Big Data and Visual Analytics for Building
Performance Comparison

Dimosthenis Ioannidis':?, Angeliki Fotiadou®, Stelios Krinidis!,

George Stavropoulos!, Dimitrios Tzovaras', and Spiridon Likothanassis?

! Information Technologies Institute
Centre for Research and Technology Hellas
Thermi-Thessaloniki, Greece
2 Pattern Recognition Laboratory
Computer Engineering and Informatics
University of Patras, Rio, Patras, Greece

Abstract. In this paper, big data and visual analytics techniques for
comparing building performance under different scenarios and designs are
presented. Large data consist of building information, energy consump-
tion, environmental measurements and occupancy information, which
are combined and correlated utilizing data analytics techniques, so as to
extract useful semantic information about building performance. Also,
visual analytics techniques are exploited to visualize them in a com-
pact and comprehensive way taking into account properties of human
cognition, perception and sense making. They analyze and visualize the
performance of the buildings under comparison in the spatio-temporal
domain assisting the analyst to compare them and detect patterns, tem-
plates and crucial points that are difficult to be detected otherwise. The
performance comparison of different buildings or buildings of different de-
signs or buildings with space usage rearrangement is an important factor
in engineering that leads to building renovation and construction with
low energy consumption and gas emissions in conjunction with comfort,
utility and durability.
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1 Introduction

Building behavior simulation is a fundamental task for energy management,
building’s spaces refinement, new building designing, etc. Building behavior
simulation can lead to design buildings with higher energy efficiency and per-
formance. It is a multi-parametric task, where each parameter affects different
building’s aspects and in different level. To this end, comparison tools able to
correlate, combine and analyze all buildings information in conjunction with
advanced visualization mechanisms are necessary to evaluate buildings’ design
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performance and to compare them, so as to select and decide the optimal build-
ing’s design. Building’s behavior is comprised by a large number of heterogeneous
information (e.g. geometric information, occupancy, energy consumption, etc.),
which is very difficult to be handled, correlated and visualized. Statistical data
analysis is useful if the relationship between variables is well defined. However,
if the analyst does not know what to expect from the data then it often be-
comes necessary to visually explore the data in order to identify an appropriate
statistical analysis technique. On the other hand, visual analytics techniques
can correlate, analyze, extract semantic information and visualize the building
information, assisting the analyst to make a decision about its performance.

There is a large number of visualization techniques in the literature, which
can be divided into the following categories [11,15,17]:

a) 1D to 3D graphics: This category includes x-y-z plots, bar charts, line
graphs, scatter plots, etc. [11]. They are widely used to visualize an estimation
of certainty about a state or hypothesis or the distribution of an attribute or
even to visualize a data model [15].

b) Geometric techniques: Data with more than three dimensions are very
difficult to be comprehensible by humans, so they are projected onto a 2D or
3D space providing an overview of their attributes. Matrix of Scatter Plots,
Parallel Coordinates [19], BallotMaps [18], Prosection Views, Radial coordi-
nates, Star coordinates, Kiviat diagrams, etc. [17], are some representative
examples. Most of them represent data as a single 2D or 3D point cloud or
object, and as a consequence, important information is missing.

c) Pixel oriented techniques: They visually map each multivariate data item
to a pixel or block with visual attributes such as color, size, position [13].
Thus, the data are visualized as a set of pixels scattered around.

d) Iconographic techniques: The attributes of the data are mapped as prop-
erties of an icon or glyph, which vary depending on the values of attributes
(e.g. icons in format of faces of the Chernoff Faces, icons as stars of the Star
Glyphs and icons in stick shape of the stick figures) [2].

e) Graphs layout techniques: Graphs can be visually represented by matrix
visualization [8], node-link diagrams [3], hybrid views of node-link diagrams
and matrix visualization [9], etc.

