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Abstract. The legacy power grid is evolving into a more intelligent grid,
and the classical preventive control paradigm is also evolving into a more
modern data-driven control paradigm. However, the massive data also
poses challenges on the data-driven techniques. In this paper, we focus on
the clustering problem in the residential energy sector based on long-term
energy consumption data. We employ the classical k-means clustering
algorithm and analyze the drawbacks of Min-Max normalization and
the disadvantages of utilizing Euclidean distance. We further provide a
potential solution, PP-normalization, to solve these issues to achieve a
better performance in residential consumption data clustering.
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1 Introduction

Data analytic methods are changing every aspect of our daily life. This is also
true for the power grid. Thanks to the pervasive sensing technology, the system
operator gathers vast amounts of data daily, enabling the smart grid’s data-
driven control paradigm. However, like many other application domains, the
transition from the classical preventive control paradigm to a data-driven control
paradigm in the electricity sector is not very smooth. The major drawback is that
data-driven methods suffer from data pre-processing problems. In this paper, we
take the clustering problem at the end-user level as an example, to explore
pattern-preserved-normalization (PP-normalization) enabled clustering method
based on long-term energy consumption habits.

1.1 Related Works

We identify two lines of research related to our work. The first is about residential
energy consumption clustering in power system, and the other focuses on energy
consumption data analysis.

Carmo et al. put forward the cluster analysis for residential heat load profiles
in [6]. Cui et al. propose a clustering oriented pricing scheme based on consumer’s
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load profile [5]. Magsood et al. propose STFT cluster analysis for DC pulsed
load monitoring in [10]. Wakeel et al. explore K-means based cluster analysis for
residential smart meter measurements [2]. Wu et al. define a novel predictability
matrix from an information theoretic perspective to cluster different kinds of
loads [23]. References [3,11,26] give detailed reviews of the clustering approach
to electricity load profile characterisation using consumption data. Wang et al.
utilize the historical load profile data from existing users to conduct effective
clustering, which contributes to the load forecasting for a new user in the power
system [19]. Clustering for the electric load is one of the most classic tasks
in power system, and thus is well investigated. Our paper focuses on the pre-
processing analysis before clustering, and includes PP-normalization to improve
the clustering performance.

Another research focuses on the energy consumption data processing meth-
ods. Pavlo et al. provides a review for the approaches to large-scale data analysis
[13]. Vandijk reviews some statistical load data processing methods in [18]. Nous-
san et al. give the data analysis on district heating load patterns in [12]. Cui et
al. examine how data quantity and data quality affect the online dispatch effi-
ciency in [4]. Jin et al. put forward a load modeling by finding support vectors of
load data from field measurements in [8]. Wu et al. propose a data mining app-
roach for spatial modeling in small area load forecast in [24]. Afshar et al. make
data analysis and short term load forecasting for Iran electricity market in [1].
This line of research pays more attention to general data processing techniques.
However, in our paper, we seek to design efficient data processing method, i.e.,
PP-normalization, for load profile clustering.

1.2 Paper Organization

The remainder of the paper is organized as follows. Section 2 discusses the fun-
damental features of the data and the idea of preprocessing. We also explain
the dropping majority of data and the primary process of clustering detec-
tion. Then after preprocessing, Sect.3 introduces how to employ the classi-
cal K-means clustering algorithm to accomplish the task. Furthermore, Sect. 4
attempts to improve the performance of K-means clustering using PP normal-
ization. Section 5 conducts a numerical study to highlight the proposed improved
k-means clustering performance and the proposed method’s limitations. Finally,
concluding remarks are delivered in Sect. 6.

2 Overview of the Dataset and Preprocessing

In this section, we first introduce some basic features of the dataset, which could
be used to suggest how to conduct valid data preprocessing. In particular, given
the data of 1-minute granularity, we check the monthly and seasonal patterns
inherent in the data. We believe such information will help us choose the strat-
egy to deal with missing values, select or drop out samples, and determine the
efficient period for modeling and analysis.
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2.1 Dataset Overview

The dataset used in this paper is the Pecan Street energy consumption dataset
[14]. We regard continuous “0” observations (say more than two days) and neg-
ative observations as ineffective. To this end, only 182 out of 342 samples have
complete effective data (the number standard is effective observations should
be larger than 170000). Another 62 samples contain effective observations of 3
months. For the remaining 98 samples, four total samples do not contain any
observation (all 0’s) and are thus being removed from the analysis. For the
remaining data, we regard the samples containing continuous “0” observations
for more than seven days. We will propose a strategy to deal with these missing
values based on the other fundamental features of the dataset.

