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Abstract

:

In the past century, local-scale warming caused by a strengthening urban heat island effect has brought inevitable systematic bias to observational data from surface weather stations located in or near urban areas. In this study, the land use situation around U.S. Climate Reference Network (USCRN) stations was used as a reference for rural station selection; stations with similar environmental conditions in the U.S. Historical Climatology Network (USHCN) were selected as reference stations using a machine learning method, and then the maximum surface air temperature (Tmax) series, minimum surface air temperature (Tmin) series and mean surface air temperature (Tmean) series of rural stations during 1921–2020 were compared with those for all nearby stations (including both rural and urban stations) to evaluate urbanization effects in the USHCN observation data series of the contiguous United States, which can be regarded as urbanization bias contained in the latest homogenized USHCN observation data. The results showed that the urbanization effect on the Tmean trend of USHCN stations is 0.002 °C dec−1, and the urbanization contribution is 35%, indicating that urbanization around USHCN stations has led to at least one-third of the overall warming recorded at USHCN stations over the last one hundred years. The urbanization effects on Tmax and Tmin trends of USHCN stations are −0.015 °C dec−1 and 0.013 °C dec−1, respectively, and the urbanization contribution for Tmin is 34%. These results have significance for understanding the systematic bias in USHCN temperature data, and they provide a reference for subsequent studies on data correction and climate change monitoring.
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1. Introduction


In the past hundred years, the world has undergone a process of overall climate warming. The Inter-governmental Panel on Climate Change (IPCC) reports show that the observed global climate warming has mainly been caused by human activities related to the emission of greenhouse gases into the atmosphere [1]. However, in the observation data series of surface air temperature, there are still certain systematic biases that may have significantly affected estimates of regional and even global land warming trends [2,3,4]. Among them, urbanization’s effects on observational trends in surface air temperature are one of the most important data biases in large-scale climate change monitoring and studies.



Over the past century, driven by industrial development and other factors, many parts of the world have experienced rapid urbanization. Meanwhile, the impact of urban areas on the surrounding climate and environment is also increasing. On the one hand, the urban heat island (UHI) effect caused by urbanization may be one of the key factors affecting regional climate change [5,6,7,8,9]. On the other hand, it also has impact on the surface air temperature (SAT) observation records of urban weather stations [10,11]. Due to the surrounding urbanization, most of the meteorological observation stations around the world are gradually approaching the urban areas or suburbs of cities. As a result, the temperature information recorded by observation stations also contains enhanced UHI signals, resulting in higher SAT observation values that affect the accuracy of trend estimates based on these data [12]. Therefore, the urbanization effects on SAT data series or systematic urbanization biases contained in SAT data cannot be ignored [13,14,15,16] when studying long time series of global or regional climate change. Only by scientifically evaluating the urbanization bias in SAT data series over the last century can we provide a further understanding of the characteristics and mechanisms of long-term trends in large-scale SAT data from the past.



A large number of studies have shown that there is a certain degree of urbanization bias in current SAT observation data in many parts of the world, especially in China, where most studies show that there are significant urbanization effects on SAT data series in recent decades [2,3,17,18,19,20,21,22]. Similar to, but earlier than, China, the United States has been urbanizing rapidly since the 19th century, driven by industrial developments, and urbanization in the United States had already reached 70% by 1960 [23].



