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Abstract: It is widely acknowledged that urban form significantly affects urban thermal environment,
which is a key element to adapt and mitigate extreme high temperature weather in high-density urban
areas. However, few studies have discussed the impact of physical urban form features on the land
surface temperature (LST) from a perspective of comprehensive urban spatial structures. This study
used the ordinary least-squares regression (OLS) and random forest regression (RF) to distinguish the
relative contributions of urban form metrics on LST at three observation scales. Results of this study
indicate that more than 90% of the LST variations were explained by selected urban form metrics
using RF. Effects of the magnitude and direction of urban form metrics on LST varied with the changes
of seasons and observation scales. Overall, building morphology and urban ecological infrastructure
had dominant effects on LST variations in high-density urban centers. Urban green space and water
bodies demonstrated stronger cooling effects, especially in summer. Building density (BD) exhibited
significant positive effects on LST, whereas the floor area ratio (FAR) showed a negative influence on
LST. The results can be applied to investigate and implement urban thermal environment mitigation
planning for city managers and planners.

Keywords: urban form; land surface temperature; ordinary least-squares regression; random
forest regression

1. Introduction

An urban heat island (UHI) has been observed and recognized to exist in the most of cities around
the world [1]. Compared to their surrounding rural areas, an elevated temperature of urban areas not
only directly affects urban ecological environment quality, but also increases human risk of violence and
mortality, thus impacting on mental well-being of urban residents and overall livability of cities [2-7].
The elderly and children can be more easily influenced by higher outdoor air temperature. Suicide
rates may rise 0.7 percent in the United States and 2.1 percent in Mexico for a 1 °C increase in monthly
average temperature [8]. As a result, although UHI was first discovered about two centuries ago, it is
still an important research topic across various fields of study [9]. How to alleviate the UHI effect is an
issue of considerable interest [10]. The urban form influences and is influenced by the flows of people,
energy, and matter [11], and it is widely believed that physical urban form significantly affects urban
thermal environments [12-15]. Accordingly, an understanding of the complex relationships between
features of urban form and the land surface temperature (LST) is critically important to mitigate the
UHI and provide guidance for the environmentally-friendly planning of cities.
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Urban form refers to the spatial structure and form of urban elements, including land use,
transport infrastructure, water and energy infrastructure, and the physical form of developments
that facilitate human activities and their interactions [14-16]. Urban form is a key element for
understanding urban systems as social-economic-natural hybrids. Previous research has demonstrated
the relationships between urban surface characteristics such as land use composition, landscape
configuration, remote sensing ecology index, building features parameters, and LST. Generally, land use
composition influences LST directly by affecting the physical characteristics of the surface, such as
moisture and albedo [2]. Urban artificial landscape composition, such as building and open soil, tends to
amplify the UHI effects, while natural landscape compositions (e.g., farmland, forests, grassland, water
bodies, and wetlands) have cooling effects on urban thermal environments [17-19]. Most researches
have indicated that the normalized difference vegetation index (NDVI) has a strong negative correlation
with LST, while the normalized difference built-up index (NDBI) and the impervious surfaces fraction
(ISA) both show an obvious positive correlation with LST [20]. In the context of rapid and extensive
urbanization, the LST values exhibited an associated overall increase along with land use and land
cover (LULC) change in some fast-growing cities [21], and the LULC-UHI relationship is always
non-linear [22]. Future urban temperatures and heat stress will be amplified in both rural and urban
areas [23].

For high-density urban areas, more and more researches examined the potential relationships
between building features in 2D/3D and LST. Guo et al. [24] and Giridharan et al. [25] have argued
that the LST tends to be much cooler where there is low building density and high floor area ratio
(FAR). Yin et al. [14] found that both higher sky view factor (SVF) and building density intensified the
UHI effect, while FAR had the opposite effect on LST. Dense building blocks were accompanied by a
high-density population and less shading or ventilation, and produced more waste heat to release into
the outdoor atmosphere environment, thus creating severe UHI effects. In a densely built section of
the City of Columbus, researchers also concluded that increasing building roof-top areas and solar
radiations lead to increased LST, while increasing NDVI, SVF, and water lead to decreasing LST [26].
Chun et al. [27] further examined the seasonality of the impacts of building rooftop and facade areas,
urban canyons, water bodies, vegetation, and solar radiation, on UHI intensity. They found that
building footprints had stronger positive effects on the UHI during the warmer months, and building
wall areas have no significant effects in winter, as well as in June. Urban architectural patterns
(e.g., frontal area density) were also one of the important drivers of local urban surface temperature.
High-density high-rise buildings can increase surface temperatures in the city center [28,29].

