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Abstract 

The Local Climate Zone (LCZ) classification system provides a standardized framework to 

differentiate neighborhoods for intra-city heat island studies. Yet the thermal contrast of air 

temperatures over different LCZs has not been examined at a continental scale. Using ground-

based meteorological observations in 2016, here we investigated the seasonal thermal 

behaviors of various LCZs over China. Measured air temperatures over studied LCZs are found 

to have strong relations with latitude, altitude, and the distance to coastline. Thermal contrasts 

reduce to less than 1 ℃ in all seasons after removing the signal of background mean air 

temperature determined by geographical conditions. Despite the air temperature variation 

within individual LCZs, results reveal consistent characteristic air temperature regimes of 

LCZs exist at a continental scale. The warmth of built type LCZs is more evident at night, with 

an annual mean air temperature difference of 0.51 ℃ compared to the low plant LCZ. Among 

the studied LCZs, compact mid-rise neighborhoods have consistently high air temperatures 

throughout the year. Comparative analysis suggests that open high-rise neighborhoods are 

preferred over compact mid-rise and low-rise neighborhoods for sustainable city development. 

Our results provide useful guidance for landscape design and planning to create cool cities and 

neighborhoods. 
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Highlights: 

 Seasonal thermal contrast of air temperatures over LCZs is examined at the

continental scale

 The impact of local landscape does not change with geographical conditions

 Air temperature regime has a large variability due to the LCZ classification scheme

 Annual mean air temperature is 0.51 ℃ higher in built type LCZs than in LCZ D



1. Introduction

Land use/land cover conditions have significant impacts on local and regional meteorological 

variables. One of the most evident examples is the canopy urban heat island (UHI) effect, where 

urbanization leads to higher air temperatures in cities compared to their surrounding 

countryside (Oke, 1982). Study of this phenomenon can be traced back to 1806, when Luke 

Howard observed higher daily air temperatures in London than in surrounding areas (Howard, 

1833). Elevated air temperatures in cities have adverse impacts on building energy 

consumption and public health during hot periods (Santamouris et al., 2015; Tomlinson et al., 

2011), and past decades have seen increasing UHI studies around the world (Barreca et al., 

2016; Chen & Jeong, 2018; Levermore et al., 2018; Palou & Mahalov, 2019). In particular, 

extensive efforts have been devoted to seeking and implementing effective mitigation strategies 

for canopy UHIs to create cool cities (Cheung & Jim, 2019; Santamouris, 2014; Wong et al., 

2010; Yang et al., 2016; Yang et al., 2020). The widely used canopy UHI intensity, defined as 

the urban-rural air temperature difference, is nevertheless sensitive to the selection of ‘urban’ 

and ‘rural’ sites (Martilli et al., 2020; Oke, 2006a). Meanwhile, large intra-urban climate 

variability between neighborhoods has been reported for various cities, which were first 

derived from measuring trips in early 1900s (Fukui & Wada, 1941; Schmidt, 1927; Sundborg, 

1951; see Table 3 in Stewart, 2019) and revealed in details by dense meteorological networks 

in recent years (Muller et al., 2013; Ramamurthy et al., 2017). To better link local climate with 

built landscape properties, Stewart and Oke (2012) developed the Local Climate Zone (LCZ) 

classification system that included ten built types and seven land cover types. Each LCZ type 

has distinguished features of surface cover, structure, material, and human activities, and has a 

unique characteristic air temperature regime that is most pronounced on dry, calm, and clear 

nights (Stewart & Oke, 2012).   

