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27 ABSTRACT

28 The net land surface energy flux (FLS) is a key variable controlling land–atmosphere coupling, 

29 and climate feedback mechanisms yet observational coverage is limited, and the model simulated FLS 

30 values are quite spread. To address this deficiency, a novel energy conservation method is applied to 

31 CMIP6 LS3MIP (Land Surface, Snow and Soil Moisture Model Intercomparison Project) simulations 

32 to establish the relationship between the net land surface energy flux and surface temperature change 

33 at each grid point, and reconstruct gridded monthly FLS from 1985-2024. Systematic validation against 

34 eddy covariance station observations demonstrates that our reconstructed FLS outperforms existing 

35 products. The reconstructed FLS maintains consistency with reanalyses and model simulations in terms 

36 of globally averaged anomaly variability during the common period 1985–2012, with an average 

37 correlation coefficient of 0.77. The reconstructed FLS data show statistically significant correlations 

38 with observations at all stations used, a performance superior to that of reanalysis data. For turbulent 

39 fluxes derived from the reconstructed FLS, approximately 71% of sites exhibit higher anomaly 

40 correlation coefficients with observations than those from reanalysis data. The high FLS uncertainties 

41 are mainly distributed in Northern Hemisphere high latitudes and high-altitude zones due to large 

42 errors in snowmelt. The difference between LS3MIP and our estimation is mainly over 50-70°N, where 

43 the land area mean standard deviation (STD) from multiannual mean FLS is 0.80 Wm−2 for LS3MIP 

44 and 0.55 Wm−2 for our estimation. The FLS constrained by the simple energy model provide a useful 

45 reference for diagnosing land-atmosphere interactions and evaluating climate models.

46 Key words: net land surface energy flux; energy balance; FLUXNET observations; LS3MIP 

47 simulations

48 https://doi.org/10.1007/s00376-026-6191-5
49
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50 Article Highlights:

51  A simple energy conservation model has been built to estimate the net land surface energy flux at 

52 grid point.

53  The estimated net land surface energy flux captures the interannual variability and shows good 

54 consistency with reanalyses and model data. The inferred turbulent energy fluxes show significant 

55 anomaly correlations with observations and are superior to the reanalysis datasets at 71% of the 

56 observation sites.

57  Snowmelt dominates the land surface energy flux uncertainty in Northern Hemisphere high 

58 latitudes and high-altitude zones.
59
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60 1. Introduction

61 The net surface energy flux (FS) is a key component of energy flow in the climate system 

62 (Stephens et al., 2012, Wild et al., 2017, Liu et al., 2017, 2020), modulating the coupling processes 

63 between the surface and the atmosphere (Andrews et al., 2009; Seneviratne et al., 2010). The FS can 

64 accumulate in the ocean and land, driving the climate change in the Earth system by altering surface 

65 temperatures (von Schuckmann et al., 2016; Hu et al., 2019). The FS can affect the glacier melting and 

66 thereby altering the global seawater mass (Church et al., 2013; Llovel et al., 2019; Zemp et al., 2019). 

67 The FS entering the upper ocean leads to an increase in upper ocean heat content (Levitus et al., 2012; 

68 Hakuba et al., 2024; Liu et al., 2024), resulting in the thermal expansion and sea-level rise (Church et 

69 al., 2011). If FS accumulates in the top layer of the soil, land temperatures will rise rapidly due to the 

70 much lower effective heat capacity of soil compared to the ocean, as the land cannot circulate freely 

71 like the ocean (Cuesta-Valero et al., 2021, 2025; Wang et al., 2024). This thermodynamic response 

72 can drive and exacerbate the frequency and intensity of extreme heat events (Huntingford et al., 2024; 

73 Tian et al., 2024). Moreover, the excessive accumulation of energy in land can reduce the temperate 

74 vegetation productivity (Ciais et al., 2005; Seneviratne et al., 2006; Heimann and Reichstein, 2008) 

75 and disrupt the net CO₂ exchange in the temperate land-atmosphere system, turning temperate 

76 ecosystems from carbon sinks into sources. Considering the multi-scale regulatory role of the FS in the 

77 climate system, it is essential to quantify the FS precisely in order to understand global climate change 

78 and its feedback mechanisms.

79 The FS in reanalysis and climate model simulations is derived from the radiative transfer models 

80 and empirical bulk formula, leading to substantial uncertainties (Macdonald and Baringer, 2013; Josey 

81 et al., 2013; Valdivieso et al., 2017) due to the deficiencies in models and data assimilation systems 

82 (Liu et al., 2017). In CMIP6 model simulations, the global average FS for 2001–2010 ranged from 0.8 

83 to 2.0 Wm⁻² (Wild, 2020). The multi-model mean FS for 2000–2009 was 1.6 Wm⁻², exceeding the 

84 multi-model mean net energy imbalance at the top of the atmosphere 1.3 Wm⁻² (Li et al., 2023). This 

85 indicates a widespread energy conservation issue in the model simulations. For the reanalysis products, 

86 Wild and Bosilovich (2024) showed that the global mean FS across ten datasets spans from –11 to 11 

87 Wm⁻², with a standard deviation of 6.4 Wm⁻², far greater than the corresponding value of 0.3 Wm⁻² 

88 from CMIP6 models. Further analysis by Mayer et al. (2024) confirmed this wide spread of FS in 

89 reanalyses. They also decomposed the FS into the global ocean and land area means, showing that 4 
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90 out of nine reanalyses have an unrealistic global land area mean FS greater than 1 Wm⁻², with the 

91 maximum of 8.1 Wm⁻².

92 It is known that the mass balance in the atmospheric reanalysis is not maintained due to the 

93 simultaneous assimilation of the wind field and surface pressure (Trenberth et al., 2009; Mayer and 

94 Haimberger, 2012; Liu et al., 2015), so the energy conservation is not satisfied and ultimately results 

95 in large biases in Fs. In order to solve this problem, a residual method has been developed to estimate 

96 the net surface energy flux FS. It combines the TOA (top of the atmosphere) radiative energy fluxes, 

97 the atmospheric energy divergence and the total atmospheric energy tendency from atmospheric 

98 reanalysis to estimate the FS (Trenberth et al., 1994, 2001, 2009; Chiodo and Haimberger, 2010; Mayer 

99 and Haimberger, 2012; Liu et al., 2015; Loeb et al., 2022; Mayer et al., 2024), where both the 

100 atmospheric energy divergence and the total atmospheric energy tendency are mass corrected. 

