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Previous studies on the impact of urbanization on the diurnal temperature range (DTR) have mainly concentrated on the intra-seasonal and interannual–decadal scales, while relatively fewer studies have considered synoptic scales. In particular, the modulation of DTR by different synoptic weather patterns (SWPs) is not yet fully understood. Taking the urban agglomeration of the Yangtze River Delta region (YRDUA) in eastern China as an example, and by using random forest machine learning and objective weather classification methods, this paper analyzes the characteristics of DTR and its urban–rural differences (DTRU–R) in summer from 2013 to 2016, based on surface meteorological observations, satellite remote sensing, and reanalysis data. Ultimately, the influences of urbanization-related factors and different large-scale SWPs on DTR and DTRU–R are explored. Results show that YRDUA is controlled by four SWPs in the 850-hPa geopotential height field in summer, and the DTRs in three sub-regions are significantly different under the four SWPs, indicating that they play a role in regulating the DTR in YRDUA. In terms of the average DTR for each SWP, the southern sub-region of the YRDUA is the highest, followed by the northern sub-region, and the middle sub-region is the lowest, which is most significantly affected by high-level urbanization and high anthropogenic heat emission. The DTRU–R is negative and differs under the four different SWPs with variation in sunshine and rainfall. The difference in anthropogenic heat flux between urban and rural areas is one of the potentially important urbanization-related drivers for DTRU–R. Our findings help towards furthering our understanding of the response of DTR in urban agglomerations to different SWPs via the modulation of local meteorological conditions.
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INTRODUCTION
Diurnal temperature range (DTR) is the difference between the maximum surface air temperature and the minimum surface air temperature in a whole day, which can reflect the global and regional characteristics of temperature change (Easterling, 1997; Braganza et al., 2004; Vose et al., 2005), and has an important impact on human health (Kan et al., 2007; Lim et al., 2012; Yang et al., 2013; Zhang et al., 2018) and crop yield (Lobell, 2007; Tao et al., 2008). Indeed, DTR has become an important indicator of climate change and the human living environment (Easterling et al., 2000).
In the past century, the global average temperature has been rising, with an asymmetrical trend of change in the maximum and minimum temperature. The rising trend of minimum temperature is higher than that of maximum temperature, which leads to a decline in the global DTR (Sun et al., 2019). The intensification of urbanization across the globe has also contributed to the decline in DTR since the 1950s (Gallo et al., 1996; Kalnay and Cai, 2003; Feddema 2005; Mohan and Kandya, 2015). This is mainly because the underlying impervious surfaces of cities increases the nighttime temperature by absorbing a large amount of energy in the daytime and releasing it at night (Forster and Solomon, 2003; Zhou et al., 2007; Yang et al., 2020a; Zong et al., 2021). At the same time, due to the radiative cooling effect of aerosol pollution over cities, the daytime temperature decreases (Zheng et al., 2018; Yang et al., 2020b), and ultimately the DTR decreases in cities owing to the asymmetry in the changes of maximum and minimum temperature.