The LCZ system provides an objective framework for neighborhood-scale air temperature 



studies in different cities. Studies have adopted the LCZ scheme with in-situ measurements to 

assess the intra-urban air temperature variability in many metropolitan areas, including Hong 

Kong, Vancouver, Nagona, Uppsala, Berlin, Londrina and Phoenix (Anjos et al., 2020; Fenner 

et al., 2017; Lau et al., 2019; Stewart et al., 2014; Wang et al., 2018). Reported thermal 

contrasts among various LCZs in studied cities evaluated the validity of the LCZ classification 

system, but the analysis of air temperature was mostly conducted at the city scale for a short 

study period. For example, Alexander and Mills (2014) studied the relationship between air 

temperature and LCZ in Dublin for one week. Shi et al. (2018) used mobile measurements to 

estimate the air temperature differences between built type LCZ types on 13 individual days in 

Hong Kong. Although these studies provide useful information on thermal contrasts between 

neighborhoods within a city, a considerable difference is usually found in the results at different 

cities. For instant, the annual mean nocturnal air temperature of open midrise neighborhoods 

(LCZ 5) is about 4.4 °C higher than that of rural areas with low plants (LCZ D) under ideal 

days in Szeged, Hungary (Skarbit et al., 2017), but this difference is less than 1 °C in Nanjing, 

China (Yang et al., 2018). This naturally leads to the question that whether the inconsistent 

thermal contrasts are caused by the air temperature variability of individual LCZ or by the 

geographical and climatic conditions in different cities. Such a question can only be achieved 

through large-scale analysis because geographical and climatic conditions are nearly identical 

at the city scale. A recent systematic review by Stewart (2011) pointed out that one reason for 

the inconsistent thermal contrast could be the difference in measurement method and/or 

experimental design among various studies. Reporting metadata of instrumentation and field 

site characteristics is thus critical for heat island studies (Oke, 2006b). Note that many cities 

cannot afford a dense sensor network to understand their intra-urban temperature variation, and 

thus generalizable findings from a large-scale study based on the LCZ framework are needed 

to support cool neighborhood development in these cities. 



Over a large spatial extent, geographical conditions and atmospheric forcing vary significantly 

and play essential roles in regulating meteorological variables. Wienert and Kuttler (2005) 

found the dependence of urban-rural air temperature difference on latitude and suggested a 

larger maximum canopy UHI intensity in high-latitude regions. Thermal contrasts among 

different LCZs can change from city to city as the local landscape only contributes partially to 

determine the air temperature. Lowry (1977) suggested that the difference in a meteorological 

variable between two places consisted of the background climate difference, the landscape 

effect (e.g., topography, shoreline), and the urban effect. The classification of urban land use 

into sub-categories by the LCZ scheme essentially targets a refined quantification of the urban 

effect in Lowry’s framework. Following the concept of the LCZ scheme, the impact of local 

landscape on air temperature needs to be distinguished from those of background climate and 

environment. A unique thermal contrast depending only on LCZ types, if existing over different 

climate types or/and topography, will be highly valuable for urban planning as it provides 

references for a variety of cities. The LCZs with low thermal contrasts against the others are 

cool neighborhoods that cities shall prioritize in their development plans for adapting to heat 

challenges. Researchers are starting to explore the implications of the LCZ scheme for various 

aspects of environmental sustainability at the city scale, including heat stress (Unger et al., 

2018; Wang et al., 2020), energy demand (Yang et al., 2020), and ventilation (Zhou et al., 

2020). To compare and unify the findings at different cities, it is necessary to standardize the 

thermal contrasts among LCZs over a large spatial extent through a new methodology. Skarbit 

et al. (2017) summarized the LCZ air temperature measurements in four European cities. Until 

now, air temperature contrasts among different LCZs have not been studied at a continental 

scale. 

In this study, we combine the LCZ map and ground-based air temperature measurements to 

conduct the first comparative analysis over China to address the following questions. Is there 



a consistent seasonal thermal contrast among different LCZs at the continental scale? How 

large is the air temperature variability within individual LCZs compared to the thermal contrast 

between different LCZs at the seasonal scale? Answers to these questions can advance our 

understanding of the relation between local landscape and air temperature and provide insights 

into the creation of cool neighborhoods and sustainable city development.  

