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Abstract 35 

In recent decades, forests globally experienced tree cover gains and losses, often in 36 

a fine-scale process. While the biogeochemical implications of such changes on 37 

carbon storage are recognized, the direct biophysical effects of fine-scale tree cover 38 

gains and losses on land surface temperature are less well understood. Here we 39 

show how land surface temperature at 0.05° resolution grid cell responds to sub-40 

grid gross tree cover changes. We find that in tropical forests, the biophysical 41 

cooling induced by enhanced evapotranspiration per unit area of tree cover gain 42 

is greater in magnitude than the warming from tree cover loss. The goal of no 43 

biophysical warming effects from tree cover changes could be achieved by 44 

regaining > 75% of previously lost tree cover areas. In temperate forests, this 45 

minimum fraction increases to 83%. In boreal forests, however, the biophysical 46 

cooling from per unit area of tree cover loss due to increasing albedo outweighs 47 

the warming from tree cover gain, and a tree cover loss should be greater than 66% 48 

of tree cover gain to achieve the goal of zero local biophysical warming. Neglecting 49 

this asymmetric temperature effect of fine-scale tree cover gain and loss ignores 50 

the fact that biophysical feedbacks continue to cause surface temperature changes 51 

even under net-zero tree cover changes. Thus, it is necessary to account for gross, 52 

rather than net, tree cover changes when quantifying the biophysical effects of 53 

forests. 54 

 55 

Introduction 56 

Forests store 45% of terrestrial carbon and remove from the atmosphere a large 57 

amount of carbon dioxide released by human activities to mitigate global warming1,2. 58 

This process leads to a global biogeochemical cooling effect by reducing the radiative 59 

forcing of carbon dioxide3. In addition, forests influence the land-atmosphere exchange 60 
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of energy and water4-9 and exert direct biophysical effects on global surface 61 

temperatures through radiative processes (albedo)10 and nonradiative processes (latent 62 

and sensible heat fluxes)11-13. Forests also have indirect biophysical feedbacks on 63 

climate through atmospheric coupling, e.g. atmospheric circulation, cloud formation, 64 

and precipitation4,14. During the twenty-first century, forests have experienced dramatic 65 

changes (i.e., land cover conversions and tree cover changes in forests remaining 66 

forests)15,16, affecting their biogeochemical trace gases exchange11 and biophysical 67 

processes5,9,17-19. 68 

At the global scale, studies on biogeochemical11,20,21 and biophysical temperature 69 

effects22-24 of forests have mainly focused on land cover change such as afforestation 70 

and deforestation. The biogeochemical effect is quantified by calculating the carbon 71 

difference between forest and neighboring nonforest grid cells, which is then converted 72 

to a global temperature change. The biophysical effect is quantified by interpreting 73 

spatial differences in temperature, mainly satellite-based land surface temperature 74 

(LST)21. These approaches rely on the space-for-time analogies where spatial gradients 75 

in carbon storage or LST between forest and neighboring nonforest are used as proxies 76 

for estimating temporal changes of biogeochemical or biophysical effects7,25. 77 

However, significant fine-scale tree cover changes (gains and losses) have occurred 78 

in forests remaining forests worldwide15, mainly due to natural disturbance, forest 79 

management, and other changes in canopy density26,27. Although these tree cover gains 80 

and losses in established forests are not a land cover conversion, they can still impact 81 

the global carbon balance28,29. High-resolution satellite carbon data have been used to 82 

assess such biogeochemical implications induced by fine-scale tree cover changes 83 

based on the space-for-time analogy method11,20,21. Nevertheless, challenges remain for 84 

quantifying the direct biophysical LST effects induced by fine-scale tree cover 85 

changes5,18,30-36. This is an important research question because LST is monitored 86 

globally from satellites with frequent revisits only at a kilometric-scale spatial 87 

resolution whereas changes in tree cover can be assessed at a finer scale of 30 meters. 88 

