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helps to better control a building’s temperature. More thermostats can provide better
control of a building, as well as a better understanding of the building's temperature
distribution. In order to determine the minimum number of thermostats required to
accurately measure and control the internal temperature distribution of a building, it
is necessary to find the locations that show similar environmental conditions. In this
paper, we analyzed high resolution temperature measurements from a commercial
building using wireless sensors to assess the performance and health of the building’s
HVAC zoning and controls system. Then we conducted two cluster analyses to evalu-
ate the efficiency of the existing zoning structure and to find the optimal number of
clusters. K-means and time series clustering were used to identify the temperature clus-
ters per building floor. Based on statistical assessments, we observed that time series
clustering showed better results than k-means clustering.
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Introduction

In commercial buildings, it is hard to maintain and control the environment of the build-
ing while considering thermal comfort and energy consumption. These buildings are
usually equipped with intelligent HVAC (heating, ventilation, and air conditioning) sys-
tems. Thermostats send data about the temperature of a space (or zone) within a build-
ing to the HVAC system, which then adjusts the air temperature supplied to that space
accordingly. Fewer thermostats installed generate a less complete picture of a building’s
performance, as different spaces (zones) can have different temperature needs. Ther-
mostats that are improperly placed can also yield incomplete measurements, causing
HVAC systems to run too often or not frequently enough. As a result, the temperature
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measured by the thermostats might be very different from what the building’s occupants
are experiencing.

The consequences of inefficient HVAC systems can have serious effects on a build-
ing and its occupants. People can have adverse impacts on their productivity and cogni-
tive abilities. For example, a direct correlation has been determined that each 4 degrees
Fahrenheit shift away from the optimal internal temperature of 72 degrees resulted in a
2% decrease in productivity. Notably, the economic impact of this productivity decrease
also demonstrated that regaining that 2% productivity increase yields a 9% increase in
net revenue for a company working within that environment. (Allen and Macomber
2020) Another study conducted in New York City identified that schools with an inter-
nal temperature of 90 degrees Fahrenheit saw a 14% higher likelihood of failing an exam
than if that same space was controlled to 75 degrees (Allen and Macomber 2020).

Nowadays, much research has been done on the topic of building health and thermal
comfort. In 2017 (Lee et al. 2017) a research was done to identify the thermal com-
fort of a residential house in Malaysia and found that to satisfy human thermal com-
fort HVAC system is needed for the bedroom and living room. Martin Sarnsvosky and
David Bajus (2017) used k-means clustering to cluster the university building based on
temperature and humidity data which were obtained by sensors. With the development
of smart technologies, people tend to build smart thermostats to control HVAC sys-
tems. Smart thermostats can collect more information than traditional thermostats and
use machine learning algorithms to optimize the setpoint based on both efficiency and
occupant comfort. Hence in 2012 research was done to build a smart energy system to
control HVAC systems based on temperature and humidity (Yun and Won 2012). This
system was evaluated using occupants’ feedback. But not all building owners are con-
cerned with replacing their existing thermostats with smart devices, due to their high
capital cost and how difficult they can be to properly install. A preferred solution would
be to find ways to optimize a building’s controls system using its existing infrastructure,
allowing thermostats to be deployed and used more efficiently. Hence, our research work
is focused on giving a solution to that.

Nikolaou and team (2012) have used five clustering techniques: Hierarchical,
K-Means, Gaussian Mixture Models, Fuzzy, and Neural algorithms to cluster energy
and thermal comfort of office buildings. They have not considered time series clustering
though. Another research work (Adan et al. 2020) presents a temporal-clustering based
technique to identify thermal regions of buildings using a set of thermal orthoimages
(STO). To test this technique in real life they have used 3D thermal scanners. Time series
based clustering on temperature using Gaussian Mixture Model was used here, (Wester-
mann et al. 2019) but it was done using only one variable.

