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A B S T R A C T

Green spaces are recognised for enhancing the aesthetic value and health benefits in urban environments, which, 
in turn, can influence housing prices. This study evaluates the impact of visible green spaces on housing prices in 
Lucas County, USA, employing an innovative approach that contrasts land use data (NGVI) and street view 
imagery (AGVI) as quantified indicators. Leveraging a Random Forest model from 2017 to 2019, we determined 
the contribution of green spaces to housing prices. The Analytic Hierarchy Process (AHP) was then used to score 
each independent variable based on its ranking performance, thereby assessing the significance of methodo
logical differences in environmental valuation. Our findings reveal that while AGVI typically contributes more to 
housing price evaluations than NGVI, the primary determinants of housing prices are still the intrinsic property 
characteristics and socioeconomic factors, furthermore, we observed temporal variability in the effects of visible 
green space on housing prices. While previous research often suggested a clear link between green space and 
higher property values, our result indicates this relationship may be more location-dependent. Our research 
highlights the importance of not overestimating the economic impact of green spaces when planning urban 
development. Furthermore, our research underscores the necessity of adopting a diverse methodological 
framework when appraising environmental attributes in housing markets, considering both objective land use 
data and subjective visual assessments.

1. Introduction

Housing has always been an important issue related to people's 
livelihood. Housing prices within cities and urban areas act as a market 
signal of desirability (Galster & Rothenberg, 1991). Higher prices reflect 
factors like job opportunities, amenities, and quality of life (Gibbons & 
Machin, 2008). By analysing spatial variations in housing prices, we can 
evaluate a city's development patterns, identify areas for investment or 
revitalization, and assess socio-economic disparities. Studies have 
identified various factors influencing housing prices. At the national 
level, government revenue, real estate investment, and land value play a 
key role in China (Yang, 2022). In Lithuania, economic factors like GDP 
and unemployment alongside policy measures like macroprudential 
policies and past housing prices are significant determinants (Cohen & 

Karpavičiūtė, 2017). Cross-country analyses highlight the influence of 
affordability metrics like rent-to-income and price-to-rent ratios, 
alongside broader economic indicators like urbanization, per capita 
GDP, inflation, and demographic trends (Tripathi, 2019). Beyond na
tional and economic factors, studies have explored the impact of prop
erty characteristics. Fan et al. (2006) employed a decision tree approach 
in Singapore, demonstrating the importance of features like floor area, 
model type, age, and level within a building.

Looking beyond the property itself, research suggests that a house's 
value is also influenced by its surroundings and neighbourhood ame
nities, such as accessibility to utilities, social context, and physical 
environment (Hadavi et al., 2018; Kwon et al., 2019; Lee et al., 2017; 
Plane & Klodawsky, 2013). Understanding these environmental factors, 
unlike inherent property characteristics, offers valuable insights for 
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urban planning as they can be strategically incorporated into develop
ment projects. Chen et al. (2020) found a non-linear relationship be
tween housing prices and urban environmental elements in Shanghai, 
with higher prices associated with access to green spaces and water 
features. Similarly, Julius et al. (2020) discovered that environmental 
characteristics like vegetation, sewage systems, and water supply 
significantly influenced housing prices in Gweru, Zimbabwe, along with 
proximity to the central business district. The non-linear relationships 
between greenness and housing prices likely arise due to threshold ef
fects and diminishing returns. In regions where green space is initially 
sparse, small increases in green coverage may lead to significant in
creases in property value. However, as the amount of green space con
tinues to rise, its marginal impact on housing prices diminishes, as 
buyers may place less additional value on green space once a certain 
threshold is met. This non-linear pattern suggests that the relationship 
between green space and property values is more complex than linear 
models imply, with local context playing a crucial role. Although it's 
recognised that environmental features can affect property values, their 
precise financial impact often remains nuanced and can be over
shadowed by broader urban development objectives. This complexity 
sometimes leads to these values being overlooked in urban planning and 
policy decisions, causing the risk of commercial expansion and urban 
growth to compromise local environmental quality. Moreover, the 
challenge of accurately measuring these environmental attributes at a 
localised level persists, as traditional methods for environmental audit 
can be prohibitively expensive and inherently subjective.

Since the inception of Rosen's classical hedonic pricing model in 
1974, quantifying the environmental influence on housing prices at a 
micro-scale has witnessed a reduction in complexity. Consequently, 
there has been an upswing in scholarly investigations scrutinising the 
environmental factors that influence housing prices (Geng et al., 2015; 
Goodman & Thibodeau, 2003; Liu et al., 2020). Understanding the link 
between visible green spaces and housing prices is crucial, as access to 
nature has been shown to affect property values (Bockarjova et al., 
2020) and this knowledge can inform urban planning decisions, pro
moting development that integrates green spaces and fosters sustain
able, high-value communities. The reasons why green spaces can 
influence housing prices are varied, including elements such as 
improving the aesthetic value of a neighbourhood and promoting 
physical activities (Lu, 2019; Sang et al., 2016). Nevertheless, it is 
imperative to acknowledge that the approaches used for quantifying 
green space indicated notable variations despite their position as influ
ential factors in housing prices that can not be ignored in prior research. 
Research consistently shows that the influence of green space on housing 
prices varies based on factors such as the size, quality, and location of 
the green space. Kim et al. (2018) found that larger tree and urban forest 
areas positively contribute to property values, while fragmented, iso
lated, and irregularly shaped landscape patterns have a negative impact. 
Trojanek et al. (2018) highlighted the significant positive effects of 
proximity to urban green areas on apartment prices, particularly for 
newer buildings and post-transformation housing estates. Cho et al. 
(2008) added a spatial perspective, noting that the amenity values of 
different green space features vary based on the degree of urbanization, 
suggesting the need for site-specific land use management.

Traditional quantitative methods such as questionnaire surveys, 
often used alongside land use data analysis (Liu et al., 2020; Piaggio, 
2021; Zambrano-Monserrate et al., 2021), play a valuable role in 
capturing residents' experiences and perceptions of green spaces. These 
methods provide direct insight into the subjective value residents place 
on green spaces, which can significantly influence property valuations. 
However, a limitation of traditional surveys is their labor-intensive na
ture. Conducting surveys at a detailed geographic level across a large 
urban scale can be challenging. This can potentially lead to underrep
resentation of diverse resident perspectives.

