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Abstract

Mapping the pleasantness of an urban environment is an alternative approach, closer to the city dweller’s perception, than standardized sound
levels cartography. This study reports on modeling pleasantness in urban context using perceptual assessments and sound measurements for
specific locations during an urban walk. These assessments have been collected from four groups of approximately ten participants on 19 different
assessment locations, along a 2,1 km-long path traveled in both directions. Simultaneously, % octave band sound levels and audio were recorded.
Perceptual and physical models of pleasantness are proposed for specific locations based on multiple linear regressions. A multilevel analysis was
performed, and it is shown that a perceptual model that includes perceived loudness joined to the perceived time of presence of traffic, voices and
birds explains 90% of the pleasantness variance due to the sound environment variations. Physical models that include the original acoustic
indicators that are most correlated with perceptual variables explain 85% of this variance. Thanks to these models, a unique averaged pleasantness
value is defined for each assessment location from the perceptual or physical collected assessments. The Pearson’s correlation coefficient between
the averaged perceived pleasantness and the modeled values from perceptual assessment reaches r(19)=0.98, and r(19)=0.97, with the modeled
values from physical measurements. These results make it possible to consider the use of this kind of models in a cartographic context. As the path
was traveled in both directions, the presentation-order effect has also been assessed, and it has been found that path direction did not have a
significant impact on the pleasantness assessment at specific locations, except when very strong sound environment changes occurred. Finally, the
study gives some insights about the retrospective global pleasantness assessment for urban walks. For very short walks between two assessment
locations, a recency effect is shown. Nevertheless, this effect doesn’t seem to be significant when longer routes are assessed.
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1. Introduction

The increasing urbanization results in the deterioration of urban sound environments. Noise is regularly
cited by city dwellers as the principal cause of annoyance. To fight against this nuisance, the European
Directive 2002/49/CE requires cities of more than 100 000 inhabitants to develop and publish strategic
noise maps [1]. The role of the produced maps is to help decision makers in the development of noise
mitigation plans and to inform city dwellers about their exposure. However, since these noise maps are
usually based on a modeling chain that only accounts for a limited set of sound sources, namely road
traffic, railway traffic, aircraft and major industries, they hardly represent the richness of urban sound
environments. The specificity of noise pollution lies in the variety of sound sources, the high
spatiotemporal and rich spectral variations in sound, and the complexity of human hearing.

Several recent studies showed that the usual energy-equivalent sound indicators fail to describe the
complexity of urban soundscapes and that they cannot capture the perception that city dwellers have of
their sound environment [2]-[5]. Accordingly, alternative approaches are under development, which rely
on novel indicators for sound mapping. These approaches are closer to the city dweller’s perception, and
as such are better descriptors of soundscape quality [2], [6]-[8]. A key point when assessing the quality of
urban sound environments is therefore the selection of relevant descriptors that are correlated to
perceptual dimensions, which should be easy to understand and handle [9].



It is acknowledged that the quality of sound environments can be characterized by perceptual
parameters [8], [10], [11]. These perceptual parameters can focus on the sound sources that compose the
urban soundscape, such as traffic, humans or natural elements, and may describe their time of presence,
sound level, or dominance [8], [10]-[12]. Studies report a consensus about the positive contribution of
natural sounds and the negative contribution of traffic sounds to soundscape quality, whereas the
contribution of human sounds can be either positive or negative. Other approaches focus instead on
holistic notions, such as loudness, calmness, liveliness, annoyance, etc. [11]. In that line, the notion of
perceived pleasantness proved particularly relevant to assess the quality of sound environments, and thus
receives increasing attention [2], [13]-[15]. Consequently, recent models aimed to predict the pleasantness
of the sound environment based on perceptual parameters typically account for the time of presence of
sound sources [8], [16]. Finally, factors non-related to the sound, such as visual parameters [17] or others
external factors [17]-[20], can also affect the perceived soundscape guality.

However, although very meaningful, models based on perceptual parameters often have a low practical
potential in a cartography context, since they require prior in situ perceptual tests. Also, during the last
decade, various studies focused on characterizing the quality of sound environments directly from
acoustics measurements [4], [10], [12], [16], [21], [22]. These approaches are encouraged by novel
acoustic mapping techniques based on low-cost sensor networks, or participative measurements, which
allow obtaining sound maps with a higher spatial resolution, while being sensitive to all kind of sound
sources constituting the sound environment [23]-[26]. Studies linking perceptual tests to acoustical
measurements showed for instance that better estimates of the pleasantness of sound environments are
obtained if parameters describing the temporal variations of sound, the sound spectrum, or the
contributions of specific sound sources, are introduced in the modeling [8], [10], [27], [28]. In addition,
physical indicators such as Ls, Leg or Zwicker’s Loudness are most of the time well correlated to the
pleasantness or the perceived loudness [8], [11], [29], [30]. Predictions can finally be improved by
introducing others indicators such as the level variability over time and the proportion of low-frequency
sounds [31], [32].

Although instructive, these approaches differ from the city dweller’s experience of the urban sound
environment during walking trips. Being able to estimate the exposure associated to an urban walking trip
has many potential interests, such as for informing pedestrians about the potential restorative capacity or
even health benefit of their intended walk. To date, only few studies are available that investigated how
outdoor soundscapes are assessed over time [33]-[35], and these studies show that recency or
presentation-order effects can be observed during transitions between different sound environments [36].
Likewise, only few studies investigated the temporal dynamics of sound environments and their
assessment [33].