In our study, we have clustered each building floor based on temperature data which
were collected from wireless sensors using k-means and time-series clustering. In the
k-means method, we clustered sensors based on mean values of variables, while in the
time series clustering method, we clustered the sensors that show similar trends over
time. We also considered temperature, humidity, and pressure variables for clustering
and compared the cluster results with each other. Placing a minimum of one thermostat
in each identified cluster will generate more accurate measurements and may lead to
better control of a building’s thermal performance.
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Table 1 Sample of sensor data set

Time Sensor number Temperature (°C) Humidity (%) Pressure (kPa)
2021-02-09 08:58:43 1 264 6 99.19
2021-02-09 08:58:42 2 20.3 6 99.15
2021-02-09 08:58:37 3 204 6 99.16
2021-02-09 08:58:34 4 20.7 6 99.18

Table 2 Sample of weather data set

Time Temperature (°C) Relative humidity (%) Pressure (kPa)
2021-02-09 08:00 — 246 610 99.20
2021-02-09 09:00 — 238 580 99.22
2021-02-09 10:00 — 233 520 99.28
2021-02-09 11:00 —229 520 99.31

Material and methods

Data collection and preparation

The data collection was done in a commercial building in downtown Winnipeg, MB,
Canada. We selected three different floors (first, second and fourth floors) which were
considered as problematic floors by the building owner. Sixty (60) sensors were strate-
gically positioned throughout these floors and air data (temperature, relative humidity,
and pressure) was collected at five minute intervals between February 1 and February
9, 2021. During that period, over 135,000 data points were collected to evaluate the
building’s performance. Weather data was collected using the Government of Canada’s
weather API. A sample of sensor data set and weather data set is shown in Tables 1 and
2 respectively.

Based on the data, we could understand that not all 60 sensors started to collect data
at the same time. For example, when the first sensor started to collect data at “08:00:45,
the second one started at “08:00:51” Hence there was a few second differences between
the data points of each sensor. It created null data points when we considered all time
points as not all the sensors have data at each time point. To fix this, we rounded sec-
onds into the closest minute, and in the timestamp, we considered only the hours and
minutes. Also, another issue was that the weather data were collected on an hourly basis.
Because of that, when merging weather data with sensor data we were losing most of the
valuable data points. We interpolated the weather data to one minute intervals which
helped merge the two data sets without losing any data in the sensor data set.

K-means clustering

In this analysis, we filtered sensors on each floor and considered the mean temperature
of each sensor to cluster the sensors. The main objective of clustering is to group similar
data points (mean temperature of each sensor) together and discover the underlying pat-
tern. To achieve this goal, k-means requires a fixed number of clusters (k). This target

number k, is referring to the number of centroids, which is an imaginary or real location
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of the center of the cluster. Then every data point is allocated to the nearest cluster while
minimizing the intracluster variation.

In the standard k-means clustering algorithm (Hartigan and Wong 1979) total within-
cluster variation is defined as the sum of squared distances of Euclidean distances
between items and the corresponding centroid which is shown as:

W(Cr) = > (i — )’

x;€Cp

(1)

Here x; is i data point of cluster k (Cy), and 1 is the mean value of points in cluster k.
The total within-cluster variation is defined as Eq. (2). The total within-cluster sum of
squares measures the goodness of the clustering, which increases as the sum of squares
measures decreases.

k k

total within cluster variation = Z W(Cy) = Z Z (% — pug)? (2)
k=1 k=1 xieCk

Algorithm 1: K-means algorithm

Data: k number of clusters
Result: set of k clusters
initialization;
while The centroids do not change do
Assign each point to its closest centroid;
Compute the new centroid (mean) of each cluster;
end while

The above algorithm 1 shows the process of K-means clustering; first, specify the num-
ber of clusters (k) and second, randomly select k data points as initial centroids. Then
assign the remaining data points to their closest centroid. The fourth step is recomputing
the new centroids and repeating the third and fourth steps until no changes in centroids.

In this analysis, our objective is to find the optimal number of thermostats for one
floor and to achieve that, we needed to find the optimal number of clusters. For that,
there are different methods, and we used the elbow plot method. Here we conducted
clustering using different numbers of clusters (k) and calculated the total within the sum
of squares for each k value and plot it against k. Finally, the k value at the location of
bend (elbow joint) in the plot is considered the optimal number of clusters. For an exam-
ple, Fig. 1 represents an elbow plot, and the total sum of squares distance decreases as
k increases, but at k = 4 there is a bend. It shows that having additional clusters will
reduce the sum of squares by small values. Hence four can be considered as the optimal
number of clusters.

