumers using a
corresponding set of features extracted from smart meter
measurements. The feature set in [6] was further extended
in [7] and [8], evaluating multiple classifiers including
random forest (RF) and SVM. SVM was found to be one
of the best-performing classifiers among supervised
classifiers for heat pump detection [8]. Though the authors
in [7] and [8] used an extensive set of features extracted
from smart meter measurements (91 features per week),
the relationship between different months was not
considered in a single classifier. Instead, the authors in [7]
proposed an ensemble classifier, combining the result from
a classifier of each week. Furthermore, [6] - [8] collected
consumer class from survey data, which is usually time-
consuming.

This paper aims to develop a new SVM classifier with
daily load curves as features for classifying household
heating types by using smart meter measurements and
publicly available building data. The main contribution of
this paper includes:

e identifying residential heating types using SVM
together with daily load curves extracted from
smart meter measurements,

e comparing classification performance using daily
load curves for a year, each month, each week,
and each day.

The performance of the proposed SVM classifier is
evaluated through testing using smart meter measurement
data collected from households in a city in Sweden.
Analyses of misclassification were also performed.

CLASSIFICATION MODEL FRAMEWORK

The proposed framework seen in Fig. 1 uses a supervised
machine learning classifier for the heating type of
electricity consumers. The proposed method uses a soft-
margin SVM with load curves extracted from smart meter
measurements as feature input. Further details are
described in the following subsections.

Smart meter data

v

Load curve extraction

¥

Classification by SVM

Heating type prediction
Fig. 1: Framework of consumer classification
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Daily load curve extraction

Typical daily load curves are often used to describe and
cluster the characteristics of electricity consumers, as in
[2] - [4]. In [9], a daily load curve is defined by the average
and standard deviation of electricity. These curves can be
obtained for different seasons, temperature intervals, day
of the week, etc. Fig. 2 shows an example of daily load
curves extracted for each month of a year, including both
the average value (top) and standard deviation (bottom) of
electricity consumption. Consumers with three different
heating types are plotted: district heating (DH), exhaust air
heat pump (EAHP) and direct electric heating (DEH). It
can be seen that the averaged daily load curve differs
between the DH and the electric-based heating types
(EAHP and DEH) in both the magnitude and shape within
the day, as well as the magnitude within the year. EAHP
and DEH also shows similarities when the load (and its
variation) elevates during the winter period.
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Fig. 2: Average daily load curves extracted for each month of the
vear. Top: average consumption; Bottom— standard deviation

This paper will evaluate the classification performance
based on daily load curves. Note that the load curves are
treated as static features by the classifier. That is, the time
sequence of the time-dependent features is not considered.

Overview of support vector machine

SVM is a binary classifier (two classes) that often shows
good performance in various classification tasks [10]. The
aim is to find a hyperplane that separates the two classes
with the highest margin. A soft-margin SVM allows
training samples to violate this margin. These are
penalised by C - &;, where C is a constant (specified before
training) and §; a slack variable for the sample x;. The
value of §; increases as the sample are further away from
the “right side” of the hyperplane. Samples that do not
violate the margin are not penalised, in other words, &; =
0. Allowing errors in the training set makes it more robust
against individual training samples. The objective function
of the SVM can be defined as [11]:
N

1
. _ 2 i
mins Wi +C ) & M
i=1
subject to:
yirW-x;+b) 21-¢ (2)

fori = 1,..,N and & = 0. N is the number of training
samples and w is the normal vector to the hyperplane.
w- x;+b = 0 is the hyperplane separating the two

classes, where b is a constant and:
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By extension, a radial basis function (RBF) kernel is used
to deal with non-linear separable classes, with the feature
vector x; mapped from the feature space to a higher-
dimensional space. The SVM seeks a hyperplane that best
separates the classes in that higher-dimensional space. The
kernel is a Gaussian function and is given as [11], [12]:
K(x,x)= e lle—="]1* 4
where ||x — x| is the Euclidean distance between two
points, and y the hyperparameter to tune. The greater the
value of y, the closer the points need to be deemed similar.
This results in a more complex decision boundary, which
could lead to overfitting. Conversely, a low value of y
results in a less complex decision boundary, which could
lead to underfitting of the model.

Training and classification

SVM with multi-class classification

To solve a multi-class classification problem, we use a
one-vs-rest classifier, whereby each class in M is
compared with the remaining M — 1 classes, resulting in
M binary classifier if more than two classes. An unseen
sample is assigned to the class with the maximum number
of votes from the M binary classifiers [12].

Imbalanced classes
To balance the importance between the multiple classes, a
weighting factor inversely proportional to the number of
samples N of a given class k was used,
N

Wk = N (5)
where N the total number of samples. The minimisation in
(1) is instead [12]:

1
in— 2 . ,
minz W2 +C > wii, ©)
yi=1
Classification process
Once the decision boundary is found using (6) and all
training samples, the trained classifier can be used to test-

run. That is, classifying consumers’ heating type based on
data that have not been used to develop the classifier.