In this paper, models are proposed to estimate the pleasantness of sound environments along paths in
urban context, travelled in both directions. The models are based on an in situ sound walk. Along the
pathway, the participants filled in a questionnaire about the sound environment at 19 assessment locations.
The proposed methodology, based on an in situ questionnaire survey, follows a protocol already shared by
other soundscape studies listed in Aletta et al [2]. In addition, the questionnaire included questions about
the sound environment perceived between the assessment locations, and questions about the global
pleasantness of the walking trip. Results are discussed in relation to the sound pleasantness model
proposed by Ricciardi et al. which is based on the same parameters and a similar methodology [8]. These



similarities with previous studies will allow testing the robustness of the perceptual models developed in
this work over the different time frames investigated.

The aim of this research is threefold:

(1) To propose models of perceived pleasantness based on perceptual properties or acoustic indicators,
in order to characterize soundscape quality along a walking path in an urban context.

(2) To study the presentation-order effect of assessment locations along a walking path in an urban
context, that is, whether or not the order in which the participants visit a set of locations affects
how they assess them.

(3) To study the relationships between local and overall assessment of a walking path in an urban
context.

2. Method
2.1. Study area and chosen pathway

The study consisted of a perceptual test performed 4 times (referred further as “study sessions” in the
text) over a 2,1 km-long path, located in Paris (13" district). Assessments were done on 19 locations
(referred further as “assessment locations” in the text) located along the path, with an average distance of
115 meters between locations. Figure 1 presents the chosen path for the test and the different assessment
locations along this path.

Figure 1 Sound map of the studied path, interpolated from mobile measurements (Leq - dB). The points 1 to 19 correspond to the different
assessment locations.

Table 1 gives a brief description of the sound environments and the approximate traffic flow rate at
each assessment location (data from the Paris City Hall - Green Spaces and Environment Department). As
shown in Table 1 and Figure 1, the assessment locations were chosen to contain a large variety of urban



sound environments, and the path was chosen to contain multiple changes in the sound environment, both
smooth and sudden.

Table 1 Description of the assessment locations along with approximate vehicle flow rates

Assessment Morphology Flow Assessment Morphology Flow
Location Rate Location Rate
[Veh/h] [Veh/h]
P1 Large two-lanes traffic street ~2x750 | P11 Quiet street without traffic
P2 Large two-lanes traffic street ~2x750 | P12 Street with very low traffic flow rates ~50
P3 Quiet park P13 Street with very low traffic flow rates ~50
P4 Animated street (Bars & Restaurants) ~50 P14 Street with very low traffic flow rates ~50
P5 Very quiet street with rare traffic pass- ~10 P15 Street with high vehicle flow rates ~2000
byes,

P6 Animated street (Bars & Restaurants) ~50 P16 Street with high vehicle flow rates ~2000
P7 Animated street (Bars & Restaurants) ~50 P17 Quiet pedestrian street located between two

busy street
P8 Park alongside a street ~750 P18 Street with interrupted traffic (traffic lights) ~1000
P9 Street with moderate traffic flow rates ~750 P19 Large Park
P10 Street without traffic, near a school ~10

2.2. Participants

In total 37 participants performed the walks (25 men, 12 women; 23 from 10-29 y.o, 8 from 30-39 y.o,
2 from 40-49 y.o, 3 from 50-59 y.0, 1 from 60-75 y.0). Participants were recruited from outside of the
university. They were divided into four study sessions, with about 10 participants per session (the exact
number per session is given in Table 3), which is small enough to not modify the surrounding sound
environment, while keeping a sufficient number to perform statistical analysis. The participants took part
in only one of the four study sessions, and received a small monetary compensation.

2.3. Equipment

Sound levels were measured continuously during each study session, using a dedicated sound
measurement station developed by ASAsense, carried by an operator that followed the group. The devices
were tailored for mobile measurements, being mounted in a backpack. The microphone was placed over
the head of the operator, to ensure the omni-directionality of measurements, and was powered by a battery
pack [3]. Figure 2 presents the sound measurements station inserted in the backpack used by operators.
Instantaneous 1/3-octave band levels were recorded with a 125 ms-temporal resolution, simultaneously
with GPS synchronized 1s-position data, so that the space and time evolution during any study session
could be reconstructed in full afterwards. Audio signals were simultaneously recorded by the device.




Table 2 Summary of the set of indicators (n=480) extracted from the measurements.

Figure 2 Backpacked sound measurement station.

In order to fully capture the sound environment characteristics, a very large set of indicators (n=480)
has been calculated. Table 2 presents an overview of the acoustical indicators extracted from the
measurements. Some indicators were calculated for two integration times (1 s. and 125 ms.), two spectral
weightings (Linear and A-weighted), and various statistical descriptors are calculated using energetic or
arithmetic averaging, standard deviation, and percentiles. The indicators were calculated on the basis of
the global sound level, but in some cases also for each octave band from 31.5 Hz to 16 kHz.

Abbreviation

Lio-Lgo, Ls-gs,
N10-Ngo, &

CoGaatiz-8kH:
CoGu2sHz-8kH:
CoGazhz-16kH:
NNE 570 ds(a)
NNE 575 as(a)
NNE g0 ds(a)
NNE_>1 10 d8(a)
NNE > Aeq T+10
dB(A)
NNE > Aeq T+15
dB(A)
M1 570 de(a)
MI 575 dp(a)
M1 >80 da(a)
MI L0 dB(a)
MI s aeq T+10 dB(A)

MI s aeq T+15 dB(A)
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TFSD See Equation 1 X X X Arithmetical X X

SFD See Equation 2 X X X

Additionally, the normalized Time and Frequency Second Derivative (TFSD) is an indicator that was
developed specifically for this study. It represents the time and frequency normalized deviations of each
recorded sample. It aims at describing the frequent time variations within specific frequency bands, which
are characteristic of tonal or harmonic sounds such as voices or birds. It is calculated as follows:
d?L(ft)

dfdt

f=16kHz |d’L(f,t)
f=31.5Hz| dfdt

TFSD(f,t) = Equation 1,

where f denotes octave bands from 31.5 Hz to 16 kHz.

