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Abstract: The deterioration of living conditions is highlighting the benefits of urban greenery for creating
sustainable cities. Using Washington D.C. as a case, we demonstrate the performance of GVI and examine
disparities in greening surrounding affordable housing. With the pre-trained segmentation model, we
generated GVIbased on 54,691 Street View images and applied the Spearman’s correlation analysis to examine
LST cooling effect. We found that LST shows significant negative correlations (p<0.001) with GVI and newly
developed GVI-3D with coefficients of -0.60 and -0.73. The distribution of GVI in residential zoning was
polarised, affordable housing projects have less greenery. In conclusion, we argue that it is of practical
significance to monitor GVI instead of large scale NDVI for urban environments due to its controllability and
human-centric attributes.

Keywords: green view index; temperature mitigation; street greenery; environmental justice; image
semantic segmentation; google street view image

1. Introduction

Our human society just experienced the warmest decade on record between 2011 and 2020 [51].
For the global majority living in cities, urban heat islands represent an issue for both livability and
health. Given the heat-absorbing properties of greenery, researcher have developed a range of
vegetation-related indices to examine the climate change mitigation potentials such as Normalised
Difference Vegetation Index (NDVI) [56, 8], and examine distributional equity such as park areas [41],
while they are all plat 2-dimensional indices which cannot drill down to accurate small-scale space
analysis and vertical vegetation detection. The Green View Index (GVI) [53, 34] provided a refined
and 3-dimensional metric for quantifying urban greenery by authentically simulating pedestrian’s
visual experience and perception, thus reflecting the actual exposure of humans to greenery [7].
Advances in computer vision and image processing tools now make it more feasible to examine the
impact of GVI on urban environments. In this paper, we add to the literature by measuring the
relationship between urban green space and land surface temperature (LST). Using Washington D.C.
as a case, we demonstrate the performance of the GVI, and use it to examine disparities in urban
greening surrounding affordable housing.

2. Literature Review

Urban Heat Island (UHI) effect is the thermal aggregation issue coming with urbanisation and
industrialisation, which leads to increased human health risks [20] and influences socioeconomic
development [43]. In the 21st century, an increasingly urbanised population over 3 billion are directly
exposed to UHI in worldwide [43]. Simultaneously, cities’” physical environment and spatial structure
[46, 5, 13] greatly influence the distribution of UHI causing environmental justice issue where
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different groups suffer distinctly due to their locations, greenery environment around housing and
demographic characteristics. Affluent neighbourhoods, high-income groups and the white
population in United States [19, 39, 22] were widely considered to have environmental advantages
and low heat exposure risks, while the vulnerable populations suffer more.

Even though a large amount of greenery indices were invented [1, 23] to respond the UHI
exposure problems based on different criteria, “the most widely used index remains the NDVI” [1]
(p-114). The impact of significant greenery index NDVI on the urban environment, especially the
thermal environment was meticulously examined by many scholars. Lo, C. P. et al. (1997) verified
that irradiance with an emphasis on commercial and services land cover contributed to the
development of urban heat islands, he found there was a negative correlation between NDVI and
irradiance of different land covers [36]. In addition, Li, J. et al. (2011), Grover, A. & Singh, R. (2015),
Jamei, Y. et al. (2019), and Chakraborty, T. et al. (2020) all concluded that NDVI, in conjunction with
other built environment indices can significantly predict Land Surface Temperature (LST) on the
regional scale [31, 17, 26, 6].

In contrast, GVI, after the automatic extraction and calculation method revolution by Li, X. et al.
(2015), as an emergent index measuring urban vegetation in three dimensions, only limited research
investigated its impact on the urban environment [34]. Sabedotti, M. E. S. et al. (2023) examined the
association between GVI and air pollution such as PM 2.5, nitrogen dioxide, and carbon dioxide, and
found an interquartile range increase of GVI can contribute to a 7.4 percent decrease in NO2 [44].
Other scholars scrutinised the relationships between GVI and greenery accessibility and
environmental justice [34, 32], human recreational behaviours [49, 38], walking time [27, 37], GVI best
path [57] and road parameters [10]. These studies present GVI's significant values and exact
measurability to the built environment. However, there is simultaneously a deficiency in the study
of applying GVI to measure mitigation of the Urban Heat Island (UHI) effects measured by Land
Surface Temperature (LST), especially the contribution of the vertical side view of greenery that can
closely represent the real volume of the cooling source.