With its developed economy and dense human population, the level of urbanization in the Yangtze River Delta region is the heighest in China. Under such rapid urbanization, the distance between urban areas is shrinking, which greatly changes the original natural state and the regional-scale ecological environment, intensifies the risk of high-temperature heat waves in summer (Luo and Lau, 2018, 2019), and seriously endangers the public health and production of the region (Chen et al., 2018; Yang Y. et al., 2013; Yang X. et al., 2017, 2019). The rapid urbanization of the Yangtze River Delta region also has an important impact on its DTR (Hua et al., 2006; Chen and Chen, 2007; Liu et al., 1995-2000; Wang et al., 2012; Shen et al., 2014). Through the effect of urbanization on the maximum temperature, the DTR also shows a significant decreasing trend (Shen et al., 2014). In the past 40 years, the extreme values of maximum temperature and minimum temperature in big cities were greater than those in small towns, and the number of days with a low DTR was more than those in small towns (Hua et al., 2006; Qi et al., 2019). Taking Shanghai as an example, in the past 130 years, its DTR has shown a significant decreasing trend, with the DTR decreasing by 0.15°C per decade, and urbanization has had a significant impact on this trend (Zhou et al., 2012). In general, the change in DTR is directly affected by the asymmetry of the change in the maximum and minimum temperature, and the influencing factors can be mainly divided into natural factors (radiation, sunshine duration, precipitation, atmospheric circulation, etc.) and human factors (urbanization-related land-use change, anthropogenic heat release, aerosol pollution, etc.) (Dai et al., 1999; Liu et al., 2016; Sun et al., 2019; Xue et al., 2019; Yang et al., 2020b). Existing research on the variation in the DTR in the Yangtze River Delta region mainly focuses on the intra-seasonal scale (Dong and Huang, 2015; Yang et al., 2020a) and the interannual–decadal scale (Hua et al., 2006; Chen and Chen, 2007; Liu et al., 1995-2000; Wang et al., 2012; Shen et al., 2014), with the synoptic scale relatively less well studied. In particular, the regulatory effects of different synoptic weather patterns (SWPs) on DTR variation and the urban–rural differences in DTR (DTRU–R) in the Yangtze River Delta region remain unclear.
Therefore, taking the urban agglomeration of the Yangtze River Delta (YRDUA) in eastern China as an example, this paper studies the influence of circulation patterns at different synoptic scales on the DTR in the region, and explores the factors driving the variation in DTR on the synoptic scale. Section Data and Methods describes the data and methods used in this study. Section Results and Discussion examines the difference in DTR between urban and rural areas and the influence of synoptic circulation on DTRU–R. In this section, we also discuss the factors influencing the DTR of YRDUA and how weather patterns affect local meteorological elements to change the DTRU–R. Conclusions are provided in Section Conclusion.
DATA AND METHODS
Data
This paper employs surface meteorological observation data in the form of daily maximum surface air temperature (Tmax), daily minimum surface air temperature (Tmin), sunshine duration (SSD), and precipitation on the daily and 8-days-average scales. Covering 148 stations in the Yangtze River Delta region during June, July and August from 2013 to 2016, the data were provided by the China Meteorological Data Service Center (http://Data.cma.cn/en). The DTR is the difference between Tmax and Tmin.
Additionally, daily and 8-days-average daytime land surface temperature, nighttime land surface temperature, and Normalized Difference Vegetation Index (NDVI) were obtained from MODIS remote sensing land surface temperature data with a spatial resolution of 1 km (https://lpdaac.usgs.gov); anthropogenic heat flux (AHF) data in the Yangtze River Delta region were retrieved from NOAA satellite nighttime light information (http://ngdc.NOAA.gov/eog/dmsp/downloadV4composites.html) noting that the error in the AHF results is generally within 12% (Chen and Shi, 2012; Chen et al., 2012, 2014, 2015, 2016); and specific humidity, air pressure, and horizontal and vertical wind speed data were obtained from the fifth generation European Centre for Medium-Range Weather Forecasts reanalysis (ERA5), which has a high spatiotemporal resolution (0.25° × 0.25, hourly; https://cds.climate.copernicus.eu/cdsapp#!/home). The built up area data are from the 30m resolution dataset of China’s urban impervious surfaces (derived from https://zenodo.org/record/4034161#.YFXn29y-uUk) (Kuang et al., 2000-2018).
