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Abstract: The Reich Chancellery, built by Albert Speer, was designed with an overwhelming ambience
to represent the worldview of Hitler. The interior of the Reich Chancellery comprised high-ceiling
and low-ceiling spaces. In this study, the change in a person’s emotions according to the ceiling height
while moving was examined through brain wave experiments to understand the stress index for each
building space. The Reich Chancellery was recreated through VR, and brain wave data collected per
space were processed through a first and second analysis. In the first analysis, beta wave changes
related to the stress index were calculated, and the space with the highest fluctuation was analyzed.
In the second analysis, the correlation between 10 different types of brain waves and waveforms was
analyzed; deep-learning algorithms were used to verify the accuracy and analyze spaces with a high
stress index. Subsequently, a deep-learning platform for calculating such a value was developed.
The results showed that the change in stress index scores was the highest when entering from the
Mosaic Hall (15 m floor height) to the Führerbunker (3 m floor height), which had the largest floor
height difference. Accordingly, a stress-ratio prediction model for selecting a space with a high stress
level was established by monitoring the architectural space based on brain wave information in a VR
space. In the architectural design process, the ratio can be used to reflect user sensibility in the design
and improve the efficiency of the design process.

Keywords: electroencephalography; virtual reality; monument architecture; stress; data visualization;
deep learning

1. Introduction

1.1. Research Background and Purpose

According to historians, the chancellor of Germany, Adolf Hitler (1933–1945), had architects create
monuments that were a physical embodiment of his worldview and instruments for campaigns against
the democratic order. One representative monumental structure [1], the Neue Reichskanzlei, was
constructed in 1939 by architect Albert Speer on Hitler’s orders [2]. The building was built to showcase
the might of Hitler’s Germany through its enormity and put pressure on bureaucrats and diplomats
based on vertical balance. In 1939, the president of Czechoslovakia attended a political meeting
in the Neue Reichskanzlei and passed through its long corridors and high-rise spaces. The spatial
dimensions and aesthetics of the chancellery triggered a heart attack in the president. This is one
example that shows the overwhelming feeling of the residence [3]. This phenomenon is known as
Stendhal syndrome, a phenomenological theory defined by Stendhal in the early 19th century that
describes the condition experienced while looking at a work of art at a museum, which includes
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an increased heart rate, feeling weak in the knees and experiencing ecstasy. This phenomenon has been
detected by monitoring brain waves in the medical realm for the purposes of psychological therapy [4].

As such, the residence designed by Speer fulfilled Hitler’s grandiose vision (Figure 1). Therefore,
in this study, we conducted brain wave experiments to understand the variations in emotions in humans
as they move from a low-ceiling space to a high-ceiling space. The emotional information on a person
in each situation was analyzed through a fusion of architecture and electroencephalogram (EEG)
sensors. We took Hitler’s residence as the subject of the case study.

Traditionally in the field of architecture, to infer the spatial experience of a user, which is acquired
via a sensor for measuring the physical elements of a building, surveys of the user’s reaction and
questionnaires are widely conducted. It is possible to develop a method for directly monitoring brain
wave information and analyzing emotional information in a space [5].

In this study, we reproduced Hitler’s Neue Reichskanzlei or New Reich Chancellery, which is
currently in a state of ruin, on a VR platform for a subject to experience. Thereafter, we measured,
via EEG signals, the psychological stability index and stress index, which are emotional information
indices depicting a subject’s feelings in a building space, and built a deep-learning-based stress-ratio
prediction model that could be quantitatively evaluated.

1.2. Research Scope and Method

There were two research methods for understanding the stress index for each building space.
First, the amount of change in the beta waves of an EEG signal related to the stress index was
calculated, and information on the space exhibiting the largest change was expressed in terms of
time information from the VR experience. Second, deep learning was used to compute various
EEG variables, and batch processing was performed for accuracy improvement. Pattern analysis
was performed using deep-learning algorithms to analyze the correlation between ten bits of EEG
information and waveforms. During this process, a section with low stability and high stress was
identified by considering the correlation between the alpha wave, which indicates psychological
stability, and the beta wave, which indicates stress. Thus, the stress ratio was considered in the
computation. The stress ratio is defined as the ratio of stress to psychological stability. Subsequently,
a deep-learning platform was developed to verify the accuracy and calculate the region with a high
stress index. Through a comparative review of the two methods, the region in the VR space where
stress was high was identified, and a practical use plan was suggested by monitoring the architectural
space of the EEG information.

2. Theoretical Considerations

2.1. Electroencephalogram

An electroencephalogram (EEG) is a measurement of periodic changes in a person’s brain nerves,
and because it changes according to the state of human consciousness, it is also called “brain potential”
or “brain conduction”. In general, an EEG is categorized into delta (δ) waves [6], theta (θ) waves [7],
alpha (α) waves [8], beta (β) waves [9] and gamma (γ) waves [10].