101 Therefore, it ensures the mass and energy conservation and is superior to other methods (Trenberth et 

102 al., 2001; Cheng et al., 2019). Mayer et al. (2024) analysed FS from three datasets estimated from the 

103 residual method applied to ERA5, MERRA2 and JRA55, and they found that although the global area 

104 mean FS is reasonable, the global land area mean net surface energy flux of 5.4 Wm⁻² from JRA55 is 

105 not physically realistic. Furthermore, the meridional heat transport inferred from the ocean surface flux 

106 derived from the residual method is also systematically lower than observations (Trenberth et al., 2019).

107 The problem in the FS estimated from the residual method has also been noticed by Liu et al. 

108 (2015, 2017), so the net land surface energy flux (FLS) has been adjusted by constraining the global 

109 land area mean FLS based on observations. The observation-based estimation of FS by Liu et al. (2015, 

110 2017, 2020, 2022) using the residual method and land adjustment has been used widely in the climate 

111 research and model valuations (Williams et al., 2015; Senior et al., 2016; Trenberth and Fasullo, 2017; 

112 Mayer et al., 2022; Ren and Zhou, 2024). The generated product, including the FS and total column 

113 atmospheric energy divergence, together with the TOA radiative energy fluxes (Allan et al., 2014; Liu 

114 et al., 2015, 2017, 2020, 2022; Mayer et al., 2017, 2021), has been referenced as the DEEPC 

115 (Diagnosing Earth's Energy Pathways in the Climate system) dataset. Evaluations of the DEEPC FS 

116 have been mostly focused on the ocean surface (Meyssignac et al., 2019; Liu et al., 2022; Hakuba et 

117 al., 2021; Liu et al., 2022; Mayer et al., 2022). The inferred northward meridional ocean heat transport 

118 at 26°N in the Atlantic from DEEPC dataset has been compared with the RAPID (Rapid Climate 
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119 Change–Meridional Overturning Circulation and Heatflux Array) observations, and there is good 

120 agreement between both magnitude and variability. This validation indirectly shows the reliability of 

121 the method in estimating sea surface energy fluxes (Liu et al., 2022). However, the net land surface 

122 energy flux FLS has not been properly validated so far due to the sparse of observations. Although the 

123 changes in FLS have small effect on the FS over the ocean due to the small mean amplitude of FLS 

124 compared with that over the ocean, it is still essential to have the accurate FLS, since many regional 

125 phenomena are sensitive to the FLS, such as the Boreal Summer Intraseasonal Oscillation (Goswami 

126 and Shukla, 1984; Kikuchi, 2021). This study employs a physically constrained framework that, unlike 

127 traditional statistical or empirical methods, effectively ensures the physical consistency. The main 

128 object of this study is to (1) identify a physically meaningful relationship between the surface 

129 temperature change and the net surface energy flux over land, in order to build the realistic net land 

130 surface energy flux; (2) compare the derived net land surface energy fluxes with FLUXNET 

131 observations (Pastorello et al., 2020) to evaluate the estimation. 
132
133 2. Data and Methods
134 2.1. Data sets

135 2.1.1 Simulated land surface energy fluxes

136 The simulated land surface energy fluxes from the LS3MIP (Land Surface, Snow and Soil 

137 Moisture Model Intercomparison Project) model simulations over 1985-2012 have been employed in 

138 this study to investigate the relationship between the land surface temperature variation and FLS. As a 

139 newly introduced component of CMIP6, LS3MIP employed land surface models specifically designed 

140 to comprehensively evaluate climate feedback mechanisms associated with land surface processes, 

141 particularly snow cover and soil moisture (Van Den Hurk et al., 2016). These models focused on 

142 detailed parameterization of terrestrial processes, especially the climatic impacts of snowpack, soil 

143 moisture, and land surface energy fluxes. The model configuration incorporates soil conditions and 

144 land surface states, accounts for snow shortwave radiation effects, and particularly emphasizes two 

145 key land-atmosphere feedbacks: the snow-albedo-temperature feedback involved in Arctic 

146 amplification, and the soil moisture-temperature feedback contributing to extreme temperature events 

147 (Douville et al., 2016).

148 Due to the limited number of models currently released under LS3MIP and the lack of surface 
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149 energy flux-related variables in some models, four models having complete output variables with three 

150 historical scenarios (Land-Hist-princeton, Land-Hist-cruNcep, and Land-Hist-wfdei) have been 

151 selected in this study. Land-Hist-princeton indicates the use of atmospheric forcing data from 

152 Princeton (Sheffield et al., 2006), the Land-Hist-cruNcep uses the CRU-NCEP forcing dataset (Viovy 

153 and Ciais, 2009), and the Land-Hist-wfdei uses the combined WFD (WATCH Forcing Data) and 

154 WFDEI (WATCH Forcing Data methodology applied to ERA-Interim data) forcing data (Weedon et 

155 al., 2011), where WATCH is the EU Water and Global Change project including simulation of the 

156 global terrestrial water cycle in the twentieth century via a suite of hydrological models and model 

157 intercomparison (Harding et al., 2011). WATCH forcing data is based on the ECMWF ERA-40 

158 reanalysis and includes elevation correction and monthly bias correction using CRU (Climate Research 

159 Unit) observations. ERA40 and ERA-Interim data are used by WFD / WFDEI, and NCEP reanalysis 

160 data are used by Princeton. The used variables include the temperature at 2m, precipitation, radiative 

161 fluxes and surface pressure, etc. These scenarios differ only in their forcing datasets while maintaining 

162 identical model configurations. To facilitate inter-model comparison and FLS data reconstruction, 

163 bilinear interpolation has been applied to standardize all model outputs to a uniform horizontal 

164 resolution of 0.25°×0.25°.
165
166 2.1.2 Land surface energy fluxes from atmospheric reanalysis
167 To assess the uncertainties of our reconstructed FLS and validate its consistency, land surface 

