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A B S T R A C T

Air temperature in built environment is a critical indicator of both outdoor thermal comfort and space cooling or
heating loads in buildings. The objective of this work is to investigate the correlation between air temperature
variations in built environment and urban morphology in northern China.

Field measurement was firstly carried out to record the air temperature at 46 points within an 8-km2 urban
area continuously in Tianjin city, China, from January 2015 to July 2016. Weather conditions at a nearby
meteorological station were also measured. A GIS model was built up to extract the urban morphology para-
meters at 46 measurement points, such as the Green Plot Ratio (GnPR), Sky View Factor (SVF), pavement area
percentage (PAVE), building area percentage (BDG), etc. Using multilinear regression analysis, models were
proposed to correlate air temperatures with urban morphology parameters and weather parameters in both
summer and winter seasons. The analyzed air temperatures included daily maximum (Tmax), minimum (Tmin),
average (Tavg), daytime average (Tavg-day) and nighttime average (Tavg-night) temperatures. Models were
validated by comparing the air temperatures estimated by proposed models with the results measured on the
days different from those selected for model development. Parametric study was conducted to investigate the
impact of urban morphology parameters on air temperatures. In summer, it was found that increasing GnPR by
0.5 could reduce Tmin and Tavg-night by 0.7 °C and 0.5 °C respectively. In winter, only Tavg, Tmin and Tavg-
night were affected by urban morphology, and they increased with taller building height and narrower street
width.

1. Introduction

Air temperature is one of the weather variables affecting the living
of human, animals, plants and agriculture [1]. On a macroscale, air
temperature is affected by latitude (solar radiation), altitude, cloud
cover, humidity, predominant winds, ocean streams and air masses. In
particular, the latitude that affects the incident solar radiation is one of
the strongest factors [2]. On a microscale, urban morphology and
human activities affect heat absorption, advection and emission within
the urban boundary layer, which further affect the air temperature.

A common phenomenon along with the urbanization process is that
temperature in an urban area is significantly warmer than that in sur-
rounding rural areas, which is known as Urban Heat Island (UHI) effect
[3]. Compared to natural surfaces, urban surfaces tend to absorb large
amount of solar radiation during daytime and to release it as radiant
heat at night, due to the thermal and radiation properties of common

building and pavement materials. Moreover, urban surface roughness
reduces wind speed and inhibits heat dissipation, loss of vegetated area
reduces the cooling through evapotranspiration, and anthropogenic
heat released from traffic or building HVAC systems further warms the
environment in street canyons. Heat islands could be classified into
three types: canopy layer heat island, boundary layer heat island and
surface heat island. The first two refer to warming of urban atmosphere
at different vertical scales, which can be directly measured by ther-
mometers. Surface heat island refers to the warming of urban surfaces,
which is often measured by remote sensors mounted on satellites or
aircrafts [4]. In this work, focus is on the air temperature in urban
canopy layer, as it directly affects human's outdoor comfort and space
heating and cooling loads in buildings.

Prediction of the temporal or spatial variations of air temperature
received great research interests in recent decades. Grimmond et al. [5]
reviewed the existing approaches to predict air temperature or UHI

https://doi.org/10.1016/j.buildenv.2017.11.013
Received 11 September 2017; Received in revised form 8 November 2017; Accepted 8 November 2017

∗ Corresponding author.
E-mail address: bdgtong@nus.edu.sg (S. Tong).

Building and Environment 127 (2018) 239–249

Available online 10 November 2017
0360-1323/ © 2017 Elsevier Ltd. All rights reserved.

MARK

http://www.sciencedirect.com/science/journal/03601323
https://www.elsevier.com/locate/buildenv
https://doi.org/10.1016/j.buildenv.2017.11.013
https://doi.org/10.1016/j.buildenv.2017.11.013
mailto:bdgtong@nus.edu.sg
http://dx.doi.org/10.1016/j.buildenv.2017.11.013
http://crossmark.crossref.org/dialog/?doi=10.1016/j.buildenv.2017.11.013&domain=pdf


effect, which include numerical and statistical approaches. One of the
numerical approaches is microscale computational fluid dynamics
(CFD) modelling [6]. Some commercial programs were developed and
used to predict air temperature at a particular location [7,8], such as
Envi-MET [9] or ANSYS Fluent [10]. However, the accuracy of CFD
simulation depends on the selection of turbulence and radiation
models, as well as the definition of boundary conditions, for which
detailed information is often not available. Furthermore, the scope of
CFD model is spatially and temporally limited due to ijts high compu-
tational cost [11]. Another numerical approach is the urban land-sur-
face parameterization. This approach splits the urban surface into
several volumes, where energy balance models are applied to each of
them to predict the heat fluxes between urban surfaces and atmosphere.
The developed models are classified in a number of ways including
which fluxes they actually calculate [12,13]. More than 40 models were
developed to predict the effect of various urban features on urban cli-
mate, including surface morphology, presence of impervious materials,
vegetation cover and anthropogenic heat. Some urban climate models
were capable of predicting air temperature and other meteorological
variables at different layers [12]. One of the major shortcomings of
these models is the complexity of both numerical simulation method
and the physical concept used, such as fluid dynamics, radiation, con-
vection and conduction principles [14].