2. Materials and methods 

2.1 Datasets 

2.1.1 Air temperature measurement 

Hourly air temperature data measured at 1.5 m height above the ground level was collected 

from the national weather observation network by the National Meteorological Information 

Center of the China Meteorological Administration (http://data.cma.cn/en). Measurements at 

each site were made with platinum temperature sensors (QX/T-01 Chinese standard) housed in 

naturally ventilated Stevenson screens. The sensors have an uncertainty of ± 0.2 °C in the range 

of -50 to +50 °C. The data sets have been quality controlled and adopted to investigate the 

urbanization effect on air temperatures over China (Lin et al., 2019; Sun et al., 2016). The 

spatial distribution of the weather stations is uneven across China (see Fig. 1), and less than 6% 

of the stations is truly rural stations away from urban areas (Sun et al., 2016). Lin et al. (2019) 

found that stations with a high urban surface fraction concentrated in coastal regions, while 

stations with a low urban surface fraction scattered throughout western China. In this study, for 

consistency with the LCZ map, we used the full year data of 2016 including 2131 stations. To 

look into thermal contrasts during the diurnal cycle, we defined daytime as 0900 - 1500 local 

time and nighttime as 2100 - 0300 local time. We defined seasons as follows, spring: March-

May, summer: June - August, autumn: September - November, and winter: December – 

February.  



 

 

Figure 1. Distribution of meteorological stations over China. (a) Latitude distribution of built 

type LCZ stations; (b) The number of stations in analyzed LCZ types in this study; (c) Spatial 

distribution of studied stations over the LCZ map of China. Land use types of LCZs: 2-

Compact mid-rise, 3-Compact low-rise, 4-Open high-rise, 8-Large low-rise, 10-Heavy industry, 

D-Low plants. 

 



2.1.2 Local climate zone map 

In this study, we utilized the 2016 LCZ map of China developed by Ren et al. (2019) using an 

improved method of the World Urban Database and Portal Tool (WUDAPT) with Landsat 

satellite images. The overall accuracy of the LCZ map is 76% against ground truth samples 

(Ren et al., 2019). This advanced method had also been applied for generating LCZ maps for 

Yangtze River Delta in China and its accuracy had been evaluated using mobile measurements 

(Cai et al., 2018; Shi et al., 2018). The resultant LCZ map of China includes 10 built types 

(LCZ 1 - 10) and 7 land cover types (LCZ A – F) at a spatial resolution of 100 m × 100 m. It 

is noteworthy that built type LCZs are classified based on a set of landscape properties related 

to neighborhood planning and design. For example, the building surface fraction is used to 

separate ‘compact’ (40% - 70%) and ‘open’ (20% - 40%) neighborhoods, and the geometric 

average of building height is adopted to differentiate high-rise (>25 m), mid-rise (10 m - 25 m), 

and low-rise (3 m – 10 m) neighborhoods. Other classification parameters include sky view 

factor, aspect ratio, and impervious surface fraction. A detailed list of the surface parameters 

and their values for individual LCZ types can be found in Stewart and Oke (2012).  

2.2 Classification of meteorological stations 

Locations of meteorological stations were overlaid with the LCZ map to classify the air 

temperature measurements into different LCZ types. Landscape homogeneity was checked to 

ensure measured data could represent characteristic air temperature regimes of different LCZ 

types. As the minimum radius to define LCZs is 200 - 500 m (Stewart & Oke, 2012), we 

estimated the dominant LCZ types within 3 × 3 grids and 5 × 5 grids around each station. Only 

stations with two identical dominant LCZ types (i.e., within 3 × 3 grids and 5 × 5 grids) were 

considered in this study. By using both the 3 × 3 and 5 × 5 kernels, the station classification 

result will not be affected by 1 or 2 misclassified grid cells. However, there are inevitably 



potential errors due to the 76% overall accuracy of the adopted LCZ map, which may lead to 

errors in the subsequent comparisons. For comparing air temperature characteristics of LCZs 

at the continental scale, we excluded the LCZ types with insufficient number of stations (< 40) 

or spatial span over China. To avoid bias introduced by a small number of stations with distinct 

geographical conditions, we focused on the area between 22° N – 40° N where the majority 

(95.9%) of built type LCZ stations fall (Fig. 1a). By controlling the landscape homogeneity 

and station number, the impact of a few misclassified stations is minimized in our temperature 

analysis. In the end, a total of 745 stations from the 2131 stations collection were retained for 

analyses. Five urban LCZs (2: Compact mid-rise; 3: Compact low-rise; 4: Open high-rise; 8: 

Large low-rise; 10: Heavy industry) and one rural LCZ (D: Low plants) were selected. The 

number of stations for each LCZ type is shown in Fig. 1b. The spatial distribution of studied 

stations and the used LCZ map are shown in Fig. 1c. The elevation of the studied stations 

ranges from 1.3 m to over 3000 m. 

