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Abstract:

The audio-visual environment in an urban park has a significant impact on participants’ recovery from
mental fatigue. In this study, an electrocardiogram (ECG) data was combined with the audio-visual
environment using a intelligent wearable device. NN.mean and PNN50 were selected as ECG
indicators to assess mental fatigue status. For the visual environment, the panoramic view method was
chosen, which more accurately reflects the accurate level of visual elements in the human visual. For
the auditory environment, LAeq was selected as the indicator. Correlation analysis of these three
aspects was carried out, and a regression model of the ECG data was developed. The results of the
study showed that Panoramic Green Visibility, Panoramic Sky Visibility, and the ratio of these two
was significantly correlated with mental fatigue recovery (p < 0.01) and also had a high coefficient of
determination over a short period and that changes in LAeq in the park environment were not
significantly correlated with participants mental fatigue recovery.

Keywords: Mental fatigue recovery, Audio-visual environment, Panoramic view, Regression analysis,
Urban parks

I. INTRODUCTION

Overwork-related diseases have become a significant public health problem in East Asian countries,
and the situation is becoming increasingly severe worldwide [1]. Overworked is not simply linearly
related to the length of time worked. Therefore, mental fatigue is a better way to detect potential
overwork. Mental fatigue is a state of the temporarily reduced maximal cognitive capacity of the brain
caused by prolonged cognitive activity, manifested externally by drowsiness, lethargy, or diminished
concentration. Medical theoretical studies have shown that overwork had become a significant cause of
sudden fatal illness[2], and that high- intensity work increases the probability of cardiovascular disease
[3]. In addition to its detrimental effects on physical health, mental fatigue has numerous effects on

1032



Forest Chemicals Review

www.forestchemicalsreview.com

ISSN: 1520-0191

September-October 2021 Page No. 1032-1049

Article History: Received: 22 July 2021 Revised: 16 August 2021 Accepted: 05 September 2021 Publication: 31 October 2021

memory, judgment, decision-making ability, and emotional management [4], and prolonged overwork
can lead to stress, and strain, and to more serious accident and absenteeism rates and lower productivity
[5, 6]. More than a quarter of the world's brain workers are currently at risk of being overworked. Mental
fatigue caused by overwork can lead to a range of symptoms such as reduced sleep quality, stress and
anxiety, and indirectly to a range of chronic disease risks such as cardiovascular disease [7] and diabetes

[8].

Today, theories of recovery of the human mind through the natural environment fall into two main
categories. Stress Recovery Theory (SRT) [9] suggests that negative emotions, short-term physiological
changes, and behavioral disorders may occur when individuals are exposed to stress, and that in certain
environments, such as moderately complex, visually focused, natural environments containing plants
and water, individuals' attention is easily drawn to block negative thoughts, suppress negative emotions,
stimulate positive emotions, and restore disturbed and dysfunctional physiological functioning to When
positive emotions are fully evoked, cognitive and behavioral abilities that were previously depressed are
restored. Attention Recovery Theory (ART) [10] suggests that in certain environments, mental content,
environmentally encouraged activities, and personal tendencies that are different from the usual context
can be elicited. These features can elicit unintentional attention and allow for a good recovery of focused
attention. Some natural landscapes can visually stimulate the parasympathetic nervous system and calm
the sympathetic nervous system to lower heart rate, and blood pressure [11]. Several previous field
studies have explored the visual stimulation effects of different open spaces to compare the
psychological recovery effects of diverse open spaces [12-14]. Some studies have used descriptive
quantification of visual landscapes (e.g., cultural dimensions, foreground dimensions, etc.) to explore the
extent to which visual landscapes in green spaces affect psychological responses [15]. Green spaces can
also enhance the quality of the living environment by visually shielding noise sources [16, 17], and this
display of visual landscape vegetation produces an additional noise attenuation effect [18].

In recent years, several studies have shown that natural sound environments are more effective than
noisy environments for human recovery from stress [19, 20], and others have explored the relationship
between different spaces within cities and restorative benefits [21, 22]. According to the World Health
Organization on Quality of Life Brief Scale (WHOQOL-BREF), residents of quiet areas have higher
average scores on mental health than noisy areas [23].

Neither visual factors nor auditory variables should be overlooked when exploring the impact of the
audio-visual environment on human responses, especially in urban parks. It is therefore essential to
advance multiparty collaborative quantitative theoretical research to establish urban parks that can more
effectively alleviate mental fatigue.
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Il. METHODS
2.1 Determination of fatigue stat

Although the study of mental fatigue is essential for the physical and mental health of brain workers,
mental fatigue is difficult to measure in real life. Currently, there are four main types of methods for
quantifying mental fatigue: subjective scale methods, objective experimental methods, observational
methods, and physiological index measures. Personal scales require subjects to assess their level of
mental fatigue through questionnaires [24-26]. Although efficient and straightforward, the subjective
scale method is relatively inaccurate due to the varying medical levels of the audiences themselves,
resulting in relatively low objective accuracy of subjective scales. Objective experimental quantitative
methods design some awareness tasks to assess the performance of the test subject's brain functions.
Some tasks measure reaction time, memory, and decision-making, such as the Psychomotor Vigilance
Task (PVT) [27], the Multiple Sleep Latency Test (MSLT), and the Maintenance of Wakefulness Test
(MWT) [28]. The observational method is rarely used to quantify mental fatigue, which is reflected by
observing the subject's sleepy state, such as blinking, yawning, and other physiological conditions.

