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Abstract: This study compares mobile observation data from the same study area in Kunming on 
January 15, 2020, and January 8, 2023, to investigate the changes in micro-scale urban thermal 
environment characteristics under different weather conditions. Specifically, under overall declining 
temperatures, commercial and industrial areas experience a more dramatic cooling effect. These 
regions, typically characterized by dense construction, limited green spaces, and abundant 
anthropogenic heat sources, show a more sensitive temperature response and larger cooling 
amplitude when ambient temperatures drop. In contrast, parks, wetlands, and other well-greened 
areas are less affected due to the moderating effects of vegetation and water bodies, resulting in 
relatively stable temperature differences. These variations lead to increased local temperature 
disparities, further exacerbating the unevenness of the urban thermal environment. Consequently, 
commercial and industrial zones are more vulnerable to thermal changes under extreme weather 
conditions, highlighting the fragility of urban resilience in the face of climate change.  

Keywords: Mobile Observation; Urban Thermal Environment; Urban Functional Areas; Climate 
Background 
 

1. Introduction 

Urban heat islands (UHI) are one of the most prominent features of urban climate, with a more 
pronounced impact in densely populated cities. The urban heat island effect refers to higher air 
temperatures in urban areas compared to surrounding rural or natural environments[1]. 
Fundamentally, urban heat islands are caused by widespread changes in urban surface properties 
and construction materials, as continuous urbanization globally exacerbates heat island effects[2,3]. 
Land use and coverage changes will become one of the primary drivers of urban spatial 
expansion[4,5]. However, different surface properties of land cover types can lead to significant 
fluctuations in the thermal environment within urban areas[6]. Various land cover types, such as 
green spaces, built-up areas, bare land, and water bodies, absorb, store, and release heat in different 
ways, resulting in notable temperature differences across regions[7]. Urban green spaces have a 
higher evapotranspiration cooling effect, which helps lower temperatures through evaporation, 
while built-up areas and bare land, with their lower heat capacity and enhanced heat island effect, 
tend to accumulate heat, raising the surrounding temperature[8]. Water bodies, on the other hand, 
reduce temperatures through evaporative cooling, though this effect is influenced by the size and 
depth of the water body[9]. These varying surface properties not only affect the temperature levels 
in different regions but may also lead to frequent temperature fluctuations[10]. For instance, during 
urbanization, changes in land use types can cause varying degrees of urban heat island effects across 
different areas, leading to the emergence of extreme heat or relatively cooler areas in localized 
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regions[11]. As climate change and urbanization accelerate, these fluctuations may intensify, further 
impacting the overall urban thermal environment [12,13]. 

The rapid urbanization process has on the surface, altered the urban landscape, creating modern, 
bustling cities with high-rise buildings and concentrated populations. On a deeper level, it has 
changed the original urban climate and ecological environment, impacting urban energy budgets and 
energy balance. Regarding the impact of extreme weather-induced thermal and humid 
environmental changes on human health, global researchers have conducted extensive studies. [14] 
analyzed the long-term changes in heat exposure in densely populated areas and emphasized the 
potential impact of changes in urban humid environments on public health. [15] found a correlation 
between urban greening, temperature, humidity, and cardiovascular diseases, suggesting that the 
urban humid environment significantly influences residents' health. [16] further revealed the 
association between air pollution and the incidence of allergic rhinitis, noting that air temperature 
and relative humidity directly affect air pollution levels. Additionally, [17,18] studies have shown 
that extreme heatwaves lead to severe morbidity and mortality rates, exploring the synergistic effect 
of high temperatures and humidity on non-accidental deaths, with the risk of death increasing with 
the duration of high temperature and humidity. 

