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Data visualization has become relevant in the framework of the evolution of big data analysis. Being able to understand
data collected in a dynamic, interactive, and personalized way allows for better decisions to be made when optimizing and
improving performance. Although its importance is known, there is a gap in the research regarding its design, choice
criteria, and uses in the field of building energy consumption. Therefore, the state-of-the-art of visualization techniques
used in the field of energy performance, in particular by considering two types of building analysis: simulation and
monitoring are discussed. Likewise, data visualizations are categorized according to goals, level of detail and target users.
Visualization tools published in the scientific literature, as well as those currently used in the loT platforms and
visualization software, were analyzed. The overview can be used as a starting point when choosing the most efficient data
visualization for a specific type of building energy analysis.
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| 1. Introduction

The growing energy demands of buildings and their consequent environmental impacts motivate professionals and
researchers in the field of building construction to seek out more sustainable ways to create built environments. To
achieve energy efficiency, it is necessary to evaluate processes and consumption behavior. This building information not
only allows the reduction in energy waste, but also the increase in energy savings, improving building efficiency .
Building Energy Simulation (BES), a computer-based analytical process, is one of the most used alternatives to
understand the energy performance and environmental impact of buildings due to its variety of tools and retrofit
alternatives 2. BES could help in the identification of environmental issues in buildings, especially in the last stage of the
design B, and is mainly used in the prediction and analysis of building energy consumption . Another useful alternative
to control and monitor energy is the Building Energy Management System (BEMS), a technology which not only allows
one to obtain updated and historical information on energy use, but also to predict consumption trends by means of
appropriate models, thus promoting energy savings by controlling building loads [31.

Data obtained through BES or BEMS become relevant information when a data-driven analytic approach is used. This
method allows for the interpretation and analysis of the data through their graphical representation 8, allowing these
data to be processed, organized, and structured, gaining significance and purpose . Currently, several tools may be
used in the framework of this approach, among which are data visualization software and Internet of Things (IoT)
platforms. These technologies could contribute to the efficient management of energy consumption, support the decision-
making process and reduce costs while maintaining the required energy demand &,

Due to the relevance of energy efficiency in this field of research and the importance of data visualization in the framework
of the evolution of big data analysis !, many companies have become interested in developing tools aimed at monitoring
their energy metrics. When analyzing building energy simulation results, it is often necessary to combine different tools
and software due to the large amount of data and various needs 9. This limitation has led to companies developing their
own visualization tools due to the complexity and advanced knowledge requirement for BES . However, one of the
recurring problems of specialized visualization is the lack of adaptability when the user is interested in relating different
metrics and parameters 14, Likewise, these dashboards do not have the ability to modify the charts according to
particular purposes. Thus far, there is no data visualization tool that can analyze and compare scenarios based on custom
parameters (29,

Being able to understand the metrics of the data collected in a dynamic, interactive, and personalized way allows for
better decisions to be made when optimizing and improving performance 123114l a5 well as for awareness and
motivation/learning [5IL8l Additionally, there is currently a great variety of types of visualization, each of them having



different levels of complexity. Therefore, several types of graphs, plots, and charts are used in the interdisciplinary field of
data visualization in order to communicate information efficiently. Hence the characteristics of an effective graphical

representation are: clarity, precision, and efficiency L4, considering that visual information should not only be useful but
also meaningful [L8I[L2120],

Moreover, graph types can be organized in relation to: data dimensions (univariate or multivariate analysis), types of
variables (numeric or categoric), as well as functional categories, such as comparison, relationship, distribution, and
composition, among others. Likewise, their choice depends, above all, on the purpose of the analysis, the source and
availability of the data, and the target user. Furthermore, in some cases, there is a need for simple and clean graphs in
order to make quick decisions; in others, the users have more advanced knowledge and require personalized charts, with
the possibility of creating their own data models 24,

Intelligent energy control in buildings is an important aspect towards sustainability 22231241 and Internet of Things (IoT)
technology is leading this transformation due to its ability to store, process, and exchange huge amounts of data 2211261, gy
monitoring the target infrastructure through sensors and actuators, 0T technology gives an overview of the current

situation of energy costs and consumption, allowing the user to have complete insight of the parameters at all times 2311271
[28]