RESULTS

Setup of experiments

Data description

The dataset consists of hourly smart meter measurements
collected from households in a Swedish city over one year
(2017). The labels (heating type) and heated area (for error
analysis) were collected from the building’s energy
declaration [13]. One and two-family households with
only one smart meter and with one of the three common
heating types are considered: DH, EAHP and DEH.

Pre-processing
Missing values were linearly interpolated if only two
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successive values were missing. Consumers with missing
data after the interpolation were filtered out as it is out of
the scope to approximate the smart meter measurements.
Furthermore, due to a change of sampling frequency
(faulty communication), consumers with smart meter
measurements with less than 0.1 kWh/h difference
between two adjacent hours for a rolling window of 20
hours were also removed. Lastly, both the training and test
set were normalised using the mean m' and standard
deviation s' of each feature [ in the training set. The
normalised sample %} were obtained by:
X —m!

=T ™)

Dataset partition and cross-validation

A fivefold cross-validation was used to evaluate the
performance. The data were split randomly into five equal-
sized and non-overlapping folds according to the number
of consumers/households. That is, data sequences from
individual consumers were used only in training or testing,
with 80% used for training and 20% used for testing. Each
fold was used as the test set only once, with the remaining
four folds used as the training set. The classifier was re-
trained using the corresponding training set and optimised
hyperparameters. Table 1 summarises the size of the
training and test set for the different heating types studied.

Table 1: Number of individual customers exclusively used in each
training/test set fold partition.

Heating type Training Testing Total
DH 1286 (41%) 322 (10%) 1608 (51%)
EAHP 426 (14%) 107 (3%) 533 (17%)
DEH 793 (26%) 198 (6%) 991 (32%)
Total 2505 (80%) 627 (20%) 3132 (100%)

Hyperparameter tuning

A grid search of the hyperparameters was performed, with
C €{10°10%,10% 10%,10%10°} and y € {1077,107°,
1075,107%,1073,1072}. Using a two-fold cross-
validation on the training set, the parameter combination
with the highest accuracy was selected for the final
classifier.

Criteria for performance evaluation
The total accuracy, and the precision, recall and F1-score
of each heating type ¢ were used to evaluate the
performance of the model, defined as:

- Tk
Prec1510nc = m (9)
TP,
Recallc = m (10)
Precision, - Recall,
Fi.=2 (11)

~ " Precision, + Recall,

where C is the total number of classes, TP, the true
positive, F P, the false positive, and F N, the false negative
for class c.

Results and discussion

Overall performance

The effectiveness of the proposed model was evaluated by
performing fivefold cross-validation. Table 2 compares
the performance of SVM with daily load curves extracted
over a year, for each month, each week and each day of the
year, respectively, resulting in 48 features (24 hours mean
and standard deviation values), 576 features (48x12
months), 2496 features (48%52 weeks), and 8760 features
(24x365 days). Note that daily load curves extracted over
each day are the same as the original hourly smart meter
measurement data but normalized according to (7).
Comparing the results, Table 2 shows that increasing the
number of features increases the performance of the
classifier, with daily load curves for each week showing
the best performance (92.6% accuracy). Though using the
normalised hourly smart meter measurement directly as
features showed a lower accuracy (91.8%), the SVM still
showed a high performance, even though the number of
features surpasses the number of training samples (risk for
overfitting), and the data was non-stationary. It was noted
that tuning the hyperparameters was essential, whereas
poorly tuned hyperparameters showed a substantially
reduced performance as the number of features increased.

For all models, it is seen that the model had more
difficulties distinguishing the electricity-based heating
types than DH. The higher performance of the DH class
was expected as the average consumption (see Fig. 2) was
in general lower than the electricity-based heating sources.
Furthermore, the high F1-score of DH (high precision and
recall) shows that the models had higher difficulties
distinguishing EAHP from DEH. As also seen in Fig. 2,
the average profile of the electricity-based heating sources
showed similar characteristics.

Comparing to existing classifiers

Table 2: Performance of the fivefold cross-validation using a daily load curve extracted over a year, for each month, each week, and each
day of the year, without weekday differentiation. All performance values are averaged + standard deviation.

Daily load curve Precision (%) Recall (%) Fl-score Accuracy
DH EAHP DEH DH EAHP DEH DH EAHP DEH Total
Over a year 978406 551432 795+10 | 925+13 707415 743+37 | 951406 619+21 768+21 | 83.0£09
Over each month 983+06 792421 903+20 | 943+02 86.1+3.4 919422 | 963+03 825+08 9L1+11 | 921404
Over each week 985+07 830+14 887+16 | 949407 833+20 937+14 | 967406 831+06 911408 | 92.6+0.3
Over each day 985+1.0 855+3.0 853+13 | 951409 773+42 942415 | 968405 8l1+14 896406 | 91.8+03
C_ TP The proposed classifier with daily load curves was
Accuracy = (3) compared to the classifier proposed in [7] and [8], using

¢ TP.+FP;
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only smart meter measurements. The work in [7] further
improved household classification using smart meter
measurements as proposed in [5] and [6]. Note that the
authors evaluated multiple machine learning algorithms,
however, for this comparison, we only consider SVM and
RF which showed the highest performance in [8].
Furthermore, a grid search using a two-fold cross-
validation was wused where the Dbest-performing
hyperparameters were selected. Searching grid was C €
{10°,10%,10%,103,10%,10°} and y € {1077,1075,1075,
107%,1073,1072} for SVM and for RF the minimum
number of samples required to be a leaf node
{2,4,8,16,32}. Table 3 summarises the performance of the
test set. The results show that the proposed classifier using
a daily load curve for each week of the year results in a
better average test accuracy (92.6%) than the SVM and RF
developed in [7] (90.6%/90.5%). Even though the
precision or recall was lower for some heating types of the
proposed classifier, the Fl-score was the highest for all
three heating types.