2.2 Seasonality Check

We conduct the daily and weekly seasonality using the QS-test, a variant of the
Ljung-Box test that computes the test statistic based on seasonal lags of the
series. The QS-test requires that the samples are independently distributed and
can be modeled using the SARIMA model with a period of 1. Therefore, the
partial auto-correlation between samples with lag 1 should be rather large. That
is, the null hypothesis of non-seasonality of 1 will be rejected under a sufficiently
large QS value.

Note that if the data sequence has significant daily seasonality, it should also
have significant weekly seasonality since a week is an integer multiple of days.
Therefore, time series decomposition with daily seasonality is required to capture
the actual weekly seasonality. All the samples are tested with all the effective
observation data. The empirical results are consistent with common sense: Most
samples show significant daily and weekly seasonality. A few samples fail to pass
the daily seasonality test and are removed from further analysis.

Most of the samples with daily seasonality will also appear to have weekly
seasonality after removing the daily seasonality term. However, the weekly sea-
sonality property is less robust. The weekly seasonality may fail if the QS test
is only applied on a partition of the effective observations - say, two continuous
months. Therefore, in this study, we will mainly focus on the day seasonality,
and the word seasonality will be used instead for convenience.

Since clustering discussed in this study is mainly for providing support to
long-term abnormal energy consumer detection. This relatively robust daily sea-
sonality property will allow us to use the aggregate daily consumption profile to
represent the consumption profile of the consumer.

2.3 Monthly Trend

Many other factors will affect the energy consumption profile, e.g., outside tem-
perature. To form an effective strategy to fill in the missing data, it will be better
if sample trends are straightforward. To detect the monthly trend of the samples,
we adopt simple linear regression models for each household and each month.
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We can also test whether this linear regression model is a good candidate.
A simple approach is to treat the parameter estimation as constant (the actual
parameter value) and then apply the t-test. From the empirical test result on
the dataset, we observe that the monthly trends are different even for the same
household for other months. Therefore, using the sample of the current month
to extrapolate data from other months may be unreasonable.

2.4 Preprocessing Strategy

Based on the features discussed above, we choose not to fill in the missing data
due to the different trends between months, which means the observations of
the current month may not be a good estimation start point for another month.
Also, samples without daily seasonality are removed from analysis due to the
relatively small sample size. It will be hard to get a reliable result based on about
ten samples. Instead, observations from 1-31 18:01 to 3-04 01:18 are selected to
be used in this study since almost all the samples have continuous and complete
observations over this time interval. Then by kicking out another four samples
due to the lack of data over this period, we finally selected 317 samples, each
with more than 40,000 observations. Though we remove many observations from
the analysis, the remaining observations are still sufficient to construct a robust
analysis. However, since we only do clustering over generally one month (Febru-
ary), the difference between the consumption profile of months should not be
neglected.

The aggregate data of each day is used to simulate the consumption profile
of consumers. Moreover, due to the limitation of computational power, we select
only to use the aggregate time on each hour. Therefore, we begin with using a
vector v € R?* to capture the consumption profile of each sample, and we will
use the word feature vector to represent this vector.

3 Classical K-Means Clustering

To cluster the consumption profiles, the measurement of similarity should be
declared. Distance-based measurements could be reasonable approaches since
we expect similar consumption profiles to simultaneously have minor differences
between the consumption volumes. A considerable distance between feature vec-
tors generally means significant differences exist in each element. Though this
argument may not be valid sometimes, since a considerable distance may also
cause a significant difference in some specific element pairs, distance measure-
ment can provide insight into determining the similarity. Thus, we choose to
use Euclidean distance as the starting point, and it will be natural first to try
K-means, one of the popular distance-based clustering methods.
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Fig. 1. Cluster number selection base on three different methods.

3.1 Initial Attempts

Recall the goal that we want to form a clustering model to help improve long-
term abnormal energy consumer detection. This drives us to do clustering only
based on the pattern of sample consumption profile but not the consumption
volume of the samples. Therefore, a suitable normalization method should be
applied to preserve the pattern and scale the samples in the same range. We will
first try Min-Max normalization in the range 0 to 1. This is generally a promising
approach for normalization tasks but still has some disadvantages that we will
discuss later. At this point, we will directly try Min-Max normalization and then
turn to K-means++ clustering, which is just a modified K-means that spreads
out the k initial points as much as possible to obtain a more robust clustering
outcome compared with the traditional K-means algorithm. In this study, K-
means is the same as K-means++ for convenience of report writing.

