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Abstract

Park soundscape construction is an important method to improve the quality of urban environments.

At present, the studies on soundscape mostly focus on the evaluation of soundscape indexes

and the accuracy analysis of model simulations of actual sites, but the research on small-scale

soundscape characteristic spaces is inadequate. Based on a Back Propagation(BP) neural network model,

we predict and evaluate the sound comfort in a park. The results show that: (1) The distribution trends of

measured and predicted sound comfort values in different scenes (space type, plant type, functional area

and sound source type) are relatively consistent. (2) A sound comfort of the park is space dependent.

The sound landscape design of small-scale characteristic space is of great significance to improve

the environmental quality. (3) The evaluation of emotional acoustics has obvious correlation with

sound comfort. (4) The soundscape planning process based on BP neural network is clearly proposed.

The research results are of great significance to promote soundscape evaluation and planning based

on the evaluation results.
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Introduction

With the rapid progress of urbanization, the
pressure of urban life on residents has become
increasingly prominent [1]. Parks, owing to their good
environmental quality and as important components of
a city, have crucial effects on the physical and mental
health of urban residents [2]. The good park space can
improve the quality of urban environment, relieve the
pressure of urban residents, and ensure the physical and
mental health of residents. How to create such a park
environment has attracted extensive attention of scholars
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at home and abroad [3]. Currently, the research on urban
parks focuses on users’ perceptions and experiences
through multiple senses, as opposed to vision alone.
Among these senses, hearing, as a perceptive route
next only to visual perception, has gradually attracted
scholars’ attention [4, 5]. The soundscape design of
parks has become an important means to break the
visual design and improve the overall quality of a park’s
environment.

ISO defines “soundscape” as the “the acoustic
environment as perceived or experienced and/or
understood by a person or people, in context” [6].
The current research on soundscape is mainly focused
on the acoustic environment and acoustic perception.
The studies on acoustic environment mainly analyze
acoustic environments by quantifying sound sources,
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sound pressure levels, and other acoustic indices.
The studies on acoustic perception mainly focus on
how and the extent to which people perceive sound
environments. The factors considered for specific
soundscape include sound source characteristics [7],
sound preferences [8-10], semantic characteristics
of sound [11, 12], acoustic scene perception [13, 14],
acoustic scene evaluation [15-17], and acoustic scene
prediction [18, 19]. Among these factors, soundscape
evaluation is considered an important basis for solving
acoustic-environment-related problems and guiding
the design of acoustic environments. There are four
types of traditional soundscape evaluation methods:
1) the Subjective evaluation method based on society
and psychology, which mainly analyzes people’s
subjective feelings to soundscape through questionnaire
survey [20-25]; 2) the objective evaluation method
based on acoustic physical parameters, which mainly
describes the soundscape based on the measured
acoustic parameters [26-30]; 3) the method of combining
subjective perception with objective physical parameters
[31-35]; 4) the Method based on physiology, which
mainly evaluates the soundscape by measuring the
response of human physiological indexes to soundscape
[36].

The traditional methods mainly use on-site index
measurement and questionnaire survey to evaluate the
soundscape. These methods are limited by their time-
consuming nature, considerable energy consumption,
and low efficiency. In recent years, researchers have
been developing prediction models to overcome the
shortcomings of the traditional evaluation methods
[37, 38]. A soundscape prediction model predicts how
people perceive an acoustic environment without
measuring the full range of soundscape indicators to
reduce the workload of field research. The general
objective of prediction is to predict the acoustic
measurement data associated with an acoustic
environment [39, 40] and quantify people’s perceptions
of the acoustic environment [41-43]. Acoustic prediction
models were initially used to assess the presence and
effects of urban traffic noise [44]. With the expansion
of this research field, a subjective perception factor has
been included in the new model indicators, and the
cases of subjective acoustic evaluation and prediction
are increasing [45, 46]. Research on soundscape has
emerged as a hot topic in the environmental field. The
evaluation indexes of model prediction mainly include
perception index and acoustic index. The perceptual
indicators generally include sound source significance