A thorough examination of the literature reveals the relevancies of urban form and LST varies
with the heterogeneity of urban background in the socio-economic, climate zone, and eco-environment.
On the other hand, Wentz et al. [11] identified and defined six fundamental aspects of urban form:
(1) Human constructed elements, (2) the soil-plant continuum, (3) water elements, (4) two- and
three-dimensional space, (5) spatial pattern of urban areas, and (6) time. As far as we know,
comprehensive and conclusive evidence regarding the influences of urban form on the LST is still
lacking. The quantitative relationships between underlying variables of urban form features and LST
should be examined on the multiple scales. This may be valuable for guiding urban thermal mitigation
planning and constructing sustainable and comfortable urban systems.

Here, the objectives of this paper are to: (1) Determine the extent to which urban form
metrics influence the LST variations considering the differences of seasonality and observation scales;
(2) compare and estimate the modelling ability of two regression methods: Ordinary least-squares
regression (OLS) and random forest regression (RF); and (3) assess the most suitable scale which can be
used to capture the best explanatory and predictive power. Three observation scale grids, with cell
sizes of 100 m, 200 m, and 400 m, were used to prepare all the data. Meanwhile, both two-dimensional
and three-dimensional explanatory variables were used to represent the complex urban form features
in high-density urban centers. The study will provide deeper insights for urban planners and managers
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on how to alleviate the UHI effect and improve the urban thermal environment by optimizing the local
urban form.

2. Materials and Methods

2.1. Study Area

Ningbo is located in the south-east of Yangtze River Delta by the East China Sea (Figgure 1).
Three major rivers flow through the plains of Ningbo: The Yao River, the Fenghua River, and the Yong
River. The city has enjoyed the special designation of a ‘separate planning city” since 1988, which grants
it provincial level administrative status [30]. As a typical port city, Ningbo has become an important
industrial and economic center in Zhejiang Province, China. However, the rapid development and
urbanization of the last 40 years have created potential problems for the environment. Current climate
change has also significantly increased the risk of extreme events. During 1984-2010, average UHI
intensity was 8.67 °C in summer, and this effect tended to increase in summer [31]. In this study,
we focus on the urban center of Ningbo with an area of 8 km x 8 km ~ 64 km? (see Figure 1b), namely
the three estuaries. The region is the Central Business District (CBD) of the city, and aggregates
numerous commercial, residential, office, and governmental units with high-density building.

121°25'E 121°30'E 121°35'E 121°40'E 121°45'E

[ ] StudyArea
[:] Ningbo Boundary R g 4 ; ¢ &
l:] Urban Boundary 2 2 121°40'E 121°45'E

Figure 1. Location of the study area. (a) Ningbo City and its administrative boundaries; (b) Landsat 8
image on 23 July 2017 displayed in color composition RGB with bands 7, 6, and 4; the yellow rectangle
represented the study area in this paper.

Ningbo has a humid subtropical climate with distinctive seasons, characterized by hot, humid
summers and chilly, cloudy, and drier winters. As shown in Figure 2, the mean annual temperature
was 17.22 °C during the past three decades, with the monthly daily averages ranging from 5.31 °C
in January to 28.28 °C in August. Thus, July and August were the hottest months for one year with
an average temperature exceeding 27 °C, while January and February were the coldest months in
one year.
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Figure 2. Violin plot of the monthly average temperature of Yinzhou weather station in Ningbo City
during 1980-2010.