f) Clutter reduction methods: Visual clutter is a commonly-found problem
in information visualization [4]. With ever increasing sizes of networks, re-
ducing visual clutter has become even more important for visual analysis of
large networks. Edge bundling [10], geometry-based technique [3], skeleton-
based technique [5] and Parallel edge splatting [1], are some representative
techniques belonging to this category.

g) Combinations: Mixed techniques that incorporate the advantages of each
above mentioned visualization methodologies, providing visualizations and
visual analytics techniques focused on the building performance [6].
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The main goal of visual analytics techniques is to assist humans, who posses
different visual perceptual abilities and skills, such as memorizing visual infor-
mation (visual memory) and matching identical forms (visual closure) [14]. Even
for one individual, visual perception and visual illusion could be an issue [16].

The main motivation of the proposed work is the limited research in deploying
visual analytic technologies in building performance simulation, and comparing
analysis tools [7]. Comparing alternative building designs before their implemen-
tation is a crucial issue in building construction industry. However, the output
of the literature simulation tools comprised of complicated information, which
could be very difficult assessed by the analyst. Also, the data mining results
(coming from the analytics component) are often complex and unruly, so the
visualization component allows for the optimal representation of different data
structures assisting the user to efficiently and effectively perform data explo-
ration and focus on the problematic or critical areas of interest.

In this paper, taking into account the limited research in deploying visual
analytic technologies in building performance comparison tools [7], new visual
analytics schemes are proposed that offer new opportunities on evaluation and
comparison of building information assisting to selection of the optimal building
alternative before their implementation/construction. Also, the building alter-
natives comparison is enhanced by the extraction of meaningful semantic infor-
mation for the building’s operation and performance is proposed.

The rest of the paper is organized as follows. Section 2 presents the knowl-
edge mining and visual analytics techniques utilized for the building alternatives
comparison, while Section 3 presents some indicative use cases demonstrating
the performance and the efficiency of the proposed comparison tool. Finally,
conclusions are drawn in Section 4.

2 Data and Visual Analytics

Nowadays technology has enabled and has set as a priority the evaluation of
the building performance towards energy savings and occupants’ comfort, with
the use of the necessary and corresponding software, during the design process.
These Building Performance Software can simulate with high accuracy the en-
ergy consumption of every designed building, even more so if higher level of
details are given for the materials, the construction itself, the occupants, the
heating and cooling systems as well as the orientation and the place of location.
Whether more detailed or less the description of the construction and therefore
more realistic the simulation, the program generates a large amount of data re-
garding the temperature, humidity, energy consumption, CO5 etc. for the whole
measurement period set by the user, which need to be thoroughly analyzed in
order to retrieve the correctness or not of the design choices. Handling however
and analyzing this big amount of data can be a painful, time consuming process
with uncertain results if some parameters are overlooked.
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2.1 Knowledge Mining

The big amount of data could provide very useful information about the build-
ing’s operation and performance, but also their combination, correlation and
analysis could provide enhanced semantic information as well.

Table 1. Events produced for a three-month period of time.

Type of event Number of events/data

Environmental/Energy consumption 52.852
Space occupancy events 47.823
Occupancy trajectories 188.325
Occupancy trajectory points 747.059.925
Total 747.348.925

An example of the amount of data acquired and processed by the system
during a three-month period of time is presented in Table 1, where a summary
of different events is presented.
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Fig. 1. Data mining procedure for the building performance evaluation

Combining occupancy and building geometry information, one can derive
useful information about space occupancy and information for the transitions
among spaces, which can lead to meaningful information of the preferences of
the occupants, the logical transition sequence among spaces in a building, etc.
Furthermore, space occupancy and transitions, combined with equipment and
space energy consumption, can lead to semantic information about the usage of
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each equipment, the needs for extras, or the redeployment specific equipment
(e.g. the printer or the photocopier is better to moved to a more central space,
so as to reduce the employees transitions, etc.).