However, most studies on urban thermal environments and extreme weather primarily rely on 
satellite imagery and remote sensing models to assess the impact of urbanization on urban heat island 
intensity and land surface temperature (LST)[19,20]. This method has limitations in reflecting thermal 
environment differences and fluctuations under different land cover types in urban areas. Remote 
sensing data typically only provide temperature change information at a macro scale[21], making it 
difficult to capture dynamic temperature fluctuations in fine-scale areas. In contrast, this study uses 
a mobile observation method, leveraging high-density field measurement data to more accurately 
capture temperature fluctuations and distributions of the urban thermal environment under different 
land cover types. Compared to remote sensing observations, mobile observations can dynamically 
reflect thermal environment changes in real-time, especially capturing the subtle impacts of land 
cover on thermal environments at fine scales. For example, different land cover types (such as green 
spaces[22], built-up areas[19], bare land[23], and water bodies[24]) absorb, store, and release heat in 
different ways, leading to significant temperature differences and fluctuations in localized areas. 
Mobile observations can reflect these temperature fluctuations more accurately and provide more 
representative field data[25–27]. Unlike the static nature of remotely sensed data, mobile observations 
can provide more realistic data on dynamic temperature changes, thus revealing in greater depth the 
changes in the thermal environment of different urban areas. 

By combining mobile observation data from January 15, 2020, and January 8, 2023, under 
different weather backgrounds, this study highlights the importance of examining sensitivity to 
weather changes. The comparison of data from these two days not only analyzes changes in the urban 
thermal environment under different meteorological conditions but also investigates the dynamic 
impact of different weather backgrounds on the urban thermal environment. By comparing the 
thermal environment responses of the same areas under temperature changes and extreme weather 
conditions, the study reveals the differences in thermal environment performance in different urban 
functional areas when faced with varying temperature conditions. The use of mobile observation 
methods and comparative analysis under different weather backgrounds not only provides more 
detailed observational data on the dynamic changes in urban thermal environments but also offers a 
new perspective on the thermal environment differences in various functional areas under different 
climatic conditions. This provides more actionable references for future urban planning, thermal 
environment management, and responses to extreme climate changes. 
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2. Materials and Methods 

2.1. Study Area 

Kunming, the capital of Yunnan Province, is located in the central part of the Yungui Plateau, 
between 102°10' and 103°40' E and 24°23' and 26°22' N. Chenggong District, as the administrative 
center of Kunming and the new campus site for several universities in Yunnan, has experienced 
significant urbanization in recent years. Dramatic changes in land use and evident population 
agglomeration have made it a core area characterized by dense foot traffic and frequent activities. 
The rapid urbanization in Chenggong District has resulted in a more complex distribution of thermal 
environment characteristics, making it a representative area for studying the micro-scale urban 
thermal environment. 

 

Figure 1. Study Area Map. 

2.2. Data Collection 

2.2.1. Weather Station Data 

This study is based on mobile observation data and recordings from the self-installed Davis 
weather station, aiming to analyze the thermal environment changes in Kunming's micro-scale areas. 
For the mobile observation dates of January 15, 2020, and January 8, 2023, the maximum, minimum, 
and average temperatures were recorded to compare the weather background and thermal 
environment differences between the two observations. These data were obtained from the China 
Meteorological Data Service Center (data.cma.cn) and China Weather (weather.com.cn), providing 
accurate meteorological data support for the study. By comparing the temperature changes under 
different weather backgrounds, this study further reveals the thermal environment response 
differences in various urban functional areas of Kunming under different climatic conditions, offering 
valuable references for future urban thermal environment management and planning. 

2.2.2. Mobile Observation Data 

The mobile observations for this study were collected from selected areas in Chenggong District, 
Kunming, and temperature data were collected on January 15, 2020 and January 8, 2023, along the 
observation routes. These data were obtained using temperature and humidity data loggers that 
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recorded continuously at a high density of once per second. This ensures a true representation of how 
temperature varies with the environment. The region includes a variety of land use types.  

 

Figure 2. Mobile measurement routes. The yellow line represents the route of the first test and the blue line 
represents the route of the second test. The red dots indicate the start and end points of the test. 