All three of these measures are intrusive in that the user must stop their current work to complete the
questionnaire or awareness task. Therefore, these methods cannot be used to monitor mental fatigue in
daily life. Physiological indicator measures can be used to detect fatigue in the human body while taking
into account daily tasks. Electroencephalography (EEG) is widely used to monitor mental fatigue in
drivers [29]. Forty spectral features were extracted from the EEG signal and trained with an SVM model
to achieve 86% accuracy in fatigued driving recognition [30]. Although the EEG has been referred to as
the 'golden indicator' for monitoring and is widely used for fatigue detection [31-34], the devices used
for EEG-based fatigue detection usually have multiple channels and electrodes, which are not suitable
for use in daily life. A convenient wearable smart device that can monitor fatigue status at all times [35].

With the latest developments in health information technology and the popularity of smart wearable
devices such as smart bracelets, real-time and remote health monitoring, and management have become
possible. Many smart sensors for continuous acquisition of physiological parameters have emerged in
recent years, such as portable ECG, heart rate and blood pressure sensors with Bluetooth wireless
transmission [36, 37]. The wearable ECG device is a real-time mental fatigue monitoring device. It can
acquire ECG signals in a more convenient way than EEG devices. Early studies have shown a
correlation between the Autonomic Nervous System (ANS) and cardiac rhythm [38]. Therefore, ECG
data can be used to measure mental fatigue [39].
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A total of 24 healthy participants without heart disease were recruited. The main reason for this is
that mental fatigue is a transient state that varies over time. Participants who feel tired one day may feel
energized the next day. Therefore, it is challenging to employ participants who happen to be in a state of
fatigue before the experiment begins. In contrast, we chose an alternative method of controlling for the
fatigue state of healthy participants by employing a test. Before the investigation, participants were
asked to get at least 8 hours of sleep the day before, to refrain from alcohol for 24 hours and caffeine for
at least 12 hours before the test to be sure they were in a non-fatigued state [40], and to study and work
for 2-4 hours on the day of the survey to reduce errors in mental responses [41].

2.2 Quantifying landscape elements

There are several problems with the previous research of quantifying the visual parameters of Green
Vision (%), Sky Visibility, and paving Visibility. The quantification of these landscape elements is
usually calculated using a grid approach, whereby areas of vegetation in an image are artificially
identified, and their proportion of the grid area is calculated.

As most of the quantitative data is measured based on the extent of the view plane, its proportion
does not reflect the actual level of visible greenery in the space surrounding the human eye. At the same
time, the angle of the photograph and the focal length of the lens on which the statistics are based are
subjective and uncertain, which can impact the assessment results. Based on panoramic images, the
concept of Panoramic Green Visibility (PGV) is proposed based on the traditional green vision and
defined as the percentage of visual green rate in the spherical field of view of a person standing at a fixed
position looking around.

Panoramic Green Visibility uses a panoramic spherical image to replace the two-dimensional image
used in traditional green vision. Compared to conventional green vision indicators,
There are two advantages to this approach. Firstly, the Panoramic Green Visibility reflects the 360°green
view of the designated site, which is consistent with the subjective visual perception of people and
reliably reflects the visible green rate of the surrounding environment of the site. Secondly, the
panorama process is not affected by camera lens orientation, focal length, viewing range, etc., making
the assessment results more objective and accurate.

Based on the panoramic image, the method steps for calculating the Panoramic Green Visibility are
proposed, including panoramic image acquisition, panoramic image projection transformation, and
visible vegetation area calculation. The panoramic image obtained by the panoramic camera or related
equipment is generally an equidistant cylindrical projection. The projection spread is a 2:1 rectangular
image. In an isometric cylindrical projection, areas of isometric cylindrical projection do not have equal
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actual regions. To make the area of the panoramic image measurable, it is necessary to convert it into an
equal-area cylindrical projection for calculation. This is done by first converting the original equidistant
cylindrical projection to spherical coordinates and then converting the spherical coordinates to the
equal-area cylindrical projection.

Once the panorama image has been converted to an equal-area cylindrical projection, the projected
areas of its elements can be measured directly and their relative areas obtained. The ratio of the area of
each component in the equal-area cylindrical projection image is used to calculate the Panorama Green
Visibility, Panorama Sky Visibility, and Panorama Paved Visibility, which are calculated using the
following formulae.

Panorama Green Visibility = (area of vegetation in the equal-area cylindrical projection image/total
area of the equal-area cylindrical projection image) * 100%.

Panoramic Sky Visibility = (area of sky in the equal-area cylindrical projection image/total area of
the equal-area cylindrical projection image) * 100%

Panoramic Paving Visibility = (area of paving in equal-area cylindrical projection image/total area of
equal-area cylindrical projection image) * 100%

The area of vegetation in the projected image is usually calculated using the grid method. In this
study, Adobe Photoshop image processing software set thresholds based on RGB channels and filter to
extract their color pixel information for calculation as a quantitative part of the landscape elements.

2.3 Procedure

The survey was conducted from 5 July to 21 July 2021 from 13: 30-15: 30, in clear weather, during a
season of maximum vegetation growth and bird and insect activity. The average temperature, wind, and
air quality index (PM2.5 index [42]) during the experiment ranged from 22-29°C, 2-3 degrees, and
28-83pg/m3, respectively. The formal survey consisted of two parts: ECG data acquisition and fatigue
status measurements. Each participant was assigned a intelligent ECG device. The device was connected
to a smartphone and transmitted the uploaded data in real- time via Bluetooth. Their average age was
26x4 years, with 10 male and 14 female participants.