Methods
Division and Matching of Urban and Rural Stations
Since the measurement of surface air temperature is taken at the height of 2m, according to previous studies (Cai, 2008; Yang et al., 2013; Shi et al., 2015; Shi et al., 2021; Yang et al., 2020), the maximum impact of anthropogenic heat on meteorological observations around the station usually does not exceed 5 km under advection and turbulence transport conditions. Thus, we chose 5 km as the radius of the buffer zone to capture the effects of urbanization on air temperature. Firstly, we took the built-up area (i.e., impervious surface area) as background in Figure 1, showing that the spatial distribution of anthropogenic heat flux corresponds well with actual distribution of the land covers (Figure 1). Anthropogenic heat flux is closely related to the change in built-up area around the stations (Figure 1B). Therefore, anthropogenic heat flux can be considered to reliably reflect the effects of both anthropogenic emissions and land-use change related to latent heat flux and sensible heat flux (Jiang et al., 2019; Chen et al., 2020). Therefore, classified the stations by the mean anthropogenic heat fluxes around all the stations. Figure 2A shows the spatial distribution of anthropogenic heat in the Yangtze River Delta region in 2016. It can be seen that high anthropogenic heat is mainly distributed in the YRDUA region. Therefore, we further calculated the average AHF within 5 km around each station in the YRDUA region (Figure 2B), and then, based on the correlation between anthropogenic heat and the built-up area, the average anthropogenic heat within 5 km of the 148 stations was sorted from high to low to distinguish urban and rural reference stations; that is, the first third of stations with a high anthropogenic heat value are regarded as urban stations, and the last third as rural reference stations (Figure 2B,C). Finally, based on the local pattern of precipitation, the difference in sunshine with latitude, and the level of urbanization of different regions, this paper divides the YRDUA region into three sub-regions—the northern plain and hilly region (NR), the central urban agglomeration region (MR), and the southern mountainous region (SR) (Figures 2B,C). Then we further calculated the diurnal temperature range difference (DTRu–r) between the city stationand one or more nearby rural reference stations in each sub-region in order to discuss the influence of urbanization on the DTR (Figure 2C).
[image: Figure 1]FIGURE 1 | (A) Spatial distribution of built-up area in summer 2015 in the Yangtze River Delta region and classification of urban and rural stations. (B) Correlation between anthropogenic heat flux and built-up area in 2015.
[image: Figure 2]FIGURE 2 | (A) Spatial distribution of anthropogenic heat in summer 2016 in the Yangtze River Delta region. (B) Average anthropogenic heat flux (W/m2) distribution within 5 km around stations in three sub-regions of YRDUA. (C) Three sub-regions of YRDUA and the classification of urban and rural stations.
Random Forest Model
The random forest (RF) model is currently a popular and highly flexible machine learning algorithm. The basic unit of the RF model is a decision tree. Compared with traditional statistical methods, RF has a better fitting effect on nonlinear data, and can analyze the importance of variables. The specific steps of the RF model construction process are as follows (Zeng et al., 2020): 1) In the N total samples, n times of replacement are randomly selected, n new training sets are obtained, and the unextracted part constitutes “out-of-bag” (OOB) data; 2) Each training set generates a decision tree, each node of the decision tree selects mtry from the independent variables, and branches grow according to the principle of minimum node impurity; 3) Repeat step (2) n times to obtain n decision trees to form a random forest; 4) The result of the random forest is the result obtained by the simple averaging method for each decision tree, and the prediction accuracy is determined by the average OOB of each decision tree.
Based on the RF model, we obtain the DTR difference between urban and rural areas and explore and analyze the importance of each factor influencing the DTRU–R. We validated the RF model using a 10-fold cross validation (CV) method to repeatedly estimate the expected model performance based on each subset of training data in general during prediction (Wang H. et al., 2019; Yang X. et al., 2019; Zeng et al., 2020). The method of 10-fold CV involved cutting the sample into 10 subsets, reserving one subset for testing the accuracy of the model, and using the other nine subsets for training the model. This CV was repeated 10 times until every subset was guaranteed to have been used once for testing. The average value of the 10-fold CV results was taken to obtain a final prediction result. The coefficient of determination (R2) and root-mean-square error (RMSE) were used to jointly assess the predictive performance of the 10-fold CV approach.