In selecting the mobile observation route, the primary consideration was to ensure the inclusion 
of a variety of typical urban functional areas. These include highly commercialized zones (such as 
the Rainbow Yunnan First City), residential areas (like Yuhua Yuxiu and Yimingyuan), large water 
bodies (such as Dianchi Lake and Pan Chun Lake), agricultural land and villages (such as Wujia Ying 
Village and Sanchakou Village), as well as university campuses. These areas represent different levels 
of human activity, land use types, and ecological characteristics, facilitating a comprehensive study 
of the relationship between urban heat island effects and factors like land use, greenery, and traffic 
flow, providing multidimensional data on thermal environment changes. The mobile observation 
started and ended at a highway intersection approximately 600 meters northwest of Kunming South 
Railway Station (referred to as the Start Point and End Point, abbreviated as S&E). The total length 
of the route is approximately 30 kilometers. It extends westward to Huanhu East Road near Dianchi 
Lake, eastward to the West Square of Kunming South Railway Station, with the northern boundary 
being Pan Chun Lake, also known as "Qibu Chang Datangzi." The southernmost part of the route is 
along the ancient Dian Road-Yupu Road. As shown in Figure 4, the mobile testing passes through 
five residential districts: Dianchi Xingchen (RD1), Shuxiang Dadi (RD2), Yuhua Yuxiu (RD3), 
Yimingyuan (RD4), and Shidai Junyuan (RD5). It also passes through the middle of RD3, while RD1 
is highly commercialized with numerous restaurants and shops. There are five water bodies: Dianchi 
Lake (WA), Bailongtan (L1), Pan Chun Lake (L2), Yueya Pond (L3), and Guanshan Reservoir (R). 
Among them, Dianchi Lake is a large water body with a total area of 330 km2, while the others are 
medium to small-sized water bodies. There are three villages: Wujia Ying Township (V1), Sanchakou 
Village (V2), and Kele Village (V3). Additionally, two agricultural fields (FL1, FL2), construction land 
(CA1), and Yunnan Radio and Television Station (TS) are present in the area. Table 1 represent the 
equipment information table. 

Table 1. Table of mobile observation equipment. 

Equipment Modes Legends  

Professional 
GPS Data 

Logger 

Columbus 
P-1 

 

The positioning accuracy of the 
GPS is 1.5m (horizontal) at 50% 

CEP (Circular Error Probable) and 
4.0m at 95% CEP.” 
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Temperature/R
H Data Logger 

Onset 
MX2302A 

 

This device has a temperature 
range of -40 °C to 70 °C, with 

measurement accuracies of ±0.25 
°C below freezing and ±0.2 °C 

above, and a fine resolution of 0.04 
°C. 

Vehicle-
mounted 
mobile 

measurement 
device 

 

 
 
 
 
/ 

2.3. Data Processing 

This study mainly conducted on-site tests using a mobile observation method. When processing 
the data, the methods of simultaneous correction and spatial interpolation were used to reduce errors 
by considering potential issues such as time errors in the test results or uneven distribution of 
measurement points. 

2.3.1. Data Processing of Raw Data 

1.Temperature Data 
The HOBO-ware U23-001 temperature data logger used for the testing was configured with the 

desired start time and recording interval using the computer software. Once the designated time was 
reached, the data logger automatically initiated the installation process and began recording the 
relative temperature data according to the present requirements. 

2.GPS Data 
To ensure the continuity of recorded GPS trajectories, any surplus data points can be removed 

during the subsequent data compilation. The GPS data can then be imported into Google Earth 
software to visualize the route trajectory. 

2.3.2. Data Normalization 

To begin the process of data normalization, the GPS trajectory data is opened, and the 
coordinates marking the starting and ending points are identified. The raw data from both 
instruments are then subjected to normalization procedures. These steps involve aligning the 
timestamps, performing spatial interpolation, implementing simultaneous revision, and simplifying 
the route trajectory data. 

1.Aligning Timestamps 
In this study, the temperature and humidity data logger used for testing was configured to 

record at a frequency of one measurement per second, which aligns with the frequency of GPS 
recorders capturing trajectory points. This facilitates the correspondence between the data in terms 
of time, temperature, relative humidity, and latitude-longitude coordinates. 

2.Spatial Interpolation 
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During the process of mobile observation, there are often areas with significant obstructions that 
interfere with GPS signals, resulting in data points being lost. Therefore, it becomes necessary to 
utilize spatial interpolation methods to supplement the missing data points. 