2.2. Urban Form

In this study, we redefine and disassemble the urban form into five aspects as shown in
Figure 3: (A1) Human activity, which relates to the spatial distribution and behaviors of populations;
(A2) building morphology, high-density buildings are the important human constructed materials
in urban environments, and they are the primary component of urban form; (A3) transportation
system, which consists of different levels of road network; (A4) public infrastructure, which represents
the units providing public services, including hospitals, government agencies, schools, banks etc..;
(A5) ecological infrastructure, refers to the urban public open space covered with green and water.
With the help of remote sensing and spatial analysis technologies, most of the urban form metrics could
be extracted and presented with two-dimensional and three-dimensional data. Within our proposed
urban form analysis framework, seven representative LST model variables were selected in this paper
as follows: (1) Human activity: nighttime light (NTL) intensity; (2) building morphology: Building
density and floor area ratio; (3) transportation system: Road density; (4) public infrastructure: point of
interest (POI) density; (5) ecological infrastructure: Water surface ratio, and NDVIL.

e NTL intensity (NTLI): The NTLI is a reliable proxy for estimating and monitoring socioeconomic
dynamics and human activities intensity. Herein, we used the composite NPP-VIIRS nighttime
light data of the year 2015, which were obtained from the website of NOAA/NGDC (https:
//ngdc.noaa.gov/eog/viirs/download_dnb_composites.html).

e  Building density (BD): The BD is the total area of building footprints within the regular observation
grids. It is an important controlling index in urban planning and land management. Higher
building density means higher intensity of land use and development.

e  Floor area ratio (FAR): The FAR refers to the ratio of total floor area of building to the area of regular
observation grids. Higher FAR may result in poor ventilation conditions in an urban center.

e Road density (RD): The RD is the length of the total road network within the regular observation
grids. High road densities usually indicate high levels of accessibility.

e  POI density (POID): The POID is the total POI counts within the regular observation grids.
The POI features are generally used in representing the vitality and convenience of the urban form.
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In this study, we extracted 9 categories of POI data, including hotels, restaurants, supermarkets,
bus stations, schools, drugstores, hospitals, banks, government agencies.

e NDVI: The NDVIis a simple remote sensing indicator that has been extensively used to measure
vegetation cover or greenness (relative biomass). High NDVI values reflect a higher vegetation
cover and potentially a higher availability of parks or open green space in urban centers, whereas
lower NDVI values point to water and impervious materials. It is computed as a ratio involving
different image bands reflecting the percentage of vegetative ground cover.

e  Water surface ratio (WSR): The WSR refers to the ratio of the total area of water bodies to the
area of regular observation grids. Higher WSR may mean a comfortable environment and
beautiful landscape.

Al: Human activity

A2: Building morphology

A3: Transportation system

A4: Public infrastructure

AS: Ecological infrastructure

Figure 3. Conceptual relationship graphs of the five aspects of urban form.

Building footprint and road network dataset were obtained from the local Survey and Geographic
Information Bureau in ESRI shapefile format. Water body information was extracted from Landsat
8 image in 2017 using the Normalized Difference Water Index (NDWI). POIs in 2017 were retrieved
from the Location-based Service on the Baidu Map Open Platform (http://Ibsyun.baidu.com/index.
php?title=lbscloud). The spatial joining tools in ArcGIS software were then used to integrate each
urban form metrics into three observation scale grids (Figure 4).
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Figure 4. Selected urban form metrics in this study. (a) Road network; (b) POI; (c¢) NTL; (d) Building
height; (e) NDVL

2.3. Land Surface Temperature (LST)

The LST data in summer and winter were derived from two cloud-free Landsat 8 thermal infrared
sensor (TIRS) images, which were respectively collected at 10:55 a.m local time for both summer
(23 July) and winter (3 February) in 2017. The two Landsat 8 images were acquired from the United
States Geological Survey (USGS). Radiometric and geometrical distortion was firstly corrected, and all
the bands were then resampled with a pixel size of 30 m. The brightness temperature values of the
thermal Band 10 of Landsat-8 was converted into degrees Celsius (°C), and was then used to compute
the emissivity-corrected LST following Equation (1) [32,33]:

Tg

LST(°C) = 1+ (AxTg/p)lne

)

where Tp is the Landsat-8 Band 10 brightness temperature; A is the wavelength at the center of the
thermal infrared band (10.8 um for Landsat 8 TIRS band 10); p = hc/s = 1.438 x 10> mK, and ¢
the land surface emissivity. The mean LST for both summer and winter were summarized by
overlaying the regulatory observation grids unit layer and were specified as the dependent variables
for further analysis.