To address this limitation, our study employs street view imagery as 
an alternative approach to capture perceived green space. This method 

allows for a more comprehensive assessment at a broader urban scale 
while still capturing the crucial element of subjective perception. Using 
street-view images effectively addresses this deficiency (Yin et al., 
2023). Street view images are crucial in urban analysis and geographic 
science, offering a human-centric perspective to describe the environ
ment (Biljecki & Ito, 2021). Simultaneously, it is imperative to under
score that diverse street view images include extensive semantic 
information, facilitating a thorough and detailed depiction of environ
mental elements from various geographic perspectives (Middel et al., 
2019). Past technological constraints have posed challenges in extract
ing information from street-view images. Using such data for academic 
research started gaining more attention in the evolution of machine 
learning, which introduced Convolutional Neural Networks (CNNs) as a 
pivotal tool for information extraction from street view images (Wu 
et al., 2020). CNNs, structured with convolutional layers, pooling layers, 
and fully connected layers, constitute deep learning models explicitly 
designed for image recognition and computer vision tasks, enabling the 
identification of objects or segmentation of features in images. The 
application of CNNs has facilitated the extraction of features from street 
view images, contributing to the growing integration of urban elements 
in diverse research domains. These investigations span a range of topics, 
including understanding criminal behaviour, analysing the urban 
landscape, and exploring the social and environmental factors that in
fluence road accidents and health outcomes (Li et al., 2022; McKee et al., 
2017; Stiles et al., 2022; Wu et al., 2020).

In recent years, semantic segmentation techniques based on CNNs 
have been used to extract visible green spaces from street view images, 
and studies have been conducted to assess their impact on house prices 
(Wu et al., 2020; Wu et al., 2022). However, no study has analysed the 
differences in assessment results in which land use data is used to 
quantify visible green spaces compared to street view images. Analysing 
the differences in assessments of visible green spaces between street 
view imagery and land use data is vital, as street view imagery, captured 
from the street, may miss green spaces not visible from the streetscape, 
while land use data may omit greenery that is only observable at the eye- 
level perspective of residents. This comparison is necessary to bridge the 
gap between the macro accuracy of land use data and the micro visibility 
of green spaces that street view imagery provides, affecting housing 
price evaluations. More critically, it is imperative to gauge the magni
tude of influence these differences may exert on homebuyers' assessment 
of housing prices. Moreover, housing prices demonstrate non- 
stationarity in the time dimension, and the impact of diverse factors 
on housing prices, including visible green spaces, can also indicate 
temporal variations (Soltani et al., 2022). Consequently, assessing 
whether differences in assessment results indicate temporal heteroge
neity becomes a notable concern. This study aims to resolve these 
challenges.

In this research, we comprehensively analysed the variations in 
evaluation outcomes that may arise from employing different method
ologies to quantify visible green spaces when assessing factors influ
encing housing prices. Initially, we compiled housing price data from 
2017 to 2019 for Lucas County, USA. Based on a comprehensive liter
ature review, we meticulously identified 26 significant factors influ
encing housing prices. These factors encompass three key domains: 
housing structure, neighbourhood socio-demographic characteristics, 
and environmental variables. Subsequently, land use data and street 
view imagery were independently utilised to quantify an additional in
dependent variable: visible green space. In the model construction 
phase, recognising the temporal heterogeneity inherent in housing pri
ces, we employed a random forest model to conduct yearly regression 
analyses of housing prices in Lucas County from 2017 to 2019. During 
the stage of comparing results, we compared the contributions obtained 
from quantifying visible green spaces using land use data against those 
derived from an approach that uses street view images. This compara
tive analysis aimed to discern the disparities in evaluation results 
attributable to different quantification methods. Finally, we applied the 
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Analytic Hierarchy Process to explicate the potential ramifications of 
these differences on the assessment of housing prices. These findings 
enhance our understanding of the intricate relationship between visible 
green spaces and housing prices and offer valuable reference points for 
future research endeavours in housing price prediction. Fig. 1 presents 
the overall experimental workflow of this study. Data processing, 
analysis methods, and other experimental details will be thoroughly 
discussed in the “Data and Methods” sections.

2. Data and methods

2.1. Study area

This study was conducted in Lucas County, Ohio, USA. The location 
of the study area is illustrated in Fig. 2. Lucas County borders Lake Erie 
to the east, and the Maumee River to the southeast, which flows into the 
lake. Lucas County is a part of the Toledo Metropolitan Area (also named 
Greater Toledo) which includes Fulton, Lucas, and Wood. The Greater 
Toledo area has strong ties to Metro Detroit which is located 40 miles 
north. According to the Census 2020 data, Lucas County has a total area 
of 596 mile2, of which 341 mile2 is land (57.2 %) and 255 mile2 is water 
(42.8 %). The population was 431,279 and the population density was 
1264.7/sq. mi. There were 200,856 housing units at an average density 
of 589 per square mile. The racial makeup of the county was 73.6 % 
white, 20.5 % Black, or African American (https://www.census.gov/ 
quickfacts/fact/table/lucascountyohio/PST045221).

2.2. Housing price data

We obtained housing sales data from the Lucas County Auditor's 
Office from 2017 to 2019, accessible at https://co.lucas.oh.us/. Given 
the specific focus of this research, all data pertained to commercial real 
estate was meticulously omitted, resulting in a refined dataset 
comprising 17,251 house sales records (85.6 % of the original house 
price data). Each house has its property value, which is the last trans
action price of the house.

2.3. Independent variables

Auditor's database also contains variables that characterise the 
house, such as the year built, the year of the sale, the size of the house 
area, the size of the building area, the number of bedrooms, the number 
of bathrooms, the garage area, and the quality of the house, from which 
we selected 8 to add to the independent variables.

In addition to the characteristics of the house itself, the socioeco
nomic conditions in the geographical area where the house is situated 
also influence the house price. To address this, we accessed block group- 
level census data specific to Lucas County, USA, derived from the 2020 
American Community Survey (ACS). Subsequently, varying socioeco
nomic attributes were considered as independent variables after a 
thoughtful selection, including population demographics, ethnic 
composition, income levels, educational attainment, employment sta
tistics, poverty rates, and healthcare coverage for each block group. The 
total number of independent variables selected was 11, and most vari
ables are expressed as percentages except for population.