Time series clustering

In k-means clustering, we considered the mean temperature of each sensor as data
points, but by averaging data, potentially valuable information is lost. In time series
clustering we can overcome that issue by considering all data points and grouping
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Fig. 1 Example for Elbow plot to check optimal number of clusters (k). Red line indicates the elbow joint and
it will help to find k value

sensors with similar time series into the same cluster. Here, hierarchical clustering is
used to cluster the time series based on euclidean distance.

Hierarchical clustering produces a nested hierarchy of similar groups of objects,
according to a pairwise distance matrix of the objects (Nielsen 2016). In time series
clustering, objects are series of numbers. In the agglomerative algorithm, clusters
are initialized with each series that belongs to their own groups. The algorithm then
merges the similar groups into larger clusters, based on the distance matrix. There are
several types of methods and distance matrices to develop clusters. Hierarchical clus-
tering does not require the number of clusters to generate clustering results.

The clustering method used by Santos and team (2019), showed that the mean link-
age method using the correlation similarity metric provides the most appropriate
results when studying weather variables. This method overcomes some deficiencies
of other hierarchical methods in clustering homogeneous groups. Therefore, cluster-
ing is less affected by a typical observation in cluster formation, according to Unal
et al. (2003). The average distance between all pairs of objects in any two clusters can
be calculated as follows:

ny ng

D(r,s) = m% Z ZD(xri — Xg) 3)

S =1 j=1

where D(r, s) is the distance between clusters r and s, and (#,, n5) are the number of ele-
ments in those cluster. The main objective of that study was to cluster precipitation data
based on their behavior over time by incorporating their temporal variations (Unal et al.
2003).

In our study, we used the average method and correlation similarity metric based on
the work by Unal et al (2003). To compare those results, we used Ward’s method and
Euclidean distance, which is the most popular combination of method and similarity
metric for hierarchical clustering. Ward’s method creates groups while minimizing
the pooled within-cluster sum of squares. The Euclidean distance between two differ-
ent time series is called Q, and C can be calculated as Eq. (3). Here ¢; and ¢; represent
i data points of time series Q and C respectively:
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D(Q,C) =

Multivariate clustering

In multivariate clustering, we try to cluster sensors, where all the features within each clus-
ter are as similar as possible. In this study, we measured temperature, relative humidity,
and pressure. Finding an appropriate method to combine those variables for the time series
clustering was one of the challenges in this study.

Since time series clustering uses time series to group objects, we needed to create a time
series by considering multiple features. For that we proposed the following method to cre-
ate a single time series by considering all variables. In this process, we first normalized all
the series (temperature, relative humidity,and pressure) using Min-Max normalization:

vi — Min(v)

Viorm () =y e(v) — Min(») ®)

S Viiorm i)
newg =———————— (6)
n

By normalizing the data we brought all the variables into one scale. Then, using Eq. 6, we
generated a new variable by combining all three variables. Let Vi, (ji) = i" observa-
tion of j* variable, n = number of variables, and new(;, = i" observation of new vari-
able. This new variable generated a time series for each sensor, and we used those time
series for the clustering.

Similarity score measures

Once identified the clusters based on different algorithms, a comparison study can be done
using similarity measures. Those indices measure the similarity between cluster results with
true labels.

Adjusted rand index (ARI)

The Rand Index computes a similarity measure between two clustering by considering all
pairs of samples and counting pairs that are assigned in the same or different clusters in the
predicted and true clustering. If the number of data vectors for clustering is n, then there
are ,,Cy pairs. For every example pair, there are three possibilities in terms of grouping. The
first possibility is that the paired examples are always placed in the same group as a result of
clustering (a). The second possibility is that the paired examples are never grouped together
(b). The third possibility is that the paired examples are sometimes grouped and sometimes
not grouped together. The RI of two groupings is then calculated by the following formula:

_ Count of Pairs in Agreement _a+b
h Total Number of Pairs e @)

RI had one drawback; it yields a high value for pairs of random partitions of a given
set of examples. To overcome this drawback, the Rand Index score is then “adjusted for
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chance” into the Adjusted Rand Index (Hubert and Arabie 1985) score using the follow-
ing scheme:
RI — Expected RI

ARI =
max(RI) — Expected RI (8)

The adjusted Rand index is thus ensured to have a value close to 0 for random labeling
independently of the number of clusters and samples and exactly 1 when the clusterings
are identical (up to a permutation).