2.4. Model Estimation

To distinguish the contributions of urban form features on LST in summer and winter, the Ordinary
Least-Squares regression (OLS) and Random Forest (RF) regression were established based on the
proposed urban form analysis framework in Section 2.2. We firstly hypothesized that the explanatory
variables (urban form metrics) have significant influence on the spatial variations of LST in the study
area. All seven urban form parameters, including BD, FAR, RD, POID, NDVI, WSR, and NTLI, were
specified as the explanatory variables in estimation models, whereas remote sensing-derived LST was
taken as the dependent variable. Meanwhile, all these seven independent or explanatory variables were
calculated at the three levels of the observation grids unit. The smallest grid cell size is 100 m, which is
the spatial resolution of the Landsat 8 Band 10 that provides the basic information of LST. In terms of
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average urban block scale in the Ningbo urban center districts within the range of 100~400 m [34,35],
two additional observation grid cell sizes were also selected: 200 m and 400 m. These hierarchical grid
structure sizes are all multiples of the basic 100 m cell, which facilitates the data spatial processing of
summation and averaging.

The OLS regression model is the most common statistical analysis method to investigate the
quantitative relationships between the LST and urban form by most of the previous studies. It assumes
that the error terms are independent. The general formulation of OLS for fitting the quantitative
correlation between independent and explanatory variables follows Equation (2):

LST = By + f1BD + P2FAR + B3RD + 4POID + psNDVI + BgWSR + f7NTLI + ¢ @)

where ¢ is a vector of random error terms.

The random forest regression model (RF) is a user-friendly non-parametric machine-learning
algorithm that was developed by Breiman in 2001 [36] without the need to define the complex
relationships between predictors and the dependent variable. It is different from traditional statistical
methods that contain a parametric model for prediction. RF contains many decision trees, where
each tree is built from a random subset of training data with a random subset of predictor variables.
The final predicted values are produced by the aggregation of the results of all the individual trees
that make up the forest. Three parameters must be defined: The number of trees in the forest (ntrees),
the minimum amount of data per terminal node (nodesize), and the number of variables used per tree
(mtry). The default value for regression study was used for the nodesize value, which is five for each
terminal node. In regression problems, the default value for mtry is one third of the total number of
predictor variables [37]; thus, an mtry value of three was used for the seven predictor variables.

2.5. Model Validation

To evaluate the performance of the final acquired models, three statistical indicators, including
overall adjusted (R?) and Root Mean Square Error (RMSE) and the Mean Absolute Error (MAE), were
calculated between the estimated LST against the monitoring LST. Higher R? and lower RMSE/MAE
values correspond to higher precision and accuracy of a model in predicting LST. The formulas for
MAE and RMSE are shown in Equations (3) and (4):

n
MAE = %Zw )
i=1

n
RMSE = 4 %Z > @)
i=1

where d refers to the differences between the predicted and observed LST values at site i; n is the
number of samples.

Unlike many other nonlinear estimators, RF does not require a split-sampling method to assess
the accuracy of the model [38]. Repeated 10-fold cross-validation (CV) was conducted to evaluate
the validity of RF models using the same observation dataset. The validation dataset was built by
randomly selecting 10% out of all observation samples and the rest of the 90% were used as the training
dataset. This process was repeated 10 times. The overall adjusted R? and Root Mean Square Error
(RMSE) were calculated. The statistical parameters of R>, MAE, and RMSE were then calculated using
10-fold cross-validation results and were used to compare the performance of the RF models in different
seasons and observation scales. To find the optimal ntrees values that can best predict the urban LST,
the ntrees values were tested from 100 to 2000 with intervals of 100. Finally, the random forest was
optimized for the best value of ntrees based on the lowest Root Mean Square Error (RMSE) (Figure 5).
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Figure 5. Optimization of random forest parameters (number of trees in the forest (ntrees) using Root
Mean Square Error (RMSE). The optimal ntrees that was selected with the lowest RMSE is shown with
the green spots.