The Spectral Flatness Deviation (SFD) indicator is also calculated, as it is known to be a good and
simple voice activity detector [37]. It describes the standard deviation of the spectral flatness indicator SF,
calculated as follows:

(zﬁ;i_"s’,ﬁzzln(uﬁt»)
10

SF(t) = &—— Equation 2.
O = |
10

2.4. Perceptual data collection

A questionnaire of 18 11-point bipolar semantic scales on perceptual parameters was administered at
each of the 19 assessment locations. The left extremity of the bipolar scale was coded as “1” and its right
extremity was coded as “11”, the neutral point corresponding to the “6” rate. The questions covered the
following categories of perceptual parameters, most of them already investigated in previous studies [38]:

e The first category of parameters describes the perception of the previous segment, i.e. the short
path that links the assessment location to the previous one:

o The Segment Pleasantness (SP), which describes the pleasantness of the sound
environment during the previous segment, from “unpleasant” to ‘“pleasant”.
Consequently, when the term "segment pleasantness" is used in this study, it refers to the
pleasantness of the sound environment of the previous segment of the walking path;

o The Change of the Sound environment (CS) describes the perceived change between two
assessment locations, from "identical” to "very different”;

o The Speed of the Change (SC), which describes the speed of the change described before,
from “sudden” to “progressive”, when a change was perceived;

e The second category of parameters is related to the overall sound environment at the assessment
location:

o The Overall Loudness (OL), which describes the perceived sound level of the sound
environment. A scale evolving from “quiet” to “loud” was used;

o The Liveliness (L), which describes if the sound environment appears as alive and
animated, from “lifeless” to “lively”;

o The Pleasantness (P), which describes the pleasantness of the sound environment, from
“unpleasant” to “pleasant”. Consequently, when the term "pleasantness™ is used in this



study, is will refer to the pleasantness of the sound environment at the assessment
location;

e The third category of parameters describes the emergent sound sources at the assessment location.
The perceived loudness of mopeds (PLM), cars (PLC), horns and sirens (PLH), trucks (PLT) and
buses (PLB), were assessed with a scale evolving from “weak” to “loud”. Tramways, trains,
underground trains, and urban activities were excluded from the study as they were absent from
the investigated sound environments.

o The fourth category of parameters deals with the time of presence of sound sources such as traffic
(T), voices (V), footsteps (F), birds (B), water (Wa) and wind (W1i). A scale evolving from “rarely
present” to “continuously present” was used.

o Finally, a last question describes the visual amenity (VA), from “unpleasant” to “pleasant”.

Three additional questionnaires were administered during the study sessions: the participants had to
assess the sound pleasantness of the first half of the path (at point 9), the second half of the path (at point 1
or 19 according to the path direction) and the path as a whole (at point 1 or 19 according to the path
direction).

2.5. Procedure

The four perceptual tests were performed on the Mondays 23/03/2015 and 30/03/2015, between 11 and
12h and between 15 and 16h. The path being travelled each day alternated from West to East and from
East to West. The global sound level integrated over the path was similar for all the study sessions. Table
3 presents a summary of the study (day and hours of the sessions, direction, number of participants and the
global Laqintegrated over the path).

Table 3 Summary for each study session (day, hour, direction, number of participants, and global measured sound level).

Study session Day Hour Direction Number of participants  Global path Laeq
S1 23/03/2015  11h-12h East-West 8 722
S2 23/03/2015  15h-16h West-East 11 72.0
S3 30/03/2015  11h-12h West-East 9 725
S4 30/03/2015  15h-16h East-West 9 72.7

Perceptual data and sound measurements were simultaneously collected at each of the 19 assessment
locations, during 3-to-5 minute stops. The duration of each walk was approximately 45 minutes. The
meaning of each semantic scale was described to the participants before the study sessions. Then, the
participants were asked to keep silent in order not to disturb the sound environment. Special care was
taken, by the operator of the recording system, to avoid recording sounds eventually generated near the
microphone by the participants or the research team.

3. Results
3.1. Descriptive analysis of the collected data

3.1.1. General information

Concerning the questionnaires to assess the sound environment at each location, six participants (out of
37) carried out very incomplete questionnaires and were discarded from the analysis. Furthermore,
assessment location P3 from the second study session (West-East) was removed from the analysis, as it



presented very eventful conditions during the assessments (cleaning truck) and two others assessment
locations were discarded because of errors on acoustics measurements. Moreover, some incomplete or
very erratic answers were eliminated, resulting in a total of 556 valid individual assessments (out of 703),
and on 73 (out of 76) valid assessment locations. Concerning the questionnaires to assess part of the paths,
91 individual assessments were finally valid (out of 93).

Multilevel analyses are proposed in our study [39]. They were performed with the package “Ime4” in
the R Statistical Software. The multilevel analyses presented in this study were performed discerning two
levels. The perceptual assessments or physical measurements correspond to the first level. At the second
level, there are two random variables: the users and the assessment locations interacting with the four
study sessions. The other analyses were performed with the standard package of the R Statistical Software
or with the Matlab Statistics Toolbox™.

3.1.2. Participant and study session variability

This section investigates the influence of both the participant and the study session on the perceptual
assessments. Figure 3 shows, for the 19 assessment locations and for five parameters (a) the average,
calculated over the four study sessions, of the standard deviations of the participant assessments, (b) the
standard deviation of the participant assessments averaged over each study session.

Figure 3.a depicts the variability of participant answers, and Figure 3.b shows the variability of the
sessions, which can be due to the moment dependence of the assessed sound environments. Pleasantness
assessment is affected by both the variability between participants and the variability between study
sessions, with an average standard deviation of 1.5 for participants and a standard deviation of 0.7 for
study sessions, over the 11-point scale of the pleasantness assessment. Overall loudness assessment is
impacted in a similar way, with a average standard deviation of 1.5 for participants and a standard
deviation of 0.8 for study sessions.