The statistical approach is to develop empirical models for air
temperature or UHI effect prediction, based on field measured weather
data and Geographical Information System (GIS) analysis. In 2002,
Svensson et al. [15] presented a GIS based empirical model to simulate
the air temperature variations in Goteborg, Sweden. Empirical models
were proposed to predict air temperature and wind speed on clear and
cloudy nights at seven types of areas, considering the effects of clouds,
topography and distance from coast. In 2007, Kruger and Givoni [16]
studied the impact of land use on air temperature during winter in
Curitiba, Brazil. Air temperatures at seven sites within the city were
monitored for one month, and the land use pattern at each site was
quantified using five indexes, namely water area, built area, free area,
paved area and green area. Formulas were developed to correlate the
maximum, minimum and average air temperatures at each site to
weather data collected at a reference meteorological station. However,
the developed models could not be used to predict the air temperature
at other locations. In 2009, Jusuf and Wong [17] developed empirical
models to predict the daily maximum, minimum and average air tem-
peratures in tropical climate of Singapore. The independent variables
included both weather parameters and morphology parameters, such as
percentage of pavement area, average height to building area ratio,
wall surface area, green plot ratio (GnPR), Sky View Factor (SVF) and
average surface albedo. The developed models could predict both
spatial and temporal temperature variations in summer and tropical
areas. Yokobori and Ohta [18] studied the UHI intensities throughout
the year in a suburb of Tokyo, Japan, using mobile traverses to monitor
the ambient air temperature. A negative linear relationship was found
between daytime/nighttime air temperatures on sunny days and the
percentage of vegetated area, but no correlation equation was pro-
posed. Hove et al. [19] studied the dependency of intra-urban UHI
variability on urban land-use and geometric characteristics under the
calm and cloudless weather conditions in Rotterdam agglomeration,
Netherland. The daily maximum UHI in summer was correlated to in-
dividual urban morphology indicator, such as building surface fraction,
impervious surface fraction, green surface fraction, open water fraction,
SVF and mean building height. Bernard et al. [14] explained the UHI
intensity variations all along the year in three west France cities by
wind speed and nebulosity values after sunset. They concluded that UHI
variations were mainly driven by Normalized Difference Vegetation
Index (NDVI) value during spring and summer seasons, and by building
density or surface density during colder seasons. Giridharan et al. [20]
studied the nocturnal UHI in urban residential areas in Hong Kong. It
was found that variables such as SVF, surface albedo, height-to-floor

area ratio and altitude were capable of explaining the nocturnal UHI
with an explanatory power of 0.8. Mills [21] assessed the role of
building group configuration in controlling the heating and cooling
abilities of structures, and SVF was utilized as an indicator of nighttime
cooling potential. It was revealed that the ratio of surface envelope area
to floor area (SA/FA) in neighborhood had a high correlation with the
midnight air temperature in summer and winter. Compared to numer-
ical models, empirical models provide a faster prediction on the spatial
and temporal variations of air temperature, but the impact of anthro-
pogenic heat is often neglected. However, empirical models are only
applicable to air temperature prediction at a certain height where the
field measured data is collected, and at locations under similar climate
conditions.

Currently, few studies were reported on the correlation between air
temperature and urban morphology parameters in cities located in
northern China. This study focused on the prediction of air temperature
on sunny, calm and clear days during both summer and winter.
Moreover, the developed models were capable of estimating the air
temperature variations both spatially and temporally, and thus could be
used to predict the air temperatures at other locations in the city. In the
future, the developed models could be used to propose urban design
codes that consider human comfort in the studied area.

2. Objectives and scope of work

The objective of this study was to find the relationship between air
temperature and urban morphology in the built environment in
northern China during both summer and winter seasons. Empirical
models were proposed to predict the variations of air temperature on a
microscale both temporally and spatially, which was realized by con-
ducting the following works.

• Continuous field measurement at 46 points in the studied area to
collect the microclimatic weather conditions at 2.5-m height for 1.5
years;

• Development of three-dimensional (3D) GIS model of the studied
area and extraction of urban morphology parameters;

• Development of empirical models to correlate the air temperature at
2.5-m height with the urban morphology parameters and weather
parameters collected at a nearby meteorological station;

• Parametric analysis to quantify the impact of urban morphology on
air temperature.

The developed empirical models could be used to propose design
codes for future urban planning efforts that consider human comfort in
the studied area.

3. Study area

In this work, the studied area of a total area of 7.9 km2 is part of
urban development of Sino-Singapore Tianjin Eco-city (SSTEC) in
Tianjin, China. SSTEC is a collaborative project between governments
of Singapore and China since 2007 [22]. According to Koppen-Geiger
climate classification, the climate in Tianjin is categorized as hot
summer humid continental climate [23]. The monthly average tem-
perature over the years dropped to −4 °C in January and soared up to
26.8 °C in July in Tianjin based on meteorological data from 1970 to
2000 [24].

4. Methodology

4.1. Microclimate monitoring

In January 2015, 46 weather stations were set up to measure the
outdoor weather conditions in the studied area. Locations of measure-
ment points were selected to represent various urban morphology
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contexts, such as residential, commercial, roads, and recreational areas.
These points were deployed away from significant sources of anthro-
pogenic heat. As shown in Fig. 1 (a), sensors were installed at 2.5-m
high to measure the air temperature, relative humidity (RH), wind
speed and wind direction at 5-min interval from Jan 28 in 2015 to Jul
15 in 2016. Temperature and RH sensors were protected from rain and
solar radiation using weather shield (Brand: Onset). The impacts of
weather shield on the measured air temperature and relative humidity
results need to be further investigated. All the sensors were new ones
and calibrated before the measurement started. The sensors were re-
calibrated in April of 2016 to ensure that the errors were negligible
within 0.5 °C. Specifications of temperature, RH, wind speed and wind
direction sensors are given in Table 1. Solar panel was installed as well
to provide electricity power to sensors.

Besides, reference meteorological data was collected concurrently at
a nearby meteorological station. Hourly solar radiation, air tempera-
ture, RH and precipitation at ground level of 2-m were measured, and
hourly wind speed and wind direction at 10-m were measured si-
multaneously. Reference meteorological data was later used as weather
parameters in the development of temperature prediction models.

