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Abstract. Permafrost over the Qinghai-Tibet Plateau (QTP) has gainedreceived increasing attention due to its high sensitivity 

to climate change. Numerous spatial modeling studies have been conducted on the QTP to assess the status of permafrost, 

project future changes in permafrost, and diagnose contributors to permafrost degradation. Due to very limited numberthe 

scarcity of observationground stations on the QTP, these modeling studies are often hampered by the lack of validation 15 

references, calibration targets, and model constraints, whereaswhile a high-quality permafrost distribution map can be a good 

option as a benchmark for spatial simulation results.simulations. Existing permafrost distribution maps on the QTP can 

hardlypoorly serve this purpose. An ideal benchmark map for spatial modeling should be methodologically sound, haveof 

sufficient accuracy, and be based on observations collected in specificfrom mapping years, rather than all historical data 

spanning several decades. Therefore, in this study, we created a new permafrost distribution map over the QTP in 2010 20 

throughwith a novel permafrost mapping approach with satellite-derived ground surface thawing/freezing indices as 

inputinputs and survey-based subregion permafrost maps as constraints. This approach was further improved in this study to 

reduce parametric equifinality. It accountsaccounted for the effects of local factors by incorporating into the model an empirical 

soil parameter whose values arewere optimally estimated through spatial clustering and parameter optimization constrained 

by survey-based subregion permafrost maps., and was improved in this study to reduce parametric equifinality. This new map 25 

showsshowed a total permafrost area of about 1.086×106 km2 (41.2% of the QTP area) and seasonally frozen ground of about 

1.447×106 km2 (54.9%) in 2010, excluding glaciers and lakes. Validations using survey-based subregion permafrost maps 

(Kappa = 0.74) and borehole records (Overall Accuracy = 0.85 and Kappa = 0.43) showed higher accuracy of this map than 

two recent maps. Inspection of regions with obvious distinctions between the maps affirms that the permafrost distribution on 

this map is more realistic than that on the Zou et al. (2017) map. Due toGiven the demonstrated excellent accuracy 30 

demonstrated, this map can serve as a benchmark map of sufficient quality to constrain/validatefor constraining/validating 
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land surface modelssimulations on the QTP and as a historical reference whenfor projecting future permafrost changes on the 

QTP in the context of global warming. 

1 Introduction 

Permafrost, defined as ground that remains at or below 0 °C for at least two consecutive years (Dobinski, 2011), underlies 35 

more than 20% of the exposed land area in the Northern Hemisphere (Obu et al., 2019) and constitutes an essential component 

of the Earth system. As such, studies on permafrost have attracted increasing interest for its sensitive and complex responses 

and feedbacks to global climate change (Slater and Lawrence, 2013; Schuur et al., 2015; Walvoord and Kurylyk, 2016). The 

Qinghai-Tibet Plateau (QTP), also known as the Earth’s third pole, hascontains the highest and largest mid- to low-latitude 

permafrost area in the world (Cao et al., 2019a). Affected by. Due to the complex topography and unique plateau climate, 40 

permafrost over the QTP is generally of low thermal stability in general and strongly influenced by complex local factors, thus 

differingmaking it different from high-latitude permafrost around the Arctic and being more sensitive to global climate change 

(Li et al., 2008; Yang et al., 2019; Zhao et al., 2020).  

In the context of global warming, significant permafrost degradation occursis occurring on the QTP and has a great 

impact onstrongly affected hydrological processes (Li et al., 2020), the carbon cyclecycling (Mu et al., 2020), and heat 45 

exchange processes (Zhao et al., 2020). In addition, hazards related to permafrost degradation threaten constructions and 

infrastructures on the QTP (Wang et al., 2020). Many researches have studied the complex responses and feedbacks of 

permafrost to climate change (Yang et al., 2019), while land surface model-based spatial modeling of permafrost dynamics 

using land surface models has become an important approach (Ji et al., 2022). Using land surface models, many spatial 

modeling studies have attempted to project future changes inof permafrost distribution(Chang et al., 2018; Debolskiy et al., 50 

2020; Yin et al., 2021), assess permafrost physicsstatus under climate change (Koven et al., 2013; Burke et al., 2020), diagnose 

the contributors to regional permafrost degradation (Zhang et al., 2021; Zhang et al., 2021; Mekonnen et al., 2021), and project 

possiblepotential feedbacks toon the climate systemssystem due to permafrost degradation (Zhang et al., 2020; Andresen et 

al., 2020; Yokohata et al., 2020; Wang et al., 2021). But evaluating the evaluation of spatial modeling resultssimulations has 

often been a major challenge for these studieschallenging because compared with the large extent of spatial modeling results, 55 

fieldground observations on the QTP are often too sparse to provide references, especially on the QTP. compared to the large 

spatial domain of the spatial modeling. Hence, using there is a need for an accurate permafrost distribution map as a target to 

calibrate the parameters and that would serve as a reference to validate the results can be a good choice. More importantly, a 

historicalof spatial simulations. The map of permafrost distribution cancould be used as a target for the calibration of model 

parameters and to provide a constraint for future projection studiesprojections to minimize biases arisingresulting from the 60 

modeling process. Moreover, an accurate map of permafrost distribution map cancould serve as a fundamental dataset for 

hydrological, carbon, ecological and engineering studies in cold regions (Hu et al., 2019; Li et al., 2020; Song et al., 2020; Mu 

et al., 2020). 
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Though many permafrost distribution maps have been compiled over the QTP (Cheng et al., 2011; Shi and Mi, 2013; 

Wang, 2013; Guo and Wang, 2013; Zou et al., 2017; Niu and Yin, 2018; Shi et al., 2018; Wu et al., 2018; Wang et al., 2019), 65 

the quality of these maps is often unsatisfactory, and few of them can serve as a valid benchmarkbenchmarks for calibrating 

and validating land surface models that require sufficient accuracy (Wang et al., 2016; Cao et al., 2019a). The reasons 

restricting the accuracy and reliability of permafrost distributionexisting maps on the QTP are mainly due to insufficientis 

constrained by the limited availability and quality of data used in compilation and inadequateto create them, as well as the 

inadequacy of mapping approaches. Early permafrost maps on the QTP (Cheng et al., 2011; Shi and Mi, 2013) were compiled 70 

through visual interpretation based on limited data and expert judgment. Subsequently, satellite data and reanalysis data have 

become the main data sources of permafrost mapping (Wang, 2013; Zou et al., 2017; Shi et al., 2018; Wang et al., 2019). But 

large gaps in satellite data caused by clouds would highly affect the accuracy of permafrost maps in absence of effective 

interpolation methods (Chen et al., 2020). Although the reanalysis products do not suffer from cloud contamination, their 

coarse spatial resolutions and unsatisfactory performancesassociated large uncertainties on the QTP (Hu et al., 2019; Qin et 75 

al., 2020; Cao et al., 2020) will consequently restrictwould limit the accuracy of the derived maps.  

Uncertainties related toassociated with mapping approaches also negatively exert influence onimpact the 

performanceaccuracy of existing permafrost maps. Currently, popularCommon statistical learning methods applied tofor 

permafrost mapping (Wang et al., 2019; Ni et al., 2021) rely heavily on in situ observations as a training dataset and are often 

compromised by the uneven distribution of field observation sites spanningwhen ground observations are unevenly distributed 80 

and have different observation periods. It will consequently lead, as was the case with the QTP. This led to misrepresentation 

and overfitting in permafrost maps (Marcer et al., 2017), as these statistical learning methods rely heavily on in situ 

observations as a training dataset.). Meanwhile, the lack of detailedaccurate soil properties, adequatefine-tuned 

parameterization schemes, and high-resolution forcing data on the QTP severely challengechallenged the 

performancesapplications of land surface models in mapping permafrost (Wu et al., 2018). These physically-explicit models 85 

were often calibrated and validated at a point scale, leading to unpredictable uncertainties when extended to a large region with 

more variability and thus more complex conditions. (Qin et al., 2017; Wu et al., 2018). In addition, permafrost distribution 

resultsmaps generated by land surface models are usually difficult to servenot well suited as an independent benchmark due 

tomaps because the land surface models are more or less similarity among themsimilar in terms of model structure and forcing 

data. Therefore, empirical and semi-physical approaches remain the main approaches inmainstay of permafrost mapping on 90 

the QTP because of their lower need foras they require fewer in situ observations than statistical learning methods and have a 

simpler structure with fewer parameters than physical models (Zou et al., 2017; Zhao et al., 2017). Nevertheless, these maps 

arehave been criticized for limited consideration of local-scale permafrost control factors (Cao et al., 2019a; Hu et al., 2020),) 

and nothe lack of constraints set up during simulationimposed to avoid divergence. All these issues call into question the ability 

of the existing permafrost distribution maps to serve as a baseline or benchmark with sufficiently high spatial resolution and 95 

qualitymaps for land surface models and climate modelssimulations on the QTP.  



 

4 

 

An ideal benchmark map for spatial modeling of permafrost should be, firstly,1) a map based on crediblean adequate 

number of robust observations and independent of land surface model simulations; secondly,that have not already been used 

for the simulation; 2) a map based on multi-yearthe data close to a specificfrom the mapping year, rather than all historical 

data spanning decades, thereby allowing it as a calibration target or a constraint for  while they were still available; this is 100 

especially important if the benchmark map is used to calibrate a transient models; last but not least,model; and 3) a map of 

adequate accuracy by consideringthat accounts for the impactsinfluences of local factors and is well constrained during the 

mapping process. Under such circumstancesBased on these criteria, this study aims to provide a high-qualityproduce a 

permafrost distribution map over the QTP in 2010 through an effective permafrost mapping approach that takes into 

accountconsiders the effects of local factors and fully utilizes observational data, including remote sensing data and survey-105 

based subregion permafrost maps, as an optimization targets and constraint target. This new permafrost distribution map over 

the QTP can serve as constraints. Our goal is to provide a new reference map of 2010 for regional permafrost simulation studies 

on the QTP and to provide thea benchmark map for transient land surface models simulations of QTP permafrost under climate 

change.  

2 Data 110 

2 Study area and data 

2.1 Study area 

The QTP (bounded within 73.5–104.5°E and 26–40°E) has an area of about 2.6×106 km2 and is surrounded by high 

mountain ranges with relatively flat terrain in the interior (Fig. 1). Most of the QTP lies between 3000–5000 m above sea level 

(a.s.l.) with an average of about 4000 m a.s.l.. The mean annual air temperature ranges from -5 to 5°C in most areas between 115 

3000–5000 m.a.s.l., with the highest monthly temperature recorded at about 10°C in July and the lowest at -10°C in January. 

In the last five decades preceding 2010, air temperature increased by about 0.3–0.4°C per decade, which is more than twice 

the global warming rate (Zhang et al., 2019). Mean annual precipitation decreases from more than 700 mm in the southeast 

towards about 50 mm in the northwest, and about 90% of precipitation falls during the growing season from May to September 

(Peng et al., 2019). The QTP is mainly covered by alpine desert in the northwest and transitions to alpine meadow and forest 120 

in the southeast (Wang et al., 2016). Snow cover on the QTP is thin and of short duration (Wu and Zhang, 2008). Alpine 

permafrost has formed extensively on the QTP, with ice-rich layers often found near the permafrost table on the plateau, which 

is generally 2–3 m deep (Zhao et al., 2020). Permafrost thickness on the QTP ranges from several meters to about 350 m while 

the depth of zero annual amplitude varies from 3.5 to 17 m (Zhao et al., 2020). The QTP permafrost is also characterized by a 

high mean annual ground temperature (MAGT), which is above -3°C in most permafrost regions (Zhao et al., 2020). 125 
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Figure 1. Map showing the topography of the Qinghai-Tibet Plateau (QTP), the locations of meteorological stations, and the 

subregions with extensive field surveys. Inset maps show the local permafrost distributions in the five subregions based on the survey 

data of ca. 2010. WK: West Kunlun; GZ: Gaize; AJ: Aerjin; WQ: Wenquan. 

2.2 Subregion permafrost maps 130 

From 2009 to 2014, a research project sponsored by China Minister of Science and Technology was carried out to 

investigate permafrost and its surroundings. Intensive surveys were conducted in five representative areas (i.e. West Kunlun, 

Gaize, Aerjin, National Highway G308, and Wenquan, west to east in Fig.1) with Fig. 1), each characterized by distinct 

climatic and geographic conditions and representative of the different permafrost environments on the QTP (Zhao et al., 2017). 