Finally, variance importance analysis was conducted to determine the contribution of each variable; that is, the “Mean Decrease Accuracy” (%IncMSE) and “Mean Decrease Gini” (IncNodePurity) (sorted in descending order from top to bottom) of attributes were used. A higher value of %IncMSE or IncNodePurity indicates a more important input variable.
Classification of Synoptic Weather Patterns
In this paper, T-mode principal component analysis (T-PCA) is used for the classification of SWPs, which is a computer-based objective mathematical method (Huth et al., 2008; Miao et al., 2017, 2019). It can reproduce the preset dominant SWPs without relying on the preset parameters (Ning et al., 2018; Ning et al., 2019; Yang et al., 2021). The T-PCA analysis module of the COST733 software (http://cost733.met.no/) developed by the European Scientific and Technical Research Cooperation, was used to classify the daily synoptic circulation patterns based on the 850 hPa geopotential height field. The cost733class program is a FORTRAN software package consisting of several modules for classification, evaluation and comparison of weather and circulation patterns. First, the weather data are spatially standardized and split into 10 subsets by T-PCA. Then the principal components (PCs) of weather information are estimated by applying singular value decomposition, and the PC score for each subset can be calculated after oblique rotation. Finally, the resultant subset with the highest sum will be selected by comparing 10 subsets according to contingency tables, and its types can be output as well (Philipp et al., 2014; Miao et al., 2017). To assess the performance of synoptic classification and determine the number of classes, the explained cluster variance (ECV) was selected in this study (Hoffmann and Heinke SchlüNzen, 2013; Philipp et al., 2014; Ning et al., 2019). The purpose of using this method is to analyze the differences in the characteristics of the DTR and its main driving factors between urban and rural areas under different SWPs.
Four SWPs were obtained through objective classification of the 850-hPa geopotential height field and wind field in June, July and August from 2013 to 2016. Figure 3 shows the different patterns of the 850-hPa geopotential height field and wind field. Type 1 is southeastern subtropical high pressure (frequency 51.90%), in which the Yangtze River Delta region is located in the northwest of the subtropical high pressure, the weather system frequency is the highest, and the dominant wind is southwesterly. Type 2 is western low pressure (frequency 17.66%), in which there is a weak low pressure in the west of the Yangtze River Delta region and the dominant wind is easterly. Type 3 is controlled by wind shear in the west (frequency: 20.11%), and the dominant wind is southwesterly and northwesterly. Type 4 is southern low pressure (frequency: 10.35%), in which the Yangtze River Delta region is located at the top of the low pressure, the dominant wind is easterly, and the occurrence frequency of the weather system is the lowest.
[image: Figure 3]FIGURE 3 | The 850-hPa geopotential height field and wind field for four Synoptic Weather Patterns (SWPs): (A) Type 1, (B) Type 2, (C) Type 3, and (D) Type 4. The purple box indicates the YRDUA region.
RESULTS AND DISCUSSION
Urban–Rural Differences in Diurnal Temperature Range at the Monthly Scale
Figure 4 shows the spatial distribution of DTR in YRDUA in summer, showing obvious intra-seasonal variation and significant sub-regional differences. Accordingly, Table 1 shows the mode, median, mean, skewness, and kurtosis of DTR in June, July, and August. On the whole, the DTR in the MR sub-region (with its high density of urban areas) is relatively low (most concentrated at 3–9°C), which is related to the rapid development of urbanization in this sub-region. The monthly mean DTR is significantly higher in July (7.4°C) than in June (6.4°C) and August (6.8°C). The DTR in the mountainous SR sub-region is relatively high (about 6–10°C), which also shows intra-seasonal variation, and the average DTR value is 7.5, 8.7 and 7.8°C in June, July, and August, respectively. While the DTR distribution in the NR sub-region is similar (about 6–9°C) from June to August, i.e., the average DTR value is 7.3°C in June, 7.4°C in July, and 7.5°C in August.