The built environment surrounding a property is a critical determi
nant that affects its value (Qiu et al., 2022). The built environment of a 
neighbourhood can vary significantly from one place to another, espe
cially in a socially divided U.S. city (Lee et al., 2020). Understanding the 
urban built environment of the neighbourhood at a detailed level may 
enrich the semantics of the place, reveal a pattern of heterogenous ur
banity, and help better understand its association with price. In this 
study, the term ‘locational amenities’ pertains to the facilities near the 
house and constituted one of the initial factors examined in quantifying 
the built environment. The Point of Interest (POI) information was used 
to show the location characteristics of nearby properties, which include 
parks, grocery stores, hospitals, universities, and schools. The distance 
from each property to the nearest POI was calculated using Network 
Analysis in ArcGIS 10.8. Second, street connectivity and walkability 
were added as built environmental variables in this research to ensure 
the consistency and comprehensiveness of variable selection with 
related research (Wang et al., 2013; Xu & Wang, 2014). Street connec
tivity was defined by the number of intersections along a specific street 
network or in an area. Intersections with a starting or ending node of an 
edge or an intersection of 3-way or more edges were included in the 
connectivity index calculation. Intersection density corresponds closely 
to block size - the greater the intersection density, the smaller the blocks. 
Small blocks make a neighbourhood walkable. Walkability was quan
tified by (http://www.walkscore.com/) based on the algorithm devel
oped by Front Seat Management (http://www.frontseat.org/). It 
calculates the Euclidean distances from the point of interest to nearby 
amenities such as food, retail, education, parks, restaurants, recreation, 
and entertainment, and then integrates them by a linear combination of 
these distances with weights that account for facility type priority and a 
distance decay function. There are seven independent variables related 
to the built environment, as described above, and 26 independent var
iables in total, excluding visible green space. Table 1 provides a detailed 
description of each of the 26 variables and their data characteristics.

Fig. 1. Overall workflow.
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2.4. Visible green space and calculations

To conduct a comparative analysis, we utilised two methods to 
calculate the independent variable of most significant concern for this 
study: visible green spaces.

2.5. Land use data and calculation of visible green space in multiple buffer 
areas

In the first approach, we used land use data from the National Land 
Cover Database (NLCD) for 2016 and 2019. As the housing price data 
spans from 2017 to 2019, to improve precision, the quantification of 
visible green spaces for houses in 2017 relied on NLCD data from 2016, 
while for the years 2018 and 2019, NLCD data from 2019 was employed. 
This dataset classifies land into 20 distinct categories, and within this 
classification, 13 of these categories are considered to potentially 
encompass visible green spaces (land category codes 41, 42, 43, 51, 52, 
71, 72, 73, 74, 81, 82, 90 and 95). A detailed legend illustrating these 
land categories is accessible at the National Land Cover Database Class 
Legend and Description. Due to the complexity of ascertaining the pre
cise influence of nearby visible green spaces on house price, this study 
established buffer areas centred on each house with radii of 76.2 m (250 
ft), 106.7 m (350 ft), and 137.2 m (450 ft). The buffer radius was 
selected regarding the average length of the shortest side of a street 
block in some major cities throughout the United States, typically within 
the range of approximately 60.96 to 121.92 m (200 to 400 ft) (Baron, 
2023). Then, the 13 aforementioned land categories were considered as 
a single land category and named the category of visible green space 
(CVG). Each house's visible green space area is quantified by calculating 
the proportion of pixels within the respective buffer area corresponding 
to the CVG category relative to the total number of pixels. This 

proportion is referred to as the NLCD Extracted Geen View Index 
(NGVI), in this study.

2.6. Street view images and semantic segmentation using deeplabv3+

We downloaded street view images in the second approach using 
Google Street View API. To guarantee the collected images are densely 
enough to cover the streetscape, we retrieved the street view imageries 
along the Topologically Integrated Geographic Encoding and Refer
encing (TIGER) Road Network with a fixed distance interval of 100 m (Li 
et al., 2022). For each location, four street view images are extracted 
from different angles (0◦, 90◦, 180◦, 270◦) to show the surrounding built 
environment comprehensively. Moreover, we generated a 50-m buffer 
catchment area for each property, referenced the work of Wu and other 
scholars (Wu et al., 2022), and only the street view images collected 
within the buffer were selected as the environment description corre
sponding to the house. The decision to generate a 50-m buffer instead of 
the previously used 76.2 m, 106.7 m, or 137.2 m buffers for measuring 
NGVI was attributed to our emphasis on visible green space rather than 
accessible and walkable green space. Subsequently, a pre-trained 
Deeplabv3+ model was utilised to conduct semantic segmentation on 
street view images acquired from Google. Before this analysis, 100 
Google Street View images were employed to fine-tune the neural 
network (Brostow et al., 2009; Chen et al., 2018). These images were 
categorised into three distinct classes, namely “building,” “vegetation,” 
and “other.” The details of the segmentation process are depicted in 
Fig. 3.

The classification accuracy of the Deeplabv3+ model in classifying 
vegetation achieved a remarkable accuracy of 0.963. Subsequently, we 
conducted Green View Index (GVI) calculations for each specific loca
tion in four distinct directions (0◦, 90◦, 180◦, 270◦), using the outcomes 

Fig. 2. Overview of the study area and house traction points.
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of the segmentation process. We further derived the Average Green View 
Index (AGVI) by taking the mean of GVI values obtained from these four 
directions (Wu et al., 2022). The formulae for GVI and AGVI computa
tion are provided as follows. 

GVIi =
Number of vegtation pixeli

Number of pixeli

AGVI =

∑i=n

i=1
GVIi

n

(1) 

i is the ith street view among the n street views for a given location. 
The number of street views per location is n instead of 4 because some 
directions may be missing street view data.

2.7. Random forest model

The RF model represents an ensemble approach comprising decision 
trees, which is valuable in regression analysis (Čeh et al., 2018). During 

Table 1 
Descriptions of the variables.

Variable Definition Mean Max Min Std.