3.Simultaneous Revision 
During the testing period, the equation for the temperature curve trend was derived through 

regression analysis using hourly meteorological data recorded by the self-established Davis weather 
station. By applying this equation, the data is revised to a common reference time. Specifically, linear 
regression is selected to revise the data to the midpoint of the testing period. 

2.3.3. Creating Contour Maps 

The temperature distribution is derived using a combination of gridding and spatial 
interpolation methods. First, observational data was collected, with longitude as the X-axis, latitude 
as the Y-axis, and temperature as the Z-axis. This three-dimensional data was imported into Surfer 
15 software for gridding processing. The gridding process helps convert scattered data points into a 
regularly spaced grid, providing a visualization for temperature distribution over a large area. After 
gridding the data, a 3D wireframe graph was created to represent the spatial variation of temperature 
within the study area. This wireframe model intuitively shows the fluctuations of temperature at 
different geographical locations, helping to clearly understand the overall temperature pattern of the 
region. After generating the wireframe graph, the view angle was adjusted to optimize the graphic 
and ensure the best visualization, and the graph was calibrated to eliminate distortions caused by 
projection. To enhance visualization and facilitate data analysis, a scatter plot was added on top of 
the wireframe graph. The scatter plot provided a more detailed route view, making it easier to 
observe trends and outliers in temperature changes. This approach allows for a clearer representation 
of the relationship between temperature and geographical location, providing support for further 
analysis. Using this method, the study generates an intuitive and clear temperature distribution map, 
helping to analyze temperature fluctuations at different time points and providing an effective visual 
tool for understanding the spatial variation of temperature in the region. 

2.4. Calculating the Fluctuation of Urban Thermal Environment 

The fluctuation of the urban thermal environment can be measured by calculating the 
temperature amplitude and standard deviation. 

The temperature amplitude refers to the difference between the maximum and minimum 
temperatures over a specific time period. It can be calculated using Equation 1. 

ΔT=Tmax–Tmin (1) 

Where: Tmax is the highest temperature during the period. Tmin is the lowest temperature during the 
period. 

The standard deviation is a statistical measure that quantifies the dispersion of temperature data, 
indicating the stability of temperature fluctuations. It can be calculated using Equation 2. 𝜎் = ටଵ௡∑௜ୀଵ௡ ሺ𝑇௜ − 𝑇ሜ ሻଶ  (2) 

Where: Ti is the temperature at each observation point. 𝑇  is the mean temperature across all 
observation points. n is the number of observation points. 

By calculating the temperature fluctuation amplitude and standard deviation, the temperature 
variability in the study area can be comprehensively assessed. The temperature fluctuation amplitude 
helps to directly understand the extreme temperature changes within the region, such as heat island 
effects or special weather phenomena, thus identifying potential anomalies. On the other hand, the 
standard deviation provides a more refined description of the regularity and extent of temperature 
fluctuations, making it suitable for in-depth analysis of the trends and stability of temperature 
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variations. The combination of both measures allows for a more comprehensive reflection of the 
changes in the thermal environment of the study area.  

3. Results  

3.1. Distribution of the Thermal Environment 

By plotting the mobile observation data, a 3D temperature distribution map of the study area is 
created, and this is combined with the measured temperature data to obtain the thermal environment 
distribution within the mobile observation area. 

As shown in Figure 3, the temperature range on January 15, 2020, was from 9.0°C to 19.4°C, with 
a temperature difference of 10.4°C. In contrast, on January 8, 2023, the temperature range expanded 
to 4.0°C to 20.5°C, with a temperature difference of 16.5°C, indicating a significantly larger 
temperature variation in 2023 compared to 2020. However, according to the background temperature 
data on the test days shown in Table 2. The day of the first test, the maximum temperature difference 
was 10°C, while on the second test day, it was 13°C. Under the influence of background weather 
conditions, the study area experienced an increase in temperature differences. The temperature 
variation in the tested area changed from 10°C to 10.4°C, the temperature difference in the tested area 
expanded from 13°C to 16.5°C. From the overall temperature changes within the study area, the data 
collected on January 8, 2023, show more dramatic fluctuations, indicating a less stable thermal 
environment. 