All these information and data could also provide information about the com-
fort of the spaces, to determine overcrowded periods and spaces and analyze their
circumstances (occupancy, time, etc.), visit frequency, mobility and transitions
among spaces, and a number of other statistics related to the building. Based
on these meaningful information, one can extract Key Performance Indicators
(KPIs) related to the building’s performance, so as to accurately determine its
operational performance, even from the design phase. Figure 1 depicts an ab-
stract block diagram of the knowledge mining process.

2.2 Visual Analytics

In this section, an easy and more direct evaluation of the energy performance
results is going to be presented. Taking into consideration all the aforementioned
information, a user friendly tool has been developed which, through a set of
visualization techniques, enables user to extract the useful information from a
large data set. This data visualization tool uses a coarse-to-fine approach to
visualize information and though its design it directs step by step the user from
a more general view of the performance indicators to a more detailed one and
in focus of a desired parameter (temperature, energy, etc.) selected by the user.

More specifically, the tool starts by exhibiting in a kiviat diagram all the main
Key Performance Indicators (KPIs) referring to a specific building setup/ design
that give the general description of the building performance. The KPIs are
grouped into three categories based on the aspect of building performance that
they address: a) energy performance, b) business performance and c) occupancy
comfort which can be also colored identified (energy performance- green, business
performance -red and occupancy comfort- blue). The green and blue colored
KPIs have a positive meaning (the larger the better), while, on the contrary,

Fig. 2. (a) Kiviat Diagram: Visualization of the building’s KPIs, (b) Building perfor-
mance comparison using Kiviat diagrams
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Fig. 3. Energy consumption for a single day. On each space a clock map with the
respected energy consumption for the different category devices per day is displayed.
The radius of each category denotes the portion of the energy consumption due to the
respective category for the specific slice, where the intensity of the color denotes the
relation of the consumption of the specific category with respect to the rest of the same
category slices.

red colored KPIs have a negative meaning. Furthermore, the density of the color
of each KPI indicates whether it has a good or bad value; darker colors of a
KPI illustrate better values, while light colors indicates bad values [Figure 2(a)].
From there on, by clicking in each one of the KPIs circles, new diagrams appear
with more detailed information regarding the selected performance indicator.

Every indicator, e.g. energy consumption, is the sum of spatio-temporal data,
stemming from the various energy consuming elements placed into different
spaces or even from those elements that are not space-specific, like the central-
ized air-conditioning device, but whose consumption can also be calculated. With
the help of the described tool and by visually analyzing the energy consumption
per space, the user can easily identify the most energy consuming elements of a
building and focus any consumption optimization efforts on those elements. The
spatio-temporal data are graphically represented in every floor plan of building
simulated and for every space of the floor, by displaying the cumulative energy
consumption of three different energy consuming element categories: (1) light-
ning, (2) heating and cooling systems and (3) equipment devices (computerss,
printers, white appliances etc.). Depending on the desired time resolution, the
data is displayed per month, week or day. For the latter, an extension of the
Clock Map proposed in [12] was utilized, with the addition of a 3"¢ dimension
encoded in the radius using concentric cycles (Figure 3).

The data inside the clock map is organized starting from the top (black line)
and moving in a clockwise direction, where each slice represents a time slot that is
user configurable. The different elements are represented by different colors: blue
color denotes lightning energy consumptions, green denotes HVAC consumption
and red other equipment devices such as computers, kitchen equipment etc.
Again the differentiation in color intensity depicts different values. More specif-
ically the radius of each component in the clock map denotes the ratio of its
energy consumption for the specific period of time (slice), where the intensity of
the color compares the value of the ratio with the rest of the same component’s
values over the total visualized period. More detailed analysis over the selected
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KPI of a space can be shown in new graphic representations with all the pa-
rameters that affect the indicator, which can allow a targeted comparison such
as e.g. the occupancy versus lighting. This option can prove to be very helpful
in terms of design and energy control decisions, as it can stress out important
resolutions, for example, if the lights were left open during the night or even
when no occupant was present at the room.