evaluation [47], sound source subjective preference [21-
23], sound pressure level subjective loudness evaluation
[48], and higher-level emotional acoustics evaluation
(such as sound pleasure [49,50] and sound comfort [51]).
The acoustic indicators mainly include equivalent
sound pressure level, occurrence and duration [52],
fluctuation [53], peak [53], spectrum [54], frequency
[55], and a few environmental and crowd indicators
(such as user information [56], crowd characteristics [38,
56], and physical measurement of an environment [57]).
The process of establishing a soundscape prediction
model can be divided into three parts: index, prediction
method, and rule set (linear or nonlinear) (Fig. 1).
Mapping can be performed using linear regression
methods or nonlinear mapping methods, such as fuzzy
logic [58], support vector regression (SVR) [59-61], and
artificial neural network (ANN) [46, 60]. Compared with
the traditional methods, the artificial neural network
model can predict big data and realize bidirectional
operation. It also has the advantages of high stability,
convergence and fault tolerance, and quickly becomes
the mainstream research method [36]. Consequently,
ANNSs have emerged as a mainstream research method
[36]. Currently, ANNs are used for soundscape index
prediction [40], soundscape perception prediction
[36, 60, 61], sound source preference prediction [62],
and simulation of soundscape evaluation [51].

As an important public space, the parks can
provide healthy environmental resources for residents,
and they are also the main place for people to enjoy
the soundscape. The current research of soundscape
in urban parks focuses on the relationship between
soundscape and landscape factors. For example, the
influence of plant landscape on soundscape perception
[62], the influence of landscape space and composition
characteristics on soundscape perception [63], the
influence of landscape materials on soundscape [64],
the influence of human behavior factors on soundscape
experience [65], and the soundscape design strategy
based on landscape factors [62, 65]. The existing
soundscape resecarch methods are numerous and
comprehensive. However, most of them focus on the
large-scale space such as city and street, and there is
still a lack of resecarch on the design of small-scale
characteristic space, such as the influence of different
space functions, landscape settings and sound source
structure on the soundcape of small space. In addition,
it has been proved that the artificial neural network
model is more accurate than the mathematical statistical
model in the evaluation and prediction of soundscape.

Factors Forecast Rule set
(subjective and method (k data)
objective factors) (ANN,SVR...) nown data

Fig. 1. Modelling flowchart.
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but the prediction results have not been applied
adequately. At present, most artificial neural network
prediction results are only used to evaluate the accuracy
of the model. However, it is still uncertain whether the
predicted values can be used to guide the multi-angle
soundscape evaluation and the construction on large-
scale soundscape.

In this study, from the perspective of sound comfort
considering the characteristics of sound environment
and different landscape functional arcas, a BP ANN
model is used to predict and evaluate sound comfort.
By comparing the measured and predicted values of
each factor pertaining to sound comfort, the evaluation
and application of soundscape in large-scale spaces and
soundscape design in small-scale characteristic spaces
are explored in an attempt to provide a useful reference
for the construction of urban park soundscape. In the
following sections, we first establish the BP neural
network comfort prediction model, then compare
the effects of various kinds of space environment,
functional zoning and emotional acoustic perception on
the measured and predicted comfort values, and finally
discuss the soundscape construction method based on
BP neural network model.

Material and Methods

Selection of Research Sites and Measurement
Points

In this study, the Longzihu Beach Park in the
Zhengdong New District of Zhengzhou City was used
as the research area (Fig. 2). The Longzihu Beach Park
is located within Longzihu University Park, Zhengzhou
City, Henan Province, China. The 17,000 m? beach park
is a part of the Longzi Lake Park, located in the west of
Longzi Lake. Presently, the landscape effect of the park
is good, with a large, stable flow of people. Considering
the different types of sound sources, space types, and
space functions, sample collection was performed at
15 measurement points in the beach park, and another
15 measurement points in similar types of spaces were
selected. The BP neural network model was used to
predict the soundscape comfort value in the park.
The 30 measurement points were distributed relatively
evenly throughout the beach park, and they essentially
covered the soundscape characteristics of the entire
park.

Data Source

The data were divided into subjective evaluation
data and objective measurement data. The subjective
data were used to provide a subjective score of the
comfort level due to the sound scene in the beach
park based on human perception experience, and the
objective physical acoustic data were used to measure
the sound pressure level in the beach park.

