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23 Research highlights:

24 e The urban structure and surface temperature of New York City varied both between
25 boroughs and within borough.

26 e Overall, the urban landscape become more homogenous over time.

27 e New York City grew vertically and on average became hotter in 2017 than it was 2008.
28 e Changes in urban structure influenced change in surface temperature, driven by water,
29 lowrise buildings, and pavement.

30

31  Abstract:

32

33 Surface temperature influences human health directly and alters the biodiversity and

34  productivity of the environment. While previous research has identified that the composition of
35 urban landscapes influences the physical properties of the environment such as surface

36 temperature, a generalizable and flexible framework is needed that can be used to compare

37  cities across time and space. This study employs the Structure of Urban Landscapes (STURLA)
38 classification combined with remote sensing of New York City’s (NYC) surface temperature.

39 These are then linked using machine learning and statistical modeling to identify how

40 greenspace and the built environment influence urban surface temperature. It was observed
41  that areas with urban units composed of largely the built environment hosted the hottest

42  temperatures while those with vegetation and water were coolest. Likewise, this is reinforced
43 by borough-level spatial differences in both urban structure and heat. Comparison of these

44  relationships over the period between2008 and 2017 identified changes in surface temperature
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45  that are likely due to the changes in prevalence in water, lowrise buildings, and pavement
46  across the city. This research reinforces how human alteration of the environment changes
47  ecosystem function and offers units of analysis that can be used for research and urban

48  planning.

49

50

51  Introduction:

52

53 By 2030 it is projected that the majority of humanity will live in urban areas (DeSA,

54  2015) which are globally the fastest growing biome (Grimm et al., 2008). Matter and energy are
55  consumed at greater quantities and frequencies in cities as compared to rural areas as a

56  function of population demands (Fernandez, 2007; Ratti et al., 2005). It is critical to identify

57 patterns and processes of urban structure-ecosystem function relationships over temporal

58 scales using a reproducible and scalable framework to meet and exceed the UN sustainable

59 development goals (SDGs) by 2030 (Lu et al., 2015). The analysis of the urban landscape and

60  ecosystem services provided over time can be used to inform management practices to

61 encourage urban resilience (McPhearson et al., 2014; Walker et al., 2004) under global change
62  scenarios.

63 Urban landscape topology is dependent on social, economic, technological, and

64  environmental selective pressures that shape how a city is structured and will change over

65 time. Neighborhoods and small towns emerge and coalesce into a larger urban units

66 (Whitehand et al., 1996) across spatial scales (e.g. neighborhoods within a city or urbans

67 centers connected in the Northeast United States megalopolis). Uneven resource distribution
68 (e.g. food availability, work opportunities) further leads to heterogeneity in urban structure

69  (Harris & Ullman, 1945). Likewise changes in structure over time are dependent on endogenous
70  population growth and immigration-emigration tradeoffs as functions of the local economy

71  (Black & Henderson, 1999).

72 Of particular interest within the urban landscape is surface temperature (ST), a physical
73  property of the environment. In general, urban areas act as sinks for ST that are higher than

74  surrounding rural areas (Howard, 2012) that can differ by city size. However, much variation in
75 ST occur also with cities (Azhdari et al., 2018; Guo et al., 2020; Hamstead et al., 2016; Kremer et
76  al.,, 2018). Variation of ST within the urban landscape is due to both seasonality and the physical
77  makeup of the urban environment (such as pavement or vegetation that have different heat

78  capacities) (Jayalakshmy & Philip, 2010; Oke, 1982). In a city, ST heterogeneity is amplified and
79  modified by vertical structures. For example a highrise building casting a shadow and thus

80 cooling an adjacent parcel of land (Kremer et al., 2018).

81 Numerous ecosystem aspects are subject to selective pressures of ST across functional
82  (Morales et al., 2019) and taxonomic (Albright et al., 2011) based dimensions of biodiversity

83 (Garcia et al., 2018; Jenerette et al., 2007). Social and economic variables are also correlated
84  with urban heat, including race (Huang & Cadenasso, 2016; Sanchez & Reames, 2019), income
85 (Huang & Cadenasso, 2016; Wong et al., 2016), and education (Wong et al., 2016).

