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ABSTRACT

Outdoor environments with quality landscapes can
benefit people’s physical and mental health. Real-time
assessment on individuals’ environmental affective
experience can improve the scientism in measuring the
quality of outdoor environments. Existing measurement
methods are often insufficient for the cases of a larger
site area or sample size. The machine visual cognition of
Artificial Intelligence can realize the recognition of facial
expressions and the changes in video images, which
supports high-precision and long-cycle measurements on
individuals’ affective experience in outdoor environments.
Taking an urban community square as the study site, this
research simultaneously collects participants’ facial data
from video images and their electrodermal activity data,
wherein Convolutional Neural Network algorithm model
is trained with a deep learning algorithm, i.e. codec-SVM
optimized model, whose reliability is tested through an
additional experiment. The research reveals that: 1) The
accuracy rate of the main and additional experiments in
measuring individuals’ affective experience is 82.01% and
65.08%, respectively; 2) The additional experiment verifies
the application potential of the codec-SVM optimized
model; And 3) the model works more effective for outdoor
scenarios with varying usage behaviors and open views.
Therefore, machine visual cognition can be used for
emotion measurement in a larger site area or sample
size and contributes to the effectiveness of landscape
optimization efforts, especially as an instrumental tool

to study the affective experience of the ones who have
communication or reading disability. The findings also
demonstrate the model's great potential in building Smart
Cities with refined public services.

KEYWORDS

Machine Visual Cognition; Outdoor Environments
Experience; Affective Experience Measurement;
Convolutional Neural Network Algorithm Model; Health
Promotion; Design Research
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1 Research Background

Emotion is the affect and reaction of human mind, based on the needs of the
subject, to certain environmental or event stimuli'". They affect human health
physiologically and psychologically, and on social adaptation as well”. Fast-
paced, busy modern lifestyle often make citizens stressed, anxiety, depression, and
uneasiness that is harmful for their physical and mental health”™, Existing studies
prove that outdoor environments with quality landscapes can help alleviate such
negative moods and benefit people’s physical and mental health®®, Recent research
in Environmental Psychology suggests that real-time assessment on individuals’
environmental affective experience can improve the scientism in measuring the
quality of outdoor environmental landscapes'”!, and effectively contribute to

the enhancement of landscape design and environmental performance. Existing
assessment methods are mostly applied in scenarios of indoor environments, while
those for outdoor environments are often insufficient, especially for the cases of

a larger site area or sample size. It thus needs to innovate measurement methods
that can generally applied for studying people’s real-time affective experience for

outdoor environments.

2 Measurement Methods on Affective Experience in Outdoor Environments

2.1 Existing Measurement Methods on Affective Experience in Outdoor
Environments and the Limitations

Individuals’ affective experience in outdoor environments is an overall
emotional state determined by their affected level to the environment, which
includes subjective experience, physiological reactions, and external performance!®
and can be assessed with self-report, physiological measurement, and behavioral

P8I Self-report often in forms of mood scales or

measurement, respectively
questionnaires—mostly Positive and Negative Affect Scale (PANAS)!""!, Brief
Profile of Mood States (BPOMS)!""", and State-Trait Anxiety Inventory (STAI)!"*'—
is a means that individuals subjectively describe or rate their affective experience

in outdoor environments. Physiological measurement is to reflect individuals’
instantaneous emotional changes, which monitors complex neurological processes
and physiological changes caused by mood fluctuations and mainly indicated with
human electrodermal activity (EDA), heart rate, blood pressure, electromyography,
and electroencephalogram!*"", Behavioral measurement is to assess individuals’
affective experience through direct observation of the changes in external behaviors
such as voice, facial expression, and body posture!"’’.