(I) Subjective data: The subjective data were
obtained by administering a soundscape comfort
research questionnaire (Appendix 1). The physical data
were measured, and the respondents were asked to fill
in the questionnaire between 29 September 2020 and
14 October 2020. A total of 600 questionnaires were
issued, and 498 valid questionnaires were recovered.
For each measurement point, at least 30 evaluation data
points were used as the sample training data, and for
each prediction point, at least 3 evaluation data points
were used as the basic prediction data. Consequently,
453 sample training data points and 45 sample
prediction data points were obtained. Based on field
interviews, the questionnaire was created considering
three main aspects: space environment, sound source,
and sound environment. Under the first aspect, basic
space information was used to explore the influences
of different spatial function types on sound comfort.
Under the second aspect, the main sound sources were
evaluated. The frequency and degree of preference of
each source were evaluated, and the influence of the
frequency of the main source and the preference of the
sound source on the evaluation of the sound comfort
is explored. Under the third aspect, information of
the park’s sound environment was evaluated, and a
subjective evaluation of the quietness, pleasure, and
annoyance of the entire acoustic environment was
performed to clarify the effect of various emotional
acoustics on sound comfort. Responses to the formal
field survey questionnaire were obtained on a five-point
Likert scale. In the questionnaire survey, the evaluation
is divided into five levels, and the respondents determine
the score according to their subjective feelings, as
shown in Table 1.

(2) Objective data: Sound pressure levels at the
measurement points were obtained to clarify the impact
of specific sound pressure level data on the evaluation
of soundscape comfort. During the filling of each
questionnaire, three investigators measured the ambient
sound pressure level data by using GMI1351 sound
level meters. The measurements were conducted under
sunny conditions to the extent possible, duration of each
measurement was 2 min, and average value of each
measurement point was taken as the final result. Finally,
498 effective data points were obtained.

Data Pre-Processing
Input Factor Selection
In total, 17 final input factors were selected
(Table 2), including 13 quantitative factors and 4
qualitative factors. The types and selection bases of the
qualitative factors are summarized in Table 3.

Qualitative Data Coding and Sample Screening

In addition to quantitative data, qualitative data,
such as space type and plant type, were set. Such
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Table 1. Rating table of quiet, pleasure, and annoyance.

Project Exceedingly bad Bad Medium Good Exceedingly good
Quiet -2 1 0 1 2
Pleasure -2 1 0 1 2
Annoyance -2 1 0 1 2

Table 2. Selection of input factors.

Space environment

Sound source Sound environment feeling

Environmental satisfaction

Water sound preference Sound pressure level

Space type

Water sound frequency Annoyance degree

Plant type

Children’s sound preference Pleasure degree

Landscape function areas

Children’s sound frequency Quiet degree

Sound source structure

Birdsong preference

Birdsong frequency

Mechanical sound preference

Mechanical sound frequency

Table 3. Classification of qualitative factors.

Type

Classification basis

Space type

Private space

Such a space usually has only one entrance, smaller scale, and poor
accessibility due to high walls, hedges, fences, and other types of boundaries.

Semi-open space

Such a space usually has a sense of enclosure, but the vision is transparent, and
people’s activities are relatively limited, such as a pavilion or a small garden.

Open space

An open space offers a large sense of scale and the provision for various
activities, and it a certain enclosure at its boundary, for example, a square or
grass.

Types of landscape
functional areas

Viewing Area

Such spaces are meant for viewing and sightseeing, and most people stay in
them for periods shorter than 10 min.

Activity area

Such spaces can be used to participate in various activities, and most people
stay in them for periods longer than 30 min.

Rest Area

Most people stay in these spaces for periods longer than 10 min but shorter
than 30 min.

Plant type

A layer of plant landscape

Such a space has one plant layer, such as a lawn or ground cover.

Two layers of plant
landscape

Such a space has two layers of plants, such as grassland and shrubs.

Three or more layers of
plant landscape

Such a space has three or more layers of plants, such as grassland, shrubs,
and trees.

Sound source structure

Mainly natural sound

The sounds originate mainly from animals, plants, and their physical
phenomena.

Mainly life sound

The sounds originate mainly from human activities.

Mainly mechanical sound

The sounds originate mainly from mechanical sources.

qualitative data have discrete attributes, and they are
processed by means of hot coding. In addition, in the
generation of predictions using ANNSs, missing data
directly affect the calculation and selection of the

network. Therefore, in the input data pre-processing
step, the data with missing values were deleted.
The sample size after removing the data with missing
values was 453 in this study.
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Research Methods

Establishment of BP Neural Network
Prediction Model

To facilitate data processing and ensure program
convergence during operation, the probability
distribution of the statistics between 0 and 1 was
normalized using the MATLAB 2019 platform.