 
8:30（a） 

 
9:30（b） 

 
15:30（c） 

 
15:30（d） 
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20:30（e） 

 
20:30（f） 

Figure 3. Mobile Observation 3D Temperature Distribution Map: (a), (c), (e) represent the data from January 
15th, 2020, while (b), (d), (f) represent the data from January 8th, 2023. 

Table 2. Temperature on Testing Dates. 

Test Date Tmin/℃ Tmax/℃ ΔT/℃ MATmax/℃ MATmin/℃ 
2020.01.15 
2023.01.08 

9 
3 

19 
16 

10 
13 

19 
16 

10 
13 

Note: MAT（Monthly Average Temperature） 

3.2. Fluctuations in the Thermal Environment 

The thermal environment distribution map based on temperature data from flow observations 
can observe the temperature distribution in the region, but the specific fluctuation of the thermal 
environment requires specific statistics on the data, and in this study, the temperature difference is 
used for the observed data to represent the magnitude of fluctuation of the thermal environment, and 
the standard deviation of the temperature data is used to measure the degree of dispersion in the 
distribution of the temperature data. 

 
From Table 3, it can be observed that there are significant differences in temperature variation 

and standard deviation between January 15, 2020, and January 8, 2023, reflecting the fluctuations in 
the thermal environment of the study area over the two years. During the testing period on January 
15, 2020, the temperature differences were relatively small, with a maximum of 1.3°C and a minimum 
of 1.0°C. These small temperature differences indicate that, during 2020, temperature changes in the 
study area were relatively stable, and the thermal environment remained stable. In terms of standard 
deviation, the values on January 15, 2020, were relatively low, with 0.24°C, 0.29°C, and 0.34°C, which 
further indicates that the thermal environment in 2020 had small fluctuations, with temperature 
changes being more regular and stable. In contrast, on January 8, 2023, the standard deviation values 
increased significantly, especially during the afternoon and evening periods, where the standard 
deviation reached 2.43°C and 1.28°C, respectively. These larger standard deviation values indicate 
that, during 2023, the temperature fluctuations in the study area were more intense, with a larger 
range of variation, and the thermal environment became more unstable. 

Table 3. Thermal environment fluctuation data within the area. 

Test Date Testing time Tmax/℃ Tmin/℃ ΔT/℃ 𝝈𝑻/℃ 

2020.01.15 
08:30 
15:30 
20:30 

9.9 
19.3 
14.9 

8.9 
18.0 
13.7 

1.0 
1.3 
1.2 

0.24 
0.29 
0.34 

2023.01.08 
09:30 
15:30 
20:30 

7.8 
20.5 
12.4 

4.0 
13.0 
8.0 

3.8 
7.5 
4.4 

0.60 
2.43 
1.28 
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In order to get a better view of the distribution of the mobile observations, box plots of the two 
data were plotted, and when combined with Figure 4 and the tabular data, the temperatures in all 
periods of the 2023 test are lower than the 2020 results, which is consistent with the individual test 
days. However, the box plots provide a more visual representation of the distribution of the test data, 
with the shorter purple boxes indicating concentrated temperature data, less fluctuating thermal 
environments, and stable thermal environments, but higher overall temperatures. While the longer 
yellow boxes indicate more dispersed temperatures, larger regional temperature differences, and an 
unstable but overall cooler thermal environment. the median of the 2023 data is located at the bottom 
of the box while the median of the 2020 data is located at the top of the box, suggesting that the 2023 
temperature data is on the cool side, with more cool readings compared to 2020, which coincides with 
the decrease in hotter areas seen in the 3D distribution plot. 

 
Figure 4. Box plot of regional temperatures: purple for 2020 test data, yellow for 2023. Blue area compares 
temperatures during warming periods, red and gray for peak and falling periods respectively. 

To better compare the differences in air temperatures between different land use types, the study 
collected data on the average air temperatures in different urban functional areas for each time period 
during the two test periods (Figure 5). 

 
Figure 5. Temperature comparison of different urban functional areas, with green and blue backgrounds 
representing the test data on January 15, 2020, and January 8, 2023, respectively. 