In addition, the times of presence of birds and voices show a high variability between study sessions,
compared to the other perceptual scales (see Figure 3.b). Nevertheless, when high variabilities are
observed, variations in the sound environment can be listened to the corresponding sound environment
recordings, which permitted to assign this variability to the difference in the sound environments and not
in the perception.

Finally, some parameters, namely the perceived loudness of buses (PLB) and horns (PLH), the time of
presence of water (Wa) and wind (Wi), were almost null for most of the study sessions and showed
consequently a very high variability between sessions. Thus, they have been rejected from the analysis. If
water sound sources are active factors when one focuses on specific locations such as parks or open
squares [40], [41], this effect can probably be neglected when considering very contrasted sound
environment at a district scale.
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3.2. Specific location

3.2.1. Presentation-order effect

This section investigates whether or not the perceived pleasantness at an assessment location is
influenced by the sound environment experienced immediately before. If this is the case, then additional
parameters describing the previous experienced sound environment should be included in the pleasantness
model of an urban location. Kolmogorov-Smirnov (Matlab Statistics Toolbox™) tests are performed to
assess the influence of the direction of arrival that is East-West (EW) or West-East (WE), on the
pleasantness assessments for each assessment location. The 556 collected assessments are divided into
two groups WE and EW to perform the statistical test. The Kolmogorov-Smirnov test is a non-parametric
test of the equality of continuous probability distributions [42].

Table 2 Mean difference of perceptual assessments coming from the West and coming from the East Awe-ew). Significant differences at a 95%
level following the Kolmogorov-Smirnov test are in red.

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19

P -0,79 -0,64 0,06 -1,06 0,55 0,03 0,32 -0,22 -0,18 -1,19 -0,38 2,00 0,00 1,43 1,02 -0,35 -2,06 0,42 -0,68
L 0,20 0,85 -0,09 -1,39 -0,43 -0,30 -1,16 -1,44 -0,02 0,24 -0,68 -0,17 1,53 0,67 -0,95 0,48 -0,35 -0,20 -0,79




oL 030 067 -0,21 1,51 -0,57 0,36 -0,18 -0,72 -1,14 0,05 0,09 -2,29 1,25 -0,65 -0,35 -0,04 0,90 -0,87 -0,34
PLM -090 -1,90 0,02 1,24 0,13 -1,50 -0,39 -0,9 -0,38 0,81 0,17 -2,11 3,87 0,60 1,83 1,21 -0,39 -0,58 0,63
PLC -1,09 -0,66 0,05 0,73 -0,48 0,90 -1,14 0,03 -1,07 1,45 0,72 -0,79 1,04 049 -0,75 057 0,68 -1,22 0,16
PLT -1,02 2,13 -0,32 0,98 -0,49 0,70 291 242 061 0,73 -0,52 0,12 0,35 159 0,24 2,73 1,69 195 0,56
PLH -1,33 -1,34 -0,03 0,40 -0,98 -0,75 2,08 0,09 -0,12 0,28 -0,31 0,00 2,60 0,89 3,03 382 1,02 0,76 0,57

T 001 0,33 -047 084 -029 19 0,14 124 -106 121 1,44 002 0,18 -0,46 -0,49 0,48 0,17 -1,01 0,30
\ 1,79 -039 1,31 -1,31 1,10 0,29 0,55 -0,83 -1,00 -0,44 -0,30 0,24 324 1,82 -1,39 -1,41 1,32 -3,03 -0,63
F 095 -1,05-0,34 -1,47 -2,23 -2,97 -0,73 -1,37 -1,21 -1,29 -2,12 -0,15 -0,29 1,29 -1,61 -1,47 -2,71 -2,78 -1,92
B -046 -0,81 0,60 -3,29 -3,05 -3,37 -2,01 -1,01 -1,15 -0,82 -1,28 -0,20 -0,46 0,13 -0,05 0,14 -0,47 0,36 0,12
VA -009 0,72 198 -0,32 -0,18 0,72 -0,22 1,35 1,33 0,60 1,07 2,20 0,26 0,01 0,02 0,11 -0,37 -2,10 -0,30

Table 2 gathers the discrepancies, for each parameter, between the two groups and the results of the
statistical test. The assessment of the pleasantness differs according to the direction of arrival for only two
of the 19 assessment locations of the path:

e The assessments at P12 depend significantly upon the direction of arrival for the pleasantness,
but also for the perceived overall level and the visual amenity. These differences are not
explained by different sound levels, and an expert listening of the recorded sound files did not
allow detecting any acoustic reason. Two hypotheses are formulated:

o The perceived time of presence of mopeds differs between the two directions of arrival
(APLM we-ew)=-2.11) at P12, and could influence the overall loudness or pleasantness
estimation in the EW direction [43].

o The visual environment at P12 differs significantly according to the direction of
arrival. From East to West a park is in the vision area, while from West to East the
participants are facing a dark street which leads straight to a large boulevard. The
visual amenity might here thus have had a preponderant effect on the pleasantness
assessment, as highlighted already in [44].

e The direction of arrival impacts significantly the perceived pleasantness for the assessment
location P17. This point is nearby the noisiest location of the path (the boulevard “Avenue
d’Ttalie” P15, P16). Interestingly, the location P14 shares both the similar characteristics and
has the third most important difference (APwe-ew)=1.43). Section 3.3.1 will highlight the high
change of sound environment around these two assessment locations. This suggests that a
location could be perceived more pleasant only if it is associated to a high positive change of
sound environment.

In this study, the presentation-order effect has not been evidenced for most of the assessment locations.
Thus, the following proposed models for the sound pleasantness of a location will not take this effect into
account.