Alkama and Cescatti developed a methodology to estimate LST change caused by direct 89 

biophysical effects of 30-m resolution net tree cover changes using satellite-based time-90 
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series data5, known as the time-series analysis method37.This approach was, however, 91 

only applied to net changes in tree cover5,30 and did not investigate the distinct 92 

biophysical effects caused by gross tree cover gain and loss within a LST grid cell. 93 

To address this knowledge gap, we focused on forest areas that had undergone fine-94 

scale gross tree cover changes while not changing land cover (hereinafter referred to as 95 

sub-grid tree cover gain and loss with respect to the coarser scale LST observations). 96 

We aimed to quantify the differences of direct biophysical LST effects induced by sub-97 

grid tree cover gains versus losses from 2000 to 2012. To do so, we first selected 0.05° 98 

forest grid cells that were classified as “forestlands” on the Moderate Resolution 99 

Imaging Spectroradiometer (MODIS) land cover product38,39. We then classified a 100 

forest grid cell as “disturbed” if it experienced more than 2% of sub-grid change in tree 101 

cover gain (fgain>0.02) or loss (floss>0.02) based on 30-m resolution tree cover maps 102 

from Global Forest Watch (GFW)15 during 2000-2012. Correspondingly, we classified 103 

a forest grid cell as “undisturbed” if it experienced less than 2% of gross tree cover 104 

change (i.e., fgain≤0.02 and floss≤0.02) and showed a stable Normalized Difference 105 

Vegetation Index (∆ܰ0.02±0= ܫܸܦ). We used the 0.05° resolution MOD11C3 v061 106 ܶܵܮ product38 to calculate the ܶܵܮ anomaly between 2000 and 2012 for each forest 107 

grid cell. Finally, the LST anomaly of neighboring undisturbed grid cells caused by 108 

climate variability alone (∆ܵܮ ௖ܶ௩) was removed from the signals of the disturbed grid 109 

cells to extract the direct biophysical effects on LST caused by sub-grid tree cover 110 

changes (∆ܵܮ ௙ܶ௖), following the methodology of Alkama and Cescatti5 adapted with 111 

more stringent criteria (see Methods for details). Only those disturbed grid cells with 112 

more than 5 reference undisturbed grid cells within a 50-km distance5 were included in 113 

the analysis. 114 

 115 

Main 116 

Global patterns of ∆ࢉࢌࢀࡿࡸ induced by tree cover changes in forests 117 

Globally, 34.7% of all the 0.05° forest grid cells were classified as disturbed forests, 118 

with 10.3% being located in tropical regions, 6.8% in temperate regions, and 17.6% in 119 
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boreal regions (Fig. 1a). Approximately 57.4% of these disturbed forest grid cells, 120 

mainly in tropical (20°N-20°S) and boreal regions (Canada and eastern Russia), 121 

experienced a net tree cover loss defined by fnet= fgain-floss<-0.02. Conversely, only 19.1% 122 

of the disturbed forests experienced net gains (fnet>0.02), with these forests located 123 

mostly in Europe, western Russia, and southern Brazil. The remaining 23.5% of the 124 

disturbed forests showed no significant net changes in tree cover (fnet =0±0.02). 125 

We found that some disturbed forests that experienced a net tree cover loss were 126 

still associated with a biophysical cooling effect (Fig. 1a, b), especially in tropical and 127 

temperate forest grid cells that experienced large fractions of gross tree cover gain, such 128 

as in the eastern United States (fnet=-0.01±0.004, fgain=0.13±0.003, daily mean 129 ∆ܵܮ ௙ܶ௖ =-0.05±0.002℃), eastern Congo (fnet=-0.05±0.003, fgain=0.06±0.002, daily 130 

mean ∆ܵܮ ௙ܶ௖ =-0.03±0.009℃), and subtropical southern China (fnet=-0.02±0.003, 131 

fgain=0.06±0.003, daily mean ܵܮ∆  ௙ܶ௖ =-0.04±0.006℃) (Fig. 1e, f). This result is 132 

different from previous findings where deforestation was systematically associated 133 

with significant warming5,9,22,23. This phenomenon occurred because for the same value 134 

of fnet, the sign and magnitude of ∆ܵܮ ௙ܶ௖ depended significantly on the absolute values 135 

of fgain (Fig. S1). Therefore, we quantified the sensitivity of ∆ܵܮ ௙ܶ௖ to a unit of gross 136 

tree cover gain (Sgain) and loss (Sloss) (see Methods). For the global average, Sgain (-137 