[image: Figure 4]FIGURE 4 | Spatial distribution of the mean Diurnal Temperature Range (DTR) in the urban agglomeration of the Yangtze River Delta region in summer: (A) June, (B) July, (C) August, and (D) June–August.
TABLE 1 | Statistics of the DTR in three YRDUA sub-regions in June, July and August.
[image: Table 1]Figure 5 further shows the monthly variation of the summer monthly mean DTR of urban and rural stations in the YRDUA. The DTR of urban stations is the highest in July, ranging from 7 to 10°C, while the DTR in June and August is similar, ranging from 5 to 8°C. The monthly average DTRs of rural reference stations are similar, and there is no obvious seasonal variation. The DTR of rural stations range from 5 to 10°C during June–August.
[image: Figure 5]FIGURE 5 | Seasonal variation of the DTR at (A) urban and (B) rural stations in the urban agglomeration of the Yangtze River Delta region.
Figure 6 shows boxplots of the DTR difference between urban and rural stations in the YRDUA region from June to August, showing that the DTR of urban stations in June, July and August is more concentrated than that of rural stations. As can be seen from Figure 6, the DTR of urban stations in July is concentrated within 7–8°C, which is basically a normal distribution, and the mean value of DTR is higher than that of June and August. The DTR of urban stations in June and August is concentrated within 6.5–7°C, in which there are small anomalies and large abnormal anomalies in July, and small anomalies in August. Overall, the peak DTR for urban stations occurs in July. The DTR of rural stations in June and August is relatively concentrated, and the DTR in August is basically a normal distribution, among which the DTR in July is relatively high and the value is concentrated within 7.5–9°C. Small anomalies appear in June and August at rural stations.
[image: Figure 6]FIGURE 6 | Boxplots of the DTR of (A) urban and (B) rural stations in the urban agglomeration of the Yangtze River Delta region from June to August.
The probability density distributions of DTR for urban and rural stations in June, July and August are shown in Figure 7 In June, the peak value of DTR for urban stations is about 6.5°C, and that of rural stations is about 7.5°C. In July, the peak values of DTR for urban and rural stations are around 7.5–8°C. In August, the distribution of urban DTR is concentrated at 7°C, and the peak distribution of DTR for rural stations is concentrated at 8°C. In general, the DTR of urban stations is lower than that of rural stations, which indicates that urbanization influences the decrease in DTR. Due to the development of urbanization, the concentrations of aerosols produced by human activities have increased greatly. Aerosols scatter and absorb solar radiation in the daytime, making the maximum temperature drop, while they weaken the upward longwave radiation on the surface and increase the minimum temperature at night, which leads to the decrease in DTR at urban stations (Dai et al., 1999; Zhang et al., 2011; Zheng et al., 2018; Yang et al., 2020b).
[image: Figure 7]FIGURE 7 | Probability density distributions of DTR at urban and rural stations in the urban agglomeration of the Yangtze River Delta region in (A) June, (B) July, and (C) August.
Urbanization Drivers
In order to explore what is the first dominant factor for DTRU–R, △Tmax or △Tmin, we calculated nine factor differences between urban and rural stations (Figures 8A–C), including the average DTR and Tmax, Tmin, the average surface temperature in the day (LSTD), the surface temperature at night (LSTN), anthropogenic heat emission, the NDVI within a 5-km range of meteorological observation stations, altitude, rainfall, and SSD at the 8-days scale. These nine factors of difference between urban and rural areas were the independent variables, and DTRU–R the dependent variable, when building the RF machine learning model, and the output was the importance of factors affecting DTRU–R. The results show that the change of DTRU–R is Tmax–driven type in the urban agglomeration of the Yangtze River Delta region (Figure 8C). So, we further employed the RF model to check the drivers of △Tmax (Figures 8D–F), that is, Tmax was selected as the dependent variable, and △LSTD, △LSTN, △AHF, △NDVI, △Altitude, △rainfall, and △SSD as independent variables. In addition to the direct retrieval of solar radiation, SSD also includes the influence of aerosols, cloud cover, and precipitation on the daily global solar radiation (Wang K. et al., 2012, Wang Y. et al., 2012, 2013; Zeng et al., 2020).
