
1 
 

A high-resolution (0.05°) global seamless continuity record (2002–
2023) of near-surface soil freeze-thaw states via passive microwave 
and optical satellite data 
Defeng Feng1,2, Tianjie Zhao1,2, Jingyao Zheng1, Yu Bai1, Youhua Ran2,3, Xiaokang Kou4,5, Lingmei 
Jiang6, Ziqian Zhang6, Pei Yu7, Jinbiao Zhu8,9,10, Jie Pan8,9,10, Jiancheng Shi11, Yuei-An Liou12 5 
1National Key Laboratory of Remote Sensing and Digital Earth, Aerospace Information Research Institute, Chinese Academy 
of Sciences, Beijing 100101, China 
2University of Chinese Academy of Science, Beijing 100049, China 
3State Key Laboratory of Cryospheric Science and Frozen Soil Engineering, Heihe Remote Sensing Experimental Research 
Station, Northwest Institute of Eco-Environment and Resources, Chinese Academy of Sciences, Lanzhou 730000, China 10 
4School of Civil Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China 
5Key Laboratory of Roads and Railway Engineering Safety Control, Shijiazhuang Tiedao University, Ministry of Education, 
Shijiazhuang 050043, China 
6National Key Laboratory of Remote Sensing and Digital Earth, Jointly Sponsored by Beijing Normal University and 
Aerospace Information Research Institute of Chinese Academy of Sciences, Faculty of Geographical Science, Beijing Normal 15 
University, Beijing 100875, China 
7School of Geospatial Engineering and Science, Sun Yat-sen University, Zhuhai 519082, China 
8Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China 
9Aeronautical Remote Sensing Center, Chinese Academy of Sciences, Beijing 100094, China 
10School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of Sciences, Beijing 20 
101408, China 
11National Space Science Center, Chinese Academy of Sciences, Beijing 100190, China 
12Hydrology Remote Sensing Laboratory, Center for Space and Remote Sensing Research, National Central University, 
Taoyuan 320317, China 

Correspondence to: Tianjie Zhao (zhaotj@aircas.ac.cn) 25 

Abstract. The global near-surface soil freeze-thaw (FT) states are crucial for understanding complex interactions with 

hydrological, ecological, and climatic processes. However, current remote sensing of FT states primarily relies on passive 

microwave remote sensing, which, despite its all-weather monitoring capabilities, suffers from low spatial resolution. This 

limitation restricts its application to hydroclimatological scales, precluding its use in finer-scale studies such as soil erosion 

and hydrometeorological applications. To address this, this study introduces a novel downscaling approach that integrates 30 

passive microwave and optical satellite data to generate a long-term (2002–2023), high-resolution (0.05°) dataset of global 

near-surface FT states, ensuring daily seamless continuity. The dataset was validated against in situ measurements, 

demonstrating that the high-resolution product maintains an overall accuracy of 83.78%, consistent with the coarse-resolution 

microwave-based dataset, while offering enhanced spatial detail. Comprehensive global trend analyses provided new insights 

into the dynamics of FT cycles, revealing that the average annual number of frost days in regions north of 45°N is 187.8 ± 35 

12.7 days, with 14.35% of the area showing a decreasing trend in frozen persistence. Additionally, the average annual number 

of freeze onset dates is 240.3 ± 7.2, and 9.10% of the area exhibits a trend of delayed freeze onset. The high-resolution record 
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enables accurately monitoring FT states and providing detailed information, for a refined understanding of hydrological and 

ecological effects globally. The global 0.05° near-surface soil FT state dataset is freely available at 

https://doi.org/10.11888/Cryos.tpdc.301551 (Zhao et al., 2024b).  40 

1 Introduction 

Frozen ground, including permafrost and seasonally frozen ground, covers nearly 66 million km2, accounting for 52.5% of the 

total global land surface area (Kim et al., 2011; McDonald and Kimball, 2006). Most of these regions experience seasonal 

freeze-thaw (FT) state cycles, which refer to the phase transition between water and ice in the soil pores of surface layers 

(Zhang et al., 2010). These FT state cycles significantly impact on surface runoff, energy balance, and carbon cycling (Kimball 45 

et al., 2004; Wang et al., 2024), thereby influencing climate (Peng et al., 2016; Poutou et al., 2004), hydrological (Gouttevin 

et al., 2012; Gray et al., 1985), ecological (Black et al., 2000) and biogeochemical processes (Panneer Selvam et al., 2016; 

Schaefer et al., 2011; Xu et al., 2013). Therefore, the dynamics of surface soil FT states are recognized as a significant indicator 

of global climate warming, with broad implications for the Earth’s environment and human society (Beer et al., 2018; Yang et 

al., 2013).  50 

Over the past few decades, numerous studies have focused on detecting soil FT status. Although many traditional methods 

based on in situ observations offer advantages in terms of accuracy and reliability (Wei et al., 2011; Cary et al., 1979; Zhang 

et al., 2007), their labor-intensive nature, coupled with sparse spatial coverage and limited representativeness, restricts their 

ability to meet the comprehensive requirements of frozen ground research. In contrast, satellite remote sensing offers an 

effective and rapid alternative, providing extensive spatial and temporal coverage for monitoring FT status.  55 

Due to the critical importance of monitoring global surface FT states in hydroclimatology research, FT has been identified as 

an Essential Climate Variable (ECV) by the Global Climate Observation System (GCOS) (Bojinski et al., 2014). FT cycles 

occur frequently and are highly spatially heterogeneous due to variations in topography, vegetation, soil properties, and snow 

characteristics (Chang et al., 2015; Jiang et al., 2020). As a result, the GCOS has specified explicit requirements for FT 

estimation. While an ideal spatial resolution of 1 km and a temporal resolution of 6 hours are recommended, the application 60 

of FT monitoring can be improved if FT records achieve a spatial resolution of 10 km and daily temporal resolution. However, 

current remote sensing techniques are unable to directly meet these requirements for monitoring FT dynamics. 

Satellite microwave remote sensing methods are less susceptible to potential degradation from solar illumination effects and 

atmospheric cloud/aerosol contamination, while remaining sensitive to changes in landscape dielectric properties due to liquid 

water content variations in soils. This characteristic makes them highly applicable in consistent FT detection (England, 1990; 65 

Kou et al., 2017; McDonald et al., 2004b; Wu et al., 2022; Zhao et al., 2014). Passive microwave remote sensing is an effective 

technique for monitoring global surface FT processes owing to radiometers’ shorter revisit intervals and larger coverage areas 

(Kim et al., 2011; Kou et al., 2017; Zuerndorfer and England, 1992). Additionally, it can detect microwave radiation from 

specific depths within the surface soil and is sensitive to changes in soil dielectric properties, thereby enhancing its applicability 
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in FT detection (McDonald et al., 2004b). In recent years, with the development of new-generation passive microwave 70 

radiometers, various corresponding FT discrimination algorithms have been constructed, including the dual-index algorithm 

(Han et al., 2015; Judge et al., 1996; Zuerndorfer and England, 1992; Zuerndorfer et al., 1990), the decision tree algorithm (Jin 

et al., 2009), the discriminant function algorithm (DFA) (Hu et al., 2019; Kou et al., 2017, 2018; Zhao et al., 2011), the seasonal 

threshold method (Kim et al., 2011) and the polarization ratio(PR)-based algorithm (Rautiainen et al., 2016; Roy et al., 2015). 

However, the relatively coarse spatial resolution of current passive microwave radiometers limits the retrieval of high-75 

resolution information (Chai et al., 2014; Han et al., 2015; Zhao et al., 2011; Zhou et al., 2016). Moreover, spatial heterogeneity, 

often caused by mixed pixels resulting from the coarse spatial resolution, introduces uncertainty into FT data derived from 

passive microwave remote sensing.  

Optical remote sensing techniques provide high spatial resolution information, such as land surface temperature (LST), which 

can be used to infer surface FT states. For example, the Moderate Resolution Imaging Spectroradiometer (MODIS) on Aqua 80 

and Terra satellites provides LST products with high accuracy, potentially allowing for monitoring global FT states. However, 

LST primarily reflects the linear changes in temperature during the FT process and cannot capture the abrupt changes in 

dielectric properties that occur between the frozen and thawed soils. In addition, these products are significantly affected by 

discontinuities in coverage due to cloud contamination, vegetation, and snow cover (Cary et al., 1979; Langer et al., 2013; 

Chen et al., 2021; Running, 1998). Recent research focus is exemplified by efforts to generate seamless datasets (Li et al., 85 

2018; Yao et al., 2023; Yu et al., 2022; Zhang et al., 2022, 2020; Zhao et al., 2024a). 

Active microwave sensors, divided into radars and scatterometers, receive backscattering coefficients as the echo signals, 

which are primarily related to soil structure and dielectric properties. Active microwave remote sensing, particularly through 

synthetic aperture radars (SARs), provides observations of landscape FT states at resolutions on the kilometer scale or finer. 

Consequently, many active microwave FT discrimination algorithms have been developed, including the FT threshold value 90 

method (Du et al., 2015; Kim et al., 2012; Kimball et al., 2004; Way et al., 1997), a change detection algorithm (Frolking et 

al., 1999), and an edge detection algorithm (Canny, 1986; McDonald et al., 2004a). However, most satellite-based SARs have 

longer revisit periods than passive microwave radiometers, preventing them from meeting the temporal resolution requirements 

of FT monitoring. 

Existing methods fall short in fulfilling the scientific requirements for high-resolution detection of FT states and are 95 

predominantly dependent on microwave observations. To overcome these limitations, downscaling techniques based on multi-

source data fusion have been proposed (Giorgi and Mearns, 1991; Hanssen-Bauer et al., 2005; Xu et al., 2019). Among these, 

statistical downscaling methods (Bierkens et al., 2000; Vaittinada Ayar et al., 2016) are commonly applied in high-resolution 

monitoring studies (Fan et al., 2005; Hertig and Jacobeit, 2008), which quickly establish statistical or empirical relationships 

between downscaling predictors and predictands, thereby enabling the reconstruction of coarse-resolution data at finer scales. 100 

This has inspired researchers to integrate multi-source remote sensing data, leveraging the high sensitivity of passive 

microwave signals to FT dynamics and the finer spatial details of optical datasets (Zhao et al., 2017). 
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The detection of frozen and thawed soil can rely on two critical characteristics: temperatures below 0 °C and the presence of 

ice. Therefore, remote sensing observations can be utilized to infer these conditions by monitoring the physical temperature 

and liquid water content. Microwave and optical remote sensing each offer distinct advantages in this context. Microwave 105 

observations are extensively employed to detect FT dynamics through various discrimination algorithms. In particular, the 

DFA has proven to be highly effective in generating consistent, long-term, daily global FT state products. This algorithm, 

which utilizes brightness temperature (TB) data from the Advanced Microwave Scanning Radiometer for EOS (AMSR-E) and 

its successor, the Advanced Microwave Scanning Radiometer 2 (AMSR2), has demonstrated both high validation accuracy 

and reasonable consistency (Hu et al., 2019; Wang et al., 2019a). One of the key discriminant indicators in this algorithm is 110 

TB at 36.5 GHz due to its strong correlation with LST. The other important indicator is the quasi-emissivity (Qe), the ratio 

between TB at 18.7 GHz and TB at 36.5 GHz, which captures the variations in landscape dielectric properties (ice/water 

content) across different FT conditions (Zhang et al., 2010; Zhao et al., 2011). Despite its strengths in physical mechanisms, 

the coarse spatial resolution of passive microwave sensors constrains its application in detailed monitoring. In comparison, 

optical remote sensing provides data with high spatial resolution, offering an alternative for detecting detailed FT states. A 115 

previous study attempted to generate high-resolution FT maps, but the optical data used were restricted to LST and did not 

incorporate parameters characterizing soil ice/water content. (Hu et al., 2017). The apparent thermal inertia (ATI), derived 

from optical data, has been shown to effectively monitor soil moisture conditions (Qin et al., 2013; Song and Jia, 2016; Van 

Doninck et al., 2011; Veroustraete et al., 2012; Verstraeten et al., 2006). Thus, integrating ATI into data fusion might further 

enhance the ability to generate high-resolution FT records (Liang et al., 2024; Yao et al., 2023; Yu et al., 2022; Zhang et al., 120 

2022). 