Price Residential 
property sales 
price in USD

103,044 282,000 6800 67,824

Structural variables
TLA Total land area 1549 7493 400 580.60
AGE Age of a 

residential 
property, up to 
the year 
transacted

65.47 190 − 4 31.66

LOTSIZE Size of the 
piece of land

15,184 2,091,316 956 42,566

GARAGESQFT Square feet of 
garage

397.07 5376 0 237.80

FULLBATH Number of full 
bathrooms

1.37 6 1 0.56

HALFBATH Number of half 
bathrooms

0.37 3 0 0.51

BEDRMS Number of 
bedrooms

2.91 4 0 0.83

COND Condition of 
the house

2.98 8 1 0.41

Neighbourhood socio-demographic variables
MEDHHINC Median 

household 
income

58,970 176,528 0 29,388

POVERTY The 
percentage of 
families whose 
poverty status 
has been 
determined in 
the last 12 
months

12.32 100 0 15.04

NOSCHOOL The 
percentage of 
people who 
have no school 
complete

0.71 9.39 0 1.32

HIGHSCHOOL The 
percentage of 
people who 
have a high 
school degree 
or equivalent

20.76 73.51 0.84 8.62

BACHELOR The 
percentage of 
people who 
have 
bachelor's 
degree

11.77 37.13 0 7.78

WHITE White 
percentage

75.93 100 0 22.87

ASIAN Asian 
percentage

1.54 29.41 0 2.69

HISPANIC The 
percentage of 
the Hispanic 
population

6.80 52.4 0 7.31

VACANT The 
percentage of 
vacant 
property

9.92 55.23 0 10.20

HEALTHINSU The 
percentage of 
people who 
are covered by 
health 
insurance

23.10 48.01 1.98 8.17

EMPLOYED The 
percentage of 

47.77 80.02 13.33 9.58

Table 1 (continued )

Variable Definition Mean Max Min Std.

people who 
are employed

Environmental variables
DIST_GROCERY The road 

network 
distance for 
each house to 
its nearest 
grocery store

1800 20,968 26.86 2146

DIST_UNIVERSITY The road 
network 
distance in 
meters for 
each house to 
its nearest 
university

4535 29,063 63.23 3765

DIST_SCHOOL The road 
network 
distance in 
meters for 
each house to 
its nearest 
school 
(primary, 
secondary, and 
high school)

1027 13,326 18.88 951.50

DIST_HOSPITAL The road 
network 
distance in 
meters for 
each house to 
its nearest 
hospital

3952 22,335 55.70 2897

DIST_PARK The road 
network 
distance in 
meters for 
each house to 
its nearest 
park

1232 9906 20.47 1000

WALKSCORE Measures 
walkability on 
a scale from 
0 to 100 based 
on walking 
routes to 
destinations.

36.16 87 0 20.52

STREETCONNECT Number of 
intersections 
per square 
mile

112.30 371.53 1.23 69.17
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the regression process, the RF model systematically draws random 
subsamples from the complete dataset and utilizes these subsamples to 
construct individual decision tree models. Subsequently, a comprehen
sive outcome is obtained by amalgamating the results of multiple deci
sion tree models through the “bagging” method. A prominent advantage 
of the RF model is that it is independent of data distribution, eliminating 
the necessity for multicollinearity assessments. Furthermore, it effec
tively addresses the challenge of overfitting. It is worth highlighting that 
the RF model offers the capability to ascertain the importance of each 
independent variable concerning the dependent variable, enabling a 
comprehensive evaluation of the influence of independent variables on 
the dependent variable (Wu et al., 2022). When performing regression 
tasks, RF evaluates the importance of the independent variables by 
calculating the reduction in mean squared error (MSE) at each node split 
(Meinshausen & Ridgeway, 2006). Specifically, during the construction 
of each decision tree, the reduction in MSE for each independent vari
able is calculated, accumulated, and then averaged, resulting in the 
“importance score” of that variable (Friedman et al., 2009; Scornet et al., 
2015). In this study, we calculated the ratio of the importance score of 
each variable to the total “importance score” of all variables, which is 
referred to as “contribution” in this study.

To analyse the differences in contributions when utilising NGVI to 
represent visible green space in contrast to utilising AGVI, we first used 
those 26 independent variables above, with NGVI as the 27th indepen
dent variable. Subsequently, we constructed a RF model with house 
prices as the dependent variable and calculated the contribution. 
Following this, we replaced NGVI with AGVI, reconstituted the RF 
model, and calculated the contribution again. Recognising the potential 
temporal changes in the relationship between visible green space and 
housing prices, we conducted separate modelling on the house price 
data for 2017, 2018, and 2019. The dataset was partitioned into training 
and testing subsets, with a 90 % and 10 % division. Model performance 
was assessed through ten-fold cross-validation to ensure rigorous accu
racy assessment. The evaluation indicators of the model are coefficient 
of determination (R2), mean absolute error (MAE), and root mean 
square deviation (RMSE) (Čeh et al., 2018; Hjort et al., 2024; Wu et al., 
2022). It is essential to note that although RF as a non-parametric model 
shows robustness to multicollinearity in predictive performance, the 
mechanism during prediction differs from that used to compute 
importance scores. Dormann et al. (2013) found that multicollinearity 

may affect the RF model's calculation of the importance scores of the 
independent variable (Dormann et al., 2013). Therefore, before 
modelling, we verified the multicollinearity of all independent variables 
using the Variance Inflation Factor (VIF). The results showed that the 
maximum value of all VIFs did not exceed 5, indicating that there is 
theoretically no severe multicollinearity (Čeh et al., 2018; Zuur et al., 
2010).

3. Results

3.1. The influence of two ways of quantifying green space on 
contributions

Based on the results of the RF model constructed using 2017 house 
price data, when the buffer radius is specified at 76.2 m, the influence of 
NGVI on housing prices is notably limited, standing at a mere 0.75 %. 
Following a comprehensive investigation of all 27 independent vari
ables, NGVI is positioned at the 27th rank concerning its contribution. 
Nevertheless, as the buffer radius is extended to 106.7 m, there is a 
marginal increment in the contribution of NGVI, reaching 0.79 %. 
Notably, within this context, the rank of NGVI in terms of its contribu
tion remains unchanged. Furthermore, as the buffer radius is extended 
to 137.2 m, the contribution of NGVI on housing prices experiences an 
upturn, escalating to 0.92 %, and concurrently elevating the rank of 
NGVI to the 25th position (Fig. 4). When utilising NGVI as an indicator 
for quantifying visible green spaces, the R2 values of the RF model 
consistently surpass 0.7, irrespective of the length of the buffer radius. 
Concurrently, the MAE is confined to 23,586 to 23,604, while the RMSE 
spans 32,300 to 32,349 (Table 2). These data indicate a high level of 
model accuracy, and the analysis above related to the contribution of 
NGVI is reliable. It is noteworthy that this study includes a total of 27 
independent variables, with NGVI ranked between 25th and 27th in 
terms of importance. Based on the 2017 modelling results for Lucas 
County, the overall impact of green space on housing prices in this 
specific region is relatively small.