Furthermore, an EEG amplifies and records the microelectrical activity of the brain via electrodes
attached to the scalp with a cap to detect the emotional, cognitive and psychological states that cause
certain behaviors [11]. Through this, an unconscious level of cognitive activity can be identified
and predicted. In particular, as an objective indicator of brain function and activity level, an EEG is
a suitable tool for measuring human sensibility because no other indicators exist that can respond
more sensitively to stimulation than an EEG [12].

Previous studies on brain waves have been generally conducted in the medical, biotechnology
and architecture fields.

In the medical and biotechnology fields, most studies on the relationship between brain waves
and stress have focused on the quantification of stress levels using an EEG to analyze brain waves in the
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stress state and the rest state for quantification [13]. Furthermore, the stress level was distinguished
and quantified using an EEG [14]. Another study analyzed the brain waves affecting stress based on
fNIRS (functional near-infrared spectroscopy)–EEG [15]. In addition, one study attempted to improve
the accuracy of categorizing stress by converging the EEG and fNIRS measurements [16].

In the architectural field, brain waves are commonly used to measure sensibility according to
architectural color; changes according to the variation in architectural environmental elements such as
lighting, temperature and humidity; and the responses to changes in visual elements such as specific
patterns or shapes.

Studies on measuring sensibility according to spatial color analyzed brain waves by changing
the colors of architectural elements such as the floor, ceiling and walls and examined the color
arrangements of spaces that are appropriate for relevant space programs [6,17,18]. Studies on measuring
the changes in brain waves according to the variation in physical architectural elements such as lighting,
temperature and humidity have examined the correlation between environmental changes and spatial
satisfaction [19,20]. In addition, studies examining the brain waves’ response to changes in visual
elements, such as a specific pattern or shape, analyzed emotions by measuring brain waves within
specific distances of a city [21,22].

Previous studies investigated the correlation between spatial design elements and brain waves;
however, the correlation between stress and brain waves according to the shape or pattern of construction
elements for architectural design was not analyzed. References [21,22] are currently conducting studies
on specific patterns or shapes; however, there are limitations in analyzing psychological changes
according to a specific distance from an urban perspective and applying it to architecture.

Thus, it is necessary to analyze brain waves with respect to architectural elements to increase
the efficiency of design and realize a design quality that reflects the user’s sensibility during the
construction design process.

Accordingly, in the experiment, EEG data were measured, and the change in the stress level
according to the characteristics of the space was analyzed when the subject experienced the given
space in VR. In particular, there has been an increased need for deep-learning-based technologies for
predicting or categorizing definite or meaningful patterns in big data [23] on brain waves, which are
collected as 60 Hz or more of unstructured pieces of data per second.

2.2. Virtual Reality

Virtual reality is a technology that simulates an immersive three-dimensional environment or
situation similar to or entirely different from reality using a computer. When a dangerous situation
or a situation that cannot be experienced in the real world needs to be reproduced, it is possible to
build a virtual space in a VR platform and implement a suitable and safe environment to experience it.
In architecture, in addition to simulating a computer-generated environment and situation, VR allows
users to indirectly experience spaces in a building that will be built in the future [24]. Therefore,
VR has been widely used as a tool for practice and research purposes in various fields [25]. One typical
example is Unity, which is a VR-capable three-dimensional development platform used to develop
interactive three-dimensional content based on the game engine developed by Unity Technologies.
It is one of the most widely used tools for game development [26].

2.3. Features of Hitler’s Chancellery

The building designed by Albert Speer was based on the concept of “the world in the world”.
It was designed to control access within Hitler’s authority by reflecting his governing philosophy.
The chancellery had a sophisticated architecture, giving the impression of a space occupied by
a powerful ruler. It was built to show the might of Hitler’s Germany and exhibited “greatness” based
on vertical balance. Thus, bureaucrats and diplomatic envoys would often express fear when standing
in its shadow. An example is the case where Emil Hácha, the president of Czechoslovakia, visited the
building in March 1939. The building consisted of plain walls with a 25 m tall floodlight that blocked
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its space from the outside and four large, smooth pillars arranged around the stairs to add to the
overpowering aesthetics of the building. Some theorize that Hácha experienced difficulty breathing
as he ascended the staircase that led to the high, narrow entrance through the empty space made by
the skylight. Subsequently, he passed the next section of the building, the Mosaic Hall, which was
an empty space without furniture or carpets. Weak light bled from the ceiling through translucent glass;
however, it was a cold space without shadows and had no purpose other than to have a psychological
impact on visitors. The president, who failed to overcome the pressure as he walked through the
long corridor after he walked across the rooms, suffered a seizure in Hitler’s study and then signed
a document known as the Czechoslovakia declaration of submissive surrender [5]. As such, the design
of the Neue Reichskanzlei perfectly satisfied Hitler’s vision, and it is possible to understand how
overwhelming the building was (Figure 1).
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Figure 1. The Neue Reichskanzlei: Adolf Hitler’s New Reich Chancellery ((A)—Court of honor:
Bundesarchiv, Bild 183-E00418/CC-BY-SA 3.0; (B)—Court of honor and Mosaic hall transition
space: Bundesarchiv, Bild 146-1985-064-29A/CC-BY-SA 3.0; (C)—Mosaic hall: Bundesarchiv,
Bild 183-K1216-501/CC-BY-SA 3.0; (D)—Führerbunker: © Robert Conrad, Bunker Neue Reichskanzlei,
Bild 6086).