3.2.2. Models of pleasantness based on perceptual data

First, the relationships between the perceptual parameters are investigated. The Pearson's correlation
coefficients between perceptual parameters, calculated at the study session scale (n=73), are presented in
Table 3.

Table 3 Pearson’s correlation coefficients r between every assessed perceptual parameters (n=73, * p<0.05, **p<0.01)

P L oL PLM PLC PLT T \Y F B

P 1,00 -0,50** -0,91** -0,74** -0,89** -0,75** -0,86** 0,19 0,12 0,53**




L 1,00 0,67** 0,31** 0,43** 0,46** 0,47** 0,43** 0,35** -0,10

oL 1,00 0,71** 0,83** 0,73** 0,81** 0,02 0,02 -0,44**
PLM 1,00 0,81** 0,65** 0,74** -0,21 0,02 -0,33**
PLC 1,00 0,74** 0,92** -0,26* -0,10 -0,43**
PLT 1,00 0,82** -0,19 -0,07 -0,33**
T 1,00 -0,22 -0,05 -0,39**
\% 1,00 0,44** 0,18

F 1,00 0,42**
B 1,00

As expected, pleasantness is significantly and negatively correlated with overall loudness (r<-0.7), and
with traffic-related parameters (PLM, PLC, PLT and T).

Liveliness correlates with overall loudness and presents links shared between both human presence (V
and F), and traffic parameters (T). It seems that this parameter has been interpreted by the participants as a
presence of voices, but also traffic.

The presence of birds (B) is positively correlated with pleasantness (r = 0.53), and negatively
correlated with overall loudness and the presence of traffic (r = -0.44 and r = -0.39). Birds are not present
or not heard when they are masked by traffic noise.

Consequently, multiple linear regression models are built to estimate the pleasantness at the assessment
locations based on perceptual parameters. An additive stepwise optimization is used. When different
parameters are proposed as good candidates for the regression model by the procedure, the parameter
which is most easily interpretable is preferred. Multi-collinearity among the independent variables is
tested by checking the variance inflation factor (VIF). The VIF factor is always lower than 5 for the
proposed models in this study, as recommended in [45]. Table 4 presents the different models for
perceived pleasantness on the basis of perceptual parameters.

Table 4 Multilevel models of perceived pleasantness from perceptual parameters. Fixed coefficients estimates: regression coefficient (standard
errors; t-value), all estimates are significant (p< .05); Random parameters: variance components (standard errors); Pseudo R statistics; Goodness-
of-fit.

Null Model Perceptual A Perceptual B
Fixed coefficients

n=556 n=556 n=556
Intercept 6.45 (0.29; 22.5) 9.40 (0.30;30.7) 9.70 (0.30;32.6)
oL -0.48 (0.04;-12.5) | -0.47 (0.04;-12.0)
T -0.21 (0.03;-6.8)
\% 0.12 (0.03;3.9)
B 0.09 (0.03;3.4)
Random parameters
Participants 0.73 (0.85) 0.46 (0.68) 0.42 (0.65)
Assessment locations : study session 3.90 (1.98) 1.36 (1.17) 0.38 (0.62)
Residual 2.09 (1.45) 1.96 (1.4) 2.00 (1.42)




Pseudo R? statistics

R2G1obal - 44% 58%
RzParticipants == 37% 42%
RzAssessment locations : session - 65% 90%

Goodness-of-fit

Deviance 2239.8 2132.9 2072.0
AIC 2247.8 2142.9 2088.0
BIC 2265.1 2164.5 2122.5

The Pseudo R2? statistics are calculated as follows:

o RZ ., corresponds to the global variance explained by the different models divided by the
global variance of the Null Model. The global variance is the sum of the residual variance and
the variances associated to the random parameters.

o  R2,. COrresponds to the part of the variance, associated to the participants, explained by the
different models compared to the variance, associated to the participants, in the Null Model.

o R2,mentiocaions  sssion COFTESPONAS t0 the part of the variance associated to the assessment locations
interacting with the study sessions, explained by the different models compared to the
variance, associated to assessment locations interacting with the study sessions, in the Null
Model.

The global variance of the “Null Model” is 6.72. The multilevel analysis shows that the variance due to
the participants is 0.73, which represents 11% of the global variance. The variance due to the change of
the sound environment (i.e. the interaction between the four study sessions and the assessment locations)
represents 58% of the global variance. Finally, 31% of the global variance cannot be explained by any of
these random parameters.

Two models of perceived pleasantness on the basis of perceptual parameters are proposed (Perceptual
A and Perceptual B). All the goodness-of-fit measures show that Perceptual B model increases
significantly the performance compared to the Perceptual A model and that both models increase
significantly the performance compared to the Null model.

The multilevel analysis shows that the pleasantness predicted by the unique variable (perceived overall
loudness) explains 65% of the variance due to the change of the sound environment. In addition, overall
loudness (OL) has a significant impact on pleasantness, highlighting the tight relation between these two
perceptual parameters, already revealed by the Pearson's correlation coefficient between OL and P (Table
3).

Four perceptual predictors are selected for the Perceptual B model: overall loudness (OL), times of
presence of traffic (T), voices (V) and birds (B). Introducing these additional parameters in the model
improves the explained variance due to the change of the sound environment, which reaches now 90%. In



this new model, the perceived overall loudness (OL) has the highest regression coefficient highlighting
again the tight relation between the two parameters overall loudness and pleasantness. As expected, the
time of presence of traffic is associated to a negative regression coefficient. The time of presence of voices
and birds are associated to a positive regression coefficient, revealing the already observed positive
contribution of natural and human sound sources on pleasantness [46].

However, although very accurate, the models based on perceptual parameters proposed in this section
have a low practical potential in a predictive context, since they require prior perceptual tests. Instead,
these models highlight the high predictive potential of physical models that would be based on indicators
highly correlated to these perceptual parameters OL, T, V and B.