2.3 Multiple linear regression for background air temperature 

To estimate the thermal contrasts among different LCZs at the continental scale, the 

dependence of air temperature on geographical conditions must be removed. Daytime mean, 

nighttime mean, and daily mean temperatures for the 745 stations were calculated on a seasonal 

basis from the hourly data. Latitude (LAT), altitude (ALT) and the distance to coastline (DCL) 

are three critical parameters affecting the background mean air temperature (Linacre & Geerts, 

1997). A multiple regression model of the best fit was established using these three parameters 

as independent variables and air temperature as the dependent variable. The model was 

formulated as: 

𝑇𝑝𝑟𝑒 =  𝛼1𝐿𝐴𝑇 +  𝛼2𝐴𝐿𝑇 +  𝛼3𝐷𝐶𝐿 +  𝛽 +  𝜀 ,                               (1) 

where Tpre is the predicted background mean air temperature; α1, α2, and α3 are the coefficients 



for LAT, ALT, and DCL respectively; β is the intercept; and ε is the residual. A regression 

model was built for each season separately using the data from all stations. Three different 

regression models for daytime mean, nighttime mean, and daily mean temperatures were built 

for each season. And each regression model was estimated based on 745 data points, 

corresponding to the number of meteorological stations. 

2.4 Raw and standard thermal contrasts 

To highlight the thermal contrast between various urban neighborhoods and the rural area, we 

set the low plants LCZ (type D) as the reference and computed the air temperature difference 

between built type LCZs (TULCZ) and it: 

𝛥𝑇𝑟 =
𝛴𝑇𝑈𝐿𝐶𝑍

𝑛𝑈𝐿𝐶𝑍
−

𝛴𝑇𝐷

𝑛𝐷
,                                                      (2) 

where TULCZ and TD are the measured seasonal mean air temperature at individual stations 

belong to built type LCZs and LCZ D; nULCZ and nD denote the number of stations for each 

built type LCZ and LCZ D. We defined ΔTr as the raw thermal contrast, which had been 

employed in previous LCZ studies for city-scale analysis (Kotharkar & Bagade, 2018; Shi et 

al., 2018; Verdonck et al., 2018). However, ΔTr can not reveal the ‘true’ thermal contrast 

among different LCZs at the continental scale, as observed air temperatures contain the signal 

of background mean temperature, which is determined by geographical conditions and is 

consequently biased by the spatial distribution of stations.  

Using the regression model from Eq. (1), we removed the effect of geographical conditions to 

obtain the standard thermal contrast (ΔTs). The usage of theoretical mean background 

temperature from the regression models bypass the selection of specific LCZ D stations, and 

allows the direct comparison of the standard seasonal thermal contrast at the continental scale. 

For each station, the impact of local landscapes was estimated as the deviation of measured air 

temperature from the predicted background mean air temperature. The deviation ΔTs for each 



station was given by: 

∆𝑇𝑠 =  𝑇𝑜𝑏𝑠 − 𝑇𝑝𝑟𝑒 (𝐿𝐴𝑇, 𝐴𝐿𝑇, 𝐷𝐶𝐿),                                         (3)  

where Tobs is the observed seasonal mean air temperature, and Tpre is the predicted background 

seasonal mean air temperature from regression models that corresponds to the geographical 

condition of each station. Averaging ΔTs for all stations of one LCZ class would yield the 

characteristic air temperature regime of the LCZ with respect to the background air temperature. 