2.4. Research Contributions

Several experiments are being conducted in the field of architecture to develop and use VR [27] as
a method for reconstructing heritage sites because it is not limited by space and time. Based on this
method, a space that does not exist or is unsafe for conducting an experiment in can be constructed
using VR [28]; thus, the user can indirectly experience a real sense of the space. Furthermore, in recent
years, research on the use of the biometric information of users in a VR environment that simulates
environments that are otherwise not directly accessible to humans has been gradually increasing [29].
In a previous study, we used a visualization technique employing a VR space. We performed EEG
analysis of human experiences according to changes in a residential area consisting of single-person
households. We found no significant differences between a human being’s emotional response to the
actual space and that to the virtual space [25]. In this study, we analyzed the changes in the EEG signals
in a VR space and the user’s psychological state and attempted to verify the hypothesis that the user’s
state changes with variations in the floor height of the building through EEG data. This can verify that
the psychological state of a human changes with the environment. For example, the huge domelike
structure of St. Peter’s Basilica and the high ceilings and arrangement of heavy columns of ancient
Roman ruins have different impacts on human psychology. These structures often make people feel
overwhelmed [30]. Therefore, this study aimed to explain the effect of Hitler’s chancellery on visitors
by analyzing human psychology through changes in EEG signals with rapid variations in floor height.
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3. Experimental Outline and Equipment

3.1. Outline

We reconstructed the Neue Reichskanzlei in a VR platform using historical data. The test subject
wore VR gear and EEG measurement equipment and passed through predetermined spaces. The EEG
signals were measured, and the stress indices of the subject, which changed depending on the conditions
in each situation, were analyzed. VR is not limited by space or time, and any space needed by users
can be constructed and experienced. Therefore, in this experiment, the Neue Reichskanzlei, which
does not exist anymore (Figure 2, was reproduced and experienced in a virtual space using VR.
In the VR experiment, a headset that supports the mixed reality (MR) method was used to indirectly
experience the virtual space. As the subject moved and passed through certain virtual spaces during the
experiment, the equipment attached to his head measured the EEG signals. Furthermore, because the
subject had to wear VR and EEG measurement equipment simultaneously, a piece of equipment with
a convenient headband was used to measure the EEG signals.
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For the experiment, three spaces of different heights were virtually constructed. The first space
was the Court of Honor, with a wall height of 25 m. The second was the Mosaic Hall, with a height
of 15 m. The last space was the Führerbunker, with a floor height of 3 m. The subject wore VR and
EEG equipment and physically moved in a 130 m straight line to get a more realistic and immersive
experience as he moved from the Court of Honor on the high floor to the low bunker in the virtual
space. Afterward, the EEG data measured through the experiment were collected based on time-series
information. After completing data collection, two analysis methods were employed to determine
the stress that the subject felt in a specific space. From the first analysis, a comparative analysis of
the types of beta waves, which indicate stress among the spectral information of the EEG signals,
was conducted to select the region with the highest stress index. In the second analysis, the stochastic
gradient descent (SGD) algorithm and the multivariable linear regression of TensorFlow, which is
a deep-learning platform, were used to analyze correlations among the alpha, beta, theta and delta
waves to derive regions of stress in order from highest to lowest. The analysis was conducted by
considering the correlation between the waveform showing psychological stability, such as an alpha
wave, and the stress waveform, such as a beta wave, to find a stress ratio with low stability and high
stress (Figure 3).
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3.2. Experimental Equipment

3.2.1. Virtual Reality Instruments

The VR experiment, which was conducted in parallel with the measurement of EEG data, should
be conducted in a wide space with a straight line that is long enough that the subject can experience
the virtual space while moving directly to a predetermined space at a distance equal to the actual
distance. Therefore, the experiment was conducted on a designated long track in the stadium at
Kookmin University.