Participants were asked to follow a pre-determined path to a pre-determined 25 experimental sites.
As they reached each pre-determined point in the park, the smart wearable device began recording ECG
data over 5 minutes, after which they were required to complete a 14-item questionnaire (the Chalder
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Fatigue Scale [24]) to report their fatigue status. Using a combination of subjective questionnaires and
objective physiological indicators provides a complete assessment of mental fatigue that is less prone to
bias [43]. Table 1 shows the items of the fatigue scale. Afterward, and participants were asked to
perform the AX-Continuous Performance Test (AX-CPT) for 45 minutes while ECG data were collected.
The AX-CPT requires alertness, working memory, and response inhibition and has been used to induce
mental fatigue in studies [44, 45]. At the beginning of the experimental task, subjects went through the
entire process to ensure that they thoroughly understood the instructions [46].

The AX-CPT administered in this experiment was designed to induce participants to reach a state of
mental fatigue and did not involve the evaluation of the subjects own attentional abilities; therefore,
there were no evaluation criteria, nor any judgment of attentional deficit or otherwise, but only the
completion of the task as correctly as possible within the allotted time.

After the AX-CPT, the fatigue scale was filled out again, after which. Participants were required to
perceive the experimental site for 5 minutes [47], during which time changes in ECG data were recorded
within these 5 minutes. At the same time, sound pressure levels were recorded at each measurement
point using a sound level meter in an audio-visual environment. The sound pressure level meter was set
to slow mode and A-weighting, and instantaneous data were read every 10 s. The sound level meter
probe was located more than 1.0 m from any reflective surface and more than 1.2m from the ground [48].
The equivalent sound pressure level (LAeq) of the corresponding A-weighting is derived at each
measurement location [47]. Camera equipment was used to obtain data on the visual environment at that
time. Using these methods, we collected data on the audio-visual environment, data on the ECG during
the experiment, and a sample of subjective scales.

TABLE I. Fatigue self-report assessment scale

Item Decribe scale
1 Do you feel have problems with tiredness ? 1-5
2 Do you need to rest more ? 1-5
3 Do you feel sleepy or drowsy ? 1-5
4 Do you have problems starting things ? 1-5
5 Do you start things without difficulty but get weak as you go on ? 1-5
6 Are you lacking in energy ? 1-5
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7 Do you have less strength in your muscles ? 1-5
8 Do you feel weak ? 1-5
9 Do you have difficulty concentrating ? 1-5
10 Do you have problems thinking clearly ? 1-5
11 Do you make slips of tongue when speaking ? 1-5
12 Do you find it more difficult to find the correct word ? 1-5
13 How is your memory ? 1-5
14 Have you lost interest in the things you used to do ? 1-5

2.4 Fatigue indicator data processing

In this study, Heart Rate Variability (HRV) indices were obtained from ECG for further analysis and
assessment [49]. Studies have shown that the best performance for assessing changes in mental fatigue is
obtained using 2-3 HRV indices. Of these, the NN.mean and PNN50 have the highest accuracy [41].
These two HRV indices are shown in Table 2.

TABLE Il. HRV measures

Measure Formula Unit
N

NN.mean Z{:\IN) ms

PNN50 count(| NNH;\I— l\iNi [) >50ms «100% /

After each participant had answered the 14 questions in Table 1, the range was from 1 (no sensation)
to 5 (very severe). To determine the mental fatigue of the participants, a cut-off value of 3/4 of the total
score was suggested in the study [24]. Therefore, samples with scores above 52.5 were identified as
fatigued, and the rest were identified as non-fatigued, and the results are shown in Table 3 in conjunction

with the

HRYV index.
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Table I11. HRV indicators for non-fatigue and fatigue states

Non-fatigue Fatigue
Mean Var Mean Var
NN.mean 0.8405 0.016 0.7099 0.019
PNNS50 0.3083 0.034 0.2011 0.014

SPSS software [50]was used to conduct normality, correlation, and regression analyses on the visual
environment, the auditory environment and the samples of NN.mean and PNN50. First, the
Kolmogorov-Smirnov test was used to analyse the normality of the collected data. The results showed
that the p values for the collected data Panoramic Sky Visibility (PSV), Panoramic Green Visibility
(PGV), Panoramic Paving Visibility (PPV), and LAeq samples were all statistically significant with p
values greater than 0.05. Second, Pearson's correlation was applied to calculate the relationship between
audio-visual context and NN.mean or PNN50 responses and, T-tests (p < 0.01 and p < 0.05) were used
to test for significant differences. Third, linear regression was used to establish the regression equation
between the audio-visual context and the NN.mean or PNN50 responses. The significance of the

regression equation was tested by ANOVA [51]. Fig. 1 illustrates the entire research process.