In many cases, these platforms include the graphical representation of data as an intrinsic feature; in others, they are
supported by visualization software with a wide variety of charts. By providing an interface with the database and a
Machine Learning (ML) tool for faster processing and improved efficiency, these platforms help users with no prior
experience to better understand their information and data for future decision making. Although the opportunity to
visualize data through dashboards is provided, Sarikaya et al. 22 emphasized the difficulty that exists when using pre-
established dashboard tools, as they fail to reflect the multiple and varied needs of users, not allowing them to clearly
interpret their data. It is important that visualization tools are adapted to the goals and intended scopes of the study B9
and become more “case-focused” 211,

Regarding this issue, the use of interactive tools capable of presenting complex information on a single display and
making use of various types of visualization charts can be introduced 4B |n fact, several articles have already
reviewed a great variety of visual analytics; however, the scientific literature is still lacking in organizing these
visualizations into useful categories according to the types of building energy analysis and their levels-of-detail (LOD) of
data.

| 2. Visualization Techniques in Building Energy Simulation and Monitoring
2.1. Types of Visualization Used in Relation to the Goal of the Analysis

When choosing the best way to visualize energy data, more than one graph can be used at the same time, but these
types are the same ones being used constantly. Line and bar charts are the most used graphs, having been identified in
26 and 20 scientific papers, respectively. Likewise, it is observed that more complex graphs, which offer the possibility of
analyzing multiple data dimensions or attributes (e.g., bubble charts and boxplots) and hierarchical graphs (e.g.,
sunbursts) are used less frequently. Furthermore, 3D visualizations and floor plans are used in a large number of tools as
a visual and contextual support, thus reinforcing the presentation of quantitative graphics 22,

In relation to the goal of energy report analysis, scholars predominantly focus their visualizations on a professional/expert
user in the field of energy management. These users need to be aware of the building’s energy performance in order to
make informed decisions. Among the charts aimed at this purpose, in addition to the typical lines and bars, histograms,
scatter plots, parallel coordinates, as well as pie charts and their variations were found. In most cases, these graphs

complement data tables that present the same numerical information [LILAESIB4IBESISENST]  giving the expert user the
opportunity to interpret data under different possible relationships between variables.

The literature focused on energy performance visualization presents a wide variety of types of presentations and
techniques of use. Literature presenting case studies as the main goal use common graphs, such as line, bar, and pie
charts. Moreover, some papers present information with just one type of chart in which the time-scale and variables
change, and these can be presented in isolation or as a composition. Some examples of graphs used in these papers are
Sankey diagrams 28, heatmaps 29, radar charts 49, parallel coordinates 28141, scatter plots 42, and sunbursts 3],



2.2. Types of Visualization Used in Relation to Performance Indicators

Environment perception. Temperature/comfort and relative humidity are the most recurrent variables and generally
presented in a single graph. When the data source is a simulation, the time-scale is predominantly monthly and daily;
when it comes to monitoring data, the main scales are hourly and sub-hourly. Generally, the graph chosen in these cases
is a line chart.

In relation to daylight/luminance/glare, a trend towards its relationship with geometry variable is observed. This is
presented by means of 3D visualizations and/or floor plans at an annual time-scale, when the analysis is simulated, and
sub-hourly when it is monitored.

Although air quality and ventilation are closely related variables, a weak relationship has been observed in the analyzed
graphs. Ventilation is usually associated with temperature/comfort and presented as a line graph on an hourly scale.

Building geometry and thermal performance. Geometric data are usually shown through 3D visualizations and floor
plans, often accompanied by a data table that deepens the information displayed. Although the geometry and envelope
variables play an important role in the internal temperature/comfort of the building, no strong relationship has been
observed between these parameters. When the geometry and envelope of the building are associated, bar charts, parallel
coordinates, radar charts, and tornado diagrams are regularly used.

When analyzing building occupancy through simulations, line and bar charts with daily and hourly time-scales are
preferred; when monitoring, 3D visualizations, floor plans, and gauges are additionally used. Some graphs have been
prevalently used to represent air quality in relation to occupancy, but in no case has occupancy been associated with
noise values.