0.81±0.024℃) (Fig. 1c) was greater in absolute value than Sloss (0.66±0.021℃) (Fig. 138 

1d). The difference in magnitude between Sgain and Sloss was typically negative in 139 

temperate and tropical zones, for instance, in the eastern United States (Sgain=-140 

0.76±0.037℃; Sloss=0.59±0.027℃), eastern Congo (Sgain=-0.80±0.091℃; 141 

Sloss=0.53±0.095℃) and subtropical southern China (Sgain=-0.98±0.098℃; Sloss 142 

=0.70±0.102℃) (Fig. 1c, d, g, h). 143 

 144 
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 145 

Fig. 1 Global patterns of tree cover changes in disturbed forests during the 2000-146 

2012 time period and their direct biophysical effects on daily mean land surface 147 

temperature (∆ࢉࢌࢀࡿࡸ ). (a) Net fractional change in tree cover (fnet) over 0.05° 148 

disturbed grid cells that remained forests from 2000 to 2012, (b) daily mean ∆ܵܮ ௙ܶ௖ 149 

induced by tree cover gains and losses in disturbed forests, (c) sensitivity (Sgain) of the 150 

daily mean ∆ܵܮ ௙ܶ௖ to gross tree cover gain (fgain), and (d) sensitivity (Sloss) of the daily 151 

mean ∆ܵܮ ௙ܶ௖ to gross tree cover loss (floss). The dots in panels a-d are spaced at 2° for 152 

both latitude and longitude. The right-hand panels e-h show zonal mean values of 153 

changes in tree cover fractions, ∆ܵܮ ௙ܶ௖, Sgain and Sloss averaged into 2° latitude bins, 154 

respectively. The shading represents one standard error. 155 

 156 
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Asymmetric influence of tree cover gain and loss on ∆157 ࢉࢌࢀࡿࡸ 

The spatial variations in ∆ܵܮ ௙ܶ௖ and its distinct sensitivity to fgain and floss shown 158 

in Fig. 1 raise two questions: (1) What are the values of ∆ܵܮ ௙ܶ௖ in disturbed forests 159 

with net-zero change in tree cover (fgain=floss)? and, (2) what are the values of fgain versus 160 

floss in disturbed forests that result in net-zero change in LST (∆ܵܮ ௙ܶ௖=0±0.02℃), that 161 

is, the LST anomaly induced by the direct biophysical effect of gross tree cover loss is 162 

offset by that induced by gross tree cover gain (hereinafter referred to as LST neutrality)? 163 

Answering the first question involves quantifying how disturbed forests with a stable 164 

tree cover fraction composed of gross tree cover gain and loss in equal magnitude 165 

impact local LST. Answering to the second question provides a benchmark of fgain 166 

versus floss against which sub-grid tree cover changes in forest grid cells could be 167 

managed to achieve a net direct biophysical LST cooling. 168 

The plots in Fig. 2 show the variations in ∆ܵܮ ௙ܶ௖ in disturbed forest grid cells 169 

with all combinations of fgain and floss. In tropical and temperate forests, daytime ∆ܵܮ ௙ܶ௖ 170 

was more negative (cooling) with increasing fgain and more positive (warming) with 171 

increasing floss (Fig. 2a, b). Nighttime ∆ܵܮ ௙ܶ௖  generally responded in the opposite 172 