168 energy fluxes from two atmospheric reanalyses, ERA5 and MERRA2, are also used in this study. The 

169 ERA5 atmospheric reanalysis is developed by the ECMWF (European Centre for Medium-Range 

170 Weather Forecasts). It assimilates extensive satellite and in-situ observations into numerical weather 

171 prediction model, providing high-resolution meteorological data from 1940 to present at a horizontal 

172 resolution of 0.25°×0.25°. The MERRA2 (The Modern-Era Retrospective Analysis for Research and 

173 Applications, Version 2) is the atmospheric reanalysis product developed by NASA's Global Modeling 

174 and Assimilation Office (GMAO). MERRA2 utilizes the Goddard Earth Observing System Model 

175 Version 5 (GEOS-5) and assimilates multiple types of observational data and satellite measurements. 

176 Both reanalysis datasets provide comprehensive global meteorological data and have been widely used 

177 by the community. Additionally, the data from ERA5-Land are also included for a comprehensive 

178 comparison (Muñoz-Sabater et al. 2021). ERA5-Land employs the same land surface model as ERA5 
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179 but without data assimilation. The land surface FLS from DEEPC (Diagnosing Earth's Energy Pathways 

180 in the Climate System) version 5 dataset developed by Liu and Allan (2022) is also used for 

181 comparison and consistency check.
182
183 2.1.3 FLUXNET observations
184 To validate the estimated net land surface flux FLS, in-situ observations (FLUXNET) from flux 

185 towers over 1997-2014 were utilized. The FLUXNET provides globally distributed eddy covariance 

186 measurements of biosphere-atmosphere exchanges of water and energy fluxes, including the 

187 shortwave and longwave fluxes, and sensible and latent heat fluxes, along with ancillary 

188 meteorological variables, from 212 terrestrial sites worldwide (Pastorello et al., 2020). These 

189 observations have undergone standardized quality control and processing protocols, and have been 

190 widely employed for land surface process applications and model evaluations (Fisher et al., 2008; 

191 Zhang et al., 2017; Gerken et al., 2019). Due to missing measurements and quality control issues for 

192 the selected variables at the sites, the data from sites with more than three years of continuous 

193 observations and good quality control have been selected for comparison in order to ensure its validity. 

194 A total of 60 sites have been selected, among which 39 sites with complete surface energy flux data 

195 were used to validate FLS. The site locations are marked in Figure S1 and they are mainly concentrated 

196 in the United States and Europe, the relevant sites information is listed in Table S1, and the frequency 

197 of the station having different data length (months) is displayed in Figure S2 for reference.

198 The surface radiative energy fluxes were obtained from the CERES-EABF (Clouds and the 

199 Earth's Radiant Energy System Energy-Balanced and Filled) Edition 4.2. The CERES-EABF provides 

200 the global TOA and surface radiative fluxes from March 2000 onwards. This dataset is primarily based 

201 on satellite observations and has been demonstrated to be of high quality, being widely used in climate 

202 change researches. All aforementioned datasets with brief descriptions are listed in Table 1.

203

204 Table 1. Datasets and brief descriptions

Data set
Forcing 
data set

Period (in 
this study)

Resolution References

FLUXNET 1997-2014 station Pastorello et al. (2020)

ERA5 1980-2024 0.25°0.25° Hersbach et al. (2020)
ERA5-Land 1980-2024 0.1°0.1° Muñoz-Sabater et al. (2021)

in 
pre

ss



 9

MERRA2 1980-2024 0.5°0.625° Gelaro et al. (2017)
DEEPCv5 1985-2017 0.7°0.7° Liu and Allan (2022)
CERES-EABF Ed 4.2 2001-2024 1°1° Loeb et al. (2018); Kato et al. (2018)
LS3MIP 1979-2012

Princeton 1.4°1.4°
CNRM-CM6-1

WFDEI 1.4°1.4°
Voldoire et al. (2019)

Princeton 1.4°1.4°
CNRM-ESM2-1

CRU-NCEP 1.4°1.4°
Séférian et al. (2019)

Princeton 0.5°0.5°
E3SM-1-1

CRU-NCEP 0.5°0.5°
Burrows et al. (2020)

IPSL-CM6A-LR CRU-NCEP 1.27°2.5° Boucher et al. (2020)

205

206 2.2 Net land surface energy flux reconstruction 

207 Although the models directly solve the heat transfer equation, the simulated FLS is still quite 

208 spread due to different complicated parameterizations (Figure S3). Following Liu et al. (2015, 2017), 

209 the reconstruction of the FLS is based on the energy balance algorithm. The relationship between the 

210 FLS and surface temperature change (ΔTLS

Δt ) is built and can be written as:

211 𝐹𝐿𝑆 ―𝐹𝑠𝑛𝑜𝑤 = 𝐶Δ𝑇𝐿𝑠

Δ𝑡
+ 𝜀                                  (1)

212 where Fsnow is the energy required for snow melt, C is the effective heat capacity depending on the 

213 characteristics of the soil canopy and the moisture content within the soil (Boer et al., 1993; Schwartz, 

214 2007), and 𝜀 represents the residual energy penetrating to the deep soil. TLS is the land surface 

215 temperature and t is the time. Δ𝑇𝐿𝑆

Δ𝑡  is calculated based on consecutive monthly skin temperature values, 

216 for instance, the Δ𝑇𝐿𝑆

Δ𝑡  for February can be computed based on the difference between February and 

217 January, and so on. C and 𝜀 are obtained by applying Equation (1) to the LS3MIP model data. 

218 Considering the significant uncertainties in the Fsnow simulations across grid point by the LS3MIP 

219 models, (C, 𝜀) are computed with and without Fsnow at a grid point, therefore 14 pairs of (C, 𝜀) values 

220 are obtained for each grid point in each month from January-December. Two methods have been 

221 employed for the FLS reconstruction: (1) the pair of (C, 𝜀) is selected with the higher positive 

222 correlation between FLS – Fsnow (or FLS) and Δ𝑇𝐿𝑆

Δ𝑡  with and without the consideration of Fsnow, therefore 

223 seven sets of (C, 𝜀) values can be obtained, and seven FLS datasets can be estimated, the mean FLS can 