86  Understanding how ST is structured across the urban landscape can help enhance

87  sustainability, such as reducing residential water use (Guhathakurta & Gober, 2007; Zhou et al.,
88 2017), as well as identify areas of spatial injustice within cities for vulnerable populations.
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89  Within the context of these covariates, remote sensing of ST is often used as a proxy for the

90 spatial distribution of multiple ecological variables and human wellbeing.

91 Likewise, landscape changes related to urbanization processes from vegetation to built

92 environment have been linked to urban ST (Oke, 1995). However, less is known about the

93  changes within an established urban environment over time. STructure of URban LAndscape

94  (STURLA) studies have demonstrated that urban structure in New York City (NYC), Berlin, and

95  Philadelphia can be explained by a discrete number of heterogeneously distributed three-

96 dimensional 120m? cells composed of differing landscape elements (e.g. trees or highrise

97  buildings) (Hamstead et al., 2016). Previously STURLA has been used to investigate ST

98 (Hamstead et al., 2016; Kremer et al., 2018; Larondelle et al., 2014; Mitz et al., 2021),

99 phylogenetic structure of the atmospheric microbiome (Stewart et al., 2021) and particulate air
100  pollution (Cummings et al., 2021). STURLA captures urban spatial patterns that historically have
101  been difficult to quantify due to the high density and the patchy nature of spatial patterns
102  within a city.

103 Likewise, STURLA is a classification model that differs from the commonly used land use
104  land cover (LULC) based model in that it incorporates more information (e.g. compositional
105 sums of landscape elements) withing a single unit. This allows for a more flexible and

106 generalizable framework that can take into account interactions between these elements such,
107  as atree shading pavement. Such Interactions that may influence variables (e.g. ST) are

108  unaccounted for in LULC models which use individual pixels that represent a single quantity
109  such as pavement or grass. STURLA offers a simple way to understand units of urban structure
110 that can be applied to planning efforts for sustainable development across cities and over

111 vyears. In this paper we apply STURLA to a spatial-temporal process for the first time. We

112  explore the changes in surface temperature over time by linking together changes in urban

113  structure in New York City. This is extended by using the STURLA classification system combined
114  with machine learning to model ST in 2008, 2017, and the change between the years.

115

116  Material and Methods:

117

118  Site Description:

119 New York City (NYC) is largest city in the United States of America with a 2019 estimated

120  population of over an estimated 8,336800 residents (United States Census Burough, 2016)
121 ~740 km?. Located on the eastern part of the continental United States, NYC is split into five
122  boroughs (Brooklyn, The Bronx, Queens, Staten Island, and Manhattan) of varying size,

123 populations, and socio-economic class.

124
125  Urban Structure:
126 STURLA datasets were constructed using a 120 m grid aligned to the ST datasets for

127  each 2008 and 2017. Following (Hamstead et al., 2016) a zonal statistics tabulate area

128  operation computed the area of a combined land cover and building height dataset within each
129  cell. Building height was access from the NYC MapPluto database (NYC Department of City

130 Planning, 2021) for each year. Within pixel elements are then summed to create a final STURLA
131  class. For example, if any percentage greater than 0.0% of trees, grass, pavement, and low-rise
132 buildings is present, that pixel will be coded with tgpl. Finally, we generated and assigned a
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133  STURLA class variable for each grid cell. Examples of coded STURLA pixels can be found in Figure
134  1A. Maps of example parks (Supplemental Figure 1) and boroughs (Supplemental Figure 2) can
135  be found in supplemental for reference.