Session

Content

Duration

Stimuli

Outcome

Note

Beginning

Physiological session

Data analysis

Baseline Measurement

2 mun
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AX-CPT

Chalder Fatigue

NN mean, PNNS

S min

Ailio-visual ¢

Induced mental fangoe Recovery period

() NN mean, PNNSO

Scale Panoramic

LA

oW

nyiromment

Fig 1: Research process

I11. Data Analysis

The Pearson’s correlation between the audio-visual environment of the city park and NN.mean and
PNN50 are presented in Table 4. The results show that Panoramic Sky Visibility (PSV), Panoramic
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Paving Visibility (PPV), the ratio of Panoramic Paving Visibility to Panoramic Green Visibility (PG)
and LAeq showed significant negative correlations with NN.mean, except for LAeq which had a
significant level of p > 0.01 and a weak correlation (correlation coefficient R of 0.419). In terms of
PNN50, Panoramic Sky Visibility (PSV), Panoramic Paving Visibility (PPV), and the ratio of Panoramic
Paving Visibility to Panoramic Green Visibility (PG) were significantly negatively correlated. At the
same time the correlation between LAeq and PNN50 was not significant (p > 0.05). For Panoramic
Green Visibility (PGV) and the ratio of Panoramic Green Visibility to Panoramic Sky Visibility (GS),
both indicators were significantly positively correlated with both NN.mean and PNN50 (correlation
coefficient R with NN.mean were 0.881 and 0.811, p < 0.01, respectively; PNN50 correlation
coefficient R were 0.901 and 0.847, p < 0.01).

Table IV. Pearson's correlation between audio-visual environment and heart rate variability

PSV PGV PPV GS PG LAeq
NN.mean -0.879" 0.881" -0.544™ 0.811° -0.681" -0.419"
PNN50 -0.901™ 0.892™ -0.560™ 0.847™ -0.664"" -0.370

“indicates p < 0.05, "indicates p < 0.01.Panoramic Green Visibility (PGV), Panoramic Sky Visibility
(PSV), Panoramic Paving Visibility(PPV), PGV: PSV (GS), PPV: PGV (PG),

According to the linear regression models of the audio-visual environment with NN.mean and
PNN50 (as shown in Tables 5 and 6), the regression models established for PSV, PGV, and GS on
NN.mean and PNN50 were significant (p < 0.01), and the coefficient of determination of these three
visual element indicators on these two HRV indicators was higher than that of PPV and PG. The
coefficient of determination of LAeq on NN.mean was only 0.175 and was not significantly correlated
with PNN50.

Table V. Regression model of audio-visual environment and NN.mean

) ) . Standardized

Collinearity Unstandardized Coefficients
Sig.? | Sig.?

NN.mean VIF Regrgs_smn Std.error Beta
coefficient
R°=0.772 (Constant) 0.855 0.010 0.000™
R?(adj)=0.762 _10.000
PSV 1.000 -0.258 0.029 -0.879 0.000
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R°=0.776 (Constant) 0.726 0.006 0.000”
R?(adj)=0.766 _|0.000
PGV 1.000 0.164 0.018 0.881 0.000
R°=0.296 (Constant) 0.862 0.028 0.000™ N
R?(adj)=0.265 _10.005
PPV 1.000 -0.241 0.078 -0.544 0.005
R°=0.657 (Constant) 0.752 0.005 0.000™
R?(adj)=0.643 _10.000
GS 1.000 0.015 0.002 0.811 0.000
R*=0.464 (Constant) 0.793 0.006 0.000™
R%(ad]j)=0.440 _10.000
PG 1.000 -0.007 0.002 -0.681 0.000
R?=0.175 (Constant) 0.909 0.061 0.000™
R?(adj)=0.140 ] 0.037
LAeq 1.000 -0.002 0.001 -0.419 0.037

“indicates p < 0.05, " indicates p < 0.01. ®Significance of regression coefficient, ® Significance of
regression equation, VIF: Variance Inflation Factor.

Table VI. Regression model of audio-visual environment and PNN50

Standardized

Collinearity Unstandardized Coefficients
_ Sig.® | Sig.”
PNIN50 VIF REQression ¢ error Beta
coefficient

R2=0.811 (Constant) 0.281 0.005 0.000"
R?(adj)=0.803 = 0-000

PSV 1.000 -0.146 0.015 -0.901 0.000

R2=0.795 (Constant) 0.208 0.003 0.000™
R?(adj)=0.786 = 0-000

PGV 1.000 0.091 0.010 0.892 0.000
R?=0 313 (Constant) 0.285 0.015 0.000™ [ 0.004™
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R?(adj)=0.283 PPV 1.000 -0.136 0.042 -0.560 0.004™
R2=0.718 (Constant) 0.222 0.003 0.000™ N
R?(adj)=0.706 1 0-000
GS 1.000 0.009 0.001 0.847 0.000
R2=0.441 (Constant) 0.245 0.003 0.000™
' 0.000”
20 diV—
R*(ad))=0.417 PG 1.000 20.004 0.001 0664|0000
R2=0.137 (Constant) 0.301 0.034 0.000™
2/ ns
R*(@d))=0.099 ™ "A¢q 1.000 20.001 0.001 20370 ns

“indicates p < 0.05, " indicates p < 0.01. ®Significance of regression coefficient, ® Significance of
regression equation, VIF: Variance Inflation Factor, and ns p > 0.05 (no significance)

Since PSV, PGV, and PPV have a strong covariance, the ratio of Panoramic Green Visibility to
Panoramic Sky Visibility (GS) and the ratio of Panoramic Paving Visibility to Panoramic Green
Visibility (PG) were introduced. There is no significant covariance between GS and PG, and their
variance inflation factor (VIF) < 10 makes the established multiple linear regression model more reliable.
At the same time, GS and PG reflect the combined distance of the participants’ in different locations in
the same space from the surrounding landscape. Their multiple linear regression models with NN.mean
and PNN50 are shown in Tables 7 and 8. GS and PG have a high coefficient of determination for either
NN.mean or PNN50. The influence of GS on both was dominant, with beta weights of 0.632 and 0.687,
respectively.