To be consistent with the content of the raw thermal contrast (ΔTr), we compared the mean 

values of standard thermal contrast between each built type LCZ and LCZ D (ΔTs
ULCZ-D): 

 ∆𝑇𝑠
 𝑈𝐿𝐶𝑍−𝐷 =  

∑ ∆𝑇𝑠
 𝑈𝐿𝐶𝑍

𝑛𝑈
 −  

∑ ∆𝑇𝑠
 𝐷

𝑛𝐷
,                                            (4) 

where ΔTs
ULCZ and ΔTs

D denote the standard seasonal thermal contrast for one studied built 

type LCZ type and LCZ D (Eq. (3)), respectively. It is noteworthy that the impact of distance 

between built type LCZ stations and LCZ D stations is implicitly included in the multiple 

regression model. For example, latitude, altitude, and distance to coastline values will be very 

similar if the low plants area and built-up areas are close to each other. Thus, the method used 

in this study is not limited by the spatial distribution of the built type LCZ stations and LCZ D 

stations. 

3. Results and discussion 

3.1 Raw thermal contrast among LCZs 

The monthly variation of daily mean air temperature for studied LCZ types is shown in Fig. 2a. 

Mean air temperature of all LCZs is about 26.6 °C in summer and 5.6 °C in winter. The air 

temperature variability among studied LCZs is the smallest in summer and the largest during 

winter. LCZ 2 has the highest air temperature throughout the year while LCZ D has the lowest 

air temperature. At the annual scale, the daily mean raw thermal contrast (ΔTr) is 1.8 ± 0.5 ℃ 



(mean  standard deviation among studied built type LCZs). Daily, daytime, and nighttime 

mean ΔTr in four seasons are shown in Fig. 2. Nighttime thermal contrasts (Fig. 2d) are found 

to be larger than daytime contrasts (Fig. 2c). Summertime daily mean ΔTr are lower than 2 ℃ 

over all LCZs, while wintertime daily mean ΔTr can reach up to 4 ℃ over LCZs 2 and 10 (Fig. 

2b). Among the studied LCZs, compact mid-rise (LCZ 2) and heavy industry (LCZ 10) 

neighborhoods have the largest ΔTr and the large low-rise zone (LCZ 8) has the smallest ΔTr. 

The diurnal and seasonal variations of thermal contrasts here are consistent with previous 

studies, where urban-rural air temperature differences found to be more evident in winter and 

during nighttime (Skarbit et al., 2017; Zhou et al., 2014). Nevertheless, results in Fig. 2 are 

biased by the unequal geographical conditions of stations in different LCZs.  The raw thermal 

contrast thus cannot provide reliable estimations of the cooling potential if neighborhoods are 

to be redeveloped into other LCZ types. 

3.2 Relation between air temperature and geographical conditions 

For each season, one multiple linear regression model is built for daily mean, daytime mean 

and nighttime mean air temperatures, respectively. Figure 3 shows the relations between 

geographical conditions and average daily mean air temperature in autumn over studied 

stations. Air temperatures are found to be negatively correlated with latitude, altitude, and the 

distance to coastline. Predicted daily mean air temperatures are compared against observations 

in Fig. 3d. It is clear that the linear regression model captures the observed air temperatures in 

autumn reasonably well with a R2 value of 0.95. Information of the regression models for all 

seasons is summarized in Table 1. In summer, autumn, and winter, R2 values are greater than 

0.9 for all air temperatures with RMSEs less than 1.5 ℃, indicating the capacity of built 

regression models in reproducing the relations between background mean air temperature and 

geographical conditions. Note that the regression coefficients for latitude, altitude and the 

distance to coastline have considerable seasonal variations. Daily mean air temperature reduces 



about 1 °C per degree latitude in winter but reduces only about 0.2 °C per degree latitude in 

summer. Daytime mean air temperature tends to decrease with the distance to coastline in 

autumn but would increase with the distance in other seasons. Though we have not explicitly 

included meteorological variables in the regression analysis, the seasonal variation of 

regression models implicitly contains the impact of inter-season change in meteorological 

conditions on background mean air temperature. 