Although there are a lack of uniform conclusions on the urbanization effect on estimating long-term SAT changes in the United States, recent studies have pointed out that the urbanization bias in the historical SAT series is significant. For instance, Connolly et al. (2014) studied the homogenized U.S. Historical Climatology Network (USHCN) data from 1895 to 2010 and found that the difference trends in SAT series between urban and rural stations was 0.05 °C dec−1 [24]. Scafetta (2021) showed that about 25–45% of the reported global surface warming from 1940–1960 to 2000–2020 could be due to non-climatic biases such as urbanization, with North America, Europe, and East Asia having greater urbanization effects [25]. Zhang et al. (2021) evaluated the urbanization bias of the global land air temperature series in 1951–2018 and concluded that the urbanization effect in the annual mean SAT data series was small but significant in North America [26]. Genki et al. (2023) evaluated biases in the homogenized SAT data in the United States and Japan and concluded that the temperature series of the USHCN data set from 1895 to 2022 has a warming trend of 0.0616 °C dec−1, in which the overall urbanization contribution is about 20% [22]. These studies all showed that there is a large urbanization bias in the historical temperature series of the United States in the last hundred years. However, other studies showed that in the USHCN data series, the urbanization effect on the SAT increase was not significant in the past hundred years. Karl et al. (1988) concluded that urbanization effects during the twentieth century accounted for a warm bias of about 0.06 °C in the USHCN data, indicating that the urbanization effect was not large in relation to the long-term changes in SAT in the United States [2]. Hansen et al. (2010) concluded that the effect of urban adjustments on global and US SAT change during 1900–2009 was small [27]. Hausfather (2013) found that the urbanization contribution to the observed warming in the homogenized data set was less than 5% [4]. Of course, there are still uncertainties in these studies. The result that urbanization has no significant effect may be related to the lack of homogenization and correction of air temperature data used by previous studies, as well as different research periods, research methods, station locations or other factors [28,29,30,31].



On the other hand, the U.S. National Climate Reference Network (USCRN) was established by the National Oceanic and Atmospheric Administration (NOAA) in 1998, and it has formulated strict standards for determining the locations of surface weather stations at the time of construction. USCRN stations are basically located in open rural environments and are not affected by buildings and artificial heat sources. As such, they can reflect well the rural environment, and can be regarded as rural reference stations [32]. The SAT data from USCRN stations are generally unaffected by urbanization, reflecting only the overall local background climate change [32,33]. A limitation of the CRN data is their shorter observational series, which cannot be directly used to compare other long-term data series in assessing urbanization effects. However, it is possible that the good environmental conditions of USCRN stations can be utilized to classify HCN stations using machine learning methods by selecting HCN rural stations with similar geographical conditions and land use status to the USCRN stations. The HCN rural stations selected in this way can well represent the rural climatic environment, which will improve the efficiency and accuracy of reference station selection and help to further strengthen the reliability of urbanization effect analysis in the United States.



As mentioned above, meteorological data in the United States are better in terms of station spatial density and series time length, but there are few relevant studies in the U.S. region, especially since there is no consensus on the assessment of urbanization effects in long-term temperature series. In addition, because the current version of HCN data has been homogenized, temperature differences between urban and rural stations in the same region have largely been weakened. Whether there is still urbanization bias in the data, and how much there is, if any, remains to be examined. Therefore, the contiguous United States was taken as the research area, and USHCN data were taken as the research object to investigate urbanization bias in the data.



This study quantitatively assesses the urbanization effect on trends in the extreme and mean temperature data series in the contiguous United States in the last 100 years, applying the homogenized SAT data from USHCN-v2.5 and CRN SAT data. The purpose of this study is to examine to what extent urbanization around the HCN stations has affected the estimates of SAT trends, or how large a systematic bias from urbanization there is on typically used SAT data around the observation stations in the contiguous United States on the whole. Urbanization effects, as shown in the HCN SAT data series itself, are the result of radical land use changes near the observation sites, but we only used the current land use data around the stations as the standard of dividing urban and rural stations, and as the indicator to quantify the urbanization level of each station; the physical relationship between land use change and SAT trends within the study period needs to be further studied in combination with other methods. This analysis can provide a theoretical basis for adjusting for SAT data bias in relation to monitoring, detection, and attributing trends to regional climate change.



The USHCN data are from 1921 to 2020, and the USCRN stations, were used as reference stations to train the model via a machine learning method for selecting long-term rural stations from the USHCN stations. The temperature series of the USHCN (urban + rural) and the rural stations were compared to quantify the urbanization bias in the trend of extreme and mean temperature series. This study can provide a basis for further quantifying urbanization signals contained in the USHCN temperature observation data, and the analysis results can help better understand the actual SAT increase in the United States in the last century and the impact of local environmental change on surface meteorological observation.