4.2. Landscape survey

A landscape survey and mapping was conducted in March of 2016
to identify the greenery conditions near 46 measurement points. In 50-
m vicinity of each weather station, the areas of turfing and shrub, as
well as the locations of trees were mapped, as shown in Fig. 2. More-
over, fish-eye lens pictures were taken at each weather station facing
the sky during both summer and winter, as shown in Fig. 1 (b) and (c),
in order to calculate the SVFs at each measurement point.

4.3. Weather data selection for analysis

The focus of this study is on the impact of urban morphology on air
temperature during summer and winter, which is most evident on the
days with fairly clear, calm and sunny weather conditions [17]. It is
thus reasonable to select these days from the measurement period for
data analysis and model development.

Based on long-term observation, our collaborators in Tianjin
Climate Center recommended the criteria of typical summer day with
average temperatures above 22 °C, and typical winter day with average

temperature below 10 °C. According to a previous study [25], the fairly
clear and calm days were selected, and the rainy and cloudy days were
excluded for regression analysis. The criterion that requires bell-shaped
hourly solar radiation and air temperature profiles was proposed to
exclude the cloudy days.

The following criteria were proposed to select typical summer days.

• Daily maximum solar radiation larger than 800 W/m2;

• Daily average temperature higher than 22 °C;

• No rain and daily average wind speed less than 3 m/s;

• Both hourly temperature and hourly solar radiation show a bell-
shape profile.

The weather conditions on typical winter days should satisfy all of
the following criteria.

• Daily maximum solar radiation lower than 900 W/m2;

• Daily average temperature lower than 10 °C;

• No rain;

• Both the hourly temperature and hourly solar radiation show a bell-
shape profile.

4.4. Analysis of urban morphology

It was assumed in this work that air temperature was influenced by
the urban morphology within an area of 50-m radius [26]. With this in
mind, a model was developed in ArcGIS, to represent the urban mor-
phology of the studied area especially near 46 measurement points, as
illustrated in Fig. 3. The model consisted in the geographical informa-
tion of building footprint, road and river, which was derived from the

Fig. 1. (a) Example of installed weather station, and fish-eye pictures taken in (b) summer and (c) winter.

Table 1
Specifications of sensors used in field measurement.

Parameter Temperature RH Wind Speed Wind direction

Range −30 °C −70 °C 0-100% 0-70 m/s 0–360°
Accuracy ± 0.2 °C ± 3% ±0.5% ±0.5%
Resolution 0.1 °C 0.1% 0.1 m/s 0.1%

Fig. 2. Example of landscape mapping of 50-m radius area near the weather station.
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master plan map of SSTJC. Building heights were estimated based on
the number of building levels labeled in master plan, assuming that
each floor is 3-m high. In addition, greenery information collected in
landscape survey was added in the model to represent the greenery
conditions.

Based on urban model implemented in ArcGIS, the following mor-
phology parameters at 46 weather stations were extracted:

• BDG: percentage of building area over 50-m radius area;

• PAVE: percentage of pavement area over 50-m radius area;

• HBDG: ratio of height of building to percentage of building area, in
m;

• WALL: total wall surface area, in m2;

• WATER: percentage of water body area over 50-m radius area;

• SVF: sky view factor;

• GnPR: green plot ratio.

In particular, HBDG represents the thermal mass of the environment
within the 50-m radius influence area. HBDG is the ratio of average
building heights over the percentage of building footprint. GnPR is
defined as the area-weighted average leaf area index (LAI) of greenery
on a site, proposed by Ong [27] as an architectural and planning metric
for greenery in cities and buildings. LAI is the one-sided area of leaf
tissue per unit ground surface that a plant occupies [28]. In this work,
GnPR was calculated using Equation (1) [28,29].

=

=
× + +

× ×

GnPR

Tree No LAI πR LAI Area LAI Area
π

total leaf area
site area

. .
50 50

Tree crown
2

Shrub Shrub Turfing Turfing

(1)

Where Tree.No. is the number of tress in 50-m radius, LAITree,

LAIShrub and LAITurfing are LAI of trees, shrub and turfing respectively,
Rcrown is the estimated average radius of tree's crown and set to 0.5 m,
and AreaShrub and AreaTurfing are the areas of shrub and turfing within
50-m radius influence area.

4.5. Regression analysis for model development

Multiple regression analysis was used to develop temperature pre-
diction models for both summer and winter seasons. In regression
analysis, dependent variables were the predicted air temperatures, and
independent variables include weather parameters collected at the re-
ference meteorological station as well as the urban morphology para-
meters.

At first, independent variables (weather parameters and urban
morphology parameters) exhibiting a strong linear correlation with the
dependent variable (predicted air temperature) were selected for model
development. A strong linear correlation was determined if the Pearson
correlation coefficient between the two variable is larger than 0.7 and
the p-value denoted by Sig. (2-tailed) is smaller than 0.05. Secondly, the
linear relationship among the independent variables was evaluated. If
the Pearson correlation coefficient between two selected independent
variables was larger than 0.7, they were considered to be self-depen-
dent and cannot be selected together for model development. After that,
suitable models were proposed using multiple linear analysis to predict
the relationship between air temperature and selected independent
variables. The best model was chosen using the criteria that the R-
squared of model was the largest, and the regression coefficient of each
selected independent variable must exhibit similar trend as the Pearson
correlation coefficient, namely the two coefficients had the same sign.

For dependent variables, air temperatures collected at 46 weather
stations on selected summer and winter days were checked to exclude
those points with outliers or null values from analysis. Subsequently,
hourly air temperatures were calculated for selected points on selected
days. Representative air temperature values, namely the daily max-
imum temperature (Tmax), daily minimum temperature (Tmin), daily
average temperature (Tavg), average temperature during daytime
(Tavg-day) and average temperature during nighttime (Tavg-night),
were further extracted or calculated. Therefore, a total number of 10
models were developed to predict Tmax, Tmin, Tavg, Tavg-day and
Tavg-night during summer and winter respectively. In this work, day-
time referred to a period in a day with hourly solar radiation higher
than 10 W/m2, and nighttime referred to a period with hourly solar
radiation lower than 10 W/m2.