224 be regarded as the reconstruction and noted as FLS1; (2) (C, 𝜀) can also be selected with the highest 
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225 positive correlation between FLS – Fsnow (or FLS) and Δ𝑇𝐿𝑆

Δ𝑡  from fourteen (C, 𝜀) pairs at a grid point 

226 (seven sets with Fsnow consideration and seven sets without). Because the large uncertainties in the 

227 Fsnow simulations, the relationship can be better at a grid point with the consideration of Fsnow, but also 

228 possibly worse at another grid point due to the unrealistic Fsnow as shown in Figure S4. Then one FLS 

229 dataset can be reconstructed based on the best selected (C, 𝜀) and noted as FLS2.
230 This method effectively reduces the uncertainty impact in the Fsnow simulations. The selected 

231 optimal (C, ε) can be applied to the observed land surface temperature (TLS) and snow melt Fsnow data 

232 to reconstruct FLS. Since Fsnow is a variable that cannot be directly observed and must be derived 

233 through model estimation, the Fsnow from ERA5 are used in this study, since ERA5 assimilated 

234 observational data from 4,689 stations worldwide, including snow depth and snow cover, ensuring 

235 relatively high accuracy (Urraca and Gobron, 2023). Furthermore, the global mean FLS reconstruction 

236 for the period 2004–2014 is anchored at 0.2 Wm⁻² (Gentine et al., 2019). The improvement of this 

237 method is the optimal selection of (C, ε) from a group of the state-of-the-art land surface model output, 

238 to ensure the rationality of the physical relationship at the grid point. 

239 When comparing reanalysis and reconstructed FLS with FLUXNET observations, the four grid 

240 points closest to the observation station are selected and the data are bilinearly interpolated to the 

241 station point. The evaluation metrics selected are Bias and Mean Absolute Error (MAE), which are 

242 defined as follows:

243 𝐵𝑖𝑎𝑠 =  ∑
𝑁
𝑖=1 (𝑋𝑖―𝑂𝑖 )

𝑁                             (2)

244 𝑀𝐴𝐸 =  ∑
𝑁
𝑖=1|𝑋𝑖―𝑂𝑖|

𝑁                       (3)

245 where N is the total number of samples, 𝑋𝑖 and 𝑂𝑖 are the comparative and observational values, 

246 respectively. Compared with the commonly used RMSE (Root Mean Square Error), the MAE can 

247 reduce the large impact of the outliers.

248 Unless specified, the two-tailed t-test will be used for the significance test of the Pearson 

249 correlation coefficient (Hipel and Mcleod, 1994), the Mann–Kendall test is used to check the 

250 significance of the trend, and the significance level is defined as 95%. The downward direction is 

251 defined as the positive direction for all energy fluxes.

252

253 3. Results

254 3.1 Comparison of net land surface energy fluxes

255 The anomaly time series of the net land surface energy fluxes from the reconstructed FLS1, 
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256 LS3MIP models, ERA5, ERA5-Land and MERRA2 are plotted in Figure 1. The anomalies are 

257 computed relative to the reference period 1990-2010, and all lines are six month running means. The 

258 FLS1 shows good consistency with other datasets in terms of interannual variability during the common 

259 period 1985-2012, and the correlation coefficients between FLS1 and ERA5, ERA5-Land, MERRA2, 

260 LS3MIP and DEEPCv5 are 0.65, 0.73, 0.72, 0.84, and 0.89, respectively, with an average correlation 

261 coefficient of 0.77. All these correlation coefficients are statistically significant at the 95% confidence 

262 level. However, it is noticed that there is an unrealistic big jump (reaching 5.68 Wm-2) of the ERA5-

263 Land anomaly over 2023-2024, and the MERRA2 anomalies are spiky after 2006, indicating a 

264 climatology shift of the MERRA2 FLS as shown in Figure S5a, the spike range agrees with the 

265 climatology differences (Figure S5b). The FLS1 can capture the cooling events, such as the 

266

267

268 Figure 1. Monthly anomaly time series of the net land surface energy flux, with reference period from 

269 1990–2010. All lines are 6 month running means. The solid black and purple lines are ensemble means 

270 and the corresponding light shades are the mean ± one standard deviation from seven datasets, 

271 respectively.

272

273 temperature decline caused by the 1991 Mount Pinatubo volcanic eruption and the 1996 La Niña event 

274 (WMO 1997; Schwing et al., 2002; Hersbach et al., 2020), but the reproduced amplitude is relatively 

275 small. The FLS from ERA5 has much higher anomaly over 1985 to 1992 than other datasets, and it 

276 decreases rapidly after 1991, due to changes in the observing system (Hersbach et al., 2020). The FLS1 
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277 and FLS2 are nearly identical (r = 0.99), so only FLS1 is considered in the following analysis.

278 The means and trends of FLS over different time periods are listed in Table 2. The FLS1 and ERA5 time 

279 series show significant downward trends at the 95% confidence level during both 1985–2012 (-

280 0.07±0.02 and -0.22±0.03 Wm-2(10yr)-1) and 1985–2024 (-0.04±0.01 and -0.08±0.02 Wm-2(10yr)-1), 

281 whereas MERRA2 exhibits a significant upward trend (0.05±0.02 Wm-2(10yr)-1 over 1985–2012 and 

282 0.11±0.02 Wm-2(10yr)-1 over 1985–2024), and the trends from the LS3MIP simulations are not 

283 significant. The spatial distribution of FLS trends over 1985–2024 exhibits considerable differences 

284 among different datasets. However, consistent increasing trends are observed across all datasets over 

285 Greenland, the western Tibetan Plateau and Australia (Figure S6). The mean FLS values from all 

286 datasets are positive, indicating the accumulation of the energy in the soil throughout the study period. 