Based on the test data from January 15, 2020, and January 8, 2023, a comprehensive analysis of 
temperature variations across different urban functional areas during various time periods reveals 
significant differences in thermal environment responses under different weather backgrounds. On 
the morning of January 15, 2020 (08:30), temperatures in industrial, residential, village, urban, and 
green areas were relatively high, whereas on the morning of January 8, 2023 (09:30) temperatures 

8：30 9：30 13:30 13:30 22：30 20:30
0

5

10

15

20

25

T/
℃

 2020/01/15
 2023/01/08

peak period drop periodrise period
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dropped dramatically, with the industrial area showing the most pronounced decrease of 10.2°C, 
indicating an overall colder temperature background in 2023. During the afternoon test (15:30), 
temperatures in 2023 were generally higher than those in 2020; specifically, temperatures in 
industrial, residential, and green areas increased by 15.0°C, 7.8°C, and 9.2°C, respectively, while the 
village area increased by only about 8.5°C, reflecting that weather conditions lead to more 
pronounced heat accumulation in densely built, sparsely green areas. In the evening test (20:30), 
temperatures in 2023 again fell below those in 2020, with cooling of 11.2°C and 5.2°C in the industrial 
and residential areas, respectively, whereas the green area experienced a smaller decrease of 7.7°C. 
Overall, the results indicate that temperature fluctuations in the early morning and evening of 2023 
increased significantly, with industrial and residential areas being particularly sensitive to 
temperature changes, while green areas exhibited relatively stable temperature variations, 
underscoring the moderating role of the natural environment in urban thermal regulation. This 
analysis provides quantitative support for a better understanding of the differences in thermal 
feedback among various urban functional areas under different weather conditions and reveals the 
influence of green space and building density on temperature fluctuations in urban thermal 
management, offering important insights for mitigating the urban heat island effect and enhancing 
thermal comfort. 

4. Discussion 

4.1. Distribution of Thermal Environment at Different Times in the Study Area 

This study divided two sets of test data from the study area into three phases—temperature rise, 
peak, and decline—to conduct an in-depth exploration of thermal environment trends. During the 
temperature rise phase, the first test conducted at 08:30 showed a temperature range of 9.0°C to 9.9°C, 
with a regional temperature difference of only 0.9°C. In contrast, the second test conducted at 09:30 
showed a temperature range of 4.0°C to 7.6°C, and the regional temperature difference increased to 
3.6°C. Although the second test took place an hour later, the temperature distribution map indicated 
a slower warming rate in the test area, with significantly fewer high-temperature zones. Relatively 
high temperatures were observed only in large residential communities in the northwest and 
northeast corners, while surface temperatures in other areas were largely consistent with the air 
temperature. During the peak phase, temperatures in both test sets exceeded 19°C. The 3D 
temperature distribution map showed that along the routes of the first test, temperatures were 
relatively uniform, with a regional difference of approximately 1.5°C. Except for a slight cooling in 
the L1 area, the rest of the routes maintained a stable high-temperature state. In contrast, the regional 
temperature difference along the second test routes expanded to 6.2°C, with high-temperature areas 
mainly concentrated in the southeastern corners of university campuses and large residential zones. 
This phenomenon may be related to certain road sections within the test area where sparse greenery 
and open sky led to rapid heating under direct sunlight. In the nighttime cooling phase, urban 
temperatures began to decrease. In the first test area, most regions experienced a reasonable degree 
of cooling. The heat accumulated by urban building clusters was released upward during the night, 
causing their surface temperatures to remain higher than those of the natural wetland park below, 
thus presenting a clear urban heat island effect. However, the second test area exhibited an abnormal 
cooling pattern—contrary to expectations, the wetland park area, which should have been a low-
temperature zone, recorded higher temperatures than the southeastern residential areas. Overall, the 
temperature distribution followed a "northwest high, southeast low" pattern. This may be attributed 
to the fact that some areas had not accumulated much heat in the morning, resulting in faster cooling 
of the surface materials. To provide a more intuitive presentation of mobile observation data 
distribution, box plots were also generated. Combining the 3D temperature distribution maps with 
tabulated data reveals that temperatures in all phases of the second test set were lower than those of 
the first; the shorter purple boxes in the box plots indicate that temperature data were concentrated, 
with smaller fluctuations and relatively stable, but overall higher temperatures, whereas the longer 
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yellow boxes indicate a more dispersed temperature distribution, larger regional differences, and an 
overall cooler thermal environment. The median of the second set of data is located at the lower end 
of the box, while that of the first set is at the upper end, further confirming that the second test results 
are cooler, consistent with the reduction of high-temperature areas observed in the 3D distribution 
maps. 