The remaining parts of this study are organized as follows: The data sets and methods are introduced in Section 2; the results are presented in Section 3; research significance and additional research needs are discussed in Section 4; and conclusions are provided in Section 5.




2. Data and Methods


2.1. Data Sources


2.1.1. The USHCN Data Set


The USHCN stations were used as the target stations to assess urbanization effects in the SAT data series. Compared with the first edition, the USHCN-v2.5-TOB data set used in this study was homogenized with the PHA method [34], and the previous missing data were interpolated to build a more complete SAT series that was believed to show background climate signals with higher accuracy [4,30]. However, there is a study showing that the urban blending effect may exist in the homogenized data, which may have led to the urbanization bias in the urban SAT series being weakened to a certain extent, but strengthened in the rural stations at the same time, resulting in a net urbanization bias in the USHCN data series [22]. The purpose of this research is to further examine to what extent urbanization effects have still been maintained in the homogenized USHCN data series currently used in monitoring and studies of climate change, and whether or not the homogenization process caused the urban blending effect.



In order to guarantee the data integrity in the reference period (1961–1990) and the two end periods (earlier and recent 20 years) of the study [1], the SAT data series from 1921 to 2020 were used. This stipulation also reduced the total USHCN stations used to 1204.




2.1.2. The CRN Data Set


The CRN is a national climate reference station network established by the NOAA in 1998. The selection criteria for the locations of all stations were strict, taking into account regional and spatial representations to ensure that each station was not affected by local topographic features or small- and medium-scale natural or human factors, and that its environment is unlikely to change for a long time in the future (50–100 years). The network was designed so that there was no need for any inhomogeneity correction or urbanization bias correction for the observed SAT data. Therefore, the data from most CRN stations can well reflect the rural environment and can be regarded as rural reference stations [31,32,33]. Based on the construction conditions and surrounding land use conditions of the CRN stations, this research selected the long-term SAT data series of HCN stations with similar climatic environments as the CRN reference stations by applying a machine learning method.




2.1.3. The LULC Data Set


The European Space Agency (ESA) Climate Change Initiative (CCI) Land Cover project has developed a satellite-based global land-use/land-cover (LULC) product with a spatial resolution of 300 m [35]. The data set contains 38 land-use/land-cover types, including urban land, farmland, grassland, water bodies, tree cover, etc. Based on the percentage of urban land area around the USHCN stations at different spatial scales, it is possible to determine whether the observation equipment of each station is affected by urbanization [11,26].





2.2. Research Methods


2.2.1. Selection of Rural Reference Stations


The CRN stations are not affected by LULC changes, and are expected to be unaffected by urbanization for 50–100 years [32], making them ideal standards for rural reference stations. By referring to CRN station selection conditions and standards and using machine learning methods, this study selected stations with similar geographical conditions and current LULC from a total of 1218 USHCN stations to be the rural reference stations.



	1.

	
Machine learning method







In this study, we used the outlier test method in machine learning to classify the stations, that is, treating urban stations as outliers, and the process of dividing urban and rural stations as a problem of one-class classification (OCC), which is often used to test outliers in machine learning [36]. The “isolation forest” algorithm was used, which is suitable for situations where only one type of information (rural stations) is available. It is mainly used to discover outliers in the data that are inconsistent with the training data set (rural stations) [37,38]. The training phase uses sub-samples of a given training set to build the isolation tree. The evaluation phase passes test instances through the isolation tree to obtain an exception score for each instance, and outliers are tested by determining whether each instance is in a dense distribution area of the training set. For the working principle and composition parameters of the algorithm, please refer to Liu et al. (2008; 2012) [37,38] and Zhang et al. (2021) [26].



	2.

	
Machine learning model







Based on the CRN data and LULC data, we used a machine learning method to select rural stations and marked urban stations as outliers. The percentage of urban land around each station was calculated with 1–12 km as the buffer radius [11,39,40]. The percentage of urban land within the 1–12 km buffer radius of the CRN stations was used as the training data set to fit the machine learning model, and then determine whether an HCN station is located in the dense distribution area of the training data set. If it was, it was judged to be a rural station; otherwise, it was judged to be an outlier, that is, an urban station. Please refer to Zhang et al. [26] for a specific illustration.