287 It is noticed that FLS values from other datasets are much larger than that of the reconstructed FLS1.

288

289 Table 2. Mean and trend of the global land area mean FLS. Significant trends are in bold (p < 0.05).

Trend (Wm-2(10yr)-1) FLS1 ERA5 ERA5-Land MERRA2 LS3MIP
1985-2012 -0.07±0.02 -0.22±0.03 -0.03±0.02 0.05±0.02 0.00±0.02
2010-2015 0.10±0.16 0.30±0.26 0.14±0.25 0.45±0.25
2013-2024 -0.02±0.05 0.17±0.09 1.76±0.32 0.16±0.10
1985-2024 -0.04±0.01 -0.08±0.02 0.18±0.03 0.11±0.02

Mean (Wm−2) FLS1 ERA5 ERA5-Land MERRA2 LS3MIP
1985-2012 0.27 0.74 0.83 0.78 0.46
2013-2024 0.21 0.72 1.29 1.07
1985-2024 0.25 0.74 0.96 0.87

290

291 To assess the robustness of the declining FLS1 trend from 1985-2012, the time series of the global 

292 land area mean surface temperature TLS trend from successive 60 months are calculated and plotted in 

293 Figure 2. All datasets show overall significant downward tendency (p<0.05) over 1985-2012, 

294 indicating a sustained deceleration in the rate of surface warming, consistent with the declining trend 

295 of FLS1.

296 The downward trend of ERA5 FLS from 1985-2012 is partly due to the excessively high positive 

297 anomalies before 1995 and therefore questionable (Figure 1). In order to further investigate the reasons 

298 of the downward FLS1 trend, the ΔTLS and Fsnow time series from ERA5 are plotted in Figures 3a and 

299 b, respectively. The trends for ΔTLS from reanalyses over 1985-2012 and 1985-2024 are insignificant, 
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300 while the downward trends of Fsnow over these two periods are –0.08±0.01 Wm⁻² (10yr)⁻¹ and –

301 0.05±0.01 Wm⁻² (10yr)⁻¹, respectively, which are statistically significant and therefore dominates the 

302 FLS1 trend based on Equation (1). The snow data from thousands of stations have been assimilated to 

303 the ERA5 system, yielding consistent results with independent observations (Mortimer et al., 2024, 

304 Majidi et al., 2025). However, the snow product is susceptible to changes in the assimilation system 

305 (Winkelbauer et al., 2022). For instance, in 2004, ERA5 began assimilating the Interactive Multisensor 

306 Snow and Ice Mapping System (IMS) product from the National Oceanic and Atmospheric 

307 Administration (NOAA). While this notably improved the estimation accuracy, it also introduced a 

308 discontinuity in the time series (Kouki et al., 2023, Urraca and Gobron, 2023). This discontinuity has 

309 implications for the long‑term trend analysis derived from the reconstructed data. Considering the large 

310 discrepancies between Fsnow data from different datasets (Figure S7), their effects on the FLS merit 

311 further investigation.

312

313

314 Figure 2. Time series of the global land area mean TLS trend calculated for successive 60 months and 

315 different datasets. The unit is K(10yr)-1.
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316
317 Figure 3. Time series over 1985-2024. (a) The change of global land area mean surface temperature 

318 (ΔTLS) smoothed by 60 month running mean, (b) the anomaly of energy required for snow melt 

319 smoothed by 6 month running mean. The trends over 1985-2024 are also displayed.                                                                                                                                                                                                                                                                          

320

321 3.2 Compared with FLUXNET observations

322 3.2.1 Net land surface energy flux

323 The observational data of the net surface energy fluxes over land remain scarce, and the 

324 FLUXNET observations are commonly used for evaluations of the land surface energy fluxes (Fisher 

325 et al., 2008; Muñoz-Sabater et al., 2021; Xu et al., 2023). The Bias, MAE and the correlation 

326 coefficient (r) between FLUXNET observations and other datasets (FLS1, DEEPCv5, ERA5, ERA5-

327 Land and MERRA2) are calculated over 1985-2012 for data from each station using total values (not 

328 anomaly) first, and they are then displayed as the box plot as shown in Figure 4. 
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329

330 Figure 4. Box plots showing the evaluation of monthly net surface energy fluxes from FLS1, DEEPCv5, 

331 ERA5, ERA5-Land and MERRA2 against the in situ FLUXNET observations. Statistics include the 

332 (a) Bias, (b) MAE, and (c) correlation coefficient (r). The central mark in the box indicates the median, 

333 the bottom and top edges of the box indicate the 25th and 75th percentiles. Hollow circles are 

334 considered outliers. (d) Geographical distribution of FLS1 bias in land surface net energy flux across 

335 39 observation sites.

336

337 The negative biases indicate the systematic underestimation of FLS from all five datasets relative 

338 to observations (downward is defined as the positive direction) (Figure 4a). The MAE medians are 

339 16.0, 19.1, 16.9, 17.0 and 17.7 Wm-2 for FLS1, DEEPCv5, ERA5, ERA5-Land and MERRA2, 

340 respectively, so the FLS1 performs only marginally better than other four datasets (Figure 4b). Both 

341 biases and MAEs are so large that the measurements are sceptical for their systematic errors. For the 

342 correlation coefficient (r) (Figure 4c), FLS1 and ERA5 have the same median value of 0.72, and both 

343 of them outperform DEEPCv5 (r = 0.66), ERA5-Land (r = 0.69) and MERRA2 (r = 0.71). It is noticed 
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344 that FLS1 data and FLUXNET observations have statistically significant correlations at all stations 

345 (p<0.05), a performance superior to other datasets. Since the time series for FLS is short at most stations, 

346 data from 39 selected stations are also composited to form a long series for the calculation of the 

347 correlation coefficient, and the r = 0.49 (Figure S8), 0.29, 0.46, 0.48 and 0.39 between FLUXNET and 

348 FLS1, DEEPCv5, ERA5, ERA5-Land and MERRA2, respectively. The FLS1 data are still the closest to 

349 the observations.

350 Due to the limited number and distribution of observation sites, the validation of FLS in this study 

351 primarily relies on the data from North America and Europe, supplemented by a few sites in Greenland 

352 and Australia (Figure 4d). Results show that the FLS1 exhibit negative biases at the vast majority of 

353 sites in North America, Europe, and Australia, while positive biases are observed at the sites in 

354 Greenland. It should be noted that the observations are generally affected by the energy non-closure 

355 issue (Wilson et al., 2002), therefore the calculated biases may stem partly from systematic errors in 

356 the observations.