The parameters of an ANN directly affect its
prediction results. Because the convergence rate of the
model used herein was fast in all parameter tests, the
number of iterations was set to 300, and the learning
function was used as the default setting. We mainly
studied the selection of training samples, layers, and
training functions of the BP neural network.

In the first step, the training samples were selected.
Training samples accounting for 65%, 70%, 75%, 80%,
and 85% of the total sample were used, and each group
was trained 10 times. The accuracy of the prediction
model is shown in Fig. 3. When the training samples
accounted for more than 70% to 80% of the total
sample, the accuracy of the model increased, but when
the training samples accounted for more than 85% of
the total sample, the accuracy of the model decreased.
When the training sample accounted for 75% of the
total sample, the training accuracy was the highest and
the most stable. Therefore, in the model considered
herein, the training sample accounting for 75% of the
total sample was used.

In the second step, the number of network layers
were determined. In this paper, 17 factors were selected
as the input variables, including 13 quantitative factors

and 4 qualitative factors. After exclusive hot coding,
the number of qualitative input nodes was 12, so the
number of input layer nodes was 25. Comfort was
taken as the output variable, so the number of output
layer nodes was 1 (Fig. 4). Based on extant research
[55, 60, 66], two hidden layers were set, and the number
of hidden layer nodes was determined as 13 by using
empirical values and the trial-and-error method. Finally,
a three-layer "25-13-13-1" network structure was
constructed (Fig. 5).

The third step is function selection. 1) Transfer
function. The training samples used for the two models
accounted for 75% of the total sample, the topological
structure of the two models is the same as that in step
(1). It can be seen from Fig. 6 that when the transfer
function is Tan-Sigmoid + purelin, the accuracy of the
prediction model is higher. Therefore, Tan-Sigmoid +
purelin is the best choice of transfer function.

2) Training function. Taking the prediction model
of sound comfort in Beach Park as an example,
three groups of training functions traincgb (Fig. 7 a),
traingdm (Fig. 7 b) and trainlm (Fig. 7 ¢) were selected
for a comparative study. The training samples of the
two groups of models accounted for 75% of the total
sample, topological structure is the above settings,
and the transfer function is Tansig + purelin. As can
be inferred from Fig. 8, when the training function is
traincgb, the model accuracy is higher.

The fourth step, model validation. The above model
is used to train the data for 10 times, and there is no
fitting phenomenon in the training process. The average
accuracy of the 10 training results is 0.91 and the
average mean square deviation is 0.07. The maximum
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Fig. 3. Test results corresponding to different training sample numbers.
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Fig. 4. Topological structure of BP neural network.
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difference between the accuracy of 10 times and the
average value is 0.06, indicating that the accuracy
calculated by the model is relatively stable.

Ordinary Least Squares Regression Analysis

By comparing the distribution trends of the
measured and predicted values of overall sound comfort

Water sound preference
Water sound frequency
Children's sound preference

Children's sound frequency —>O ”

Birdsong preference

b

Birdsong frequency
Mechanical sound preference

Mechanical sound frequency —>O

Evironmental satisfaction

Space type
Plant type

Lo
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Sound source structure
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Quiet degree

through the gisl0.2 platform, based on the consistent
trend, the ordinary least squares (OLS) regression model
was used to analyze the influences of the measured
and predicted values of each factor of sound comfort,
and the usability of the predicted value was confirmed.
The formula is as follows:

Sound comfort
evaluation

Input layer
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Fig. 5. Topological structure of BP neural network for Beach Park.
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Yi-Bo+2XkPrXik+ei )
where Y, is the value of the dependent variable at
point i, B, is the intercept, and X, is the value of the
K explanatory variable at point i.fk is the slope or
regression coefficient of the K explanatory variable, and
€l is the residual.

Results and Discussion
Results
Sound Comfort and Space Environment

By wusing the gisl0.2 platform, the comfort
distribution maps of the 15 measured points (Fig. 9a)
and 15 predicted points (Fig. 9b) were drawn by using
the inverse distance weighting method. The overall
sound comfort values of the park tended to be high in
the West and low in the East, which indicate that the
distribution trends of the measured and predicted sound
comfort values in the park are essentially consistent.