This study thus focuses on temperature mitigation effects and urban greenery environment
measured by GVI, which first examined the distributional and genus difference of GVI in
Washington, D.C.’s ‘Local North” and ‘Local South” wards with different residential and housing
environment. We tried to explore applying GVI and newly refined metric (GVI-3D) to measure and
examine the relationship between urban street greenery and UHI represented by LST, and examine
the different contribution from street greenspace measured by GVI, GVI-3D and NDVI toward heat
mitigation.

3. Data and Methods

3.1. Study Areas and Background

The real estate risk appraisal program conducted by the Federal Home Loan Bank Board
(FHLBB) in 1935 assigned a 4-point grade concerning infamous security [21], which revealed the
modern history of inequality in 239 American cities. Since then, the fourth grade and labels of
hazardous areas were assigned to most neighbourhoods with African Americans. Since then,
inequality transformed into racial steering. Washington, D.C., “a city with a legacy of Black plurality’
[29], seemingly disenfranchised its Black residents’ rights to socioeconomic and political equality [9,
35, 28, 29]. The city’s diversity and complexity contribute to its local dilemma as a global city where
historical and modern inequality exists extensively, nowadays Washington, D.C. has serious
polarisation represented by an expensive housing market [4], lowest homeowenership rate
nationwide [12] and high unemployment rate [48]. On the other hand, urban greenery, as one of the
most important built environments, not only plays the role of public infrastructure but also has
economic attributes that could affect people’s settlement choices. Scholars found that some special
income [27] or ethnic groups [32] lived in neighbourhoods with high or low GVI. Washington, D.C.
is a model city in the U.S. where the urban greenery work deserves, many actions such as the District
of Columbia Urban Tree Canopy Plan, DC State Forest Action Plan (SFAP), and other management
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strategies and assessment work [11] contributed to the improvement of urban greenery environment.
Although 9 percent urban tree cover is desirable [10], detection of local gaps and equitable
development are also important. Therefore, we highlighted ‘Local North” Wards 3 and 4 with poverty
and “Local South” Wards 7 and 8 with study areas. The poverty rates for Wards 3, 4, 7, and 8 were 9.1
percent, 11.4 percent, 27.7 percent and, 36.8 percent respectively according to D.C. State Data Centre
Visualisation Portal [24].

0 1.75 35 7 10.5 14
——

Figure 1. Study areas of four wards in Washington, D.C.

Table 1. Basic information of selected and unselected areas for study.

Label Ward Population (2014-2018) Poverty rate (2019)
3 85,067 9.1%
Selected 4 87,775 11.4%
study areas 7 81,299 27.7%
8 85,024 36.8%
1 85,134 13.6%
Other 2 77,791 14.3%
wards 5 87,850 17.7%
6 94,558 13.4%

3.2. Data and Source

Our workflow is to apply indicators of urban greenery environment including NDVI, GVI, and
GVI-3D to examine their different contribution to the indicator of urban thermal environment
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Figure 2. Overall data workflow.
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3.2.1. Greenery Environment Data

The image dataset used here is the Auto Arborist Dataset, which is a large-scale dataset extracted
from Google Street View images that joins public tree censuses from 23 cities with a large collection
of street-level and aerial imagery over 2 million taken on or before 1 Jan, 2018 [2]. This dataset focuses
on street trees containing at least one tree stem captured in each individual image, and Beery, S. et al.
(2022) identified detailed genus information for each image [2]. To align with the image acquisition
date from the Auto Arborist Dataset images and conduct comparison analyses with time continuity,
we tried to use all other data close to the acquisition time of the street image data. To obtain better
resolution for comparison analysis, the Normalised Difference Vegetation Index (NDVI) is calculated
based on a cloud-free Sentinel-2 satellite imagery data captured on 30 July, 2017, with 10m*10m grid-
cell resolution.