357

358 3.2.2 Land surface turbulent energy flux 

359 As a key component of the surface energy flux, the surface turbulent flux plays an important role 

360 in both the water and energy cycles. ERA5, ERA5-Land and MERRA2 have the surface turbulent flux 

361 output. The land surface turbulent fluxes from DEEPCv5 and our estimation are obtained by 

362 subtracting the CERES-EBAF surface radiative flux from the net surface energy flux FLS.

363 The CERES surface radiative fluxes (shortwave + longwave) are also compared with the 

364 FLUXNET observations as shown in Figure 5. The results from the composite series show that both 

365 the seasonal variations and anomaly sequences are consistent between two datasets, with the 

366 correlation coefficients of 0.96 (Figure 5a) and 0.62 (Figure 5b), respectively. Although the surface 

367 radiative fluxes from CERES are derived through inference rather than direct measurement of surface 

368 fluxes, the consistency between CERES surface radiative fluxes and FLUXNET data indicates the 

369 reliability of CERES observations, thereby supporting our estimation of turbulent fluxes. 
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370

371 Figure 5. The scatter plot between radiative fluxes (shortwave + longwave) from the CERES-EBAF 

372 and FLUXNET. (a) Surface radiative flux, (b) surface radiative flux anomaly. The dashed red line is 

373 the symmetrical line y=x.

374

375 The turbulent fluxes were evaluated for the period 2001–2014, with the results shown in Figure 

376 6. Similarly to Figure 4a, the median biases are all negative, implying the overestimation of the 

377 turbulent fluxes by four datasets compared with the FLUXNET observations considering that the 

378 surface turbulent flux flow is actually from land to the atmosphere. This may partly contribute from 

379 the observations since the eddy covariance method often underestimates the turbulent fluxes (Wilson 

380 et al., 2002; Mauder et al., 2024). The median biases are -11.5, -11.0, -6.8, -4.74 and -15.3 Wm-2 for 

381 FLS1, DEEPCv5, ERA5, ERA5-Land and MERRA2, respectively, so the ERA5-Land has the best 

382 performance regarding to the median bias (Figure 6a). The corresponding median MAE values are 

383 21.06, 21.18, 20.76, 18.58 and 25.08 Wm-2, respectively (Figure 6b). The median anomaly correlation 

384 coefficients are 0.41, 0.33, 0.35, 0.40 and 0.33 for FLS1, DEEPCv5, ERA5, ERA5-Land and MERRA2, 

385 respectively (Figure 6c). They are statistically significant but relatively small. The anomaly correlation 

386 coefficient from FLS1 is higher than other datasets at approximately 71% of the sites, with about 9.1% 

387 of the sites showing significantly higher values compared to other datasets (z-test, p < 0.05). The 

388 corresponding median correlation coefficients can be 0.93, 0.90, 0.92, 0.93 and 0.91 if the total surface 

389 turbulent fluxes are employed due to the seasonal cycle.

390 Figure 6d shows a scatter plot comparing our estimated surface turbulent fluxes against 

391 FLUXNET observations composited from all 60 selected stations (total data points N = 6963). The 

392 correlation coefficients are r =0.86 (Figure 6d), 0.72, 0.83, 0.85 and 0.81 for FLS1, DEEPCv5, ERA5, 

393 ERA5-Land and MERRA2, respectively. The correlation coefficient of FLS1 is significantly higher 

394 than other datasets at the 95% confidence level, indicating that these datasets can capture the observed 
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395 variations and the estimated surface turbulent fluxes from FLS1 performs slightly better than other 

396 datasets.

397
398 Figure 6. Box plots showing the evaluation of surface turbulent fluxes from FLS1, DEEPCv5, ERA5, 

399 ERA5-Land and MERRA2 against the in situ FLUXNET observations. Statistics include the (a) Bias, 

400 (b) MAE, and (c) anomaly correlation coefficient (ra). The central mark in the box indicates the median, 

401 the bottom and top edges of the box indicate the 25th and 75th percentiles. Hollow circles are outliers. 

402 (d) is the scatter plot of surface turbulent fluxes between our estimation (FLS1-CERES radiative flux) 

403 and FLUXNET, the dashed red line is the symmetrical line y=x, and N is the total number of data 

404 points.

405

406 3.3 Uncertainties of land surface net energy flux
407 In order to investigate the spatial distribution of the land surface energy flux uncertainty in both 

408 model simulations and reconstructions, the standard deviation (STD) of the multiannual mean land 

409 surface net energy flux over 1985-2012 from the seven LS3MIP simulations and seven estimations are 

410 plotted in Figure 7. Both datasets show that the large discrepancies occur in mid-to-high latitude along 

411 the land-sea boundary regions, as well as over the elevated areas such as the Rocky mountains, Iceland 
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412 and the Tibetan Plateau. The global land area mean STD is 0.34 Wm−2 from seven LS3MIP 

413
414 Figure 7. Spatial distribution of the land surface net energy flux standard deviations (STD) over 1985–

415 2012 for (a) LS3MIP model simulations and (b) reconstructed FLS1. (c) is the difference between (a) 

416 and (b).
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417
418 simulations (Figure 7a) and 0.31 Wm−2 from our estimations (Figure 7b). The overall STD between 

419 50-70°N is reduced from 0.80 Wm−2 for LS3MIP to 0.55 Wm−2 for our estimation, and this reduction 

420 is mainly concentrated in the spring snowmelt period (March–May) (Figure S9). The large STD 

421 distribution pattern may stem from the radiation budget calculation errors over complex terrain areas, 

422 due to large uncertainties introduced by the seasonal snow cover (Robledano et al., 2022). STD is also 

423 computed using the monthly data and then averaged at each grid point, and the results show similar 

424 features with Figure 7. Of course, the uncertainty estimation presented here is only from one 

425 perspective and incomplete. 

426

427 4. Discussion and conclusions
428 Trained on CMIP6 LS3MIP land surface climate model simulations and applied to reanalysis land 

429 surface temperature changes, an energy constrained estimate of net land surface energy flux FLS1 has 

430 been derived using an energy balance model from Liu et al. (2017). The FLS1 data have been estimated 

431 via the optimised relationship between the grid-scale net surface energy flux and temperature change, 

432 in order to provide an improved, independent observation-based dataset for the climate change 

433 community.