3.2.3. Models of pleasantness based on physical data
The Pearson's correlation coefficients between perceptual parameters and physical indicators,
calculated at the study session scale (n=73), are given in Table 5.

Table 5 Pearson's correlation coefficients r between perceptual parameters and most relevant physical indicators (not significant correlations at a
99% level are noted NS)

P L oL PLM PLC PLT T Y; F B

Leq 065 046 064 045 065 063 067 NS NS -0,45

Lean 074 054 073 048 064 063 066 NS NS -0,45

Las 075 051 075 047 066 059 066 NS NS -0,46

Lasa 079 0,55 0,78 0,54 0,71 0,66 0,72 NS NS -0,40

Laso 074 053 072 045 062 060 062 NS NS -0,41

Lo 066 046 064 044 067 061 068 NS NS -0,46

Lsa 078 051 076 059 075 072 076 NS NS -0,44

Leo 075 0,49 0,72 0,55 0,68 0,66 0,69 NS NS -0,42

= 076 050 074 047 069 062 070 NS NS -0,49

Neo 081 055 08 057 074 069 075 NS NS -0,43

Neo 074 053 072 048 063 062 064 NS NS -0,40
Laso-Laso -0,28 NS 0,32 NS 0,30 0,21 0,29 NS NS NS
SFD 042 -028 -042 021 028 -021 -027 NS NS NS
TFSDsonn: NS NS NS NS 027 -026 032 053 NS NS
TFSDuc: 0,48 NS 038 046 058 -056 -063 041 NS NS
TFSDac: 059 -035 053 039 -055 -044  -055 NS NS 0,68
TFSDac: 0,46 NS 042 034 043 -029 -038 NS NS 0,76
TFSDarizces 053 NS 043 -041 -052 -031 045 NS NS 08l

I—50, 63Hz

-0,76 0,47 0,69 0,59 0,77 0,71 0,79 NS NS -0,36




I—50, 125Hz

-081 054 077 062 079 076 083 NS NS -042
L-s0, 2500z 0,83 0,50 0,78 0,65 0,82 0,76 083 0,25 NS -0,47
Lo, oot -085 057 084 060 077 072 077 NS NS -049
Lso e 08 059 08 061 077 071 078 NS NS -0,51
Lso. 2wz -0,79 0,54 0,78 0,52 0,71 0,64 0,72 NS NS -0,48
enca 061 046 060 034 050 049 052 NS NS  -025

The indicator with highest correlation to both Pleasantness and Overall Loudness is Lsy within the 1
kHz octave band: Lsg k. Interestingly, Nio, Laso and Lso also show higher correlations with OL and P
than the more classically used Laeqand Leg. This is in line with previous urban and rural soundscape
studies, which already highlighted the limitations of the Lq [8], [11], [29], [30].

The perceptual parameters related to traffic, namely PLM, PLC, PLT and T, correlate well with Lsg
from 63 Hz to 250 Hz. This can be explained by the high proportion of low frequency sound generated by
road traffic, compared to the other sources that compose urban sound environments.

As expected, the time of presence of birds (B) correlates negatively with the traffic-related parameters.
The physical indicator which best correlates with (B) is the TFSDpeanakmz, for 125 ms measurements
(r=.81) or for 1s measurements (r=.76). This shows the potential of this simple indicator to identify the
presence of birds in an urban environment. Similarly, the physical indicator which best correlates with the
time of presence of voices is the TFSDmeansoon: (r=.53). This highlights the potential of the proposed
TFSD indicators to identify and classify the urban sound environments based on their source composition
without the use of more complex algorithms. Table 6 presents the different models of perceived
pleasantness based on physical parameters.

Table 6. Multilevel models of perceived pleasantness from physical parameters. Fixed coefficients estimates: regression coefficient (standard
errors; t-value), all estimates are significant (p< .05); Random parameters: variance components (standard errors); Pseudo R? statistics; Goodness-
of-fit.

Null Model Physical A Physical B
Fixed coefficients

n=556 n=556 n=556
Intercept 6.45 (0.29; 22.5) 20.71 (0.97;21.3) 16.48 (1.6;10.3)
Lso,1krz -0.28 (0.02;-15.0) -0.25 (0.02;-12.5)
TFSDmean 5000z 15.82 (6.62 ; 2.4)
TFSDrnean akz(1/8s) 16.82 (6.84 ; 2.5)
Random parameters
Participants 0.73 (0.85) 0.82 (0.90) 0.86 (0.93)
Assessment locations : session 3.90 (1.98) 0.73 (0.86) 0.59 (0.77)
Residual 2.09 (1.45) 2.07 (1.44) 2.07 (1.44)




Pseudo R2 statistics

R2G1obal -- 46% 48%
RzParticipants == -12% -17%
RzAssessment locations : session - 82% 85%

Goodness-of-fit

Deviance 2239.8 2139.4 2129.7
AIC 2247.8 2149.4 2143.7
BIC 2265.1 2171.0 2173.9

Multiple linear regression models are built to estimate the pleasantness at assessment locations based
on physical indicators. Two models of the perceived pleasantness based on physical parameters are
proposed, Physical A and Physical B. The physical indicators that best correlate with the perceptual
parameters are selected. The goodness-of-fit measures show that both models increase significantly the
performance compared to the Null model. Even if positive, the contribution of Physical B compared to
Physical A is more contrasted. However, an ANOVA analysis (R - Package stats) shows that both models
are significantly different (F(2, 554) = 8.65, p < .001), increasing the global explained variance from 46%
to 48%.

The Physical A model relies on the parameter Lsg i, Only. The multilevel analysis shows that this
parameter explains 82% of the variance in perceived pleasantness due to change in the sound
environment. Lso 1, IS @ significant variable for the prediction of pleasantness (Table 6). The lower
explained variance, compared to Physical B, relates to the fact that the perceptual parameters and the
physical indicators (here OL and Lsg 1x4,) are not perfectly correlated (Table 5).