Thanks to comprehensiveComprehensive information provided bywas acquired through field observations, mechanical 135 

excavationexcavations, geophysical explorationreconnaissance techniques (ground penetrating radar, (GPR), time-domain 

electromagnetic)), and borehole drilling, thewhich allowed mapping permafrost distributions were mappeddistribution with 

unprecedented qualityhigh accuracy in all five subregions. Permafrost distribution in the Wenquan and West Kunlun 

subregions was mapped by a multivariate adaptive regression splines (MARS) model trained on large samples from field 

surveys: 130 GPR profiles and 21 boreholes in Wenquan; and 103 GPR profiles, 50 pits and 13 boreholes in West Kunlun. In 140 
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the Gaize, Aerjin and G308 subregions, the maps were based on aspect-stratified relationships between altitudinal limits of 

permafrost and topography (Chen et al., 2016).  

These subregion permafrost maps have been widely used as ground truth for assessment in many modeling studies (Zou 

et al., 2017; Zhao et al., 2017; Shi et al., 2018; Wu et al., 2018; Wang et al., 2019). The original maps have a spatial resolution 

of 250 m. In this study, the permafrost maps in the five subregionsthese maps were aggregated and then resampled to 1 km 145 

resolution and used as optimization targets to to calibrate a modelan empirical soil parameter representing a synthesized soil 

thermal and moisture condition. 

 
Figure 1. Map showing the topography of the Qinghai-Tibet Plateau (QTP), the locations of meteorological stations, and the 

subregions with extensive field investigation. Inset maps show the local permafrost distributions in the five subregions (West Kunlun, 150 
Gaize, Aerjin, G308, and Wenquan, from west to east) based on the survey data circa 2010. WK: West Kunlun; GZ: Gaize; AJ: 

Aerjin; WQ: Wenquan (WQ). 

2.23 Satellite land surface temperature product 

The land surface temperature (LST) data product from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

onboard the Terra and Aqua satellites is one of the most widely used LST products due to its high spatial and temporal 155 

resolutions and(Wan, 2008). It has a global coverage (Wan, 2008) and has been applied in many permafrost mapping studies 

to provide temperature conditions (Gisnås et al., 2017; Zou et al., 2017; Obu et al., 2019; Wang et al., 2019). In this study, we 
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employedthe daily MODIS LST/emissivity products (MOD11A1 and MYD11A1 version 6), which provide) were used, 

providing up to two daytime and two nighttime LST observations per day at 1 km resolution. These data are observations were 

used to estimate annual ground surface thawing indices (DDT) and freezing indices (DDF), which in theory are aggregated 160 

from the 0 cm ground temperature (herein ground surface temperature, GST), as drivers to ) driving the mapping approach. 

DDT and DDF are defined as the cumulative number of degree-days in a year when ground surface temperatures (GST) are 

above and below zero degrees Celsius, respectively (Nelson and Outcalt, 1987). In practice, multi-year average DDT (DDF) 

are used instead of a single-year DDT (DDF) in order to avoid single-year meteorological anomalies. In addition, the presence 

of permafrost is by definition determined by the thermal conditions of the last two years, indicating that not only the DDT and 165 

DDF of the current year, but also those of the previous years influence the presence of permafrost. We finally used a period of 

2005-2010 for deriving the DDT and DDF for 2010, partly because automatic weather stations have been commissioned on 

the QTP since 2005, which we needed to accomplish the DDT estimation from the MODIS LST data.  

Moreover, to avoid the influence of single-year meteorological anomalies, it is necessary to calculate multi-year averages 

of DDT and DDF. Since the meteorological variables were measured manually until 2005, when automatic weather stations 170 

were put into operation over the study area, we used MODIS LST products from 2005 to 2010 accordingly. 

2.34 Environmental factors related toinfluencing permafrost distribution 

To account for the influence of local factors on In our approach, we spatially divided the study area into different soil 

clusters to represent the heterogeneity of permafrost distribution, environments on the QTP on the basis of several 

environmental factors were included in the mapping approach. The composite 16-day 1-km normalized difference vegetation 175 

index (NDVI) product (MOD13A2) provides the information on vegetation conditions overgreenness and has been shown to 

be well suited to differentiate the main vegetation classes on the study area. These dataQTP (Zhao et al., 2015). We calculated 

the average aggregate from 2005 to 2010 were aggregated into a multi-year average NDVI. They were alsoand used it as an 

auxiliaryattribute for spatial clustering and as a predictor variable in the estimation offor estimating DDT from satellite LST 

data. 180 

. Topographical factors, including elevation and slope, were derived from the Shuttle Radar Topography Mission 90m 

digital elevation database (SRTM/DEM, version 4) (Reuter et al., 2007), and then resampledaggregated to a working spatial 

resolution of 1 km. The STRM/DEM-derived topographic wetness index (TWI) resampled to 1 km,), together with the 2005 

to 2010 mean annual precipitation from 2005 to 2010 aggregated from the 1-km monthly precipitation dataset for China (Peng 

et al., 2019), represent therepresents wetness conditionconditions affecting permafrost distribution. In addition,Likewise, 185 

average aggregate fraction snow cover (FSC) data were processed for the same period from the 500 m Daily Fractional Snow 

Cover Dataset Over High Asia (Qiu et al., 2017) were aggregated into a multi-year average and resampled to 1 km as one of 

the environmental factors related to the ground thermal regime.2017). Soil texture type data derived from the China Data Set 

of Soil Properties for Land Surface Modeling (Shangguan et al., 2013) were used in the mapping approachalso included. 
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2.45 In situ observations 190 

2.45.1 Ground surface temperature (GST) observations 

There are 131 national meteorological stations of China on the QTP (Fig. 11), which are mostly concentrated in the 

eastern QTP. At these stations, standard meteorological variables are measured 4including air pressure, air temperature, 

precipitation, evaporation, relative humidity, wind speed/direction, sunshine hours, and 0 cm ground surface temperature, are 

measured four times a day, at 2, 8, 14, and 20 o’clock. We extracted the daily GST observations during the period from 2005 195 

to 2010 at these stations from the daily meteorological dataset of basic meteorological elements of the China national surface 

weather stations (version 3.0) (National Meteorological Information Center, 2019). The in situ GST observations were used 

as a reference for the estimates of DDT and DDFto estimate DDTs from the satellite LSTs on the QTP. 

2.45.2 Permafrost presence/absence observations 

We collectedused permafrost presence/absence information revealed byfrom boreholes to evaluate the new permafrost 200 

distribution map of this study. These data are independent of those used to produce subregion permafrost maps and come 

primarily from three sources. A newly published synthesis dataset of permafrost thermal state on the QTP (Zhao et al., 2021) 

containingprovides 65 boreholes where soil temperatures measured at 10m10 m and 20m20 m depths from were monitored 

for 2005 to -2018 was acquired to determine the . The presence of permafrost at borehole locations around 2010 was thus 

determined based on mean annual ground temperature (MAGT). 65 boreholes were selected from this dataset providing MAGT 205 

measurements soil temperatures at the two depths, since previous evidence suggests that the depths of zero annual amplitude 

at these locations are within 5 years around 2010.the two depths. These boreholes were thenfurther classified into three 

categories, i.e.,: boreholes with stable permafrost (MAGT is mean annual soil temperature below -0.1°C at both depths), 

boreholes with unstable permafrost (MAGT is between -0.1 °C and 0 °C at both depths), and boreholes with seasonal frost 

(MAGT is above 0 °C at both depths).  210 

In addition, 7seven boreholes were collected from an existing literature (Li et al., 2016) proving information on 

permafrost presence in the Yellow River source area, a key region in the eastern QTP, are also used for the validation purpose.. 

Ground temperatures in these boreholes were measured in the summers of 2013 and 2014, so and assumed to reflect the thermal 

regimes in 2010. The borehole locations were classified as seasonal frost if soil temperatures at all depths of a borehole are the 

15 m depth were above 0 °C, it is considered as a borehole with seasonal frost, and otherwise one with permafrost. 215 

 In the Yangtze River source area, another key areaan important, ecologically vulnerable permafrost region of the QTP, 

recent observations of the presence/absence of permafrost in 2020 in 32 boreholes acquired during the Second Tibetan Plateau 

Scientific Expedition and Research (Li et al., 2022) in 2020 were also used as a reference. SinceBecause permafrost on the 

QTP has experienced warmingwarmed in recent decades (Cheng et al., 2019), some boreholes indicatingindicative of the 

presence of seasonally frozen ground (SFG) in 2020 may have appeared to be located at the permafrost zone in the 2010 map. 220 
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Therefore, these 32 boreholes were not used to quantitatively validate the results, but were only used foras an aid to comparison 

purposes. 

2.56 Existing QTP permafrost maps for comparison 

To better evaluate the new map generated inof this study, two existingpeer permafrost distribution maps with 1 kma 

resolution representing permafrost distribution on the QTP around 2010 were cited in this study: a new permafrost distribution 225 

map onof 1 km were used. One was compiled by Zou et al. (2017) using the Tibetan Plateau (hereinafter, Zou map) simulated 

by the empirical temperature at the top of permafrost model (TTOP) model based on remote sensing data such as together with 

MODIS LST data from 2003 to 2012 (Zou et al., 2017), and hereinafter, Zou map). The other map was developed via a data-

driven permafrost map (approach by Wang et al. (2019) (hereinafter, Wang map) (Wang et al., 2019) developed by three 

statistical models trained by the with samples from two previous QTP permafrost distribution maps: one is the 1:4 million map 230 

of the Glaciers, Frozen Ground and Deserts in China compiled in maps: a 2006 map (Wang, 2013) in which permafrost onwith 

the QTP is based onportion mapped using a multilinear regression model developed in 2002 (Nan et al., 2002), and the other 

is the above-mentioned Zou map. MODIS LST data were also used as a predictor variable infor the Wang map. Recently, the 

Zou map washas been widely used to represent permafrost distribution around 2010 and to serve as a comparison targethas 

served as ground truth in many QTP studies (Hu et al., 2019; Song et al., 2020; Mu et al., 2020; Ni et al., 2021; Yin et al., 235 

2021), and). Cao et al. (2019a) regardedevaluated the Zou map as the best performing permafrost map on the QTP in an 

evaluation based on an inventory of field evidence.  

For the sake of simplicity, we excluded lakes and glaciers from our analysis. The spatial distribution of glaciersGlacier 

inventory data on the QTP comes aswere a subset of the Second Glacier Inventory Dataset of China (version 1.0) (2006-2011) 

(from Guo et al., . (2015), and lake data for the period 2008-2010 in Long-Term Sequence Dataset of Lake Area on the Tibetan 240 

Plateau (from Zhang et al., .(2017) serve asprovided the lake boundaries in this study.  

3 Mapping method and validation 

3.1 The FROSTNUM/COP method and the improvements 

ToWe applied the FROSTNUM/COP mapping method developed by Hu et al.(2020) to map the distribution of 

permafrost on the QTP, we applied a newly developed mapping method, namely FROSTNUM/COP (Hu et al., 2020).. The 245 

general process of this method and the improvements we made in this study are describedoutlined in Fig. 2. This methodIt is 

based on the extended ground surface frost number (FROSTNUM) model fed by satellite temperature data (Fig. 2a,b). This 

method ), and requires permafrost distribution maps for subregions, which serve as optimization objectives to obtain optimal 

values forconstraints. This method accounts for local factors through a key model parameter E that accounts for the 

heterogeneity of soils, using techniques such as, whose values were optimally determined for all spatial units following a 250 

procedure of spatial clustering (Fig. 2c), parametric optimization (Fig. 2d), and decision tree (Fig. 2c).  
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The extended FROSTNUM model determines the occurrence of permafrost by a frost number F: 

𝐹 =  
√𝐷𝐷𝐹

√𝐷𝐷𝐹 + 𝐸 ∙ √𝐷𝐷𝑇
 (1) 

where DDF and DDT represent the annual ground surface freezing and thawing indices (°C∙day) of the ground surface 

temperature (GST), respectively. E is a parameter accounting for athe combined effect of shifting soil property shiftsproperties 

from the unfrozen to the frozen state and is determined by the soil thermal properties and moisture conditions in both states. If 255 

F is greater than 0.5, the ground is determined as permafrost, otherwise, it is seasonally frozen ground (SFG). In theseasonal 

frost. Under ideal casecircumstances, if soil properties and conditions remain constant during the phase change, E equals 1 and 

Eq. (1) becomes Nelson’s original frost number model (Nelson and Outcalt, 1987). Although the parameter E is physically 

well defined, in practice it is impossible to compute its value directly due to the lack of accurate datainformation on soil 

properties and soil moisture on the QTPconditions. Therefore, the FROSTNUM/COP method resorts to an optimization 260 

procedure to solve for E, which is detailed in Section 3.3. Once the driving data (DDTfreezing and DDF)thawing indices and 

parameters are ready, the extended FROSTNUM model is applied to map the distribution of permafrost throughoutacross the 

QTP. 