[image: Figure 8]FIGURE 8 | The DTRU–R(A) training value and (B) testing value and the importance of (C) DTRU–R impact factors, and the △Tmax(D) training value and (E) testing value and the importance of (F) △Tmax impact factors, of the RF model.
The RF model was not only used to reveal the possible factors related to the difference in DTR between urban and rural stations, but also to evaluate the relative importance and contribution of these factors. Firstly, 10-fold CV was used to test the reliability of the RF model. Figures 8A,B,D,E show the model training and validation of DTRU–R and △Tmax. It can be seen that the results of RF training and testing are good, i.e., the R2 value of the traning and testing of DTRU–R is 0.94 and 0.62, respectively, and the R2 value of training and the testing of △Tmax is 0.93 and 0.58, respectively, indicating that the RF model is reasonable and reliable for analyzing the impact factors of DTRU–R.
Further analysis of the RF model results provides the order of importance of the factors affecting DTRU–R. As shown in Figure 8C, △Tmax is more important to DTRU–R than △Tmin, implying that the comprehensive effect of urbanization (changed land use and soil water content) and aerosol pollution (changed solar radiation and cloud fraction) has a more obvious impact on daytime air temperature in urban areas, relative to rural areas (Dai et al., 1999; Sun et al., 2019; Yang et al., 2020b). The development of urbanization results in elevated concentrations of the aerosols produced by human activities, which leads to increased cloud cover (Wang K. et al., 2012, Wang Y. et al., 2012, 2013; Yang et al., 2020b; Zeng et al., 2020). The existence of aerosols and clouds can have an impact on solar radiation. Aerosols and cloud can reduce daytime incoming shortwave radiation at the surface and trap more upward longwave radiation from the surface and emit more downward longwave radiation to warm the near-surface atmosphere during nighttime. Relative to clean days, this radiation effect will easily lead to a smaller (larger) Tmax (Tmin) during pollution days, leading to a smaller DTR over urban areas. These are consistent with previous studies (Dai et al., 1999; Zhang et al., 2011; Zheng et al., 2018; Yang et al., 2020b), and so the variation trend of DTRU–R also increases. However, due to different regional environments, the thermal environment around meteorological stations will also be different, such as the difference in land-use types, vegetation coverage, etc. The most important environmental factors in this regard are Altitude, AHF, and NDVI, followed by rainfall, SSD, LSTN and LSTD,. Urban–rural differences of AHF play an important role in the magnitude of DTRU–R (Wang K. et al., 2012, Wang Y., et al., 2012, 2013; Zeng et al., 2020). The development of urbanization will also change the DTR by changing the nature of the urban underlying surface. Gallo et al. (1996) pointed out that different vegetation coverage around meteorological stations will cause different DTRs, and the DTRs of farms and towns are larger than those of cities. In conclusion, the difference in AHF is one of the potentially important driving factor of urbanization for DTRU–R. In general, the △Tmax, △Altitude, △AHF, △NDVI, △LSTD, △LSTN between urban and rural areas are almost unchanged, which are more important relative to the various △SSD and △rainfall between urban and rural areas. This is because △SSD and △rainfall are also modulated by various synoptic patterns in urban and rural areas.
Urban–Rural Differences in DTR Under Different Synoptic Weather Patterns
To better compare the DTR at urban stations with rural stations, we have excluded the suburban stations from the below analysis. Figure 9 shows the spatial distributions of mean DTR under the four synoptic circulation patterns. In general, under these four weather patterns, the DTR in the southern region is the highest, followed by the northern region, and the DTR in the central region is the lowest (ranging from 2 to 6°C), mainly because the central-region DTR is most significantly affected by urbanization. Specifically, the DTR in the three sub-regions of YRDUA is greatly affected by the synoptic circulation, and the DTRs under the four SWPs are significantly different. For example, the DTR in the northern region is high under type 4 but low under type 1, in the central urban agglomeration it is high under type 1 and low under type 3, while in the southern region it is high under type 1 and low under type 2.