For independent variables, weather predictors were generated based
on climate data collected at nearby meteorological station on selected
summer and winter days. The weather predictors included re-
presentative values of solar radiation, air temperature, RH and wind
speed. As discussed in Section 4.4, urban morphology predictors were
extracted from the GIS model.

In model development, Pearson analysis was firstly carried out to
identify and discuss the behavior of model variables, by examining the
regression coefficient of each independent variable with dependent
variable. Not all the independent variables were significantly correlated
to air temperature, although some influence might be suggested. Only
variables with 2-tailed significances of less than 0.05 with the predicted
temperature were considered as significantly correlated and selected for
model development.

5. Results and discussion

5.1. Selected weather data

In adherence to the stipulated criteria described in Section 4.3, 51
typical summer days and 25 typical winter days were selected. It was
observed that fewer typical winter days were selected than summer
days. This was due to the fact that some weather stations were found

Fig. 3. Illustration of 3D GIS model of studied area.
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with no readings or extremely unstable readings from November of
2015 to April of 2016. The selected dates in each season were randomly
subdivided into two groups, which were used for model development
and validation respectively. As listed in Table 2, 39 summer days and
19 winter days were selected for model development, and another 11
summer days and 6 winter days were selected for model validation.

5.2. Urban morphology parameters

Urban morphology parameters BDG, PAVE, HBDG, WALL and
WATER were calculated for each measurement point using spatial
analysis tools in ArcGIS. SVFs at measurement points were estimated
using the computer program RayMan [30] to analyze the fish-eye lens
pictures taken in summer and winter. The LAI of trees were assumed to
be 2 in summer and 0.5 in winter, based on the observations in land-
scape survey and a reference book giving the LAI of different trees [28].
Moreover, the LAI of shrub and turfing were assumed to be 2 and 1 in
both seasons. The calculated results of urban morphology parameters
were presented in Appendix A.

5.3. Correlations for summer temperature prediction

Based on the measured data on selected summer days listed in
Table 2 (a), the following Equations (2–6) were developed to predict
Tavg-day, Tavg-night, Tavg, Tmax and Tmin in summer respectively.

Equation (2) shows that Tavg-day in summer is correlated to day-
time average temperature at meteorological station (Ref Tavg-day), the
minimum relative humidity (RHmin), average wind speed (WINDavg)
and WALL.

Tavg-day = 1.111 + 0.994 Ref Tavg-day − 0.01 RHmin (%) − 0.228
WINDavg − 3.06 E-5 WALL(m2)

R2 = 0.957, F = 8318.391, Standard Error = 0.49476 (2)

Equation (3) shows that Tavg-night in summer is linearly correlated
to the nighttime average temperature at meteorological center (Ref
Tavg-night), nighttime average wind speed (WINDavg-night), WALL,
SVF and GnPR.

Tavg-night = 0.561 + 1.040 Ref Tavg-night − 0.216 WINDavg-
night + 3.354 E-5 WALL (m2) − 0.099 SVF − 1.012 GnPR

R2 = 0.964, F = 8047.841, Standard Error = 0.47594 (3)

Equation (4) shows a strong linear relationship between Tavg and
the daily average temperature at meteorological center (Ref Tavg),

WINDavg and SVF.

Tavg = 0.359 + 1.022 Ref Tavg − 0.134 WINDavg − 0.551 SVF

R2 = 0.976, F = 20580, Standard Error = 0.37278 (4)

Equation (5) shows that Tmax is linearly correlated to the daily
maximum temperature at meteorological station (Ref Tmax), average
solar radiation (SOLARavg), WINDavg, average relative humidity
(RHavg), BDG and WALL.

Tmax = 0.413 + 1.027 Ref Tmax + 0.006 SOLARavg − 0.668
WINDavg − 0.009 RHavg − 1.123 BDG − 3.126 E-5 WALL (m2)

R2 = 0.953, F = 2492.089, Standard Error = 0.7877 (5)

Equation (6) shows that Tmin is correlated to the daily minimum
temperature at meteorological station (Ref Tmin), nighttime average
wind speed (WINDavg-night), WALL, SVF and GnPR.

Tmin = 2.160 + 0.987 Ref Tmin − 0.207 WINDavg-night + 3.747 E-5
WALL (m2) − 0.164 SVF − 1.399 GnPR

R2 = 0.948, F = 5456.633, Standard Error = 0.670 (6)

Equations (2–6) were validated against the temperatures measured
on the summer days listed in Table 2 (b). Box plots in Fig. 4 depict the
differences between the predicted and measured Tavg-day, Tavg-night,
Tavg, Tmax and Tmin respectively. In box plot, the black line in the
middle of box is the median of evaluated values, and the bottom and
top of box indicate the 25th and 75th percentile respectively. The T-
bars that extend from the box are inner fences, between which 95% of
values falls.

As shown in Fig. 4, the median of all the differences between the
predicted and measured five temperatures were close to 0, and 95% of
differences were within the range of −1.5°C–2°C. In addition, more
than 50% of temperature differences fell within the range of
−0.5°C–0.5 °C, except for Tmax prediction. In addition, the accuracies
of these estimations was evaluated by the index of normalized root
mean square error (NRMSE) using Equation (7), which is defined as the
ratio between the root mean square error RMSEi (calculated from pre-
dicted temperature) and RMSEi=ref (calculated considering that each
station is at the reference temperature value) [14].