3. Results

3.1. Spatial Distribution Patterns and Seasonal Characteristics of LST

The descriptive statistics of the LST for both summer and winter in the study area were illustrated
in Table 1. In our study area, within the extent of 8 km x 8 km, the average LST at 10:55 in summer
reached up to 45.88 °C, whereas in winter it was only 13.9 °C. In addition, LST in winter had a higher
coefficient of variation (CV) than in summer, which indicated that temperature fluctuation in winter
was more dramatic than in summer. Figure 6 shows the spatial distribution of LST in both summer and
winter. It clearly demonstrated that the urban center area (the white rectangle in the figure) exhibited
a significant UHI effect in the summer day, while it presented a clear urban cold island effect in the
winter day. The LST profiles in both the horizontal and vertical directions exhibited the larger spatial
variability of LST along the urban-rural gradients of Ningbo City. In summer, the mean LSTs reached
their peaks at the location of near urban center, and the mean LST of the study area was 2~3 °C higher
than that of surrounding areas. In winter, an opposite trend was observed; the mean LST of the study
area was about 1 °C lower than that of surrounding areas.

Table 1. Descriptive statistics of the land surface temperature LST for both summer and winter in the

study area (°C).
Seasons Mean Min. Max. Std. dew. CV (%)
Summer (23/07/2017) 45.88 35.20 62.34 3.22 7.02
Winter (03/02/2017) 13.9 9.42 26.29 1.71 12.32
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Figure 6. Land surface temperature in Ningbo City: (a) Summer; (b) winter. The white rectangle
represents the study area in this paper. The LST profiles in both horizontal and vertical directions are
also presented on the top and right of each figure.

3.2. Model Estimation and Validation

Figures 7 and 8 show the model performances for OLS and RF in both summer and winter. All seven
urban form metrics were considered in the model estimation process. At the three observation scales,
the OLS regression models explained 53%~67% (RMSE = 2.20 °C, 1.84 °C, 1.49 °C for the 100 m, 200 m,
and 400 m grids) of the LST in summer, and captured 36%~57% (RMSE = 1.37 °C, 1.14 °C, 0.86 °C for
the 100 m, 200 m, and 400 m grids) of the LST in winter. However, the RF regression models showed a
significant improvement compared with the OLS models. All RF models have higher R? (>0.9) and
lower RMSE/MAE values. Regarding the values of RMSE, both the OLS and RF models have slightly
higher performances in winter than in summer, which seems to relate to the much larger dynamic
range of summer LST than winter LST. In addition, the explanatory power of the OLS and RF models
always increased with the extending of the observation grid size, which mainly attributes to higher
sensibility to the neighboring environment for small grids than large grids [27].

To further evaluate the predictive abilities of the RF models to LST, the repeated 10-fold
cross-validation (CV) method was adopted. Scatter plots of the predicted and observed values
obtained from CV are presented in Figure 9. The statistical indicators of R?> and RMSE showed robust
predictive abilities and modest prediction errors with little bias. The best predictive performance was
observed for the winter LST estimation at the 400 m grid (CV R? = 0.66, RMSE = 0.93 °C). Overall,
higher-level predictions showed in winter and coarser observation scales.
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Figure 7. Density scatter plots between predicted and observed LST in summer from both the ordinary
least-squares (OLS) and random forest regression (RF) model fittings. The color ramp from blue to red
corresponds to increasing point density. Red dashed lines represent the regression line. (a), (b), and (c)
are plots at the 100m, 200m, and 400m scales for the OLS model, respectively; (d), (e), and (f) are plots
at the 100m, 200m, and 400m scales for the RF model, respectively.
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Figure 8. Density scatter plots between predicted and observed LST in winter from both the OLS and
RF model fittings. (a), (b), and (c) are plots at the 100m, 200m, and 400m scales for the OLS model,
respectively; (d), (e), and (f) are plots at the 100m, 200m, and 400m scales for the RF model, respectively.
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Figure 9. Density scatter plots between predicted and observed LST from repeated 10-fold cross
validation results based on the final RF models. (a), (b), and (c) are plots at the 100m, 200m, and 400m

scales for the OLS model, respectively; (d), (e), and (f) are plots at the 100m, 200m, and 400m scales for
the RF model, respectively.

3.3. Impact of Urban Form Metrics on the LST

The results from the step-wise RF regression analysis were shown in Table 2, which could examine
to what degree each urban form metrics explain the LST variations. When considering all five urban
form aspects, more than 60% of the LST variations in summer could be explained, and more than 50%
of those in winter. Urban ecological infrastructure was identified as the most important contributor,
with the relative explanation rate of almost 70% in summer and 40% in winter. The second largest
contributor was the building morphology, which has the relative explanation rate of almost 15%
in summer and 40% in winter. The aspects of transportation systems, human activity, and public
infrastructure seem to have a limited impact on the LST variations. Most of the relative explanation

rate for them were lower than 10%, which confirmed their relatively-lower effect on the overall
model performance.