Fig. 4 illustrates the contribution of independent variables when the 
RF model is constructed using 2017 house price data (A) is the value and 
ranking of the contribution of each independent variable when the NGVI 
is used to quantify the visible green space and the buffer radius is 76.2 m 
(B) is the value and ranking of the contribution of each independent 

Fig. 3. Workflow of deeplabv3+ network for semantic segmentation.
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Fig. 4. Value and ranking of the contribution of each independent variable, 2017.

Table 2 
The R2, MAE and RMSE values of RF models.

Types 2017 2018 2019

R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE

NGVI 
(76.2 m)

0.746 23,604 32,300 0.751 23,940 32,477 0.726 26,282 38,123

NGVI 
(106.7 m)

0.747 23,596 32,332 0.748 24,005 32,677 0.725 26,359 38,162

NGVI 
(137.2 m)

0.746 23,586 32,349 0.748 23,990 32,653 0.725 26,359 38,144

AGVI 0.747 23,594 32,312 0.748 23,999 32,650 0.726 26,288 38,171
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variable when the NGVI is used to quantify the visible green space and 
the buffer radius is 106.7 m (C) is the value and ranking of the contri
bution of each independent variable when the NGVI is used to quantify 
the visible green space and the buffer radius is 137.2 m (D) is the value 
and ranking of the contribution of each independent variable when the 
AGVI is used to quantify the visible green space.

When using the AGVI to quantify visible green spaces, the results 
obtained from the RF model constructed with housing price data from 
2017 indicate notable differences compared to those obtained when 
using the NGVI to quantify visible green spaces. Specifically, the 
contribution of AGVI stands at 1.90 %, positioning it at the 22nd rank 
among all 27 variables. The contribution value and ranking exceed 
NGVI's (Fig. 4). This observation implies that using land-use data for 
quantifying visible green spaces underestimates their contribution to 

housing prices compared to the quantification using street view images. 
Notably, when AGVI is utilised for quantifying visible green spaces, the 
R2 value of the RF model is 0.747, accompanied by an MAE of 23,594 
and an RMSE of 32,312. Collectively, these indicators' values indicate a 
high overall model accuracy (Table 2). Although the importance ranking 
of green space increased when quantified using AGVI, this change did 
not affect the conclusion that the overall impact of green space on 
housing prices in Lucas County remains relatively small.

Nonetheless, it is essential to acknowledge that the results obtained 
from the RF model established using housing price data from 2017 may 
not fully consider the potential temporal variations in the relationship 
between housing prices and their influencing factors. As a result, an 
investigation was conducted into the results when the house price data 
imported the RF model is from 2018. The findings indicate that when the 

Fig. 5. Value and ranking of the contribution of each independent variable, 2018.
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radius of the buffer area is set as 76.2 m, the contribution of NGVI stands 
at 0.91 %, positioning it as the 26th variable among all 27 independent 
variables. However, as the buffer radius is expanded to 106.7 m, the 
contribution of NGVI decreases to 0.75 %, but the rank of NGVI in terms 
of its contribution remains unchanged. The rank of NGVI still maintains 
relative stability when the buffer radius is extended to 137.2 m, where 
the contribution of NGVI experiences a minor increase to 0.76 %. 
Furthermore, when quantifying visible green spaces using street view 
images, the contribution value and ranking of AGVI also indicate an 
increase relative to those of NGVI. Specifically, the contribution value of 
AGVI reaches 1.53 %, sitting at the 23rd rank (Fig. 5). Consequently, it 
can be affirmed that using NGVI for quantifying visible green spaces 
tends to underestimate their influence on housing prices compared to 
AGVI. Importantly, this underestimation issue excludes RF models 

constructed solely with 2017 housing price data. The R2 of all models is 
higher than 0.7, and the overall accuracy does not change much from the 
RF model constructed using the 2017 house price data, which indicates 
that the above analysis is credible (Table 2). From the perspective of the 
importance of green space in relation to housing prices, although its 
ranking fluctuated compared to the 2017 results, the highest ranking 
was 23rd. This indicates that in Lucas County in 2017 and 2018, green 
space did not demonstrate particularly high importance in influencing 
housing prices.

Fig. 5 shows the ranking of the contribution of each independent 
variable when the RF model is constructed using 2018 house price data 
(A) is the value and ranking of the contribution of each independent 
variable when the NGVI is used to quantify the visible green space, and 
the buffer radius is 76.2 m (B) is the value and ranking of the 

Fig. 6. Value and ranking of the contribution of each independent variable, 2018.
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contribution of each independent variable when the NGVI is used to 
quantify the visible green space and the buffer radius is 106.7 m (C) is 
the value and ranking of the contribution of each independent variable 
when the NGVI is used to quantify the visible green space and the buffer 
radius is 137.2 m (D) is the value and ranking of the contribution of each 
independent variable when the AGVI is used to quantify the visible 
green space.

When constructing the RF model using housing price data from 2019, 
the previously discussed issue of underestimation becomes more con
spicuous. To expound further, the highest contribution of NGVI is 0.82 
%, positioning it at the 26th rank among the 27 independent variables. 
In contrast, the AGVI makes a noteworthy contribution of 2.10 %, 
securing the 20th position (Fig. 6). The difference between the contri
bution values of AGVI and the highest contribution values of NGVI is 
most pronounced during this specific temporal context. The same 
pattern is observed in the contrast between AGVI's contribution ranking 
and NGVI's highest contribution rankings. This accentuates the potential 
influence of quantification methodologies on the values and ranking of 
visible green space contributions and signifies that this influence is not 
constant, demonstrating temporal heterogeneity. This observation is 
supported by a comprehensive analysis of all the results above. Hence, 
the practice of annual modelling of housing price data in this study is 
reasonable. Furthermore, the overall importance of green space in 
housing prices did not undergo obvious changes between 2017 and 
2019. Therefore, the impact of green space on housing prices in Lucas 
County was not substantial during these three years. Finally, It is crucial 
to underscore that the RF model still demonstrates a notably high overall 
accuracy, thereby ensuring the reliability of the findings derived in this 
study (Table 2).