manner (Fig. 2d, e) but with a smaller absolute value than daytime ∆ܵܮ ௙ܶ௖ . 173 

Consequently, in tropical and temperate forests, the daily mean ∆ܵܮ ௙ܶ௖ (Fig. 2g, h) 174 

was dominated by daytime ∆ܵܮ ௙ܶ௖ signal. In boreal forests, however, the daily mean 175 ∆ܵܮ ௙ܶ௖ (Fig. 2i) largely depended on nighttime ∆ܵܮ ௙ܶ௖ (Fig. 2f) which had a greater 176 

magnitude than daytime ∆ܵܮ ௙ܶ௖ (Fig. 2c). The daily mean ∆ܵܮ ௙ܶ௖ in this biome was 177 

more positive (warming) with increasing fgain and more negative (cooling) with 178 

increasing floss (Fig. 2i). 179 

 180 
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 181 

Fig. 2 Changes in daytime (a-c), nighttime (d-f), and daily mean (g-i) land surface 182 

temperature (∆ࢉࢌࢀࡿࡸ) induced by direct biophysical effects of tree cover changes 183 

with various fractions of tree cover gain (fgain) and loss (floss) in different climate 184 

zones from 2000 to 2012. Plots j-l show the average ∆ܵܮ ௙ܶ௖ in disturbed forest grid 185 

cells with equivalent fgain and floss (i.e., fnet=0±0.02). Each cell in the bubble matrix 186 

shows the average ∆ܵܮ ௙ܶ௖ observed for a given combination of fgain and floss within 187 

0.05° grid cells from 2000 to 2012 reported on the X- and Y-axes in the 0.02 bin, 188 

respectively. Red denotes a warming effect (∆ܵܮ ௙ܶ௖ >0.02℃), blue denotes cooling 189 

ܵܮ∆) ௙ܶ௖<-0.02℃), and grey represents LST neutrality (∆ܵܮ ௙ܶ௖=0.0±0.02℃) induced 190 

by direct biophysical effects of tree cover gains and losses. The size of the dot indicates 191 

the degree of one standard error. The black dashed 1:1 lines represent equal fractions 192 

of tree cover gain and loss (i.e., fgain=floss). The black solid curves, named the LST-193 

neutral curves, are fitted by quadratic models based on the scatter between fgain and floss 194 

for grid cells with ∆ܵܮ ௙ܶ௖ =0.0±0.02℃ (see Methods), thereby separating the 195 

biophysical cooling and warming effects on LST. The shading represents the 95% 196 

confidence interval assessed by bootstrapping across each grid cell (n=500). The 197 

significance (p value) of all fitted curves is less than 0.001. Error bars are given as two 198 
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standard errors. 199 

 200 

Fig. 2 shows that warming and cooling on LST induced by direct biophysical 201 

effects of tree cover changes were not symmetrically distributed along the 1:1 diagonal 202 

line defining fgain=floss. The relationship between fgain and floss for disturbed forest grid 203 

cells corresponding to LST neutrality (∆ܵܮ ௙ܶ௖=0.0±0.02℃) can be approximated using 204 

a quadratic function, i.e., fgain= q(floss) (see Methods), which is shown by the black solid 205 

curves in Fig. 2 (hereinafter referred to as the LST-neutral curves). In tropical and 206 

temperate forests, this quadratic function laid below the 1:1 diagonal line, indicating a 207 

negative asymmetry of fgain on biophysical LST neutrality (Fig. 2a, b, d, e, g, h). 208 

Consequently, the grid cells with fgain=floss were associated with a significant daytime 209 

cooling effect (tropical: -0.58±0.009℃, temperate: -0.33±0.004℃) and a small 210 

nighttime warming effect (tropical: 0.07±0.005℃, temperate: 0.05±0.002℃), leading 211 

to an overall cooling effect of the daily mean LST (tropical: -0.25±0.007℃, temperate: 212 

-0.14±0.003℃) (Fig. 2j, k). Conversely, in boreal forests, the q function was above the 213 