Table 2. Summaries of the explanatory power for each urban form aspect using the step-wise RF
regression models.

. Summer Winter
Categories

Scale100m Scale200m Scale400 m Scale 100 m Scale200 m  Scale 400 m
Ecological infrastructure 4231(67.59) 47.95(73.01) 48.56(74.35) 20.87(39.86) 21.68(38.47)  24.11(44.35)

Building morphology 8.75(13.98)  10.03(15.27) 10.37(15.88) 20.38(38.92) 26.51(47.05) 24.59(45.24)
Transportation system 405(647)  2.86(4.35)  0.15(0.23)  6.23(11.90)  5.09(9.03)  0.52(0.96)
Human activity 741(11.84)  4.35(6.62)  5.67(8.68)  4.83(9.22)  2.00(3.55)  4.14(7.62)
Public infrastructure 0.08(0.13)  0.49(0.75)  0.56(0.86) 0.05(0.1) 1.07(1.9) 1.00(1.84)
Combination of % 62.6(100)  65.68(100)  65.31(100)  52.36(100)  56.35(100)  54.36(100)

Var explained

Note: The parameter of % Var explained from RF models were scaled into [0%—-100%] and embedded in brackets
after each number, indicating the relative explanation rate of the factor layer to LST.

RF models computed two qualitative measures that describe the relative importance of the
predictor variables: The Increased Mean Square Error (%IncMSE) and Increased Impurity Index
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(IncNodePurity) [39]. Figure 10 shows the relative variable importance ranking for both multiple
observation scales and summer-winter seasons. Based on the average rankings of both %IncMSE
and IncNodePurity, the urban ecological infrastructure metrics (NDVI) and building features metrics
(BD) were the most influential variables for determining the LST variations across the study area.
There was a decline in importance ranking for the metrics of WSR, NTLI, and FAR. The rest of
the variables like the RD and POID have relatively small importance to LST in both summer and
winter. The importance of the seven independent variables varied with the changes of observation
scale and season. When the temperature was high in summer, LST variations were more likely
controlled by ecological infrastructure factors in high-density urban center. The effects of ecological
infrastructure factors on low LST in winter weakened, while the building feature factors converted to
the dominant factor.
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Figure 10. Relative variable importance calculated from the final RF models.

The OLS regression results for LST and its factors of influence are shown in Table 3, which
facilitates the identification of the effect of the magnitude and direction of urban form on the LST
variations. Two urban form aspects, ecological infrastructure and building morphology, were identified
as the dominant factors for the change of LST. Such results are consistent with the variable importance
measures from the RE.
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Table 3. Ordinary least-squares (OLS) regression results for factors affecting LST.

Summer Winter
Categories Variables
Scale100m  Scale200m  Scale400m  Scale100 m  Scale 200 m Scale 400 m
Ecological NDVI 0.9866(-) ***  0.3777(-) ***  0.1205(-) ***  0.4445(-) ***  0.1736(-) *** 0.0607(-) ***
infrastructure WSR 0.7963(-) ***  0.2358(-) ***  0.0655(-) ***  0.3239(-) ***  0.0978(-) *** 0.0289(-) ***
Building morphology BD 0.0009(+) ***  0.0003(+) ***  0.0001(+) **  0.0005(+) ***  0.0002(+) ***  <0.0001(+) ***
FAR 0.7701(-) ***  1.0350(-) ***  1.3960(-) ***  0.8214(-) ***  1.1810(-) *** 1.5680(-) ***
Transportation system RD 0.0044(+) ***  0.0017(+) ***  0.0006(+) ***  0.0004(+) ***  0.0002(+) *** <0.0001(+)
Human activity NTLI 0.0056(+) 0.0004(-) 0.0003(-) 0.0253(-) ** 0.0228(-) ** 0.0165(-) **
Public infrastructure POID 0.0456(-) ***  0.0371(-) ***  0.0178(-) ***  0.0445(-) **  0.0256(-) *** 0.0094(-) ***
R? 0.5335 0.6242 0.6705 0.3605 0.4699 0.5652
Adj R? 0.5329 0.6225 0.6646 0.3598 0.4676 0.5574

Note: ***, ** and * represent the significance at 0.001, 0.01, and 0.05 levels, respectively. (+) and (-) in parentheses
indicate that the correlation between the explanatory variable and LST is either positive or negative, respectively.