The objective of this study is to enhance the spatial resolution of FT detection products without compromising the accuracy of 

passive microwave-based FT products, as derived from AMSR-E/2 TB data through the DFA. To achieve this enhancement, 

the study employs downscaling indicators, specifically the MODIS-based LST and ATI, which serve to encapsulate soil 

moisture information. Both the original coarse-resolution and the resultant high-resolution FT records were validated by in 125 

situ soil temperatures, thereby facilitating an assessment of accuracy variations post downscaling. Subsequent trend analyses 

of the high-resolution FT records were conducted to reflect the detailed dynamics of FT states. The resultant downscaled, high-

resolution FT states align with the expanding spatial and temporal resolution requirements of GCOS for FT monitoring, thereby 

providing a valuable tool in cryospheric and ecological studies. 

2 Data 130 

2.1 AMSR-E and AMSR2 brightness temperature 

The near-surface FT downscaling method integrates data from passive microwave and optical remote sensing. TB observations 

from passive microwave sensors were obtained from AMSR-E and its successor, AMSR2. AMSR-E, which was carried on 

NASA’s Aqua satellite, operated from May 2002 to October 2011 and provided six microwave bands (6.9, 10.65, 18.7, 23.8, 
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36.5, and 89 GHz), each available in both horizontal (H) and vertical (V) polarization (Cho et al., 2017). AMSR2, launched in 135 

May 2012 and mounted on Japan Aerospace Exploration Agency’s (JAXA’s) Global Change Observation Mission-Water 1 

(GCOM-W1) satellite, retains most of AMSR-E’s physical properties, except for a larger antenna reflector and an extra C-

band channel (7.3 GHz) (Cho et al., 2017). Both sensors share the same spatial resolution of 0.25° and provide measurements 

at 13:30 (ascending) and 1:30 (descending) local time at the equator. This study utilized TB data from the 18.7H and 36.5V 

channels of the AMSR-E/2 Level-3 TB standard product to discriminate near-surface FT states at a 0.25° grid resolution. All 140 

available TB data from 2002 to 2023 were utilized, excluding the missing observations between AMSR-E and AMSR-2. 

2.2 Global spatiotemporally continuous MODIS LST dataset 

The spatiotemporally continuous MODIS LST dataset was utilized in this study, derived from two products: MODIS/Terra 

LST Daily L3 Global 0.05° CMG (MOD11C1) and MODIS/Aqua LST Daily L3 Global 0.05° CMG (MYD11C1). These 

products are separately obtained from the Terra and Aqua satellites, both of which cross the equator at the local time of 13:30 145 

and 01:30 during ascending and descending orbits, respectively. However, cloud contamination introduces data gaps in these 

products. To address this issue, a data interpolation and reconstruction method was applied, enabling the generation of 

spatiotemporally continuous LST records. Furthermore, the clear-sky LSTs were corrected to all-weather LSTs, enabling the 

retrieval of more realistic information (Yu et al., 2022; Zhao and Yu, 2021). These datasets under clear-sky and all-weather 

conditions exhibit satisfactory accuracy and are therefore suitable for high-resolution optical remote sensing inputs in the 150 

development of the downscaling algorithm. 

2.3 GLASS Albedo 

Spatiotemporally continuous land surface albedo products are essential for estimating global ATI, as outlined in the 

Introduction. In this study, we used the GLASS02B06 dataset, which is part of the Global Land Surface Satellite (GLASS) 

project. The GLASS albedo series demonstrates accuracy comparable to that of the MODIS MCD43 albedo product, validated 155 

against FLUXNET site observations (Liu et al., 2013). Furthermore, GLASS albedo products address spatial gaps arising from 

cloud contamination and snow cover, thereby ensuring seamless and continuous products. This study employed the long-term 

clear-sky albedo dataset from GLASS02B06, which captures surface albedo at a 0.05° spatial resolution and provides new 

data every 8 days. 

2.4 Land cover maps 160 

In this study, the ancillary land cover maps were derived from the MODIS Land Cover Type CMG Yearly L3 Global 0.05° 

(MCD12C1) dataset (Friedl and Sulla-Menashe, 2022). With a spatial resolution of 0.05°, this dataset aligns with the resolution 

of the optical datasets mentioned earlier. It follows the 17-class International Geosphere-Biosphere Programme (IGBP) 

classification framework, as summarized in Table 1. The land cover dataset, illustrated in Fig. 1, was specifically utilized to 
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identify snow- and ice-covered areas as well as urban and built-up regions. Furthermore, the corresponding type percentage 165 

dataset was used to filter out pixels dominated by large water bodies, which were then explicitly marked in the FT data record. 
Table 1 IGBP land cover classification framework. 

value 
IGBP Classes 

value 
IGBP Classes 

Abbreviated name Full name Abbreviated name Full name 
0 WAT Water Bodies 9 SAV Savannas 

1 ENF Evergreen Needleleaf Forest 10 GRL Grasslands 

2 EBF Evergreen Broadleaf Forest 11 PWL Permanent Wetlands 

3 DNF Deciduous Needleleaf Forest 12 CRL Croplands 

4 DBF Deciduous Broadleaf Forest 13 URB Urban and Built-Up 

5 MXF Mixed Forest 14 CRM Cropland Mosaics 

6 CSH Closed Shrubland 15 SNI Snow and Ice 

7 OSH Open Shrubland 16 BSV Barren/Sparsely Vegetated 

8 WSA Woody Savannas    

2.5 In situ soil temperature 

Validation of the downscaled FT dataset was conducted using soil temperature measurements obtained from 41 dense 

observation networks and three sparse networks (SCAN, SNOTEL, USCRN). Among these, 42 networks were provided by 170 

the International Soil Moisture Network (ISMN), a global collaboration that delivers in situ measurements of soil moisture 

and related variables (Dorigo et al., 2013, 2021). Additionally, two networks (Naqu and Pali) were obtained from the Tibetan 

Plateau Observatory (Tibet-Obs), which focuses on plateau-scale monitoring of soil moisture and temperature (Su et al., 2011; 

Zhang et al., 2021a, b). Although the sampling time points vary across networks, the measurements are consistently conducted 

at hourly intervals. This study selected long-term in situ soil temperature data from 1,027 stations within 44 global networks 175 

at a depth of 0–5 cm. Fig. 1 illustrates the spatial distribution of these stations. 
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Figure 1: ISBP global land cover map for 2019, depicting the spatial distribution of ground measurement sites within the ISMN and 
Tibet-Obs networks. 180 

2.6 Data pre-processing 

The inter-calibration of different satellite instruments is for establishing consistent data records of Earth’s environment 

(Chander et al., 2013). Although AMSR-E and AMSR2 share numerous similarities, calibrating these two sensors is necessary 

due to a 5 K difference in observed TB caused by different calibration procedures and other issues (Okuyama and Imaoka, 

2015). Hu et al. (2019) introduced an inter-calibration linear model utilizing overlapping TB observations and the least squares 185 

method. This inter-calibration model was applied to TB data at the 18.7 GHz and 36.5 GHz bands, generating a long-term 

passive microwave TB dataset. The inter-calibration model equations are as follows: 

𝑇𝑇𝑇𝑇AMSRE_18.7H = 1.0189 × 𝑇𝑇𝑇𝑇AMSR2_18.7H − 5.2717 ,        (1) 

𝑇𝑇𝑇𝑇AMSRE_18.7V = 1.0577 × 𝑇𝑇𝑇𝑇AMSR2_18.7V − 16.2042 ,       (2) 

𝑇𝑇𝑇𝑇AMSRE_36.5H = 1.0073 × 𝑇𝑇𝑇𝑇AMSR2_36.5H − 4.7723 ,        (3) 190 

𝑇𝑇𝑇𝑇AMSRE_36.5V = 1.0135 × 𝑇𝑇𝑇𝑇AMSR2_36.5V − 6.3914 ,        (4) 

where 𝑇𝑇𝑇𝑇AMSRE_18.7H  and 𝑇𝑇𝑇𝑇AMSR2_18.7H  denote TB at 18.7 GHz in horizontal polarization, obtained from AMSR-E and 

AMSR2, respectively. 𝑇𝑇𝑇𝑇AMSRE_18.7V and 𝑇𝑇𝑇𝑇AMSR2_18.7V correspond to vertical polarization at the same frequency. Other terms 

in the equations follow the same conventions. 
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To meet the requirements of daily ATI estimation, a linear interpolation method was employed to transform the GLASS 8-day 195 

shortwave clear-sky albedo datasets into daily data (Sohrabinia et al., 2014).  

3. Methodology 

3.1 FT discrimination from passive microwave observations 

The DFA is a surface FT discrimination method developed using AMSR-E and AMSR2 data, demonstrating high accuracy 

compared to existing FT products. Near-surface FT variations are closely associated with soil temperature and moisture, which 200 

are reflected by the TB at 36.5 GHz in vertical polarization (𝑇𝑇𝑇𝑇36.5V) and the “Quasi-emissivity” (Qe). Qe is defined as the 

ratio of the TB at 18.7 GHz in horizontal polarization (𝑇𝑇𝑇𝑇18.7H) to 𝑇𝑇𝑇𝑇36.5V, serving as a representative measure of soil water 

content. Therefore, 𝑇𝑇𝑇𝑇36.5V and Qe were selected as key parameters for FT discrimination (Zhao et al., 2011). Additionally, 

the DFA is parameterized to separately detect FT status during ascending and descending orbits (Wang et al., 2019b), as 

expressed by the following equations: 205 

𝐹𝐹𝑇𝑇𝐹𝐹A = −0.123 × 𝑇𝑇𝑇𝑇36.5V + 11.842 × 𝑄𝑄𝑄𝑄 + 20.650 ,       (5) 

𝐹𝐹𝑇𝑇𝐹𝐹D = −0.209 × 𝑇𝑇𝑇𝑇36.5V + 9.384 × 𝑄𝑄𝑄𝑄 + 43.697 ,        (6) 

𝑄𝑄𝑄𝑄 = 𝑇𝑇𝑇𝑇18.7H
𝑇𝑇𝑇𝑇36.5V

 ,            (7) 

where 𝐹𝐹𝑇𝑇𝐹𝐹A and 𝐹𝐹𝑇𝑇𝐹𝐹D represent the FT status for ascending and descending orbits, respectively. Through these equations, a 

long-term 0.25° FT record was generated using AMSR-E and AMSR2 TB data. 210 

3.2 Estimation of apparent thermal inertia 

ATI, as a substitute indicator for thermal inertia (TI), has proven effective in monitoring soil moisture conditions, thereby 

facilitating the downscaling of coarse-resolution FT states (Qin et al., 2013; Song and Jia, 2016; Van Doninck et al., 2011; 

Veroustraete et al., 2012; Verstraeten et al., 2006). ATI quantifies the temperature rise due to the Earth’s surface absorbing 

radiant energy. Given that water has a relatively large heat capacity, higher soil water content provides greater resistance to 215 

external thermal fluctuations (Qin et al., 2013). 