Fig. 6 demostrates the contribution of each independent variable 
when the RF model is constructed using 2019 house price data (A) is the 
value and ranking of the contribution of each independent variable 
when the NGVI is used to quantify the visible green space, and the buffer 
radius is 76.2 m (B) is the value and ranking of the contribution of each 
independent variable when the NGVI is used to quantify the visible 
green space, and the buffer radius is 106.7 m (C) is the value and ranking 
of the contribution of each independent variable when the NGVI is used 
to quantify the visible green space and the buffer radius is 137.2 m (D) is 
the value and ranking of the contribution of each independent variable 
when the AGVI is used to quantify the visible green space.

3.2. Characterisation of the contribution of visible green space to house 
prices

This academic research conducted a year-by-year modelling of 
housing prices in Lucas County from 2017 to 2019. In this context, it is 
evident that the contribution values and rankings of various variables 
would naturally change over this period. These changes pose a challenge 
when attempting to assess the relative importance of each independent 
variable. Therefore, this study counted the number of times the 
respective variables ranked in the top 10 % to the top 50 % of all in
dependent variables in the RF models that quantified visible green space 
using AGVI. The importance of variables that repeatedly rank in the top 
10 % differs from those that repeatedly rank in the top 20 % but do not 
make it to the top 10 %. Hence, we adopted the Analytic Hierarchy 
Process (AHP), a decision-making framework that aids stakeholders in 
reaching consensus and determines the optimal course of action in sit
uations where decision-making is complex and not easily quantifiable 
(Saaty, 1980). Through the AHP method, it is possible to ascertain the 
importance of each scale relative to the overall objective.

This study aims to “evaluate the relative importance of each inde
pendent variable”, with the criteria being the “top 10% (top 3), 20% (top 
5), 30% (top 8), 40% (top 11), and 50% (top 14)”, these five criteria. The 
scaling rules were developed based on these five criteria. The criterion of 
being in the top 10 % is the most critical, followed by being in the top 20 
%, and so forth. Accordingly, a score of 5 was assigned to the top 10 %, 4 

to the top 20 %, 3 to the top 30 %, 2 to the top 40 %, and 1 to the top 50 
%. Utilising these scaled data, SPSS was employed to construct the 
judgment matrix and to generate the weight scores. The weight scores 
obtained in this study are as follows, an independent variable received 
0.41742 points each time it achieved a top 10 % ranking, 0.26337 points 
for a top 20 % ranking, 0.16023 points for a top 30 % ranking, 0.09748 
points for a top 40 % ranking, and 0.06150 points for a top 50 % ranking. 
The Consistency Ratio (CR) is used to test whether the obtained weight 
scores contain logical errors. The test is passed when CR < 0.1. If the test 
is not passed, the scales need to be revised. In this study, all weight 
scores have passed the test (Saaty, 1980). If an independent variable's 
contribution ranking is in the top 10 %, it will also be recorded in both 
the “10 %”, “20 %”, “30 %”, “40 %” and “50 %” fields in this study. 
Finally, all independent variables were reordered based on the results of 
the AHP analysis. The reordered results show the relative importance of 
each independent variable (Table 3).

The findings suggest that the primary determinants of house prices 
continue to be the intrinsic characteristics of the properties themselves 
and the socioeconomic attributes of the neighbourhoods in which they 
are situated (Table 3). The influence of most components of the built 
environment, including visible green spaces as measured by NGVI or 
AGVI, on house prices is relatively modest. The evidence in this study 
shows that the highest contribution of NGVI or AGVI to house prices is 
limited to 2.1 % in Lucas County (Fig. 6). Furthermore, AHP analysis 
results indicate that NGVI and AGVI garner weighting values 0. This 
signifies that, despite potential underestimation in contribution 

Table 3 
The results of the AHP analysis of each variable.

Independent 
variables

10 
%

20 
%

30 
%

40 
%

50 
%

AHP Types

TLA 3 3 3 3 3 3.00 house
AGE 3 3 3 3 3 3.00 house
BACHELOR 2 3 3 3 3 2.58 socioeconomic
LOTSIZE 1 3 3 3 3 2.17 house
MEDHHINC 0 1 3 3 3 1.22 socioeconomic
WHITE 0 1 3 3 3 1.22 socioeconomic
POVERTY 0 1 2 3 3 1.06 socioeconomic
VACANT 0 0 1 3 3 0.64 socioeconomic
HIGHSCHOOL 0 0 1 2 3 0.54 socioeconomic
GARAGESQFT 0 0 1 1 2 0.38 house
DIST_GROCERY 0 0 1 1 1 0.32 built 

environment
DIST_UNIVERSITY 0 0 0 2 2 0.32 built 

environment
STREETCONNECT 0 0 0 2 2 0.32 built 

environment
DIST_HOSPITAL 0 0 0 1 2 0.22 built 

environment
HISPANIC 0 0 0 0 2 0.12 socioeconomic
WALKSCORE 0 0 0 0 2 0.12 built 

environment
HALFBATH 0 0 0 0 1 0.06 house
DIST_SCHOOL 0 0 0 0 1 0.06 built 

environment
COND 0 0 0 0 0 0.00 house
BEDRMS 0 0 0 0 0 0.00 house
FULLBATH 0 0 0 0 0 0.00 house
HEALTHINSU 0 0 0 0 0 0.00 socioeconomic
AGVI 0 0 0 0 0 0.00 built 

environment
NGVIa 0 0 0 0 0 0.00 built 

environment
DIST_PARK 0 0 0 0 0 0.00 built 

environment
ASIAN 0 0 0 0 0 0.00 socioeconomic
EMPLOYED 0 0 0 0 0 0.00 socioeconomic
NOSCHOOL 0 0 0 0 0 0.00 socioeconomic

a Table 3 presents a secondary analysis of the results obtained when quanti
fying green spaces using AGVI. However, it has already been concluded that 
NGVI is underestimated compared to AGVI, as AGVI's AHP score is 0, meaning 
all NGVI scores must also be 0. Both are displayed here for ease of analysis.
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associated with quantifying visible green spaces using NGVI, it does not 
emerge as a significant factor in scrutinising the primary determinants of 
housing prices in Lucas County. Put differently, even in the presence of 
measurement errors related to visible green spaces, the fundamental 
evaluation of housing prices remains hardly affected in Lucas County. 
This finding diverges from existing studies and can be attributed to the 
spatial heterogeneity in the influence of visible green spaces on housing 
prices (Goodchild, 2003; Su et al., 2021; Wu et al., 2022). Simulta
neously, when utilising housing price data from the same area, the de
gree of underestimation in the contribution to visible green spaces due 
to the application of NGVI indicates temporal inconsistency annually.