The Physical B model is built by introducing the physical parameters which are best correlated with the
perceived times of presence of traffic, voices and birds. However, Lsq s, (fOr traffic) is rejected because
it is collinear with Lsg 11, (VIF > 5). The multilevel analysis shows that model Physical B explains 85% of
the variance of the perceived pleasantness variance due to the change of the sound environment.
Introducing TFSDmean aktz(1/ss) @A TFSDmean 5001, N the regression improves the perceived pleasantness
estimates. In this new model, Lso 14, iS the indicator with the strongest influence on the pleasantness
estimation.

3.2.4. Applying the models in a cartography context

In this section, the results given by the proposed models are averaged over the assessment locations.
Then, they are compared to the average pleasantness values given by participants at the same locations.
Applying the models at this scale (n=19) mimics a static sound environment mapping context. In order to
assess the predictive power of the different models, the Pearson’s correlation coefficients between the
average of measured and predicted pleasantness, as well as the Root Mean Square Errors (RMSE), are
presented in Table 6.



Table 6 Pearson’s correlation coefficients r and RMSE values averaged over the assessment locations, between the prediction by the four proposed
models and the perceptual pleasantness assessment.

Model Parameters r RMSE
Perceptual B OL,T,V,B 0.98**  0.63
Perceptual A OL 0.95** 1.18

Physical B L50,1kHz, TFSDmeanvsoon, TFSDmeanAkHz(yss) 0.97** 0.53

Physical A L50 111z 0.96** 0.62

Figure 4 depicts the averaged pleasantness predicted at each assessment location, by the different
models. The four models proposed in this study allow very accurate pleasantness estimation (r > 0.9 and
RMSE < 1.2). Moreover, introducing sound source characteristics of the sound environment, such as
voices and birds in this study, improves significantly the estimates, especially in quiet places (as for points
P3, P4 and P5) and near schoolyards (as for point P10). Nevertheless, the proposed models overestimate
the pleasantness of the noisiest sound environments, here located on two main boulevards (points P1, P2,
P15 and P16).
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Figure 4. Mean pleasantness assessed (black thick line, with standard error deviation) and predicted by the proposed models: (a) perceptual
models, (b) physical models.

3.3. Path assessment

3.3.1. Short path assessments

Kolmogorov-Smirnov tests (Matlab Statistics Toolbox™) are performed to assess the influence of the
direction of the walk that is East-West (EW) or West-East (WE), on the segment pleasantness (SP).
Segments are the short path between two consecutive assessment locations, with an average length of 115
meters (1-3 min of duration). The collected assessments are divided into two groups WE and EW to
perform the statistical test.

Table 7 Mean differences of the segment perceived pleasantness assessed after walk from West to East and assessed after walk from East to West
ASPwe-ew), and perceived change of sound environment (SC). The differences which are significant at 95% level following the Kolmogorov-
Smirnov test are in red.

Stz Spay Spar Sus) Spe) S Sire Spe) Spao;  Spoay  Spiaz Speasy Spsas Spaas;  Spsae) Speary Spras) Spsag

ASP -0,83 -326 -0,61 -024 205 043 112 0,72 -062 -154 13 062 133 163 -052 -284 010 -1,62

SC 35 87 53 54 63 32 67 46 81 6,5 59 5,6 49 8,2 25 8,8 6,2 8,0




Table 7 gathers the discrepancies, for each perceptual parameter, between the two groups. The
pleasantness assessments for segments S5 and Spie.17) are the only ones that are significantly dependent
on the walking direction. Both segments are also the ones with the highest perceived change in the sound
environment (SC=8.7 and 8.8). In fact, the perceived change in the sound environment (SC) and the mean
deviation of the perceived pleasantness for the segments (ASP) correlate significantly (r=.65, p<0.005).
This suggests that the segment assessment depends on its walking direction, which might be explained by
a recency effect. Such effects were shown in recent works about transitions between different sound
environments [36], or about the temporal dynamics of sound environments and their assessment [33].

The Segment Pleasantness (SP) is then estimated using the sound environments assessed at the two
assessment locations situated at each end point of the given segment (Psure and Peng). The proposed model
explains 83% of the variance (R?=.83, F(2,70)=167, p<.001). Equation 7 presents the corresponding
model.

SP =0.82+ 0.21 * Pyt gy + 0.69 * P,y Equation 3

The standardized regression coefficient related to P (b*=.80, t(70)=15.22, p<.001) is much higher
than Py, (0*=.23, 1(70)=4.44, p<.001). Again, this highlights the influence of the walking direction on the
assessment of the pleasantness of segments that lasted between 1 to 3 minutes.

3.3.2. Long path assessments

Predicting the pleasantness of an urban walk trip has many potential interests, such as informing a
pedestrian about the potential restorative capacity of even health benefit related to his/her intended walk,
or optimizing the related route choice through specific algorithms [47]. Figure 5 presents the relation
between the pleasantness assessments of a path globally assessed, and the pleasantness averaged over the
locations that were assessed along this path, for the global route and both halves of the route.
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Figure 5 Mean global pleasantness, relatively to both halves of the path (Part 1, Part 2) and the route as a whole (Route), and the pleasantness
averaged on assessment locations following the 4 study sessions (n=12), r=0.8, p<0.005.

No recency effect is observed in this analysis, although the global path end points (P1, P9 and P19) have
very different sound environments. In addition, there is a strong correlation between the pleasantness
values averaged on the assessment locations and the global pleasantness assessment (r=.8, p<0.005). This
suggests that averaging the pleasantness assessed at each assessment location sampled regularly along the
global path can be a good estimator of the pleasantness of a global path lasting more than 20 minutes.