	3.

	
The contamination parameter







With the continuous expansion of urban areas in the 21st century, and the increasing impact of human activities on the local climate and environment, some CRN stations inevitably had an increase in the percentage of urban land use in their surrounding areas. Strictly speaking, not all CRN stations can be regarded as rural stations at present. In other words, the training data set itself may be contaminated and may have a small number of outliers. In order to ensure the accuracy of station selection using machine learning, we need to take this situation into account to avoid the negative impact of individual CRN stations with urbanization trend on the training data set by setting appropriate contamination parameters when constructing the station selection model. Referring to the method applied by Zhang et al. [26], comparative experiments were conducted on different contamination parameters, and the results showed that when the contamination parameter was 0.2, the outliers in the simulation results of the training data set in CRN were close to those of the unknown data set, and the number of rural stations in the USHCN data set could thus be determined as 267. The remaining 937 stations could be regarded as urban stations. The specific contamination parameter setting included subjective factors. After each adjustment of the parameter, it was necessary to look at the respective number of classified urban and rural stations and their urban land percentage map. We needed to ensure that the number of rural stations could not be too large or too small. Too many rural stations does not fit the real situation, and too few may lead to a lack of rural stations in many areas, making the research difficult to be carried out. A contamination parameter of 0.2 was a compromise result after our repeated trials.



The urban area percentages around the rural and urban stations for the 1–12 km buffer radius are shown in Figure 1. The urban land percentage around the rural stations classified by machine learning is mostly less than 10%, which well fits the definition of a rural station [11,39]. Therefore, it is reasonable to choose 0.2 as the contamination parameter of the model and to select the rural stations.



The spatial distribution of the USHCN rural stations and urban stations selected by the machine learning method are shown in Figure 2. In the plain regions, the rural stations are relatively sparser due to the more rapid urbanization, but they generally have an even distribution across the study area and can guarantee the overall comparison of the SAT change between all stations and rural stations.




2.2.2. Regional Average


Since the USHCN stations are not strictly evenly distributed in the contiguous United States, the regional average series cannot be calculated with a simple arithmetic average of the station series in the region. In this study, the contiguous United States was divided into a latitude–longitude grid, and the regional mean SAT series was calculated using the spatial area-weighted average method [41].



To eliminate (or attenuate) the effect of altitude in calculating regional mean time series, this research uses the temperature series anomaly ΔTi for the area-weighted average, which is more spatially conservative than when calculated with the actual temperature, and its expression is as follows:


  ∆   T   i   =   T   i   −     T  ¯    i   ,  



(1)




where     T   i     is the actual temperature series of the station and       T  ¯    i     is the average of the time series of the reference period. In this paper, the reference period is 1961–1990, when the data of most stations are relatively complete.



The area weighted average was calculated based on the method used in Jones et al. (1996) [41] and Ren et al. (2023) [42], which applied the cosine value of mid-latitude for each of the latitude–longitude grid cells as weights.



The specific test calculation steps in this research are as follows:




	
Calculating the anomaly: The station SAT series are calculated to form SAT anomalies relative to the reference period (1961–1990).



	
Gridding: Due to the high density of USHCN stations and the regional scale of climate in the contiguous United States, as well as for the convenience of comparison with previous relevant studies, the research area is divided into a 2° × 2° latitude–longitude grid [43,44], and the mean temperature anomalies of all stations in each grid cell are calculated every year to obtain the temperature anomaly series of each grid cell.



	
Regional average: The spatial area-weighted average method is adopted for the calculation, with the cosine of each grid cell’s latitude (the mid-latitude value) used as the weight to obtain the regional average temperature anomalies of the whole research area.









2.2.3. Evaluation Method of Urbanization Effect


The urbanization effects on the estimation of extreme and mean temperature trends in the contiguous United States were evaluated based on monthly mean maximum surface air temperature (Tmax), monthly mean minimum surface air temperature (Tmin), and monthly mean surface air temperature (Tmean) of the USHCN stations.



