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ADAPTIVE FUZZY INTERFERENCE SYSTEM
FOR QUANTIFYING THE EFFECT
OF URBAN GREEN SPACE ON HUMAN HEALTH

Abstract: Urban green areas consist of intentionally presmantations, parks, and natural elements aveilab
to the public for recreation and relaxation. Thekees are good for people’s health because ttoeyde places
that encourage physical activity, stress relief] arental recovery. To evaluate their influencéaurgreen areas
must be systematically categorised based on thessarable impact on human health. In this researckffect
Quantifying Process using a Fuzzy Inference SyqE@P-FIS) is used to figure out what effect this gy
looking at two main factors: health improvementatthave been shown to happen and the functionettedi
being close to green spaces. The method finds ¢igeed of connectivity between environmental effeotd
health-related recommendations. Low connectivitglidates limited health benefits, prompting targeted
suggestions for improvement, whereas high conngctsupports the growth or replication of effectigeeen
spaces. The model's performance is verified usg@pmmendation scores, effect rates, data avafigbdnd
analysis time.

Keywords: FIS, human health, recommendation score, urbangpace

Introduction

Urban green space (UGS) is an open space usedoaBlia park with many green
plants. UGS provides a natural environment to ugpaople, including water features and
plant life in a park [1]. UGS plays a major role improving people’s health. UGS
promotes the mental and physical health range oplpeand also reduces the mortality
ratio of urban residents [2]. UGS parks provide itgl activities to reduce residents’
stress and anxiety. An optimal planning model isdugy UGS to improve the healthcare
range of urban residents [3]. The planning modelymes people’s actual health condition
via an analysis process. The analysis identifies ldlood pressure level, diabetes level,
chronic disease, and physical condition of the WG&s [4]. The analysis process provides
feasible information for healthcare improvement at®lelopment processes. UGS is
mainly used to improve urban residents’ self-ratedlth, and UGS provides the necessary
surroundings and a peaceful environment to thesuseducing the negative impact on the
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residents [5]. The overall Self-Rated Health (SR&tg is improved among urban residents,
which enhances the performance range of peoplg/sigdl health conditions.

Urban green spaces create a rapid impact on pespleh improves their healthcare
routine. UGS gains quantifying user interest, réuyicand enhancing healthcare’s
improvement range [6]. A quantitative health impassessment (QHIA) is used in urban
areas to identify the actual impact of UGS on peopl

The Fuzzy Inference System (FIS) is used to quatii# impact of urban green spaces
on human health by analysing data on health impneves and environmental factors.
Quantitative Health Impact Assessment (QHIA) evidsahow urban green spaces affect
health outcomes like stress reduction, cardiovaschlealth, and overall well-being.
The Analytic Hierarchy Process (AHP) analyses aamks multiple criteria by pairwise
comparisons, prioritising factors like accessipjlivegetation density, and health benefits.
The AHP method helps determine the relative impmeaof different characteristics of
green spaces in improving public health. These austlenable a data-driven assessment of
urban green spaces, facilitating precise recommmdafor optimising their design and
distribution to maximise health benefits.

QHIA is used via UGS to identify users’ health bigsg7]. The QHIA tool analyses
the preliminary characteristics of the user’s hHeahd provides necessary data for the
assessment process [8]. The QHIA increases the raaycuof the healthcare
decision-making process, improving the users’ ntityteange. The QHIA tool reduces the
latency in the health condition identification pess [9]. An analytic hierarchy process
(AHP) based evaluation method is used to evalilmevell-being level of urban residents.
The AHP technique is mainly used here to identify tesidents’ characteristics and health
condition patterns [10]. The AHP-based method ifiestthe quantifying interest of users
over UGS and minimises the complexity in the furteealuation process. The AHP-based
method provides proper datasets for healthcarenplgn improving urban residents’
well-being [11].

Various health impact assessment methods are ndd@ & to detect the exact health
condition of the users. Optimisation-based methaids commonly used to identify the
well-being level of users [12]. A health impactessment with benefits is used in UGS to
verify the actual healthcare range of urban resgléFhe assessment method evaluates the
urban planning strategies used in urban areas [1Ran planning strategies are mainly
used to analyse the mental health, depressiorssstamd anxiety levels of urban people.
The planning strategies provide optimal informatifom the health impact assessment
process [14]. Health impact assessment approachesaeasingly employed to evaluate
the influence of Urban Green Space (UGS) on humatfi-heing. Existing studies
investigate UGS impacts from multiple analytical rgmectives, including
neurophysiological responses, user preference &i@h) and spatial accessibility analysis
[15-17]. These complementary perspectives provwigghts into the spatial and temporal
characteristics associated with UGS exposure amthhuhealth outcomes. Such findings
contribute to a more comprehensive understandingeofelationship between green space
environments and the physical and psychologicatbeihg of urban residents.

The existing approaches show a negative correldbietween urban green space
exposure and mortality, heart rate, and violencd anfavourable correlation with
concentration, mood, and activity. This researahsato determine the effects of urban
green spaces on human mental health by examinaigability to cleanse the environment,
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reduce the impact of congestion and other noisd, smve as gathering places for the
residents.

The contributions of this paper are:

e To develop a real-time fuzzy-based correlation ttamically links urban green
space (UGS) utilisation with specific health impeavents, surpassing the limitations
of static evaluation methods.

» To create an adaptive decision-making framework ttemtinuously refines UGS
expansion, modification, or replication recommeiatet using live health and
environmental data.

 To establish a precise quantification model usingz§ inference rules, reducing
uncertainty in health impact assessments compacedtraditional QHIA and
AHP-based methods.

e To design an integrated system incorporating meltipxternal data sources to
minimise data latency, ensuring timely and effextivban development decisions.

The rest of the article is prearranged as folloReview and research gap section
discusses the related works, Proposed methodolEQ®-FIS framework section proposes
the EQP-FIS system, Result and discussion secttibedates the experimental outcomes,
and Conclusion section concludes the research paper

Research questions:

* How does the presence and accessibility of UrbaeiEpaces (UGS) impact various
aspects of human health, including cardiovascul¥{), mental illness (Ml), and
respiratory (RP) conditions?