TheThe optimization procedure in the original FROSRNUM/COP method uses Cohen’s Kappa coefficient (Cohen, 1960) 

as an objective function, which measures the agreement of frozen soil type classification between simulation resultsthe 265 

simulated map and survey-based subregion maps as the objective function, which . This may lead to thean equifinality problem 

in solving the optimal values of E, since the target is agiven binary subregion map.categorical raters for Kappa. In this study, 

we specially addressedreduced the equifinality problem. We modified by modifying the objective function to additionally 

include a metric that guarantees boundary consistency, and estimated the final map as a result ofby introducing an ensemble 

simulation of 1000 runs of parametric optimization. These processes are explained in Section 3.3. 270 
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Figure 2. FlowchartWorkflow of the permafrost mapping method. (a) lists theThe data required in this study. (b) shows the 

preparationPreparation of annual ground surface freezing indices (DDF) and thawing indices (DDT) based on satellite land surface 

temperature (LST) data. (c) shows the processProcess of spatial clustering of soils in subregions and prediction of the clusters infor 275 
the study area based on local factors. (d) shows the determinationDetermination of the optimal values for soil parameter (E) values 

in the model using the particle swarm optimization (PSO) algorithm constrained by the given subregion maps. (e) shows theThe 

process of mapping the permafrost distribution on the QTP based on 1000 ensemble runs using the extended ground surface frost 

number model (FROSTNUM). Dashed blue lines enclosemark the improved processes over the original FROSTNUM/COP method 

(Hu et al., 2020), including refinement of the optimization objective and ensemble runs. The diagram has beenwas modified from 280 
Hu et al. (2020). GST: ground surface temperature; NDVI: normalized difference vegetation index. 

3.2 Preparation of ground surface freezing and thawing indices  

The ground surface freezing indicesDDF and thawing indicesDDT were calculated based on the MOD11A1 and 

MYD11A1 level 3 products (version 6). Gaps in the MODIS LST productsdata due to cloudiness have been reported to 

induceresulted in systematic cold biases (Westermann et al., 2012) and lead toconsequently uncertainties in mapping 285 

permafrost mapping when usingbased on these products as inputs, so a suitable interpolation method must be applied to fill 

the gaps.data. Despite the availability of many all-weather LST products (Zhang et al., 2021; Xu and Cheng, 2021), in this 

study, we chose to perform a stepwise interpolation approach based on the solar-cloud-satellite geometry (SCSG) effect (Chen 

et al., 2022) to interpolate the voiddata-gap regions in the MODIS LST data. Compared withto existing approaches, the SCSG-

based approach requires only MODIS family data and is theoretically effective in tackling the case of for extensive missing 290 

data (e.g. on the QTP). Moreover, A brief introduction to this interpolation approach relies only on MODIS family data, while 

other all-weather LST products rely on more data resources with various levels of uncertainty, making it advanced in 

uncertainty control. 

In this SCSG-based stepwise interpolation approach, firstly, clear-sky LSTs are interpolated for all cloud-affected pixels 

(Chen et al., 2020). This clear-sky interpolation approach uses multiple temporally proximate images as reference images, with 295 

which multiple initial estimates are made for each interpolated pixel by an empirically orthogonal function method and then 
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merged using a Bayesian approach to arrive at the best estimate of clear-sky LST equivalent. Then, a recovering approach 

(Chen et al., 2022) based on the solar-cloud-satellite geometry (SCSG) effect (Wang et al., 2017; Wang et al., 2019) is applied 

to impose the cloud effects on clear-sky LST equivalents. As the illumination angle of the sun and the view angle of the satellite 

with respect to the ground are different, some cloud-affected regions can be observed by satellite and thus LST observations 300 

in those cloudy pixels are available, thus providing important samples to consider the effects of cloudiness on the clear-sky 

LST equivalents. This process is realized with Multivariate Adaptive Regression Splines (Friedman, 1991) taking as training 

data the pixels under cloudy conditions yet with known LST due to the SCSG effect. The predictor variables include clear-sky 

LST equivalent obtained in the previous step, albedo, downward shortwave radiation, net surface shortwave radiation, 

elevation, slope, and NDVI. As a consequence, four all-weather LST values per day are available at each 1 km by 1 km pixel. 305 

Then, a sinusoidal method (Van Doninck et al., 2011) is applied to calculate the daily mean LST based on four instantaneous 

LST observations and the corresponding satellite overpass timesprovided in Appendix A.  

Due to the buffering effect of seasonal snow cover and vegetation, thermal offsets often exist between satellite-derived 

LST values and GST values. Therefore, an algorithm was developed to remove the influence of thermal offsets from satellite-

derived LST values. In most areas of the QTP, snow cover is thin and short-lived (Wu and Zhang, 2008; Zhao et al., 2017), 310 

thus the impactbuffer effect of snow cover is limited, while the LST has been reported to be and LSTs are close to the GSTGSTs 

during the snow-free periodperiods (Hachem et al., 2012), as also shown later in this study. Therefore, we did not take snow 

cover into consideration and for the DDF values were directly aggregated from the absolute value, we simply calculated the 

sum of negative degree-days of mean daily LST below 0°C. from four instantaneous LST observations, ignoring the effects of 

snow cover. 315 

NeverthelessOn the contrary, vegetation cover iscomplicates DDT calculations by providing a strong thermal buffer 

layer affecting the between GST- and LST thermal offsets, especially on the easteastern QTP during growing seasons. 

Therefore, thermal offsets should be removed from the raw LST- data before DDT can be derived thawing degree-days, as a 

sum of the positive degree-days of mean daily LST values above 0°C, cannot be used directly as the DDT as required in the 

extended FROSTNUM. Inspired by a study on estimating soil temperature from LST, NDVI and solar declination using linear 320 

regression models (Huang et al., 2020),. To this end, we estimated the annual DDT from raw LST-derived thawing degree-

days based ondeveloped a multilinear regression model where GST is a function of independent variables including the raw 

LST, NDVI, and latitude at weather stations. 

There are two paths for estimating the annual DDT of each pixel from the raw LST-derived thawing degree-days at that 

pixel. One is a form of ‘one- (Huang et al., 2020). The correction was repeated over 23 time intervals a year estimation’ in 325 

which a single regression model is fitted for each year, and the annual DDT is solved based on this yearly regression model. 

The other is a form of ‘interval-based estimation’, dividing a whole year into 23 time intervals corresponding to the 16-day 

composite NDVI values each yearwas the aggregate of all these corrected positive degree-days. More information regarding. 

Most intervals consist of 16 days, except for the last interval. A multilinear regression is established for each time interval to 
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estimate the thawing index for this time interval, and then the 23 thawing indices per year are summed to obtain an annual 330 

DDT.  

The multilinear regression model for each time interval per MODIS grid cell has the following form trained on data at 

meteorological sites:  

𝐷𝐷𝑇𝑖,GST
′ = 𝑓(𝐷𝐷𝑇𝑖,LST

′, 𝑁𝑖 , 𝐿) (2) 

where 𝐷𝐷𝑇𝑖,GST
′ is the ground surface thawing index for the 𝑖th interval of the year. 𝐷𝐷𝑇𝑖,LST

′ is the thawing degree-days 

derived from the positive daily mean MODIS LST values at the grid cell for the 𝑖th interval. 𝑁𝑖 refers to the 𝑖th composite 335 

NDVI value in the cell. At the training stage, it is the MODIS cell in which the meteorological site is located. 𝐿 is the latitude. 

The index i ranges from 1 to 23. The fitted regression functions (f) for all intervals are then applied to the entire QTP to obtain 

interval-based DDT values for a given year, before summing them for the annual DDT for that year. To reduce the risk of 

single-year meteorological anomalies, annual DDF and DDT values are averaged over 2005 to 2010 to obtain multi-year 

averages of DDT and DDF, which are then used to drive the extended FROSTNUM model. The one-year estimation is 340 

performed on a yearly basis, rather than on an interval basis, following a similar approach of Eq. (2), without the need to sum 

the interval-based values. 

To evaluate the effectiveness of the interval-based estimation method, we randomly divided the 131 weather stations 

into a training set (70%) and a testing set (30%) for 100 times. Each time we performed both interval-based estimation and 

one-year estimation based on the same training set, and then evaluated their prediction results using the testing set. Pearson’s 345 

correlation coefficient (r), root mean squared error (RMSE), mean absolute error (MAE) and coefficient of determination (R-

squared) are used as performance metrics. In addition, it should be noted that although this approach cannot completely 

eliminate all biases in resulting annual DDT/DDF values, residual errors can be further reduced in the optimization phase of 

our mapping approach, as the parameter optimization process can implicitly consider thermal offsets in the optimal values of 

soil parameter E when targeting the survey-based subregion permafrost mapbe found in Appendix B. 350 

3.3 Determination of optimal values of soil parameter E 

The soil parameter (E) in the extended FROSTNUM model is theoretically dictated by soil moisture and thermal 

conditions. Soils that have similar moisture and thermal conditions are likely to possess a similar value of E. Therefore, the 

FROSTNUM/COP approach (Hu et al., 2020) applies a spatial clustering technique to group soils in subregions into several 

clusters based on environmental factors, and then infers E for each soil cluster using the particle swarm optimization (PSO) 355 

algorithm (Wang et al., 2018) to make the simulation map best match the survey-based subregion permafrost maps. The number 

of clusters should be iteratively adjusted to better represent the actual distribution of soil conditions in the subregions. We 

predefined the number of clusters as the number of predominant soil texture types in the soil map and then would arrive at the 

most suitable number of clusters by evaluating the agreement of the simulated permafrost distribution, based on the number 

of clusters decreasing by one at a time, with subregion maps.  360 
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In this study, weWe followed the method developed by Hu et al. (2020) to spatially group the soils fromof five subregions 

into soil clusters. AsBecause the QTP is a much larger region with more complex climate and terrain conditions than the 

experimental study area in the previous study (Hu et al., 2020), the environmental variables thatwe chose to account for the 

influences of local factors on permafrost distribution arewere slightly different in this study. Here we employed . Apart from 

the previous factors of elevation, slope, NDVI, FSC, TWI, precipitation, and soil texture type, among whichwe added NDVI 365 

and FSC are newly includedas a response to further account for the influence of surface conditions that are of relatively strong 

heterogeneity of surface conditions on the QTP. Compared withto Hu et al. (2020), we excluded the relief degree, a topographic 

factor, because of  due to its high correlation with slope. Since To allow mixed clustering of categorical (soil texture type is a 

categorical variable and the others are ) and numerical variables, the k-prototype approach (Huang, 1998) was employed in 

clustering. In this process, lakes. Lakes were excluded during the clustering analysis. 370 

The particle swarm optimization (PSO) algorithm (Wang et al., 2018) was used to find the optimal value of E associated 

with each soil cluster. In this population-based heuristic method, the candidate solutions are guided toward the best-known 

positions in the search space, thus enabling a very rapid convergence to an optimal value. In the previous study (Hu et al., 

2020), the only objective function was Cohen’s Kappa coefficient (Cohen, 1960)), which quantifies the agreement between 

the simulation map and the survey-based subregion permafrost distribution maps was used as the only objective function.. 375 

Despite the good performance achieved in the experimental study area (Gaize in Fig. 11), this relatively simple objective 

function will inevitably leadleads to equifinality in larger regions such as the QTP. In view of the factRecognizing that the 

Kappa coefficient well representsis a good representation of the overall consistency between simulation results and subregion 

maps, we retained the Kappa coefficient (𝜅) and imposed a more stringent constraint onmade the objective function more 

rigorous by adding a specially defined boundary consistency. The objective function is then a weighted sum of overall 380 

consistency (𝜅) and boundary consistency (𝛽): 

𝐹𝑜𝑏 = 𝜔𝜅 ∙ 𝜅 + 𝜔𝛽 ∙ 𝛽 (2) 

where 𝐹𝑜𝑏 is the objective function value, 𝜔𝜅 and 𝜔𝛽 are the weights ofimposed on 𝜅 and 𝛽, respectively, 𝜔𝜅 + 𝜔𝛽 = 1. Since 

there is no straightforwardsimple way to determine 𝜔𝜅 and 𝜔𝛽, to minimize the effects of the weights, a random value between 

0.2 and 0.5 was chosen for 𝜔𝛽 and 1000 parametric optimization trials were conducted.correspondingly for 𝜔𝛽 in each of a 

total of 1000 ensemble runs. 𝛽  represents boundary consistency that, which measures how well the boundaries between 385 

permafrost and SFG zones in the subregion maps are represented by the simulation.  