434 The reconstructed net land surface energy flux FLS1 shows a mean anomaly correlation coefficient 

435 of 0.84 with the model simulations and consistent variability with reanalysis data of ERA5, ERA5-

436 Land and MERRA2 (Figure 1). The FLS1 shows a significant decreasing trend (–0.07± 

437 0.02 W m⁻² (10yr)⁻¹, p<0.05) over 1985–2012, coinciding with the global warming hiatus (Meehl et 

438 al., 2011; Kosaka and Xie, 2013). This trend results from the combined effects of the surface 

439 temperature change and the energy associated with the snowmelt. Compared with the land surface net 

440 energy flux observations from eddy covariance stations of FLUXNET, our estimated surface energy 

441 fluxes exhibit good consistency in seasonal variability. Turbulent energy fluxes from five datasets 

442 (FLS1, DEEPCv5, ERA5, ERA5-Land, MERRA2) show the overestimation compared with FLUXNET 

443 observations, partly due to the underestimation of the turbulent fluxes by the eddy covariance method 

444 (Wilson et al., 2002; Mauder et al., 2024). The turbulent fluxes inferred from FLS1 exhibit marginally 

445 better agreement with observations than reanalyses (Figure 6). However, the highest correlation 

446 coefficient between FLS1 and FLUXNET can reach 0.86, and the correlation coefficients of the 

447 anomaly time series are higher for FLS1 than for reanalysis data at approximately 71% of the 

448 observation sites. The spatial distribution of the net land surface energy flux uncertainty (STD) shows 

449 that the high discrepancies are concentrated in mid-to-high latitudes of the Northern Hemisphere and 

450 over the high-altitude areas. The STD in snow-covered regions (0.45 Wm-²) is three times more than 
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451 that in snow-free regions (0.13 Wm-²), indicating the large uncertainty over snow-covered regions may 

452 be related to the poor representation of the energy consumed by the snowmelt in the land surface 

453 models. 

454 Although ERA5 demonstrates significant improvements in forcing fields compared to ERA-

455 Interim, its assimilation system still exhibits systematic energy balance deficiencies and insufficient 

456 representation of radiative forcing variations associated with natural aerosols (Soci et al., 2024, Allan 

457 and Merchant, 2025). The uncertainty in snowmelt affects the quality of our derived products and 

458 needs further investigation. Since the energy consumed by snowmelt can only be estimated from 

459 models rather than directly from observations, future advancements in satellite product of snowmelt 

460 and related variables are expected to improve current estimation. Further improvement in energy fluxes 

461 from the coming ERA6 can also be used to check the algorithm applied in this study.

462 In summary, our estimated land surface net energy flux generally outperforms existing reanalysis 

463 products in capturing interannual variability and local energy partitioning after comparison with station 

464 observations. It provides a robust foundation for diagnosing land–atmosphere coupling hotspots, 

465 evaluating energy budgets of next-generation land surface models, serving as an independent 

466 observational constraint in data assimilation, and investigating land heatwave mechanisms. This study 

467 has shown clearly the main uncertain regions in surface energy flux estimation, providing some 

468 information for the development and refinement of next-generation land surface models. This 

469 reconstructed land surface net energy fluxes can be combined with satellite-observed net surface 

470 radiative fluxes to generate the turbulent fluxes and investigate the systematic biases of other datasets, 

471 it will be used to update the DEEPC product following the procedures of Liu et al. (2017, 2020).
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774 Table S1. FUXNET sites description 

Site Lat Lon Period (in this study) Fs Turbulent fluxes
AT-Neu 47.11667°N 11.3175°E 2002-2012 ✔ ✔

AU-ASM 22.28°S 133.25°W 2010-2014 ✔ ✔
AU-DaP 14.0633°S 131.3181°E 2007-2013 ✔ ✔
AU-Das 14.16°S 131.39°W 2009-2014 ✔ ✔
AU-Dry 15.2588°S 132.3706°E 2008-2014 ✔
BE-Bra 51.30761°N 4.51984°E 2001-2014 ✔ ✔
BE-Vie 50.30493°N 5.99812°E 2001-2014 ✔
CA-Gro 48.2167°N 82.1156°W 2004-2014 ✔ ✔
CA-Man 55.87962°N 98.48081°W 2000-2008 ✔ ✔
CA-Oas 53.62889°N 106.19779°W 2001-2010 ✔
CA-Qfo 49.6925°N 74.34206°W 2003-2010 ✔ ✔
CA-SF3 54.09156°N 106.00526°W 2001-2006 ✔ ✔
CA-TP1 42.66093611°N 80.55951944°W 2002-2014 ✔ ✔
CA-TP4 42.71°N 80.36°W 2003-2006 ✔ ✔
CH-Dav 46.81553°N 9.85591°E 1997-2014 ✔ ✔
CH-Fru 47.11583°N 8.53778°E 2006-2014 ✔ ✔
CH-Oe2 47.28642°N 7.73375°E 2005-2014 ✔
CN-Cng 44.5934°N 123.5092°E 2007-2010 ✔
CZ-BK1 49.50208°N 18.53688°E 2004-2014 ✔
CZ-wet 49.02465°N 14.77035°E 2007-2014 ✔ ✔
DE-Geb 51.10°N 10.91463°E 2002-2014 ✔ ✔
DE-Kli 50.89306°N 13.52238°E 2004-2014 ✔ ✔
DE-Lnf 51.32822°N 10.3678°E 2003-2012 ✔
DE-Tha 50.96°N 13.56515°E 2005-2014 ✔ ✔
ES-LJu 36.92659°N 2.75212°W 2004-2013 ✔ ✔
FI-Hyy 61.84741°N 24.29477°E 1999-2014 ✔ ✔
FI-Sod 67.36239°N 26.63859°E 2001-2014 ✔
FR-Fon 48.47636°N 2.7801°E 2006-2014 ✔ ✔
FR-Gri 48.84422°N 1.95191°E 2004-2014 ✔ ✔
FR-Pue 43.74°N 3.5957°E 2006-2011 ✔ ✔
GH-Ank 5.26854°N 2.69421°W 2012-2014 ✔
GL-NuF 64.13083°N 51.38611°W 2009-2014 ✔
GL-ZaH 74.47328°N 20.5503°W 2001-2014 ✔ ✔
IT-Bci 40.52375°N 14.95744°E 2004-2014 ✔
IT-Lav 45.96°N 11.28132°E 2003-2008 ✔ ✔