In this study, ATI is introduced as an indicato of soil moisture and is calculated as follows:  

𝐴𝐴𝑇𝑇𝐹𝐹 = 𝐶𝐶 1−𝑎𝑎0
𝐷𝐷𝑇𝑇𝐷𝐷

 ,            (8) 

where 𝑎𝑎0 is the actual surface albedo, derived from interpolated daily surface albedo data. 𝐶𝐶 denotes the solar correction factor, 

which accounts for spatial and temporal variations in solar flux due to latitude and solar declination. The diurnal LST cycle's 220 

amplitude, denoted as 𝐷𝐷𝑇𝑇𝐴𝐴, represents the largest variation in LST observed within a single day. 

𝐶𝐶 is calculated as follows: 
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C = sinφ sin δ (1 − tan2 φ tan2 δ)1/2 + cosφ cos δ arccos(− tanφ tan δ) ,     (9) 

where 𝜑𝜑 is the latitude and 𝛿𝛿 represents the solar declination, calculated by: 

δ = 0.006918 − 0.399912 cos(Γ) + 0.070257 sin(Γ) − 0.006758 cos(2Γ) + 0.000907 sin(2Γ) − 0.002697 cos(3Γ) +225 

0.00148 sin(3Γ) ,           (10) 

where Γ represents the day angle, given by:  

Γ = 2𝜋𝜋(𝑛𝑛𝑑𝑑−1)
365.25

 ,            (11) 

and 𝑛𝑛𝑑𝑑 is the day number of the year. 

The daily LST amplitude 𝐷𝐷𝑇𝑇𝐴𝐴 in Eq. (8) can be calculated as: 230 

𝐷𝐷𝑇𝑇𝐷𝐷
2

= 𝑛𝑛∑ cos(𝜔𝜔𝑡𝑡𝑖𝑖−𝜓𝜓)𝑇𝑇𝑖𝑖
𝑛𝑛
𝑖𝑖=1 −𝑛𝑛∑ cos(𝜔𝜔𝑡𝑡𝑖𝑖−𝜓𝜓)∑ 𝑇𝑇𝑖𝑖

𝑛𝑛
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=1

𝑛𝑛∑ cos(𝜔𝜔𝑡𝑡𝑖𝑖−𝜓𝜓)𝑛𝑛
𝑖𝑖=1 −�∑ cos(𝜔𝜔𝑡𝑡𝑖𝑖−𝜓𝜓)𝑛𝑛

𝑖𝑖=1 �2
 ,        (12) 

where 𝑇𝑇𝑖𝑖  is the LST recorded at time 𝑡𝑡𝑖𝑖, 𝜔𝜔 is the angular velocity of the Earth’s rotation. The parameter 𝑛𝑛 represents the 

number of LST observations for one pixel in a day (𝑛𝑛 ≡ 4 in this study), and 𝜓𝜓 is the phase angle, calculated as: 

𝜓𝜓 = arctan(𝜉𝜉) + 𝜋𝜋 ,           (13) 

ξ = (T1−T3)(cos(ω𝑡𝑡2)−cos(ω𝑡𝑡4))−(T2−T4)(cos(ω𝑡𝑡1)−cos(ω𝑡𝑡3))
(T2−T4)(sin(ω𝑡𝑡1)−sin(ω𝑡𝑡3))−(T1−T3)(sin(ω𝑡𝑡2)−sin(ω𝑡𝑡4))

 ,       (14) 235 

where Eq. (14) is used to calculate the diurnal LST cycle and requires clear-sky LST observations at four specific times during 

the day: Aqua/night (01:30), Terra/day (10:30), Aqua/day (13:30), and Terra/night (22:30). These observations are derived 

from the spatiotemporally continuous MODIS clear-sky LST products. The method of ATI calculation is adapted from Van 

Doninck et al. (2011). Consequently, a long-term 0.05° daily ATI dataset has been prepared for downscaling FT status.  

3.3 Spatial downscaling of FT status 240 

The FTI is characterized by its quantitative form, expressed in decimal values instead of binary values (Zhao et al., 2017). This 

feature enables its integration with other satellite-derived parameters, thereby enhancing its utility in remote sensing 

applications. As defined by soil temperature and emissivity from microwave data in Eqs. (5) and (6), the FTI exhibits a strong 

correlation with LST, thereby demonstrating its relevance in thermal analysis. (Zhao et al., 2017). Moreover, the emissivity 

properties of soil are susceptible to changes in soil water content, which can be captured through ATI estimation.  245 

Consequently, the assumed linear relationship between microwave and optical datasets is mathematically expressed as follows:  

𝐹𝐹𝑇𝑇𝐹𝐹 = 𝑎𝑎 ⋅ 𝐿𝐿𝐿𝐿𝑇𝑇 + 𝑏𝑏 ⋅ 𝐴𝐴𝑇𝑇𝐹𝐹 + 𝑐𝑐 ,          (15) 

where the coefficients 𝑎𝑎, 𝑏𝑏 and 𝑐𝑐  are determined through linear regression analysis. The MODIS/Aqua LST dataset was 

selected to ensure temporal consistency with the AMSR-E TB product.  
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Given the annual FT cycles, the downscaling approach was applied to the data on a yearly basis, following four steps as 250 

illustrated in Fig. 2.  

The 0.05° LST and ATI data were resampled to align with the lower 0.25° resolution of the microwave-derived FTI. This 

resampling process involved averaging the data across 5×5 grid cells. 

The FTI, LST, and ATI datasets were divided into yearly vectors, and the data within each vector were arranged in 

chronological order.  255 

Linear regression analysis was performed on these three data vectors of each pixel, resulting in six coefficient matrices for 𝑎𝑎, 

𝑏𝑏, and 𝑐𝑐 at the ascending and descending times:   

𝐹𝐹𝑇𝑇𝐹𝐹LR = 𝑎𝑎LR ⋅ 𝐿𝐿𝐿𝐿𝑇𝑇LR + 𝑏𝑏LR ⋅ 𝐴𝐴𝑇𝑇𝐹𝐹LR + 𝑐𝑐LR ,         (16) 

where the abbreviations "HR" and "LR" refer to high and low resolution, respectively. Observational data corresponding to 

invalid FTI values were excluded from the regression analysis.  260 

Once the coefficients 𝑎𝑎LR, 𝑏𝑏LR, and 𝑐𝑐LR were expanded into 5×5 grids at a spatial resolution of 0.05°, they were applied in a 

regression model with the high-resolution (0.05°) LST and ATI data to generate the downscaled FTI values:  

𝐹𝐹𝑇𝑇𝐹𝐹HR = 𝑎𝑎LR ⋅ 𝐿𝐿𝐿𝐿𝑇𝑇HR + 𝑏𝑏LR ⋅ 𝐴𝐴𝑇𝑇𝐹𝐹HR + 𝑐𝑐LR ,         (17) 

This process produced a finer spatial resolution compared to the original 0.25° FT maps derived from microwave data. 

Additionally, the land cover product was utilized to identify areas characterized by permanent snow and ice, substantial water 265 

cover, and urban or built-up lands, ensuring an accurate representation in the downscaled dataset.  
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Figure 2: Schematic diagram of spatial downscaling methodology. 

3.4 Validation 

Validating the downscaled FT product is essential to ensure its accuracy and reliability. In this study, soil temperature data 270 

from ISMN and Tibet-Obs ground stations were used to validate the downscaled FT results. Since satellite observations are 

divided into ascending and descending orbit data, the FT records were validated independently for each orbit. Frozen and 

thawed states in in situ soil temperature data are classified as follows:  

�𝑇𝑇 ≤ 0, frozen  
𝑇𝑇 > 0, thawed ,            (18) 

To validate satellite data against ground measurements, the in situ observations must first be selected and pre-processed. In 275 

situ observations temporally closest to the satellite observation times are selected. ISMN observation data are recorded at 

hourly intervals, while the MODIS LST product provides observations at 20-minute increments. Thus, in situ data recorded at 

the hour closest to the satellite observation time are used for validating FT classification. Missing data are excluded from the 

validation process. Due to the properties of microwave sensors, data gaps may occur in the 0.25° FT product, where the 

corresponding in situ observations are not included in the accuracy validation. Furthermore, only ISMN data labeled as “Good” 280 

quality is selected for validation. 
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Accuracy was calculated separately for the 0.25° and 0.05° FT products. The validation process, illustrated in Fig. 3, was 

conducted using a single, larger 0.25° grid cell as an example. 

FT conditions derived from in situ observations were considered the actual results. For a grid cell with a resolution of 0.25°, 

the average of all in situ soil temperature observations within the cell was calculated. The grid cell was subsequently classified 285 

according to the criteria delineated in Eq. (18), distinguishing between frozen and thawed states. 

The FT classification results for the larger grid cell from both products were validated using in situ data. For the 0.25° product, 

the FT classification of the grid cell was directly compared to the in situ observation results. For the 0.05° product, each 0.25° 

grid cell contains 25 pixels. If the majority of these pixels (i.e., more than 13) were classified as frozen, the entire grid cell was 

labeled as frozen in the 0.05° product; otherwise, it is labeled as thawed.  290 

The classification accuracies of the two products were calculated. Within each grid cell, the number of true and false FT 

classifications over the entire time series was counted to determine the discrimination accuracy using the following formula: 

Accuracy= FF+TT
FF+FT+TF+TT

 ,           (19) 

where FF denotes the number of classifications where both the in situ observation and the satellite observation indicate a frozen 

state, and FT denotes the number of classifications where the soil is frozen, but the satellite observation indicates thawed 295 

conditions. TF and TT are defined similarly. 

The same validation procedures were applied to all other grid cells containing in situ observations. The discrimination accuracy 

before and after downscaling was calculated and compared to assess any changes in accuracy resulting from the downscaling 

process.  
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 300 
 

Figure 3: Schematic diagram of the validation method for comparing the FT product before and after downscaling.  

3.5 Trend analysis 

Trend analysis for global FT cycles is crucial for understanding temporal changes across different regions, which may indicate 

impacts associated with climate change. To analyze the annual global FT trend based on the downscaled product, this study 305 

employs two key parameters: the frost day and the frozen onset date. 

A frost day is defind as the number of days within a year in which the lowest recorded temperature is less than 0 °C. The 

minimum temperature can be inferred to be below 0 °C if freezing is detected at the satellite’s descending time for the same 

pixel. Therefore, in the satellite FT product, a frost day is identified as a day when the pixel is classified as frozen. In this study, 

the calculation and analysis of frost days rely on the descending FT product. The freeze onset date refers to the first day a pixel 310 

begins freezing and remains in a frozen state for more than two weeks. The initial day of this freezing period is designated as 

the freeze onset date. Both the frost day and the freeze onset date offer significant insights into the global distribution of near-

surface FT variations. These two parameters are essential for comprehending the global temporal and spatial dynamics of 

freezing events.  

To further analyze the trends of frost days and freeze onset dates, time series data for both parameters were generated for 315 

global-scale analysis using Sen’s Slope and Mann-Kendall (MK) test.  