Model and error analysis

An important step in model development is analysing
classification errors. This is done to better understand the
misclassifications and see if there are any errors/biases.

Building characteristics

The classification error was evaluated by assessing the
heated area and age of the building and whether there are
systematic patterns between the correctly and incorrectly
classified consumers, see Fig. 3. It is seen that for DH, the
average heated area (left figure) was greater for the
wrongly classified consumers than for the correctly
classified ones. This could indicate that using the heated
area in the modelling could further increase the
performance of the model. However, the difference
between the correctly and incorrectly classified consumers
was small for exhaust air heat pumps and direct electric
heating. Further studies are needed to analyse the
background of this pattern.

Furthermore, Fig. 3 shows a major difference in building
age (right figure) between the different heating types;
EAHP were normally found in newer buildings; DEH as
the only heating source was found mainly in houses from
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Fig. 3: Classification performance as a function of left) heated
area and right) age of the building. The boxplot was based on the
test classification from all folds.

the 70s; DH was seen in both newer and older houses. The
age of the building could be included in the model.
However, there is a risk that the classifier will show a bias,
such as classifying a consumer with an older house with an
EAHP installed as DEH. Instead, the age of a building may
be seen as an indication of whether there is an increased
probability of changing the heating system. Nonetheless, it
is seen that the building of correct classified samples was
on average slightly newer. Further analysis should be
devoted to how to incorporate the age of the building into
the model without inducing bias.

Geographical analysis

The geographical analysis of the misclassifications in Fig.
4. shows that some areas were over-represented with
misclassifications. This could indicate a geographical bias,
which could be further investigated. For instance, it was
found out that in one area with a high misclassification
rate, the consumers had collectively changed their heating
system from DH to EAHP. On one hand, the example
shows that the energy declaration may be outdated since it
was issued. This can cause errors in the training process
and especially in the evaluation of the model. On the other
hand, it also shows that the classification model can
indicate whether a consumer's heating system has changed.
This information is particularly useful to DSOs in their
grid-planning process. Further discussions can be found in
the report in [14].

CONCLUSION

The proposed SVM framework has successfully classified
the heating type of electricity consumers using smart meter
measurements only. Households with one out of three
common heating types were evaluated, including DH,
EAHP and DEH. The proposed SVM using daily load
curve for each week of the year as features showed the best

Table 3: Comparing to existing classifier by fivefold cross-validation. All performance values are averaged + standard deviation.

Method Precision (%)
DH EAHP DEH DH

Recall (%) Fl-score Accuracy
EAHP DEH DH EAHP DEH Total

Proposed SVM with
daily load curve over | 985+ 0.7 83.0+14 887+16 | 949+0.7
each week

SVM with ensemble
classifier [7]*

RF with ensemble
classifier [7]*

951+12 938432 833+£16 | 964%0.7

963+04 91.0+38 825+13 | 948+0.8

833+20 937+14 | 96.7+£0.6 831%+06 91.1+08 | 926+0.3

642+15 956404 | 957409 762+19 89.0+1.0 | 90.6+0.5

67.7+47 959407 | 955+05 77.6%x39 887+06 | 90.5+0.5

* Only using feature extracted from smart meter measurements, not including weather-based features
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Fig. 4: Misclassification rate per zip code, based on the test
classification from all folds. (This map was created using
ArcGIS® software by Esri. ArcGIS® and ArcMap™ are the
intellectual property of Esri and are used herein under license.
Copyright © Esri. All rights reserved. For more information
about Esri® software, please visit www.esri.com)

performance, with a classification accuracy of 92.6%.
When the normalised hourly smart meter measurements
were used directly as features, the performance was still
good with an accuracy of 91.8%. Furthermore, compared
to existing classifiers using an ensemble classifier with
SVM and RF, the proposed method showed a higher
performance (compared to 90.6% and 90.5%). This shows
that including the load curve in one classifier can achieve
higher performance. Moreover, the posterior analysis,
using publicly available building data, showed some key
findings that can be wused to further investigate
misclassified samples to improve the -classification
accuracy. First, misclassified consumers with DH tended
to have a larger heated area than the correctly classified
ones. Second, a geographical analysis of the misclassified
consumers showed a good indication of whether there was
a geographical bias. This is valuable information for the
distribution system operator during their long-term grid
planning and should be further investigated.
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