𝛽 is defined as the numbersnumber of ‘positive boundary cells’ (𝑁𝑚) normalized by the total number of ‘boundary cells’ 

(𝑁𝑏) identified from the survey-based subregion maps of permafrost distribution,), with a range of 0 to 1:  

𝛽 =
𝑁𝑚

𝑁𝑏
 (3) 

A boundary cell is a cell on the survey-based subregion maps that satisfies, whose neighboring cells of a size 𝑛 × 𝑛 

satisfy two conditions in its neighborhood of size 𝑛 × 𝑛.. First, the neighboring cells must contain both the types of frozen 390 
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ground (permafrost and SFG) underlie its neighborhood.). Second, the neighborhood containsneighboring cells contain at least 

two soil clusters. According to Eq. (1), the permafrost grid cells must have larger F values than those of SFG grid cells. 

Therefore, in the neighborhoodneighboring cells of any ‘boundary cell’, the F value averaged over the permafrost zone (𝐹�̅�) 

must be greater than that of the SFG zone (𝐹�̅�). A ‘boundary cell’ is ‘positive’ when this condition (𝐹�̅� > 𝐹�̅�) is met, otherwise 

it is ‘negative’.  395 

The optimization procedure aims to maximize 𝛽 as part of the objective function, i.e., as high as possible boundary 

consistency as possible of the simulated map in line withrelevant to the subregion maps. InSince in the simulated map, since 

prior to the optimization procedure the DDTs and DDFs arewere already determined by satellite temperature data, the value 

ofpredetermined before the optimization procedure, frost number F ofin each grid cell depends on the E value associated with 

the specific soil cluster of that cell. This means, that by adjusting the E values of the soil clusters withinin the 400 

neighborhoodneighboring cells of a ‘negative boundary cell’, thisthat cell will probably become has the potential to turn into 

a ‘positive’ cell. In the other words, the number of ‘positive boundary cells’, as well asor 𝛽, is a function of E, which makes 

thethus permitting parametric optimization work. To illustrate this concept, we present a simple instance of a ‘boundary cell’ 

in Appendix C. 

To illustrate this concept, we present a simple instance of ‘boundary cell’ located in the survey-based map with a 3×3 405 

neighborhood where both frozen ground types (permafrost and SFG) and two soil clusters are present (Fig. 3). The DDT-over-

DDF ratios in those cells are already known as already calculated from the satellite LST data (Fig. 3). The ratios in the 

permafrost cells in the neighborhood are presumably higher than those on the SFG cells to resemble a scenario where 

permafrost persists in areas despite unfavorable climatic conditions due to favorable local factors. This cell in the center would 

be considered as a ‘negative boundary cell’ if the E values associated with the two soil clusters take 1, resulting in 𝐹�̅� being 410 

smaller than 𝐹�̅� (Fig. 3b). By adjusting E values accordingly, this negative boundary cell can become positive (Fig. 3c), i.e., 

with a larger 𝐹�̅� versus 𝐹�̅�. Thus, by enforcing such boundary consistency, an extra constraint is imposed on the resolution of 

the optimal E values to mitigate parametric equifinality. 
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Figure 3. Illustration explaining the concept of a boundary cell and the optimization process to improve boundary consistency. 415 
Column (1) shows a boundary cell in a survey-based map defined within a 3×3 neighborhood with permafrost and seasonally frozen 

ground distributed. Column (2) shows two soil clusters present in the neighborhood. The numbers on the cells indicate the values of 

parameter E associated with the soil clusters in the cells. Column (3) shows the DDT-over-DDF ratios predetermined on the grid 

cells. In this case, permafrost cells have DDT-over-DDF ratios greater than one, indicating an unfavorable climate condition for 

permafrost formation. Column (4) shows the resulting ground surface frost numbers (F) for the cells. 𝑭𝒑
̅̅̅̅  is an average of F over 420 

permafrost cells in the neighborhood and 𝑭𝒔
̅̅ ̅ an average of F over seasonal frost cells in the neighborhood. A boundary cell is positive 

when 𝑭𝒑
̅̅̅̅  is greater than 𝑭𝒔

̅̅ ̅. Row (b) indicates a negative boundary cell when E values assume 1; and row (c) shows that this boundary 

cell becomes positive by adjusting E values. Boundary consistency improves when negative boundary cells are converted to positive 

cells as much as possible (Row b to row c). We add boundary consistency as part of the objective function in an effort to mitigate 

parametric equifinality.  425 

In practice, theThe lower and upper limits of E values were setspecified at 0.5 and 1.5, respectively. Using the improved 

parameter optimization approach,, and the optimal E values of parameter E can be estimatedwere determined for all soil 

clusters occurring in the subregions. Finally, thea C5.0 decision tree method(Kuhn and Johnson, 2013)  was trained on the 

information of soil clusters in the subregions and then applied to predict the types of soil clusters in otherfor all regions outside 

the subregions on the QTP on a cell basis, based on the same environmental factors used in spatial clustering. The soil clusters 430 

in subregions were taken as the training set of the decision tree. ThenAfter the distribution map of soil clusters on the QTP 
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was obtained. The distribution, the values of soil parameter E onfor the QTP waswere determined by simply looking up the 

optimal E value associated with each soil cluster in the soil cluster distribution map on the QTP. 

3.4 Mapping permafrost distribution and evaluation 

Once the optimal E values are determinedknown for all QTP grid cells, the extended FROSTNUM model can be 435 

performedwas run to identifydetermine the type of frozen ground of each cell fromusing a threshold of F=0.5 and then the 

permafrost distribution on the QTP can be mapped. However, this map canmay still be affected by local optima or inappropriate 

initial values used in the optimization.. To reduce these uncertainties, theissues, parameter optimization was carried 

outperformed 1000 times, a number that warranted minimal variability of individual E values in our experiment, and the 

permafrost distribution on the QTP was estimated 1000 times in response to 1000 different sets of optimal E values. It should 440 

be noted that, in each of the 1000 estimations, the weight of boundary consistency in the objective function (Eq. (3)) was 

randomly taken from a range of 0.2 to 0.5 since no other criteria could be used to decide an exact weight value, and the weights 

of overall consistency were obtained by simply subtracting the weight of boundary consistency from 1. EventuallyFinally, an 

ensemble permafrost map on the QTP was producedgenerated by majority voting of the 1000 estimates.  

We validated the resulting map (hereafter, our map) from multiple facetsaspects. Although these survey-based subregion 445 

permafrost maps have been used as constraints induring the optimization process, the optimal E values are resultswere obtained 

from all subregion maps as a whole. Therefore, the survey-based permafrost map in each subregion is still of value for 

validating our map covering the entire QTP. Second, we independently validation. We also validated our mapthe maps using 

in situ permafrost presence/absence observations over a 5-year time frame around 2010. At the same time, for comparison, we 

also evaluated the We compared our map with two existing permafrost maps, the Zou map and Wang map (Zou et al., 2017; 450 

Wang et al., 2019) with), using the same reference. We especiallyreferences. In particular, we analyzed the spatial 

inconsistency ofbetween our map and the Zou map (Zou et al., 2017) in some typical regions. In these regions, we 

employedfurther evaluated the two maps by utilizing additional references such as information from boreholes, satellite 

imagesimagery, the permafrost zonation index (PZI) map (Cao et al., 2019b), and elevation distribution to further assess the 

performances of our map and the Zou map. Among them, satellite images can providecharacteristics. Satellite imagery 455 

provides indicative landscape evidence on permafrost existence to some extent. Although occurrence. While the PZI does not 

provide rarely equates to the actual presence of permafrost extent, it can represent the indicates a probability of permafrost 

existencepresence with a value ranging from 0 to 1 (Gruber, 2012). Therefore, PZI statistics can provide another means of 

assessing permafrost distributions. In some regions of the QTP where permafrost is thermally controlled by elevation, the 

relationship betweendependency of permafrost distribution and elevation isoccurrence on elevations provides useful 460 

information for evaluating permafrost distribution maps. 
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4 Results and discussion 

4.1 Ground surface thawing /freezing indices 

There is good consistency in terms of spatial variation, despite considerable discrepancies, between the multi-year 

averaged in situ DDT values at the QTP weather stations and the corresponding annual DDT values directly aggregated from 465 

daily mean MODIS LSTs (raw LST-derived DDT) averaged over 2005-2010 prior to bias correction (Fig. Figure. 3 

demonstrates the discrepancies between average annual in situ DDT (DDF) values, calculated as averages over 2005-2010 

from daily mean GSTs at 131 weather stations on the QTP, and the average annual satellite DDT (DDF) values derived directly 

from the daily mean MODIS LSTs at the corresponding MODIS pixels. The raw LST-derived DDF values matched perfectly 

with the in situ DDF values, echoing the limited effects of thin and short-duration snow cover on the thermal states of 470 

underlying soils on the QTP (Wu and Zhang, 2008; Zhao et al., 2017). ).In contrast, LST-derived annual DDT tended to 

underestimate in situ DDT, with substantial discrepancies at some sites. The discrepancies are mainly connected to the thermal 

offset between remotely sensed LST and GST, which has also been reported by previous studies (Luo et al., 2018; Obu et al., 

2019). In contrast, the raw LST-derived DDF values align well with the in situ DDF values at QTP meteorological stations, 

echoing the limited impacts of thin and short-duration snow cover on the thermal condition of permafrost on the QTP (Wu and 475 

Zhang, 2008; Zhao et al., 2017).  

Table 1 shows Obvious negative biases were observed in the performances of two bias correction approaches (interval-

based estimation and one-year estimation) for correcting raw LST-derived DDT based on 100 times of randomly split testing 

sets. By evaluating against annual in situ DDT values at QTP sites, the annual DDT values obtained by(Fig. 4a). However, 

after applying the interval-based approach has generally lower errors (mean RMSE: 437 °C·day, mean MAE: 349 °C·day) and 480 

better linear correlation (mean r: 0.94) than those by the one-year estimation approach (mean RMSE:486 °C·day, mean MAE: 

438 °C·day, mean r: 0.92). The ranges of metric values for the interval-based estimation are all narrower than those for the 

one-year estimation, indicating consistent improvements in performance at all sites. This demonstrates the advantage of 

adopting the interval-based estimation over the one-year estimation approach in reducing biases in MODIS LST-derived DDT 

data. 485 

Obvious negative biases can be found in the raw LST-derived annual DDT (Fig. 5a) which generally underestimates the 

in situ annual DDT at most of the QTP weather stations from 2005 to 2010. However, after correction using the interval-based 

estimation approach, the negative biases have beenwere well eliminated andremoved. Moreover, the corrected data points 

arewere concentrated along the 1:1 line as shown in Fig. 4b with anb while the coefficient of determination (R-squared) 

increased R-squared value of 0.89 from 0.74 before the correctionto 0.89. More importantly, the mean absolute error (MAE) 490 

value (334 °C·day) of the corrected LST-derived DDTs iswas about one-third of the value (889 °C·day) measured before the 

correction, i.e., dropping from 23.3% in the relative error dropped from 23.3% to 8.8%, below the 10% level. In addition, raw 

DDT data points with large deviations leading to a great value of 1072 °C·day in RMSE have been effectively corrected 

arriving at, resulting in a reduction in root mean square error (RMSE) of 1072 °C·day to 421 °C·day after correction. Most 
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corrected data points fall into the ±400 °C∙day intervalsband (about 10%) around the 1:1 line,%), indicating a well-controlled 495 

level of error after the removal of thermal offsets between GST and LST. 

Figure 6 depicts the spatial patterns of the estimated multi-year averages of annual DDT, annual DDF and the DDT-

over-DDF ratio over the QTP at a 1km resolution. The distributions of annual DDT and DDF are(Fig.5a,b) were in close 

agreement with the characteristics of elevation (Fig. 11), which is one of the main factors controlling ground temperature 

distribution over the QTP. In general, annual DDT decreasesdecreased and annual DDF increasesincreased with rising 500 

elevation. Over the relatively flat high plain, lying between 80-90°E and 33-37°N, the annual DDT showsshowed moderate 

latitudinal zonality, declining aswith increasing latitude increases, whereas the annual DDF showsshowed the opposite. This 

is an indication of the influence of solar radiation on ground temperature.GST. The vast area and complex topography of the 

QTP resultresulted in a wide spectrum of annual DDT (upfrom 0 to 9000 °C·day) and DDF (upfrom 0 to 8000 °C·day). Most 

regions of the QTP lie between 3000 and 5500 m a.s.l., where DDT and DDF values arewere mostly distributed between 505 

1000 °C·day and 2500 °C·day. High DDT values appearappeared in the low mountains in the southeast QTP, in the Qaidam 

Basin in the north, and in the south valleys, whilewhereas high DDF values appearappeared on the Qiangtang Plateau in the 

northern QTP and in the high mountain areas, favoring the formation of permafrost. The ratiosratio of DDT-over-DDF 

indicateindicates climatic controls on permafrost preservation (Fig. 5c). If there were no local factors influencing permafrost 

distribution, regionsRegions with a DDT-over-DDF ratio <1 would be regarded as wherehave the potential to form permafrost 510 

in absence of local factors that inhibit permafrost potentially formsformation. 