[image: Figure 9]FIGURE 9 | Spatial distribution of mean DTR in the YRDUA region: (A) Type 1; (B) Type 2; (C) Type 3; and (D) Type 4.
The probability density distributions of DTR for urban and rural stations in the three sub-regions under the four SWPs are shown in Figures 10A,B,D,E,G,H. In NR, the DTR peak distributions of urban stations are concentrated at about 7–8°C under the four weather patterns. Meanwhile, the peak distributions of rural stations are also concentrated at about 7–8°C under type 1, 3 and 4, whereas under type 2 it is about 8–9°C. In MR, the DTR peak distributions of urban and rural stations are concentrated at about 6–8°C under the four weather patterns. In SR, the peak values of DTR for urban stations are concentrated at about 6–8°C, and that of rural stations are concentrated at about 7–8°C under type 2, 3 and 4, while that of urban stations at about 8–9°C and rural stations at about 9–10°C under type 1. In order to further compare the influence of weather systems on the difference in DTR between urban and rural areas, the probability density distributions of DTRU-R under different weather patterns were statistically analyzed (Figures 10C,F,I). The results show that the probability density distribution of DTRU–R under the four weather types tends to be negative on the whole, and the peak values are concentrated within −1–0°C. The absolute value of the peak value of DTRU–R in NR and MR under the four weather patterns follow the order Type 2 > Type 1 > Type 3 > Type 4. It can be concluded that the difference in DTR between urban and rural areas in NR and MR under Type 4 is relatively small, while that under Type 2 is the largest. But the absolute values of the peak value of DTRU–R in SR under the four weather patterns are similar and higher than that of in NR and MR. However, the DTR also is regulated by meteorological conditions (precipitation and SSD) under different SWPs, which is further analyzed below.
[image: Figure 10]FIGURE 10 | Probability density distributions of the DTR in (A,D,G) urban and (B,E,H) rural areas, and (C,F,I) their difference (DTRU–R), under four SWPs in NR, MR and SR, respectively.
Roles of Synoptic Weather Patterns
Local meteorological factors are closely related to SWPs. The increase in global precipitation is one of the reasons for the downward trend in global DTR, but the relationship between precipitation and DTR is more based on the good correlation between precipitation, cloud cover, and soil water content (Dai et al., 1997, 1998, 1999; Sun et al., 2019). Cloud cover and soil water content mainly lead to a decrease in DTR by decreasing the Tmax. Therefore, increased cloud cover and precipitation will slow down the rising trend of Tmax and have relatively little effect on Tmin (Dai et al., 1999), which is consistent with our RF model results showing that the urban–rural difference in Tmax is most important to DTRU–R.
Cloud cover and soil water content are closely related to water vapor flux in summer, so Figure 11 shows the 850-hPa water vapor flux in the urban agglomeration of the YRDUA region. Combined with the classification results (Figure 3), we found that, under the type 1 synoptic circulation, the YRDUA is affected by the southeastern subtropical high pressure, and the southwest has strong water vapor transport, large water vapor flux, and more precipitation. The water vapor under type 2 synoptic circulation comes from the south, and the water vapor flux is small. Type 3 water vapor mainly comes from the southwest, and the water vapor flux is large in the south of YRDUA, but small in the north. The water vapor of type 4 comes from the southeast ocean area, and the water vapor flux is small.
[image: Figure 11]FIGURE 11 | The 850-hPa water vapor flux (WVF = V×q/g, where q is specific humidity, g is gravitational acceleration, and V is horizonal wind; vectors; see scale arrow in the bottom right in units of 5 gcm−1hPa−1s−1) under four SWPs: (A) Type 1; (B) Type 2; (C) Type 3; and (D) Type 4.