The equation for Sen’s Slope is defined as: 
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𝛽𝛽 = 𝑀𝑀𝑄𝑄𝑀𝑀𝑀𝑀𝑎𝑎𝑛𝑛(
𝑋𝑋𝑗𝑗−𝑋𝑋𝑖𝑖
𝑗𝑗−𝑖𝑖

),∀𝑗𝑗 > 𝑀𝑀 ,          (20) 

where 𝑋𝑋𝑗𝑗 and 𝑋𝑋𝑗𝑗 represent the data values at times 𝑀𝑀 and 𝑗𝑗, respectively, and 𝑀𝑀𝑄𝑄𝑀𝑀𝑀𝑀𝑎𝑎𝑛𝑛(·) represents the median calculation. This 

equation computes the median of the slopes between all pairs of data points. A positive 𝛽𝛽 reflects an increasing trend, while a 320 

negative 𝛽𝛽 indicates a decreasing trend. 

The MK test is a statistical procedure that is employed to evaluate the null hypothesis that the data are independent and 

identically distributed (Mann, 1945; Kendall, 1948). It is employed to detect trends in time series data without assuming a 

linear relationship. Given a series 𝑋𝑋𝑡𝑡 of length 𝑛𝑛, the null hypothesis posits that the values in 𝑋𝑋𝑡𝑡 are independent. The MK test 

statistic 𝐿𝐿 is calculated as: 325 

𝐿𝐿 = ∑ ∑ sgn�𝑋𝑋𝑗𝑗 − 𝑋𝑋𝑖𝑖�𝑛𝑛
𝑗𝑗=𝑖𝑖+1

𝑛𝑛−1
𝑖𝑖=1  ,          (21) 

where 𝑛𝑛 is the sample size, defined as the number of data points, and sgn�𝑋𝑋𝑗𝑗 − 𝑋𝑋𝑖𝑖� is the sign function, defined as 

sgn�𝑋𝑋𝑗𝑗 − 𝑋𝑋𝑖𝑖� = �
1,    if 𝑋𝑋𝑗𝑗 > 𝑋𝑋𝑖𝑖
0,    if 𝑋𝑋𝑗𝑗 = 𝑋𝑋𝑖𝑖
−1, if 𝑋𝑋𝑗𝑗 < 𝑋𝑋𝑖𝑖

 ,          (22) 

The test statistic 𝐿𝐿 evaluates the cumulative number of positive differences that exceed negative differences. In this study, 

since the frost day and freeze onset date of each year in the same pixel are unique, the variance of 𝐿𝐿 is computed as 330 

𝑉𝑉𝑎𝑎𝑉𝑉(𝐿𝐿) = 𝑛𝑛(𝑛𝑛−1)(2𝑛𝑛+5)
18

 ,           (23) 

If the sample size 𝑛𝑛 > 10, the standard normal test statistic 𝑍𝑍 is calculated as: 

𝑍𝑍 =

⎩
⎪
⎨

⎪
⎧

𝑆𝑆−1
�𝑉𝑉𝑎𝑎𝑉𝑉(𝑆𝑆)

, i𝑓𝑓 𝐿𝐿 > 0

0,            i𝑓𝑓 𝐿𝐿 = 0
𝑠𝑠+1

�𝑉𝑉𝑎𝑎𝑉𝑉(𝑆𝑆)
, i𝑓𝑓 𝐿𝐿 < 0

 ,           (24) 

Trend testing is conducted at a specified significance level, 𝛼𝛼. If the absolute value of 𝑍𝑍 exceeds the critical value 𝑍𝑍1−𝑎𝑎/2, the 

null hypothesis of no trend is rejected. In this study, the test was performed at 𝛼𝛼 = 0.05, corresponding to a 95% confidence 335 

interval. Under these conditions, if |𝑍𝑍| > 1.96, the null hypothesis is rejected. The results of the test are categorized into five 

trend types, as summarized in Table 2. Sen’s Slope quantifies the direction of temporal variation as positive or negative, while 

the MK test evaluates the statistical significance of these trends. This combined approach allows for the assessment of both 

the magnitude and significance of trends in frost days and freeze onset dates, providing insights into changes in global FT 

cycles that may be linked to climate change. 340 
Table 2 Classification of trends based on the MK test 
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β Z Trend features 

𝜷𝜷 > 0 
|𝑍𝑍| ≥ 1.96 Significant increase 

0 < |𝑍𝑍| < 1.96 Slight increase 

𝜷𝜷 = 0 |𝑍𝑍| = 0 No trend 

𝜷𝜷 < 0 
0 < |𝑍𝑍| < 1.96 Slight increase 

|𝑍𝑍| ≥ 1.96 Significant increase 

4 Results and Discussions 

4.1 Result of downscaled FT product 

  
Figure 4: Maps of the FT product for (a) the global scale and (b) the Qinghai-Tibet Plateau at 01:30 on April 1, 2019, derived from 345 
microwave data with a 0.25° spatial resolution. Additionally, (c) and (d) display the same conditions in the downscaled FT product 
at a higher resolution of 0.05°. 

According to the methodology described in Sect. 3.3, a global near-surface FT states dataset with a 0.05° resolution was 

generated, spanning the years 2002 to 2023. This dataset provides daily FT information for both daytime and nighttime, 

corresponding to the satellite’s ascending (13:30) and descending (01:30) orbits, respectively. The left panel of Fig. 4 illustrates 350 

the global downscaled FT product for January 1, 2019, at 01:30, showing the FT status during the descending orbit. The dataset 
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classifies land surface conditions into the following categories: thawed soil, frozen soil, snow and ice, urban and built-up lands, 

water bodies, as well as regions with missing data, and water-influenced areas (labeled as “water” in Fig. 4).  

An important point to consider is that areas near water bodies may be misclassified as frozen due to the high soil moisture 

content detected by microwave TB data. However, these areas are unlikely to freeze, particularly in coastal regions where 355 

temperatures consistently remain above 0°C. To improve the reliability of the FT product, these water-influenced areas should 

be carefully delineated and flagged. 

The right panel of Fig. 4 presents a comparison of the FT product for the Qinghai-Tibet Plateau, highlighting the enhanced 

resolution of the 0.05° product in capturing FT states. The downscaled product more precisely classifies soil freezing and 

thawing states, as well as specific surface features that are more difficult to detect in the 0.25° product. This demonstrates the 360 

enhanced capability of the 0.05° product to capture FT cycles at the local scale, compensating for the resolution limitations of 

the original 0.25° product.  

This downscaled product, with its enhanced spatial resolution, allows for a more detailed analysis of global FT dynamics, 

providing a more reliable interpretation of global FT patterns. This capability is crucial for understanding FT cycles and their 

associated environmental impacts. 365 

  
Figure 5: Maps of frost days in April 2019 for (a) the global scale and (b) the Qinghai-Tibet Plateau, derived from microwave data 
with a 0.25° spatial resolution during the descending orbit time. Additionally, (c) and (d) show the same conditions in the downscaled 
descending FT product at a resolution of 0.05°. 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



17 
 

Fig. 5 illustrates frost days for April 2019 at two spatial resolutions, 0.25° and 0.05°, for both the global scale and the Qinghai-370 

Tibet Plateau.  

The left panel compares global frost days for a single month, showing that the 0.25° product exhibits a more gradual variation 

in frost days across the northern hemisphere. In contrast, the 0.05° product reveals more detailed and intricate patterns of frost 

day variation. For instance, in southern Russia and parts of North America, the 0.05° product captures more nuanced frost day 

variations, highlighting significant differences in frost day counts between neighboring grid cells. Meanwhile, the 0.25° 375 

product displays relatively uniform changes on frost days, reflecting less variation due to its coarser resolution.  

The right panel of Fig. 5 compares frost days for the Qinghai-Tibet Plateau, illustrating finer variations at the higher spatial 

resolution. This demonstrates that the downscaled product provides a more detailed distribution of frost days, while also 

capturing the trend of frost day variation at a finer spatial scale. 

In summary, the downscaled FT product offers significantly more detailed information, especially in regions with complex FT 380 

dynamics. This improvement in spatial resolution is crucial for our research, as it enables a more refined understanding of 

global FT processes and their environmental impacts. The ability to capture finer details and regional variations is a key 

advantage of the downscaling approach, which effectively meets the primary objectives of this study. 

4.2 Validation with in situ soil temperature 

  385 
Figure 6: Scatter plots comparing the downscaled FT product at a 0.05° resolution with the FT product at a 0.25° resolution. The 
plots show data for (a) ascending orbits and (b) descending orbits. The color bar represents the density of data points. 

In this section, the coarse- and high-resolution FT products were validated against in situ soil temperature data from 44 

networks. The scatter plots of accuracy across all ground stations are shown in Fig. 6, with detailed validation results provided 

in Table 3. The downscaled products achieved overall accuracies of 87.63% and 83.78% at ascending and descending orbit 390 

times, respectively. These accuracies are comparable to those of the original products, which had overall accuracies of 87.72% 

and 84.08%.  
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For networks experiencing FT cycles, the accuracies of the high-resolution products are 85.91% and 81.55% at ascending and 

descending orbit times, respectively. For networks without FT phenomena, the accuracies are 97.43% and 97.97%. The color 

gradient in the plots of Fig. 6 reflects data density, with points shifting toward yellow as density increases. Additionally, in 395 

65.91% and 56.92% of networks, accuracy exceeds 90% at both ascending and descending orbit times for both FT products.  

These findings suggest that the data points are most densely concentrated in the range where accuracy values lie between 0.9 

and 1. Both ascending and descending orbit results closely align with the one-to-one line, indicating that the accuracy of the 

FT classification remains largely unchanged after the downscaling process. Despite the enhanced spatial resolution, the 

downscaled product preserves the accuracy and consistency of the original resolution.  400 

These results are consistent with the conventional understanding of downscaling, which aims to enhance spatial resolution 

without compromising the accuracy of the original product. As a result, the downscaled FT product provides higher spatial 

resolution and more detailed information while maintaining the integrity and quality of the original observations. 
Table 3 Validation results for the coarse- and high-resolution FT products across various networks. Networks 1 to 27 typically 
experience FT cycles, while networks 28 to 44 do not exhibit FT phenomena. "Num" represents the number of FT product samples 405 
that matched in situ measurements at the corresponding sampling times and were used for validation.  