* What is the role of physician recommendations aifirsotivations in influencing the
health benefits of UGS?

* How effectively can the proposed Effect QuantifylAgpcess using a Fuzzy Inference
System (EQP-FIS) assess and categorise UGS bagbdiohealth impact?

* What key factors determine the need for UGS expansi replication?

Hypotheses:

e H1: Increased exposure to UGS positively correlateish improvements in
cardiovascular, mental, and respiratory health itimms.

e« H2: Physician recommendations and self-motivatigignificantly influence the
effectiveness of UGS in improving health outcomes.

* H3: The EQP-FIS model accurately quantifies thedaotpf UGS on human health and
provides reliable recommendations for expansioreplication.

* H4: UGS with high connectivity to health improventeaxhibit a stronger justification
for expansion and replication than those with l@mrmectivity.

Review and research gap

Urban green spaces (UGS) have gained significaentadn due to their positive
impact on human health and well-being. Researchave explored various assessment
methods, including machine learning, fuzzy logiod astructural equation modelling, to
evaluate the effectiveness of UGS in promoting @&sand mental health. These studies
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have provided valuable insights into urban planningalth monitoring, and ecosystem
sustainability.

Yanez et al. [18] conducted a study to assess ¢héththimpact of urban green space
interventions. They analysed the root causes oftahelmealth issues and proposed
an optimal solution to improve mental well-beindnelr findings showed that well-planned
green spaces significantly enhance mental healttedhycing stress and anxiety. However,
their research was mainly focused on specific urbettings, highlighting the need for
broader validation across different environments.

Zhang et al. [19] introduced a new assessment mefbio UGS using a structural
equation model (SEM). This approach helped evaltlaerelationships between various
factors influencing UGS effectiveness. Their studgmonstrated an increase in the
performance of UGS-based associations, making udiamning more effective. While
SEM provided a structured evaluation, its adapitshib rapidly changing urban landscapes
remained challenging. Future research could integesal-time analytics for more dynamic
assessments.

Hematian and Ranjbar [20] explored the role of USmental health through
a cross-sectional analysis. They focused on datgpgieople’s emotional responses and
micro-level behavioural patterns within green sgac&heir findings suggested that
well-maintained UGS improves the quality of life Wgstering relaxation and social
interaction. However, their study lacked long-temonitoring, emphasising the need for
longitudinal studies to track the sustained immddiGS on mental well-being.

Wu et al. [21] investigated the role of vegetationdesigning health-oriented urban
green spaces. They used an analysis method to mexdmiv greenery affects respiratory
health, particularly in reducing pulmonary diseaaad symptoms. Their study found that
properly designed vegetation layouts contributbealthier urban environments. However,
the research primarily focused on respiratory he#dtaving room for further exploration of
broader health benefits such as cardiovascularangpnents.

Olszewska-Guizzeet al. [22] proposed a revised contemplative laapgscmodel
(CLM) for UGS, incorporating electrocardiogram (EC@ata to assess the physiological
benefits of green spaces. Their findings showet ¢kposure to well-designed UGS can
improve mental and visual well-being. While thedstyprovided valuable insights, it was
limited in sample size, indicating the need fotlier validation with diverse populations.

Ali et al. [23] developed a health planning mod#l élderly individuals in UGS. Their
approach suggested physical activities to reducdiazarisks among older adults. Their
study improved the accuracy of health planning highlighted the benefits of UGS in
promoting active aging. However, the model lackeérspnalised health tracking,
suggesting a need for integration with wearabldthet@chnologies for better real-time
monitoring.

Rajaram [24] introduced a real-time heart condifiwadiction model using frequency
pattern mining and deep neural networks. This ntethohanced cardiac risk detection
accuracy by analysing physiological data pattefhe. approach was effective for fast, real-
time health monitoring. However, it required higbngoutational resources, limiting its
scalability in large-scale clinical applicationautére work could focus on optimising the
model for broader accessibility.

Song et al. [25] assessed the ecological healti@$ using a landscape ecological
health (LEH) model. Their study integrated factossch as patterns, functions,
sustainability, and processes to suggest improvesmiem urban landscapes. While the
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model increased the effectiveness of health assggsmit required complex calibration,
making real-time applications challenging. Futwsearch should focus on simplifying the
model for wider adoption.

Benton et al. [26] explored low-cost interventidasimproving UGS accessibility and
health benefits. Their study used behavioural padtef elderly individuals to optimise
healthcare recommendations. The approach was igéfdatreducing assessment time and
costs. However, it was primarily focused on oldepylations, leaving a gap in research for
younger demographics.

Ding et al. [27] developed an analytic hierarchggass (AHP)-based fuzzy evaluation
method for assessing UGS at the city level. Thaidifigs demonstrated improved
sustainability in urban planning. The method predd structured approach for analysing
green spaces but required significant computatiaeaburces. Future research could
integrate Al-driven automation to reduce complexityl improve efficiency.

Wang et al. [28] proposed a machine learning (Mppraach for assessing UGS
features such as accessibility, aesthetics, andabi#y. Their model enhanced urban
planning efficiency by using data-driven insightawever, the method depended heavily
on data quality, emphasising the need for bettéa de#tegration techniques to improve
accuracy.

Kim and Kwon [29] examined the impact of UGS onioegl ecosystem services
using a patch-based cellular automata model. Tedy demonstrated increased accuracy
in assessing ecosystem benefits. While their agprgarovided valuable insights, its
real-time adaptability was limited, indicating sedefor continuous monitoring systems.

The related works section summarises the previoagksvfrom different authors
related to the proposed concept. Thus, the sumofattye previous works is presented in
Table 1.