= =
∑ ∑ −

∑ ∑ −=

NRMSE RMSE
RMSE

T j T j

T j T

( ( ) ( ))

( ( ) )
i

i ref

Nd Ns
mea i est i

Nd Ns
mea i ref i

1 1 , ,
2

1 1 , ,
2

(7)

Table 2
Selected summer and winter days for model development and validation.

(a) 39 days for model development in
summer

(b) 11 days for model validation in
summer

Apr 2015 25, 26, 27 May 2015 13, 24
May 2015 17, 22, 23, 25, 26, 27 Jun 2015 2, 12
Jun 2015 5, 7, 8, 16 Jul 2015 7, 11
Jul 2015 6, 8, 9, 10, 12, 25 Aug 2015 10, 20
Aug 2015 9, 12, 13, 15, 22 Sep 2015 16
Sep 2015 3, 13, 17, 18, 19 Jun 2016 2, 16
Jun 2016 4, 6, 9, 25, 29
July 2016 2, 5, 6, 10, 13

(c) 19 days for model development in
winter

(d) 6 days for model validation in winter

Jan 2015 28, 29, 30 Jan 2015 31
Feb 2015 1, 3, 4, 6, 8, 10, 13, 16, 25,

26
Feb 2015 5, 11, 22

Mar 2015 1, 5, 6, 10, 18 Mar 2015 2, 17
Apr 2015 4

Fig. 4. Validation of temperature prediction models in summer.
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where T j( )mea i, and T j( )est i, are the measured and predicted air tem-
peratures at station j on day i, and Tref i, is the observed air temperature
at reference point on day i, Nd and Ns are the number of days and
stations used in model validation. The lower the NRMSE, the better the
performance of the model. When the NRMSE is lower than 1, it is more
accurate to use the developed model to estimate air temperature than
assuming that the whole urban area is at the same temperature as the
reference station. The calculated results showed that the NRMSE were
0.92, 0.62, 0.74, 0.80 and 0.68 for Tavg-day, Tavg-night, Tavg, Tmax
and Tmin predictions in summer respectively. All the NRMSE were less
than 1, and performance of Tavg-night and Tmin models had the lowest
NRMSE and best performance.

5.4. Correlations for winter temperature prediction

Similarly, five models were developed to predict Tavg-day, Tavg-
night, Tavg, Tmax and Tmin in winter, as shown in Equations (6-11).

Equation (8) shows that there is a strong linear relationship between
Tavg-day and the daytime average air temperature at meteorological
station, Ref Tavg-day.

Tavg-day = 0.580 + 0.991 Ref Tavg-day

R2 = 0.989, F = 72518.63, Standard Error = 0.378 (8)

Equation (9) shows that Tavg-night is linearly correlated to Ref
Tavg-night at meteorological station, daily maximum relative humidity
(RHmax), WINDavg-night, SVF, BDG, PAVE, WALL and HBDG.

Tavg-night = 0.934 + 0.999 Ref Tavg-night + 0.002 RHmax
(%) − 0.792 SVF − 0.179 WINDavg-night + 1.257 BDG + 0.437
PAVE + 1.112 E-5 WALL(m2) + 0.027 HBDG

R2 = 0.986, F = 7316.84, Standard. Error = 0.3949 (9)

Equation (10) shows that Tavg is linearly correlated to the Ref Tavg
at meteorological station, WINDavg and SVF.

Tavg = 1.546 + 0.999 Ref Tavg − 1.138 SVF − 0.076 WINDavg

R2 = 0.992, F = 33148.36, Standard Error = 0.314 (10)

Equation (11) shows that Tmax is linearly correlated to Ref Tmax
and SOLARmax at meteorological station.

Tmax = 0.341 + 0.98 Ref Tmax + 0.001 SOLARmax

R2 = 0.987, F = 31405.78, Standard Error = 0.458 (11)

Equation (12) shows that Tmin is linearly correlated to Ref Tmin,
WINDavg, WALL, SVF and GnPR.

Tmin = 2.641 + 0.977 Ref Tmin− 0.266WINDavg + 2.418 E-5WALL
(m2) − 1.636 GnPR

R2 = 0.976, F = 6586.45, Standard Error = 0.53324 (12)

Equations (7-12) were validated against the temperatures measured
on the winter days listed in Table 2 (d). Box plots in Fig. 5 depict the
differences between predicted and measured temperatures, for Tavg-
day, Tavg-night, Tavg, Tmax and Tmin in winter respectively. It is
found that the median of evaluated differences were very close to 0 for
the prediction of average temperatures, namely Tavg-day, Tavg-night
and Tavg predictions. In addition, more than 50% of differences were
within the range of −0.5°C–0.5 °C, and 95% of differences fall into the
range of −1.1°C–0.9 °C in Tavg-day, Tavg-night and Tavg predictions.
However, Equation (11) slightly overpredicts Tmax by 0.2 °C, while
Equation (12) underpredicts Tmin by 0.5 °C on average. The larger
variance in Tavg-day and Tavg-night predictions might be explained by
the fact that the maximum and minimum temperatures are harder to
predict due to their larger fluctuations. Moreover, the calculated

NRMSE were 0.47, 0.65, 0.47, 0.59 and 0.70 for Tavg-day, Tavg-night,
Tavg, Tmax and Tmin predictions in winter respectively. All the NRMSE
were less than 1, indicating that developed models could estimate the
air temperatures more accurately than using the same temperature as
the reference station for the whole urban area.