3.2.2. Greenery Environment Data

Similarly, to respond acquisition time of street view images from the Auto Arborist Dataset and
ensure the time continuity of comparison analyses, we calculated the LST based on data collected
between 2014 and 2018. The LST dataset is from Open Data DC, it was computed from 2014 to 2018
and the resultant temperatures were averaged together to produce this 5-year average data.

3.2.3. Affordable Housing Data

Despite there being many policy tools supporting Washington, D.C.’s housing affordability, the
affordable housing development community relies on heavily is the Housing Production Trust Fund.
Only in 2003, the HPTF obtained 15 percent of revenue from deed transfer and recordation tax
according to DC Council. Housing Production Trust Fund (HPTF) has the form of revolving loan and
is entirely funded by money raised within the city, and are therefore closer to the local market and
housing supply and demand. HPTF provides developers with “gap financing” to directly build
affording housing for low- and extremely low-income groups. Therefore, we believe that the greenery
environment around affordable housing projects has strong correlations with HPTF. The HPTF
affordable housing data were between 2010 to 2022, their coordinate data and basic information were
grabbed from Google Maps using Python programs according to their project names listed in each
HPTF annual report. Other Open Data DC datasets include zoning district boundaries in 2016 and
ward boundaries in 2021.

3.3. Methods

3.3.1. Street-Level Indices Calculation

With the pre-trained semantic segmentation model of OpenMMLab where the training dataset
is Cityscape and the framework is DeepLabV3. Vegetation areas were inferred and GVI was
calculated based on 54,691 Google Street View images in study area including Wards 3, 4, 7 and 8.
Former studies developed different calculation methods of GVI. Li et al. (2015) revolutionised the
calculation method of GVI and the whole workflow by introducing panoramic Google Street View
pictures combined with images with more angles and semantic segmentation algorithms, thus
automating the extraction of GVI from 6 images covering the 360° horizontal surroundings [34]. On
these bases, some scholars such as Dong, R. et al. (2018), Ki, D. & Lee, S. (2021) and Li, X. (2021) have
proposed simplified formula, but they all follow the fundamental logic of calculating the proportion
of green pixels in street images using a large amount of data with geospatial locations [10, 27, 32].
This study follows Ki, D. and Lee, S.’s method. The formula is shown below:

Number of Green pixels
GVI =

= 1
Number of Total pixels 100 @

The GVI ranges from 0 to 100 percent, where a higher value indicates more greenspace are
available in a single image. The green pixels in the example of segmented results represented the
greenery on the streets (Figure 3).
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Figure 3. Examples of different GVI images.

The NVDI is calculated based on the formula below. In order to better compare NDVI with GVI,
we normalise NDVI by multiplying 100, all the following NDVI metrics in this article are normalised
NDVI:

NIR — R
NDVI = NIR+R * 100 )

GVl is highly structural data because it is alongside the urban street networks based on Google
Street View map. But NDVI and LST are relatively continuous spatial data that cover all land surfaces.
Given the width of streets with data collection location and mature tree canopy diameter of less than
18m [42], we first used segmented street space with 18m width along streets and 30m length
perpendicular to extract mean GVI, thus most tree canopy can be included (Figure 4). Same street
space was also used to extract mean LST and NDVIL To examine the relationship between the tree
genus and LST, other buffer areas with a 10m radius based on each individual image location were
used as statistical areas. All analyses were conducted with Python, R Studio, and ArcGIS pro.

118 . W 7sss -19.47

GVI LST NDVI

Figure 4. Extracting mean indices from segmented street space in Ward 3’s Tract 10.01.