No Network 

Ascend Descend 

Num 
Accuracy 

(0.05°) 

Accuracy 

(0.25°) 
Num 

Accuracy 

(0.05°) 

Accuracy 

(0.25°) 

1 BNZ-LTER 6,977  90.28% 91.89% 7,641  89.45% 95.75% 

2 CTP_SMTMN 22,654  73.59% 74.42% 25,433  87.04% 84.45% 

3 FLUXNET-AMERIFLUX 5,981  99.57% 99.52% 5,726  99.25% 99.09% 

4 FMI 5,395  66.71% 75.94% 5,701  69.20% 75.39% 

5 FR_Aqui 2,947  99.97% 99.90% 3,018  100.00% 100.00% 

6 GTK 1,686  83.33% 82.27% 1,124  84.16% 88.52% 

7 HOAL 1,450  93.10% 93.03% 1,568  98.47% 96.49% 

8 HOBE 6,931  91.43% 88.57% 7,916  97.02% 95.89% 

9 HYDROL-NET_PERUGIA 1,101  95.64% 95.37% 985  95.94% 95.94% 

10 HiWATER_EHWSN 43  100.00% 100.00% 41  100.00% 100.00% 

11 KHOREZM 25  100.00% 100.00% 27  100.00% 100.00% 

12 MAQU 12,050  76.67% 77.35% 13,019  80.71% 76.34% 

13 MOL-RAO 4,268  94.80% 94.24% 5,152  95.57% 95.38% 

14 NGARI 7,699  81.60% 80.70% 8,188  69.89% 69.42% 

15 NVE 304  69.41% 82.57% 0  / / 

16 RISMA 13,435  93.80% 92.50% 13,772  89.34% 92.35% 

17 Ru_CFR 1,182  82.66% 85.87% 896  89.06% 84.71% 
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18 SMN-SDR 4,335  80.16% 81.34% 4,816  84.88% 85.24% 

19 SMOSMANIA 43,811  99.45% 98.98% 41,441  99.56% 99.11% 

20 SONTE-China 662  81.27% 82.78% 755  84.11% 86.23% 

21 TibetObs-Naqu 24,814  73.81% 74.77% 27,829  85.90% 83.39% 

22 TibetObs-Pali 5,427  91.84% 90.82% 5,645  80.96% 84.00% 

23 TxSON 5,879  100.00% 100.00% 5,476  100.00% 99.95% 

24 USDA-ARS 11,926  96.01% 96.43% 12,014  94.93% 95.04% 

25 SCAN 486,602  94.20% 93.95% 506,250  91.18% 89.99% 

26 SNOTEL 1,189,704  80.81% 81.94% 1,332,948  75.23% 75.85% 

27 USCRN 235,292  93.26% 92.29% 238,498  89.39% 89.31% 

Overall accuracy for networks 

experiencing FT cycles 
2,102,580 85.91% 86.41% 2,275,879 81.55% 81.60% 

28 AACES 1,674  100.00% 100.00% 1,721  99.88% 100.00% 

29 ARM 47,249  98.94% 98.96% 43,150  98.55% 98.10% 

30 BIEBRZA_S-1 631  90.49% 89.22% 661  96.52% 96.37% 

31 DAHRA 1,233  100.00% 100.00% 1,009  100.00% 100.00% 

32 MySMNet 111  100.00% 100.00% 103  100.00% 100.00% 

33 OZNET 17,128  100.00% 99.99% 16,939  99.94% 100.00% 

34 REMEDHUS 16,943  99.98% 99.89% 17,273  99.95% 99.86% 

35 RSMN 24,231  95.80% 95.21% 15,957  96.37% 95.57% 

36 SASMAS 2,094  100.00% 100.00% 2,069  100.00% 100.00% 

37 SOILSCAPE 5,475  90.47% 90.48% 5,029  97.77% 97.63% 

38 SWEX_POLAND 876  93.72% 94.41% 891  89.23% 90.68% 

39 TAHMO 1,583  100.00% 99.68% 1,111  100.00% 100.00% 

40 TERENO 5,304  92.48% 89.57% 6,529  97.33% 96.88% 

41 TWENTE 13,339  95.80% 93.94% 15,136  99.09% 98.39% 

42 VAS 365  99.45% 99.18% 298  100.00% 100.00% 

43 WSMN 370  25.14% 1.35% 456  37.72% 2.63% 

44 XMS-CAT 6,763  95.00% 94.69% 6,886  90.01% 85.81% 

Overall accuracy for networks without 

FT phenomena 
145,369 97.43% 96.97% 135,218 97.97% 97.30% 

Overall accuracy 2,247,949 87.63% 87.72% 2,411,097 83.78% 84.08% 
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4.3 FT dynamics and trends 

4.3.1 Trend analysis of frost days 

After validating the FT dataset’s accuracy with in situ observations, we calculated the average number of frost days and their 

trends over the period 2003–2023. Fig. 7(a) illustrates the spatial distribution of the annual average frost days in the Northern 410 

Hemisphere. In high-latitude regions (north of 45°N), the average frost days are approximately 187.8 ± 12.7 days (spatial 

standard deviation). In contrast, frost days in lower-latitude regions vary due to seasonal shifts.  

While frost days generally increase with latitude, this pattern is not globally consistent. For example, the Qinghai-Tibet Plateau, 

despite its relatively low latitude, experiences a higher number of frost days due to its high elevation. In the Southern 

Hemisphere, soil freezing is rare, except in localized regions along the Andes Mountains, where freezing occasionally occurs 415 

under specific climatic conditions.  

The spatial trends of annual frost days are shown in Figure 7(b). MK trend analysis identifies a decreasing trend in 

approximately 14.35% of global land areas, with 2.67% exhibiting statistically significant declines. This trend reflects the 

impact of climate warming, especially across much of the Eurasian continent and Alaska, with particularly obvious effects in 

Russia and the Qinghai-Tibet Plateau.  420 

In contrast, about 11.17% of the global land area shows an increasing trend in frost days, of which 1.55% are statistically 

significant. Regions with increasing frost days include North America and West Asia. These opposing trends underscore the 

complexity of regional climate dynamics, revealing that while many areas are warming with fewer frost days, localized cooling 

in some areas results in more frequent freezing events.  

The analysis of frost day trends demonstrates the utility of the FT dataset while providing valuable insights into regional 425 

variations in climate change impacts.  
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Figure 7: Northern Hemisphere maps showing (a) average annual frost days and (b) trend analysis results for the 0.05° downscaled 
FT product during the descending satellite pass from 2003 to 2023. 

4.3.2 Trend analysis of freeze onset date 430 

A statistical analysis was performed to examine the average freeze onset date and its trend from 2003 to 2023. Fig. 8(a) shows 

the spatial distribution of the annual average freeze onset date across the Northern Hemisphere. Soil freezing predominantly 

occurs in the Northern Hemisphere, where the average freeze onset date in high-latitude regions is approximately 240.3 ± 7.2 

days (spatial standard deviation). A general trend is observed, with freezing beginning earlier in higher-latitude regions 

compared to lower-latitude areas. However, this pattern is not uniform. On the Qinghai-Tibet Plateau, the high elevation causes 435 

freezing to occur earlier, leading to lower freeze onset dates. In the Southern Hemisphere, soil freezing is limited to small areas, 

primarily along the Andes Mountains, where freezing also begins earlier in the year.  

Fig. 8(b) illustrates the spatial patterns of trends in freeze onset dates. The MK trend analysis identifies a decreasing trend in 

freeze onset dates approximately 9.10% of the global land area, of which 1.22% exhibits statistically significant reductions. A 

decrease in freeze onset date indicates an earlier start to freezing in these regions, with the most pronounced trends observed 440 

in eastern Russia. Conversely, approximately 7.57% of the global land area demonstrates an increasing trend in freeze onset 

dates, with 0.91% exhibiting statistically significant increases. An increase in freeze onset date reflects a delayed start to 

freezing. These regions are more geographically dispersed, reflecting the widespread influence of global warming on soil FT 

dynamics.  

Investigating frost day and freeze onset trends demonstrate the applicability of the FT dataset and provides deeper insight into 445 

regional variations in climate change effects on global FT patterns. 

 
Figure 8: Northern Hemisphere maps showing (a) annual average freeze onset date and (b) trend analysis results for the 0.05° 
downscaled FT product from 2003 to 2023.  
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4.4 Discussion 450 

4.4.1 Enhanced capabilities of high-resolution FT products 

This study utilizes passive microwave and optical observations to achieve high-resolution detection of FT states. Initially, 

passive microwave sensors were used to monitor global surface FT states, generating an original FT dataset at a 0.25° resolution. 

Due to their minimal susceptibility to atmospheric conditions, such as cloud cover and aerosols, these sensors enable 

continuous tracking of FT transitions across diverse landscapes and climatic zones globally. Furthermore, the associated 455 

discrimination algorithm demonstrates high classification accuracy, rendering it suitable for global-scale applications. 

However, the original dataset’s coarse spatial resolution of 0.25°, combined with inherent seams in microwave sensor data, 

limits its capacity to capture detailed surface variations. In contrast, optical observations, including LST and albedo, offer 

higher spatial resolution and provide more detailed surface information. Additionally, the development of seamless, long-term 

data products not only addresses the data seams in the original dataset but also maintains a short revisit interval, enabling daily 460 

surface monitoring. 

Therefore, to integrate the advantages of both data sources, a bivariate regression model was developed, effectively 

downscaling the original 0.25° resolution dataset to a finer 0.05° resolution. This improved resolution allows for a more 

detailed representation of FT states, facilitating analyses of regional FT dynamics, particularly in areas with complex terrain, 

diverse vegetation, or significant seasonal variations. As shown in Fig. 9, the 0.05° resolution FT product reveals finer details 465 

of FT cycles that were previously undetectable in the 0.25° dataset. These enhancements are critical for research requiring 

precise identification of localized surface condition changes, such as those affecting soil moisture and ecosystem carbon 

dynamics. 

The methodology employed in this study not only eliminates seams in the original FT dataset but also integrates data from 

multiple sources, including MODIS optical products and microwave TB observations. This fusion provides a robust and 470 

continuous long-term FT record, essential for understanding global FT cycles and their environmental implications. Moreover, 

the enhanced spatial resolution enables detailed analyses of changes in local FT conditions, offering valuable insights for 

hydrological modeling, climate research, and ecosystem management. These advancements expand the applicability of the FT 

record, contributing significantly to diverse scientific fields. 
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 475 
Figure 9: Time series plots comparing the 0.25° FT product values and the 0.05° frozen ratios in the downscaled product at the SQ21 
station of the NGARI network, distinguished by (a) daytime and (b) nighttime observations. 

4.4.2 Uncertainties associated with ground validation 

Ground temperature data serve as a reliable basis for validating satellite-derived FT products. In this study, soil temperature 

measurements at 0–5 cm depth were used for validation rather than surface-level (0 cm) measurements due to their superior 480 

representation of near-surface soil FT states. While 0°C is commonly employed as the threshold for distinguishing frozen and 

thawed states in validation using in situ temperature data, this criterion may not always accurately reflect actual ground 

conditions. Various factors, including wind, vegetation cover, and snow cover, can influence the true ground state even when 

surface temperatures are at or below 0°C.  

Currently, there is no universally accepted standard for defining absolute temperature boundaries for frozen and thawed ground. 485 

However, soil temperature measurements at a depth of 0–5 cm provide a more reliable indicator than alternatives, such as air 

temperature or measurements from deeper soil layers, as they more directly capture the near-surface state. Despite this, under 

certain conditions, such as areas with strong winds or heavy snow cover, this approach may lead to classification errors, 

particularly when the ground thawing process is disrupted at temperatures near 0°C. To address these limitations, future studies 

should concentrate on identifying optimal soil depths and establishing more precise temperature thresholds to enhance 490 

validation accuracy. 

4.4.3 Limitations and challenges 

Although this study has effectively generated high-resolution FT data by integrating passive microwave observations with 

optical datasets, further refinements are required to address the remaining challenges. First, despite the resolution enhancement 

to 0.05°, it is still relatively coarse for applications demanding finer-scale detail. In complex surface environments, this 495 
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resolution may not adequately capture localized variations in FT states. To reduce the influence of spatial heterogeneity, higher-

resolution optical observations are necessary. For instance, utilizing a 1-kilometer LST and albedo dataset for downscaling 

would align the resulting FT record with this finer spatial resolution. While 1-kilometer LST datasets are available, the 

development of more stable and higher-resolution LST products remains critical. The quality of the downscaled FT dataset is 

closely reliant on the quality of the optical observations employed. Future research should prioritize the use of seamless, high-500 

quality optical datasets with short revisit intervals and higher spatial resolution to produce more precise and reliable FT 

classification products. 