136
137 ST Acquisition and Processing:
138 ST data were accessed from the United States Geological Survey (USGS) Earth

139  Explorer using Landsat 7 Analysis Ready Data (ARD). ARD data are corrected, pre-processed and
140 converted to ST (in degrees Celsius) by the USGS. After downloading, mean zonal statistics were
141  calculated per STURLA pixel for each raster. All available ST rasters for the defined time period
142  that contained less than 30% cloud cover over the NYC boundaries were used. The time period
143 was chosen as between June 21° and September 22" for each year as it would allow us to look
144  at both the mean across days and the variance between them (Hamstead et al., 2016; Mitz et
145 al., 2021). Likewise these provide a wide representation of summer temperatures to validate
146  that STURLA identifies patterns between urban structure and ecosystem function and thus be
147  used in future urban planning practices. To validate that ST trends observed between the two
148  years were not heavily subject to climactic/weather anomalies a permutation Pearson

149  correlation model was constructed (see Supplemental Figure 3). This model revealed significant
150 and strong relationships between the two years and suggests that direct comparisons of the
151  two years is valid.

152

153

154  Data Analysis and Visualization:

155 All datasets were projected to NAD 1983 State Plane New York Long Island FIPS 3104

156  Meters. Quantile classification is used in all maps as this allows for comparison of the

157  distribution of data across the years. Statistical analysis was done in R. 4.0.1. Similarity of ST
158  hosted in STURLA classes was determined using hierarchical clustering with Bray-Curtis

159  dissimilarity. This method was chosen as it is qualitative and allows for compositional

160 comparison between ST by STURLA class (Figure 2C-D). ST values were visualized with a

161 heatmap using scaled and centered data to allow comparability between the years. Landscape
162  heterogeneity was calculated as the sum of landscape elements within a pixel (comprising 1
163  STURLA class) for all years and change was calculated as the heterogeneity in a pixel of 2008
164  minus that of 2017. For example, STURLA class bpl has a heterogeneity value of 3. Change in
165  surface temperature likewise was calculated as 2008 ST minus 2017 ST.

166 Supervised machine learning, Random Forest Regression (RFR), models using the caret
167  package (Kuhn, 2008) were used to estimate the strength of the relationship between STURLA
168 classes and mean ST per class. This model was chosen because it was previously shown to

169  better handle non-parametric spatial data when compared to linear models (W. Chen et al.,
170  2017; Oliveira et al., 2012). Classes with less than 100 pixels were removed as these more
171  infrequent classes likely have less of a role in overall patterns of surface temperature. Models
172  were built as: Mean ST per STURLA class ~ Trees % + Grass % + Bare Soil % + Water % +

173  Pavement % + Low-rise % + Midrise % + Highrise %. For this, data was partitioned into 60%
174  training and 40% validation sets that underwent 10-fold repeated cross validation. Trained
175 models were then used to predict mean ST when given a STURLA class which were then

176  projected to each pixel in the STURLA grid. Root Mean Standard Error (RMSE) was used to
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177  quantify average model error. Variable importance was measured using the varlmp function
178 and then scaled from 0-100 where values closer to 100 are more important for model accuracy
179  and error reduction. The same process was applied to identify the mean change in ST per

180  STURLA class and the mean change in landscape component percentages. To better represent
181 model results the top and bottom 1.0% of model predictions and subsequent errors were

182  excluded from mapping.

183 To account for spatial and temporal autocorrelation, permutational methods are used
184  to estimate a distribution from which to generate a p-value. This means that the distribution is
185 not structured through a spatial process as the randomization breaks this down by resampling
186 the parameter values. Permutational Spearman correlations using wPerm (Weiss, n.d.) were
187  used to identify relationships between individual STURLA landscape elements (e.g. h) with ST
188  for each year as well as change in ST. Permutation also allows for comparison of ST as the

189  values for each year are drawn from a similar urban landscape and thus similar underlying

190 distribution. Differences in changes in STURLA heterogeneity and ST by borough was tested
191  using permutational T-Tests using package RVAideMemoire (Hervé, 2020). Data and code for
192  these analyses can be found at https://github.com/thecrobe/STURLA NYCChange.