Table VII. Multiple regression models for visual environment and NN.mean

. . . Standardized
Collinearity Unstandardized Coefficients
_ Sig.2 | Sig.”
NN.mean VIF Regr(_es§|on Std.error Beta
coefficient
(Constant) 0.767 0.006 0.000™
R?=0.780 GS 1.260 0.012 0.002 0.632 0.0007(0.000™
2 N\ —
R*(ad))=0.760p 1.260 20.004 0.001 20.394 0.002"

“indicates p < 0.05, " indicates p < 0.01. 2 Significance of regression coefficient, ° Significance of
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regression equation.

Table VIII.A multiple regression model of the visual environment and PNN50

. . . Standardized
Collinearity Unstandardized Coefficients
_ Sig.? | Sig.°
PNN50 VIF Regr§s§|on Std.error Beta
coefficient
(Constant) 0.230 0.003 0.000™
GS 1.260 0.007 0.001 0.687 0.000""(0.000™
R%=0.816
2 N\ —
R*(adj)=0.799 ™53 1.260 20.002 0.001 20.352 0.002"

“indicates p < 0.05, " indicates p < 0.01. 2 Significance of regression coefficient, ° Significance of
regression equation.

1. Discussion

In this study, ECG data obtained using a smart wearable device was combined with an audio-visual
environment in an urban park. This is more convenient for the general public, So more data can be
obtained in future experiments to reduce bias. It avoids the invasiveness of the laboratory environment
for the testers and compensates for the inaccuracy of not being able to simulate the actual environment in
the laboratory fully.

In terms of the visual environment, the panoramic view method was used, avoiding the subjectivity
and uncertainty of the data obtained by the traditional way, which relied on indicators such as the angle
of the photograph and the focal length of the lens. In terms of the auditory environment, the
representative LAeq was chosen to provide a more accurate representation of the physical acoustic
environment within the environment.

In terms of selecting indicators of mental fatigue, previous research has shown that the NN.mean and
PNNS50 are physiologically objective indicators of changes in participants’ mental fatigue. The choice of
real-time objective physiological indicators also avoids some of the disadvantages of using only
subjective questionnaires. However, there is no research to confirm that NN.mean and PNN50 can be
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characterized as mental fatigue when they reach a certain level, but only as an indication of trends in
mental fatigue in their own right. Studies have shown that NN.mean and PNN50 are negatively
correlated with mental fatigue [41], and Table 3 is consistent with this finding. Therefore, in this study,
the attempt to quantify the best values obtained for each audio-visual element to achieve the best mental
fatigue recovery is not yet achievable. As future medical research develops, more refined quantitative
analysis studies will be needed in the future.

The most significant contribution of this study is that it provides a new, more objective, and accurate
way of exploring the impact of urban parks on recovery from mental fatigue, and can quantify the extent
to which individual elements of the audio-visual environment affect participants.

There are many variable factors in human response. In this study, the participants were all young
people. Other age groups have different physiological states than young people, which may affect the
relationship between the audio-visual environment, and mental fatigue. Seasonal differences may also
lead to the different audio-visual environments, and to avoid seasonal effects, this study was conducted
in only one season. Considering population characteristics and seasonality is essential in creating
audio-visual environments in urban parks that promote recovery from mental fatigue. Therefore, further
analysis is needed in future studies.

V. Conclusions

Based on this new approach, the following conclusions were obtained.

Firstly, in terms of the auditory environment, the correlation between LAeq and PNN50 was not
significant. The coefficient of determination for NN.mean was small, suggesting that changes in LAeq in
the park environment would hardly affect participants recovery from mental fatigue in a short period.

Secondly, PSV and PGV, had a more significant coefficient of determination than PPV for both
NN.mean and PNN50. PGV showed a significant positive correlation with these two ECG indicators,
while PSV and PPV showed a significant negative correlation with these two ECG indicators. This
suggests that places with more artificial paving and open spaces (e.g., squares) are not conducive to
participants’ recovery from mental fatigue.

Finally, by the nature of the ratio of Panoramic Green Visibility to Panoramic Sky Visibility (GS)
and Panoramic Paving Visibility to Panoramic Green Visibility (PG), these two items are not only
panoramic data within the field of view, but also a description of the distance to the scene from the
different locations in which the participants participated in the same spatial environment. Their effect on
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the two indicators of mental fatigue, NN.mean and PNN50, suggests that better recovery from mental
fatigue can be achieved in urban parks closer to vegetation and with higher levels of enclosure. This may
also be related to the lower temperatures perceived by the body in areas close to vegetation compared to
areas with more paving and further away from vegetation, and needs further study.

ACKNOWLEDGEMENTS

This research was supported by the National Natural Science Foundation of China (Grant No.
52078155)

REFERENCES

[1]Yamauchi, T., Yoshikawa, T., Takamoto, M., Sasaki, T., Matsumoto, S., Kayashima, K., ... & Takahashi, M.
(2017). Overwork-related disorders in Japan: recent trends and development of a national policy to promote
preventive measures. Industrial health, 2016-0198. https://doi.org/10.2486/indhealth.2016-0198

[2]Ke, D. S. (2012). Overwork, stroke, and karoshi-death from overwork. Acta Neurol Taiwan, 21(2), 54-9.

[3]Backé, E. M., Seidler, A., Latza, U., Rossnagel, K., & Schumann, B. (2012). The role of psychosocial stress at
work for the development of cardiovascular diseases: a systematic review. International archives of occupational
and environmental health, 85(1), 67-79. https://doi.org/10.1007/s00420-011-0643-6

[4]Staal, M. A. (2004). Stress, cognition, and human performance: A literature review and conceptual framework (p.
19). Hanover, MD: Nasa.