4. Discussion

This research contributes to the body of knowledge on environ
mental economics, particularly the concept of hedonic pricing, by 
highlighting the methodological nuances in valuing green spaces within 
urban housing markets. Hedonic price models posit that the value of a 
good (in this case, a house) can be decomposed into its individual at
tributes, including environmental characteristics like green space 
(Rosen, 1974). These attributes contribute to the overall utility derived 
from the good, and individuals are willing to pay a premium for prop
erties with desirable attributes. Our research aligns with this framework 
by investigating how access to green space influences housing prices. We 
hypothesize that the presence and quality of green spaces surrounding a 
property enhance its utility for potential buyers, leading to higher 
market values.

The primary contribution of this study lies in its focus on non- 
metropolitan regions, offering insights into the valuation of green 
spaces in areas that differ significantly from the wealthier, high-density 
metropolitan regions typically studied. While prior studies, particularly 
those focused on metropolitan areas, have shown a positive correlation 
between larger green areas and property values (Nicholls & Crompton, 
2005), we suggest that while green spaces are valued additions to 
neighbourhoods, their economic influence on housing prices is less 
significant than the core attributes of the properties and the socioeco
nomic context. This contradicts the traditional emphasis on the amenity 
value of green spaces in real estate assessments (Gibbons et al., 2014; 
Kong et al., 2007). Lucas county, though not a major metropolis, serves 
as a unique case study as it represents a growing segment of the Amer
ican population residing in non-metropolitan areas. We argue the spe
cific characteristics of a place can influence how green spaces impact 
property values. The underlying mechanisms through which green 
spaces affect housing prices may vary depending on factors like com
munity needs, local demographics, and the overall availability of green 
space within a particular city. Our findings in Lucas county demonstrate 
that while green spaces are valued amenities, their influence on housing 
prices might be less pronounced compared to core property attributes 
and the socioeconomic context. This observed difference from previous 
research underscores the importance of considering location-specific 
factors when evaluating the economic impact of green spaces. More
over, temporal heterogeneity is found in the impacts of visible green 
space on housing prices, proving inaccuracies within a localised spatial 
and relatively brief temporal context, necessitating a large-scale and 
long-term study. This study expands the discussion on spatial hetero
geneity by examining how green spaces influence housing prices in areas 
with lower levels of urbanization and more diverse economic structures. 
Last but not least, we have to acknowledge our study utilizes the hedonic 
pricing framework to explore the correlations, not causal relationships. 
This approach aligns with the inherent limitations of hedonic models, 
which focus on associations rather than causation. Our choice of RF 
reflects this focus. While RFs don't definitively prove causality, they 
excel at uncovering correlations, which is precisely our objective. We 
acknowledge that future research interested in causal effects could 
benefit from a more intricate quasi-experimental design.

While this study finds that the impact of green spaces on housing 

prices in Lucas County is smaller than in previous research, this differ
ence can be attributed to the distinct characteristics of the area. Many 
prior studies have focused on metropolitan regions, which often feature 
higher-income populations and more concentrated urban development. 
These metropolitan areas, though valuable for research, may not always 
represent the typical living environments of most counties. In contrast, 
Lucas County is more representative of an ordinary, non-metropolitan 
area where factors such as housing, safety, and transportation may 
take precedence for residents. According to Maslow's hierarchy of needs, 
individuals tend to prioritize basic necessities before focusing on higher- 
order needs like aesthetics and well-being, which green spaces primarily 
enhance (Lu, 2019; Maslow, 1971; Ulrich, 1984). As a result, green 
spaces may have a smaller influence on housing prices in areas like Lucas 
County. The stronger effect observed in previous studies may reflect the 
unique characteristics of wealthier, urbanized regions, which are not 
necessarily typical of the broader population. Theoretically, our findings 
challenge the conventional wisdom that green space always has a very 
essential impact on property values, suggesting instead that regional and 
socioeconomic factors heavily mediate this relationship.

From a data harmonisation standpoint, conducting environmental 
audits using diverse data sources and measuring objects and subjects 
presents various advantages and disadvantages. Therefore, it's essential 
to consider the multifaceted aspects of this approach thoroughly. Dennis 
and James (2016) emphasised the need to account for user participation 
and social-ecological contexts in evaluating urban green spaces. Daniels 
et al. (2018) supported this by proposing a multidimensional perspective 
that integrates ecological, microclimatic, and social aspects in assessing 
green space structures. Seaman et al. (2010) further underscored the 
importance of subjective experiences, such as feelings of integration and 
inclusion, in influencing the use of urban green spaces. Baycan-Levent 
et al. (2009) provided a practical application of this approach, using a 
multi-criteria evaluation to compare the “green performance” of Euro
pean cities based on indicators of green space availability, changes, 
planning, financing, and performance. Inspired by prior insight, this 
study introduces a comparative dimension, measuring the impact of 
green space visibility from both macro (NGVI) and micro (AGVI) per
spectives. Our results advocate for a balanced approach that considers 
objective and subjective assessments of green spaces, as each method 
captures different facets of urban greenness. For instance, while NGVI 
offers a broader categorisation of land use, AGVI provides a street-level 
view that reflects the immediate visual environment of residents. This 
dual approach could help reconcile discrepancies between large-scale 
planning and individual-level urban experience. Although the integra
tion of land use data and street-view data has been explored in previous 
research, our approach is unique in its application to non-metropolitan 
areas, a context that remains under-explored. Additionally, by using 
both NGVI and AGVI, we provide a multi-scale analysis that captures 
both broad categorizations of green space as well as street-level views of 
green space visibility. This dual approach allows for a more nuanced 
understanding of how green spaces impact housing prices at different 
levels of urban experience.