Scholars addressed that GVI is a 3-dimensional index, but it virtually only represents vertical
greening elevation with depth. To better describe the 3-dimensional greenery volume, we further
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develop GVI-3D following the logic of calculating the volume of a tree cone (Figure 5). In our study,
we think of trees approximately as cones, the NDVI measured from overhead by satellite represents
the base area of the cone, the root of GVI represents the height of tree canopy. Therefore, the newly
developed GVI-3D can be calculated as follows:

1
GVI—-3D = §NDVI *VGV1 3)
2 {J‘
i
.. q * . lGVI=h
» E £ - - -
‘:.J,J

Figure 5. The calculating logic of new developed GVI-3D.

3.3.2. Correlation Analysis and LINEAR REGRESSION

This study focuses on the mitigation impact of greenery variables on LST. To investigate the
correlation among LST, GVI, and NDVI, Spearman’s correlation analysis was applied. To examine
and compare the cooling effects, bivariate correlations were first conducted between LST and GVI,
and LST and NDVI respectively. To further examine the comprehensive effect of greenery volume
measured by GVI-3D, the ordinary least square regression model (OSL) was used to examine the
association between LST and GVI-3D. Variables for 4 Wards were calculated both individually and
collectively.

3.3.3. Greenery Environment Examination in Residential Zones and Affordable Housing
Surroundings

Housing greenery environment was conducted at all residential zoning areas including
Residential Apartment Zone (RAZ), Residential Flat Zone (RFZ), Residential Zone (RZ), and 22 sub-
zoning areas, and 500-meter buffer areas of 98 affordable housing projects between 2010 and 2022 in
four wards. We used descriptive statistics to scrutinise the macro-level districts and micro-level
housing greenery environment.

4. Results

At the macro-quantity level, the number of street view images containing trees is similar. ‘Local
North” Wards 3 and 4 have 12558 and 11559 images respectively, while Wards 7 and 8 have 16871
and 13703 images. However, the urban greenery disparities were clearly revealed in other statistical
perspectives including per capita occupancy, mean GVI, temperature cooling effect, tree genus, and
residential and affordable housing greening environments. Every 6.79 and 7.32 people share one
tree/vegetation point in Wards 3 and 4 compared with every 5.08 and 6.22 for that in Wards 7 and 8
respectively. The spatial distribution of GVI is shown in Figure 5, where the larger radius and greener
means the higher GVI. Basically, the GVI under 30 indicates that these vegetation’s cooling effects
can’t break through the threshold of 82.5 Fahrenheit (28.5 degree Celsius) mean LST according to
Figure 7, which is nearly at the transition point where Giannaros, T. M. (2014) believed 27 to 29
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degrees Celsius can make majority population fell discomfort according to their LST comfort ranges
[14].
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Figure 6. The spatial distribution of GVI in “Local North” and ‘Local South’.

4.1. LST Mitigation Effect Comparison between GVI and NDVI

We next examined the relationship between LST and our two measures of greenspace. We
observed negative relationships between LST and these measures, indicating that spaces with greater
shares of greening had lower LST relative to areas without. The correlation coefficient of -0.60
between the mean LST and GVI mean was drawn, although less correlated than that with NDVI (-
0.68), their LST mitigation effects are virtually the same as represented by regression lines (Figure 7)
and the reduction in LST is between 15 and 20 Fahrenheit degree for both GVI and NDVI. The
effective cooling range of GVI is from 15 to 60, and it is from 15 to 75 for that of NDVI, which were
manifested by red dash lines in Figure 6. The temperature mitigation effect appears to stop when GVI
reaches around 60 representing the 60 percent vegetation proportion, which can guide urban
greening work to prevent the tree canopy from becoming excessively large without producing the
cooling effect. On the other hand, there is no clear stagnating trend for NDVI, which can be explained
by that NDVlIis a large spatial scale metric measured by electromagnetic spectrum, while GVI focuses
more on middle and micro-scale street space. Meanwhile, the NDVI scatter plot presented an obvious
spindle shape when the values were closer to 0.
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The newly developed index, GVI-3D, presented the best correlation with LST compared with
GVI and NDVI, the coefficient is -0.73 (p<0.001), which means this index has high explanatory power
for temperature mitigation (Figure 7). The effective cooling range of GVI-3D is from 0 to 175, and
GVI-3D scatter plot reflects a better point data distribution than GVI and NDVL