193

194  Results:

195

196 NYC STURLA Structure

197 The ten most frequent STURLA classes (Figure 1A) explained 60.84% and 80.01% of

198  NYC’s structure in 2008 and 2017 respectively (Figure 1D-E). For 2008 and 2017 only 15 STURLA
199 classes contained exclusively the natural environment (classes composed of combinations of t,
200 g, b, w) that cover a mean between the years of 5.69% of NYC’s landscape. In 2008 the most
201  common STURLA class per borough were tgpl in Brooklyn (9.85%), Staten Island (26.32%), and
202  Queens (24.36%). Class tgp dominated The Bronx (13.04%) and tph in Manhattan (19.94%).

203 In 2017 class tgpl was still the most frequent (and became more abundant) in Staten
204  Island (36.46%) and Queens (34.37%). Relatively large changes in urban structure occurred for
205  Brooklyn, The Bronx, and Manhattan. Class tgp/mh dominated Brooklyn (34.79%) and

206  demonstrated gains and transitions from the 2008 most abundant class, tgpl. Class tgph (21.58
207 %) replaces tph as the most common in Manhattan. The Bronx grew vertically with class tgp/mh
208 becoming most frequent (20.51%). Spatial distribution of STURLA classes was heterogenous;
209  however, specific classes clustered throughout the city (e.g. tgp in Highland Park and Floyd

210 Bennet Field in Brooklyn). Likewise, classes with h were largely found in Manhattan (tgph) and
211 Brooklyn (tgpimh).

212
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216  Figure 1: A. Examples of the most frequent STURLA classes in NYC 2008 colored by landscape
217 component (trees: dark green, grass: light green, bare soil: beige, pavement: grey, bright red:
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218 lowrise buildings, medium red: midrise buildings, dark red: highrise buildings). Map of the
219  spatial distribution of STURLA classes for NYC 2008. Map of the spatial distribution of STURLA
220  classes for NYC 2017. D. Ranked frequency plot of STURLA classes in NYC 2008. E. Ranked

221  frequency plot of STURLA classes in NYC 2017.

222

223

224  NYC Surface Temperature

225 NYC 2008 ST ranged from 21.30°C to 46.57°C across the urban landscape with a mean of

226  32.24°C. Each borough hosted unique ST values that significantly differed from each other (all
227  p<0.002) with the exception of The Bronx and Staten Island (p=0.48) and Staten Island with
228 Queens (p=0.992). The hottest borough on average was Queens (34.19°C) followed by Brooklyn
229  (33.83°C), The Bronx (32.62°C), Staten Island (32.59°C), and Manhattan (32.23°C). In 2017, NYC
230 had a narrower range in ST than 2008 with from 18.23°C to 43.87°C with a higher mean of

231  32.77°C. For 2017 the hottest borough on average was still Queens (33.46°C) followed by

232 Brooklyn (32.75°C), The Bronx (32.51°C), Manhattan (32.19°C), and Staten Island (31.97°C).
233 Similar to 2008, in 2017 each borough hosted unique ST values that significantly differed

234  (p<0.002) from each other still excluding The Bronx and Staten Island (p=0.48). In contrast,

235  Manhattan and Staten Island differed (p=0.778) in ST signatures in 2008.

236 Distinct patterns of ST within the city emerged across the years. Greenspaces such as
237  Central Park in Manhattan hosted lower surface temperatures than the surrounding STURLA
238  classes that have greater proportions of the built environment (Figure 1B-C, Figure 2A-B).

239  Similar patterns can be found in other parks/greenspaces across the city (e.g. Pelham Bay Park,
240  Staten Island Greenbelt, Prospect Park in Brooklyn). ST was highest in STURLA classes where the
241  built environment dominated (Figure 2C-D, e.g. gpl, tpl, p, pl, pm). Likewise, ST was lowest in
242 STURLA classes where there was no built environment (Figure 2C-D, e.g. tgbw, tgw, gbw, gw,
243  w). These patterns are intensified in 2017 as the built environment (classes with p, |, m, h)

244  clusters more than in 2008 and host the highest ST across the landscape. Conversely, STURLA
245  classes with water cluster more readily and host the lowest ST.