1:1 line, implying a positive asymmetry of fgain on biophysical LST neutrality (Fig. 2c, 214 

f, i). Grid cells with fgain=floss showed a warming effect on daytime 215 (℃0.002±0.07) ܶܵܮ 

and a stronger cooling effect on nighttime (℃0.002±0.11-) ܶܵܮ, resulting in a slight 216 

cooling effect on the daily mean (℃0.002±0.02-) ܶܵܮ (Fig. 2j). Additionally, these 217 

asymmetric responses of ∆ܵܮ ௙ܶ௖ with respect to fgain versus floss were still robust to the 218 

choice of another time period (2003-2012, 2006-2012 and 2009-2012), for larger LST 219 

grid-cell sizes (0.1° instead of 0.05°) and under different thresholds of final tree cover 220 

for estimating fgain in disturbed forests (Figs. S2-6) (see Methods for details). 221 

To quantify the asymmetry influences of fgain versus floss on LST, we calculated the 222 

ratio of fgain to floss, hereinafter referred to as ߩ, in disturbed grid cells with biophysical 223 

LST neutrality (daily mean ∆ܵܮ ௙ܶ௖ =0.0±0.02℃). Over the globe, ߩ  showed a 224 

distinctive latitudinal gradient (Fig. 3 and Fig. S7). In tropical forests, ߩ  had the 225 

smallest values, i.e., below 1.0 (average 0.75±0.025= ߩ) (Fig. 3a), suggesting that 226 

lower gains in tree cover than losses can achieve LST neutrality for this biome. Within 227 

tropical forest regions, ߩ was smaller in tropical Africa than in tropical South America 228 
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and tropical Asia. In temperate forests, the value of ߩ was larger than that of tropical 229 

forests (average 0.83±0.051=ߩ) (Fig. 3a) and increased significantly with latitude (Fig. 230 

3b). In boreal forests, ߩ mostly varied between 1.0 and 2.0 (average 1.51±0.224=ߩ) 231 

and was the highest in Siberia (Fig. 3a). In this biome, if only the direct biophysical 232 

effect was considered, the ratio of fgain to floss must be smaller than ߩ  to achieve a 233 

negative LST anomaly. 234 

 235 

 236 

Fig. 3 Ratio of fgain to floss (࣋ ) in disturbed forest grid cells with land surface 237 

temperature neutrality (daily mean ∆0.02±0.0= ࢉࢌࢀࡿࡸ℃) induced by direct 238 

biophysical effects of tree cover gains and losses in different climate regions (a) 239 

and at different latitudes (b) around the globe. The inset histograms in plot a 240 

represent mean ߩ  values in the tropical, temperate and boreal climate zones, 241 

respectively. The light green, light blue and light brown colours on the global map 242 

indicate the tropical, temperate and boreal climate regions, respectively. The floating 243 

numbers on the map represent the average ߩ  values for the corresponding regions. 244 

Error bars are given as one standard error. The curve in plot b indicates the median 245 

values of ߩ in 5° latitude bins. The shading represents one standard error. 246 

 247 

Mechanisms of the asymmetrical impact on ∆248 ࢉࢌࢀࡿࡸ 

The asymmetric responses of ∆ܵܮ ௙ܶ௖  with respect to fgain and floss can be 249 

explained by the asymmetric influences of tree cover gain versus loss on the surface 250 

energy balance7,40-44 (Fig. 4a-l and Fig. S8), which were diagnosed using satellite 251 
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observations of albedo, shortwave downwelling radiation (SW) and latent heat (LE) 252 

turbulent fluxes (see Methods for details).  253 

In the tropical and temperate forests, the neutral curves for changes in the surface 254 

energy fluxes were all below the 1:1 diagonal line in the [fgain, floss] spaces (Fig. 4a, b, 255 

d, e, g, h, j, k). Disturbed tropical forests with fgain=floss showed lower values of 256 