IT-MBo 46.01468°N 11.04583°E 2003-2014 ✔ ✔
IT-Ren 46.58686°N 11.43369°E 2001-2013 ✔ ✔
IT-Sro 43.72786°N 10.28444°E 2001-2012 ✔ ✔

JP-SMF 35.2617°N 137.0788°E 2003-2006 ✔
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Site Lat Lon Period (in this study) Fs Turbulent fluxes
MY-PSO 2.973°N 102.3062°E 2003-2009 ✔
NL-Loo 52.17°N 5.74356°E 2002-2014 ✔ ✔
RU-Cok 70.82941°N 147.49428°E 2003-2014 ✔
US-Blo 38.8953°N 120.6328°W 1999-2007 ✔ ✔

US-GBT 41.36579°N 106.2397°W 2001-2006 ✔ ✔
US-GLE 41.37°N 106.24°W 2006-2014 ✔ ✔
US-Ha1 42.5378°N 72.1715°W 1997-2012 ✔ ✔
US-IB2 41.84062°N 88.24103°W 2005-2011 ✔ ✔
US-Los 46.0827°N 89.9792°W 2001-2014 ✔ ✔
US-Me2 44.4523°N 121.5574°W 2002-2014 ✔ ✔

US-MMS 39.32°N 86.41°W 2003-2014 ✔ ✔
US-NR1 40.03°N 105.55°W 2008-2014 ✔ ✔
US-Oho 41.5545°N 83.8438°W 2005-2013 ✔
US-PFa 45.9459°N 90.2723°W 2001-2014 ✔
US-SRC 31.9083°N 110.8395°W 2009-2014 ✔
US-SRG 31.789379°N 110.827675°W 2009-2014 ✔
US-SRM 31.8214°N 110.8661°W 2005-2014 ✔ ✔
US-Syv 46.242°N 89.3477°W 2001-2014 ✔
US-Var 38.41°N 120.95°W 2009-2013 ✔
US-WCr 45.8059°N 90.0799°W 2001-2014 ✔
US-Whs 31.7438°N 110.0522°W 2007-2014 ✔ ✔

775 AT: Austria; AU: Australia; BE: Belgium; CA: Canada; CH: Switzerland; CN: China; CZ: Czech Republic; 
776 DE: Germany; ES: Spain; FI: Finland; FR: France; GH: Ghana; GL: Greenland; IT: Italy; JP: Japan; MY: 
777 Malaysia; NL: Netherlands; RU: Russia; US: USA; 
778
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779 Table S2. Eighteen AMIP6 models and brief descriptions
Dataset Period (in this study) Resolution Reference

ACCESS-CM2 1.25°×1.875° Bi et al. (2020)
BCC-CSM2-MR 1.25°×1.875° Wu et al. (2021)

CanESM5 2.81°×2.81° Swart et al. (2019)
CAS-ESM2-0 1.417°×1.406° Zhang et al. (2020)

CESM2 0.94°×1.25° Danabasoglu et al. (2020)
CIESM 0.94°×1.25° Lin et al. (2020)

CMCC-CM2-HR4 0.94°×1.25° Scoccimarro et al. (2017)
E3SM-2-0 1.0°×1.0° Golaz et al. (2022)
EC-Earth3 0.7°×0.7° Döscher et al., (2022)

FGOALS-f3-L 1.0°×1.25° He et al. (2019)
INM-CM5-0 1.5°×2.0° Volodin et al. (2017)

IPSL-CM6A-MR1 0.7°×1.4° Boucher et al. (2023)
IPSL-CM6A-LR 1.26°×2.5° Boucher et al. (2020)

MIROC6 1.41°×1.41° Tatebe et al. (2019)
MPI-ESM1-2-HR 0.94°×0.94° Gutjahr et al. (2019)

MRI-ESM2-0 1.125°×1.125° Yukimoto et al. (2019)
NorCPM1 1.895°×2.5° Bethke et al. (2021)

NorESM2-LM

1985-2014

1.895°×2.5° Seland et al. (2020)
780
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781

782
783 Figure S1. Circles represent locations of observation sites, and the data from solid circle sites are 
784 used in this study.
785
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786

787
788 Figure S2. Station frequency of the FLUXNET data. The x-axis is the length of the data at a station 
789 and the bin size is 5 months. 
790
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791
792 Figure S3. Time series of the annual mean net surface energy fluxes from 18 AMIP6 model 
793 simulations as listed in Table S2. The solid black line is the ensemble mean and the gray shading is 
794 the mean ± one standard deviation from 19 lines.
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796
797 Figure S4. Scatter plots of the relationship between the net surface energy flux and temperature change 
798 at grid points (a-b) (62.5°S, 60°W) and (c-d) (60°N, 147.8°W), with (right column) and without (left 
799 column) snowmelt considerations.
800
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801

802
803 Figure S5. (a) Net surface energy flux climatology over 1985-2005 and 2006-2024, (b) climatology 
804 difference (2006-2024 minus 1985-2005).
805
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807
808 Figure S6. Spatial distribution of FLS trends over 1985-2024 for (a) FLS1, (b) ERA5, and (c) MERRA2. 
809 The grids with crosses indicate the trends are statistically significant (p < 0.05).
810
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811
812 Figure S7. Time series of the Fsnow from ERA5, ERA5-Land and MERRA2. All lines have been 
813 smoothed by 60 month running mean.
814
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815
816 Figure S8. Scatter plot of net surface energy fluxes between FLS1 and FLUXNET. The dashed red line 

817 is the symmetrical line y=x, r is the correlation coefficient and N is the total number of data points.
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819
820 Figure S9. Seasonal cycle of FLS over the 50–70°N region during the period 1985–2012.
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