Furthermore, because the method was not at room scale, which requires measurement in a limited
space such as the existing VR equipment, an MR method, which can be utilized in an actual space, was
used and supported by equipment such as an infrared camera to conduct the experiment. The virtual
space for the EEG data measurement and VR experiments was constructed in Unity. The subject
wore a Samsung head-mounted display (HMD) Odyssey headset with MR support. HMD refers to
equipment that is mounted on the head and completely blocks the user’s sight, allowing them to
concentrate on the VR simulation. It is also called a face-mounted display [31]. The user may utilize
a smartphone, laptop or desktop to run the software, and the visual screen changes as the user moves.
With this feature, VR can be input with content that responds to user behavior [32]. Therefore, for this
experiment, we had the HMD-wearing user move forward and cross a certain virtual space.

3.2.2. EEG Measurement Tool

Muse [33], an EEG device from InteraXon, was used to measure EEG data. Because the experiment
required the user to wear VR equipment and EEG measurement equipment simultaneously, he was
given a convenient headband for more comfortable EEG measurements. Because it is dry-type
equipment, which is different from conventional equipment that is complex and difficult to attach to
a gel- or saline-type device, the device can quickly measure EEG signals and verify data. In a previous
study, we used equipment that measured 14 channels. The EEG data yielded few errors due to physical
interference between the two pieces of equipment caused by proximity while wearing the headsets.
To minimize interference between the EEG device and the VR device and to ensure comfort, a simple
device with fewer channels was selected. Muse can collect EEG data from four channels in the frontal
(AF7, AF8) and temporal lobes (TP9, TP10) [9]. The locations of channels for EEG data measurement
and analysis that were provided by the equipment, such as AF7, AF8, TP9 and TP10, were arranged
according to the electrode placement system and typically categorized into the 10–20 international
system (IS), 10–10 IS (10%) and 10–5 IS (5%). The number is defined based on the distance between the
electrodes and expressed as a percentage, and the 10–20 IS, 10–10 IS and 10–5 IS include the maximum
standard positions of 21, 81 and 345, respectively.

Figure 4 compares the electrode locations on the two coordinate systems that are most frequently
used in studies and visualizes the locations of the electrodes used in the actual equipment. The electrode
location of the Muse equipment for EEG measurement was arranged according to the 10–10 IS and
classified according to the part of the cerebrum, left or right, on which the electrode was located [34].
“Frontal polar” is the intersection with the frontal lobe, and “temporal” (T) is the intersection with the
temporal lobe. Furthermore, the odd-numbered electrodes were placed on the left side of the head,
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the even-numbered electrodes on the right side and the lowercase letter z indicates the part passing
through the center of the head [35]. For EEG measurements, signals were measured at the AF7, AF8,
TP9 and TP10 regions of the frontal and temporal lobes by a single-pole induction method based on
the earlobe (A1) part of the subject. The measured data were extracted for visualization (Figure 4).
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Figure 4. Electroencephalogram (EEG) international system (IS) electrode placement (Muse) and
Muse Monitor.

3.3. Experimental Measurement and Methods

3.3.1. Experimental Measurement

The number of subjects for the experimental measurement of brain waves was set to one.
We examined changes in brain waves according to the variation in the pattern of building spaces,
in which the variables of brain waves were analyzed per frequency using a deep-learning algorithm
to find a section with a high level of stress. Therefore, the number of subjects was set to one for the
experiment. The subject was a 38-year-old male.

To obtain stable data from the brain wave equipment, a calibration process was required before
conducting the experiment. The calibration process, which synchronized the brain wave equipment
and the subject, required approximately 30 s. The subject was instructed to clear his mind with his
eyes open and remain in a relaxed state for 15 s and then remain in the same state for another 15 s with
his eyes closed.

Considering the biorhythm of the subject, the experiment was conducted on 19 April at 12:30 p.m.
at the stadium of Kookmin University, in which the subject could walk 120 m of a virtual space in 120 m
of an actual space, thus minimizing the discrepancy between the actual space and the VR space.

When the VR program of Hitler’s chancellery began, the brain wave equipment started recording
data when the monitoring button was pressed. The subject moved through the space in a walkthrough
manner from the outside of the building through the inner halls and then into the interrogation room,
during which time the process and brain wave data were recorded for analysis.