Normalized mutual information (NMl)

Mutual information (MI) is a measure of the similarity between two labels of the same
data. Where |U;] is the number of the samples in cluster U/; and | V}| is the number of the
samples in cluster V}, the Mutual Information between clustering I/ and V'is given as:

| |vI
[NV, NU NV
MIU, V) = !
Wvy=> > —log v ©)

i=1 j=1

This metric is independent of the absolute values of the labels: a permutation of the class
or cluster label values won't change the score value in any way. This metric is further-
more symmetric and can be useful to measure the agreement of two independent label
assignments strategies on the same data set when the real ground truth is not known.
Normalized Mutual Information (NMI) (Williams et al. 2007) is a normalization of the
Mutual Information (MI) score to scale the results between 0 (no mutual information)
and 1 (perfect correlation).

Adjusted mutual information (AMI)
The baseline value of mutual information between two random clusterings tends to be
larger when the two partitions have a larger number of clusters (with a fixed number
of nodes). Hence adjusted mutual information (AMI) (Vinh et al. 2010) will be able to
adjust the mutual information (MI) score to account for chance. The AMI between clus-
tering U and V'is given as:

MIU,V) — E{MI(U, V)}

This metric is independent of the absolute values of the labels: a permutation of the class
or cluster label values won't change the score value in any way. Here H(U) and H(V)
indicate the entropy associated with the partitioning U and V. The AMI takes a value of
1 when the two partitions are identical and 0 when the MI between two partitions equals
the value expected due to chance alone.

Evaluate cluster results
Once perform the cluster analysis we have to evaluate the cluster result. In this study, we
used silhouette score to find the goodness of clustering techniques.
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Silhouette score

Silhouette score is used to observe the separation distance between the resulting clus-
ters (Rousseeuw 1987). This measures how close each point in one cluster is to points in
the neighboring clusters. To calculate the Silhouette score for each observation, the follow-
ing distances need to be calculated:

1. Mean distance from the observation to all other observations in the same cluster.
Let’s denote it by Dj,.

2. Mean distance from the observation to all other observations in the nearest cluster.
Let’s denote it by Dyy;.

After calculating the above two distances, the silhouette score, S, for each sample is calcu-
lated using the following formula:
S = (Dout — Din) (11)
Mﬂx(Dirn Dout)
The silhouette score varies from — 1 to 1, where 1 means clusters are clearly distin-
guished and -1 means clusters are assigned in the wrong way. The value 0 means the
distance between clusters is not significant.

Zones and clusters

In the tested building, each floor had multiple thermostats which were connected to vari-
able air volume (VAV) terminal units. VAV terminal units are zone-level flow control
devices. Thermostats that are connected to one VAV unit control by that VAV unit and can
be considered as one zone. Based on the number of VAV units, we could identify different
numbers of zones. After the inspection, we recognized that there are 8, 10, and 10 zones on
floor 1, floor 2, and floor 4 respectively. We considered those numbers of zones as the num-
bers of clusters that we want from the cluster analysis, and compared those cluster results
with the actual zones. It helped us identify whether those sensors within zones collect simi-
lar data or not, and whether having one thermostat for each zone is reasonable or not.

We clustered building floors based on k-means and two different time series clustering
algorithms. From each clustering method, three different results were generated using tem-
perature, temperature + relative humidity, and temperature + relative humidity + pres-
sure. Then, the similarity between zone labels and cluster labels are compared using the
ARI, NMJ, and AMI similarity matrices. These similarity measures are mainly used to do a
pairwise comparison of two cluster results.

Then to determine the minimum number of thermostats, we found the optimal num-
ber of clusters using three clustering methods with different variables as discussed earlier.
Silhouette score was used to evaluate those cluster results and identify the best method to
cluster the building environment.

Results

Descriptive analysis

Before starting the cluster analysis we analyzed the temperature trends of each sen-
sor to identify any anomalies and to understand the building’s current condition. For
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an example, Fig. 2 shows temperature variations over time on each sensor. Based on
ASHRAE (American Society of Heating, Refrigerating and Air-Conditioning Engineers)
55 standards (ASHRAE 2017), the comfortable temperature range is between 19 and
24°C, illustrated by the highlighted region. The majority of temperature values were
measured within this comfortable range, except sensors 16 and 17, both of which were
located in the same office.