The prediction results are consistent with the
measured values in terms of the mean values of
spatial type, plant type, functional area, and sound
source classification. The average results of specific
comfort are presented in Fig. 10: 1) In terms of space
type, private space > open space > semi open space.
2) In terms of plant types, three or more layers of plant
landscape > two layers of plant landscape > one layer of

N
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Comfort value
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Cortfortable

b)

‘®Measuring points

Extremely
uncomfortable

plant landscape. 3) In terms of the types of landscape
functional areas, viewing area > activity areca > rest
area. 4) In terms of the types of sound source structure,
mainly natural sound > life sound > mechanical sound.
The predicted values can also be used to analyze the
influences of space type, plant type, functional area,
and sound source type on sound comfort.

Sound Comfort and Sound Source Perception
Frequency

Under the ArcGIS platform, the Kriging method
was used to draw the spatial distributions of the four
sound sources (Fig. 11). The occurrence frequency
of mechanical sounds in the west of the park is the
highest, and the sound comfort in this area is the lowest.
The eastern part of the park, which houses a dense
forest, is the main rest area. In this part, the frequency
of birdsong is the highest, and the sound comfort in this
part is high. The south part of the park is close to the
water, and it is the main activity area. The occurrence
frequencies of children’s playing sounds and underwater
sounds are high, and the sound comfort in this area is
moderate.

OLS regression analysis was performed to explore
the influence of perceived frequency of each sound
source in different functional areas of the park (Fig. 12),
and the predicted value of comfort value is compared
with the measured value (Table 4).

The regression model summarized in Table 4
indicates that the prediction model and the measurement
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Fig. 9 Measured and predicted comfort values at measurement points: a) Measured comfort values at measurement points, b) Predicted

comfort values at measurement points.
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model pass the F-test. According to the results, the
influence trends of the four sound source sensing
frequencies on the sound comfort in the active area are
consistent with the predicted trends. The occurrence
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frequencies of mechanical sounds, birdsong, and water
sound at the venue are not significant, meaning that
they do not affect the sound comfort in the activity area.
The occurrence frequency of children’s playing sounds
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Table 4. Regression model of sound comfort in the activity area.

Measured comfort in activity area Prediction of comfort in activity area
Regression Regression
coefficient p coefficient p
Constant 0.020 0.872 Constant -0.054 0.605
Mecgzgf:é:;)“nd -0.028 0.931 Mec?rzzifi:;’und -0.017 0.946
Birdsong frequency -0.297 0.120 Birdsong frequency -0.201 0.141
Water sound frequency 0.120 0.138 Water sound frequency 0.103 0.098
Childrert}r’: (;)ulzr}lf(i:r}l’g sound 0532 0.000%* Childre?r’z (;)J:r}llir;g sound 0559 0.000%*
R? 0.923 R 0.901
Adjust R? 0.899 Adjust R? 0.884
F F (4,310) = 64.961, p = 0.000 Fl F(4,314) =75.352, p = 0.000
Dependent variable: measured comfort value at some points in Dependent variable: predicted comfort value at some points in
the activity area the activity area
D-W: 1.896 D-W: 1.967
* p<0.05 ** p<0.01 * p<0.05 ** p<0.01

Table 5. Regression model of degree of comfort in the viewing area.

Measured comfort in activity area

Prediction of comfort in activity area

Regression Regression
coefficient P coefficient p
Constant 0.148 0.609 Constant 0.402 0.099
Mechanical sound 0.300 0319 Mechanical sound 0,493 0.090
frequency frequency
Birdsong frequency 0.332 0.006** Birdsong frequency 0.229 0.033*
Water sound frequency 0.700 0.009%* Water sound frequency 0.794 0.012*
Children’s playing sound 0297 0.284 Children’s playing sound 0419 0.142
frequency frequency
R 0.870 R 0.834
Adjust R? 0.796 Adjust R? 0.761
FO F(4,302)=36.392,p = 0.000 Fl F (4,298)=21.663,p = 0.000

Dependent variable: Measured comfort value at some points in
the viewing area

Dependent variable: Predicted comfort value at some points in
the viewing area

D-W: 1.954

D-W: 1.967

* p<0.05 ** p<0.01

* p<0.05 ** p<0.01

has a significant positive effect on sound comfort in the
activity area.