Second, the accuracy of the downscaled FT dataset is inherently determined by FT discrimination algorithms, which rely on 

lower-resolution microwave remote sensing. As outlined in Sect. 4.2, the downscaling process preserves the accuracy 

characteristics of the original FT data. Therefore, improvements in the FT discrimination algorithms are necessary for 505 

achieving further gains in classification accuracy. 

Additionally, during the data fusion process, combining optical observations with microwave data, various factors may affect 

the correlation coefficients and the performance of the linear regression model. These factors include land cover types, 

vegetation conditions, terrain elevation, and seasonal variations, all of which can introduce instability in model performance 

and impact FT classification accuracy. To address these limitations, future studies should incorporate additional surface 510 

parameters, including the Normalized Difference Vegetation Index (NDVI), to improve the model’s adaptability and accuracy 

across diverse surface conditions. 

5 Data availability 

The global 0.05° near-surface soil FT state dataset (2002–2023) is freely available at the National Tibetan Plateau / Third Pole 

Environment Data Center. The dataset can be accessed via https://doi.org/10.11888/Cryos.tpdc.301551 or 515 

https://cstr.cn/18406.11.Cryos.tpdc.301551 (Zhao et al., 2024b).  

6 Conclusion 

This study developed a comprehensive, high-resolution global dataset of surface FT states by integrating multi-source remote 

sensing data. The primary objective was to enhance spatial resolution and provide more detailed global monitoring of FT states. 

Coarse-resolution FT data were initially derived from passive microwave TBs, while long-term ATI data were calculated using 520 

optical observations. By leveraging the complementary strengths of passive microwave and optical remote sensing products, 

a high-resolution daily near-surface FT dataset was produced, offering a finer representation of surface FT conditions.  

Subsequently, the coarse- and high-resolution FT products were validated using ground-based in situ observations. This 

validation facilitated a thorough evaluation of accuracy changes associated with the downscaling process and enabled a 

comprehensive trend analysis on a global scale using the enhanced-resolution FT records.  525 
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The findings have significant implications for understanding and monitoring ecological and hydrological responses to climate 

dynamics. The analysis revealed intricate patterns of frost days and freeze onset dates, demonstrating the varying regional 

influences of climate change. The downscaled product, with its enhanced spatial resolution, provided detailed insights into FT 

dynamics, which are crucial for studies requiring precise identification of local surface condition changes, such as those 

impacting soil moisture or ecosystem carbon dynamics.  530 

This integration of multi-source remote sensing data marks a significant advancement in monitoring Earth's surface processes. 

It demonstrates the potential to improve climate models and other environmental assessments. Furthermore, the proposed 

methodological framework is adaptable for similar applications globally, enhancing the predictive capabilities for climate-

related phenomena and supporting environmental decision-making. By providing a robust and continuous long-term FT record, 

this study contributes to the development of hydrological models, climate studies, and ecosystem management, thereby 535 

expanding the applicability of the record in diverse scientific fields. 

Author contributions 

TZ and JS conceptualized the research; JS managed project administration, supervised the project, acquired funding, and 

collected resources; DF and TZ designed the methodology, validated the experimental designs, and wrote the codes; DF, JYZ, 

YB, XK, and PY visualized research outcomes and performed formal analysis; DF, JYZ, YB, XK, LJ, ZZ, PY, JBZ and JP 540 

curated data; TZ, YR, LJ, ZZ, JBZ, JP, PY, and YL conducted investigations; DF and TZ drafted the manuscript; YR and YL 

provided guidance and revised the manuscript; All authors participated in discussions and provided guidance and advice 

throughout the experimental design and data validation process, and all reviewed the manuscript. 

Competing interests 

The contact author has declared that none of the authors has any competing interests. 545 

Acknowledgments 

We are grateful for the free access to AMSR-E and AMSR2 TB data provided by the National Snow and Ice Data Center 

(NSIDC, https://www.nsidc.org) and JAXA (https://gportal.jaxa.jp). We also acknowledge the GLASS albedo products from 

the National Earth System Science Data Center, National Science & Technology Infrastructure of China 

(http://www.geodata.cn), MODIS land cover products from the Land Processes Distributed Active Archive Center (LP DAAC, 550 

https://lpdaac.usgs.gov/), global in situ soil temperature data from ISMN (https://ismn.earth/), and the global spatiotemporally 

continuous LST datasets and Tibet-Obs surface soil temperature datasets from the National Tibetan Plateau / Third Pole 

Environment Data Center (http://data.tpdc.ac.cn).  

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



26 
 

Financial support 

This study is funded by the National Key Research and Development Program of China (No. 2021YFB3900104) and the 555 

Fengyun Application Pioneering Project (FY-APP-2022.0305). 

References 

Beer, C., Porada, P., Ekici, A., and Brakebusch, M.: Effects of short-term variability of meteorological variables on soil 

temperature in permafrost regions, The Cryosphere, 12, 741–757, https://doi.org/10.5194/tc-12-741-2018, 2018. 

Bierkens, M. F. P., Finke, P. A., and de Willigen, P.: Upscaling and downscaling methods for environmental research, Kluwer 560 

Academic Publishers, Dordrecht, The Netherlands, 190 pp., 2000. 

Black, T. A., Chen, W. J., Barr, A. G., Arain, M. A., Chen, Z., Nesic, Z., Hogg, E. H., Neumann, H. H., and Yang, P. C.: 

Increased carbon sequestration by a boreal deciduous forest in years with a warm spring, Geophysical Research Letters, 27, 

1271–1274, https://doi.org/10.1029/1999GL011234, 2000. 

Bojinski, S., Verstraete, M., Peterson, T. C., Richter, C., Simmons, A., and Zemp, M.: The concept of essential climate 565 

variables in support of climate research, applications, and policy, Bulletin of the American Meteorological Society, 95, 1431–

1443, https://doi.org/10.1175/BAMS-D-13-00047.1, 2014. 

Canny, J.: A computational approach to edge detection, IEEE Trans. Pattern Anal. Mach. Intell., PAMI-8, 679–698, 

https://doi.org/10.1109/TPAMI.1986.4767851, 1986. 

Cary, J. W., Papendick, R. I., and Campbell, G. S.: Water and Salt Movement in Unsaturated Frozen Soil: Principles and Field 570 

Observations, Soil Science Soc of Amer J, 43, 3–8, https://doi.org/10.2136/sssaj1979.03615995004300010001x, 1979. 

Chai, L., Zhang, L., Zhang, Y., Hao, Z., Jiang, L., and Zhao, S.: Comparison of the classification accuracy of three soil freeze–

thaw discrimination algorithms in China using SSMIS and AMSR-E passive microwave imagery, International Journal of 

Remote Sensing, 35, 7631–7649, https://doi.org/10.1080/01431161.2014.975376, 2014. 

Chander, G., Hewison, T. J., Fox, N., Wu, X., Xiong, X., and Blackwell, W. J.: Overview of Intercalibration of Satellite 575 

Instruments, IEEE Trans. Geosci. Remote Sensing, 51, 1056–1080, https://doi.org/10.1109/TGRS.2012.2228654, 2013. 

Chang, X., Jin, H., Zhang, Y., He, R., Luo, D., Wang, Y., Lü, L., and Zhang, Q.: Thermal impacts of boreal forest vegetation 

on active layer and permafrost soils in northern da xing’anling (hinggan) mountains, northeast China, Arctic, Antarctic, and 

Alpine Research, 47, 267–279, https://doi.org/10.1657/AAAR00C-14-016, 2015. 

Chen, Y., Nan, Z., Zhao, S., and Xu, Y.: A Bayesian Approach for Interpolating Clear-Sky MODIS Land Surface Temperatures 580 

on Areas With Extensive Missing Data, IEEE J. Sel. Top. Appl. Earth Observations Remote Sensing, 14, 515–528, 

https://doi.org/10.1109/JSTARS.2020.3038188, 2021. 

Cho, E., Su, C.-H., Ryu, D., Kim, H., and Choi, M.: Does AMSR2 produce better soil moisture retrievals than AMSR-E over 

Australia?, Remote Sensing of Environment, 188, 95–105, https://doi.org/10.1016/j.rse.2016.10.050, 2017. 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



27 
 

Dorigo, W., Himmelbauer, I., Aberer, D., Schremmer, L., Petrakovic, I., Zappa, L., Preimesberger, W., Xaver, A., Annor, F., 585 

Ardö, J., Baldocchi, D., Bitelli, M., Blöschl, G., Bogena, H., Brocca, L., Calvet, J.-C., Camarero, J. J., Capello, G., Choi, M., 

Cosh, M. C., Van De Giesen, N., Hajdu, I., Ikonen, J., Jensen, K. H., Kanniah, K. D., De Kat, I., Kirchengast, G., Kumar Rai, 

P., Kyrouac, J., Larson, K., Liu, S., Loew, A., Moghaddam, M., Martínez Fernández, J., Mattar Bader, C., Morbidelli, R., 

Musial, J. P., Osenga, E., Palecki, M. A., Pellarin, T., Petropoulos, G. P., Pfeil, I., Powers, J., Robock, A., Rüdiger, C., Rummel, 

U., Strobel, M., Su, Z., Sullivan, R., Tagesson, T., Varlagin, A., Vreugdenhil, M., Walker, J., Wen, J., Wenger, F., Wigneron, 590 

J. P., Woods, M., Yang, K., Zeng, Y., Zhang, X., Zreda, M., Dietrich, S., Gruber, A., Van Oevelen, P., Wagner, W., Scipal, 

K., Drusch, M., and Sabia, R.: The International Soil Moisture Network: serving Earth system science for over a decade, 

Hydrol. Earth Syst. Sci., 25, 5749–5804, https://doi.org/10.5194/hess-25-5749-2021, 2021. 

Dorigo, W. A., Xaver, A., Vreugdenhil, M., Gruber, A., Hegyiová, A., Sanchis-Dufau, A. D., Zamojski, D., Cordes, C., Wagner, 

W., and Drusch, M.: Global Automated Quality Control of In Situ Soil Moisture Data from the International Soil Moisture 595 

Network, Vadose Zone Journal, 12, 1–21, https://doi.org/10.2136/vzj2012.0097, 2013. 

Du, J., Kimball, J. S., Azarderakhsh, M., Dunbar, R. S., Moghaddam, M., and McDonald, K. C.: Classification of Alaska 

Spring Thaw Characteristics Using Satellite L-Band Radar Remote Sensing, IEEE Trans. Geosci. Remote Sensing, 53, 542–

556, https://doi.org/10.1109/TGRS.2014.2325409, 2015. 

England, A. W.: Radiobrightness Of Diurnally Heated, Freezing Soil, IEEE Trans. Geosci. Remote Sensing, 28, 464–476, 600 

https://doi.org/10.1109/TGRS.1990.572923, 1990. 

Fan, L., Fu, C., and Chen, D.: Review on creating future climate change scenarios by statistical downscaling techniques, 

Advances in Earth Science, 20, 320–329, 2005. 

Friedl, M. A. and Sulla-Menashe, D.: MODIS/Terra+Aqua Land Cover Type Yearly L3 Global 0.05Deg CMG V061, NASA 

EOSDIS Land Processes Distributed Active Archive Center [dataset], https://doi.org/10.5067/MODIS/MCD12C1.061, 2022. 605 

Frolking, S., McDonald, K. C., Kimball, J. S., Way, J. B., Zimmermann, R., and Running, S. W.: Using the space‐borne NASA 

scatterometer (NSCAT) to determine the frozen and thawed seasons, J. Geophys. Res., 104, 27895–27907, 

https://doi.org/10.1029/1998JD200093, 1999. 