3 Experimental Results

Therefore, it can be seen that beyond the graphically representation of all im-
portant KPIs; there is another feature that can probably be considered as the
most important asset of the tool; the comparison that it allows in every level
of its analysis. Indeed through the general representation of the kiviat diagram
until the most detailed analysis of the parameters of a certain space, the user
has the ability to use this software as helpful tool for the decision that he has to
make, either in design stage or in real building energy performance control.

Space Ve
Legend

5.75516 kivh

308711k

(a)

Fig. 4. Spaces energy consumption visual comparison.

Through the general view and the kiviat diagram, the user can compare the
performance between two or more buildings or even between different time peri-
ods for the same building [Figure 2(b)]. By selecting one of the KPIS and enabling
the option “Space View”, the user can also have a very fast first impression of
the energy consumption of every space and in comparison to the others; the
spaces are colored in variations e.g. according to their energy consumption, in
relation to the color scale described by the legend located at the left side of the
floor graphic representations (Figure 4). Finally, in a more detailed analysis of
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Fig. 5. Space energy consumption. Top left: Bar chart displaying the energy con-
sumption per category over time. Top right: Energy consumption versus occupancy.
Bottom left: Individual energy consuming per element. Bottom right: Total energy
consumption versus COz emissions and occupancy.

the parameters affecting KPIs in every space, it is achieved a thorough, graphi-
cally represented comparison in four graphs: a) the space’s energy consumption
analyzed in every parameter, b) the element’s consumption, ¢) consumption VS
occupancy and d) consumption VS occupancy VS emissions (Figure 5).

In order to become more clear the procedure and profit of the comparison, an
attempt will be made in this paper to compare two different designs of the same
building. For demonstration reasons the primary design of the building consists
of two spaces with all the necessary information regarding usage, materials, lo-
cation, equipment etc. already introduced into the design and the simulation. By
preserving all the aforementioned parameters, the proportions and dimensions
of the building, we divide one of the spaces into two new equal ones, creating in
this mater a building that consists of 3 spaces.

The kiviat diagram that arises from the comparison of the two new buildings
can be seen in Figure 6. With the help of the diagram one can easily iden-
tify that the building with 3 spaces has higher Total Energy Consumption and
correspondingly higher level of Emissions than the building with the 2 spaces.
This change in consumptions leads to a lower Building Operational Performance
and a higher predicted Dissatisfaction of the building users, a logical conclusion
considering that after the division, the new space has new heating and cool-
ing demands and therefore there is higher energy consumption which lowers the
overall building performance. The percentage however of Work Efficiency seems
to be higher in this case, possibly because the Overcrowding factor is quite lower
than the 2 space building, meaning that the working environment can be more
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Fig. 6. Building performance comparison between alternative designs.

pleasant without the commotion that an overcrowded space has to face. Cer-
tainly this comparison doesn’t conclude here as there are many other KPIs to
be considered nor provides with a clear answer to which solution is better than
the other; in every case selected there are always advantages and disadvantages
that only the architect can decide which he/she can overlook or prioritize in
order to achieve the best solution according to his/hers design scenario.

4 Conclusions

In this paper a building performance comparison application has been presented.
It provides a large number of visualizations, allowing the user to evaluate the
performance of a building from the energy consumption point of view using an
intuitive graphical user interface. It has been designed in such a way that can
deal with the large data volume produced by the simulation engines, providing
to the user a set of tools that allow him/her to refine the analysis to a desired
level of detail or focus on specific building elements.

Finally it must be pointed out that the proposed visual analytics techniques
could provide comparative information about alternative building designs, before
their construction, even at their design phase. The analyst/engineer could be able
to determine the optimal solution regarding a number of well-defined building
KPIs. All, these characteristics render the proposed application to a promising
tool to the construction industry, as well as to the big data analytics domain.
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