To better understand the pros and cons of each measurement method above, this
study reviews them at five aspects, namely application scope, degree of intervention,
time cost, device investment, and manpower requirement"® (Fig. 1, Table 1). Self-
report is found with a broader application, low degree of intervention, and less
device investment and manpower requirement. While, due to its high time cost,

self-report is not an ideal choice for real-time measurement of individual’s affective
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Table 1: The comparison of existing measurement methods on affective experience
in outdoor environments

PR
Evaluation standard
TENEE IR ENED
Aspect Indicator Score
REBEIRERT T T 1
Mostly in laboratory environment
B e TS BINE / TR IR T )
Application scope Authentic and laboratory environments
ik F IR H X R 3
No limitations
FEFAREIBRARRE 1
Wearing devices or invasive collection
PR BEHRRE
Degree of o . 2
. . Wearing simple devices
intervention
AREFIREREANIRE 3
No device or invasive collection
MEEERSRIN 1
Over 15 days of measurement
GO ES MEFRS-15% ,
Time cost 5 ~ 15 days of measurement
M EEASR AT 3
Less than 5 days of measurement
RELENELE 1
Physiological measurement device
RERA BEEPRE )
Device investment Simple device
ARERE 3
No device
MRARIOAM E 1
More than 10 researchers
AFIBLAR
HRAR3~10A
Manpower 2
) 3 ~ 10 researchers
requirement
FRARI-3A 3
1~ 3 researchers
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experience in the design practice aiming at improving user satisfaction'"” "/,

Physiological measurement is advantageous in measurement time, but it takes
a longer time in individual measurement that makes it not applicable to large
sample-size research™"**, Besides, it often requires high device investment,
and the wearing of device would more or less intervene individuals’ affective
experience during the measurement””, Although behavioral measurement

"l mainly) can directly assess

(observers’ ratings** and narrative statements
individuals’ affective experience, but is often time-consuming and require

much labor and training”". As the increase of citizens’ health demands in built
environment, new technologies and approaches need to be introduced to promote
the effectiveness and application scenarios of real-time measurement of affective

experience in urban environments.

2.2 The Measurement of Affective Experience in Outdoor Environments via
Machine Visual Cognition

Machine vision is a technology that simulates human vision by machines.
The computer extracts valid information from images and recognizes the image
contents through data analysis and processing'””. This technology sees advantages

in high precision, supporting real-time application, and advanced intelligence®”,

ERSEE
Application scope
3

ARBAE S FHER
Manpower Degree of
requirement intervention
B A 8] B AR
y iz 2 i
_ Device S g 1. BEAPMNRSEE RN
investment i FiE R EIRE
&2
® 1. The rader chart of existing
BIiRE IR S FHNE ‘é measurement methods on
Self-report Physiological Behavioral z affective experience in
measurement measurement 1 outdoor environments

i*
1. IFNEAUR: 19RTRBRE, 20RFUBRE, SDRFLBEE;
2. SREAHHENRTRHNERFREHES T

NOTES

1. Score: 1 means a slim superiority, 2 means a strong superiority, and 3 means an outstanding
superiority;

2. The measurement time is estimated upon the time spent on each participant and the whole sample
size.
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[30][31 [32][33]
b}

and has been widely used in fields like public safety””""!, intelligent driving

and medical health®*%%,

As facial expressions are people’s the most direct way to convey feelings™®,
emotion analysis supported by machine visual cognition focuses on facial
expression dissecting, which includes three steps, namely face detection, facial

37 __the latter two are critical to the

feature extraction, and emotion labeling
emotion recognition results””. The Convolutional Neural Network (CNN)
algorithm model with advanced machine learning capability has greatly elevated
the accuracy and intelligence of facial emotion recognition of machine vision"**’,
This technology can track and extract facial information from images of both time
and spatial continuity, which supports a more comprehensive and accurate analysis
of human facial expressions and their changes via video monitoring””*"!, At
present, emotion recognition by machine vision has been used in both indoor and
outdoor environments. Werda Buana Putra et al. built a real-time facial expression
recognition system via machine visual cognition which realizes the real-time
monitoring of students’ emotional changes at class so as to find out their unhealthy
emotions as soon as possible!*'. By combining machine vision technology with EDA
data, Pyoung Won Kim established an algorithm model that evaluates students’
real-time mental states, thereby learning about their engagement level at class'*”.
Yuhao Kang et al. used machine visual cognition to recognize people’s facial
emotions in 80 geotagged photos about tourist attractions collected from social
media platforms, aiming to explore the relationship between the environments and
individuals’ affective experience'*’.