According to the regression model summarized
in Table 5, the prediction model and the measurement
model pass the F-test. According to the results, the
influence trend of the four sound source sensing
frequencies on the sound comfort in the viewing area
is consistent with the predicted value. The occurrence
frequencies of mechanical sounds and children’s playing

sounds at the venue were not significant, meaning that
they do not affect sound comfort in the viewing area.
The occurrence frequencies of birdsong and water
sound have a significant positive impact on sound
comfort in the viewing area.

The regression model summarized in Table 6
indicates that both the prediction model and the
measurement model pass the F-test. According to the
results, the influence trends of the four sound source
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Table 6. Regression model of degree of comfort in the tourist area.
Measured comfort in activity area Prediction of comfort in activity area
Regression Regression
coefficient 4 coefficient P
Constant 0.666 0.002%*%* Constant 0.746 0.000%*
Mecgzgﬁ’:;:;’und -0.589 0.000%* Mecgzgif:;:;u“d -0.657 0.000%**
Birdsong frequency 0.035 0.831 Birdsong frequency 0.117 0.085
Water sound frequency 0.121 0.060 Water sound frequency -0.095 0.567
Childrerflr’: (f:ll:r}l/(i:r;g sound 0.027 0.860 Childrelflr’: (ful;}l/(i:r;g sound 0.074 0.694
R 0.964 R 0.955
Adjust R? 0.947 Adjust R? 0.940
Fl F (4,287) =100.767, p = 0.000 FrJ F (4,295) = 72.337, p = 0.000
Dependent variable: Measured comfort value at some points in Dependent variable: Predicted comfort value at some points in
the rest area the rest area
D-W: 2.438 D-W: 2.559
* p<0.05 ** p<0.01 * p<0.05 ** p<0.01

sensing frequencies on sound comfort in the rest area
are consistent with the predicted values. The frequency
of birdsong, water sound, and children’s playing sounds
are not significant, meaning that they do not affect sound
comfort in the rest area. The occurrence frequency of
mechanical sounds has a significant negative impact on
sound comfort in the rest area.

The OLS model was established by comparing
the comfort model of the measured areca and the
predicted area in terms of the occurrence frequencies of
mechanical sound, water sound, birdsong, and children’s
playing sounds to explore the influence of sound source
frequency on different functional areas. The results
indicate that the influences of measured comfort and
the predicted comfort on the sound source frequency in
each functional area are essentially the same.

Sound Comfort and Sound Environment

An acoustic environment has four indicators:
sound pressure level, degree of quietness, degree of

annoyance, and degree of pleasure. The sound pressure
level is an objective measurement index, and the degrees
of quietness, annoyance, and pleasure are emotional
acoustic indexes. The specific values of these indexes
are shown in Fig. 13. The measured comfort value and
the predicted sound comfort value were used as the
independent variables, and the degrees of quictness,
annoyance, and pleasure and the sound pressure level
were used as the independent variables in the OLS
regression analysis.

The regression model summarized in Table 7
indicates that both the prediction model and the
measurement model pass the F-test.

According to the results, the analysis results of the
four factors influencing the predicted and measured
values of comfort in the acoustic environment are
consistent: annoyance and pleasure have a significant
positive impact on acoustic comfort in the site; sound
pressure level has a significant negative impact on
acoustic comfort; and silence has no effect on acoustic
comfort in the site. The possible reasons are analyzed
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Table 7. Regression model of comfort in acoustic environment.
Measured comfort in activity area Predicted comfort in activity area
Regression Regression
coefficient p coefficient P
Constant 2.538 0.082 Constant 1.646 0.006**
Quietness degree -0.218 0.051 Quietness degree -0.033 0.579
Annoyance degree 0.349 0.000** Annoyance degree 0.118 0.007**
Pleasure degree 0.303 0.001** Pleasure degree 0.461 0.000%*
Sound pressure level -0.047 0.000%** Sound pressure level -0.032 0.005%%*
R 0.945 R 0914
Adjust R? 0.923 Adjust R? 0.901
Fl F(4,301)=33.961, p=0.000 Fll F (4,298) =90.146, p = 0.000
Dependent variable: comfort value of measured points Dependent variable: comfort value of prediction points
D-W: 1.626 D-W: 1.967
* p<0.05 ** p<0.01 * p<0.05 ** p<0.01

by taking measurement point 10 as an example. The
sound comfort value at measurement point 10 is higher;
the degrees of annoyance and pleasure are positive, but
the subjective degree of quietness is negative. These
results can be ascribed to the fact that point 10 is in the
main activity area of Beach Park, and the subjective
loudness is high. However, people are in a happier mood
when they are active, and they are not upset by noise in
the environment, meaning that sound tranquillity has
no effect on the sound comfort in this area.