Table 1
Summary of the previous works
Authors Objective Methods Findings Advantages| Disagantages Regz;rch
. Analyses . Needs
Assessing the causes of Provides o broader
health impact | targeted Limited to AT
Yanez et al mental health| Improves users : o validation in
of urban greer solutions for | specific case -
[18] space problems to | mental health mental well- studies diverse
interventions derive 9pt|ma| being urb_an
solutions settings
Evaluating Structural . o Requires
: Enhances UGS{ Provides a Limited : :
Zhang et al urban green equation modé based systematic | adaptability to |nt'egrat|on
spaces usingl (SEM) to o : . with real-
[19] associations evaluation | varying urban| ..
structural assess UGS erformance | framework | environments time urban
models pathways P analytics
Needs
. Evaluating |Cross-sectional Provides _ integration
Hematian . I : Limited with
- UGS from analysis of | Enhances quality insights into N
and Ranjbal ) ; . longitudinal Al-based
[20] a mental h_ealhemotlonal and of life psycholqglcal assessment mental
perspective | micro featureg well-being
health
tracking
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Authors Objective Methods Findings Advantages| Disagantages Regzgrch
Analysis Links Needs
. Increases . .
Wu et al Healthorlgntec method for feasibility of veg(_etatlo_n Requwg_s more| extended
' vegetation pulmonary planning with empirical analysis for
[21] : Lo healthcare ) L
design for UG$ diseases and respiratory validation other health
systems
symptoms health factors
Enhancing .
Requires
Olszewska UGS th.rOL:jgh Uses ECG data Improves the rl]ntgglrat(_es ! Limited | further
Guizzo a rewsle ) for health | visual quality of cFI) yslo oglcac Limited sample validation
et al. [22] contemplative insights UGS ata mt_o UGS size with diverse|
landscape design opulations
model (CLM) Pop
Needs
Developing Sugg_ests Provides integration
. physical Increases Lacks f
Aliet al. an elderly activities to |accuracy of healt targeted personalised with
[23] health plannin A - interventions - wearable
model for UGS reduqe cardia¢  planning for the elderly health tracking health
risks
technology
Realtime hear|
. . Needs
condition Frequency Enhances : Requires T
. L 7 - Fast, real-time . validation in
Rajaram prediction | pattern mining accuracy in heart cardiac risk extensive large-scale
[24] using & deep neura condition . computational ge
L detection clinical
frequency networks prediction resources -
) settings
pattern mining
Assessing I.‘EH quel Improves health| . Needs real
landscape integrating Provides .
Song et al. ecological patterns assessment holistic UGS Complex mode time
[25] health (LEH) in] functions, and process evaluation calibration dynamic
AP performance assessment
UGS sustainability
Usgs Needs
. behavioural Enhances .
Evaluating Cost-effective| . . broader
Benton et low-cost UGS patterns of healthcare intervention Limited to elde application
al. [26] interventions elders to redug recommendatior analysis demographics across agel
assessment accuracy rouDS
latency group
AHP-based
. Fuz;y method for Improves Effective for High . Need§
Ding et al.| evaluation of Vsi inability i | | ional integration
27] city-level UGS anabys_;g_g gree sustaluna_ ility in arge—lsca_e computlatl_ona with urban
planning uilding planning UGS planning complexity loT data
characteristics
Machine Assesses UGS Data-driven
learning-based aesthetics, Enhances High Requires
Wang et al f S . approach for h
28] eature availability, plar_mlng UGS dependenc_y of muItl—quaI
assessment far and efficiency . data quality | data fusion
evaluation
UGS streets | accessibility
Idrzgtiglglg Patch-based Increases Enables col:;!r?ggus
Kim and ecosystem cellular assessment ecosy_stem _ Limited real'-' monitoring
Kwon [29] S automata service |time adaptability h
service impact] accuracy ; for impact
model modelling S
of UGS validation

Analysing UGS becomes mandatory for validatingifipact on human life due to
changing work and human activities. Consideringpbsitive impact on human health, the
recommendations for peaceful environments must Rpareled and coupled with
phenomenal daily activities. If the impact is négatmodifications to the existing UGS are
required to convert them into fruitful impulses.rfmth the above cases, intense real-time
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data analysis is required. The above-discussed auetfail to connect the impact and
recommendations between the health for real-timgliGation. This problem results in

economic wastage or improper UGS installation. Pihecise impact analysis becomes
mandatory for better insight for recommendatiomadification, and the proposed process
is designed for the purpose.

Proposed methodology: EQP-FIS framework

There is a need for more cities worldwide to putamr green space at the top of their
policy listings. Urban Green Space (UGS) is lana icity covered in grass, trees, bushes,
or other plants, partially or fully. Urban Greena8p includes parks, community gardens,
cemeteries, rooftop gardens, vertical gardensidjednd trees. UGS is sometimes called
a "blue-green zone" because it includes urban wikerditches, canals, rural waterways,
rivers, and riverbanks. UGS makes cities lessilelflood, maintains cities cool in the
summer, and increases wildlife. UGS supports higaltliving conditions by reducing
environmental stressors and enhancing opportunitigs social interaction, and the
proposed EQP-FIS framework is introduced to systiealyy quantify these health-related
benefits.

The proposed process handles two data for analysishealth improvements and the
urban space effect. This effect is identified uskmpce recommendations for health
improvements from physicians/self-motivations. Taa are taken from Yeh et al. [30] to
analyse the spatial characteristics of urban grspaces and human health using
exploratory analysis of canonical correlation. Yethal. revealed a dataset that includes
outpatient consultation records from several hafpiin the Taipei metropolitan area.
These records include cases of heart disease, Iménéss, and breathing problems.
The records include thousands of patient visitsckviivere grouped together using ICD-9
codes to make sure that health issues were alwayged together in the same way.
The sampling method is based on how often peopeoutpatient services instead of how
often they report to their homes. This allows fowerage across districts, but it may have
some problems, such as not including socio-demdigapformation, not being able to
access individual homes because of the Personatniation Protection Act, and not
including people who don't regularly go to the hitspfor care. Even with these
limitations, the dataset is frequently utilisedsipatial-health correlation studies due to its
provision of spatially consistent, medically vetteglicords appropriate for developing
UGS-health links.

The health and spatial datasets used in this swehe derived from the publicly
reported outpatient records and urban green spatieators analysed by Yeh et al. [30].
The data were utilised as secondary data and regsed through normalisation and
population-based scaling to support the EQP-FISpeaational framework proposed in
this work. While Yeh et al. employed canonical etation analysis to explore UGS-health
associations, the present study introduces a fufeyence-based modelling framework for
computational health impact assessment.