[5]De Beer, L. T., Pienaar, J., & Rothmann Jr, S. (2013). Investigating the reversed causality of engagement and
burnout in job demands-resources theory. SA Journal of Industrial Psychology, 39(1), 1-9.
http://dx.doi.org/10.4102/ sajip.v39i1.1055

[6]Dewa, C. S., Loong, D., Bonato, S., Thanh, N. X., & Jacobs, P. (2014). How does burnout affect physician
productivity? A  systematic literature review. BMC health  services research, 14(1), 1-10.
https://doi.org/10.1186/1472-6963-14-325

[7]1Backé, E. M., Seidler, A., Latza, U., Rossnagel, K., & Schumann, B. (2012). The role of psychosocial stress at
work for the development of cardiovascular diseases: a systematic review. International archives of occupational
and environmental health, 85(1), 67-79. https://doi.org/10.1007/s00420-011-0643-6

[8]Goedendorp, M. M., Tack, C. J., Steggink, E., Bloot, L., Bazelmans, E., & Knoop, H. (2014). Chronic fatigue in
type 1 diabetes: highly prevalent but not explained by hyperglycemia or glucose variability. Diabetes care, 37(1),
73-80. https://doi.org/10.2337/dc13-0515

[9]UlIrich, R. S., Simons, R. F., Losito, B. D., Fiorito, E., Miles, M. A., & Zelson, M. (1991). Stress recovery during
exposure to natural and urban environments. Journal of environmental psychology, 11(3), 201-230.
https://doi.org/10.1016/S0272-4944(05)80184-7

[10]Kaplan, S. (1995). The restorative benefits of nature: Toward an integrative framework. Journal of environmental
psychology, 15(3), 169-182. https://doi.org/10.1016/0272-4944(95)90001-2

1045



Forest Chemicals Review

www.forestchemicalsreview.com

ISSN: 1520-0191

September-October 2021 Page No. 1032-1049

Article History: Received: 22 July 2021 Revised: 16 August 2021 Accepted: 05 September 2021 Publication: 31 October 2021

[11]Maller, C., Townsend, M., Pryor, A., Brown, P., & St Leger, L. (2006). Healthy nature healthy people: ‘contact

with nature ~ as an upstream health promotion intervention for populations. Health promotion
international, 21(1), 45-54. https://doi.org/10.1093/heapro/dai032

[12]Kjellgren, A., & Buhrkall, H. (2010). A comparison of the restorative effect of a natural environment with that of
a simulated natural  environment. Journal ~ of  environmental  psychology, 30(4), 464-472.
https://doi.org/10.1016/j.jenvp.2010.01.011

[13]Park, B. J., Tsunetsugu, Y., Kasetani, T., Kagawa, T., & Miyazaki, Y. (2010). The physiological effects of
Shinrin-yoku (taking in the forest atmosphere or forest bathing): evidence from field experiments in 24 forests
across Japan. Environmental health and preventive medicine, 15(1), 18-26.
https://doi.org/10.1007/s12199-009-0086-9

[14]Han, K. T. (2017). The effect of nature and physical activity on emotions and attention while engaging in green
exercise. Urban Forestry & Urban Greening, 24, 5-13. https://doi.org/10.1016/j.ufug.2017.03.012

[15]Grahn, P., & Stigsdotter, U. K. (2010). The relation between perceived sensory dimensions of urban green space
and stress restoration. Landscape and urban planning, 94(3-4), 264-275.
https://doi.org/10.1016/j.landurbplan.2009.10.012

[16]Van Renterghem, T. (2019). Towards explaining the positive effect of vegetation on the perception of
environmental noise. Urban Forestry & Urban Greening, 40, 133-144.
https://doi.org/10.1016/j.ufug.2018.03.007

[17]Watts, G. R., Pheasant, R. J., Horoshenkov, K. V., & Ragonesi, L. (2009). Measurement and subjective
assessment of water generated sounds. Acta Acustica united with Acustica, 95(6), 1032-1039. https
: //doi.org/10.3813/AAA.918235

[18]Yang, F., Bao, Z. Y., & Zhu, Z. J. (2011). An assessment of psychological noise reduction by landscape
plants. International  journal of environmental research and public health, 8(4), 1032-1048.
https://doi.org/10.3390/ijerph8041032

[19]Alvarsson, J. J., Wiens, S., & Nilsson, M. E. (2010). Stress recovery during exposure to nature sound and
environmental noise. International journal of environmental research and public health, 7(3), 1036-1046.
https://doi.org/10.3390/ijerph7031036

[20]Hedblom, M., Gunnarsson, B., Schaefer, M., Knez, I., Thorsson, P., & Lundstrém, J. N. (2019). Sounds of nature
in the city: no evidence of bird song improving stress recovery. International journal of environmental research
and public health, 16(8), 1390. https://doi.org/10.3390/ijerph16081390

[21]Payne, S. R., & Bruce, N. (2019). Exploring the relationship between urban quiet areas and perceived restorative
benefits. International ~ journal of  environmental research and public health, 16(9), 1611.
https://doi.org/10.3390/ijerph16091611

[22]Herranz-Pascual, K., Aspuru, 1., Iraurgi, I., Santander, A., Eguiguren, J. L., & Garcia, . (2019). Going beyond
quietness: Determining the emotionally restorative effect of acoustic environments in urban open public
spaces. International ~ journal ~ of  environmental research and public health, 16(7), 1284.
https://doi.org/10.3390/ijerph16071284