Discussion

Application of Soundscape Simulation and Evaluation
Results Based on BP Neural Network

The BP neural network has been used for
soundscape simulation, and in most of the relevant
cases, the measured and predicted values of soundscape
indexes in the same sample plot have been compared
to determine the simulation accuracy [36, 40, 6l1].
For example, Meng Qi [40] used a BP neural network
to establish the acoustic comfort evaluation model
of an underground business based on a study of the
relationship between acoustic comfort and various
indicators; they compared the accuracy of the model
with that of the sequential logical regression method.
Their results confirmed that the prediction accuracy
of the BP neural network was higher than that of the
sequential logical regression model. Kumar, P [48]
used a BP ANN to predict traffic noise and compared
its results with those of regression analysis; the BP
ANN passed the statistical t test at the 5% significance
level, which further verified the degree of fit between
the BP neural network model and the field data,
as well as the effectiveness of the model. However,

in the soundscape planning and management of large
sites, it is often unable to cover the entire soundscape
research site. It is difficult to cover every area
in a soundscape evaluation, which has emerged
as a practical problem in soundscape planning based
on the evaluation results. In this study, based on an
evaluation of a soundscape, 15 measurement points
in similar spaces were selected, and a BP ANN was
used to simulate the soundscape. Different from
other studies, we selected different measuring points
with similar characteristics from the measured and
predicted values for comparative analysis, that is, we
used the soundscape data of a known area to simulate
the soundscape of an unknown area. These results
indicate that the predicted values are consistent with
the measured values in terms of comfort distribution,
space type, functional area, plant type, sound source
structure, sound source frequency, annoyance,
quietness, and pleasure. Therefore, it can be confirmed
that the predicted values can be used as real data instead
of the measured values in actual soundscape analysis,
which can greatly reduce the workload associated with
soundscape research and promote the application of
acoustic landscape planning.

Relationship between Acoustic Landscape Quality
and Space

Soundcape quality has a certain spatial dependence
[67]. Hong JY. and Jeon J.Y. established a perceptual
soundscape  quality model through regression
analysis by using sound source perceptual frequency,
psychoacoustic parameters, and soundscape quality
map, and they analyzed the influence of sound source
frequency, acoustics, and other data on soundscape
quality in urban spaces with different functions (such as
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urban parks and squares, high-density commercial areas,
and residential areas). Therefore, we propose that urban
soundscape planning should be combined with different
urban spatial characteristics. As a typical urban space,
most studies have evaluated the soundscape of a park as
a whole and arrived at a few universal conclusions. For
example, increasing the amount of natural sound and
reducing the amount of mechanical sound can improve
soundscape comfort. On this basis, the present study
further divided the functional areas of a park, analyzed
the influence of sound source perception frequency on
sound comfort in different functional areas of the park,
and proved the small-scale spatial dependence of sound
comfort. The study of small-scale soundscape comfort
may be more meaningful because it is the most direct
environmental space for park users. Moreover, this
study puts forward the idea of soundscape based on
different functional spaces (Appendix 1).

Conclusions

Based on an investigation of current situation in
Beach Park, we used a BP ANN to predict the sound

comfort value at certain measurement points, verified
the practicability of using the predicted values as a
guidance in soundscape construction, and offered
suggestions for further construction and optimization
of soundscape in the park. The main conclusions are as
follows:

(1) The values predicted using the BP ANN used
in this paper are consistent with the measured values
in terms of the effects of space type, plant type,
space function, sound source structure, sound source
frequency, and degrees of annoyance, pleasure, and
quietness on sound comfort, which proves that the
values predicted by the model have good usability. The
results show that in actual park soundscape analysis, the
use of predicted values instead of measured values can
greatly reduce the workload associated with soundscape
research and promote large-scale soundscape design.