The data correlates the UGS and the health of peopserved in the Taipei area.
According to Taiwan’s Personal Information ProtetiAct, doctors cannot disclose their
patients’ addresses. Only the hospital's physioeations are made clear in the outpatient
dataset. This dataset integrated the outpatiemtifaes for the common cold (ICD9 460)
and flu (ICD9 487) with those for cardiovasculdnélss, mental disorders, and chronic
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respiratory disease to account for the impact dfepts from other districts. Using this
combined data, researchers can determine the erémistions of typical cold and flu
treatment centres in the homes of outpatients. d¢msidered area and its scale are
presented in Figure 1.

N

. Cardiovascular disease (CVD)
. Mental illness
. Respiratory (RP)

0 5 10 20 [km]
e

Fig. 1. Area considered and health problems

As presented in the Figure 1, cardiovascular (CVBgntal illness (Ml), and
respiratory (RP) are the health issues consid@ased on this information, the canonical
correctional with health and UGS utilisation areutated in Tables 2 and 3.

Table 2
UGS utilisation data

Disease [persons (min) [persons_l(max) Mean- 16 persons Mean access distance
-year -year’] [m]
CVD 2,770 45,566 11,090.81 243.84
MI 821 14,735 3,683.97 96.7
RP 1,185 21,270 5,140.27 365.76

Depending on the physician’s recommendations amglopal interest, the utilisation
and aftermath effects of the health benefits aesqmted. The values personated rely on
100,000 persons/year in the UGS. The residentigetation, and recommendation factors
are provided using a minimum range across varieg®ns. This is required to handle the
connectivity between the health issues (considessd) UGS effects. The interference
system performs this connectivity assessment (Table

Table 3 shows the structured Effect Quantifyingdess employing a Fuzzy Inference
System EQP FIS to estimate urban green space leddtis. It describes the main process
steps, their methods, and their implementation. System uses fuzzy inference modelling,
multi-source health and spatial data, and computatiimpact assessments to accurately
and adaptively measure urban green space effeegan promoting public health.
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Table 3
EQP FIS methodology data processing and computdtassessment

Process stage Methodological approach Implementaticdetails
- Extracting outpatient health records and

. . - Outpatient data filtered based on
Multi-source data | U0an spatial data from multiple sources. |~ q1~h 10 codes (CVD, M, RP).
- Establishing correlations between healtl

acquisition <UGS paameters include spatial coverg
outcomes and urban green space (UGS - . L
exposure vegetation density, accessibility index.

- Standardising datasets to ensure
consistency across health and spatial
records.

- Implementing geospatial mapping for
UGS-health impact correlation.

2]

- Standardised using normalised spatia
resolution and time-series data alignment.
- GIS-based spatial overlay analysis
applied to assess proximity effects.

Data preprocessing and
integration

- Defining membership functions for urb| - Input variables: Distance to UGS,
. | green space influence on health | frequency of visits, patient health metri¢s.
Fuzzy inference-baseq les: If di hreshold
modelling _ parameters. _ - FL_Jzzy rules: | _|stance§_t reshold &
- Applying fuzzy rule-based logic to | visit frequency high— Positive health
generate impact scores. effect.
- CVD patients residing within proximit
to Urban Green Space (approximatel
- Generaing a UGS Impactscore () 0 ) SO RIS perenso
Computational impact ' _fordlfferent regions. EQP-FIS computational assessment
assessment - Estimating trends in health improvement

- Myocardial infarction (Ml) cases in
vegetation-rich urban environments shpw
reduced depression-related consultatipn
trends based on the model evaluation.
- Cross-verifying computed results with - Benchmark comparison with traditiona

using computational analysis.

Model validation and historical outpatient trends and urbarj QHIA/AHP models.
- environmental data. - Model performance metrics: Connecti
performance evaluation . A . i -
- Conducting sensitivity analysis of fuzzy strength, prediction accuracy,
parameters for model robustness. recommendation reliability.

Data acquisition and integration

The proposed Effect Quantifying Process using azyuinterference System
(EQP-FIS) focuses on classifying urban green sp&esed on their consequences on
human health to steer the sketch and expansionuaf spaces. This proposed process
employs two different sets of data for analysisltieimprovements and the effect of urban
spaces. The health improvement data includes phpsiecommendations, self-motivation,
and other resources that indicate how an urbanngspace can improve human health.
It consolidates the suggestions for human healtfaerements and assesses the undeniable
effects of these green spaces to establish premiegnmendations or denote the necessity
for expansion or replication. This evaluation ofe tlprocedure involves assessing
recommendation scores, effect rates, data availgbédnd analysis time. This proposed
process is diagrammatically illustrated in Figure 2
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Fig. 2. Proposed process illustration

Urban green space and health impacts

Urban green spaces are analysed to evaluate thetieéiness of their impacts on
human health. Urban spaces like parks, ecologigates, etc., are analysed for further
evaluation procedures. These green spaces pogi@affdct human health, which helps
enhance connectivity. Urban green spaces positiafigct humans by reducing stress
levels, providing fresh air, and reducing pollutiorhis analysing process of the green
spaces helps further distribute efficacious recomdagons to build up green spaces in the
future. The production of positive effects on humdry building urban green spaces is
evaluated in this procedure. This also analyseseffects on every human individual's
health due to the urban green space. The follovdggations explain the process of
analysing the urban green spaces for the evaluptmress:

Pm = pm(xm,lﬂxm,z' -"'xm,n)
x1 'm1+x2 'm2+"'+xn 'mnl
x1+x2+"'+xn |
Zn:l Xn - My
Yn=1%n
1
pn@) = [ pn()ax
0
X 1 xX=m
pm” () = {0 otherwise
wherep,, (x) represents the total number of urban green spamesdered for evaluation,
pm denotes the evaluation procedure applied to epelte, ang,,”(x) refers to the
resulting outcome derived from the evaluation stépis formulation separates the
operational components and makes the assessmessprmore interpretable.is denoted
as the number of urban green spaces for the asatysicessin is represented as the
evaluation procedure; is denoted as the outcome of the urban green spatew,

p:

1)
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individual humans are inspected to evaluate tHécts and health status after constructing
urban green spaces. Now, individual humans are/sexlto evaluate the positive effects on
their health due to the urban green spaces. Thisideration process happens for the
further categorisation procedure. This helps detegrthe effects of the urban green spaces
and the human health status due to this urban gspace. The following relationships
explain the analysis process for human categooisati

a= {(x,pm(x))|x € a}

1 _ 2
px,y,a) = (‘E(@) )

p(x,y.z,a>=<(;:§.j:;),0> 2)
(1 ifx=y
p(x'y)‘{o ifx#y

Pxny = px(X) * py(X)

Pxuy = px(X)®py(X)
whereqa is represented as the analysing process in hundividuals,y is denoted as the
current health status of an individualis represented as the effect of the urban greacesp
on the human. The categorisation process takee jplaconsolidating the outcome of the
analysing process. The effect and health statuglassified based on the outcome of the
analysis process. By estimating the urban greecesga), the factors such as the outcome
of urban green spage), the current health status of the hum@ns the effect of the urban
spacg(z), analysing proce$g) is determined for the estimation of the urban speffect

x-y a-z

, )0)) Now, the effects of urban green space on
y-x"a-y

on human<p(x,y,2. a) = ((

humans are determined by categorising it. In thic@ss, the positive effect of the urban
green space on humans is determined, and thusotieectivity is evaluated using the
fuzzy inference system.

Effect analysis process

The positive effect of urban spaces on humans mdielps increase their mental
health and peaceful surroundings. These urban gspates also help enhance the
surroundings with a peaceful habitat and fresh Aidter this categorisation process, the
connectivity is estimated for the further maximuongectivity determination processes.
This positive effect also helps humans maintairir thesitive well-being. The following
equations explain the process of determining tfextf of the urban green space:
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1
PO = e
1
X=50- ¥)?
Myyn = My, — Vo(M,)x
[0 09 ¢
Ve (M) = aMl’aMz""’aMn]

3
NRY(EFAN ©
Pn={—3 .
@) = Dyl
n=1
= Z yM,
n=1
Equations (3) express the determination of theceffienerated by each urban green
space on an individual. In this formulatiah(x) denotes the effect identified for a specific
human individual, whilé¥,, represents the measurable improvement in mentphysical
health attributed to green space exposure. Pregethie components separately allows the
effect estimation process to be understood mor&lgl@nd highlights the contribution of
each term. Wherg is denoted as the effects determined based omdidual human,
M is represented as the improvements in the humaesital health. The output of the
urban green space is determined by analysing hd@ls. (a(x,) = Y1 y9(x,)) .
The consignment of positive effects is determinedn individual after the construction of
green spaces. This effect is determined using udraen space recommendations for

health improvements from physicians/self-motivagioptc. The effect analysis with the
considered data is illustrated in Figure 3.

Syndrome rangeé Before | e
values (&) ¢
R N @
iz 451 =
UGS
Syndrome
Health data (CVD,MILRP) After (¢)

()

Fig. 3. Effect analysis process

The (a,y) is jointly utilised for the given syndrome (frothet dataset, it is CVD, M,
RP) in any UGS of the considered region. The actuéibefore UGS utilisation) and
¢ (after UGS utilisation) are accounted for in idBtmg M. The correlation values are
fetched from the clinical information (data rangedm the source. TheV is further
classified as min/max compared with the previonetspace (Refer to Fig. 3). The positive
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effect is estimated by contemplating the healthaesbments derived from the analysing
process. Then, the fuzzy inference technique détesnthe space recommendations,
positive effect, and connectivity. This is estinthtehen the effect determination process is
contrived. The thresholds and membership functemameters employed in the fuzzy logic
modelling were determined by the statistical digttion of the dataset and recognised
standards in environmental health evaluation. B&gluhe Taipei outpatient dataset to find
distance-related thresholds, like how close UG® ia person. The mean access distances
for CVD, MI, and RP patients let us determine tloeitdary values for the membership
functions. The linguistic categories ("low", "madi" and "high") were developed using
triangular and trapezoidal membership functionssigient with previous UGS-health
correlation research that utilise analogous fuzajisg methods for spatial and behavioural
variables. These choices for the parameters maleethat the fuzzy inference structure
shows realistic gradients of health response to @&gsure while also being in line with
past empirical studies. Thus, the positive effamftsurban green space for humans are
explained by the following equation:

Yry = p(x,¥)

()

n=1
Yy =M,
= 1_[ lpn,x,y (4)
n=1

Yn = My yp
M. yn

4
Vi=)

n=1

wherey is represented as the positive effects determinethe humans. Now, the health

status of the human individual after the constaurctf the urban green space is determined
in the categorisation process. The health statushés attribute that determines the

connectivity between the effects and recommendstidime health status of the human

residing in the urban green space reduces strésarediety. Greeneries lead humans to live
peaceful lives. This is determined by comparing ltealth status of humans before and
after the urban green spaces. The process of éwvauthe health status of human

individuals in the categorisation process is ex@édiby the following equations:
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Zn
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e P A
Oy Y S My ()
0K Yn — Zn
5y = M) (M)

Sxoy = éx + &

Exuy = Z(fx +8)

$xuy = Z(fx + &)

fXUY - fX fY 6
E _ {EX My > my ( )
xuy = & m, < m,
My - EX + my, - EY
m, +m,

_Sxtéy
EXUY - 2

Exuy =

where K is denoted as the health status of the human digrnéais represented
as the human health status with the urban greerespe improvements in human mental

health are determined by considering the comparmm.ess(—— M, (y )(y" Z")).