The SSD reflects the influence of cloud cover and precipitation on the daily total solar radiation, so the variation of DTR can be discussed through the influence of SSD and precipitation on temperature. Figures 12, 13 show the average distribution of sunshine duration and local precipitation under the four SWPs. Due to the difference in the synoptic circulation situation and water vapor flux, there are obvious differences in local precipitation and sunshine duration under the four SWPs. Specifically, compared with Figure 9 and Figure 11, less precipitation and longer SSD favor a larger DTR in most sub-regions, e.g., the NR sub-region under type 2, the MR sub-region under type 4, and the SR sub-region under types 1, 3 and 4,. Meanwhile, more precipitation and shorter SSD induce a smaller DTR, e.g., in the NR sub-region under type 1, the MR sub-region under type 1, and the SR sub-region under type 2.
[image: Figure 12]FIGURE 12 | As in Figure 9 but for mean Sunshine Duration (SSD).
[image: Figure 13]FIGURE 13 | As in Figure 9 but for mean precipitation.
Because urbanization has increased extreme precipitation, we further quantified the precipitation frequency (PF) (Figure 14). Compared with Figure 13, precipitation under type 1 and 2 is large, but the PF is small, which indicates that urban extreme precipitation is more significant under type 1 and 2, especially in the central urban agglomeration under type 2. Combined with Figure 10, the difference in DTR between urban and rural areas is the most significant under type 2. Due to the impervious nature of the urban underlying surface, the soil moisture increases when precipitation occurs, while soil moisture increases the releases of surface latent heat and slows down the rise in temperature during the day (Dai et al., 1999), which also reduce the urban DTR and increase the urban–rural DTR differences. This also indicates that precipitation plays an important role in the impact of urbanization on DTR.
[image: Figure 14]FIGURE 14 | As in Figure 9 but for mean precipitation frequency (PF = DP/DT×100%, where DP is the number of days of precipitation, and DT is total number of days).
CONCLUSION
Through objective weather classification and machine learning modeling, this paper analyzes the difference characteristics and influencing factors of DTR and DTRU–R in YRDUA under different SWPs (according to the differences in the climate background and underlying surface properties). The main conclusions are as follows:
The YRDUA region is mainly controlled by four SWPs in the 850-hPa geopotential height field. The average values of DTR under each SWP exhibit obvious sub-regional differences in space: the southern subregion is the highest, followed by the northern subregion, and the middle subregion is the lowest. The lower DTR in the middle sub-region is mainly affected by its high levels of urbanization and anthropogenic heat emissions. The average DTR in the three sub-regions of YRDUA present significant differences in DTR under the four SWPs, indicating that SWPs play a greater role in regulating the DTR in YRDUA. In general, the DTR of urban stations is smaller than that of rural stations under all four SWPs, and the urban–rural difference in AHF is one of the potentially important urbanization-related driver affecting DTRU–R. The order of the absolute value of the DTRU–R peak in NR and MR under the four SWPs is as follows: type 2 > type 1 > type 3 > type 4. In particular, affected by urban extreme precipitation, the DTR under Type 2 is the largest, while the absolute values of the peak DTRU–R in SR under the four weather patterns are similar and higher than that of in NR and MR. The present work provides evidence that the complex features of levels of urbanization and atmospheric circulation patterns on synoptic scales can modulate the daily variations of DTR. This study’s findings help towards furthering our understanding of the response of DTR in an urban agglomeration to different SWPs via the modulation of local meteorological conditions (e.g., precipitation, SSD, etc.).
Overall, whilst the present paper discusses the dual impact of urbanization factors and SWPs on DTRU–R on the synoptic scale, the influence of changes in the occurrence frequencies of different SWPs at the interannual scale on the long-term trend of DTR requires further exploration.
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