5.5. Discussion

In summer, it is observed from Equations (2–6) that all the air
temperatures exhibit a positive correlation to the temperature and solar
radiation at reference meteorological station, and negative correlation
to RH, wind speed, SVF and GnPR. During daytime, the more building
area percentage and wall area is, the lower air temperature is. This
might because that the high buildings block the solar radiation, and
thus less heat is absorbed at the ground level. At night, air temperature
is mostly affected by SVF and greenery. A higher SVF means the en-
vironment is more open to sky and helps to dissipate heat from built
surfaces to the sky. Higher GnPR means there is a larger tree leaf area
per unit land area and a smaller area of concrete surfaces and buildings,
which contributes to less radiant heat and lower air temperature at
night.

In winter, it is observed from Equations (8-12) that the air tem-
peratures during the daytime (Tmax and Tavg-day) were only corre-
lated to weather data at the reference meteorological center, but not
correlated to urban morphology parameters. One possible reason is
that, anthropogenic heat becomes a more influential factor under cold
weather conditions, which mitigates the impacts of studied urban
morphology parameters. At night, similar to the pattern in summer,
higher SVF and higher GnPR contribute to lower air temperatures at
night. Moreover, the more pavement and building wall areas, the
higher air temperature is, due the heat released from built materials.

In general, the correlations between air temperatures and urban
morphology parameters in winter are weaker than those in summer,
which agrees with the findings in a previous study on the UHI in-
tensities in the Yangtze River Delta Urban Agglomeration in China [31].
It was reported that the UHI intensity was the strongest in summer,
followed by autumn, spring and winter, and the daytime UHI intensity
was higher than the nighttime UHI intensity.

6. Parametric study

In this section, parametric study was conducted to quantify the
impact of urban morphology variables on air temperature during
summer and winter seasons based on developed correlations. The

Fig. 5. Validation of temperature prediction models in winter.
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results from parametric study provide scientific support to urban
planners while proposing future urban design codes that consider
human comfort in this area.

An ideal type of street layout was used to simplify the variation of
building, pavement and greenery distributions, as illustrated in Fig. 6.
Two typical scenarios of street layout model were considered, and the
variations of variables were given in Table 3. The ranges of building
levels and pavement width were designed in accordance with the real
conditions in the studied area. Based on master plan and field survey, it
was observed that the number of building stories varied from 1 to 42,
pavement width varied from 16 m to 41 m and GnPR varied from 0 to
2.5 in the studied area. Besides, the change of GnPR depends on the LAI
of species and numbers of the plants within a fixed surface area of 50-m
radius. Only the increase of GnPR due to trees was considered.

In addition, the monthly weather data collected at a reference me-
teorological station in January and July were summarized in Table 4,
and used as weather parameters in parametric study.

The impact of urban morphology on air temperature was analyzed
and described in following sections. The analysis was restricted to the
prediction of air temperature in street layout as illustrated in Fig. 6, and
under the summer and winter weather conditions given in Table 4. The
developed models could be utilized to study the impact of urban mor-
phology under other climatic conditions following the same metho-
dology.

6.1. Impact of building height and pavement width

Under street layout Model 1, the impacts of varying the number of
building levels from 2 to 40 and pavement width from 15 m, 25 m,

35 m–45 m on air temperature in summer and winter were analyzed.

6.1.1. Summer
As shown in Fig. 7, Tmax decreases linearly with the increase in

number of building levels for all the pavement widths in summer. Every
addition of 10-m building height reduces Tmax by 0.05 °C, and every
increment of 10-m pavement width increases Tmax by 0.15 °C on
average.

From Fig. 8, it is found that Tmin increases gradually with the
higher buildings for all the pavement widths in summer. The impact of
building height on Tmin is slightly more evident in the narrower streets.

Fig. 6. Sketch of street layout model for parametric study.

Table 3
Street layout model scenarios in parametric study.

Scenarios Model 1 Model 2

Parameters No. of building levels (each
storey of 3 m)

1–40 1–40

Pavement width (W) 15 m, 25 m, 35 m,
45 m

35 m

Greenery strips width 5 m 5 m
GnPR 1.5 0.5, 1, 1.5, 2,

2.5

Table 4
Set of weather parameters in winter and summer.

Weather parameters Summer Winter

SOLARavg (W/m2) 260.64 110.97
SOLARmax (W/m2) 821.94 497.30
Ref Tavg-day (°C) 27.89 0.98
Ref Tavg-night (°C) 24.77 −1.33
Ref Tavg (°C) 26.59 −0.47
Ref Tmax (°C) 29.48 2.82
Ref Tmin (°C) 23.86 −3.26
Ref RHavg (%) 67.61 47.7
Ref RHmax (%) 81.29 57.87
Ref RHmin (°C) 54.19 34.42
Ref WINDavg-night (m/s) 1.21 1.25
Ref WINDavg (m/s) 1.60 1.48

Fig. 7. Variation of Tmax with number of building levels and pavement width in summer.

Fig. 8. Variation of Tmin with number of building levels and pavement width in summer.
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Addition of every addition of 10-m building height increases Tmin by
0.08 °C on average. The impact of pavement width on Tmin is minimal.
The temperature difference in Tmin between urban setting with pave-
ment width of 15 m and that of 45 m is only 0.19 °C, when the number
of building levels is kept at 40.

The variation of Tavg-day with building height and pavement width
is shown in Fig. 9. Tavg-day is 27.9 °C for all the urban settings with 2
levels of buildings, regardless of the pavement width. When the number
of building levels increases from 2 to 40, Tavg-day reduces by 0.7 °C,
0.65 °C, 0.6 °C and 0.4 °C for the pavement width of 15 m, 25 m, 35 m
and 45 m respectively.

The trend is reversed for Tavg-night compared to Tavg-day, as
shown in Fig. 10. When the number of building levels increases from 2
to 40, Tavg-night increases by 0.83 °C, 0.78 °C, 0.73 °C and 0.63 °C, for
the streets with pavement width of 15 m, 25 m, 35 m and 45 m re-
spectively. It is demonstrated that Tavg-night increases more sig-
nificantly in narrower street canyons with smaller SVFs.