Figure 2. (a) Monthly variation of daily mean air temperature over studied LCZ types; Raw 

(b) daily mean, (c) daytime mean, (d) nighttime mean thermal contrasts (ΔTr) in four seasons 

over China. The error bar stands for one standard deviation from the mean. 



 

Figure 3. Relationship between (a) latitude, (b) altitude, (c) distance to the coastline and daily 

mean air temperature in autumn; (d) comparison of predicted daily mean air temperature 

against observations in autumn. 

  



Table 1. Summary of regression models for daily mean, daytime (0900 – 1500 local time) 

mean, and nighttime (2100 – 0300 local time) mean air temperatures in four seasons.  

Daily mean air temperature 

 

LAT  

coefficient 

(℃/degree) 

ALT  

coefficient 

(℃/km) 

DCL  

coefficient  

(℃/km) 
R

2
  

Root mean 

square error 

(℃)  

Spring -0.45 -3.30 1.27×10-3 0.81 1.35 

Summer -0.19 -4.44 1.59×10-3 0.93 0.73 

Autumn -0.68 -3.42 -0.07×10-3 0.95 0.89 

Winter -1.02 -3.05 1.26×10-3 0.95 1.20 

Daytime mean air temperature 

 

LAT  

coefficient 

(℃/degree) 

ALT  

coefficient 

(℃/km) 

DCL  

coefficient  

(℃/km) 
R

2
 

Root mean 

square error 

(℃)  

Spring -0.32 -3.08 0.37×10-3 0.73 1.47 

Summer -0.15 -4.39 1.24×10-3 0.92 0.78 

Autumn -0.59 -3.13 -0.90×10-3 0.94 0.92 

Winter -0.92 -2.94 0.39×10-3 0.94 1.18 

Nighttime mean air temperature 

 

LAT  

coefficient 

(℃/degree) 

ALT  

coefficient 

(℃/km) 

DCL  

coefficient  

(℃/km) 
R

2
 

Root mean 

square error 

(℃)  

Spring -0.54 -3.46 1.73×10-3 0.84 1.36 

Summer -0.23 -4.49 1.67×10-3 0.93 0.84 

Autumn -0.74 -3.70 0.28×10-3 0.95 0.99 

Winter -1.08 -3.24 1.58×10-3 0.94 1.31 

 

3.3 Standard thermal contrast among LCZs  

As ΔTs denotes the deviation from background mean air temperature, it is a good indicator for 

examining whether the impact of local landscape varies with geographical conditions. Results 

for nighttime air temperature over LCZ 2 (compact mid-rise) in four seasons are shown in Fig. 

4. Stations in the compact mid-rise LCZ have air temperature differences mainly in the range 



of -1 to 3 °C relative to the background air temperature. Figure 5 shows that daytime ΔTs over 

LCZ 10 (heavy industry) falls within the range of -2 to 3 °C throughout the year. Comparing 

Figs. 4 and 5, the largest difference is found in summertime, where nighttime ΔTs in LCZ 2 

has more positive values than daytime ΔTs in LCZ 10. The variation in ΔTs over each LCZ is 

partially caused by the LCZ scheme that landscape properties fall within a wide range when 

classifying LCZ types. Despite the large variation, ΔTs does not have a statistically significant 

correlation with changes in latitude, altitude, and the distance to coastline. Same conclusion 

can be made for daytime, nighttime, and daily mean ΔTs values over other studied LCZs 

(results not shown here). Note that the large variation here is not much larger than values 

reported in previous studies at the city scale (Geletič et al., 2016; Skarbit et al., 2017; Yang et 

al., 2018). Take the study in Nanjing, China as an example, nighttime ΔTs were found to vary 

between 1 - 5 ℃ for LCZ 2 and between -1 - 3 ℃ for LCZ 8. 