246
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247 "
248  Figure 2: A. Map of ST in NYC 2008 where colors closer to blue indicate lower values and closer

249  tored being higher. B. Map of ST in NYC 2017 where colors closer to blue indicate lower values
250 and closer to red being higher. C. 2008 Hierarchically clustered heatmap of ST values showing
251  the ST for each day an a mean value as the final column on the right. Between heatmap and
252  dendrogram a stacked barplot of the mean internal landscape compositions for each STURLA
253  classis shown. D. 2017 Hierarchically clustered heatmap of ST values showing the ST for each
254  day an a mean value as the final column on the right. Between heatmap and dendrogram a

255  stacked barplot of the mean internal landscape compositions for each STURLA class is shown.
256 The reader is encouraged to download and zoom into this figure if interested in specific STURLA
257  classes.

258
259  Change in Urban Structure and Surface Temperature
260 NYC's urban structure became more homogenous as the number of STURLA classes

261  decreased from 139 classes in 2008 to 118 classes in 2017; however individual STURLA pixels
262  generally became more heterogenous and gained landscape elements (Figure 3B, e.g. t or p).
263  Changes in STURLA classes were not uniform as some STURLA pixels greatly changed, for

264  example the addition of a green roof in Figure 3A, while others remained relatively the same.
265  An average of +1.344 landscape elements were gained (Figure 3B, e.g. a tpl pixel 2008 gaining g
266  and becoming tgpl/). On average, Manhattan (+1.768) gained the most internal landscape

267 elements followed by Brooklyn (+1.626), The Bronx (+1.544), Queens (+1.123), and Staten
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293

Island (+1.097). Each borough gained STURLA class elements differently (all p < 0.002). STURLA
classes composed of a mixture of the built and natural environment (e.g. Midtown Manhattan
and Brooklyn) experienced greater gains in the number of STURLA elements across the city as
compared to greenspaces (e.g. parks) which became more homogenous despite additions of
different landscape elements.

B. C.

A Mean Surface
Temperature (C°)
@ -1217--208
@ 208--002

@ 002158
® 158341
341-1341

A STURLA
Heterogeneity

E.
Rz 0.433 Landscape
RMSE: 2.72C Element
Paved
B water
. Grass

Importance (%)

B wmidrise
B Lowrise
. Trees
B Highrise
-
N

o
&

ise
ise

Water
Lowri
Paved
Grass
Trees
Highrise

Midri

Figure 3: A. Example of STURLA pixels that underwent different degrees of change in structure.
B. Map of change in STURLA class heterogeneity. C. Map of change in mean surface
temperature. D. Random Forest regression variable importance for A ST as a function of A in
landscape element percentages.

Across NYC as a whole, ST per pixel increased from 2008 to 2017 by a mean of +0.47°C
(Figure 3C). Changes in ST also varied by borough (p>0.002) with the exception of The Bronx
with Manhattan (p=0.454), Manhattan with Queens (p=0.084), and Queens with Staten Island
(p=0.966). Decreases in ST were largely found in Brooklyn, South Queens, Central Staten Island,
and the South Bronx. ST increased in North Queens and Manhattan, and South Staten Island. ST
change for the most ten frequent classes were tgpl (-3.57°C), tgplmh (-2.88°C), tgp/m (-3.49 °C),
tgp (+0.212°C), tgplh (-3.30°C), tgph (-2.29°C), tgwp (+1.24°C), tgbp ( 0.24 °C), tgbwp ( +0.92 °C),
and tgpmh (-2.76 °C).

Change in ST modeled as a function of changes in internal STURLA components (e.g. mean
percentage of t decreasing 0.03% in class tgpl) revealed a moderate relationship (Figure 3E, R?=
0.433, RMSE: 2.72°C). This association was driven by changes in water, lowrise buildings, and
pavement (all variable importance > 25%). Likewise, modeling at the STURLA class level
outperforms correlations between individual STURLA elements (e.g. change in ST ~ change in
percentage t) (Table 1). Univariate correlations between change in ST demonstrated significant
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294  (p>0.05) relationships with bare soil, water, lowrise, and midrise within STURLA class
295  percentages (Table 1). ST decreased with increasing amounts of bare soil and water while the
296  opposite relationships were observed for the built environment. A permutational model testing
297  the relationship between ST in 2008 to ST in 2017 per STURLA pixel revealed a strong positive
298  correlation (Supplemental Figure 1, R%:0.815, p < 0.0001) and suggests that the majority of
299  variation in ST is due to urban structure; however, climactic trends may also influence this
300 study’s results but to a relatively small degree. Likewise, moderate to strong significant positive
301 correlations were found between ST for each year when separated by STURLA class; however
302 the strength of the relationship varied by class (Figure 4).
303
tgpl tgplm tgp ...tgplh