The variations of Tavg with building height and pavement width are
illustrated in Fig. 11. Tavg firstly increases quickly when the number of
building levels increases from 2 to 20, and Tavg is almost stabilized
after the number of building levels increases beyond 20. It is shown that
Tavg is higher in streets with narrower width.

6.1.2. Winter
Fig. 12 illustrates the variation of Tavg with the number of building

levels and pavement width in winter. When the number of building

levels is 2, the predicted Tavg are almost the same at - 0.1 °C, for urban
settings with different pavement widths. Tavg increases rapidly when
the number of levels increases from 2 to 18, and the increments be-
comes minimal when the number of building levels is beyond 22. It is
observed that Tavg reduces by 0.1 °C on average with every 10-m in-
crease in pavement width.

The variations of Tmin with the number of building levels and pa-
vement width in winter are illustrated in Fig. 13. When the number of
levels increases from 2 to 40, Tmin increases on average by 1.44 °C for

Fig. 9. Variation of Tavg-day with number of building levels and pavement width in
summer.

Fig. 10. Variation of Tavg-night with number of building levels and pavement width in
summer.

Fig. 11. Variation of Tavg with number of building levels and pavement width in
summer.

Fig. 12. Variations of Tavg with number of building levels and pavement width in winter.

Fig. 13. Variations of Tmin with number of building levels and pavement width in winter.
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the four pavement widths. Tmin decreases by 0.4 °C on average when
the pavement width increases from 15 m to 40 m.

The variations of Tavg-night with the number of building levels and
pavement width in winter are shown in Fig. 14. Tavg-night gradually
increases with larger number of building levels, and an increment of
0.83 °C is observed when the number of building levels increases from 2
to 40. Moreover, Tavg is reduced by 0.16 °C on average with every 10-
m increase in pavement width.

It is observed in Figs. 12 and 14 that the predicted Tavg and Tavg-
night do not increase smoothly with the increase in the number of
building levels in some cases. For example, Tavg in winter is almost
stable when the number of building levels increases from 26 to 34, and
Tavg-night in winter shows some fluctuations when the number of
building levels increases from 24 to 28. This strange behavior was
caused by the inaccuracy in SVF calculation. Ideally, SVF decreases
gradually with the increase of building height. However, when the
building height increases beyond certain value, it was found that the
calculated values of SVF do not show a smooth decrease and exhibit
some minor fluctuations, which further affects the calculated tem-
peratures. Therefore, it is desirable to adopt a more accurate algorithm
to predict the SVF in narrow street canyons in the future.

6.2. Impact of GnPR

The impacts of greenery on air temperatures during both summer
and winter are evaluated as well under urban Model 2.

Variations of Tavg-night with GnPR and the number of building
levels in summer are demonstrated in Fig. 15. Tavg-night rises linearly
with the increase in building heights for all the GnPR values. It is ob-
served that urban settings with higher GnPR values have relatively
lower Tavg-night, due to the evaporative cooling effect of greenery. For
urban settings with the same building height, increasing GnPR by 0.5
could reduce Tavg-night by 0.5 °C approximately.

Similar to Tavg-night, Tmin also increases linearly with higher
buildings in summer, as shown in Fig. 16. Tmin increases by 0.87 °C for
all the GnPRs when the number of building levels increases from 2 to
40. Moreover, every 0.5 increase in GnPR could reduce Tmin by 0.5 °C
on average.

The impacts of building heights and GnPR on Tmin in winter are
also investigated. It is noticed that when the number of building levels
increases from 2 to 40, Tmin in winter increases by 1.5 °C for all the
GnPRs, which is more evident than the increment of 0.87 °C in Tmin in
summer. For buildings with the same height, Tmin reduces by around
1 °C with every 0.5 increase in GnPR, as shown in Fig. 17.

7. Conclusion

In this work, empirical models were developed to predict the mi-
croscale air temperatures variations both spatially and temporally. The
predicted temperatures include Tavg-day, Tavg-night, Tavg, Tmax and
Tmin during both summer and winter seasons in northern China. The
developed models were validated against measured data with satisfac-
tory agreement, so that they provide a fast and accurate way to predict

Fig. 14. Variations of Tavg-night with number of building levels and pavement width in
winter. Fig. 15. Variation of Tavg-night with number of building levels and GnPR in summer.

Fig. 16. Variation of Tmin with number of building levels and GnPR in summer.

Fig. 17. Variations of Tmin with number of building levels and GnPR in winter.
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the impact of urban morphology on air temperatures in the similar
temperate climate.

Parametric study was subsequently conducted to study the impact of
urban morphology on air temperature in summer and winter under a
given set of assumptions. In summer, it is found that the increase in the
number of building levels and reduction in pavement width could lower
Tmax and Tavg-day and increase Tavg, Tmin and Tavg-night. Moreover,
increasing GnPR by 0.5 could lower Tmin and Tavg-night at night by
0.7 °C and 0.5 °C respectively. In winter, only Tavg, Tmin and Tavg-
night are affected by urban morphology parameters, all of which in-
crease with taller buildings and narrower street width. Increasing GnPR
also contributes to reducing Tmin at night.