Relatively, machine visual cognition is superior over other existing methods in
the measurement of affective experience in outdoor environments. First, machine
visual cognition is less limited by the site’s conditions and can be applied into

[44]

both laboratory™" and outdoor environments at varied scales and with different

landscape characteristics*!, Secondly, machine visual cognition collects

individuals’ facial image data in a non-contact manner'*'!'*’!

, minimizing the
intervention over experiment participants. Thirdly, as for the experimental cost,
although technical support is required for the model training of machine vision,
after that data can be collected via cameras at low cost*®!, saving device, manpower,
and time cost, which makes the technology widely applicable.

However, machine visual cognition is little applied in measuring affective
experience in outdoor environments, and the accuracy of facial emotion recognition
by existing algorithm model is often far from satisfactory, due to the complexity and
variety of environmental elements, body postures, and lighting conditions in outdoor
scenarios'’”. Therefore, this research adopts CNN algorithm model*®™*” for its
high applicability to complex outdoor environments—Compared with traditional
machine learning models (such as traditional clustering models and Bayesian
Classifier), CNN algorithm model shows a stronger capability in facial feature

BOISY via convolutional layers, and optimize the

extraction and emotion labeling
model parameters through deep learning training, recognizing individuals’ affective

experience in outdoor environments with a higher accuracy.
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2.3 Sample Selection and Research Hypothesis

Through an experiment on urban community squares, one of the most
frequently used place types for citizens’ daily outdoor activities, this research tests
the accuracy of machine visual cognition in affective experience measurement,
wherein CNN algorithm model is trained with a deep learning algorithm that
can discriminate facial emotions. The research demonstrates the effectiveness
of measuring affective experience in outdoor environments via machine visual

cognition, hoping to provide empirical references for landscape design practices.
3 Empirical Research

3.1 Experiment Design and Data Collection

This research selects the Jinxiu Community Square in Chenghua District,
Chengdu City as the study site for the experiment of measuring affective
experience via machine visual cognition. Showing as Table 2, the 1.8 hm” study
site neighbors a secondary city road, a residential area, and a Community Service
Center, and connects with other community green spaces. With an open view, the
site is covered with vegetation and pavements and has corridors, seats, and other
landscape elements. Nine cameras were placed on the site to ensure an all-round

vision for facial image collation. The experiment was conducted on sunny days

with a comfort weather (08:00 ~ 12:00, from September 19 to 21, 2019).

Referring to previous studies on affective experience measurement, the number
of experiment participants is reliable when it exceeds 30, A total of 42 males
and females from the neighboring community were recruited as participants” that
ensured the diversity of demographics. Each participant was asked to follow the
experiment steps as below (Fig. 2):

1) Preparation: The participant puts on the portable PPG-EDA biofeedback
device® on forefinger and middle finger, and walks around while the researchers
introducing them the experimental procedures and precautions;

2) Beginning: The participant sits quietly in the waiting area for 10 minutes®****!
to get calm down, then their initial EDA data are collected;

3) Stressor: The participant exposes to a noise in a closed car and does maths
for 3 minutes”, which ensures that all participants would be in a similar anxiety
status.

4) Experiencing: The participant walks around the site as usual for 5

minutes?1**1%¢),

) The experiment was approved by the Experiment Ethic Committee of the authors’ university. All
participants joined the experiment voluntarily, and permitted the use of their portraits in the article.

(2 The devices used in the research is Biopac MP150 Data Acquisition and Analysis System. It little impacts

participants’ spatial experience during the experiment.