4. Discussion

Section 3.2.2 suggests that liveliness was probably interpreted by the participants as a presence of
voices, but also traffic. This interpretation differs from previous studies that showed that liveliness is
better related to soundscapes with a dominant presence of voices [11], [29]. This difference might be due
to the fact that in [11], [29], the participants had to choose the dominant source, while here each sound
source is assessed. This might also result from the translation of the French word “Animé” (in English
“Liveliness”), which is maybe a wider concept in French than in English. Liveliness is also negatively but
weakly correlated with pleasantness (r = -0.5). This is not completely in line with [11] which found
liveliness uncorrelated with pleasantness. Finally, even if a large variety of urban sound environments
were encountered by the participants during the proposed pathway (Table 1), the chosen methodology
restricted the range of possible stimuli as compared to the above mentioned studies. This might be a
reason for the observed discrepancies.

Interestingly, the model of pleasantness based on perceptual parameters in this study, Perceptual B, is
very similar to the one proposed by Ricciardi et al. [8], which is written as follows:

P=811-038%*0L—-0.14+«T+ 0.20*V + 0.15« B Equation 4



The two studies used the same semantic differential questionnaire and were conducted in the same
districts in Paris, but relied on a different corpus of locations and participants and were separated in time
by more than two years. This tends to prove the robustness of these simple linear regression models, based
on the perceived Overall Loudness and the time of presence of typical urban sound sources, to estimate
the pleasantness of sound environments. Even if the methodologies differed, similar comparisons can be
drawn with other recent studies. For example, Axelsson et al. showed similar Pearson's correlation
coefficients between perceived pleasantness and indicators such as Laeq Or Nijg and the models they
proposed also included parameters such as the predominance of technological, human and natural sources
[11].

Models that estimate the perceived pleasantness of the sound environment were constructed with
perceptual or physical predictors. The decrease in the predictive power of pleasantness estimates, from the
perceptual parameters to the physical indicators (85% of the variance due to the change of the sound
environments, instead of 90%), suggests that better pleasantness models could be proposed if physical
indicators, more closely related to the perceptual parameters, were used. Unfortunately, the classic
energetic, temporal and spectral indicators fail to accurately describe these perceptual parameters. Thus,
further research should focus on physical parameters that allow identifying each given sound source, or
characterizing each relevant perceptual parameter.

Adding the fixed coefficients does not significantly influence the residual variance (about 30%, Table 4
and 6). It can be assumed that this variance is related to the very detailed 11-point scale that is used for the
assessment; one can expect that this variance would remain if a given participant had to assess several
times the same sound environment.

At the path-scale, the Pearson's correlation coefficients between assessed and predicted perceived
pleasantness from physical parameters reaches 0.97 with a very small mean square error (0.53 on an 11-
point scale). Using this model with physical indicators extracted from low-cost sensor networks, or
participative measurements, would allow mapping pleasantness. This type of map would probably be
easier to understand than the standardized noise map that shows the sound levels on a decibel scale.

The presentation-order effect has not been evidenced for most of the assessment locations. Very strong
changes in the sound environment may however have a significant impact on perceived pleasantness, but
there are not enough sudden changes in the study. Further studies with better controlled conditions, as one
would obtain in laboratory experiments, should be designed to specifically investigate the presentation-
order effect on pleasantness assessments in an urban context.

This study also offers an insight into the retrospective pleasantness assessment of urban walks. For
very short walks between two assessment locations, a recency effect is shown to occur and the
pleasantness of the path can be predicted from the pleasantness of the two end points that delimit the path.
Nevertheless, this recency effect does not appear when larger routes are assessed.

On the basis of these insights, a number of hypotheses can be proposed:

e The duration taken to assess one segment or a complete path differs. In the case of a path assessment,
each participant makes the effort to remember the whole path and its different assessed locations, to



finally average its appreciation of the path. In the case of a single segment, the response given by a
participant might be more instinctive and his answer more sensitive to any cognitive bias.

e The recency effect on the pleasantness appreciation might depend, in an urban context, on the walk
duration. Short walks might give rise to a strong recency effect for the segment assessment; but this
recency effect tends to disappear with longer walks.

e For long paths, the recency effect tends to disappear because the succession of positive transitions
(walking towards a better sound environment) and negative transitions (walking towards a worse
sound environment) could lead to a cancellation of this effect.

Nevertheless, in this research, only twelve long path assessments are studied and thus these observations
should be handled with care. Others studies with a methodology specially constructed for testing these
three hypotheses is now required to investigate the recency effect during a typical urban walk trip as, for
example, presented in [48].

5. Conclusion

The main conclusions of the present research are:

1)

2)

3)

4)

5)

Multiple linear regression models based on perceptual parameters, such as the overall loudness,
the time of presence of traffic, birds and voice, can successfully describe the perceived
pleasantness of the sound environment.

A simple indicator based on the time and frequency second derivative (TFSD) is proposed, which
is best correlated, among a large set of calculated physical indicators, with the perceived time
presence of birds and voices.

Multiple linear regression models based on physical parameters such as Lso ikrz, TFSDmean 5004z,
TFSDmeanakrz/ssecy are able to describe the average perceived pleasantness of the sound
environment. Introducing physical indicators that represent the presence of birds and voices in the
modeling significantly improves the estimation.

A multilevel analysis reveals that about 58% of the global variance is due to the context and about
11% is due to the participants.

For very short paths between two assessment locations, pleasantness can be predicted from the
pleasantness of the two end points that delimit the walk.

Additional studies are needed to investigate the influence of recency effects during urban walks of various
durations more in detail, and to study the influence of both the transitions and the presentation order
effect, on path pleasantness assessments. Also, this study suggests that an improvement of the
pleasantness models could be obtained if physical indicators, more closely related to the perceptual
parameters, were found.
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