(2) The sound comfort in a park is space dependent.
Therefore, the soundscape design of small-scale
characteristic spaces is highly significant for improving
the environmental quality of a park. In different areas
of a park, the effects of the same sound source on
sound comfort are different. An effective method for
improving the sound comfort in a park is adjusting
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the advantages of various sound sources in different
park areas. Taking the park studied herein as an
example, reducing the frequency of mechanical sound
and birdsong in the activity area can improve sound
comfort. In the viewing area, increasing the frequency
of birdsong and water sound can improve sound
comfort. Reducing mechanical sound frequency in the
rest area can improve sound comfort.

(3) The evaluation of affective acoustics is related
to sound comfort. Taking the research area considered

herein as an example, improving sound pleasure and
reducing sound annoyance can improve sound comfort.
Therefore, in the later stages of park optimization
design, we can focus on the evaluation results of
people’s emotional acoustics to guide the construction
of soundscape.

(4) Under the background of these discussions, we
propose soundscape planning process based on the BP
ANN (Fig. 14).

Appendix

Appendix 1. Sound comfort evaluation of Longzi Lake Beach Park

1. What’s your age|[ [single choice]*
o 20 years old

0 20-30 years old
o 31-40 years old
0 41-50 years old
o 51-60 years old

o 60 years old

2. How often do you come to the beach park[ [single choice]*

o Very few
o Once a week
o 2-3 times a week

o Almost every day

3. Please choose whether you can hear the following sounds in the park, and how much you like them[ [multiple topics]*
(choose one of the sounds you have never heard, heard occasionally, or heard frequently; Choose one of favorite,

average or dislike)

Never heard | Heard of it once Often Love No Dislike
of it. in a while. heard it feeling it
Water sound o o o i O o
Birdsong o | o i i o
Children’s playful mi o o i i m]
Mechanical sound (vehicle sound, construction sound,
. . i mi mi O o ]
garbage cleaning sound, plant pruning sound, etc.)

4. What do you think of the quietness of the environment|[ [single choice]*

Very quiet o2 ol o0

o-1 o2 Very noisy

5. Do you think the sound of this environment can make you feel happy[ [single choice]*

Very pleasant o2 o1 00

o-1 o-2 Very unpleasant

6. Do you think the sound of this environment bothers you[ [single choice]*

Not disturb o2 ol o0

o-1 o2 Very disturbing
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7. Do you think the sound of this environment makes you feel comfortable? [single choice]*

Very comfortable o 2 ol o0 o-1 o2 Great discomfort

8. Do you think the overall environment makes you feel comfortable? [single choice]*

Very satisfied 02 ol 00 o -1 o2 Very dissatisfied

Appendix 2: Soundscape optimization design of Beach Park

Table 8. Design methods for different functional areas.

Functional Sp atl&.ﬂ . Main sound Soundscape demand Design method
area characteristics source
1) Enhance the visual and auditory
attraction of the environment and
The activity area is a landscape increase people’s participation in
It is mainly used by Sounds of area with high requirements activities. 2) Through the vegetation
Activity p@op}e for various Vehicle.s, for envirgnmenta‘l atmos.phere, plagning activity route and activity
arca activities, and people | conversations, meaning tha}t it has high space, in order to fgrm the flow of people
generally stay here play, and requirements in terms of the scattered. 3) For this study, we can design
for long durations. movement attraction and pleasure of the a variety of children’s landscapes to
soundscape. attract children to participate in activities
and increase the perception frequency of
children’s playing sounds.
Sounds of Vlewlng area1s a.landscap © 1) Add characteristic sound source to
. . . area with high requirements for .
_ It is mainly used by | conversations, . . . setoff different landscape features.
Viewing environmental quality in functional

people to enjoy their |  birds, motor 2) At this research site, the perception

area time and rest vehicles, and zoning, meaning that it has high frequency of birdsong and underwater
water requirements in terms of the sound can be appropriately improved
characteristics of the soundscape. '
1) Through the site enclosure, plant
. . Sounds of birds, In the rest area, people’s landscape plarmmg.to create a quiet a.nd
It is mainly used by . . . natural sound environment. 2) At this
motor vehicles, perception of sound is more o
Restarea | people to rest and . . . research site, it is necessary to reduce the
conversations, sensitive, so the requirement of . .
talk. . . . perceived frequency of mechanical sound
and water environmental quietness is high. . .
and improve the perception advantage of
other sound sources.
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