  
Figure 3. Observed discrepancies between annual thawing degree-days aggregated. Thawing/freezing indices calculated from the 

interpolated MODIS LST data (raw LST-derived DDT/DDF) and those from in situ observations of ground surface temperature (in 

situ DDT/DDF) at theeach QTP weather stations, whereas raw LST-derived annual freezing degree-days (raw LST-derived DDF) 515 
closely approximate the in situ annual DDF.station. The ordinate indicates the annual thawing/freezing degree-daysindices averaged 

over the period 2005 to 2010; and the abscissa shows 131 weather stations available on the QTP.  
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Figure Table 1. Comparison of performance between two bias4. Bias correction approaches (interval-based and one-year) for the 520 
rawof MODIS LST-derived thawing index sequences based on 100 trials DDT with a random split of the training and test data sets. 

The values indicate the metric means from the 100 random trials, and the values in parentheses represent ranges. The training sets 

consist of 70% of the available stations, and the metric values provided were calculated over the remaining 30% as testing stations. 

r: Pearson’s correlation coefficient; RMSE: root mean square error; MAE: mean absolute error. 

 r RMSE (°C·day) MAE (°C·day) 

Interval-based estimation 0.94 (0.88~0.97) 437 (344~554) 349 (252~458) 

One-year estimation 0.92 (0.85~0.97) 486 (309~671) 368 (240~509) 

 525 

the interval-based approach. 
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Figure 5. Improved agreement in MODIS-LST-derived annual DDT values after bias correction with annual in situ DDT values at 

131 QTP stations. (a) Before bias correction; (b) after applying the interval-based correction approach. method. Data points 

represent annual DDT values overin 2005-2010 from the 131 stations. The red dashed lines outline a range of ~10% (±400 °C∙day) 530 
from the diagonal1:1 line (solid black solid line). 

 

 

 
Figure 5. Spatial distributions. Maps of spatial distribution of (a) annual DDT, (b) annual DDF, and (c) the ratio of DDT-over-DDF 535 
on the QTP, averaged fromover 2005 to 2010 on the QTP. Lakes were excluded and are shown blank, whilewhereas glaciers were 

included. Regions with a DDT-over-DDF ratio of <1 are climatically favorable for permafrost formation. 
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4.2 Soil clusters 

EightA total of eight soil clusters were determined by the k-prototype approach in the five subregions (Fig. 6), where 

lakes were excluded. Soils in one cluster share more similar environmental characteristics to each other, as reflected by a single 540 

value of model parameter E, than soils in other clusters. The dominant soil clusters in each subregion differdiffered from each 

other (Table 1). Clusters 3 (30%) and 1 are(30%) were dominant in West Kunlun, clusters 2 (58%) and 7 (23%) in Gaize, 

clusters 7 (49%) and 1 (23%) in Aerjin, clusters 8 (55%) and 7 (18%) in G108, and cluster 8 (85%) in Wenquan. This implies 

the distinctions of climatic and geographic conditions in these subregions.  

Soils in one cluster share more similar characteristics to each other, as reflected by a single value of model parameter E, 545 

than those in other clusters. Figure 8 presents the primary characteristics of the soil clusters in the five subregions. 

ClustersAmong all clusters, clusters 1, 2, and 3 differ in slope and TWI, but are all characterized by relatively high elevation 

(about 5000 m), low vegetation cover (NDVI < 0.2), thin snow cover (FSC < 10), and aridity (precipitation < 200mm),) (Fig. 

7), which generally may represent high plateaus. Cluster 4, with the highest TWI, represents the valley with low elevation and 

moderate slope. Cluster 5 has the highest elevation, highest FSC, and lowest NDVI (even below zero), thus it may represent 550 

high mountains covered by thick snow cover or glaciers. Cluster 6 has very varied elevations and steep slopes, and isoccurs 

on the hillslopes of high mountains. Except for the much lower TWI, cluster 7 is similar to cluster 4, and from the soil cluster 

map (Fig. 7), we can find that cluster 7 is often distributedappears around cluster 4 representing , which represents valleys. 

(Fig. 6). Therefore, it is likely that cluster 7 represents gentle slopes adjacent tonear valleys. Cluster 8, is mainly distributed in 

the two subregions (G308 and Wenquan) on the east QTP and characterized by the highest NDVI, highest precipitation, and 555 

lowest elevation, and it represents the regionssoils with better hydrological, thermal and vegetation conditions on the east QTP.  

The distribution of soil clusters throughouton the QTP (Fig. 6) was predicted by the decision tree method. As summarized 

in Table 2, soil Soil cluster 8 coverscovered the largest area of about 37.76% of the QTP and iswas mainly distributed in the 

east QTP, which is related to the training samples of this cluster that arewere mainly located in G308 and Wenquan on the 

eastern QTP. (Table 1). Soil clusters 2, 3, 6, and 7 covercovered roughly the same proportion of area, about 10% of the whole 560 

QTP, followed by clusters 1 (6.94%) and 4 (6.20%). Soil cluster 5, representing glaciers and regions covered bywith thick 

snow cover, occupiesoccupied the least area (2.85%), which is in lineconsistent with a previous study according to which that 

thick snow coveredcoverage only representsrepresented a ratherrelatively small partportion of the QTP (Dai et al., 2018). 

The optimal soilvalues of parameter E values associated with allthe soil clusters (Table 2) were obtaineddetermined from 

the ensemble1000 optimization runs. The ranges of the optimal values arewere relatively narrow for all soil clusters, suggesting 565 

that equifinality iswas well mitigated due to a well-constrained objective. The mean values as the optima for clusters 4 and 5 

arewere greater than 1, with an implication of unfavorable local conditions for permafrost formation orand preservation. For 

example, thermal erosionheat advection by water flows occurring near rivers in valley areas represented by cluster 4, which 

represents valleys, and the insulation effect of snow cover in regions of cluster 5 are not beneficial for permafrost formation 

and preservation. The E values of clustersClusters 1, 3, and 8 arehad relatively lower, which highlights the existence of E 570 
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values, suggesting favorable local environments for permafrost formation in these regions. Some characteristics in local factors, 

such as high elevation infor clusters 1 and 3, and high precipitation infor cluster 8, are beneficial for permafrost preservation 

(Zhang et al., 2021), the same as interpretedalso reflected by their lower E values. 

  

 575 
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Figure 6. Resulting soil clusters in the five subregions and the predicted distribution of clusters throughouton the QTP. A total of 

eight clusters were determined. Each soil cluster represents unique traits as reflected by a distinct value of model parameter E. 

 

Table 1. Area percentages ofoccupied by individual soil clusters in each subregion, over all subregions, and over the entire QTP. 

Region Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 

West Kunlun 29.53 2.02 30.65 4.21 16.21 14.13 1.89 1.37 

Gaize 1.11 57.75 5.34 12.62 0.12 0.44 22.55 0.06 

Aerjin 22.97 12.39 8.51 3.88 0.40 2.88 48.76 0.20 

G308 6.24 9.56 4.40 7.29 0.00 0.12 17.24 55.15 

Wenquan 7.27 6.37 0.72 1.62 0.00 0.04 9.01 74.97 

All subregions 14.63 25.93 16.27 7.93 7.17 6.44 12.91 8.72 

QTP 6.94 11.45 11.69 6.20 2.85 9.31 13.79 37.76 

 580 
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Figure 7. Characteristics. Environmental characteristics of the soil clusters determined with respect toin the factors 

involvedsubregions: (a) elevation; (b) slope; (c) normalized difference vegetation index (NDVI); (d) fractional snow cover (FSC); (e) 

topographic wetness index (TWI); (f) precipitation. All clusters are shown in different colors in correspondence withto match those 

in Fig. 6. The center line in the box shows the median, the box shows the lower and upper quartiles, and the whiskers extend to the 585 
minimum and maximum data values. 

 

 
Table 2. The rangesRanges and mean values as the most optimal values of the soil parameter E associated with the 8eight soil clusters 

resulted. The results were obtained from 1000 optimization trials. 590 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 

Max 0.778 0.831 0.784 1.014 1.149 1.011 0.938 0.785 

Min 0.757 0.820 0.745 1.000 1.061 0.931 0.932 0.778 

Mean 0.768 0.822 0.748 1.007 1.073 0.946 0.938 0.779 

 

4.3 The resulting 2010 permafrost distribution map on the QTP 

Figure 9 shows the The resulting permafrost distribution mapin 2010 on the QTP atis shown in Fig. 8 with a spatial 

resolution of 1km, where permafrost underlies. Permafrost covered about 1.086×106 km2, aboutor 41.17% of the QTP, while 

SFG occupiesoccupied about 1.447×106 km2, accounting foror 54.85% of the total QTP area. The non-frozen ground iswas 595 

about 2.24×104 km2, and the rest isconsisted of glaciers (about 4.08×104 km2) and lakes (about 4.17×104 km2.). 

The map shows that permafrost iswas prevalent throughout the north-central QTP, especially on the Qiangtang Plateau. 

In the north, the Qaidam Basin iswas occupied by SFG due to theits low altitude and breaks, interrupting the continuity of 

permafrost continuity extending northwardthat extended north to the Qilian Mountains. From the central Qiangtang Plateau 

southward, the spatial continuity of permafrost tendstended to decline due to the decrease in bothdecreasing latitude and 600 

altitudeelevation. Near the permafrost zone in the Bayan Har Mountains and Tanggula Mountains in the eastern QTP, SFG 

occursoccurred extensively in the river source areas, namely the Three-River Headwaters Region, probably as a result of due 



 

26 

 

to the low latitude and unfavorable local factors such as thermal erosion accompanyingthe effects of heat advection by water 

flows. Given that prevent permafrost formation. As the DDT-over-DDF ratios in these regions are oftenwere generally greater 

than 1 (Fig. 5c), it can be inferred thatc), permafrost in the river source areas (e.g. the Yangtze River source area) may 605 

beheadwaters) was thermally vulnerable and pronevery sensitive to degradation under climate warming (Zhang et al., 2022). 

On the southern QTP, permafrost iswas sporadically distributed at high elevations, mainly in the high mountains of the Eastern 

Himalayan Syntaxis, Gangdise Mountains, and Himalaya Mountains. Only a small amount of non-frozen ground existsexisted 

in the southeastern periphery of thesouth QTP. 

 610 
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Figure 8. Map of permafrost distribution at 1 km resolution over the QTP in 2010 (our map)), produced in this study. Areas as well 

asand percentages follow the legends.of frozen soil types are provided. The map displaysshows hill-shading with elevation.  

 615 

4.4 Assessment based on survey maps and borehole data 

Our map showsshowed substantial spatial agreement with the survey-based permafrost maps in all subregions (Fig. 9)), 

with a high Cohen’s Kappa coefficient (𝜅) of about 0.74 (Table 3.), significantly exceeding), which was notably higher than 

that of the Zou map (Zou et al., 2017) and the Wang map (Wang et al., 2019)), whose Kappa values arewere 0.55 and 0.50, 

respectively. Overall, compared with the survey-based subregion permafrost maps (Fig. 9a) and our map (Fig. 9b), the Zou 620 

map obviously overestimates thesignificantly overestimated permafrost extents in Gaize and Aerjin and underestimates the 

underestimated permafrost extent in G308 (Fig. 9c), while severe overestimation in permafrost extent occurs in all five 

subregions in the Wang map severely overestimated permafrost extents in all subregions (Fig. 9d). The differences can be 

better discerned in the difference maps in Fig. E1. 

More specifically, in permafrost-dominated West Kunlun, our map and the Zou map slightly overestimateoverestimated 625 

the extent of the SFG around the lake, while the Wang map slightly underestimatesunderestimated the extent of SFG. There 

arewere only small differences between the three maps in West Kunlun, with almost the same 𝜅 for all three maps (0.62 for 

our map, 0.63 for both the Zou map and Wang map). All three maps arewere based on satellite LST productsdata, which in 

general can generally capture the patterns of surface ground temperature. Although differentthe interpolation methods were 
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applied to fill in the for processing LST gaps existing in the satellite LST data, differed and consequently affected the accuracies 630 

of the driving resulted in data for thewith different accuracy for mapping methods to a varying degree, the cold climate ofin 

West Kunlun makes, with LST values well below zero in most areas, made the effectsimpact of the biasesthese differences in 

the input data on final permafrost distribution negligible, as most areas there have LST values well below zero.  