Giorgi, F. and Mearns, L. O.: Approaches to the simulation of regional climate change: A review, Reviews of Geophysics, 29, 

191–216, https://doi.org/10.1029/90RG02636, 1991. 610 

Gouttevin, I., Menegoz, M., Dominé, F., Krinner, G., Koven, C., Ciais, P., Tarnocai, C., and Boike, J.: How the insulating 

properties of snow affect soil carbon distribution in the continental pan‐Arctic area, J. Geophys. Res., 117, 2011JG001916, 

https://doi.org/10.1029/2011JG001916, 2012. 

Gray, D. M., Landine, P. G., and Granger, R. J.: Simulating infiltration into frozen Prairie soils in streamflow models, Can. J. 

Earth Sci., 22, 464–472, https://doi.org/10.1139/e85-045, 1985. 615 

Han, M., Yang, K., Qin, J., Jin, R., Ma, Y., Wen, J., Chen, Y., Zhao, L., Lazhu, and Tang, W.: An Algorithm Based on the 

Standard Deviation of Passive Microwave Brightness Temperatures for Monitoring Soil Surface Freeze/Thaw State on the 

Tibetan Plateau, IEEE Trans. Geosci. Remote Sensing, 53, 2775–2783, https://doi.org/10.1109/TGRS.2014.2364823, 2015. 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



28 
 

Hanssen-Bauer, I., Achberger, C., Benestad, R., Chen, D., and Førland, E.: Statistical downscaling of climate scenarios over 

Scandinavia, Clim. Res., 29, 255–268, https://doi.org/10.3354/cr029255, 2005. 620 

Hertig, E. and Jacobeit, J.: Assessments of Mediterranean precipitation changes for the 21st century using statistical 

downscaling techniques, Intl Journal of Climatology, 28, 1025–1045, https://doi.org/10.1002/joc.1597, 2008. 

Hu, T., Zhao, T., Shi, J., Wu, S., Liu, D., Qin, H., and Zhao, K.: High-Resolution Mapping of Freeze/Thaw Status in China 

via Fusion of MODIS and AMSR2 Data, Remote Sensing, 9, 1339, https://doi.org/10.3390/rs9121339, 2017. 

Hu, T., Zhao, T., Zhao, K., and Shi, J.: A continuous global record of near-surface soil freeze/thaw status from AMSR-E and 625 

AMSR2 data, International Journal of Remote Sensing, 40, 6993–7016, https://doi.org/10.1080/01431161.2019.1597307, 

2019. 

Jiang, H., Yi, Y., Zhang, W., Yang, K., and Chen, D.: Sensitivity of soil freeze/thaw dynamics to environmental conditions at 

different spatial scales in the central tibetan plateau, Science of The Total Environment, 734, 139261, 

https://doi.org/10.1016/j.scitotenv.2020.139261, 2020. 630 

Jin, R., Li, X., and Che, T.: A decision tree algorithm for surface soil freeze/thaw classification over China using SSM/I 

brightness temperature, Remote Sensing of Environment, 113, 2651–2660, https://doi.org/10.1016/j.rse.2009.08.003, 2009. 

Judge, J., Galantowicz, J. F., England, A. W., and Dahl, P.: Freeze/thaw classification for prairie soils using SSM/I 

radiobrightnesses, in: IGARSS ’96. 1996 International Geoscience and Remote Sensing Symposium, IGARSS ’96. 1996 

International Geoscience and Remote Sensing Symposium, Lincoln, NE, USA, 2270–2272, 635 

https://doi.org/10.1109/IGARSS.1996.516958, 1996. 

Kendall, M. G.: Rank correlation methods., Charles Griffin, London, 1948. 

Kim, Y., Kimball, J. S., McDonald, K. C., and Glassy, J.: Developing a Global Data Record of Daily Landscape Freeze/Thaw 

Status Using Satellite Passive Microwave Remote Sensing, IEEE Trans. Geosci. Remote Sensing, 49, 949–960, 

https://doi.org/10.1109/TGRS.2010.2070515, 2011. 640 

Kim, Y., Kimball, J. S., Zhang, K., and McDonald, K. C.: Satellite detection of increasing northern hemisphere non-frozen 

seasons from 1979 to 2008: Implications for regional vegetation growth, Remote Sensing of Environment, 121, 472–487, 

https://doi.org/10.1016/j.rse.2012.02.014, 2012. 

Kimball, J. S., McDonald, K. C., Running, S. W., and Frolking, S. E.: Satellite radar remote sensing of seasonal growing 

seasons for boreal and subalpine evergreen forests, Remote Sensing of Environment, 90, 243–258, 645 

https://doi.org/10.1016/j.rse.2004.01.002, 2004. 

Kou, X., Jiang, L., Yan, S., Zhao, T., Lu, H., and Cui, H.: Detection of land surface freeze-thaw status on the Tibetan Plateau 

using passive microwave and thermal infrared remote sensing data, Remote Sensing of Environment, 199, 291–301, 

https://doi.org/10.1016/j.rse.2017.06.035, 2017. 

Kou, X., Jiang, L., Yan, S., Wang, J., and Gao, L.: Research on the Improvement of Passive Microwave Freezing and Thawing 650 

Discriminant Algorithms for Complicated Surface Conditions, in: IGARSS 2018 - 2018 IEEE International Geoscience and 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



29 
 

Remote Sensing Symposium, IGARSS 2018 - 2018 IEEE International Geoscience and Remote Sensing Symposium, Valencia, 

7161–7164, https://doi.org/10.1109/IGARSS.2018.8518731, 2018. 

Langer, M., Westermann, S., Heikenfeld, M., Dorn, W., and Boike, J.: Satellite-based modeling of permafrost temperatures in 

a tundra lowland landscape, Remote Sensing of Environment, 135, 12–24, https://doi.org/10.1016/j.rse.2013.03.011, 2013. 655 

Li, X., Zhou, Y., Asrar, G. R., and Zhu, Z.: Creating a seamless 1 km resolution daily land surface temperature dataset for 

urban and surrounding areas in the conterminous united states, Remote Sensing of Environment, 206, 84–97, 

https://doi.org/10.1016/j.rse.2017.12.010, 2018. 

Liang, X., Liu, Q., Wang, J., Chen, S., and Gong, P.: Global 500 m seamless dataset (2000–2022) of land surface reflectance 

generated from MODIS products, Earth Syst. Sci. Data, 16, 177–200, https://doi.org/10.5194/essd-16-177-2024, 2024. 660 

Liu, Q., Wang, L., Qu, Y., Liu, N., Liu, S., Tang, H., and Liang, S.: Preliminary evaluation of the long-term GLASS albedo 

product, International Journal of Digital Earth, 6, 69–95, https://doi.org/10.1080/17538947.2013.804601, 2013. 

Mann, H. B.: Nonparametric Tests Against Trend, Econometrica, 13, 245–259, https://doi.org/10.2307/1907187, 1945. 

McDonald, K. C. and Kimball, J. S.: Estimation of Surface Freeze–Thaw States Using Microwave Sensors, in: Encyclopedia 

of Hydrological Sciences, John Wiley & Sons, Ltd, https://doi.org/10.1002/0470848944.hsa059a, 2006. 665 

McDonald, K. C., Kimball, J. S., Zhao, M., Njoku, E., Zimmermann, R., and Running, S. W.: Spaceborne microwave remote 

sensing of seasonal freeze-thaw processes in the terrestrial high latitudes: Relationships with land-atmosphere CO2 exchange, 

Fourth International Asia-Pacific Environmental Remote Sensing Symposium 2004: Remote Sensing of the Atmosphere, 

Ocean, Environment, and Space, Honolulu, HI, 167–178, https://doi.org/10.1117/12.578906, 2004a. 

McDonald, K. C., Kimball, J. S., Njoku, E., Zimmermann, R., and Zhao, M.: Variability in springtime thaw in the terrestrial 670 

high latitudes: Monitoring a major control on the biospheric assimilation of atmospheric CO2 with spaceborne microwave 

remote sensing, Earth Interact., 8, 1–23, https://doi.org/10.1175/1087-3562(2004)8<1:VISTIT>2.0.CO;2, 2004b. 

Okuyama, A. and Imaoka, K.: Intercalibration of Advanced Microwave Scanning Radiometer-2 (AMSR2) Brightness 

Temperature, IEEE Trans. Geosci. Remote Sensing, 53, 4568–4577, https://doi.org/10.1109/TGRS.2015.2402204, 2015. 

Panneer Selvam, B., Laudon, H., Guillemette, F., and Berggren, M.: Influence of soil frost on the character and degradability 675 

of dissolved organic carbon in boreal forest soils, JGR Biogeosciences, 121, 829–840, https://doi.org/10.1002/2015JG003228, 

2016. 

Peng, X., Frauenfeld, O. W., Cao, B., Wang, K., Wang, H., Su, H., Huang, Z., Yue, D., and Zhang, T.: Response of changes 

in seasonal soil freeze/thaw state to climate change from 1950 to 2010 across china, JGR Earth Surface, 121, 1984–2000, 

https://doi.org/10.1002/2016JF003876, 2016. 680 

Poutou, E., Krinner, G., Genthon, C., and De Noblet-Ducoudré, N.: Role of soil freezing in future boreal climate change, 

Climate Dynamics, 23, 621–639, https://doi.org/10.1007/s00382-004-0459-0, 2004. 

Qin, J., Yang, K., Lu, N., Chen, Y., Zhao, L., and Han, M.: Spatial upscaling of in-situ soil moisture measurements based on 

MODIS-derived apparent thermal inertia, Remote Sensing of Environment, 138, 1–9, 

https://doi.org/10.1016/j.rse.2013.07.003, 2013. 685 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



30 
 

Rautiainen, K., Parkkinen, T., Lemmetyinen, J., Schwank, M., Wiesmann, A., Ikonen, J., Derksen, C., Davydov, S., Davydova, 

A., Boike, J., Langer, M., Drusch, M., and Pulliainen, J.: SMOS prototype algorithm for detecting autumn soil freezing, Remote 

Sensing of Environment, 180, 346–360, https://doi.org/10.1016/j.rse.2016.01.012, 2016. 

Roy, A., Royer, A., Derksen, C., Brucker, L., Langlois, A., Mialon, A., and Kerr, Y. H.: Evaluation of Spaceborne L-Band 

Radiometer Measurements for Terrestrial Freeze/Thaw Retrievals in Canada, IEEE J. Sel. Top. Appl. Earth Observations 690 

Remote Sensing, 8, 4442–4459, https://doi.org/10.1109/JSTARS.2015.2476358, 2015. 

Running, S. W.: A blueprint for improved global change monitoring of the terrestrial biosphere, The Earth Observer, 10, 8–

13, 1998. 

Schaefer, K., Zhang, T., Bruhwiler, L., and Barrett, A. P.: Amount and timing of permafrost carbon release in response to 

climate warming: AMOUNT AND TIMING OF PERMAFROST CARBON RELEASE, Tellus B, 63, 165–180, 695 

https://doi.org/10.1111/j.1600-0889.2010.00527.x, 2011. 

Sohrabinia, M., Rack, W., and Zawar-Reza, P.: Soil moisture derived using two apparent thermal inertia functions over 

Canterbury, New Zealand, J. Appl. Remote Sens, 8, 083624, https://doi.org/10.1117/1.JRS.8.083624, 2014. 