The subject walked 120 m for 3 min and 47 s. Therefore, the data were collected for 3 min and 47 s,
and the sampling rate of the EEG equipment was set to 50 Hz such that 50 pieces of data per second
were measured using one piece of data per second using the OSC Stream average option of the Mind
Monitor application.
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The equipment used in this experiment is described in Figure 5. The EEG data generated from
the four channels in the frontal lobe (AF8, AF9) and two channels in the temporal lobe (TP9, TP10)
were collected through the headband (original Muse) for the EEG measurement, and the user could
experience the VR space by wearing the headset (Samsung HMD Odyssey). The experiment was
conducted by taking measurements using the EEG equipment and the VR equipment simultaneously,
and the controller of the VR device was used to synchronize the two pieces of equipment. With this,
it was possible to adjust the shape of the subject’s position in the building. This approach also
synchronized the two tasks of processing the EEG data measured over time. Furthermore, it was
possible to accurately determine the time point of data that appeared in the EEG signal, the location of
the building and the location of the subject in VR. Thus, it was easy to process data when the two data
points were compared and analyzed after measurement was completed.
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Figure 5. Experimental measurement.

3.3.2. EEG Experimental Method

The experiment was conducted on a designated long track in a stadium with sufficient space
to prevent interference from surrounding elements during data measurement. Before starting the
experiment, the subject was asked to assemble at a designated point for a smooth process and wait
in place for several minutes to wear the experimental gear. The experiments of EEG measurement and
data acquisition in the virtual space were conducted by directing the subject to simultaneously wear
the Samsung HMD Odyssey VR headset and the Muse EEG data measurement headband (Figure 6).
Once he was wearing the equipment, the virtual space of Hitler’s chancellery reconstructed in Unity
was connected to the VR equipment, and the Muse headband was linked to a smartphone to prepare
for data measurement. After data measurement, the subject walked approximately 100 m inside the
virtual building. The EEG signals generated while the subject passed through three different spaces
were measured and collected.

The virtual space prevented the subject from deviating from the experimental path and guided
the subject in the planned direction using virtual walls. The subject, however, was allowed to turn his
head to any position to experience the VR space.
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Figure 6. Experiment and measurement process.

Figure 7 shows the plan and elevation of the residence building reconstructed in the virtual
space. The first space was a large courtyard called the Court of Honor. It was an open square space
surrounded by 25 m tall walls and blocked from the outside, and only the ceiling was open to the sky.
The second space that appeared when the subject passed through the Court of Honor was the Mosaic
Hall, with a total height of 20 m and an interior space of approximately 15 m, which was nearly 10 m
lower than that of the Court of Honor. There were no windows on the interior walls in the Mosaic
Hall, and only an eagle-shaped mosaic statue with a torch decorated with oak leaves was displayed.
Furthermore, the floor was made of smooth marble, off of which the ceiling was reflected, and the
high ceiling directly above the floor had a translucent glass window so that the subject could feel
somewhat cold when he entered the space [4]. After passing through the Mosaic Hall and the narrow
passageway, the subject would naturally move to the 3 m tall bunker. As such, the subject passed
through three spaces of 25, 15 and 3 m in height. The EEG signals generated according to the change
in height of the indoor floor were measured and analyzed. To analyze the EEG data of the subject
according to the measured spatial location closely, the EEG and VR image data were measured and
compared simultaneously.
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4. Experimental Results and Analysis

Two analyses were conducted in this experiment. In the first analysis, the results were ranked
according to one type of beta wave to derive the point where the highest beta wave was generated,
and the corresponding time information and VR information were recorded. In the second analysis,
the point with high stress was derived by considering the correlation between the characteristics
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of waveforms using a deep-learning algorithm and all EEG data for alpha, beta, delta, theta and
gamma waves.

The brain wave data analysis was performed using an offline postprocessing method instead of
real-time implementation. The brain wave data were collected through VR and analyzed.

4.1. First Analysis (Beta Waves Only)

Muse, which is a brain wave measuring device, performed preprocessing of the raw EEG data
using the Mind Monitor, which is a brain wave streaming application.

Among the embedded libraries of Mind Monitor, data on alpha, beta, theta, delta and gamma
waves were extracted per frequency from the raw data of the EEG through independent component
analysis (ICA). Then, the brain wave data from the subject were preprocessed for the first and
second experiments.

The ICA extracted brain waves per frequency from the raw EEG data. Executing the ICA consisted
of a total of four steps, of which steps 1 through 3 involved preprocessing for the ICA, and step
4 involved the actual execution of the ICA. Step 1 was the centering step, where the dispersed brain wave
data were centered. The mean of the data was calculated and subtracted from the dataset, and the mean
was reduced to 0. Step 2 was the whitening step, in which the dispersion in all directions and standard
deviation were normalized and converted to a covariance matrix. Step 3 was the dimensionality
reduction step, in which the dimensionality of data was reduced to remove unimportant data while
maintaining the covariance matrix. Step 4 was the actual ICA step, in which the brain wave data from
the EEG were extracted per frequency [36].

The ICA process separated reiterated brain wave data per frequency. The experiment was
conducted using data organized based on each frequency from the sampling rate based on raw data to
the mean data per second through an optimized process.