_tgph . tgwp tgbp tgbwp tgpmh
204 4 0050 JE T ] ST a0 o0 572006 0000) ot 2008 0000)
305 Figure 4. Multipanel of permutational spearman correlation models for between ST in 2008 and
306 2017 for STURLA pixels that did not change in heterogeneity (e.g. change from tgpl to tpgimh).
307 The top ten most frequent classes for 2017 are shown with density plots of their joint marginal
308 distribution and lines to show the linear fit. Each plot is colored by STURLA class as see in the
309 ranked abundance plots and maps.
310
311 Table 1: STURLA landscape element magnitude and direction estimation. This table contains the
312  correlation coefficients (Rho) from permutational spearman correlations. Bold values indicate p
313 < 0.05 for the correlation model. All other correlations were insignificant
314

Landscape Element ST 2008 Rho ST 2017 Rho A ST Rho

Trees (t) -0.3029518 -0.3783883 -0.0748541

Grass (g) -0.2329279  -0.5187178 -0.048151

Bare soil (b) -0.1244753  -0.2990706 -0.2206849

Water (w) -0.0900591  -0.5546377 -0.2483849

Paved (p) 0.3435931  0.6463642  -0.0683169

Lowrise (l) 0.1898042  0.5166262  0.3812218

Midrise (m) 0.3262976  0.3272964  0.2108852

Highrise (h) -0.1264511 0.3135041  0.02940633
315

316
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317 ST Prediction by STURLA Class

318 STURLA classes were able to explain and predict ST across NYC for both 2008 (R?:0.788,
319 RMSE:0.34°C) and 2017 (R%:0.788, RMSE: 1.90°C) better than any individual within class

320 landscape element (Table 1). Despite strong correlations between urban structure and ST, the
321 relative role of STURLA internal class elements differed. 2008 models relied on paved, trees,
322  highrise, grass, and bare soil to predict ST (Figure 5A, all variable importance > 25%). In contrast
323 2017 ST was largely predicted by the presence and distribution of STURLA classes with

324  pavement and water (Figure 5D, all variable importance > 25%). Both models predicted higher
325 STin classes hosting the built environment (e.g. tgp/m, Figures 5B,5E) and lower temperatures
326 inthose that are partially vegetated (e.g. tgp, tg). Predicted values were greater in 2017 than
327 2008. Models overpredicted ST in areas with greenspace (e.g. parks) and STURLA classes

328 dominated by bare soil for both years (Figures 5C,5F). In contrast they underpredicted where
329 classes tgpl and tgplmh dominated.

330 Univariate correlations estimate the direction of each variable on STURLA class ST as it
331 cannot be inferred from Random Forests. In 2008, percentage paved had significant positive
332  relationships with ST. For 2017 all within class elements had significant relationships (p>0.05)
333  with ST. As percentages of trees, grass, bare soil, and water increase, mean ST per STURLA class
334  decreased. The opposite relationship was found where ST increased as the percentages of the
335  built environment (paved, lowrise, midrise, and highrise) also increased.
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338  Figure 5. A. 2008 Random Forest regression variable importance for ST prediction with

339 coefficient and error at the top left. B. 2008 Map of predicted ST per STURLA class where darker
340 colorsindicate lower ST and lighter colors being higher ST. C. 2008 Model error from Random
341  Forest regression shown as a ratio of predicted/measured ST. D. 2017 Random Forest

342  regression variable importance for ST prediction with coefficient and error at the top left. B.
343 2017 Map of predicted ST per STURLA class where darker colors indicate lower ST and lighter
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344  colors being higher ST. C. 2017 Model error from Random Forest regression shown as a ratio of
345  predicted/measured ST.