(@ The setting of the 10-minutes resting time in the beginning step is referred from previous studies (Sources:

Refs. [53][54]).

@ Comparing the effect of stimuli including maths, horror films, and noise in the pre-experiments, the

authors found that doing maths in a noisy environment is the most effective stressor.

(5 Recent findings showed that an environmental experience for 3 ~ 5 minutes is enough to cause physiology

changes (Sources: Refs. [55][56]).
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Table 2: The conditions of the Jinxiu Community Square

FENBENAHR

Site plan and the layout of cameras

BSNAHRESEREB R

Sample photos shot by the cameras

Residential buildings

10 20 m

] Legend
m— EEF5 Seat
— B4 Corridor

. B2 L Camera spot

=

S
=

B#: AR BAR. BER BK FERRRE R, BRAT. WRAE. BE. BFETE. BR. B4
Vegetation: trees, shrubs, grass, and ground cover Facilities Seats, lights, bins, corridor, LED screen, buildings, and mural
SR ’ ’ ’ : ’
Greenery FEIRHE: ML . FiEst RN BREE. BT, AER
Planting facilities: micro-topography and planting beds Paving Pavement, lawn, and grass-planting brick
HEEMNER AR ER v (0724 {KIERNER SCIREEER

Preparation phase

NBXR
Introducing
experiment procedure

{MEPPG-EDAA Y R iREE
Putting on PPG-EDA
biofeedback device

TEER
Walking around

SR /18X

Beginning phase

TR YR

Recording EDA data

FRXFRALRE

Sitting quietly in the waiting area

10434

10 minutes
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Stressor phase

FFCREBEE. WXSEapREE

Recording EDA and facial videos of the participants

simultaneously

B R S ) i B AR AT R

Doing maths in a closed noisy car

3504h

3 minutes

Experiencing phase Ending phase

EBRIRE

Taking off device

HE5E

Filling in questionnaire

MRGEAIZEE I REEGR

Walking around the site as usual R .
LMER
Delivering gifts

5534 S|SB

5 minutes Leaving the site
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And 5) Ending: The participant fills in a questionnaire and leaves the site before
removing the device with help of the researchers.

Each individual experiment took about 20 minutes, and the cameras recorded
videos from the beginning to the ending. A total of 42 sets of real-time EDA data
(the SCR value changes detected by PPG-EDA module in Biopac MP150 Data
Acquisition and Analysis System), facial image data, and questionnaire data were

collected.

3.2 Experiment Process and Measurement Results
3.2.1 Emotion Labeling and Data Set Preparation

Emotion labeling is required for the emotion analysis on the videos via machine
visual cognition. There are three emotion labeling ways demonstrated in existing
studies: 1) directly stimulate participants to generate a specific emotion and label it;
2) self-report by participants after experiments; and 3) label participants’ emotion
according to physiological data during the experiment”’’. The first is too ideal since
the expected emotion maybe cannot generate under experimental conditions, and
the second is poor in credibility because the participants may misrepresent due
to priori knowledge. Also, for the both, only constant stressors could emotions
be successfully labeled. This research thus adopts the third method, i.e. labeling
emotion by the collected real-time EDA data.

EDA data comparison between the Stressor and Experiencing phases
The matched samples t-test of EDA data at the Stressor and Experiencing phases
A sample of EDA data fluctuations before (left] and after (right) dencise and smooth
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To begin with, a matched samples t-test of the mean values of EDA data before

and after Experiencing phase is conducted (0.02 = 0.38 at the Stressor phase and

i)

o ©fJTR, BER, B,

0.47 = 0.13 at the Experiencing phase, p < 0.01 less than a = 0.05), proving a strong

significance of the study site to relieve stress (Fig. 3, 4). Then, the Savitzky-Golay
Filter is employed to denoise and smooth each participant’s EDA data under the
proximity principle (Fig. 5). The peak values are paired between the emotional and
EDA data models referring from previous experiments”’.. Finally, the emotions are
divided into three types in this study: 1) Being almost no fluctuations in EDA data,
the emotions are labeled as “calm”; 2) Being intensive moderate fluctuations in
multiple segments within 15 seconds, the emotions are labeled as “happy”; And 3)

being an abrupt fluctuation, the emotions are labeled as “unhappy” (Fig. 6).