Then we averaged the temperatures on each floor, per location to illustrate the tem-
perature trends over one average day. Figure 3 appears to indicate temperature trends
corresponding with occupancy, beginning to increase at 09:00 am and decrease in the
afternoon.

Relative humidity (RH) data of all the sensors within each floor showed similar vari-
ations with time. Hence we compared floor-wise RH variations during the test period.
Figure 4 highlights that floor 1 is typically more humid than floor 2 and floor 4. Based
on the ASHRAE 55 standards, a comfortable RH range is between 20 and 60%, but this
building showed very low RH values.

The average air pressure per floor will depend on many factors, specifically outside
weather conditions. When the weather is cold outside, the warm buoyant indoor air



Wickramasinghe et al. Energy Informatics (2022) 5:1 Page 10 of 14

= Floor 1
Floor 2
Floor 4

Relative Humidity

Feb 2 Feb 3 Feb 4 Feb 5 Feb 6 Feb 7 Feb 8
2021
Date
Fig.4 Average relative humidity per floor, over the entire test period. Building shows very low RH values

based on ASHRAE 55 standards

floor1

floor2
A floor4
99.5kPa Ny = BN —-— Outside Pressure

99kPa

98.5kPa

Pressure

98kPa

97.5kPa

Feb 2 Feb 3 Feb 4 Feb 5 Feb 6 Feb 7 Feb 8 Feb 9
2021
Date
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tends to rise to the top of the building generating increased pressure in the upper
levels, and relatively low pressure in the lower levels. This is known as the stack
effect (Miller 2019; Mijorski and Cammelli 2016). Based on the collected air pressure
data of this building, Fig. 5 shows the floor-wise pressure distribution, and it indicates
that floor 1 has consistently higher pressure than floor 2 and floor 4. This may repre-

sent the reverse stack effect.

Clustering based on number of zones

As discussed in "Material and methods", we clustered each floor using three differ-
ent methods by considering three different variables. We clustered sensor data from
the ground floor, second floor, and fourth floor separately. For example the following
Figs. 6, 7, 8 illustrate the k-means clustering results based on the temperature in three
different floors. Different zones are indicated by black color borders. The legend of
each floor map shows the mean temperature of each cluster from lowest to highest.
Blue color nodes indicate the sensors with the lowest mean temperature, while red

color nodes indicate the sensors with the highest mean temperature.
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Then we calculated similarity matrices to measure the similarity between the zone
labels and cluster labels. Table 3 shows the ARI, NMI, and AMI scores for each cluster
results which were generated by different clustering algorithms.

Clustering based on optimal number of clusters

After generating clusters based on the number of zones within each floor, we considered
clustering based on the optimal number of clusters. In k-means and time series cluster-
ing methods we used elbow plot and silhouette scores to identify the optimal number of
clusters, respectively. Table 4 shows the optimal number of clusters and silhouette score
for each clustering algorithm.
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Table 3 Similarity scores when comparing zoning labels with cluster results

Variables Floor K-means clusters Time-series Time-series
clusters clusters
(Ward, Euclidean) (average,
correlation)

ARI NMI  AMI ARl NMI AMI ARl NMI AMI

Temperature Floor1 0.03 0.61 005 009 063 012 012 061 02
Floor2 0.004 068 001 025 075 028 002 065 003
Floor4 007 069 009 022 073 025 011 069 018
Temperature + humidity Floor1 007 062 01 018 07 027 024 071 038
Floor2 —008 064 —01 006 069 008 012 069 025
Floor4 0.08 0.66 0.1 013 068 015 007 066 0.11
Temperature + humidity Floor1 0.06 061 009 024 072 031 017 065 026
+ pressure Floor2 —009 063 —011 006 069 008 007 068 0.11
Floor4 003 066 01 013 068 015 019 072 027

Discussion
Based on the results of cluster analysis with zones, it is clear that time-series cluster
results have a better agreement with zones than the k-means clusters. When compar-
ing two methods of time series clustering, the results of Ward’s and Euclidean distance
method have higher similarity scores than the results of the average and correlation
method. However, the overall results show small similarity scores between clustering
and zoning, and there can be multiple reasons to have small similarity score values. One
reason is that there can be some lurking, unmeasured variables that affect the clustering
and the other one is, that zoning has not done properly.