346

347  Discussion:

348

349  NYC Urban Structure

350 The urban landscape for both years was unsurprisingly dominated by STURLA classes

351  with the built environment with the exception of established parks and greenspaces. Likewise,
352  thecity as a whole, grew vertically as /, m, and h STURLA elements were commonly added.

353  Brooklyn experienced the greatest change in the vertical dimensions as classes tgp/ and tgp
354  transitioned to tgp/mh. With the growth in these vertical landscape elements, a relative shift in
355 theinternal landscape proportions of the classes in Brooklyn and The Bronx occurs as a function
356  of STURLA’s compositional (sum to 100%) nature. The additions of landscape elements m and h
357 to these boroughs may be a function of a continued pattern of gentrification in NYC (Hackworth
358 & Smith, 2001; Lees, 2003). Furthermore, the rapid pace of urban change through a gentrifying
359 lens differs from historical patterns in that the landscape is being changed not by individuals
360 renovating single homes or businesses but by large scale developers and financiers. Wealthy
361 corporations are able to finance larger scale urban development (e.g. construction of a new
362 highrise building and thus adding in an h element to a STURLA class) more than the individual’s
363  purchasing power allows (Lees, 2000).

364 These studies taken together with our results suggests continued urban development in
365 the form of gentrification may be one of the many driving forces behind the homogenization of
366 the urban landscape over time as the diversity of STURLA classes decreases in exchange for
367  units of new urban development (such as Imh). A prominent example of this modification can
368 be found along the Highline park constructed on an old, elevated railway track along the

369 Meatpacking District and Chelsea in Manhattan. The construction of the Highline coupled with
370 the growing desirability of living in these areas as new global epicenters of the art world

371  (Molnar, 2017) and proximity to the Hudson Yards project led to changes in the urban

372  landscape. The approximate 20,000 of residential units with a wide range in socio-economic
373  class of renters and owners were and are being replaced by retail and (Haase et al., 2017;

374  Hudson Yards Development Corporation; Wolch et al., 2014) housing that shifts both the social
375  structure (Patrick, 2014) of the area but the physical ST of the city as well. Other examples of
376  park construction that has led to gentrification and subsequent change in urban topology and
377  ecosystem function (ST) include Hunter’s Point South park in Queens and Domino park in

378  Williamsburg, Brooklyn.

379 Likewise, changes in urban structure also arise from natural disasters and poor prior
380 planning for urban structural resilience. This becomes apparent when the effects of 2012

381  Hurricane Sandy on Lower Manhattan and Queens/The Rockaways are compared. Lower

382 Manhattan with access to financial capital was able to respond to and recover from the

383  hurricane much more readily than other areas of the city that were affected (New York

384  Downtown Alliance, 2013). This allowed highrise buildings to be rapidly renovated and new
385 development to be introduced into the urban landscape. In comparison the socially diverse and
386 low-mid income Queens and Rockaways urban structures that were destroyed by the hurricane,
387 recovered (if at all) at a much slower pace. Likewise, much of the housing and educational
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388 infrastructure in these locations was federally funded and had considerably less financial

389 resources to rebuild compared to the wealth in Manhattan. Thus, the differences in rates of
390 rebuilding and redevelopment have likely influenced urban ST patterns that continue to persist
391 and are apparent in our results .