Each 15-second segment is viewed as a facial expression, with a 5-second interval.

The dataset used for the model training is obtained with the CascadeClassifier of
OpenCV, which can acquire the harr-like features of the images and then perform
calibrated cropping of the face areas (all images can be cropped as long as the angle
of the input face images is less than 90°). Finally, a total of 57,600 face images with
emotional labels are obtained which are used as the dataset for subsequent model

training.

3.2.2 Emotional Facial Feature Model Training

(1) Model definition

The original face image consists of a fixed-size pixel matrix. When the matrix
is rendered into a one-dimensional matrix, voluminous matrix data would be
generated, which makes it difficult to identify the similarity and disparity among
images of the same/different classes. The codec—SVM optimized model based
on CNN (Fig. 7) is introduced into this research to extract and fit the facial
features via convolution and deconvolution. Convolution classifies the images
by extracting different texture features of images using varied convolutional
kernels. In turn, deconvolution is a process of recovering the original images.
The characteristic vectors extracted by the encoder via convolution are then fed
into the decoder developed via deconvolution. Then the network training repeated

until the cross entropy between the output and the input images demonstrate a
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® The optimized model can solve the problem of frontal and side human faces

detection via corresponding image input, and automatically detect angle texture so
as to recover the face images in the output process.
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The structure of

WAL

L codec—SVM optimized model
Model optimization

steady pattern, i.e. when the characteristic vectors in the codec can embody the
image characteristic. Combining representation and generation, these characteristic
vectors outperform the ones obtained from ordinary CNN training that supports
representation only. The codec—SVM optimized model used for image characteristic

B8 can realize the recognition of facial

extraction and subsequent model training
expressions” for the measurement of affective experience in varying outdoor
environments with diverse population characteristics.

(2) Model training

As the model training is not trained with prior labels from previous studies, the
final recognition accuracy rate is calculated as the labels from emotion labels by
Savitzky-Golay Filter to those of the trained model in this research. To ensure the
same participants sizes of the model training set and the model testing set, the face
images of 21 participants are randomized into the training set and the testing set
each. The codec-SVM optimized model extracts and recognizes face images while
improving its recognition accuracy by iterating algorithm parameters. The learning
rate set as le-3, a total of 32 112 x 112-dimensional images are used for the
training each time. The model training takes a relative long time due to the model
generation characteristics by the decoder (Fig. 8).

Taking 120 epochs, a total of 28,800 images are used to obtain the intermediate
vectors with image characteristics and to train the SVM classifier. In the SVM
classifier, the nonlinear mapping to high-dimensional space is replaced with the
inner kernel function, so as to enhance the robustness of the model and avoid
the training loss and overfitting caused by multiple fully connected layers””. In
the training process, the kernel function y is adjusted: the recognition accuracy of
0.9771 occurs when y ranges from 7 to 8.5; and after the fine adjustment, the best
y values of the three kernel functions (i.e. Gaussian Function, Poly Function, and
Sigmoid Function) are 8.935, 8.9335, and 2, respectively (Fig. 9). During the process
of SVM classification, different kernel functions match with varied classification

models. As the characteristics of the input data are unknown, the experiment
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compares different kernel functions and their values to improve the classification
accuracy of the codec-SVM optimized model. The loss coefficient ¢ is then adjusted
to obtain the final emotion cognition model (Fig. 10). It is concluded that the ¥
value is 8.935, ¢ 15, and recognition accuracy 0.9783 under the Gaussian Function.
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3.2.3 Emotion Recognition and Analysis of Video Images