Temperature mitigation range of GV! Temperature mitigation range of NDVI

80+ 804

754 754

R=-080/p<22e18

0 20 40 80 80 )
GVI Mean NDVI Mean

Temperature mitigation range of GVI-3D

804

2}
)
1

LST Mean
3

= S S

FE
e

754

]
R=-0.73)p=<22e-18

} 1

0 50 100 150 200
GVI-3D Mean

Figure 7. The temperature mitigation effects of GVI, NDVI, and GVI-3D in all wards.
4.2. Cooling Effect Disparity between the ‘Local South” and ‘Local North’

4.2.1. Disparity by Wards

The correlation analysis results by wards demonstrated the greenery environment disparity
between the “Local South’ and ‘Local North'. In Wards 7 and 8, fewer GVI mean values (24.84% and
13.35% respectively) were over than 40, which prevents street-level LST from dropping to 80 degrees
Fahrenheit or lower (Figure 8). In contrast, 62.06 percent GVI mean values were over 40 in Ward 3,
they played important roles in cooling the surrounding street space. The distribution of point data
presented obvious movement to the upper left for Wards 7 and 8 compared with Wards 3 and 4
(Figure 7), which makes the point clusters closer to 90 degrees Fahrenheit, however, there are fewer
points close to 90 degrees Fahrenheit in Ward 4, few in Ward 3.
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Figure 8. The GVI temperature mitigation effect gaps in Wards 3, 4, 7 and 8.

4.2.2. Disparity by Tree Genus

If we scrutinise the detailed genus of trees in each Ward, we found that the quantity of genus
showed a small difference, but GVI by genus showed huge gaps. GVI of all genera was extensively
lower in Wards 7 and 8 compared with Wards 3 and 4, and we visualised the GVI of top 20 genera
(Figure 9). The value of red dash line is 30, and we found that most top 20 genera have GVI blow 30
in Wards 7 and 8, which the situations are opposite in Wards 3 and 4 (Figure 9). The first-layer genera
with the most quantity is either 4 or 3 categories in four Wards. Prunus stood out all genera in Ward
3, followed by Acer, Quercus, and Cercis. Cercis, Zelkova, and Prunus are dominated genera in Ward
4. Acer, Ulmus, Quercus, and Prunus are the first-layer genera in Ward 7, and Quercus, Acer, Prunus
and Ulmus are the dominated genera in Ward 8. The number of trees by genus dropped off a cliff in
Wards 3 and 8 (Figure 9), suggesting several dominant tree genera, which is closely related to their
cooling effect. We used a simple classification to label the cooling effect of different tree genera, and
found that the dominant tree genus also presented subtle inequality in terms of their cooling effects
on surrounding environments. (Table 2) More genera with high and medium cooling effects are
dominated in Wards 3 and 4, in contrast, Wards 7 and 8 mostly get benefits from genera with medium
and low cooling effects, and few genera with high cooling effects are primary in these two Wards.
According to Virginia Department of Forestry (2023), the seedling prices for the genus Prunus (with
high cooling effect) and Quercus (with medium cooling effect) are both $85 for 50, while Acer with a
low cooling effect has the seedling price of $80 for 50, the budget difference might explain the
quantity, genus and GVI gaps between the ‘Local North” and ‘Local North’ in Washington, D.C.
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Figure 9. The tree genus distribution and GVI by genus in Wards 3, 4, 7 and 8.

Table 2. The subtle gaps between cooling effect of different dominated genera.