[23]Shepherd, D., Welch, D., Dirks, K. N., & McBride, D. (2013). Do quiet areas afford greater health-related quality
of life than noisy areas?. International journal of environmental research and public health, 10(4), 1284-1303.
https://doi.org/10.3390/ijerph10041284

1046



Forest Chemicals Review

www.forestchemicalsreview.com

ISSN: 1520-0191

September-October 2021 Page No. 1032-1049

Article History: Received: 22 July 2021 Revised: 16 August 2021 Accepted: 05 September 2021 Publication: 31 October 2021

[24]Chalder, T., Berelowitz, G., Pawlikowska, T., Watts, L., Wessely, S., Wright, D., & Wallace, E. P. (1993).
Development of a  fatigue scale. Journal of  psychosomatic  research, 37(2),  147-153.
https://doi.org/10.1016/0022-3999(93)90081-P

[25]Hoddes, E., Zarcone, V., Smythe, H., Phillips, R., & Dement, W. C. (1973). Quantification of sleepiness: a new
approach. Psychophysiology, 10(4), 431-436. https://doi.org/10.1111/j.1469-8986.1973.tb00801.x

[26]Krupp, L. B., LaRocca, N. G., Muir-Nash, J., & Steinberg, A. D. (1989). The fatigue severity scale: application to
patients with multiple sclerosis and systemic lupus erythematosus. Archives of neurology, 46(10), 1121-1123.
https://doi.org/10.1001/archneur.1989.00520460115022

[27]Urrila, A. S., Stenuit, P., Huhdankoski, O., Kerkhofs, M., & Porkka-Heiskanen, T. (2007). Psychomotor vigilance
task performance during total sleep deprivation in young and postmenopausal women. Behavioural brain
research, 180(1), 42-47. https://doi.org/10.1016/j.bbr.2007.02.019

[28]Sangal, R. B., Thomas, L., & Mitler, M. M. (1992). Maintenance of wakefulness test and multiple sleep latency
test: measurement of different abilities in patients with sleep disorders. Chest, 101(4), 898-902 .
https://doi.org/10.1378/chest.101.4.898

[29]Lal, S. K., & Craig, A. (2001). Electroencephalography activity associated with driver fatigue: Implications for a
fatigue countermeasure device. Journal of Psychophysiology, 15(3), 183.

https://doi.org/10.1027//0269-8803.15.3.183

[30] Hu, S., Zheng, G., & Peters, B. (2013). Driver fatigue detection from electroencephalogram spectrum after
electrooculography  artefact removal. IET Intelligent  Transport Systems, 7(1), 105-113.
https://doi.org/10.1049/iet-its.2012.0045

[31]Morales, J. M., Diaz-Piedra, C., Rieiro, H., Roca-Gonzéalez, J., Romero, S., Catena, A., ... & Di Stasi, L. L.
(2017). Monitoring driver fatigue using a single-channel electroencephalographic device: A validation study by
gaze-based, driving performance, and subjective data. Accident Analysis & Prevention, 109, 62-69.
https://doi.org/10.1016/j.aap.2017.09.025

[32]zhang, C., Wang, H., & Fu, R. (2013). Automated detection of driver fatigue based on entropy and complexity
measures. |IEEE Transactions on Intelligent Transportation Systems, 15(1), 168-177.
https://doi.org/10.1109/TITS.2013.2275192

[33]Bhardwaj, R., Natrajan, P., & Balasubramanian, V. (2018, December). Study to determine the effectiveness of
deep learning classifiers for ECG based driver fatigue classification. In 2018 IEEE 13th International Conference
on Industrial and Information Systems (ICHS) (pp. 98-102). IEEE.
https://doi.org/10.1109/1CIINFS.2018.8721391

[34]Hanakova, L., Socha, V., Socha, L., Lalis, A., Kraus, J., & Malich, T. (2019, January). The influence of fatigue on
psychophysiological indicators during 24 hours testing of pilots. In 2019 IEEE 17th World Symposium on
Applied Machine Intelligence and Informatics (SAMI) (pp. 181-186). IEEE.
https://doi.org/10.1109/SAMI.2019.8782724

[35]Pandian, P. S., Mohanavelu, K., Safeer, K. P., Kotresh, T. M., Shakunthala, D. T., Gopal, P., & Padaki, V. C.
(2008). Smart Vest: Wearable multi-parameter remote physiological monitoring system. Medical engineering &
physics, 30(4), 466-477. https://doi.org/10.1016/j.medengphy.2007.05.014

1047



Forest Chemicals Review

www.forestchemicalsreview.com

ISSN: 1520-0191

September-October 2021 Page No. 1032-1049

Article History: Received: 22 July 2021 Revised: 16 August 2021 Accepted: 05 September 2021 Publication: 31 October 2021

[36]Tan, K. L., & TAY, F. E. (2003). MEMS WEAR-INCORPORATING MEMS TECHNOLOGY INTO SMART
SHIRT FOR GERIATRIC HEALTHCARE. International Journal of Computational Engineering Science, 4(02),
289-292. https://doi.org/10.1142/S1465876303001101

[37]Pacelli, M., Loriga, G., Taccini, N., & Paradiso, R. (2006, September). Sensing fabrics for monitoring
physiological and biomechanical variables: E-textile solutions. In 2006 3rd IEEE/EMBS International Summer
School on Medical Devices and Biosensors (pp. 1-4). IEEE. https://doi.org/10.1109/ISSMDBS.2006.360082

[38]Sherwood, L. (2015). Human physiology: from cells to systems. Cengage learning.