The human health status with the urban green spgaestimated by consolidating the

outcome of the green space and the current hegthssof the humar(§xuy = @)

Now, with the help of the categorisation procehs, ¢connectivity is determined using the
fuzzy inference system. The relationship betweenhbalth status and the urban space
effect is determined by identifying the connectiviTheM observed for a range of peak
density of 800 humans is presented in Table 4. Thslation considers the values from
the dataset and the above analyses.
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Table 4
M observed from the source and computed
Peak density Avg. y Avg.z M
200 0.03 0.01 0.0R
cVD 400 0.041 0.018 0.048
600 0.042 0.021 0.0p
800 0.038 0.015 0.048
200 0.035 0.031 0.0eM4
M 400 0.041 0.038 0.0¢8
600 0.042 0.038 0.0e8
800 0.048 0.041 0.0y
200 0.036 0.044 —-0.088
RP 400 0.054 0.025 0.072®
600 0.041 0.031 0.08
800 0.051 0.044 0.0¢v

As presented in Table 4, the averagand z are computed per 100,000 persons in the
maximum UGS space. The peak density observed adiffesent m and days are
summarised for identifyingf. The positive improvements are identifiedy ik z and the
contrary is a negative impact. This means the U&sSldss impact on health. Therefore, the
changes inm and ¢ are obvious across multiple This is updated periodically between
the successive peak densities. The fuzzy systenesnade of fuzzy logic in deriving health
improvements by the use of urban factors. The iogighip between urban spaces and
health is evaluated to determine connectivity. Phecess of estimating the relationship
between the health improvements and then the usdpace for the evaluation of the
connectivity using FIS is explained by the follogiaquations:

n{xlx€Z|x| <1} > {ylye Z |yl < 1}"
px () =1(p1 (), p2(X), .., pr(x))

= Z M;p,
n=1

M; e{x|x € Z|x| <1}
DM =1
n=1
Pxoy(Z, @) = px(Z). py(a)
mx—»y(Z: a) = mx(Z)-my(a)
wheren is the relationship between health improvementswaban space, the connectivity

is determined using the inference system by coneing the improvements and space
recommendations (Eq. (8)).

-~

()
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fel
while f < F
g1
while g < m,
a, < Fm,
Yy = (G —1)(2I) / my 8)
Pn < 1/(ma -1
$n(¥) « 1/G(mg — 1)
G<G+1
feP+1
g<G J
The health enhancements after the urban spacerwciimh and the positive effects
help to assume the connectivity with the help effillzzy inference technique. The process
of determining the connectivity is explained by fokowing Eqg. (8) given above. Whefe
is denoted as the connectivity determingds represented as the fuzzy logic used to
determine the connectivity. By considering the horeffiects and health improvements, the
connectivity is determinep,, () « 1/G(m, — 1)). From the connectivity, the maximum
positive and then the least connectivity are extch¢o produce precise recommendations
for further urban green spaces. First, the outpiies generated by the fuzzy inference are
evaluated to estimate the high connectivity betwadan space and health improvements.

Relationship factor analysis

The relationship factor and f between the UGS duedhiealth issues are presented in
Figure 4.

Issue UGSimpact | oy | g2 | §3 | B4 | F5
range
CVD
(Cardiovascular | 7K-10K v v v
disease)
MI
(Mental 29K-5.2K v v v v v
iliness) £/100000 people g: Fuzzy
RP process
(Respiratory | 3.7K-5.5K v v v
problems)

F1: Walking F2: Exercise F3: Breathing activities F4: Yoga F5: Jogging
Fig. 4. Relationship factor anfdanalysis
In Figure 4, the 5 relationship factors (F1, F2, F8, and F5) represent the works:

Walking, exercise, breathing, yoga, and jogginge Tiésues reported are adaptable for
a few relationship factors for which /100,000 pleom@re variable. This variation is
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identified as min/max usingy, for which further investigation is performed. TMeis
modified from this point for new impact assessmertie evaluated values from the
connectivity determination process using the infeee system are compared with the
maximum connectivity achieved. This gives recomnagioths for further processing and
helps in upcoming analysis procedures. The proagssestimating the maximum
connectivity by using the fuzzy inference technigige explained by the following
relationships:

9 () = m,e™®
_ (1 ifm=y
Y“/’(m)_{o ifm#y
Y =a(m)

2
=5_l<@1 ”)} )
2\ ¢
Z = [§(m)|
(L fZ@) =Y

0 otherwise

§m) =y
whered is represented as the maximum positive connegtiétermined using the fuzzy
inference systene is denoted as the outcome of the connectivitymeston process.
The maximum connectivity outpufd,,(x) = m,e®) is evaluated by considering
the determination process outge), improvements in human healiim), and output of
the urban space construction). The least connectivity is determined based on the
connectivity output using a fuzzy inference systéfere, the area with low connectivity
between the urban green space and health improvsrnseidentified. The fuzzy inference
helps extract the connectivity’'s lowest values, cihihave the lowest values in the
determination procedure. This helps in understandie urban space factors that have
a low impact on the health improvements of humatividuals due to the urban green
space, and it also helps provide the awarenessnthgt require further intervention to
improve the health status of humans. The procesdetdcting the least connectivity by
using the fuzzy inference system is explained leyftiowing equations:

x=H=*y
y=Hx*
Z =1&(m)|
116y —al?
- n=1 2 lp
x,y) =19 (10)
:11 ’ _
fm) = E(n(x y; an)
§(xy) =l(x,y) —all
H(x,) = (H*)? + (HY)?
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whereH is denoted as the least connectivity determinethfthe connectivity output, the
recommendations are provided for future green sphased on the maximum connectivity.
This also provides precise information about hurhaalth improvements due to green
spaces. Th# andd analysis for the varying health issues and pealsitieis analysed in
Figure 5b.

a) b)

040 040 1 =

-
=y
—
0201 020
010 010
000 f—

v T "
cvD M RP 100 200 300 400 500 600 700 800
Peak density

Fig. 5. H andd analysis for health condition identification based Urban Green Space indicators:
a) variation across health conditions (CVD, MI, RB)variation with peak density levels

The H and v are classified using as derived in Eqgs (8) and (9). Based on the
available data and its range, thén) and é(x, y) are validated. This validation relies on
identical factors for which the least influenciracfor is augmented. The augmentation is
valid only if Y =1 else é(m) = is the next validation factor. In this case, th@wn
relationship for the varying peak densities is ifimd betweenv and H for optimal
results. This process is required for new fuzzy sgifecation without major
recommendations (Refer to Fig. 5).