Since K-means clustering requires an initial assignment of the number of
clusters, the Elbow, Silhouette, and gap statistic methods are applied and serve
as a reference to the final cluster number selection (see Fig. 1 for a comparison).
The reason for applying these three methods is because the Silhouette method
focuses more on the distance between clusters but not the difference between
clusters; the gap statistic method cares more about the in-cluster performance,
and the Elbow method generally performs better on considering both in-cluster
and out-cluster performance. We can depend on all the results of these methods
to get a better decision on the number of clusters.

For this simple attempt, we can find these methods provide different sug-
gestions on the cluster number selection. Moreover, though the default function
result suggests 13 clusters for the gap statistic curve, there is no significant global
maximum with & < 15. The result of the gap statistic method remains doubtful.
For the Silhouette method, which suggests 2 clusters are the best, its result is
counter-intuition. Since it is hard for the result of these three methods to reach
an agreement, we decide to try from k = 13. The idea of this decision is based
on the intuition that if the K-means algorithm cannot perform well on a large
number of k, then it will even perform worse when the k is small. Thus, choosing
a relatively large k at the beginning is reasonable. This simple attempt’s cluster
centers are shown in Fig. 2.
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Fig. 2. Cluster centers of Min-Max + K-means approach. Cannot find significantly
different between center of group 5 and center of group 10.

3.2 Drawbacks of Classical K-Means Clustering

By looking into the cluster centers shown in Fig. 2, it can be found that the center
of group 5 is close to the center of group 9. The Euclidean distance between these
two centers is even less than some of the distance between samples in groups 5
and 9 and their centers. We doubt whether these two groups show no significant
difference from each other. However, if we carefully check the in-cluster samples,
more than one possible pattern has been grouped into the same cluster. This
phenomenon suggests increasing the number of clusters. However, if we change
the number of clusters from k = 13 to k = 17, we can still find samples with
possible different patterns within the same cluster, but some clusters will only
contain a few samples (less than or equal to 3) at this time. Therefore, this
phenomenon is not caused by the excessive or insufficient number of clusters.
As mentioned in the introduction paragraph of Sect.3.1, the value of
Fuclidean distance cannot guarantee the number of significant different elements
between two vectors. In other words, the relatively small Euclidean distance does
not mean the two feature vectors are the same but only close to each other in
high dimensional space. For example, consider a consumption pattern only with
one peak at 19:00-20:00. If there is another consumption pattern whose con-
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sumption peaks appear at 7:00-8:00 and 19:00-20:00, and these two consump-
tion patterns are almost the same except 7:00-8:00. By intuition, samples with
these two consumption patterns should not be grouped. However, the difference
in Euclidean distance caused by the “morning consumption peak” may not be
significant enough to separate these two samples.

4 Proposed Improvements

One possible solution to the problem is to make a dimensional reduction. Unfor-
tunately, traditional dimensional reduction methods like PCA and T-SNE do
not help much. We want to improve the in-cluster performance from other
approaches. Another problem that needs to be concern is the Min-Max normal-
ization. Though Min-Max normalization is an excellent approach to maintaining
the consumption pattern of samples, it cannot remove noises in the feature vec-
tor. The noises discussed here are small random fluctuations within a relatively
constant consumption period. These noises may cause extra distance between
two series with the same pattern. Besides, Min-Max normalization probably will
enlarge the within-sample difference of relatively flat samples since it will always
normalize the curve to a pre-defined region. To avoid the drawbacks of Min-Max
normalization, we constructed a modified Min-Max method so-called Pattern-
Preserved normalization (PP-normalization).

4.1 PP-Normalization

The basic idea behind the PP-normalization is that: We can consider the PP-
normalization as a mapping function f,

fx)=y (1)

where x,y € R™, and each element in y is bounded by [L, U] which is determined
by input vector x.