[39]Garde, A., Laursen, B., Jgrgensen, A., & Jensen, B. (2002). Effects of mental and physical demands on heart rate
variability during computer work. European journal of applied physiology, 87(4), 456-461.
https://doi.org/10.1007/s00421-002-0656-7

[40]Craig, A., Tran, Y., Wijesuriya, N., & Nguyen, H. (2012). Regional brain wave activity changes associated with
fatigue. Psychophysiology, 49(4), 574-582. https://doi.org/10.1111/j.1469-8986.2011.01329.x

[41]Huang, S., Li, J., Zhang, P., & Zhang, W. (2018). Detection of mental fatigue state with wearable ECG
devices. International journal of medical informatics, 119, 39-46. https://doi.org/10.1016/j.ijmedinf.2018.08.010

[42]Yang, J., Zhou, Q., Liu, X., Liu, M., Qu, S., & Bi, J. (2018). Biased perception misguided by affect: How does
emotional experience lead to incorrect judgments about environmental quality?. Global Environmental
Change, 53, 104-113. https://doi.org/10.1016/j.gloenvcha.2018.09.007

[43]Smith, M. R., Chai, R., Nguyen, H. T., Marcora, S. M., & Coultts, A. J. (2019). Comparing the effects of three
cognitive tasks on indicators of mental fatigue. The Journal of psychology, 153(8), 759-783.
https://doi.org/10.1080/00223980.2019.1611530

[44]Marcora, S. M., Staiano, W., & Manning, V. (2009). Mental fatigue impairs physical performance in
humans. Journal of applied physiology, 106(3), 857-864. https://doi.org/10.1152/japplphysiol.91324.2008

[45]Pageaux, B., Marcora, S. M., & Lepers, R. (2013). Prolonged mental exertion does not alter neuromuscular
function of the knee extensors. Med Sci Sports Exerc, 45(12), 2254-2264.
https://doi.org/10.1249/MSS.0b013e31829b504a

[46]Azarnoosh, M., Nasrabadi, A. M., Mohammadi, M. R., & Firoozabadi, M. (2011). Investigation of mental fatigue
through EEG signal processing based on nonlinear analysis: Symbolic dynamics. Chaos, Solitons &
Fractals, 44(12), 1054-1062. https://doi.org/10.1016/j.chaos.2011.08.012

[42]Yang, J., Zhou, Q., Liu, X., Liu, M., Qu, S., & Bi, J. (2018). Biased perception misguided by affect: How does
emotional experience lead to incorrect judgments about environmental quality?. Global Environmental
Change, 53, 104-113. https://doi.org/10.1016/j.gloenvcha.2018.09.007

[43]Smith, M. R., Chai, R., Nguyen, H. T., Marcora, S. M., & Coutts, A. J. (2019). Comparing the effects of three
cognitive tasks on indicators of mental fatigue. The Journal of psychology, 153(8), 759-783.
https://doi.org/10.1080/00223980.2019.1611530

[44]Marcora, S. M., Staiano, W., & Manning, V. (2009). Mental fatigue impairs physical performance in
humans. Journal of applied physiology, 106(3), 857-864. https://doi.org/10.1152/japplphysiol.91324.2008

[45]Pageaux, B., Marcora, S. M., & Lepers, R. (2013). Prolonged mental exertion does not alter neuromuscular
function of the knee extensors. Med Sci Sports Exerc, 45(12), 2254-2264.
https://doi.org/10.1249/MSS.0b013e31829b504a

1048



Forest Chemicals Review

www.forestchemicalsreview.com

ISSN: 1520-0191

September-October 2021 Page No. 1032-1049

Article History: Received: 22 July 2021 Revised: 16 August 2021 Accepted: 05 September 2021 Publication: 31 October 2021

[46]Azarnoosh, M., Nasrabadi, A. M., Mohammadi, M. R., & Firoozabadi, M. (2011). Investigation of mental fatigue
through EEG signal processing based on nonlinear analysis: Symbolic dynamics. Chaos, Solitons &
Fractals, 44(12), 1054-1062. https://doi.org/10.1016/j.chaos.2011.08.012

[47]Lu, L., Chan, C. Y., Wang, J., & Wang, W. (2017). A study of pedestrian group behaviors in crowd evacuation
based on an extended floor field cellular automaton model. Transportation research part C: emerging
technologies, 81, 317-329. https://doi.org/10.1016/j.trc.2016.08.018

[48]Zhao, X., Zhang, S., Meng, Q., & Kang, J. (2018). Influence of contextual factors on soundscape in urban open
spaces. Applied Sciences, 8(12), 2524. https://doi.org/10.3390/app8122524

[49]Mulder, L. J. (1992). Measurement and analysis methods of heart rate and respiration for use in applied
environments. Biological psychology, 34(2-3), 205-236. https://doi.org/10.1016/0301-0511(92)90016-N

[50]Kirkpatrick, L. A. (2015). A Simple Guide to IBM SPSS Statistics-Version 23.0. Cengage Learning.

[51]Liu, Q., Zhang, Y., Lin, Y., You, D., Zhang, W., Huang, Q., ... & Lan, S. (2018). The relationship between
self-rated naturalness of university green space and students’  restoration and health. Urban Forestry & Urban
Greening, 34, 259-268. https://doi.org/10.1016/j.ufug.2018.07.008

1049