392
393 3D Urban Structure Influences Surface Temperature
394 STURLA captured the urban structure-heat relationship as demonstrated by STURLA

395 classes hosting unique ST values and robust correlations with relatively low error across the
396 urban landscape. Furthermore, STURLA models displayed better associations and more robust
397  predictions than other 2-dimensional models of urban structure (Connors et al., 2013). This is
398 dueto each STURLA class being able to contain differing percentages of each landscape

399 element, thus offering a more realistic representation of urban structure. Despite this,

400 limitations do exist, for example, two pixel of STURLA class gwp may contain vastly differing
401 percentages of grass, water, and pavement. These compositional variations may be sources of
402  error in models as a function of uncertainty propagation. Likewise, the within class variation
403  and neighborhood effects of nearby pixels of same or different STURLA classes may be

404  influencing local ST signatures as demonstrated in Berlin (Kremer et al., 2018). This could be
405 seen where a pixel coded as STURLA class p neighbors a tgph pixel that may cast a shadow on
406 the p pixel and thus cool the first pixel’s relative ST compared to other p pixels across the city.
407 Our findings that STURLA classes composed largely of the built environment host higher
408 ST values complement studies in cities of varying sizes across the globe with different climates
409 and biomes: Beijing (Kuang et al., 2014), Berlin (Kottmeier et al., 2007; Kremer et al., 2018),
410 Lagos (0OS & AA, 2016), Kunming (X. Chen & Zhang, 2017), Melbourne (Jamei et al., 2019), New
411  York City (Hamstead et al., 2016; Susca et al., 2011), Phoenix (Buyantuyev & Wu, 2010; Connors
412  etal, 2013), Tehran (Bokaie et al., 2016), and Vancouver (Voogt & Oke, 1998). In contrast,

413  pixels and STURLA classes with greater proportions of greenspace (containing t and or g) hosted
414  lower ST signatures. This further highlights the importance of incorporating greenspace

415  heterogeneously in urban areas. Currently in NYC the majority of planned greenspace is

416  clustered in parks and has subsequent social implications such as changing desirability (more
417  greenspace being more desirable) and then subsequent housing prices.

418 This clustering also creates areas of low ST that have to be sought out by individuals
419 (lower income populations) to obtain their benefits given those with greater financial means
420  often live closer to parks (Shanahan et al., 2014). Addition of greenspace in cities may benefit
421  from alarge number of small vegetative units more evenly dispersed throughout the landscape
422  than construction of new relatively larger parks. A potential example of this would be rewilding
423  (Danford et al., 2018) vacant lots as urban hotspots of vegetative biodiversity. As long as these
424  areas become established patches of urban nature and not transient, they would provide

425 numerous ecosystem services including reduced ST, access to healthy microbial populations
426  (Kremer et al., 2013; Mills et al., 2017; Rook, 2013), and increase human-nature interactions
427  thatare atrisk in cities (Cox et al., 2017; Keniger et al., 2013; Soga et al., 2015). The relatively
428  small units of land comprising a STURLA pixel and generalizable nature of STURLA could be used
429  to plan the incorporation specific urban units such as tgbw or gbw that host lower ST values in
430 other cities.

431
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432 Conclusion:

433
434 In this paper we used remote sensing of urban heat with the STURLA method that were
435 linked together by machine learning and statistical modeling to identify the urban spatial-

436  temporal structure-surface temperature relationship in NYC over a decade. Understanding

437  these dynamics is crucial to future sustainable and egalitarian urban planning given how urban
438  surface temperature influences human wellbeing and urban biodiversity. We conclude that NYC
439  as a whole is becoming more homogenous while adding in more vertical elements of the built
440 environment and is warming on average. Likewise, these changes are linked to specific three-
441  dimensional urban units where heat signatures are lowest in those dominated by vegetation
442  and water and highest in those where pavement, lowrise, and midrise buildings are present and
443  prevalent. This study reinforces that STURLA is a computationally inexpensive model and aids in
444  understanding ST effects and offers context for sustainable development and urban planning.
445  Limitations of this study include an analysis of only two timepoints and STURLA being agnostic
446  to the physical composition of building materials and the influence of species and functional
447  traits in the vegetative elements of a STURLA class. Future studies should incorporate other
448  measures of urban ecosystems such as plant biodiversity.

449
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455  Supplemental Figure 1: Map of NYC parks and greenspace
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462  Supplemental Figure 3: Permutation spearman correlation between ST in 2008 and in 2017. The
463  red line is the fit of the linear model for the entire urban landscape at the STURLA pixel level.
464
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