In Gaize, our map shows superior performanceperformed better (𝜅 = 0.71) to that ofthan the Zou map (𝜅 = 0.48) and 

Wang map (𝜅 = 0.43), as both). Both the Zou and Wang maps severely overestimateoverestimated permafrost distribution, 635 

whereas our map matchesagreed well with the survey-based map in this region (Fig. 9b). The same situation occurstrends 

occurred in Aerjin, and the comparison with the survey-based map indicatesindicated a much lower 𝜅 for the Zou map (0.38) 

and Wang map (0.00) than our map (0.71). Gaize has a warmer climate than West Kunlun and contains the southern limit of 

continuous permafrost. Therefore, the influence of input data qualityaccuracy and local factors on permafrost preservation is 

more profound in this area. The overestimated permafrost extents in Gaize and Aerjin in both the Zou map and Wang map 640 

may most likely be related to the relatively lower quality of the interpolated LST data as model driversinput and insufficient 

consideration of local factors. in the mapping approaches. Compared with the harmonic analysis of time series (HANTS) 

algorithm (Xu et al., 2013) adopted inused for the Zou and Wang maps to reconstruct the missing LST data under clear sky 

assumptions, the SCSG-based interpolation method with full consideration of cloud effects on LST used in this study has been 

shownwas found to be sufficiently accurate and effective in handling large areas of missing data with sufficient accuracy (Chen 645 

et al., 2022). In additionMoreover, the daily GST data required into produce the Zou map and Wang map arewere the weighted 

sum of four MODIS LST observations per day through an empirical linear formula based on in situsample observations from 

only three automatic weather stations in the central QTP (Zou et al., 2014). Unlike the method in this study used to estimate 

GST data that relies on 131 weather stations over the QTP and comprehensively accounts for influential factors such as NDVI 

and latitude, thisThis relatively simple treatment of GST estimatesdata in the Zou map and Wang map maycan lead to 650 

considerable systematic biases in some regions and ultimately result in large uncertainties in the final permafrost distribution, 

especially in warm permafrost regions that are highly susceptible to thermal perturbations (e.g. the Gaize subregion). 

Furthermore, ), and ultimately cause large uncertainties in the casefinal permafrost distribution maps. In contrast, the thermal 

offsets between GST and LST have been well handled in this study when estimating thawing indices from satellite LST 

observations by considering the effect of vegetation cover as a buffer layer based on 131 weather stations over the QTP. For 655 

the Wang map was produced using statistical learning methods, uncertainties also ariseresulted from training samples selected 

from two previous QTP permafrost distribution maps compiledproduced in different years being more than a decade apart and 

subject to varying levels of uncertainty (Ran et al., 2012; Zou et al., 2017). All of these factors combined compound the 

overestimation of to overestimate permafrost extent in Gaize in the Wang map.  

In G308, the Wang map (𝜅 = 0.68) indicatesindicated more permafrost areas than the local survey map, while both the 660 

Zou map (𝜅 = 0.48) and our map (𝜅 = 0.68) showshowed fewer permafrost areas, beingwith the Zou map even more evident 

in the Zou map. Soil. The soil thermal regimesregime in G308 areis strongly affectedinfluenced by rivers and vegetation cover, 

and the effects have beenwere well accounted for in our mapping approach, but are missedwhile they were absent in the Zou 
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map. In Wenquan, both our map (𝜅 = 0.70) and the Zou map (𝜅 = 0.65) performperformed generally satisfactorily, with a 

slight overestimation of permafrost extent. In contrast, the overestimation iswas more serverpronounced in the Wang map (𝜅 665 

= 0.46), which mayis probably also be duerelated to misrepresentation ofthe misrepresented training data itsamples used for 

this map.  

The maps were also verified by 72 permafrost presence/absence observations obtained by boreholes drilled within a 

5five-year time frame around 2010 (Li et al., 2016; Zhao et al., 2021) and the resulting measures are listed in Table 5.). Only 

our map showsshowed good agreement (𝜅 = 0.43) with the borehole observations in terms of 𝜅, while the (Table 4), compared 670 

to Zou map (𝜅 = 0.30) and Wang map (𝜅 = 0.14) have unsatisfactory performances.). According to the borehole observations, 

SFG iswas underrepresented in all three maps, among whichwith our map achievesperforming the best performancein 

predicting SFG with 54.5% accuracy in predicting SFG locations, in contrast to, as opposed to the Wang map with the worst-

performing Wang map, in which performance, correctly identifying only 1 out of 11 seasonal frost boreholes is correctly 

identified. Contrary to this. Unlike SFG, permafrost locations arewas overestimated at borehole locations in three maps, 675 

indicatedas evidenced by the relatively high false positive (permafrost) rates (45.5% for our map, 54.5% for the Zou map, and 

90.9% for the Wang map). As permafrost underliesAs most of the borehole locations used for validation were underlain by 

permafrost (Fig. 9), the Wang map predictspredicted almost all locations as permafrost with no discretion, as indicated by a 

100% true position rate (Table 4), and consequently leadsled to an inflated accuracy of 86.1%, which iswas the highest among 

the three maps.  680 

In our map, 2two out of 6six false negatives (wrongly identifiedmisidentified as SFG) arewere the boreholes with 

unstable permafrost located in the SFG zone close to the permafrost boundary. ButHowever, in the Zou map, 8all eight false 

negatives are allwere boreholes with stable permafrost, and those with unstable permafrost are locatedwere in the permafrost 

zone. If we excluded all 4four boreholes with unstable permafrost from the evaluation, the false negative rate of our map would 

drop from 9.8% to 7% and 𝜅 would rise from 0.43 to 0.49. However,, whereas the false negative rate and 𝜅 of the Zou map 685 

would remain almost unchanged, leaving an even higher false negative rate (~13%) than that of our map (~7%). This borehole-

based verification against borehole observations may be biased by the scale mismatch between a site and a 1 km ×1 km grid 

cell. Nevertheless, those evidences as a whole suggest apoint to the decent performance of our map in predicting the type of 

frozen ground than the two counterpart mapsdistribution. 

 690 
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Figure 9. Spatial distributions of frozen ground in the subregions from (a) survey-based maps, (b) our map, (c) the map from Zou 

et al. (2017), and (d) the map from Wang et al. (2019). Triangle symbols mark the locations of boreholes drilled in around 2010 

where. Difference maps between survey-based maps and the type of frozen ground was identifiedthree simulated are provided in 695 
Figure E1. 

 

Table 3. Kappa values measured between the evaluated permafrost maps (our map, Zou map, and Wang map) and survey-based 

permafrost distribution maps in the subregions.  

 West Kunlun Gaize Aerjin G308 Wenquan All subregions 

Our map 0.62 0.71 0.71 0.68 0.70 0.74 

Zou map 0.63 0.48 0.38 0.46 0.65 0.55 

Wang map 0.63 0.38 0.00 0.68 0.46 0.50 

 700 

Table 4. Measures of confusion matrices describing the performance of the evaluated permafrost maps (our map, Zou map, and 

Wang map) at the borehole locations. To fit the binary classification, permafrost is regarded as positive and seasonally frozen 

groundSFG is considered negative. n=72.  

 Our map Zou map Wang map 
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True positives 55 53 61 

False positives 5 6 10 

True negatives 6 5 1 

False negatives 6 8 0 

True positive 

positives (rate) 

55 (90.2%%) 53 (86.9%%) 61 (100.0%%) 

False positive 

positives (rate) 

5 (45.5%%) 6 (54.5%%) 10 (90.9%%) 

True negative 

negatives (rate) 

6 (54.5%%) 5 (45.5%%) 1 (9.1%%) 

False negative 

negatives (rate) 

6 (9.8%%) 8 (13.1%%) 0. (0%.0%) 

Accuracy 84.7% 80.6% 86.1% 

Cohen's Kappa 0.43 0.30 0.14 

 

4.5 Cross-comparison with the Zou map 705 

In light of the widely recognized performance of the Zou map, which has been used as a reference of the present QTP 

permafrost distribution in many studies (Hu et al., 2019; Song et al., 2020; Mu et al., 2020; Ni et al., 2021; Yin et al., 2021), 

we further compare our map to the Zou map (Zou et al., 2017). The permafrost distributions in the two maps areour map and 

Zou map were generally consistentcomparable, although there arewere discrepancies in some regions (Fig. 10) that are), mainly 

in the transition region between the continuous permafrost zone overof the Qiangtang Plateau to the north and the SFG zone 710 

to the south. In addition, the headwaters regions of China’s major rivers (regions c, d in Fig. 10) onin the eastern QTP show 

remarkableshowed noticeable spatial inconsistency between the two maps. ThoseThese headwater regions have beenwere 

reported to be the critical regions where permafrost is more vulnerablewarm and very sensitivesusceptible to degradation due 

to climate change (Jin et al., 2011; Zhang et al., 2021). Permafrost there is characterized by high temperature (MAGT > -

2.0 °C) and low thermal stability (Qin et al., 2017). 2021).The warm permafrost is difficult to distinguish from SFG, which 715 

poses a challenge to the accuracy of soil temperature modeling. Moreover, permafrost in transition areas is often controlled by 

many local factors (terrain, vegetation, soil properties and so on), and a model without adequate consideration of local factors 

often fails to accurately describe the soil thermal regime. 
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 720 
Figure 10. InconsistenciesSpatial inconsistencies in the spatial distribution of frozen ground types between our map and the Zou 

map. “Both P” represents areas identified as underlying permafrost in both maps; “Both SFG” represents areas identified as 

seasonally frozen ground (SFG) in both maps; “Zou-P and Our-SFG” represents areas identified as underlying permafrost in the 

Zou map but SFG in our map; “Zou-SFG and Our-P” represents SFGareas identified as SFG in the Zou map but underlying 
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permafrost in our map. The dashed boxes indicatehighlight areas of tremendoussignificant inconsistency. (a) Gaize and its vicinity, 725 
(b) the areas between the Altun Mountains and the Kunlun Mountains, (c) the headwaters of the Yangtze River, and (d) the 

headwaters of the Yellow River. 

In and around Gaize (region a in Fig. 10), a larger extent of permafrost iswas simulated in the Zou map than in our map. 

Comparisons of the two maps with the survey-based Gaize map (Fig. 9) have already confirmed a much better performance of 

our map in this region than the Zou map, due to the use of the survey-based Gaize map as part of the constraints on the mapping 730 

approach ofin modeling our map (Table 3). The vicinity of Gaize is very similar to the Gaize subregion, also characterized by 

a relatively flat plateau with an arid climate and low vegetation cover, very similar to the Gaize subregion.. It can be 

deducedinferred that, our map in and around the Gaize subregion, our map could probably showlikely have better accuracy 

than the Zou map.  

In the areas between Altun and Kunlun Mountains (region b in Fig.10, Fig. 11) containing the Aerjin subregion, it seems 735 

that our map estimated much more SFG is estimated in our map than the Zou map. Compared withReferring to the survey-

based Aerjin subregion map (Fig. 9), the Zou map obviously underestimatesunderestimated the extent of SFG, and our map 

showsshowed a better performance despite a slight overestimation of SFG extent. According to borehole measurementsrecords 

(Fig. 9) in the Aerjin subregion, some locations have a MAGT of around had ground temperature at 10 m of about -0.1 to 0 °C, 

and aone borehole location haswas even revealed a MAGT above 0 °C, but it fallsfell within a permafrost zone in the survey-740 

based subregion map. Despite this imprecision, it at least followsThis reflects that permafrost in this large region iswas 

extremely thermally unstable. We especially inspected the distinctinconsistency zones identified as underlying permafrost in 

the Zou map but as SFG in our map (Fig. 11a), where the DDT-over-DDF ratios arewere around 1.3 (Fig. 11b) and clusters 4 

and 7 correspondingpredominated with E values of about 1.07 and 0.94, respectively, predominate (Fig. 6). Those 

characteristics are very similar to the SFG zone in the survey-based Aerjin map. Following Eq. (1), surface frost numbers are 745 

calculated to bewere less than 0.5 in these distinct areas, which is suggestive with a climatic implication of no permafrost 

presence. From the satellite image (Fig. 11c), it can be seen that rivers are well developed in the basins, thus providing clues 

to permafrost . The presence of these rivers could potentially lead to greater degradation in those areas.of permafrost due to 

the thermal advection of water flows. Overall, based on limited evidence, our map showsshowed more acceptable distribution 

characteristics in this region than the Zou map. However, morefurther field studies are necessary to provide more direct 750 

evidence to strengthen our understanding toward permafrost distribution in this critical region.  
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Figure 11. Elaborate mapsMaps of the areas between Altun Mountains and Kunlun Mountains (region b in Fig. 10) showing (a) 

detailed spatial differences in permafrost distribution between our map and the Zou map, (b) the ratios of DDT-over-DDF, and (c) 755 
a satellite image covering this region from Google Earth. The box indicates the Aerjin survey area withfor which the availability of 

a survey-based permafrost map. is available. P (survey-based) and SFG (survey-based) represent permafrost/seasonally frozen 

ground, respectively, on  in the survey-based Aerjin subregion map. For Both P, Both SFG, Zou-P and Our-SFG, and Zou-SFG and 
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Our-P, the same, respectively. See Figure 10 for notations apply as in Fig. 11.. Ovals mark areas that were mostly likely to be 

thermally affected by the presence of water bodies.  760 

In the source areas of the Yangtze River (region c in Fig. 10, Fig. 12), the riparian zones arewere generally identified as 

SFG in both our map and the Zou map. However, the SFG zones in our map spread on both sides along the rivers, whilewhereas 

they are onlywere distributed on only one side of the rivers in the Zou map. In this region, 3335 observations on permafrost 

presence/absence observations have beenwere collected. Among themOf these, 32 were drilled in 2020 during the Second 

Tibetan Plateau Scientific Expedition and Research campaign (Li et al., 2022), so they havewere not been usedincluded in the 765 

above quantitative validations. The only remaining one comesvalidation above. Boreholes QTB11, QTB15 and TGLGT (Fig. 