In order to ensure the integrity of the temperature series to obtain a more accurate estimate of temperature trends and urbanization effects, only the grid cells with at least 80% valid data during the total study period (1921–2020) were selected for use in the study.



Urbanization effects refer to the impacts of urbanization on trends in temperature series of observation stations in or nearby urban areas. Studies have shown that the development of cities is random, and the urbanization effect is not linear in a short period of time [45,46]. In long-term climate change studies, however, the main focus is on long-term temperature trends, and the short-term nonlinear fluctuations can be ignored. Therefore, the urbanization effect is defined here as the linear trend of temperature difference series of all stations and rural stations in the grid cell or study area [47]; its calculation formula is as follows:


  ∆ T =   T   a l l   −   T   r u r a l   ,  



(2)




where Tall is the trend of temperature anomaly series at all stations in the grid, Trural is the trend of temperature anomaly series at rural stations in this grid cell,   ∆ T   is the trend difference of the Tall and Trural, or the trend of difference series between Tall and Trural in the grid cell or whole study region. The unit of urbanization effect is °C per decade (°C dec−1).



The urbanization contribution (Uc) refers to the percentage of urbanization effect to the overall temperature trend of all stations in the grid cell or study region [47], and its calculation formula is as follows:


    U   c   =   ∆ T /   T   a l l     × 100 %  



(3)










3. Results


3.1. Overall Temperature Trend


The SAT of the USHCN stations in the contiguous United States has increased significantly since 1921. The distributions of the overall trend of annual mean Tmax, Tmin, and Tmean of all stations in each grid cell are shown in Figure 3. For the annual mean SAT, the annual mean trend in most grid cells is positive, and it generally ranges from −0.1 to 0.3 °C dec−1. The annual mean Tmax trends are generally between −0.1 and 0.2 °C dec−1, and the annual mean Tmin shows a spatially more consistent warming across the study region, with the trends generally between −0.2 and 0.3 °C dec−1. The Tmin in the eastern coast and the whole western region increased more significantly, while in the southern Gulf Coast it shows a slight cooling trend.



Figure 4 shows the regional annual mean temperature anomaly series for all stations and rural stations. The annual mean SAT trend of the study region in the last hundred years is 0.059 °C dec−1, and the trends of the annual mean Tmax and Tmin in the whole region are 0.022 °C dec−1 and 0.097 °C dec−1, respectively. The inter-annual to decadal variability in SAT at all stations and rural stations are similar and the positive trends in Tmean and Tmin are significant statistically. Although the SAT anomaly differences between the two types of stations are not intuitively visible, but the upward trends of all stations are slightly higher than those of the rural stations for Tmean and Tmin, indicating a possible urbanization effect in the SAT data series of the all stations.




3.2. Urbanization Effect


After selecting the research grid cells according to the above criteria, the time series of the Tmax, Tmin, and Tmean anomalies of all stations and rural stations in each grid cell were arithmetically averaged, and the mean anomaly series of each grid was obtained. According to Formula (2), the urbanization effect of the temperature indices on each grid cell were calculated, and their distributions are shown in Figure 5.



Figure 5a shows that the urbanization effects of the annual mean temperature series in the contiguous United States in the last hundred years are mostly distributed in the range of −0.1~0.2 °C dec−1. The urbanization effect is generally greater in the western areas, but there is no spatially consistent pattern of the positive or negative urbanization effects across the whole contiguous United States.



For the Tmax series, the urbanization effects are mostly distributed in the range of −0.2~0.1 °C dec−1 (Figure 5b), indicating more grid cells with a negative urbanization effect in the Tmax data series of the USHCN. In the eastern, central, and western coastal regions, the Tmax series contains larger positive urbanization effects. In the southern United States near the Gulf of Mexico, there are more grid cells with negative urbanization effects, which may be due to the fact that coastal urban stations are affected by the ocean, and the Tmax responds relatively slowly to the urbanization signal [46]. Some grid cells in the central and western regions also show negative urbanization effects.