Recommendations for urban green space development

The maximum positive connectivity helps guide thecfse, valuable recommendation
regarding the construction of urban green spackesd recommendations help enhance
and optimise the urban factors that are obtainddchwwill help improve human health
status. Adding more urban green space helps irerbasnan health and well-being.
The following Egs explain the process of providilegommendations to build urban green
spaces (11), (12):



Adaptive fuzzy interference system for quantifythg effect of urban green space on human heaB21

F= {fllfz'---,fl_n,...,fm}
x; = F,
n=2:|F|l—-1
m=1:|x, — 1|
Yn = Xp_q|{x2}

Fly,) =F G " (11)
Xn =Yn =F()*F(y)
Xn =@
m=2:|G| -1
m = 1:]Y, 4|
Xn =Yoo / {2}
11— [FG) — FO))
An(x’Y) B |Fn+1 - Fn—ll
—|F -F 2
ey = Y (L)
vy
An(x,y) = 2, $Goy) (12)
_ Yn=1YPry(x)
Z(F) T
Bt $0) + Bt 60)
2,10 ==

wherel is denoted as the recommendations provided, nagedon the least connectivity,
the negative impact of the effect is determinede Tonnectivity determination process
determines the lowest values, denoting the urbacesfactors with the lowest effects on
human health. This determination process helps rstated which urban environment
characteristics require more intervention to miggeir negative impact.

Effect impact assessment

Provided recommendations are generated to idetitéfge urban factors and reduce
their disadvantageous effects on human health, et healthier and reassuring urban
spaces for the well-being of human individuals. Tgtecess of determining the effect
impact is explained by the following equations:

J@) =)(Z: + Zy)

=12 +)(2)
W= (")
n=1

=Jl(Z -JIzDI[Z - JIZ]"]
Y(Z1,2,) = ][szz*] _][21]][22]*

n=1Jx, Z
S 121 = 1§,y[]

(13)




32z Shuting Yan, Lei Shi, Yang Tan, Mengjia Chen, RamjLiu and Li Wang

where] is represented as the effect impact, this prod¢edps determine the precise
recommendations regarding replicating urban greaces. This process helps enhance the
precise recommendation, analysis efficiency, afecefate and reduces the analysis time.
The fuzzy inference system helps detect the coivilgctbetween the urban space
recommendations and health improvements. The effiegptact over the expansion/
replication of the UGS is computed using the catieh factor provided in the dataset.
Close to the identified dataset value, the propgsethputed) values are tabulated in Table
5 with the newe inputs.

Table 5
J analyses foil
Peak density n y! e (xy) J
200 F1, F3, F4 0.098 (0.1:0.4) —0.0015
VD 400 F1, F5, F3, 0.12 (0.12:0.52) —0.001
600 F1, F2, F3, F4, F4 0.057 (0.32:0.61) —0.00044
800 F1, F2 0.45 (0.25:0.58) —0.00041
F1, F3, F4 0.101 (0.31:0.69) —0.0019 F1, F3, F4
M F3, F5 0.089 (0.38:0.7) —0.0008 F3, F5
F5 0.46 (0.5:0.62) —0.0002 F5
F1, F3, F5 0.38 (0.48:0.65) —0.00021 F1, F3, F§
F3, F5 0.32 (0.31:0.62) —0.00155 F3, F5,
RP F3, F4, F5 0.12 (0.12:0.52) —0.0009 F3, F4, F§
F1, F3, F5 0.15 (0.21:0.48) —0.00045 F1, F3, F§
F4, F5 0.25 (0.31:0.58) —0.00033 F4, F5
Table 6
Time effect management in the EQP-FIS model
Factor Methodological approach Implementation detds

Structuring health and UGS data Health records are analysed using weekly, month
. : quarterly, and annual timeframes.
into short-term, mid-term, and lation b | cha

long-term intervals - Ensures corre| atlo_n etween UGS stru_ctura chapge
and health improvements over time.
- Immediate effects (e.g., stress reduction) vs.
tI!]ong—term effects (e.g., cardiovascular improversent
are weighted differently
- Fuzzy rules incorporate time-adjusted impactde|

Lag correction via | Identifying and compensating for ~ Uses historical trend analysis to map past UGS

historical data | delays between UGS changes and modlflcat|ons to cgrrent health tfe“ds- .
. - Applies correlation adjustment functions to alig
correlation health outcomes

previous interventions with present data.

- System refines UGS impact scores based ortirae|
deviations in predicted vs. observed health effects
- Adaptive learning mechanisms adjust model
parameters for enhanced accuracy over time.

y
Time-Series Data
Integration

Adjusting fuzzy membership
functions to model delayed hea
effects

Temporal weighting
in fuzzy inference

=
=

Continuous recalibration of
EQP-FIS using new health and
environmental data

Dynamic model
updating

For the varying peak density, thg A, ande based onS assessment presented in
Table 4. This analysis equaliseson (z,y) for which newn is estimated. The UGS is
utilised based on the available inputs. Based an atailable inputs considering the
deviations in the varying, v, a further M assessment is performed. If the considered input
is varied across multiple instances, then the aehie A relies om. Thisn is correlated
with the data input for whiclM is estimated. Different from the previous inputlysis,
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only the positiveM is used for recommending expansions. The negative used for
providing modifications to the existing UGS utiliims.

Table 6, The Effect Quantifying Process using azlfumference System (EQP-FIS), is
a methodological approach that accounts for the tag between urban green space (UGS)
structural changes and their effects on human hedtt incorporates time-sensitive
modelling techniques to enhance accuracy. Four dtetegies include time-series data

integration, temporal weighting in Fuzzy Inferendag correction via historical data
correlation, and dynamic model updating.