12) collected from the dataset of Zhao et al. (2021) (black circle in Fig. 13) representing thewere drilled before 2010 state and 

is, and the frozen ground types at these borehole locations were correctly identified for the frozen soil type in both maps. As 

forFor the 32 boreholes drilled in 2020, 2 of 6 boreholes with seasonal frost and 24 of 26 boreholes with permafrost are 

consistentlywere correctly identified in our map, whereas in the Zou map, no borehole with seasonal frost and 24 boreholes 770 

with permafrost arewere correctly identified in the Zou map. The misidentified boreholes arewere located near the boundary 

of the permafrost zone on our map, whereas on the Zou map they arewere mostly located within permafrost zones. on the Zou 

map. We also noted that two upstream boreholes at 4870 m (Li et al., 2022)), located within a permafrost zone in both maps 

(red box in Fig. 12) revealed seasonal frost in 2020.a,b), were revealed as seasonal frost in 2020. In a borehole labelled QTB15 

(Fig. 12 a,b, Zhao et al., 2021) in this region, ground temperature experienced a significant increase from 2006-2018 (Table 775 

E1), indicating a warming trend. Considering the potential impact of climate warming occurring in this region over the past 

decade, it is possible that permafrost degradation has occurred at the two upstream borehole locations, leading to aresulting in 

the conversion of permafrost in 2010 to SFG in 2020. In these areas, the occurrence of permafrost degradation usually recedes 

to upstream areas. with higher elevations and cooler air temperatures. In other words, atby reasonable inference, in 2010 

permafrost remainedwould remain in upstream areas and, while SFG had occurredwas present in downstream areas along the 780 

rivers, as has been well depicted inby our map (Fig. 12a).  

We further examined the two maps in the Yangtze River source areas using a PZI approach (Cao et al., 2019b). ABy 

definition, permafrost regions should have higher PZI indicates a high possibility of permafrost presence (Gruber, 2012).values 

than SFG regions. The PZI map (Fig. 12d) used here was compiled based on 1475 in situ observations (Cao et al., 2019b), and 

many in situ observationsof which were obtained between 2005-2018 nearin the Nationvicinity of the G109 National Highway 785 

G109 traversing the source areas of the Yangtze River, which makes headwaters, making the PZI map a possible reference in 

this region. We analyzed the distributions ofThe PZI values in thestatistics for permafrost and SFG zones of this region in in 

our map and were close to those in the Zou map (Fig. 12d). It is found that the PZI distribution for permafrost in our map is 

close to that in the Zou map.e). However, for the PZI valuesstatistics in SFG regions, the lower and upper quartiles in the Zou 

map arewere 0.36 and 0.66, respectively, while thosewhereas the values in our map arewere 0.34 and 0.53., respectively. The 790 

SFG regions shown in our map had lower PZI values. The upper quartile infor SFG regions (0.66) in the Zou map even 

overlapssurpassed the lower quartile infor permafrost regions, which was 0.55. The overlap is questionable because it suggests 
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that some SFG regions have higher PZI values than permafrost regions being around 0.55in the same map, which is likely 

statistically unreasonable. Bycontradicts the PZI definition. In contrast, the PZI statisticsranges for both frozen ground types 

in our map turn out to bewere more clearly distinguishable. in our map.  795 
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Figure 12. Evaluation of (a) our map and (b) Zou map .  Maps in the headwaters of the Yangtze River headwaters (region c in Fig. 

11) based on borehole observations and 10) showing permafrost distributions in (a) our map and (b) Zou map and (c) the spatial 800 
differences, along with (d-e) spatial and statistical permafrost zonation index (PZI) distributions in this region. (c) shows the spatial 

distribution of PZI in the region, and (d) the statistical distributions of PZI in permafrost and SFG zones. The borehole 

shownboreholes QTB11, QTB15 and TGLGT in black circle was(a) and (b) were drilled aroundbefore 2010 (and provided by Zhao 

et al., . (2021),) , while the others were drilled in 2020 during the Second Tibetan Plateau Scientific Expedition (Li et al., 2022). For 

(dThe red box covers two boreholes of particular concern. Both boreholes at an elevation of 4870 m a.s.l. were within a permafrost 805 
zone in both our map and Zou map, but were revealed seasonal frost in 2020. For (c), the same boxplot notations apply as in Fig. 

8.Figure 10. (e) Box plot showing the statistical distributions of PZI values for permafrost and SFG regions in our map (Our-P and 

Our-SFG) and those in the Zou map (Zou-P and Zou-SFG). The center line in the box shows the median, the box shows the lower 

and upper quartiles, and the whiskers extend to the minimum and maximum data values.  

Similar to the Yangtze River source areas, the Yellow River source areas (region d in Fig. 11, Fig. 14) also havethere 810 

were considerable discrepancies between our map and the Zou map. in the Yellow River source areas (region d in Fig. 10, Fig. 

13). In this region, 7observations in 2013 and 2014 of seven boreholes collected from a previous study (Li et al., . (2016) were 

used as an independent reference. Based on these borehole observations, our map is shownreferences. Our map proved to be 

more accurate, as 5five of the 7seven borehole locations are were correctly identified correctly in our map, but only 3 in the 

Zou map. In addition, consideringConsidering that elevation is the main factor controlling the permafrost distribution in this 815 

region, we referred toconducted an analysis of elevation-related characteristics in this region. According to a previous field 

study (Li et al., . (2016), the lower limit of permafrost occurrence in this region iswas around 4300 m. Our map displays 

moreshowed greater consistency of permafrost distribution in line withconforming to elevational characteristics than the Zou 

map, and the boundaries of permafrost zones of our map extendextended along the 4300 m contour in this region (Fig. 13). 

Thea). In the Zou map obviously exaggerates, the permafrost areasarea near the two lakes where elevations are lower than 820 

4300 m a.s.l. was overrepresented (Fig. 13b). 



 

39 

 

The improved performance of our map may benefit from the increased accuracy of model inputs, consideration of local 

factors, and full exploitation of the survey-based subregion permafrost map. Therefore, as a better estimation of permafrost 

distribution on the QTP in 2010, our map could serve as an appropriate benchmark map as well as a feasible constraint for 

land surface modeling on the QTP.  825 
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Figure 13. Enlarged maps of the permafrost distribution. Maps in the Yellow River source areasheadwaters (region d in Fig. 10)) 830 
showing permafrost distributions in (a) our map and (b) the Zou map as well as (c) the spatial differences, along with (c) the d-e) 

spatial and statistical elevation distribution. (d) showsdistributions in this region. The contour of 4300 m as the lower limit of 

permafrost occurrence in this region a.s.l. is shown in (a), (b), and (d). (e) Box plot showing the statistical distribution of elevations 

in the permafrost and SFG zones in both maps. The same boxplot notations apply as in Figure 12. 

4.6 Simulation limitations 835 

Despite the relatively better performance of our map, some limitations of the mapping approach and room for potential 

improvements should be clarified. We leveraged GST observations from weather stations to (d) as in estimate DDT from LST-

derived thawing degree-days. However, GST sites are actually concentrated mainly in the eastern QTP, with few in the west 

(Fig. 8.1). This has a detrimental effect on the quality of the DDT estimate. Therefore, we developed multilinear regression 

models incorporating NDVI as a predictor. This not only properly reflects the thermal offset due to vegetation cover in the 840 

eastern QTP, where weather stations are concentrated, but also helps avoid overfitting in areas of low NDVI (<0.1) in the 

western QTP, where thermal offset tends to be low. It should also be noted that although the resulting DDT/DDF values still 

have some degree of bias, the residual errors were further reduced during the optimization process of our mapping approach 

by adjusting the E values to best match the simulated results with the survey-based subregion permafrost maps. We also 

imposed the boundary consistency as a part of the more stringent objectives during the optimization process, but the problem 845 

of parametric equifinality could not be fully solved and deserves further research, especially when working with binary 

classification maps (permafrost or SFG). 

Our mapping approach relies on subregion survey maps to set up constraints on the simulation and to properly account 

for the influence of local factors through calibrating a model parameter. The quality and representativeness of subregion survey 

maps have a strong influence on the accuracy of the resulting permafrost map. In our approach, the heterogeneity of local 850 
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factors in space is also represented by soil clusters. While more soil clusters can in theory better represent spatial heterogeneity, 

there is a contradiction between the number of soil clusters and the effectiveness of parameter optimization. The more soil 

clusters, the smaller the area for each soil cluster, and a smaller area would lead to a weaker constraint in the search of optimal 

parameter values thus causing a stronger equifinality. Therefore, our mapping approach can benefit from more high-quality 

subregion permafrost maps, which could provide more soil clusters to better represent the heterogeneous influences of local 855 

factors.  

5 Data availability 

The new 2010 permafrost distribution map and associated data (annual DDT and DDF data derived from MODIS LST 

data and soil clusters over the Qinghai-Tibet Plateau) are available aton the repository hosted in figshare (Cao et al., 2022): 

https://doi.org/10.6084/m9.figshare.19642362. The dataset isData are provided as GeoTIFF files (.tif). The sources of the 860 

datasets used for mapping and comparison are listed in Appendix D. The related codes and sample data are accessible at 

https://github.com/nanzt/frostnumcop. 

6 Conclusions 

This study provides a map of permafrost distribution map withat a spatial resolution of 1-km over the QTP in 2010 using 

an effective a modified version of the FROSTNUM/COP mapping approach, namely FROSTNUM/COP (Hu et al., 2020).. 865 

This approach estimatesestimated permafrost distribution through aan ensemble run of semi-physical model based on satellite 

temperature data and accountsproperly accounted for the effects of local factors by fully utilizing adjusting a model parameter 

constrained by survey-based subregion permafrost maps as constraints. Input ground. Ground surface thawing and freezing 

indices (with a relative error < 10%)% were obtained from interpolated all-weather MODIS LST data. The preexistingproblem 

of parametric equifinality problem of this approach has beenwas well mitigated by including boundary consistency as part of 870 

the objective function in optimization and uncertainties in the resulting map were further reduced by an ensemble simulation 

of this approach. 

According to the new 2010 map, excluding glaciers and lakes, permafrost underliesunderlay about 1.086×106 km2 (41.2% 

of the total QTP area), andwhile seasonally frozen ground underliescovered about 1.447×106 km2 (54.9% of the total QTP 

area) on the QTP in 2010. Permafrost extendsspread continuously across the Qiangtang Plateau in the north-central QTP. 875 

SeasonallyThe seasonally frozen ground iswas mainly distributed in the south and east QTP. Our map also revealsrevealed 

that seasonally frozen ground has appeared widelySFG were widespread in the river source areas headwaters of rivers in the 

eastern QTP due to multifaceted effects of low latitude and local factors such as thermal erosion of rivers. 