In some areas, urbanization leads to an increase in aerosol emissions, which results in a decrease in solar radiation on the surface of the Earth and a small decrease in SAT during the daytime. Especially in the eastern part of the United States, urban pollution is more serious, with aerosol concentrations in urban areas being higher than those in rural areas, and Tmax increases more slowly than that in rural stations, which may have resulted in a negative urbanization effect of Tmax [46]. In addition, in the arid area of central and western regions, as well as the difference in vegetation cover and irrigation between urban and rural areas, may also lead to the negative urbanization effect; that is, the greening and irrigation of urban areas are more than that of rural areas, which makes the Tmax of urban areas in summer rise slower than the surrounding desert areas, thus leading to the negative urbanization effect of Tmax [48,49].



Compared to the Tmax, the urbanization effect on the Tmin trends is more positive and more significant (Figure 5c). The urbanization effects in the last hundred years are mostly distributed in the range of −0.1~0.2 °C dec−1. Larger positive urbanization effects are observed in the northwest and western coastal regions and the southeastern Gulf of Mexico, while the urbanization effect on some grid cells is negative in the central plains and northeastern parts of the study region.



Figure 6 shows the SAT difference series of the regional mean time series between all stations and rural stations, and their trends or urbanization effects for Tmean, Tmax, and Tmin. The difference series of Tmean and Tmin showed a positive trend; urbanization had warming effect on Tmean and Tmin. However, the difference series of Tmax showed a negative trend, with urbanization having a cooling effect on Tmax of the contiguous United States in the last century.



The region-averaged urbanization effect in the annual mean temperature series in the contiguous United States is estimated to be 0.002 °C dec−1 (p < 0.1), and the region-averaged urbanization effects in the Tmax and Tmin temperature series in the study region are −0.015 °C dec−1 (p < 0.05) and 0.013 °C dec−1 (p < 0.05), respectively.




3.3. Urbanization Contribution


According to Formula (3), the annual mean urbanization contribution in each grid cell and in the contiguous United States on the whole were calculated, and their distribution is shown in Figure 7. The region-averaged annual mean SAT urbanization contribution is estimated to be 35%, despite the region-averaged annual mean urbanization effect being only marginally significant. The urbanization contribution for the annual mean Tmin in the whole region is 34%. However, urbanization has caused a cooling change in the annual mean Tmax in the study region on the whole, while the overall trend in annual mean Tmax is positive. In this case, the urbanization contribution was not calculated and shown.



The results show that, although the homogenization method in Menne et al. (2009) [34] may have produced the urban blending effect, leading to the non-representativeness in the selected rural stations, there is still an urbanization bias to a certain extent in the existing USHCN homogenized data set. The urbanization around the USHCN stations has led to at least one-third of the overall warming in terms of the annual mean SAT change, as recorded at USHCN stations over the last one hundred years.



As shown in Figure 7a, the urbanization contribution to the annual mean temperature trend is relatively small in the central region, while it is larger in the eastern and western coastal areas. In addition, larger urbanization contribution can also be observed in the central plain region. From Figure 7b, a larger urbanization contribution for the annual mean Tmin can be observed in the western and northeastern contiguous United States, while the central and southern plains see a relatively small value.



The results of the study for each temperature index mentioned above are summarized in Table 1.





4. Discussion


The above results show that urbanization has a certain impact on the surface air temperature series in the contiguous United States in the last hundred years, but the magnitude of the urbanization effect differs among SAT indices and regions. The urbanization effect in the Tmin series is larger than that in the Tmean series. However, in contrast to previous studies, the research object of this paper was the USHCN-v2.5-TOB data set as a whole instead of each USHCN station; for our research method, this study introduced a machine learning method to select rural stations, with a more objective, comprehensive and diversified consideration of the local environment around the stations [26]. In addition, it is worth noting that, in this study, the current land use data around the stations were only taken as a reference to divide urban and rural stations and quantify the urbanization level around each station. Although land use change is one of the major factors causing urbanization effects, the physical relationship between land use change and SAT change has not been analyzed. This needs to be examined in combination with other methods in the future.