Correlation coefficient

Ward Ranking Genus Number (All p < 2.2¢-16) Cooling effect

1 Prunus 1,274 -0.52 High

2 Acer 848 -0.43 Low
Ward 3 3 Quercus 838 -0.46 Medium

4 Cercis 794 -0.49 High

1 Cercis 941 -0.49 High
Ward 4 2 Zelkova 915 -0.50 High

3 Prunus 843 -0.52 High

1 Acer 1,781 -0.43 Low
Ward7 2 Ulmus 1,482 -0.40 Low

rints202410.0874.v1
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11
3 Quercus 1,330 -0.46 Medium
4 Prunus 1,194 -0.52 High
1 Quercus 1,642 -0.46 Medium
2 Acer 1,528 -0.43 Low
Ward 8 3 Prunus 1,528 -0.52 High
4 Ulmus 1,397 -0.40 Low

4.3. Greenery Distribution Disparity in Residential Zones and Affordable Housing Surroundings

The GVI also varies across each different sub-zoning areas. The mean GVI distribution in 3
residential and 22 sub-zoning areas (Table A1) is shown in Figure 10. In general, the mean GVI in the
Residential Zone (RZ) is higher than that in the Residential Apartment Zone (RAZ) and Residential
Flat Zone (RFZ). The R-1A zone has the highest mean GVI at around 42.5, the RA-1 zone has the
lowest mean GVI at around 25. In local perspectives, the opposite mean distribution appears within
RZ and RAZ. In RZ, with the increase of housing density, the zoning type transfers from R-1A to R-
1B, R-2, and R-3, the mean GVI presented an obvious decrease from around 42.5 to 26, which
indicated the normal relationship between land use and urban greenery. All R-1A and variations
showed high mean GVI around or above 40, and small deviation from the mean values, the cliffs
between R-1A and R-2 or R-3 are distinct.

However, the denser the residential zoning type within RAZ, the higher mean GVI values show
out. For example, the RA-4 which provides for areas developed with predominantly medium- to
high-density residential has the highest mean GVI of around 37, while the RA-1 which permits low-
to moderate-density development, including detached dwellings, rowhouses, and low-
rise apartments has the lowest mean GVI around 25. In addition, the mean GVI of RF-1 which belongs
to RFZ is neither high nor low, which is around 28.

The distribution difference simultaneously revealed the inequality of residential land use.
Zoning types with high mean GVI are mostly located in ‘Local North” Wards 3 and 4, while low mean
GVI zoning areas are concentrated in Wards 7 and 8. Wards 7 and 8 have 31 and 26 RA-1 zones (the
lowest GVI zoning), in comparison, Wards 3 and 4 only have 7 and 10 RA-1 zones respectively. As
for RA-1 zones (the highest GVI zoning), Wards 3 and 4 have 7 and 3 respectively, and Wards 7 and
8 do not have such kind of zoning.
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Figure 10. The distribution of GVI mean by zoning category.

We found that 98 affordable housing projects in different wards and zoning also presented
disparity (Table 3). Due to the wealth of Ward 3, only one HPTF affordable housing project was built
between 2010 and 2022, which is Woodley House. Wards 4, 7, and 8 have 38, 32, and 27 affordable
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housing projects built in during 13 years. The mean GVI of all affordable housing projects is 27.2,
which is quite as low as the mean GVI in R-3 zoning. The only project in Ward 3 has a mean GVI of
43.51, the mean GVI of projects in Ward 4 is 31.1, far higher than the projects with the highest GVI of
30.96 and in Wards 7 and 28.24. The average GVI of affordable housing projects in Wards 7 and 8 are
only 25.9 and 22.6, indicating the huge gaps between affordable housing projects in different Wards.
What's more, the affordable housing project with the highest GVIin Ward 7 is located in Mixed-Use
Zones where the commercial and institutional use are prior, the multi-family residential development
are secondary residential zoning areas (Appendices).

Table 3. 500-meter buffer GVI differences by HPTF housing projects.