When discussing the results of the optimal number of clusters, it is clear that we
can have a smaller number of clusters with sensors that show similar performances.
Hence for this building we could easily reduce number of thermostats. Here, we could
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Table 4 Optimal number of clusters and silhouette score for each clustering method

Variables Floor K-means clusters Time-series clusters  Time-series clusters
(Ward, Euclidean) (Average, Correlation)

Optimal Silhouette Optimal Silhouette Optimal Silhouette score

clusters score clusters score clusters
Temperature Floor1 3 0.66 3 0.78 5 0.71
Floor2 4 0.61 3 0.62 3 0.68
Floord 4 0.58 2 0.88 3 061
Temperature 4+ humidity Floor1 4 046 2 0.83 2 041
Floor2 3 04 3 0.68 4 06
Floor4 4 0.55 2 0.85 2 0.64
Temperature + humid-  Floorl 6 027 2 0.72 2 0.41
ity + pressure Floor2 4 044 2 065 2 — 005
Floord 4 0.36 2 0.85 4 0.54

also see that time-series clustering method clustered sensors better than the k-means
clustering, and Ward’s and Euclidean method showed better performance between
two time-series clustering methods. Clustering using only the temperature showed
better results than combining humidity and pressure to temperature.

For future work, we plan to collect carbon dioxide (CO,) in addition to tempera-
ture measurements to evaluate the indoor air quality. Air quality tends to decrease as
CO, values increase, which has a negative impact on an occupant’s health. Given that
humans exhale CO,, there exists a connection between occupancy and measured CO,
values. Airflow (ventilation) exhausts the breathed air with high CO, concentration,
supplying fresh air with low CO, concentration. Temperature and therefore airflow
into a space are controlled in part by thermostats, and by evaluating CO, and tem-
perature together we can determine effective clustering based on both temperature
(building efficiency) and ventilation (occupant health).

Acknowledgements
The authors thank the editor and anonymous reviewers whose comments/suggestions helped improve this manuscript.

Authors’ contributions

DL and MS carried out the experiment and collected data. AW performed the analysis, and drafted the manuscript. SM
supervised the research. All authors provided critical feedback and helped shape the research, analysis and manuscript.
All authors read and approved the final manuscript.

Funding
Wickramasinghe has been partially supported by Mitacs Accelerate program. Muthukumarana has been partially sup-
ported by the Natural Sciences and Engineering ResearchCouncil of Canada.

Availability of data and materials
Data used in this paper is available upon request.

Declarations

Competing interests
The authors declare that they have no competing interests.

Author details
"Department of Statistics, Faculty of Science, University of Manitoba, Winnipeg, MB R3T 2N2, Canada. “ioAirFlow, 3rd
Floor, 303 Portage Avenue, Winnipeg, MB R3B 2B4, Canada.



Wickramasinghe et al. Energy Informatics (2022) 5:1 Page 14 of 14

Received: 25 August 2021 Accepted: 10 January 2022
Published online: 22 February 2022

References

Adéan A, Garcia J, Quintana B, Castilla FJ, Pérez V (2020) Temporal-clustering based technique for identifying thermal
regions in buildings. In Advanced concepts for intelligent vision systems, pp 290-301. https://doi.org/10.1007/
978-3-030-40605-9-25

Allen JG, Macomber JD (2020) Healthy buildings: how indoor spaces drive performance and productivity. Harvard
University Press, Canbridge

ASHRAE (2017) ASHRAE/ANSI Standard 55-2017 Thermal environmental conditions for human occupancy. American
Society of Heating, Re-frigerating and Air-Conditioning Engineers, Atlanta, GA

Augusto GSC, Brasil NRM, da Silva RM, Gongalves FCS (2019) Cluster analysis applied to spatiotemporal variability of
monthly precipitation over parafba state using tropical rainfall measuring mission (trmm) data. Rem Sens 11(6). ISSN
2072-4292. https://doi.org/10.3390/rs11060637

Frank N (2016) Introduction to HPC with MPI for data science. Springer, Berlin

Hartigan JA, Wong MA (1979) Algorithm as 136: a k-means clustering algorithm. J R Stat Soc Ser C (Applied Statistics),
28(1):100-108. ISSN 00359254, 14679876