4.2. Impact of Different Urban Functional Areas on the Thermal Environment 

The impacts of different urban functional areas on the thermal environment and their 
underlying mechanisms reveal the critical regulatory role of a city's internal structure and layout on 
regional thermal conditions. In urban areas, densely built zones—such as industrial, residential, and 
commercial districts—are characterized by extensive impervious surfaces and abundant 
anthropogenic heat sources, which typically lead to rapid heat absorption and local heat 
accumulation during the day,[28] followed by significant temperature drops at night due to fast heat 
dissipation, thereby resulting in an unstable thermal environment. In contrast, natural or semi-
natural areas, including green spaces, wetlands, and villages, benefit from substantial vegetation 
cover and the regulatory effects of water bodies;[29,30] these factors enable them to buffer 
temperature fluctuations by absorbing, storing, and releasing heat more gradually, thus maintaining 
more stable regional temperatures and mitigating thermal variations under extreme climatic 
conditions. 

Under warmer climatic conditions, the urban heat island effect resulting from heat accumulation 
in different functional areas is particularly pronounced, especially in densely built zones that are 
more prone to developing localized high-temperature areas. Green spaces and natural areas,[31,32] 
however, can effectively lower surrounding temperatures and improve the overall urban thermal 
environment. Conversely, in colder weather, the lack of sufficient heat makes the responses in heat 
absorption and dissipation across various regions even more sensitive. Industrial and residential 
areas, with less greenery and dense building structures, often experience localized overcooling and 
abrupt temperature drops, whereas areas with ample vegetation maintain relatively stable 
temperatures due to their strong thermal regulation capabilities. 

These significant differences in thermal responses among various functional areas under 
different weather conditions not only reflect the direct influence of urban land use and structural 
characteristics on heat distribution but also provide important insights for urban thermal 
management and planning.[33] Future urban planning should fully consider the coordinated 
development of different functional areas, optimize building layouts, and increase green coverage 
and water body configurations, thereby improving the urban thermal environment, mitigating the 
urban heat island effect, and enhancing the city’s resilience to extreme climatic changes as well as the 
overall quality of life for its residents. 

4.3. Research Limitations 

This study employed mobile observations to obtain fine-scale thermal environment data; 
however, there are limitations. The observation periods and area coverage are limited, with the 
dataset consisting of only two tests for comparison, making it difficult to comprehensively reflect the 
long-term thermal environment changes in various urban functional areas. Furthermore, the data 
may contain errors due to meteorological conditions and equipment precision. In addition, the 
combined effects of complex micro-scale factors were insufficiently considered, and the mechanism 
explanation remains incomplete. Future research should expand the sample size and spatiotemporal 
scale and improve data accuracy to enable a deeper exploration of urban thermal environment 
change patterns. 

5. Conclusions 
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During large-scale urban control measures, there is a significant reduction in anthropogenic heat 
emissions. Cities as areas with the most concentrated human activity saw some changes in their heal 
environment. This study draws the following conclusions: 

1.As the temperature declines, the urban thermal environment undergoes significant changes, 
leading to a reduction in the area of urban heat islands and an increase in urban cold islands. 

2.In response to the temperature drop, different urban functional areas exhibit varying thermal 
feedback, with industrial and residential areas being more sensitive to temperature changes, resulting 
in a distribution characterized by lower temperatures. 

3.Temperature fluctuations in the study area have intensified; the maximum standard deviation 
of the 2020 test data did not exceed 0.35°C with a temperature difference of less than 1.5°C, whereas 
the standard deviation of the 2023 data increased significantly across all three periods, reaching up 
to 2.43°C, and the temperature difference expanded to 7.5°C. This indicates that the thermal 
environment fluctuations in the study area are significant. 
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