In terms of methodology, this study presents an approach that in
tegrates a non-linear model with the AHP. This combination not only 
enhances the accuracy of the model and the credibility of the analytical 
results but also effectively accommodates temporal heterogeneity. By 
reflecting model results across different periods, it provides a compre
hensive assessment of the importance of independent variables. Many 
studies have utilised linear models to explore the relationship between 
environmental factors, economic indicators, and real estate prices. 
Cellmer et al. (2012) found that greenery, surface water, noise impacts, 
and landscape features significantly influenced property prices. Grum 
and Govekar (2016) identified a significant correlation between real 
estate prices and macroeconomic factors such as unemployment, current 
account, GDP, and industrial production. Din et al. (2001) compared 
different real estate valuation models, including linear regression 
models, and found that they produced similar price indices. Chiarazzo 
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et al. (2014) and Chiarazzo et al. (2014) discovered that hedonic mul
tiple linear regression models, accounting for spatial dependence, pro
vided a better fit for examining the influence of environmental factors 
and accessibility on real estate prices, highlighting the importance of 
managing non-linear relationships and interactions among variables in 
market analysis. In summary, existing research has revealed the non- 
linear characteristics of the relationship between environmental fac
tors, economic indicators, and real estate prices, indicating that linear or 
generalized linear models may struggle to establish such relationships 
effectively, thereby impacting predictive accuracy. Conducting inter
pretability analysis and evaluating models with insufficient accuracy 
can often lead to questionable credibility (Aiken, 1991; Lipton, 2018). 
RF, with its complex operational mechanisms, has been widely recog
nised for effectively capturing non-linear relationships between inde
pendent and dependent variables, thus achieving high simulation 
accuracy. Therefore, we opted to employ RF, a non-linear model, to 
ensure the high credibility of our analysis results. Furthermore, existing 
research has examined the challenges of heterogeneity across different 
time periods in interpreting results from time-sliced regression experi
ments from multiple perspectives (Cameron, 2005; Cattaneo et al., 
2016). By utilising AHP to transform temporal heterogeneity into a 
scoring problem based on criteria layers, we integrate time-varying data 
into a cohesive result, rendering the conclusions more intuitive. This 
methodological advancement not only enhances interpretability but also 
reinforces the robustness of our findings.

One limitation of the current study is the reliance on NGVI and AGVI 
as the primary indicators of green space, which may not fully capture the 
multifaceted nature of urban greenery and its nuanced effects on 
housing prices. For instance, the quality, maintenance, and vegetation 
types are not differentiated from these indices, potentially leading to an 
undervaluation of green spaces that provide more fantastic ecosystem 
services or recreational opportunities. Additionally, the temporal scope 
of our study does not allow for the observation of long-term trends in 
housing prices influenced by changing urban policies or climate adap
tation strategies related to green spaces. Finally, our NGVI data corre
sponds to annual NLCD data, while street view data does not. 
Theoretically, street view data should also be annual for more accurate 
comparisons. However, Google Street View does not provide an inter
face for obtaining annual street view data; therefore, only the most 
recently updated data is accessible, which impacts the assessment re
sults. Further more, while this study employed a quantitative approach 
to assess the influence of green space on housing prices, a limitation is 
the exclusion of residents' subjective perceptions of green space value. 
Future research could benefit from incorporating a mixed-methods 
approach, combining quantitative analysis with qualitative data 
collection through in-depth interviews or focus groups. This would 
provide a richer understanding of how residents perceive green spaces 
and how these perceptions translate into housing preferences. Moreover, 
our study employed a case study area in a non-metropolitan region. This 
approach may contribute to the apparent contradiction between our 
findings and previous research. We suspect this difference stems from 
the spatial heterogeneity of the underlying mechanisms by which green 
spaces influence housing prices. However, the limitation of our study is 
also the focus on a single case study area. A multi-city study with diverse 
urban profiles could help validate our assumptions regarding the influ
ence of location on green space valuation. Finally, our analysis only 
considered green spaces within a buffer zone surrounding each house
hold. Future research could explore the impact of larger green spaces, 
such as parks and recreational areas, that may enhance community 
vibrancy and desirability, potentially influencing housing prices. These 
attributes could be valuable considerations for future studies.

Future research should aim to incorporate a broader set of green 
space characteristics, including biodiversity, park amenities, and 
accessibility, to provide a more comprehensive valuation. Longitudinal 
studies could elucidate the evolving influence of green spaces on hous
ing prices over time, particularly in response to urban development and 

environmental policy changes. Moreover, integrating public perception 
surveys and qualitative assessments could enrich the understanding of 
how residents value green spaces beyond their visual presence. Further 
exploration into the intersectionality of green space benefits with so
cioeconomic and demographic factors would also offer a more detailed 
landscape of urban green space valuation. More importantly, expanding 
the geographical scope of such studies could validate the model's 
applicability across different urban settings and cultural contexts, 
potentially leading to universally applicable urban planning guidelines. 
Lastly, In recent years, explainable machine learning methods such as 
SHAP (SHapley Additive exPlanations) have been demonstrated to 
reveal non-linear relationships more effectively, particularly in uncov
ering local effects and variable interactions (Lundberg, 2017). However, 
this study emphasizes the assessment of broader patterns and overall 
impacts of different green space measurements, and the calculation of 
variable contributions within RF suffices to meet this research objective; 
thus, further analysis using SHAP was not conducted. Nevertheless, 
SHAP could prove valuable in future studies that require a more gran
ular understanding of variable contributions, especially in contexts 
similar to this one.

5. Conclusion

The empirical evaluation of the influence of green spaces on housing 
prices using both NGVI and AGVI provides a nuanced understanding of 
their complex economic impact. While green spaces contribute posi
tively to housing values, the extent of this effect varies depending on 
factors like property characteristics, socioeconomic conditions, and 
even the specific type or quality of green space. This highlights the need 
for future research to explore these nuances in greater detail.

Furthermore, this study underscores the importance of incorporating 
both objective land-use data (like NGVI) and subjective visual assess
ments (like AGVI) in urban planning and policy-making. This multi
faceted approach allows for a more comprehensive evaluation of 
environmental attributes within housing markets.

By adopting this balanced approach, urban development initiatives 
can be guided by a deeper understanding of how green spaces contribute 
to neighbourhood livability and desirability. This can lead to informed 
decisions that promote sustainable and equitable urban environments, 
without solely focusing on the immediate economic benefits of green 
spaces.
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