The data that underwent ICA per frequency were then used to deduce the priority of the stress
index for spaces by implementing a deep-learning recommender system using Keras or TensorFlow
among deep-learning frameworks instead of an RNN (Recurrent Neural Networks)-based long
short-term memory algorithm [37,38].

Among the four types of EEG data collected through the Muse headband, except for the results
near the temporal lobe, which are sensitive to auditory response, data were extracted based on the AF
(Atrial Fibrillation) to analyze the measurement results.

The results were summarized, visualized and expressed using the visualization software
Tableau [39,40] so that five types of EEG signals—alpha, beta, delta, theta and gamma waves—could
be compared (Figure 8).
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Among the five measured EEG data types, the beta wave data, which are wavelengths that
predominantly exhibit tension, excitement and stress, were analyzed separately (Figure 9). By plotting
the beta wave data, we confirmed the increasing trend of the stress index of the subject in a specific space.
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To objectively find the space where the stress measurement values increased significantly with
the largest change, the amount of change in each spatial dataset was calculated and analyzed as
time-series data.

The resulting value was calculated from the beta wave data analyzed by comparing it with the
recorded VR image data from the subject. The amount of change in the EEG data on the beta waves was
visualized. The location of the space where the difference in stress variation was large was confirmed
through the following drawings and graphs (Figure 10). The location could also be confirmed visually
through the display on the right side of the VR space.

The results of the stress index change analysis were as follows: Because the amount of change
immediately after the experiment could be extremely contaminated, data from this time were excluded
(the remaining data are summarized in Figure 9). Thus, the stress change amount increased by +280%
at 12:35:44, as shown in Figure 10A, and the stress index ranked fourth. The location in Figure 10A
was the scene where the subject saw the magnificently arranged staircase and four huge pillars before
entering the Mosaic Hall from the Court of Honor (corridor).

At 12:36:12, as shown in Figure 10B, the amount of change was +508%, showing the second-highest
index change; this was the scene where the space changed from the Court of Honor (corridor), which was
the largest space, through the narrow door leading to the Mosaic Hall.

At 12:37:05, as shown in Figure 10C, the scene where the subject entered the Mosaic Hall with
a large wall mosaic decoration, smooth marble floors and high glass ceilings was depicted. It exhibited
a +253.4% change. It was found that the stress index increased by +513.9% at 12:37:27 in Figure 10D,
which was the part where the subject entered the bunker from the Court of Honor and showed the
highest stress index during the experiment.

Finally, Figure 10E at 12:37:38 was the location where the subject stayed in the bunker-type narrow
barrel cover, and the change was +435.5%. The results confirmed that the stress indices of the subject
increased the most significantly when he was entering the bunker, which was a relatively low space,
from a large space with a high floor height.

However, in the case of the first analysis, a partial method was used to check the amount of
change by considering only one type of beta wave. Therefore, in the second analysis, a deep-learning
algorithm was used to consider all the variables of the EEG signals to analyze the pattern and then find
the rank of the section with high stress.
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4.2. Secondary Analysis (Alpha, Beta, Theta, Gamma and Delta Waves)

In the first analysis, a high beta wave value that matched the time-series information was calculated.
First, to understand the correlation pattern among the collected EEG data, the flow of the pattern of
data was analyzed using HiPlot, which was released by the Facebook AI team in early February 2020.
HiPlot [41] is an AI interactive visualization tool that serves as a decision-making aid to identify
correlations and patterns in data when using parameters with different characteristics before running
the AI algorithm.

The graph shown in Figure 11 was expressed by arranging the range values according to the values
of each requirement on the x- and y-axes on the 10 EEG parameters necessary for deep-learning training
in this experiment. Figure 11 shows that the alpha waves (Alpha_AF7, Alpha_AF8) and beta waves
(Beta_AF7, Beta_AF8) were inversely proportional to each other. Delta_AF7 and Theta_AF7 in the left
brain position and Delta_AF8 and Theta_AF8 in the right brain position were also inversely proportional.
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Figure 11. Correlation analysis of the EEG input data using HiPlot.