Besides the local urban effect, the ΔTs here unavoidably contains information of small-scale 

topographic variations, such as valleys and ridges. These topographic variations have notable 

impacts on air temperature, e.g., cold air drainage in valleys (Daly et al., 2010), but cannot be 

detected in the regression models built on latitude, longitude and altitude. Upwind and 

downwind areas also play a role in affecting the ΔTs (Lowry, 1977). These could be some of 

the reasons that ΔTs has a large variation in each season (see Figs. 4 and 5). Other climatic 

influences that do not correlate with latitude, altitude, or distance to the coastline may also shift 

the distribution patterns of the ΔTs spatially and temporally. For example, the Yangtze river 

delta region in China experiences a long period of steady rainfall during the monsoon season 

(Ding et al., 2020). The rainfall period can affect the soil moisture and subsequently the air 

temperature. Such time- and site- specific events will modify the ΔTs of some stations in one 

LCZ type but not the others. The multiple linear regression models in this study are not able to 

capture these climatic influences.   



 

 

Figure 4. Distribution of the nighttime thermal contrast (ΔTs) over latitude, altitude and 

distance to coastline over LCZ 2 in (a)-(c) spring, (d)-(f) summer, (g)-(i) autumn, and (j)-(l) 

winter. 



 

Figure 5. Distribution of the daytime thermal contrast (ΔTs) over latitude, altitude and distance 

to coastline over LCZ 10 in (a)-(c) spring, (d)-(f) summer, (g)-(i) autumn, and (j)-(l) winter. 

Figure 6 shows the average daily, daytime and nighttime ΔTs
ULCZ-D in four seasons over China. 

Compared to Fig. 2, it is clear that ΔTs
ULCZ-D are smaller than raw thermal contrasts, with all 

values below 1 ℃. The ΔTs
ULCZ-D values represent the differences of local landscape effect on 



the air temperature between built types LCZ and LCZ D. Annual mean ΔTs
ULCZ-D is found to 

be larger at night (0.5  0.2 ℃, mean  standard deviation among studied built type LCZs, Fig. 

6c) than during daytime (0.2  0.2 ℃, Fig. 6b). For nighttime air temperature in winter, the 

maximum ΔTs
ULCZ-D of about 0.8 ℃ is found over LCZ 10 (heavy industry) and the minimum 

ΔTs
ULCZ-D is found over LCZ 3 (compact low-rise). Contrarily, large daytime thermal contrasts 

are observed over LCZ 3 in summer, while a small negative value occurs over LCZ 10. Daily 

mean ΔTs
ULCZ-D remain relatively constant across four seasons over LCZ 2 (compact mid-rise) 

with values around 0.5 ℃. Results here clearly demonstrate the different behaviors of 

characteristic air temperature regimes over studied LCZ types in response to seasonal and 

diurnal variations of meteorological conditions.  

We would like to point out that mean variation of ΔTs
ULCZ-D within individual LCZs is 0.2 ℃ 

(error bars in Fig. 6), which is as large as the standard deviation of ΔTs
ULCZ-D among studied 5 

LCZ types. This indicates that when one LCZ has higher mean air temperatures than others, 

some stations belong to that LCZ could have lower air temperatures. Such variation was partly 

due to the structure of the LCZ system, where the ranges of landscape properties used for 

classifying different LCZs overlap. For example, LCZ 2 and LCZ 3 have the same building 

surface fraction range (40% - 70%) and a similar aspect ratio range (0.75-2 for LCZ 2 and 0.75-

1.5 for LCZ 3). Though many other parameters are involved in the LCZ classification scheme, 

overlapped ranges inevitably result in the large variability in the characteristic air temperature 

regime of LCZs and consequently their thermal contrast. 

In spite of the considerable variation, standard thermal contrasts among different LCZs 

estimated in this study support the validity of the LCZ scheme at the continental scale. Though 

the magnitudes of standard seasonal thermal contrasts are not large, we would like to emphasize 

that estimated ΔTs represent the influence on air temperature solely by local urban landscape 

and do not vary with geographical conditions. Using observed air temperature data in 2016, we 



find the annual mean air temperature over studied built type LCZs is 0.4 ℃ higher than that 

over the areas with low plants.  