There are some limitations in this work. The work mainly focused
on the typical summer and winter days in Tianjin, China, thus the de-
veloped correlations are only applicable to urban areas with similar
climate and on the sunny, calm and clear summer or winter days.
Moreover, the impact of anthropogenic heat on ambient temperature
was not considered. Further studies would be conducted to investigate

the impact of anthropogenic heat on ambient air temperature.
Furthermore, the measured data could be split into two samples based
on sites, to estimate both the spatial and temporal variations of devel-
oped models.
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Appendix A. Urban morphology predictors at 46 measurement points

No. BDG PAVE HBDG (m) WALL (m2) WATER Summer Winter

SVF GnPR SVF GnPR

1 0.000 0.137 0.000 0 0.000 0.590 0.881 0.905 0.450
2 0.000 0.166 0.000 0 0.000 0.909 0.872 0.945 0.455
3 0.148 0.537 0.624 2886 0.000 0.398 0.361 0.744 0.204
4 0.276 0.415 0.987 3356 0.000 0.477 0.335 0.686 0.180
5 0.000 0.302 0.000 0 0.000 0.413 0.798 0.681 0.449
6 0.000 0.281 0.000 0 0.000 0.576 0.747 0.729 0.387
7 0.052 0.338 4.212 1076 0.000 0.593 0.681 0.870 0.376
8 0.000 0.454 0.000 0 0.000 0.544 0.659 0.805 0.386
9 0.122 0.429 0.827 298 0.000 0.635 0.509 0.848 0.285
10 0.159 0.383 2.183 4396 0.000 0.470 0.672 0.684 0.443
11 0.000 0.505 0.000 0 0.000 0.460 0.544 0.766 0.296
12 0.180 0.715 1.041 2066 0.000 0.611 0.200 0.730 0.148
13 0.450 0.433 0.599 3994 0.000 0.686 0.117 0.684 0.059
14 0.082 0.509 7.479 13158 0.000 0.535 0.554 0.654 0.349
15 0.180 0.318 2.666 13710 0.000 0.606 0.584 0.615 0.333
16 0.104 0.400 4.104 9920 0.000 0.694 0.584 0.745 0.337
17 0.072 0.294 4.400 4246 0.000 0.702 0.746 0.785 0.429
18 0.000 0.146 0.000 0 0.000 0.562 0.942 0.776 0.515
19 0.129 0.192 0.527 781 0.000 0.623 0.729 0.853 0.390
20 0.000 0.169 0.000 0 0.000 0.808 0.907 0.915 0.491
21 0.000 0.455 0.000 0 0.000 0.756 0.671 0.904 0.399
22 0.000 0.182 0.000 0 0.000 0.685 0.901 0.936 0.492
23 0.232 0.434 1.764 1134 0.000 0.575 0.408 0.664 0.241
24 0.132 0.278 3.624 4548 0.000 0.607 0.652 0.822 0.357
25 0.000 0.347 0.000 0 0.000 0.652 0.829 0.726 0.503
26 0.100 0.347 3.151 10744 0.000 0.601 0.642 0.671 0.366
27 0.000 0.460 0.000 0 0.000 0.757 0.709 0.901 0.439
28 0.120 0.518 1.873 1439 0.000 0.654 0.458 0.788 0.277
29 0.000 0.550 0.000 0 0.000 0.761 0.597 0.840 0.372
30 0.191 0.150 0.741 766 0.000 0.642 0.659 0.711 0.329
31 0.136 0.480 1.234 2850 0.000 0.593 0.442 0.759 0.251
32 0.000 0.512 0.000 0 0.000 0.756 0.566 0.822 0.322
33 0.305 0.120 0.492 1881 0.000 0.766 0.582 0.774 0.294
34 0.179 0.438 0.895 2255 0.000 0.772 0.391 0.793 0.200
35 0.000 0.061 0.000 0 0.143 0.848 0.821 0.878 0.423
36 0.000 0.070 0.000 0 0.132 0.602 0.821 0.874 0.422
37 0.000 0.080 0.000 0 0.148 0.627 0.941 0.827 0.555
38 0.000 0.077 0.000 0 0.135 0.534 0.895 0.843 0.500
39 0.000 0.065 0.000 0 0.301 0.796 0.782 0.880 0.465
40 0.061 0.540 2.837 1155 0.000 0.466 0.439 0.776 0.239
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41 0.000 0.229 0.000 0 0.000 0.626 0.805 0.821 0.420
42 0.000 0.172 0.000 0 0.000 0.722 0.909 0.774 0.494
43 0.094 0.530 3.581 110 0.000 0.515 0.533 0.721 0.345
44 0.000 0.268 0.000 0 0.000 0.486 0.816 0.799 0.450
45 0.000 0.399 0.000 0 0.000 0.582 0.717 0.799 0.416
46 0.052 0.422 8.581 5122 0.000 0.477 0.693 0.759 0.430
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Nomenclature

BDG: Percentage of building area over a surface area
HBDG: Ratio of height of building to percentage of building area within 50-m radius (m)
GnPR: Green plot ratio
LAI: Leaf area index
PAVE: Percentage of pavement area over a 50 m–radius surface area (%)
Ref Tavg: Daily average temperature at reference point (°C)
Ref Tavg-day: Daily average temperature during daytime at reference point (°C)
Ref Tavg-night: Daily aaverage temperature during nighttime at reference point (°C)
Ref Tmax: Daily maximum temperature at reference point (°C)
Ref Tmin: Daily minimum temperature at reference point (°C)
RHavg: Daily relative humidity at reference point (%)
RHmax: Daily relative humidity at reference point (%)
RHmin: Daily relative humidity at reference point (%)
SOLARavg: Average of daily solar radiation (W/m2)
SOLARmax: Average of daily solar radiation maximum of the day (W/m2)
SVF: Sky view factor
Tavg: Daily average temperature (°C)
Tavg-day: Daily average temperature during daytime (°C)
Tavg-night: Daily aaverage temperature during nighttime (°C)
Tmax: Daily maximum temperature (°C)
Tmin: Daily minimum temperature (°C)
WALL: Total wall surface area over a 50 m–radius surface area (m2)
WINDavg: Daily average wind speed at reference point (m/s)
WINDavg-night: Daily aaverage wind speed during nighttime at reference point (m/s)
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