The general theory is that the beta wave is closely related to stress indicators. For example,
when the stress indices of two cases are the same, if the stability index of one case is higher than that of
the other case, the feeling of stress for the two conditions will be different. If the sense of stability is
high and the stress index is the same, the subject will feel better than when the stability is low. This is
called the stress ratio. Data with a low sense of stability and high stress tend to be more effective than
finding a case where the stress index is only partially high. Therefore, based on the multivariable linear
regression of deep learning, an algorithmic process was developed to calculate the priority of the stress
index (Figure 12).
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In the next process, the SGD technique and the sigmoid activation function were used to find the
region with high stress from multiple inserted parameter values. The SGD technique is an algorithm
that calculates the difference between the predicted value and the actual value through deep learning
and helps the model with high accuracy in weights. It is used to find the value of the optimal weight
for implementing the multivariable linear regression effectively. We used a deep-learning algorithm
to consider all 10 insertion variables of the alpha, beta, theta, delta and gamma waveforms of the
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EEG signals. The sigmoid function is an activation function that can be compared to the ReLU
(Rectified Linear Unit) function. It is used to generate results in percentiles between 0.0 and 1.0.
The sigmoid function is mainly used for ranking tasks and classifying data, whereas the ReLU function
is primarily used for predicting specific values based on past data patterns. We used this function
because the experiment required the role of ranking in regions where the stress ratio for emotional
information obtained from the EEG data was poor (Figure 13).
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Figure 13. Deep-learning platform for calculating stress rankings for VR experience data.

1O (Figure 13) determined the high-stress ranking, 2O (Figure 13) was the number of training data
points, and 3O (Figure 13) was a weight value that increased the accuracy during repeated training.
4O (Figure 13) was a scatterplot in which stress information was placed against time information on
the x-axis. Based on the scatterplot, the deviation from the rest of the EEG information was used by
the deep-learning algorithm to classify the worst time zone information, accuracy and distribution
location according to the stress ratio in 5O (Figure 13). The stress was expressed as “outstanding
(>25%)”, “average (25–75%)” and “below average (<75%)”. If the stress was high, it was expressed as
“outstanding”, and if the stress was in the region of less than 75% of the samples, it was expressed as
“below average”.

The accuracy gradually increased as the training progressed, and the final accuracy value was
90.96%. The number of iterations of the epoch, which indicated the number of trainings in the
deep-learning model, was set to 10,000 times. As the number of times increased, the accuracy gradually
increased, and the resulting value maintained the highest accuracy of the system after 9300 iterations
(Figure 14).



Sustainability 2020, 12, 6716 15 of 19

Sustainability 2020, 12, x FOR PEER REVIEW 15 of 19 

 
Figure 14. Primary deep-learning programming and training accuracy verification of the platform. 

As a result of the first and second analyses of the emotional information from the EEG signals in 
the VR space, the amount of stress rapidly changed during the transition process of the space when 
only the beta wave was considered. The secondary analysis predicted the actual stress ratio through 
the correlation of parameters when alpha, theta, delta and gamma waves were used along with the 
beta wave. The results showed that the stress indices were intensely high at the entrance and at the 
beginning of the Mosaic Hall, and they ranked from first to fourth. In the case of the fifth rank, the 
corresponding index was obtained after the height of the floor in the bunker rapidly decreased 
(Table 1). Unlike the first analysis, the second analysis showed that the deep-learning algorithm 
understood and operated the correlation between the attenuated or increasing parameters according 
to the quantitative index of a positive waveform, such as the alpha wave. The stress index seemed to 
be concentrated in a specific space (Figure 15). 

Table 1. Comparison of the first and second analytical data. 

Ranking 
High Stress Time 

in First 
Experiment 

Space Location 
High Stress Time in 
Second Experiment Space Location 

1 12:37:27 p.m. 
Mosaic hall and 
Führerbunker 

transition space 
12:37:27 p.m. 

Court of honor 
and Mosaic hall 
transition space  

2 12:36:12 p.m. 
Court of honor 
and Mosaic hall 
transition space 

12:36:12 p.m. 
Court of honor 
and Mosaic hall 
transition space 

3 12:37:38 p.m. Führerbunker 12:37:38 p.m. Mosaic Hall  
4 12:35:44 p.m. Court of Honor  12:35:44 p.m. Mosaic Hall  

5 12:37:05 p.m. 
Court of honor 
and Mosaic hall 
transition space 

12:37:05 p.m. Führerbunker 

Figure 14. Primary deep-learning programming and training accuracy verification of the platform.

As a result of the first and second analyses of the emotional information from the EEG signals
in the VR space, the amount of stress rapidly changed during the transition process of the space when
only the beta wave was considered. The secondary analysis predicted the actual stress ratio through
the correlation of parameters when alpha, theta, delta and gamma waves were used along with the
beta wave. The results showed that the stress indices were intensely high at the entrance and at
the beginning of the Mosaic Hall, and they ranked from first to fourth. In the case of the fifth rank,
the corresponding index was obtained after the height of the floor in the bunker rapidly decreased
(Table 1). Unlike the first analysis, the second analysis showed that the deep-learning algorithm
understood and operated the correlation between the attenuated or increasing parameters according to
the quantitative index of a positive waveform, such as the alpha wave. The stress index seemed to be
concentrated in a specific space (Figure 15).
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Table 1. Comparison of the first and second analytical data.