Result and discussion

The discussion on recommendation score, effect datia availability, analysis time,
and recommendation/ replication factor is presemetis section. The connectivity factor
varies from 0.2, 0.4, 0.6, and 0.8 in this analyBle X-axis variants area fjrand the peak
density (persons/fhare used in this discussion

Recommendation score

The upcoming green space construction recommemdatice based on the maximum
positive connectivity. It also provides recommeinmta for replicating urban green spaces
in the environment. These recommendations provitteration about the most important
for enhancing the health of humans and space &losain the environment. This also
provides precise information about human healthrawpments due to green spaces.
The maximum positive connectivity helps guide thecjse, valuable recommendation
regarding the construction of urban green spacée Orban factors are enhanced by
contemplating the outcome of the connectivity deteation process, and thus, the
outcome helps detect the maximum and least comitgctThese recommendations help
enhance and optimise urban factors, which imprawadn health. By consolidating these
ways, the recommendation score in the proposedadeashefficacious (Fig. 6).

a) b)
[ Connectivity factor =0.2
Connectivity factor =0.4 4 — 1
+— Connectivity factor =0.6 gunn:ggvg:y ;a;tor =gij
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Conneciivityfaclor 0.8 0.74 Connectivity factor=0.6 1
. : Connectivity factor=08 |
o 07 4 » _ ==
® " ¥
8 8
2 % 0.6
§ 067 §
® k:
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] E
E 051 £ 054
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o
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Area (m?) Peak density [person/m?]

Fig. 6. Recommendation score assessment: a) ldabilty, b) high variability
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Effect rate

The effective rate is determined by contemplatimg human health status and urban
green space effects on the environment and hurfdrespositive effect is extracted from
humans due to the urban green spaces. At firsheh#h of humans is detected before and
after urban green spaces, and then the differemdeuinan health is detected. Positive
effects such as lesser anxiety, reduced depressighpeaceful mental health are observed
in individual humans. The positive effect and thbe health status of the human are
categorised to determine the connectivity betwdenspace and recommendations. Thus,
these are detected using the fuzzy inference sybtepxtracting the maximum and least
positive connectivity. The relationship between #féect and the health status of the
humans is determined to estimate the effect rateatugreen spaces provide more positive

effects on humans and hence provide precise recadatiens for replicating urban spaces
in the environment (Fig. 7).
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Fig. 7. Effect rate assessment: a) low variabibijyhigh variability

Data availability

The data availability is efficacious in the conméty determination procedure,
considering the positive effects and improving harhaalth. It acquires more reliable data
regarding urban green spaces to enhance conngdbyitproducing maximum positive
outcomes. The consignment of positive effects ierd@ned in an individual after the
construction of green spaces. This effect is ddtexdh using urban green space
recommendations for health improvements from phgs& self-motivations, etc.
The relationship between the health status anduthan space effect is determined by
identifying the connectivity. The fuzzy system makese of fuzzy logic in deriving health
improvements by the use of urban factors. The abiitly of the data is enhanced by using
the fuzzy inference system, and then the precisenmenendation validation takes place
according to the outcome of the connectivity (B&jg.
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Fig. 8. Data availability assessment: a) low valitgbb) high variability

Analysis time

The time taken for the analysis is not much dugh&efficient process of the fuzzy
inference technique. Effective data collection amghificant analysis methods help reduce
analysis time. In this proposed method, rapid gateessing and analysis of the positive
effect on humans are made with precise connectititgomes. This analysis process helps
quickly determine the positive effect of urban grepaces on individual humans. With the
help of the categorisation process, the connegtisitletermined using the fuzzy inference
system. The relationship between the health statdshe urban space effect is determined
by identifying the connectivity. By extracting tlennectivity, the maximum and least
effective impacts are determined for the furtherodupction of recommendations.
By contemplating these analysis ways and data psiog in the urban green space, the
time taken for the analysis process is less ingloposed method (Fig. 9).

a) b)
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Fig. 9. Analysis time assessment: a) low variahilif) high variability
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Expansion/replication factor

The expansion and replication factor is better wienprecise recommendation score
for the upcoming urban green spaces is produced. rEbommendations produced for
urban green spaces help establish a better raplickctor, enhancing their effectiveness
and positive impacts and enhancing the health statuhe individuals. The connectivity
outcome helps provide the maximum positive outcoam] the recommendations are
established for the recommendation production. Bié® provides precise information
about human health improvements due to green spaEkRe maximum positive
connectivity helps guide the precise, valuable maoendation regarding the construction
of urban green spaces. This helps increase hunwthtend well-being by replicating the
more urban green spaces in the environment. Thérdaation process helps understand
which urban environment characteristics require enartervention to mitigate their
negative impact (Fig. 10).
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Fig. 10. Expansion/replication factor assessmgrtva variability, b) high variability

The Effect Quantifying Process using a Fuzzy InfeeeSystem (EQP-FIS) is a novel
framework for evaluating the health impacts of urlgaeen spaces (UGS). Using real-time
environmental and health data, UGS exposure andthhéenefits are dynamically
correlated. UGS’s impact on public health is quati using fuzzy logic, enabling
non-binary assessment models. The model providesditiven UGS growth, modification,
and optimisation recommendations to improve urbafi-being. The findings help urban
planners prioritise high-impact green spaces amleément sustainable urban development
strategies using evidence-based policies. ThisareBls shortcomings include data
dependency and availability, generalisation coigsa computational complexity, and
socioeconomic factor neglect. EQP-FIS can optimarian green areas and improve public
health by resolving these constraints and enhantireg model based on empirical
investigations.

Conclusion

The effect of urban spaces is extracted by evalgatie actual influences of these
green spaces on individual humans. By consolidatiege two inputs from the acquired
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process, the fuzzy interference procedure reguthsonnectivity between the effects and
suggestions, which helps in the future procesthdfconnectivity between the effect and

health is low, the effect is minimal or insignifita and correct suggestions are provided
accordingly for the further process. On the othand) if the fuzzy interference process

indicates a high level of interference, it suggeststrong connection between the effects
and recommendations, indicating the need for spapansion or replication in other parts

of the environment. The efficaciousness of the pseg process is evaluated using various
factors, including recommendation scores, effetdsadata availability, and analysis time.

These factors help in evaluating the precision autienticity of the classification process.

Therefore, the EQP-FIS technique provides a stradtapproach to classify urban green

spaces based on their impact on human health.
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