: . GVI
Ward Project name Zoning Attribate Value
Ward 3 Woodley House RA-2 Only value 43.51
Ward 4 NCCLT-905 R St. NW R-1A Highest value 40.20
Ward 7 1847-49 Good Hope Road, SE MU-7B Highest value 30.96
Ward 8 Stanton Square Apartments R-3 Highest value 28.24

5. Discussion

This study contributes to the validation of environmental injustice issues and significant
temperature mitigation effects measured by GVI and GVI-3D. Taking Washington, D.C. as an
example, we found that the greenery environment inequality, from macro-level to micro-level,
extensively existed in the ‘Local North” and ‘Local South” with serious wealth polarisation, which
reveals the infrastructure property attributes of street-level vegetation. GVI and LST are highly
correlated, the new index GVI-3D presented a higher correlation with LST, with the increase of these
two indices, the street-level space becomes cooler around 10 to 15 degrees Fahrenheit in a linear way.
GVI-3D presented a better measurement of LST mitigation, which contributed to establishing the
model of a true mathematics mapping of this index to canopy volume in physical urban space. As for
the good measurability, we believed that the side views of street greenery images provide more
possibilities to measure the actual volume of tree canopies which are the main cooling source for
urban street-level microenvironment.

However, the cooling effects of different tree genera differs, some dominant genus has better
temperature mitigation effects such as Prunus, Cercis, and Zelkova, while Acer and Ulmus show low
mitigation effects. These subtle differences are difficult to spot, and even their cooling effect may be
budget-related because we found that affluent wards tend to have more high cooling effect trees
compared with non-affluent wards at the local level.

The GVI values also connect with land use type and housing density. The higher the density of
detached or semi-detached Residential Zoning, the lower the GVI was found in those areas. In
contrast, the higher the density of Residential Apartment Zoning, we get the higher GVI. This may
be explained by the degree of intensive utilisation of land that needs to reach a certain value before
it can function well. Unlike the average greenery environments of residential areas, the greenery
environments of affordable housing were worse measured by GVI. Despite increased greenery is
common sense that can mitigate the heat exposure risks, they also mean government or developers
need balance investment and budget for targeted neighbourhoods. As for affordable housing, they
usually have less accessibility to parks, forests and gardens, thus the urban street greenery becomes
the limited or only green environment that affordable housing can directly benefit from so as to
decrease heat exposure risks. Therefore, the significance of urban street greenery and its metrics
should be addressed.

Some limitations should be addressed. First, despite the accuracy of a similar semantic
segmentation model being around 85 percent according to prior research [27, 33, 59], changing the
detection image dataset from European based cities to American cities can have an influence on the
accuracy of the algorithm. As for the temperature mitigation effect, we only consider the single
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variable of urban greenery, more variables can be included such as Impervious Surface Area (ISA)
[55, 25, 60]. Besides, more data may give the correlation analysis and regression model better
explanatory power. Despite the GVI-3D generated a fine R-squared value of 0.73, the 0.60 R-squared
value of GVI still has the possibility of being improved.

6. Conclusion and Policy Proposals

In conclusion, GVI has virtually the same explanatory power as NDVI when it comes to the LST
mitigation effect, while GVI-3D has the best. This study argues that it is of practical significance to
monitor GVIand GVI-3D rather than NDVI of small-scale street environments due to their readability,
controllability, and human-centric attributes. It is feasible to adjust GVI by controlling the size,
quantity, and density of street greenery, a 60 percent GVI can be a cut-off for urban greening work to
prevent excessively large tree canopies concerning their cooling effects. However, large-scale NDVI
measurements make it difficult to contribute to improved policy suggestions for street greening. The
related housing and greenery policies can have improvements as follows.