This map hasshowed good consistency with the survey-based subregion permafrost maps, with a Kappa coefficient of 

0.74, which were much higher than that of two recently published maps (Zou et al., 2017; Wang et al., 2019). WhenUpon 880 
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validated against 72 borehole observationsrecords of permafrost presence collected around 2010, we concluded thethat our 

map performed better performance of our map, for which the overall accuracy is 0.85 and the Kappa value is 0.43, while the 

Kappa values for the Zou map and Wang map are 0.30 and 0.14, respectively. We also conducted comprehensive performance 

evaluations of our map and the Zou map (Zou et al., 2017), the latter which has been widely used as a reference map in existing 

studies, in than the Zou map and Wang map. In typical regions with distinguishabledistinct differences between, our map 885 

proved more acceptable than the two maps,Zou map based on evidence from various indicative information on the 

presence/absence of permafrost, such asaspects, including satellite imagesimagery, PZI statistics, elevation-related 

characteristics, as well as observations from extra features, and more independent boreholes. Based on all these evidences, our 

map shows more acceptable characteristics of frozen ground distribution in those typical regions than the Zou map.  

The  records. Our new 2010 permafrost distribution map can thus provideprovides accurate and fundamental information 890 

forabout QTP permafrost and can thus serve as a benchmark map of sufficient quality to calibrate/validate spatial simulations 

of land surface models on the QTP and, as well as a historical reference whenfor projecting future changes of QTP permafrost. 

Appendix A Solar-cloud-satellite geometry (SCSG) based interpolation approach 

We applied a stepwise interpolation approach to estimate missing cloudy-sky land surface temperature (LST) values of 

MODIS from informative samples due to the SCSG effect, by which satellite imagery records the cloudy-sky LST values of a 895 

portion of pixels. The satellite and sun have specific illumination and observation angles with respect to the ground. Based on 

the SCSG effect (Wang et al., 2019) , each MODIS LST image was processed into four SCSG regions with one SCSG region 

containing known cloudy-sky LST values. A clear-sky interpolation method with the advantage of effectively handling large 

data gaps (Chen et al., 2020) was used to estimate clear-sky LST equivalents for every pixel in cloud-affected regions. This 

method estimated multiple initial estimates for each interpolated pixel by an empirically orthogonal function method based on 900 

multiple temporally proximate reference images, and then merged the initial estimates using a Bayesian approach to obtain a 

best estimate of clear-sky LST equivalent. Then, for each missing cloudy-sky pixel, a Multivariate Adaptive Regression 

Splines model (Friedman, 1991) was trained with the pixels in the specific SCSG region with known cloudy-sky LST values 

that were similar to that missing pixel in terms of environmental characteristics, and thereafter applied to recover missing 

cloudy-sky LST values (Chen et al., 2022). The fraction of pixels with null values for each image after the interpolation was 905 

small and was further interpolated by an ordinary Kriging method. This resulted in four all-weather LST values per day for all 

1 km MODIS pixels. A sinusoidal method (Van Doninck et al., 2011) was applied to calculate the daily mean LSTs based on 

four instantaneous LST observations and the corresponding acquisition times. 
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Appendix B Annual thawing index estimation 

We tested two methods to estimate the annual ground surface thawing index (DDT) from the raw LST-derived thawing 910 

degree-days at a MODIS pixel. One is a ‘one-year estimation’ in which a single regression model was fitted for each year. The 

other is a form of ‘interval-based estimation’, in which a full year was divided into 23 time intervals in line with the 16-day 

composite NDVI intervals each year and multilinear regression was made for each interval. Most intervals consist of 16 days, 

except for the last interval. The thawing degree-days over the 23 intervals per year were summed for the annual DDT.  

The multilinear regression model for each time interval has the following form trained on data at meteorological sites:  915 

𝐷𝐷𝑇𝑖,GST
′ = 𝑓(𝐷𝐷𝑇𝑖,LST

′, 𝑁𝑖 , 𝐿) (B1) 

where 𝐷𝐷𝑇𝑖,GST
′ is the ground surface thawing index for the 𝑖th interval of the year. 𝐷𝐷𝑇𝑖,LST

′ is the thawing degree-days 

derived from the positive daily mean LST values of the pixel for the 𝑖th interval. 𝑁𝑖 refers to the 𝑖th composite NDVI value of 

the pixel. 𝐿 is the latitude. The index i ranges from 1 to 23. The training was based on meteorological records aggregated from 

all sites. The fitted functions (f) for individual intervals were then applied to the entire QTP to obtain the corrected interval 

thawing degree-days of a year, before summing them for the annual DDT for that year. To minimize the risk of single-year 920 

meteorological anomalies, annual freezing index (DDF) and DDT values were averaged over the period from 2005 to 2010 

and then used to drive the extended FROSTNUM model. The one-year estimation is on a yearly basis, rather than on an interval 

basis, following an approach similar to Eq.(B1) but without the need to sum the interval-based values. 

To compare the performance of the ‘interval-based estimation’ method and the ‘one-year estimation’ method, we 

randomly divided the 131 weather stations into a training set (70%) and a testing set (30%) 100 times. Each time we performed 925 

both interval-based estimation and one-year estimation based on the same training set, and then assessed their prediction results 

using the testing set. Pearson’s correlation coefficient (r), root mean squared error (RMSE), and mean absolute error (MAE) 

were used as performance metrics.  

By evaluating using annual in situ DDT values at QTP sites, the annual DDT values obtained by the interval-based 

estimation had generally lower errors and better linear correlation than the DDT values by the one-year estimation (Table B1). 930 

The ranges of metric values for the interval-based estimation were all narrower than those for the one-year estimation, 

indicating consistent improvements in performance across sites. This clearly demonstrates the advantage of the interval-based 

estimation over the one-year estimation in correcting thermal offsets between GST and LST when estimating DDT values 

from raw MODIS LST-derived degree-days. 

Table B1. Comparison of performance between two approaches (interval-based and one-year) of estimating annual DDT from raw 935 
LST-derived thawing degree-days based on 100 trials with a random split of the training and test data sets from meteorological sites 

on the QTP. The values indicate the metric means from the 100 random trials, and the values in parentheses represent ranges. r: 

Pearson’s correlation coefficient; RMSE: root mean square error; MAE: mean absolute error. 

 r RMSE (°C·day) MAE (°C·day) 

Interval-based estimation 0.94 (0.88 - 0.97) 437 (344 - 554) 349 (252 - 458) 

One-year estimation 0.92 (0.85 - 0.97) 486 (309 - 671) 368 (240 - 509) 
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Appendix C An instance of boundary cell 

To illustrate the concept of boundary consistency introduced into the objective function, we present a simple instance of 940 

‘boundary cell’ located in the survey-based map. In the neighboring cells (e.g. a size of 3×3) of the ‘boundary cell’, both frozen 

ground types (permafrost and seasonally frozen ground) and two soil clusters are present (Fig. C1). The DDT-over-DDF ratios 

in those cells are known as already calculated from the satellite LST data (Fig. C1). The ratios in the permafrost cells in the 

neighboring cells are presumably higher than those on the SFG cells to resemble a scenario where permafrost persists due to 

favorable local factors in areas despite unfavorable climatic conditions. This cell in the center would be considered as a 945 

‘negative boundary cell’ if the E values associated with the two soil clusters equal 1, resulting in 𝐹�̅� being smaller than 𝐹�̅� (Fig. 

C1b). By adjusting E values accordingly, this negative boundary cell can become positive (Fig. C1c), i.e., with a larger 𝐹�̅� 

versus 𝐹�̅�. Thus, by enforcing boundary consistency, more rigorous constraints are helpful to mitigate parametric equifinality 

in the search for optima of E. 

 950 

Figure C1. Illustration explaining the concept of a boundary cell and the optimization process to improve boundary consistency. 

Column (1) shows a boundary cell in a survey-based map whose 3×3 neighboring cells contain permafrost and seasonally frozen 

ground. Column (2) shows two soil clusters present in the neighboring cells. The numbers on the cells indicate the values of parameter 
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E associated with the soil clusters of the cells. Column (3) shows the DDT-over-DDF ratios predetermined on the grid cells. In this 

case, permafrost cells have DDT-over-DDF ratios greater than one, indicating an unfavorable climate condition for permafrost 955 
formation. Column (4) shows the resulting ground surface frost numbers (F) for the cells. 𝑭𝒑

̅̅̅̅  is an average of F over permafrost 

cells in the neighboring cells and 𝑭𝒔
̅̅ ̅ an average of F over seasonal frost cells in the neighboring cells. A boundary cell is positive 

when 𝑭𝒑
̅̅̅̅  is greater than 𝑭𝒔

̅̅ ̅. Row (b) indicates a negative boundary cell when the E values assume 1; and row (c) shows that this 

boundary cell becomes positive by adjusting the E values. Boundary consistency improves when negative boundary cells are 

converted to positive cells as much as possible (Row b to row c). We added boundary consistency as part of the objective function in 960 
an effort to mitigate parametric equifinality.  

Appendix D Sources of open datasets used 

The sources of data used in our mapping work are listed below. Daily MODIS LST/emissivity products (MOD11A1 and 

MYD11A1 version 6) and the NDVI product (MOD13A2) are provided by NASA and available at 

https://www.earthdata.nasa.gov/. The Shuttle Radar Topography Mission 90m digital elevation database (SRTM/DEM, 965 

version 4) (Reuter et al., 2007) is available at https://cgiarcsi.community/data/srtm-90m-digital-elevation-database-v4-1/. The 

1-km monthly precipitation dataset for China (Peng et al., 2019) is available at https://doi.org/10.5281/zenodo.3114194. The 

500 m Daily Fractional Snow Cover Dataset Over High Asia (Qiu et al., 2017) is available at 

https://doi.org/10.11888/GlaciolGeocryol.tpe.0000016.file. The China Data Set of Soil Properties for Land Surface Modeling 

(Shangguan et al., 2013) is available at http://globalchange.bnu.edu.cn/research/soil2. The China national surface weather 970 

stations (version 3.0) is provided by China National Meteorological Information Center and available at 

https://data.tpdc.ac.cn/en/data/52c77e9c-df4a-4e27-8e97-d363fdfce10a/.  

The borehole ground temperature data provided by (Zhao et al., 2021) is available at 

https://doi.org/10.11888/Geocry.tpdc.271107. The new permafrost distribution map on the Tibetan Plateau by Zou et al. (2017) 

is available at https://doi.org/10.11888/Geocry.tpdc.270468. The permafrost distribution map by Wang et al. (2019) is 975 

available at https://data.mendeley.com/datasets/ddj8ygdjbd/1. Our new 2010 permafrost distribution map and associated data 

are available at (Cao et al., 2022): https://doi.org/10.6084/m9.figshare.19642362. 

The above links have been checked and found accessible on 13 October 2022. 

https://www.earthdata.nasa.gov/
https://cgiarcsi.community/data/srtm-90m-digital-elevation-database-v4-1/
https://doi.org/10.5281/zenodo.3114194
https://doi.org/10.11888/GlaciolGeocryol.tpe.0000016.file
http://globalchange.bnu.edu.cn/research/soil2
https://data.tpdc.ac.cn/en/data/52c77e9c-df4a-4e27-8e97-d363fdfce10a/
https://doi.org/10.11888/Geocry.tpdc.271107
https://doi.org/10.11888/Geocry.tpdc.270468
https://data.mendeley.com/datasets/ddj8ygdjbd/1
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Appendix E Supplementary figures and tables  

 980 
Figure E1. Differences in spatial distribution of frozen ground type in the subregions between the survey-based maps and three 

simulated maps from (a) our study, (b) Zou et al. (2017), and (c) Wang et al. (2019). “Both P” represents areas identified as 

underlying permafrost in both survey-based and simulated maps; “Both SFG” represents areas identified as seasonally frozen 

ground (SFG) in both survey-based and simulated maps; “Simulated-SFG and Survey-P” represents areas identified as SFG in the 

simulated map but permafrost in the survey-based map; “Simulated-P and Survey-SFG” represents areas identified as permafrost 985 
in simulated map but SFG in the survey-based map.  

 

Table E1. Annual average soil temperatures at three depths (3m, 6m, and 10m) in the borehole QTB15 (33.10°N, 91.90°E) within 

the source area of the Yangtze River. Data source: Zhao et al. (2021). Symbol ‘/’ denotes missing value. 

Year Soil temperature 

at 3m (°C) 

Soil temperature 

at 6m (°C) 

Soil temperature 

at 10m (°C) 

2006 / / -1.1 

2007 -1.1 -1.2 -1.1 

2008 / / -1.2 

2009 -1.1 -1.1 -1.1 

2010 -0.8 -1 -1 

2011 -0.8 -0.9 -0.9 

2012 -0.7 -0.8 -0.8 

2013 -0.8 -0.8 -0.8 

2014 / / -0.8 

2015 -0.6 -0.7 -0.7 

2016 -0.5 -0.6 -0.7 
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2017 -0.5 -0.6 -0.7 

2018 -0.7 -0.8 -0.6 
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