Firstly, the coefficients of two ecological infrastructure metrics (NDVI and WSR) in all models
were significantly negative with LST in summer and winter. This confirmed that green space and water
body in urban areas have cooling effects through evaporation and shading in both hotter and cooler
months. Such cooling effect was stronger in summer than in winter, and decreased with an increasing
grid size. These results were consistent with the variable importance measures in Section 3.3, and the
previous findings reported by Peng et al. [40].

Secondly, two building feature metrics, BD and FAR, showed the opposite impact on the LST
variations. In detail, BD had a positive influence on the LST, while FAR had a negative influence. This
is consistent with the findings reported by Lin et al. [41], Yin et al. [14], and Cai et al. [13]. Building
density is closely related to air flow, that is, high building density weakens the ventilation conditions
resulting in high thermal environment. On the other hand, high-rise urban areas that have higher FAR
may produce a large amount of shadows, which results in a lower LST. In general, the urban areas
with sparse buildings and high-rise buildings tend to be cooler.

Thirdly, road density (RD) always has a positive effect on LST, and most of such correlations
were significant except in winter at the 400 m grid, which means that urban areas with high levels of
accessibility would be hotter than low RD areas. However, the impact of RD on LST variations were
very weak throughout the year.

Fourthly, the nighttime light intensity (NTLI), as a proxy for human activities intensity and
night-time population distribution, has a negative effect on LST in most cases, but only significant
correlations with LST variation in winter. However, POI density (POID), as another human activity
metric, always has a significant negative correlation. According to the coefficients of two indicators,
the POID may have a stronger impact on LST than that for NTLI. This human activities effect may
be explained as follows: (1) Inconsistency between daytime and nighttime population distribution.
The negative effect of the NTLI variable on LST would attribute to the phenomena of “home-work
separation” [42], which may result in the opposite spatial patterns between daytime LST and nighttime
light intensity. (2) Geographical features of Ningbo City. As shown in Figure 1, Ningbo is a typically
intensive river network zone, especially in the urban center. For this study, high-density public
infrastructure POI was located along both sides of the river. Thus, anthropogenic heat emissions
yielding by human activity were offset by the stronger cooling effect of the water body.

4. Discussion

4.1. Urban Form and LST

Numerous previous studies have acknowledged that urban form metrics significantly affect urban
thermal environments. In a perspective of urban physical space hierarchy, we redefine and disassemble
the urban form into five aspects: Building morphology, transportation system, public infrastructure,
ecological infrastructure, and human activity. Employing the OLS and RF regression analysis methods
demonstrated the different effects of urban form characteristics on summer and winter LST. Both of the
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coefficients of OLS models and step-wise RF models outputs suggested that the LST variations were
dominated by the urban ecological and building composition, while the other urban form metrics,
like transportation system, public infrastructure, and human activity presented a relatively weak
contribution to the LST variations. Similar laws also were obtained for Shenzhen [40], Shanghai [20],
and Wuhan City [13].

In the Ningbo urban center, the mean LST was associated negatively with the area occupied by
vegetation and water bodies. The partial dependence plot for NDVI and WSR illustrated a clear trend
of LST decrease (Figure 11a,c,h,j) in both summer and winter. However, when the values of NDVI and
WSR were larger than 3 and 8% respectively, the decline in LST slowed down. With respect to urban
building morphology metrics, the LST was positively related with the BD but negatively related with
the FAR (Figure 10b,i). Similar to the trends of NDVI and WSR, the LST decreased dramatically with
increasing FAR (Figure 11f,1). These results reflected the complex correlations between the LST and
urban form metrics. NTLI and RD exhibited a relatively weak influence on the LST.
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Figure 11. Partial dependence plots for the dominant variables in summer (a)—(g) and winter (h)—(m).
The partial plots show the dependencies of the LST on each of the predictors.