General energy consumption. There are several types of visualization used in the field of energy consumption. Among
the most representative, line, bar, pie/donut, and radar charts have been notably used to show general consumption in
simulations with annual, daily, and hourly time-scales. In relation to monitoring, in addition to those already mentioned,
gauges and widgets/icons/figures were identified when at-a-glance and eye-catching visualizations are needed.
Heatmaps have been used to visualize average demands over a given time 4244 and compare performance between
individual consumption patterns 2. However, this graph gains even more relevance when data are visualized spatially
with the support of 3D visualizations or floor plans 2E740][46][47]

Tornado diagrams and radar charts are used when energy performance is simulated and display information on an annual
scale. The first one is used to visualize the influence of design variables in relation to its performance 2 |oad factors 48l
and costs 49 while the second is used to compare design alternatives in relation to energy savings 2%, as well as
multiple variables and key performance indicators (2250,

Individual energy consumption. Line, bar, and histogram charts are chosen to display monthly, daily and hourly lighting
consumption, while pie/donut charts show just annual data. No relation is observed between lighting and
daylight/luminance/glare parameters, despite the fact that their association often derives from cause—consequence
analysis. Furthermore, it is noted that the lighting—geometry relation is not as strong as expected. Although papers focus
on the final energy consumption rather than analyzing the underlying causes, it would be useful to show data of both
variables in a single graph to study the correlation.

Regarding heating and cooling consumption—the most studied parameters in the field—sunburst charts, parallel
coordinates, and chord diagrams are the common visualization types chosen to present annual data as an overview, while
bar and line charts, heatmaps, histograms, and scatter plots are preferred when the aim is to understand behavior over
shorter periods of time.

Parallel coordinates, in most cases, show interrelated design variables and attributes [20]41][51] allowing one to identify the
impact generated by the design alternatives in general consumption and achieve a “direct reading key” between input and
output B8, Furthermore, the use of the pie/donut chart and its variations is observed in the following cases: when showing
the total consumption and its subdivisions by category, e.g., heating, cooling, lighting, and hot water 3l: when comparing
consumption between spaces I and equipment B2 and when monitoring B34 and predicting B2 minimum and
maximum consumption, with the help of color differentiation.

In addition to the typical line and bar charts, which seem to have the ability to adapt to all parameters and purposes,
scatter plots and histograms are the most versatile visualizations. Scatter plots are used when different variables must be



related to one or more objectives [EIAES] |t offers the possibility to identify patterns ¥2 or separate clusters 41l in search
of anomalies and allows for the analysis of design performance according to different alternatives 9. Histograms have
proven useful when comparing hourly and daily consumption BAB8IES] a5 well as weekly and monthly variations [221571(58]
B3] Historical performance and design variables can also be plotted using this graph 2269,

Water and natural gas consumption. For the study of these parameters, line and bar charts associated with
widgets/icons/figures, data tables, or gauges were identified when data monitoring activities are being displayed. Scatter
plots are used in simulations on a monthly scale, mainly due to the availability of water and gas bills.

Costs and renewable energy. Costs related to consumption are represented annually by means of bars, scatter plots,
Pareto charts, and tornado diagrams. Likewise, presentations of renewable energy use are always related to cost and
general consumption and thus use bar charts and heatmaps. It is noted that this information is not commonly displayed
and is not related to other parameters.

2.3. Synthesis of Visualizations According to the Type of Building Energy Analysis

The results of the analysis of data visualization types are summarized in Figure 1. In order to understand which graphical
representations are the most used according to the type of building energy analysis, a subdivision by categories is
presented. On the left side of the table, the types are related to the goals of the interpretation phase, while the LOD of the
data analysis is shown at the top. The visualizations are color-coded to differentiate the number of times each graphic is
used in the scientific literature. The red color indicates that the use of the graphic has been identified many times, yellow
indicates less use, while the gray color indicates its use only once.
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Figure 1. Graphical representations per type of building energy and level of detail of data analysis in relation to users.

Having noticed that awareness is a shared goal between professionals/experts and occupants, users were divided
according to two main purposes: decision making and motivation/learning. This classification allows the identification of
the most used types for each of the LODs.



In the initial exploration phase, eight charts were identified as the most used graphics when making decisions in both
types of performance analysis (i.e., simulations and monitoring): line charts, histograms, bar charts, pie/donut charts,
scatter plots, data tables, and radar charts. When displaying combined simulation results, parallel coordinates is a
recurring option, followed by boxplots, Pareto charts, and heatmaps. By contrast, when monitoring data,
widgets/icons/figures are used for detecting hotspots. Dynamisms such as alerts allow trends to be identified and for
mitigating measures to be taken. Furthermore, when the goal is to motivate and educate the occupant, the use of
contextualized charts, such as 3D visualizations and floor plans/maps, is a trending strategy, aiming to help a non-expert
user to better understand the metrics. Their use is observed mainly in simulations, taking advantage of the model
previously elaborated in the preceding phase.