Hubert L, Arabie P (1985) Comparing partitions. J Classif 2(1):193-218. https://doi.org/10.1007/BF01908075

Jaeseok Y, Kwang-Ho W (2012) Building environment analysis based on temperature and humidity for smart energy
systems. Sensors (Basel, Switzerland) 12:13458-70. https://doi.org/10.3390/5121013458

Lee YY, Lee YH, Mohammad S, Shek PN, Ma CK (2017) Thermal characteristics of a residential house in a new township in
Johor Bahru. IOP Conf Ser Mater Sci Eng 271:012027. https://doi.org/10.1088/1757-899x/271/1/012027

Nikolaou TG, Kolokotsa DS, Stavrakakis GS, Skias ID (2012) On the application of clustering techniques for office buildings’
energy and thermal comfort classification. IEEE transactions on smart Grid, pp 2196-2210. https://doi.org/10.1109/
TSG.2012.2215059

Phil M (2019) Stack effect: why it was so difficult to stay warm this winter. https://www.hendersonengineers.com/insig
ht_article/stack-effect-why-it-was-so-difficult-to-stay-warm-this-winter

Rousseeuw PJ (1987) Silhouettes: a graphical aid to the interpretation and validation of cluster analysis. J Comput Appl
Math 20: 53-65. ISSN 0377-0427. https://doi.org/10.1016/0377-0427(87)90125-7

Sergey M, Stefano C (2016) Stack effect in high-rise buildings: a review. Int J High-Rise Build, 5:327-338. 10.21022/
IJHRB.2016.5.4.327

Sarnovsky M, Bajus D (2017) Building environment analysis based on clustering methods from sensor data on top of
the hadoop platform.In 2017 IEEE 15th international symposium on applied machine intelligence and informatics
(SAMI), pp 000079-000082. https://doi.org/10.1109/SAMI.2017.7880279

Unal Y, Tayfun K, Mehmet K (2003) Redefining climate zones for turkey using cluster analysis. Int J Climtol 23:1045-1055.
https://doi.org/10.1002/joc.910

Vinh NX, Epps J, Bailey J (2010) Information theoretic measures for clusterings comparison: Variants, properties, normali-
zation and correction for chance. J Mach Learn Res 11(95):2837-2854

Westermann P, Johanna B, Eamon M, Joel G, Ralph E (2019) Insight into predictive models: on the joint use of clustering
and classification by association (CBA) on building time series. In Proceedings of building simulation 2019: 16th
conference of IBPSA. pp 1564-1571, 01 2019. https://doi.org/10.26868/25222708.2019.211236

Williams P, Saul T, Williams V, Brian F (2007) Numerical recipes: the art of scientific computing, 3rd edn. Cambridge Univer-
sity Press, New York

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



https://doi.org/10.1007/978-3-030-40605-9-25
https://doi.org/10.1007/978-3-030-40605-9-25
https://doi.org/10.3390/rs11060637
https://doi.org/10.1007/BF01908075
https://doi.org/10.3390/s121013458
https://doi.org/10.1088/1757-899x/271/1/012027
https://doi.org/10.1109/TSG.2012.2215059
https://doi.org/10.1109/TSG.2012.2215059
https://www.hendersonengineers.com/insight_article/stack-effect-why-it-was-so-difficult-to-stay-warm-this-winter
https://www.hendersonengineers.com/insight_article/stack-effect-why-it-was-so-difficult-to-stay-warm-this-winter
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1109/SAMI.2017.7880279
https://doi.org/10.1002/joc.910
https://doi.org/10.26868/25222708.2019.211236

	Temperature clusters in commercial buildings using k-means and time series clustering
	Abstract 
	Introduction
	Material and methods
	Data collection and preparation
	K-means clustering
	Time series clustering
	Multivariate clustering

	Similarity score measures
	Adjusted rand index (ARI)
	Normalized mutual information (NMI)
	Adjusted mutual information (AMI)

	Evaluate cluster results
	Silhouette score

	Zones and clusters

	Results
	Descriptive analysis
	Clustering based on number of zones
	Clustering based on optimal number of clusters

	Discussion
	Acknowledgements
	References