To predict facial expressions via the trained model, the 28,800 face
images of the rest 21 participants with no emotion labels are used as the
testing set'*’®', The feature extraction and recognition of the images are realized
with the CascadeClassifier (the scale is set as 160 x 160 px, the factor 7, the
detected minimum size 100 x 100 px, and 1,000 x 1,000 px for the maximum).
The resolution of the video is 30 fps and the facial expressions in each frame are
recognized with emotion labels. The matching rate of the recognition results and
EDA data is 82.01% (Fig. 11), and the size for the labeled emotion “quiet,” “happy,”
and “unhappy” is 105, 78, and 6, respectively (Fig. 12).
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3.3 Additional Experiment Testing

To further test the effectiveness of algorithm model in different outdoor
environments, the research team conducted an additional experiment in a street
green space in the same district in September 2020. Covering an area of 0.6 hm?,
the study site is covered with vegetation (trees mainly), fitness facilities, and
pavements, with a high canopy density. To collect all-round facial data, 8 cameras
were placed on the site (Fig. 13, 14). Following the same experiment procedure as
the main experiment above, the obtained datasets of 21 participants (community
residents) are analyzed by the codec-SVM optimized model. The matching rate
between the recognition results and EDA data is 65.08% (Fig. 15). The size for the
labeled emotion “quiet,” “happy,” and “unhappy” is 122, 60, and 7, respectively
(Fig. 16).

4 Discussions

4.1 Result Analysis

The accuracy rate of the codec—SVM optimized model developed in this study
reaches 82.01% and 65.08% in the measurement of affective experience in two
outdoor environments with different landscape characteristics. The results indicate
a satisfactory potential of the machine visual cognition in related applications.
Compared with existing measurement methods, this technology supports real-time
emotion measurement in a larger site area or sample size. In addition, machine
visual cognition promotes the intelligence level of affective experience measurement,
which would benefit the studies on people facing communication or reading
disability.

Also, the results of the main and additional experiments (Fig. 12, 16) show that
the machine visual cognition has a high recognition accuracy of “quiet” emotion
but that of “unhappy” is unsatisfactory—This may be due to the sample size of
the testing set, which could somehow explain that the reliability of machine visual

cognition depends on intensive training based on a considerable sample size.

13. IR FEREBENSNHB
4. ARSI =EIVRER F

13. Site plan and camera locations on the study site of the additional experiment
14. Photos of the additional experiment site
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The recognition accuracy result of the codec—-SVM optimized model in the
additional experiment is lower than that in the main experiment—This may be
down to the disparity of the landscape characteristics of the two sites: the high
canopy density of the site may impact data collection to some extent, and the small
site area may limit participants’ physical activities that often brings a quiet emotion
state, as a result, more transient and random in the cognition results of other
emotion states. The finding also suggests that the codec-SVM optimized model is

more applicable for scenarios with varying usage behaviors and open views.

4.2 Limitations

This research sees limitations as follows.

1) The fact that the model yields a lower recognition accuracy in the additional
experiment suggests that its application capacity needs to be promoted by training
the model with a larger number of samples, adjusting model parameters, and
optimizing model structure. Also, different machine visual cognition models can be
developed for outdoor environments with varied landscape characteristics.

2) The emotion labels in this research are “quiet,” “happy,” and “unhappy.” In
the future, more emotion labels (such as disgust, sadness, and anger) need to be
studied.

3) During the model test, when the subjects lowered heads, the facial
expressions cannot be detected but recorded as the inaccuracy data, which affected
the matching accuracy of the testing set. Applying face data screening in future
studies to avoid such errors is expected.

4) Outdoor data collection is largely subject to environmental conditions (e.g.,
sunlight). Such impacts can be minimized by optimizing data screening and camera
shooting methods.

And 5) although the codec-SVM optimized model is developed on objective
data, the emotion labeling is mostly defined by researchers’ subjective assessment.
Other methods such as questionnaire surveys on environmental perceptions can
be combined to further analyze the factors that cause people’s emotional changes,

which would better inform related environmental design.
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