The use of scatter plots, histograms, and boxplots is observed in the second LOD. These graphs, focused on an expert
user, allow multiple variables to be related at the same time and facilitate the analysis of sensitive data. Specifically for
combined simulation analysis, the tendency to use parallel coordinates is once again observed, but for monitoring, no
predilections were identified. In this case, pie/donut charts and tornado diagrams were used to subdivide and present data
by annual categories. The only chart aimed at occupants was the pie chart, most likely because this graph allows one to
observe data in real time by dividing the total consumption by services.

The use of line and bar charts, scatter plots, and histograms was mainly observed when analyzing results in detail and
comparing the performance between design options. The visualization of this kind of information is intended for energy
experts with decision making power. Among those chosen for occupants, pie/donut charts were again prioritized for
simulation, while for monitoring time-series, histograms were chosen due to their ability to show frequency distributions.

In order to deepen the analysis and prioritize expert users, such as professionals, developers, managers, and end-users,
the graphical representations in relation to the types of building energy analysis, whether simulation (Figure 2) or
monitoring (Figure 3), are presented.
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Figure 2. Graphical representations per goals and level of detail of data analysis for simulation and modeling.
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Figure 3. Graphical representations per goals and level of detail of data analysis for monitoring and visualization.

2.4. Interactive Dashboards as a Supporting Strategy for Decision Making

Energy results, whether derived from simulation or monitoring, need graphical representations in order to be understood
effectively. It was found that the choice of the most appropriate graph depends on key factors: data source and availability,
goals of the energy analysis, and target user. Likewise, prioritizing a single graph without context, without explanation of
the findings or situational comparisons, restricts the scope of interpretation and limits decision-making. For this reason,
the fluid integration of different types of graph, where the user is allowed to explore and control the information, is
necessary 2148l The graphs must complement each other and be presented with a certain hierarchy, prioritizing some of

them and emphasizing important results (611,

2.5. Data Visualization Tools and Platforms

Table 1 shows tools that have been identified as highly useful and versatile in the field of building energy analysis. Their

characteristics and potentials are pointed out, as well as the variety of chart types offered.

Software
Tools

Bokeh [621

ChartBlocks
[63]
Chartist.js
[64]

Charts.js [65]
D3.js [68]

DataHero [€7]
Datapine [€8]

Dundas BI
[69]

Dygraphs 79

Table 1. Data visualization software development tools.

Source ::l::zion Dashboard Dynamic Interactive Customizable
open  available v v v v
open available v nla v v
open  available v v nla v
open available v v v v
open available v v v v
nla v nla nla v
closed v v v v
nla v v v v
open  available v v v v

Historical
Analytics

nla

Predictive Data Chart
Analytics  Alert Types

- - M

nla F

- - F

- - F

- - M

nla nla F

v v S

v v S

- - M



Software Free Historical Predictive Data Chart

Tools Source Version Dashboard Dynamic Interactive Customizable Analytics  Analytics  Alert Types
I;ulljsionCharts open v v N v ) ) )
gz:g:e@ open  available v v v v nla

Grafana (8] open available v v v v v
Infogram (24! nla available v v v v nla

Klipfolio (23] nla available v v v v nla nla nla
Looker [8 nla v v v v v v v
Matplotlib 2 open available - v v v - - -
Plotly (81 open  available v v v v - - -
Power BI & closed available v v v v v v
Qlikview [EJ closed available v v v v v v v
Sisense 81 open v v v v v v v
Tableau &2 open  available v v v v v v v
Zoho open  available v v v v nla v v

Analytics B3]

Note: “-" it does not apply, “n/a” information not available, “M” many, “S” several, “F” few.

loT platforms offer a wide variety of very useful charts for the industrial, business, health and transport sectors, while for
the energy consumption of buildings, this offer decreases. As a consequence, the same types of graphs identified in the
scientific literature were found. Although some software and platforms allow users to create and/or choose between
visually captivating graph options, it seems that familiar charts provide some security and avoid possible confusion around
data interpretation caused by less used ones.
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