Ranking High Stress Time in
First Experiment Space Location High Stress Time in

Second Experiment Space Location

1 12:37:27 p.m. Mosaic hall and Führerbunker
transition space 12:37:27 p.m. Court of honor and Mosaic hall

transition space

2 12:36:12 p.m. Court of honor and Mosaic hall
transition space 12:36:12 p.m. Court of honor and Mosaic hall

transition space
3 12:37:38 p.m. Führerbunker 12:37:38 p.m. Mosaic Hall
4 12:35:44 p.m. Court of Honor 12:35:44 p.m. Mosaic Hall

5 12:37:05 p.m. Court of honor and Mosaic hall
transition space 12:37:05 p.m. Führerbunker

A t-test was performed to analyze the information on the net stress in the first and second
analyses. The t-test results showed that the mean difference in the scores from the first and second
analyses was −1.26, where the score in the second analysis was higher than that of the first analysis.
The difference in the standard deviation was 0.0542. The paired sample t-test, which shows whether
such a difference has a statistical significance, showed that the possibility of the null hypothesis for the
first and second analyses being accepted was very low (p < 0.001); thus, the alternative hypothesis had
to be accepted. It could be inferred that the net stress index from the second analysis improved with
statistical significance when compared to that of the first analysis (Table 2).

Table 2. Comparison of t-test results.

Paired Samples t-test

Statistic Df. p Mean Difference SE Difference

First Analysis Secondary analysis Student’s t −23.2 154 <0.001 −1.26 0.0542

5. Conclusions

We analyzed the amount of stress change in a virtual space by reconstructing Adolf Hitler’s
Neue Reichskanzlei (translation: New Reich Chancellery) using VR, synchronizing VR equipment and
measuring the EEG signals. The virtual chancellery was composed of three spaces with different floor
heights—the Court of Honor, the Mosaic Hall and the bunker. Subsequently, an EEG experiment was
conducted to help the subject experience the virtual building while measuring the EEG signals from
the subject and collecting data. Using the acquired EEG data, data were preprocessed by considering
the characteristics of big data, and two analysis methods were used to analyze the emotional state and
identify regions with high stress. The following conclusions were drawn:

• The results of similar data demonstrated that the building was indeed designed to induce feelings
of grandiosity and trepidation and that the feelings experienced by the president of Czechoslovakia,
who had a heart attack in the residence, were obtained.

• The results of the stress index analysis based on the EEG data revealed that when the subject
sensed changes in pressure in the high floor space as he moved from a higher floor to a lower
floor, he experienced changes in space, which were reflected by an increase in the stress index,
indicating that the subject was in a psychologically tense state.

• Comparing EEG data from the subject moving from the Court of Honor with a 25 m tall floor to
the Führerbunker with a 3 m tall floor, the total intensity of the beta wave, which is related to
stress, was found to be relatively large when the spaces changed. The graph of the experimental
results showed that the most significant change in stress was observed when the subject entered
the Führerbunker, with a 3 m high floor, from the Mosaic Hall, with a 15 m high floor, owing to
these spaces having the largest floor difference.

• Two methods were used to analyze the emotions that the user felt in the VR space based on the
EEG signals: a method of expressing unpleasant regions according to time information based on
the beta wave that represented stress among the EEG signals and a method of operating deep
learning to predict the stress ratio through a correlation analysis of all EEG signals by ranking the
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regions according to the level of stress. A comparison of the results of the two analysis methods
revealed different results from each datum. The first analysis showed that the amount of changes
in the beta wave index were high during spatial transitions. In the second analysis (stress ratio
analysis), the index was found to be high in the spatial transition at the entrance to and inside the
Mosaic Hall. Particularly notably, the corresponding index was high in the space where the subject
entered a 15 m high floor through a narrow entrance. Both results were meaningful for analyzing
an architectural space. However, in the VR space, we found it necessary to analyze the positive
indices through the linking process of the EEG signals or the stagnation of pupils on certain
architectural design elements. Therefore, in future research, a VR experiment of a building space
must be performed by fusing eye-tracking equipment with VR and EEG equipment. Accordingly,
the effective pattern must be calculated by integrating the process for data collection by the sensors
of each piece of equipment through integration with deep learning.

Furthermore, to minimize physical contact between the EEG and VR gear during experiments
where several pieces of equipment are used simultaneously, research and development must be
conducted by constructing a combination of two pieces of equipment, an HTC Vive with EEG sensors,
inside the VR head strap. Additionally, to allow for data stabilization, EEG measurements must be
conducted using gel-type sensor nodes. Instead of the example in this study, a domestic place such as
the National Intelligence Service’s anticommunist room, which is a representative site of dark tourism
that can be experienced in a space in reality, must be used. By selecting such a place, the elements of
each space and the human sensibility felt in that space can be compared in a future study.
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