6.1. Focus on Greenery Quality Rather than Only Quantity

According to Fang (2020), DC’s greenery-related government departments already made huge
efforts to plant trees in non-affluent areas such as Wards 7 and 8 [11], their achievements can be
reflected in the number of tree/vegetation image points mentioned above. However, greenery quality
is more essential indicated by GVI and GVI-3D in this study. Through measuring GV], it is easy to
find that vegetation proportion over 60 percent can’t produce a substantial cooling effect. Therefore,
more emphasis and resources can be invested in the improvements of quality of the greenery
environment such as the balance of tree genus and the volume of tree canopies so that we can pursue
better temperature mitigation effects by quantifying GVI or GVI-3D. Those resources to manage
excessively huge tree canopies can be transferred to “Local South’ areas by managing the life cycle of
the trees.

6.2. Highlight the Greenery Environment of Affordable Housing Projects

The locations of HPTF affordable housing projects are precise. Ward 3 only built one affordable
housing during 13 years. However, the gaps between this only one project and the others were huge.
A suitable greenery environment for housing has the significant impact on the health of residents [18,
30], housing values [58, 54], and environmental justice [45, 52]. The affordable housing projects have
the necessitates to set aside a part of the budget and resources for the improvement of the
surrounding green environment in terms of tree genus and volume. The density of affordable
housing projects can be improved from the evidence that higher density Residential Apartment Zone
tends to have better greenery environment measured by GVI. In addition, the assessment of the
difference between affordable housing projects and normal housing projects is necessary.
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Appendix A

Table Al. The description of residential zoning categories in Washington, D.C.

Zoning Sub-Category Description
The RA-1 zone provides for areas predominantly developed
with low- to moderate-density development,

RA- including detached dwellings, rowhouses, and low-
rise apartments.
The RA-2/RC zone is intended to provide for areas developed
RA-2 with predominantly moderate- and medium-density
Residential rowhouses and apartments.
Apartment RA-3 The RA-3 zone provides for areas developed with
Zone predominantly medium-density residential.
RAA The RA-4 zone provides for areas developed with
predominantly medium- to high-density residential.
The RA-1/NO zone provides for areas predominantly
RA-1/NO developed with low- to moderate-density development,

including detached dwellings, rowhouses, and low-rise
apartments in the vicinity of the U.S. Naval Observatory.
The RF-1 zone is to provide for areas predominantly

Resi ial
esidentia REF-1 developed with row houses on small lots within which no
Flat Zone . . .
more than two (2) dwelling units are permitted.
The R-1A zone is intended to provide areas predominantly
R-1A .
developed with detached houses on large lots.
R-1A/CBUT All R-1A variations permit detached houses on large lots. They
R-1A/FH also have the purpose to protect specific areas’ low density,
R-1A/TS natural topography, historic or ceremonial importance, or
R-1A/TS/NO special missions, including Chain Bridge Road/University
Terrace, Forest Hills, Tree and Slope Protection zones, Naval
R-1A/WH Observatory/Tree and Slope Protection zones and Wesley
Heights.
R-1B The R-1B zone is intended to provide areas predominantly
developed with detached houses on moderately sized lots.
R-1B/FH All R-1B variations permit detached houses on moderately-
R-1B/GT sized lots. They also have the purpose to protect specific areas’
. . R-1B/NO low density, natural topography, historic or ceremonial
Residential . . e . . .
R-1B/SH importance, or special missions, including Forest Hills,
Zone . s I
R-1B/WH Georgetown National Historic Landmark District, Naval
Observatory, Sixteenth Street Heights and Wesley Heights.
R-2 The R-2 zone is intended to provide for areas predominantly

developed with semi-detached houses on moderately sized
lots that also contain some detached dwellings.
The purposes of the R-2/FH zone are to preserve the natural
topography and mature trees to the maximum extent feasible
R-2/FH in the Forest Hills neighbourhoods, which permit semi-
detached houses on moderately sized lots that also contain
some detached dwellings.
The purpose of the R-3 zone is to allow for row dwellings,
while including areas within which row dwellings are mingled
with detached dwellings, semi-detached dwellings, and
groups of three or more row dwellings.

R-3
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Mlzt\e/[c;I)Jse MU-7B The MU-7B zone is intended to permit medium-density mixed-
Zones use development with a focus on employment.
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