In other word, we can also concluded that the planning and update of key components on urban
surfaces, such as green spaces, water bodies, and buildings, would have a stronger impact on the LST.
However, normal population migration and redistribution of public infrastructure may have a small
impact on the LST variations. Therefore, urban planners and managers of Ningbo City should pay
more attention on the arrangement of buildings and ecological compositions in the high-density urban
center, rather than the restriction of related human activities, in order to improve the urban thermal
environment and mitigate the UHI effect.
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4.2. Seasonal and Scale Effects

In this study, the results from quantitative analysis indicated that both seasonal and scale effects
exist in the correlations between urban form metrics and LST. The LST and their correlations with
urban form metrics has shown significant seasonal variations and large differences between summer
and winter. The urban form has a closer correlation with LST in summer than in winter. Modelling
results also indicated the prominent LST variations in summer were controlling by urban ecological
infrastructure, while these variations in winter were effectively linked to urban ecological infrastructure
and building features. As a subtropical coastal city, Ningbo’s temperature fluctuation in winter was
more extreme, and was affected by many other factors. The cooling effects of green spaces and water
bodies were much stronger in summer. In contrast, building features had relatively weak effects
in summer.

The UHI effect and its influencing factors are always sensitive to changes in grid size [43].
Considering the average urban block scale in Ningbo city, three observation scales were selected in
this study: 100 m, 200 m, and 400 m. In general, the explanatory power for both the OLS and RF
regression increased from small grids to coarse grids. The best regression results were obtained with
the 400 m grid, which indicated that using larger cells would be able to better capture urban form
effects. In addition, the coefficient in absolute value of two ecological infrastructure metrics (NDVI and
WSR) decreased with an increasing grid size, whereas the coefficient of FAR increased, in absolute
value, from smaller to larger grids. Cai et al. [44] found a similar conclusion in central Beijing. Thus,
we suggest that the larger observation scale closing to the biggest local block size (with the grid size of
200~400 m) was more suitable for exploring the effects of urban form on the LST.

5. Conclusions

Taking the subtropical coastal city of Ningbo as a case study, this work quantitatively examined
the relative contributions of urban form metrics on the LST variations in both summer and winter
using OLS and RF ensemble models. Firstly, urban form was redefined and disassembled into
five aspects by fully considering the urban physical spatial structures. Subsequently, seven urban
form metrics were selected according to the availability of spatial data and representative principle.
Finally, we constructed the OLS and RF regression models for a high-density urban area with the size
of 8 km x 8 km to distinguish to what degree each urban form metric influenced the LST patterns.
The RF models were verified using rigorous repeated 10-cross-validation procedures, which results
demonstrated that RF provides superior performance in modelling the complex nonlinear relationships
between urban form and LST variations.

The outcomes of this study indicated that the urban form could explain more than 90% of the
variance LST in summer and winter using RF. Among the five aspects of urban form metrics, urban
ecological infrastructure was identified as the dominant contributor of cooling effects. Building
morphology ranked in the second place. Specifically, the LST was positively related with the BD but
negatively related with the FAR. However, the other aspects, transportation system, human activity,
and public infrastructure, seem to have a limited impact on the LST variations. In addition, urban
form metrics” impact on the LST has shown significant seasonal and observation scale variations.
The cooling effects of green spaces and water bodies were much stronger in summer, while the building
morphology had relatively weak effects in summer. The best modelling results were generally obtained
at the 400 m grid, which was found to be the ideal observation scale to explore the correlations between
the LST and urban form in the high-density urban areas.

This study confirmed that the reconstruction and update of urban ecological infrastructure and
buildings would have a stronger impact on the changes of LST, while construction of transportation,
normal population migration, and redistribution of public infrastructure may have a small impact
on the LST. Therefore, urban planners and managers should pay more attention to the arrangement
of buildings and ecological compositions in high-density urban centers, rather than related human
activities, in order to improve the urban thermal environment. We also suggest that the construction
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of high-rise and low-density urban buildings may be an effective measure to create a comfortable
outdoor thermal environment, apart from increasing the coverage rate of vegetation and water bodies.
Our empirical findings on the dependence of the LST on the urban form could be given to urban
planners and managers for land-use management and UHI mitigation from a microcosmic perspective.
Further research might take the dynamics of urban form and more additional factors into consideration.
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