4.1. Comparison with Other Relevant Studies


Similar to the conclusions of this study, previous studies have shown that, since the early 20th century, urbanization bias in the historical SAT data series of the United States has been roughly in the range of 0.04~0.06 °C dec−1, and the contribution of urbanization is around 20% [22,24,25,26]. However, there are also some studies indicating that the urbanization effect on SAT trends in the United States is not significant and may only account for 5% of the total SAT increase in the last hundred years (e.g., Karl et al. (1988); Hansen et al. (2010)) [2,27,28,29,30]. The data and methods used and the study areas of the above-mentioned studies are different, so the obtained results are also different and cannot be strictly comparable. However, the largest potential factor influencing the results is the method used to select rural stations.



The division of urban and rural stations in previous studies is mostly based on individual indicators such as satellite nightlights, impermeable surfaces, and population growth [4,27]; the selection standards are relatively subjective, and there is a lack of diversified and comprehensive consideration of the climatic environments around the stations. However, the machine learning based station selection method used in this study mainly divides urban and rural stations according to the percentage of urban land use in the buffer zone of 1–12 km radius around the station, and has a more precise and detailed consideration of the surrounding environment of each station. It can produce a more representative reference data series of stations and can be used to more objectively assess the urbanization effect in the regional SAT data series. This is the reason that a larger urbanization effect has been detected in this study in the homogenized USHCN data, although the urban blending effect may have existed in the process of data homogenization [34].



In future studies, the urbanization degree of each station can be defined according to the percentage of urban land use at different buffer radii, and the relationship between urbanization degree (or urban size) and urbanization bias can be examined. In addition, different from previous studies, this study made full use of USCRN network data, and made use of the high representativeness of the CRN stations in rural climate environment to re-classifies USHCN stations into urban and rural stations. This not only provides a new theoretical and methodological basis for the identification and classification of urban and rural stations in future relevant research, but also provides a favorable reference for the construction and planning of reference climate station networks in other regions.



On the whole, the new findings reported in this study can help deepen our understanding of the biases in the homogenized USHCN SAT data. This will be helpful for future regional climate change monitoring, climate model evaluation, climate policy formulation, and the construction of national reference climate station networks.




4.2. Limitations of the Study


4.2.1. Limitations of Research Methods


In terms of station selection, the machine learning methods used in this study still have room for improvement. In the machine learning model constructed in this study, the determination of the contamination parameter can still be improved. As mentioned in the Research Methods section, the surrounding environments of some CRN stations changed since the establishment of the stations. Although this number is small, the urban land area around some CRN stations still accounts for more than 10%, indicating that the training data set itself was affected by urbanization to a certain extent. However, it is difficult to determine the proportion and extent of the urbanization effect of CRN stations, which often needs to be estimated by referring to other relevant studies and research experience. In this study, 0.2 was selected as the model contamination parameter. The urban land percentage around the rural stations is mostly less than 10%, meeting the criteria for rural stations [11], and the distribution of rural stations is relatively uniform, so the selection of this contamination parameter is reasonable, although the urbanization bias assessment results in this research should be relatively conservative, due to this compromise, to determine the contamination parameter and to select the rural stations.



In terms of SAT trend estimation, the methods used in this study still have room for improvement. Studies have shown that the urbanization effect is not linear in a period of time, because the influence of landscape alterations is non-linear [50,51]. However, most of the urbanization bias assessment methods widely used at present treat the urbanization effect as a linear trend and correct the systematic bias in SAT series by evenly allocating the cumulative urbanization effect to each year of the data series. Therefore, there are still uncertainties in the current assessment methods. In view of these problems, future studies will consider combining new statistical models and methods, including spatiotemporal weighted regression method, to conduct more detailed assessment of urbanization effects and improve the results of urbanization bias assessment. In addition, the synergic influence of land use, population, aerosol emission, natural variability of climate and other factors on UHI and the urbanization bias will be examined by combining various data sets, so as to establish more accurate historical air temperature data series.