 

Figure 6. Standard (a) daily mean, (b) daytime mean, (c) nighttime mean thermal contrast 

(ΔTs
ULCZ-D) in four seasons over China. The error bar stands for one standard deviation from 

the mean of the standard thermal contrast. 

3.4 Implications for cool neighborhoods 

Estimated standard thermal contrast (ΔTs
ULCZ-D) in Figure 6 has important implications for 

design and planning of cool neighborhoods. The LCZs 8 (large low-rise) and 10 (heavy 

industry) are mainly industrial areas within cities and thus they are not key elements in cool 

cities. In compact built environment, Figure 6 shows that mid-rise neighborhoods (LCZ 2) have 

higher nighttime air temperatures and lower daytime air temperatures than low-rise 



neighborhoods (LCZ 3) over China. The reason is that low building heights lead to small 

shading effects during daytime and have limited heat trapping effects at night. Nevertheless, 

summer ΔTs
ULCZ-D

 is considerably higher in LCZs 2 and 3 than in other built type LCZs, which 

demonstrates the need for heat mitigation in compact neighborhoods. As buildings occupy 40-

70% of the land surface in compact neighborhoods, surface retrofitting with novel engineering 

materials is a potential heat mitigation strategy that does not require reforming building 

morphology. In terms of creating sustainable neighborhoods, the open high-rise neighborhood 

(LCZ 4) will be recommended: it has relatively low ΔTs
ULCZ-D

 in both daytime and nighttime, 

and its higher thermal contrast during winter than in summer is desirable (Yang & Bou-Zeid, 

2018). On top of this, open high-rise neighborhood could have similar population density with 

compact mid-rise or low-rise neighborhoods, which makes it preferable for both efficient space 

utilization and comfort thermal environment.  

4. Conclusion 

In this study, we make the first attempt to examine the characteristic seasonal air temperature 

regimes of different LCZs across China. Using the areas with low plants as the reference LCZ 

type, estimated raw thermal contrasts directly from station measurements are found to be up to 

4 ℃ in winter. After removing the signal of background mean air temperature, the standard 

thermal contrasts become less than 1 °C for all seasons. Results show that the warmth of built 

type LCZs is more evident during nighttime, with the maximum effect observed in compact 

mid-rise zones. The impact of local urban landscape on air temperature over studied LCZ types 

are consistent at the continental scale and do not change with geographical conditions. Large 

standard thermal contrast with low variations suggests consistently high air temperatures in 

compact mid-rise neighborhoods (LCZ 2) throughout the year. On the other hand, open high-

rise neighborhoods (LCZ 4) have relatively large ΔTs in winter and overall low ΔTs in summer, 

which is desirable in terms of building energy consumption and outdoor thermal comfort. 



Estimated standard thermal contrasts in this study are generalizable for neighborhoods in a 

variety of Chinese cities without in-situ observations. Our study investigates the thermal 

contrast at sub-kilometer scales, and thus findings could provide guidance for neighborhood 

design and planning to create cool cities and communities.  

The reduction in sensor cost and the ease of data communication have allowed us to monitor 

the urban thermal environment at a much finer resolution. A recent study showed the critical 

role of intra-urban climate variability on modifying residents’ health risk under extreme events 

(Yang et al., 2019). The LCZ system provides a good standard for classifying urban 

neighborhoods with heterogeneous landscape and facilitates the design and development of 

urban monitoring networks. The methodology used to derive the standard seasonal thermal 

contrast in this study can also be extended to the global scale in future studies, subject to 

availability of LCZ map and surface meteorological dataset. Due to data availability, our 

analysis only focuses on air temperature. Future studies shall investigate the characteristic 

regime of other variables over different LCZs, such as air humidity and wind speed. Due to the 

limitation of the built regression models, estimated standard thermal contrast inevitably 

contains information of small-scale topographic variation and climatic influence, whose effects 

are not captured by the latitude, altitude and the distance to the coastline. As a result, the 

standard seasonal thermal contrasts for studied LCZ types have a large variation. The relation 

between air temperature variability and small-scale topography as well as meteorological 

conditions in different LCZs is worth further investigation.  
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