Song, C. and Jia, L.: A Method for Downscaling FengYun-3B Soil Moisture Based on Apparent Thermal Inertia, Remote 

Sensing, 8, https://doi.org/10.3390/rs8090703, 2016. 700 

Su, Z., Wen, J., Dente, L., Velde, R., Wang, L., Ma, Y., Yang, K., and Hu, Z.: The tibetan plateau observatory of plateau scale 

soil moisture and soil temperature (tibet-obs) for quantifying uncertainties in coarse resolution satellite and model products, 

Hydrology and earth system sciences, 15, 2303–2316, https://doi.org/10.5194/hess-15-2303-2011, 2011. 

Vaittinada Ayar, P., Vrac, M., Bastin, S., Carreau, J., Déqué, M., and Gallardo, C.: Intercomparison of statistical and dynamical 

downscaling models under the EURO- and MED-CORDEX initiative framework: present climate evaluations, Clim Dyn, 46, 705 

1301–1329, https://doi.org/10.1007/s00382-015-2647-5, 2016. 

Van Doninck, J., Peters, J., De Baets, B., De Clercq, E. M., Ducheyne, E., and Verhoest, N. E. C.: The potential of 

multitemporal Aqua and Terra MODIS apparent thermal inertia as a soil moisture indicator, International Journal of Applied 

Earth Observation and Geoinformation, 13, 934–941, https://doi.org/10.1016/j.jag.2011.07.003, 2011. 

Veroustraete, F., Li, Q., Verstraeten, W. W., Chen, X., Bao, A., Dong, Q., Liu, T., and Willems, P.: Soil moisture content 710 

retrieval based on apparent thermal inertia for Xinjiang province in China, International Journal of Remote Sensing, 33, 3870–

3885, https://doi.org/10.1080/01431161.2011.636080, 2012. 

Verstraeten, W. W., Veroustraete, F., Van Der Sande, C. J., Grootaers, I., and Feyen, J.: Soil moisture retrieval using thermal 

inertia, determined with visible and thermal spaceborne data, validated for European forests, Remote Sensing of Environment, 

101, 299–314, https://doi.org/10.1016/j.rse.2005.12.016, 2006. 715 

Wang, C., Yang, N., Zhao, T., Xue, H., Peng, Z., Zheng, J., Pan, J., Yao, P., Gao, X., Yan, H., Song, P., Liou, Y.-A., and Shi, 

J.: All-season liquid soil moisture retrieval from SMAP, IEEE J. Sel. Top. Appl. Earth Observations Remote Sensing, 17, 

8258–8270, https://doi.org/10.1109/JSTARS.2024.3382315, 2024. 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



31 
 

Wang, P., Zhao, T., Shi, J., Hu, T., Roy, A., Qiu, Y., and Lu, H.: Parameterization of the freeze/thaw discriminant function 

algorithm using dense in-situ observation network data, International Journal of Digital Earth, 12, 980–994, 720 

https://doi.org/10.1080/17538947.2018.1452300, 2019a. 

Wang, P., Zhao, T., Shi, J., Hu, T., Roy, A., Qiu, Y., and Lu, H.: Parameterization of the freeze/thaw discriminant function 

algorithm using dense in-situ observation network data, International Journal of Digital Earth, 12, 980–994, 

https://doi.org/10.1080/17538947.2018.1452300, 2019b. 

Way, J., Zimmermann, R., Rignot, E., McDonald, K., and Oren, R.: Winter and spring thaw as observed with imaging radar 725 

at BOREAS, J. Geophys. Res., 102, 29673–29684, https://doi.org/10.1029/96JD03878, 1997. 

Wei, Z., Jin, H., Zhang, J., Yu, S., Han, X., Ji, Y., He, R., and Chang, X.: Prediction of permafrost changes in Northeastern 

China under a changing climate, Sci. China Earth Sci., 54, 924–935, https://doi.org/10.1007/s11430-010-4109-6, 2011. 

Wu, S., Zhao, T., Pan, J., Xue, H., Zhao, L., and Shi, J.: Improvement in modeling soil dielectric properties during freeze-thaw 

transitions, IEEE Geosci. Remote Sensing Lett., 19, 1–5, https://doi.org/10.1109/LGRS.2022.3154291, 2022. 730 

Xu, L., Myneni, R. B., Chapin Iii, F. S., Callaghan, T. V., Pinzon, J. E., Tucker, C. J., Zhu, Z., Bi, J., Ciais, P., Tømmervik, 

H., Euskirchen, E. S., Forbes, B. C., Piao, S. L., Anderson, B. T., Ganguly, S., Nemani, R. R., Goetz, S. J., Beck, P. S. A., 

Bunn, A. G., Cao, C., and Stroeve, J. C.: Temperature and vegetation seasonality diminishment over northern lands, Nature 

Clim Change, 3, 581–586, https://doi.org/10.1038/nclimate1836, 2013. 

Xu, Z., Han, Y., and Yang, Z.: Dynamical downscaling of regional climate: A review of methods and limitations, Sci. China 735 

Earth Sci., 62, 365–375, https://doi.org/10.1007/s11430-018-9261-5, 2019. 

Yang, J., Yang, S., Li, M., and Tan, C.: Vulnerability of frozen ground to climate change in China, Journal of Glaciology and 

Geocryology, 35, 1436–1445, 2013. 

Yao, R., Wang, L., Huang, X., Cao, Q., Wei, J., He, P., Wang, S., and Wang, L.: Global seamless and high-resolution 

temperature dataset (GSHTD), 2001–2020, Remote Sensing of Environment, 286, 113422, 740 

https://doi.org/10.1016/j.rse.2022.113422, 2023. 

Yu, P., Zhao, T., Shi, J., Ran, Y., Jia, L., Ji, D., and Xue, H.: Global spatiotemporally continuous MODIS land surface 

temperature dataset, Sci Data, 9, 143, https://doi.org/10.1038/s41597-022-01214-8, 2022. 

Zhang, L., Zhao, T., Jiang, L., and Zhao, S.: Estimate of Phase Transition Water Content in Freeze–Thaw Process Using 

Microwave Radiometer, IEEE Trans. Geosci. Remote Sensing, 48, 4248–4255, https://doi.org/10.1109/TGRS.2010.2051158, 745 

2010. 

Zhang, P., Zheng, D., Wen, J., Zeng, Y., Wang, X., Wang, Z., Ma, Y., and Su, Z.: A 10-year surface soil moisture dataset 

produced based on in situ measurements collected from the Tibet-Obs (2009-2019), National Tibetan Plateau / Third Pole 

Environment Data Center [dataset], https://doi.org/10.4121/12763700.v7, 2021a. 

Zhang, P., Zheng, D., Van Der Velde, R., Wen, J., Zeng, Y., Wang, X., Wang, Z., Chen, J., and Su, Z.: Status of the tibetan 750 

plateau observatory (tibet-obs) and a 10-year (2009–2019) surface soil moisture dataset, Earth Syst. Sci. Data, 13, 3075–3102, 

https://doi.org/10.5194/essd-13-3075-2021, 2021b. 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.



32 
 

Zhang, T., Zhou, Y., Zhu, Z., Li, X., and Asrar, G. R.: A global seamless 1 km resolution daily land surface temperature dataset 

(2003–2020), Earth Syst. Sci. Data, 14, 651–664, https://doi.org/10.5194/essd-14-651-2022, 2022. 

Zhang, X., Sun, S. F., and Xue, Y.: Development and Testing of a Frozen Soil Parameterization for Cold Region Studies, 755 

Journal of Hydrometeorology, 8, 690–701, https://doi.org/10.1175/JHM605.1, 2007. 

Zhang, X., Zhou, J., Liang, S., Chai, L., Wang, D., and Liu, J.: Estimation of 1-km all-weather remotely sensed land surface 

temperature based on reconstructed spatial-seamless satellite passive microwave brightness temperature and thermal infrared 

data, ISPRS Journal of Photogrammetry and Remote Sensing, 167, 321–344, https://doi.org/10.1016/j.isprsjprs.2020.07.014, 

2020. 760 

Zhao, M., Ramage, J., Semmens, K., and Obleitner, F.: Recent ice cap snowmelt in Russian High Arctic and anti-correlation 

with late summer sea ice extent, Environ. Res. Lett., 9, 045009, https://doi.org/10.1088/1748-9326/9/4/045009, 2014. 

Zhao, T. and Yu, P.: Global daily 0.05 ° spatiotemporal continuous land surface temperature dataset (2002-2022), National 

Tibetan Plateau / Third Pole Environment Data Center [dataset], https://doi.org/10.11888/Meteoro.tpdc.271663., 2021. 

Zhao, T., Zhang, L., Jiang, L., Zhao, S., Chai, L., and Jin, R.: A new soil freeze/thaw discriminant algorithm using AMSR-E 765 

passive microwave imagery, Hydrol. Process., 25, 1704–1716, https://doi.org/10.1002/hyp.7930, 2011. 

Zhao, T., Shi, J., Hu, T., Zhao, L., Zou, D., Wang, T., Ji, D., Li, R., and Wang, P.: Estimation of high‐resolution near‐surface 

freeze/thaw state by the integration of microwave and thermal infrared remote sensing data on the Tibetan Plateau, Earth and 

Space Science, 4, 472–484, https://doi.org/10.1002/2017EA000277, 2017. 

Zhao, T., Wang, S., Ouyang, C., Chen, M., Liu, C., Zhang, J., Yu, L., Wang, F., Xie, Y., Li, J., Wang, F., Grunwald, S., Wong, 770 

B. M., Zhang, F., Qian, Z., Xu, Y., Yu, C., Han, W., Sun, T., Shao, Z., Qian, T., Chen, Z., Zeng, J., Zhang, H., Letu, H., Zhang, 

B., Wang, L., Luo, L., Shi, C., Su, H., Zhang, H., Yin, S., Huang, N., Zhao, W., Li, N., Zheng, C., Zhou, Y., Huang, C., Feng, 

D., Xu, Q., Wu, Y., Hong, D., Wang, Z., Lin, Y., Zhang, T., Kumar, P., Plaza, A., Chanussot, J., Zhang, J., Shi, J., and Wang, 

L.: Artificial intelligence for geoscience: Progress, challenges, and perspectives, The Innovation, 5, 100691, 

https://doi.org/10.1016/j.xinn.2024.100691, 2024a. 775 

Zhao, T., Feng, D., Yu, P., and Zhang, Z.: Global 0.05° near-surface freeze/thaw state dataset v2.0 (2002-2023), National 

Tibetan Plateau / Third Pole Environment Data Center [dataset], https://doi.org/10.11888/Cryos.tpdc.301551, 2024b. 

Zhou, Z., Zhao, S., and Jiang, L.: Downscaling methods of passive microwave remote sensing of soil moisture, Journal of 

Beijing Normal University (Natural Science), 52, 479–485, 2016. 

Zuerndorfer, B. and England, A. W.: Radiobrightness decision criteria for freeze/thaw boundaries, IEEE Trans. Geosci. 780 

Remote Sensing, 30, 89–102, https://doi.org/10.1109/36.124219, 1992. 

Zuerndorfer, B. W., England, A. W., Dobson, M. C., and Ulaby, F. T.: Mapping freeze/thaw boundaries with SMMR data, 

Agricultural and Forest Meteorology, 52, 199–225, https://doi.org/10.1016/0168-1923(90)90106-G, 1990. 

 

https://doi.org/10.5194/essd-2025-62
Preprint. Discussion started: 7 April 2025
c© Author(s) 2025. CC BY 4.0 License.