To determine the in-sample fluctuation level of the data x, we set uniform
distribution as reference. Let x;,7 = 1,2,--- ,n be the original series data and
X(;) is the ordered data and x{; be series of ordered data from uniform dis-
tribution. Assume x(;) follows uniform distribution, then x(;) and x(,) can be
estimated as:

X(1) = qo.5 — (qo.75 — qo.25) (2)
X(n) = qo.5 + (go.75 — qo.25) (3)

where g, is p quantile of series data x(;). If the series has significant consumption
peak time and consumption valley time, the whole series will be more compact
to the median compare to series x{,,. Therefore, pick control parameter as 6,
general range parameter «, 3, L, U are defined as:
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L _ a, min(x(l), 9)2(1)) = X(l) (4)
MmMam(x(i), «, ﬁ), mil’l(X(l), 9X(1)) = 9)2(1)

U _ 6, min(x(n), Gfi(n)) = X(n) (5)
MinMax(X ), o, £), min(X,y, 0X(,)) = 0X(n)

4.2 Noise Removing

Let T to be the average of the sample x. After choosing an reference example
denoted as Z, we want to remove the sample noise by applying the following
idea,
«— {MinMax(i,oz,ﬁ), |x — z| <~z (6)
T | MinMaz(x, «, 3), Otherwise

That means, if the difference between the real sample and the reference sample
is less than the predefined threshold vz, we will utilize the reference value to
substitute the original value. Otherwise, we will keep the original value. Clearly,
through this processing, it is easily to remove the useless noisy information, and
will contribute to the subsequent clustering.

5 Numerical Studies

Select the number of clusters to be 12 and apply K-means clustering directly.
The examples of normalization are shown in Fig. 3.

Indeed, the result of K-means based on PP-normalization is only slightly
improved from the simple attempt. Compared to the K-means based on Min-
Max normalization, PP-normalization improves the in-sample performance of
K-means. By looking into each cluster, the number of samples without obvious
different patterns decreases, though such a phenomenon still exists. However,
PP-normalization cannot solve the problem that the cluster center of Group 4
and Group 9 are two close to each other. However, decreasing the number of
clusters will result in a worse performance.

Moreover, it can be found obviously in the sample plot of Group 0 and Group
10 that one of the samples with a consumption peak more than 5h apart from
another one has been grouped into the same cluster. Intuitively speaking, if the
difference in consumption peaks of two samples is only 1h, their consumption
pattern is probably the same. However, if their consumption peak is 5h apart,
it will be hopeless that they hold the same consumption pattern.

This miss-clustering result is also due to the Euclidean distance-based simi-
larity measurement. No matter what kind of distance and L, norm for any P,
this problem will still exist since the traditional distance calculation only focuses
on the difference between two corresponding elements in the vector but does not
care about the difference between a specific element and its front and back.
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Fig. 3. PP-normalization result.

We are solving the problem caused by using Euclidean distance as a similar-
ity measurement. We could use the alignment distance for K-mean clustering.
Through numerical studies, we found that alignment distance provides a solu-
tion to cluster two samples with small peak shifts together. Now a method to
separate samples with large peak shifts is needed. For simplicity, we will start by
trying directly give a penalty on the large peak shift based on the Euclidean dis-
tance. By the intuition of patterns of the samples, no more than two significant
consumption peaks occur in each sample. Also, no more than two consumption
valleys for each sample. Let p;1, pa denote the index (time) of the peaks, and vy,
v9 denote the index of valleys. The feature vector v is modified to a new fea-
ture vector v’ € R?8. Since v € [—1, 1], it automatically assigns a high penalty
on different peak and valley times. By applying K-means clustering on the new
feature vector v/, the result of several distinct groups discussed above are shown
as follows:

By applying K-means based on the new feature vector, the gap statistic
method and Elbow method both suggest a large number of clusters. After param-
eter selection, we finally choose k = 25 to obtain a relatively robust result. Dif-
ferent from the previous attempt, increasing the number of clusters will cause
several clusters only to contain 1 sample. By selecting k = 25, we do not observe
this phenomenon for K-means based on the new feature vector. For the in-cluster
performance, K-means clustering based on new feature vectors is sensitive to the
peak shift of samples. As shown in Fig. 4, cluster 0 discussed in Sect. 3.3 is gen-
erally separated into three clusters with close peaks.
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Fig. 4. Cluster 0 in PP-normalization + K-means and its corresponding clusters based
on new feature vector (cluster 5, 17, and 18).

6 Conclusions

This paper takes the clustering task for long-term energy consumption data
as an example to explore the preprocessing techniques in data-driven meth-
ods. Through analyzing the disadvantages of classic Min-Max normalization
using Euclidean distance in consumption clustering, we propose a novel PP-
normalization idea to improve the clustering performance. Numerical studies
shows that our PP-normalization is effective in energy consumption clustering
task. We believe PP-normalization is a very promising data pre-processing tech-
nique, which could enable many other data-driven tasks, such as LMP prediction
[7], convex hull pricing analysis [15,16], demand response program design [21,22],
and storage control [9,17,20,25].
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