reflected SW (albedo multiplied by incoming SW) (∆ܹܵ=-0.9±0.2W/m2) (Fig. 4m), 257 

higher values of ܧܮ (∆0.4±5.1=ܧܮW/m2) (Fig. 4n), and small increases in sensible 258 

heat and ground heat fluxes (∆(ܪ +  0.1W/m2) (Fig. 4o) compared with 259±0.2= (ܩ

undisturbed forests. Overall, these processes caused a significant net decrease in surface 260 

energy budget (∆0.2±4.4-= ܹܮW/m2) (Fig. 4p), which explained the cooling signal 261 

shown in Fig. 2. In temperate forests, the grid cells with fgain=floss showed a moderate 262 

cooling effect, indicated by a moderate reduction in SW reflection ( ∆ܹܵ =-263 

0.5±0.1W/m2) (Fig. 4m), a moderate increase in LE (∆0.2±2.0=ܧܮW/m2) and H and G 264 

fluxes (∆(ܪ +  0.1W/m2) (Fig. 4o). In these two biomes, the stronger increase 265±0.4=(ܩ

in evapotranspiration (ET) associated with tree cover gain compared to the decrease 266 

from tree cover loss was the main cause of the negative asymmetry of fgain on ∆ܵܮ ௙ܶ௖ 267 

in the disturbed forests, where tree cover losses were mainly induced by commodity-268 

driven deforestation, shifting agriculture, and forestry40 (inset histograms in Fig. 4a, b, 269 

d, e, g, h, j, k; Figs. S9-14). This is because the young trees associated with tree cover 270 

gain are usually shorter and have higher leaf water potentials and a consequent larger 271 

ET than the previous tree cover45-49. In contrast, the changes in reflected SW induced 272 

by albedo differences were negligible between newly grown young trees and previously 273 

lost older trees42,43. These processes eventually led to a negative asymmetric influence 274 

of tree cover gain versus loss on ∆ܵܮ ௙ܶ௖  (Fig. 2). By matching GFW data15 with 275 

planting years from a new global map of plantations50 (see Methods for details), we 276 

show that the LST-neutral curves for plantations older than 6 years were slightly more 277 

distant from the 1:1 diagonal lines than those of younger plantations (Fig. 5a, b), 278 

indicating that tree age is one vital factor influencing the asymmetry of fgain versus floss 279 

on ∆ܵܮ ௙ܶ௖ . A space-for-time analysis over a longer period indicated that direct 280 

biophysical cooling of plantations on LST diminished as planted trees became older 281 
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than approximately 28 years in tropical regions and 32 years in temperate regions (Fig. 282 

5c). This result implies that influences of tree age on asymmetric patterns of ∆ܵܮ ௙ܶ௖ 283 

may become weaker when trees exhibit lower growth rates51 (see Methods). 284 

In boreal forests, the situation is different. The neutral curves in the [fgain, floss] 285 

spaces were above the 1:1 diagonal line for ∆ܹܵ and ∆(ܪ +  and below the 1:1 286 (ܩ

diagonal line for ∆ܧܮ  (Fig. 4c, f, i). Disturbed grid cells in which fgain=floss were 287 

associated with a large increase in reflected SW (∆ܹܵ =1.8±0.3W/m2) (Fig. 4m), a 288 

small increase in ET (∆0.2±0.5=ܧܮW/m2) (Fig. 4n) and a strong decrease in H and G 289 

ܪ)∆) +  0.2W/m2) (Fig. 4o). These processes resulted in a minor decrease in 290±1.3-= (ܩ

the surface energy budget (∆0.1±1.0-= ܹܮW/m2) (Fig. 4l, p) and thus a negligible 291 

biophysical cooling effect (Fig. 2). Therefore, the change in SW was the main cause for 292 

the asymmetric changes in the surface energy balance caused by tree cover gain versus 293 

loss whereas tree age-induced ET changes played a less important role. The stronger 294 

contribution of SW changes in boreal forests was mainly attributed to the lower forest 295 

albedo during snow-covered periods6,52-54, typically 20% to 50% less than in snow-296 

covered open areas. In addition, the dominant coniferous forests in boreal region13 were 297 

typically darker (lower albedo)6 than broadleaved trees prevailing elsewhere55,56. 298 