4.2.2. Uncertainty of Research Data


In addition, the USHCN-v2.5 data set used in this paper was homogenized, and the pairwise homogenization algorithm (PHA) method used in the homogenization process may have yielded an urban blending effect [34]; that is, the urbanization bias in the temperature series of urban stations was weakened, while that of rural stations was strengthened to a certain extent, which also resulted in relatively small urbanization effects in the assessment results, as compared to those reported in China (e.g., Yang et al., 2011; He et al., 2023) [18,52]. A possible reason for the urban blending effect is that during the process of homogenization, the selected reference stations included both urban and rural stations, and the trend was revised to a certain extent when revising the break point in the series; in other words, the higher temperature trend of an urban station was reduced to be consistent with that of the rural reference station, and the smaller warming trend of a rural reference station was adjusted to be consistent with that of the urban target station. This would result in a temperature trend of the urban and rural stations that eventually tends to close an average value. In this case, the urbanization effect in the homogenized data series was weakened to a certain extent [52]. Therefore, the real urbanization effect in the USHCN data set would be larger if the SAT trends at the rural stations had not been increased due to the urban blending effect in the data homogenization process. However, our analysis shows that on the whole, the USHCN-v2.5 data still overestimate large-scale regional warming to some extent. This is meaningful for future climate change research and assessment, which helps us realize the uncertainties in estimating climate trends in the USHCN data, and can provide a data analysis reference for future climate model assessment and large-scale climate change monitoring. The IPCC’s lower estimate of urbanization bias in the global temperature data based on homogenized temperature records may have been caused by the urban blending effect [21].



Since the main purpose of this study was to evaluate the systematic bias of urbanization in the currently applied USHCN data set, the rationality of the homogenization method was not considered here. However, the possible urban blending effect on trends of rural stations in the data homogenization process may have led to further underestimations of urbanization effects in the latest homogenized USHCN data series. These issues need to be investigated in future research.



In future studies, urbanization effect assessment can be performed using different homogenized USHCN data, including the original SAT data. Facilitated comparisons with relevant studies in China and other regions are also needed. In terms of methods, when screening stations and grid points, there are still blank grid cells or missing data in some areas. There is a need to adjust the station screening criteria, or to combine other station screening methods to obtain a more ideal spatial distribution of stations.






5. Conclusions


In this study, we used a machine learning method (the “isolated forest” algorithm) to select rural stations from the USHCN stations and assessed urbanization effects on the Tmax, Tmin and Tmean series of all the USHCN stations in the last hundred years. The following conclusions were drawn:




	
Since 1921, the urbanization effects in the latest homogenized Tmean, Tmax, and Tmin data series in the contiguous United States are 0.002 °C dec−1, −0.015 °C dec−1 and 0.013 °C dec−1, respectively, and the urbanization contributions are 35% and 34% for Tmean and Tmin, respectively.



	
The urbanization effects are roughly distributed within −0.1~0.2 °C dec−1 for the annual mean Tmean, with about half of the grid cells showing an urbanization warming effect. Urbanization effects are distributed within −0.2~0.3 °C dec−1 for the annual mean Tmin series, and they are positive in most regions, with positive urbanization effects that are most extensive in the northwestern, western and southeastern coastal areas.



	
For Tmean, Tmax and Tmin, the urbanization effects in the eastern and western coastal areas of the United States are generally more significant. However, there are also some grid cells with negative urbanization effects, among which the negative effect of Tmax is the most significant.








There are uncertainties in the conclusions of this study. They may be caused by the urban blending effect due to the data homogenization method used, the uneven distribution of stations and grid cells due to the station selection criteria, and the relatively subjective method of selecting contamination parameters for the machine learning model. In spite of these uncertainties, the analysis results can help us in understanding systematic bias of SAT data in the United States and provide a basis for further adjustments of the data for use in climate change monitoring and detection.
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Figure 1. Percentages of urban land of (a) USHCN rural stations and (b) USHCN urban stations at buffer radii of 1–12 km. r1-r12 on the X-axis label refer to buffer radii of 1-12km around the stations respectively. 
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Figure 2. Distribution of the selected USHCN urban stations (red) and rural stations (blue) when the contamination parameter is set as 0.2. 
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Figure 3. Distributions of the grid-averaged annual SAT trends for (a) mean temperature (Tmean), (b) mean maximum temperature (Tmax), and (c) mean minimum temperature (Tmin). 
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Figure 4. Regional ave