Forestry and wildfire were the two dominant causes of tree cover losses in disturbed 299 

boreal forests (inset histogram in Fig. 4c, f, i, l; Figs. S9-14). However, standing dead 300 

trees at recently burnt sites only partially masked winter snow cover and led to a weaker 301 

albedo increase than from timber harvest7,18, which caused a strong increase in the 302 

reflected SW for forestry compared to wildfire (Fig. 4c and Fig. S12). Therefore, 303 

forestry-induced net changes in SW seem to be the main driver of the asymmetric 304 

response of ∆ܵܮ ௙ܶ௖ in boreal forests where fgain=floss. This finding is consistent with 305 

previous studies5,24,42,57 that showed that albedo-induced net change in SW was the 306 

major cause of the change in direct biophysical effects on LST over boreal forests. 307 

To assess the uncertainties of satellite-based retrievals of the surface energy 308 

balance, in addition to the MODIS ET dataset58 used above, we tested two alternative 309 

datasets: the 0.05° resolution ET data products from Global Land Surface Satellite 310 

(GLASS)59 and Penman-Monteith-Leuning (PML_v2) ET60. These two different ET 311 
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datasets (Fig. S18) showed marginally small differences compared with those derived 312 

from MODIS ET (Fig. S8d-f), confirming the robustness of the explanations for the 313 

observed asymmetry patterns of ∆ܵܮ ௙ܶ௖. 314 

 315 

 316 

Fig. 4 Changes in surface energy balance components (reflected shortwave 317 

radiation from the surface [∆ࢃࡿ, a-c], latent heat [∆ࡱࡸ, d-f], sensible heat and 318 

ground heat fluxes [∆(ࡴ +  g-i], and emitted longwave radiation from the 319 , (ࡳ

surface [∆ࢃࡸ, j-l]) induced by tree cover changes with various fractions of tree 320 

cover gain (fgain) and loss (floss) in different climate zones from 2000 to 2012. ∆ 321 

stands for the difference between disturbed and undisturbed forests. Each cell in the 322 

bubble matrix shows the average value of each energy flux component for a given 323 

combination of floss and fgain in 0.05° pixels on the X- and Y-axes in the 0.02 bin, 324 

respectively. Red indicates a positive value, blue indicates a negative value, and grey 325 

indicates a value of zero. The size of the dot indicates the degree of one standard error. 326 
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The black dashed 1:1 diagonal lines represent equal values of tree cover gain and loss 327 

(i.e., fgain= floss). The neutral curves are fitted by quadratic models based on the scatters 328 

between fgain and floss, similar to the LST neutral curves in Fig. 2. The shading represents 329 

the 95% confidence interval assessed by bootstrapping across each pixel (n=500). The 330 

significance (p value) of all fitted curves is less than 0.001. The average anomaly of 331 

each component in the surface energy balance induced by tree cover changes with 332 

equivalent fgain and floss (i.e., fnet=0±0.02) is shown in plots m-p, while their further 333 

details for forest grid cells disturbed by different drivers are graphed as inset histograms 334 

in plots a-l. C, S, F and W denote commodity-driven deforestation, shifting agriculture, 335 

forestry and wildfire, respectively. Error bars are given as one standard error. 336 

 337 

 338 

Fig. 5 Influences of tree age on the asymmetric pattern of ∆ࢉࢌࢀࡿࡸ  induced by 339 

direct biophysical effects of tree cover gain and loss in tropical and temperate 340 

forests. (a-b) LST-neutral curves for disturbed forest grid cells with different planting 341 

ages (black: planting age≤6 years; red: 6 years<planting age≤12 years) in tropical (a) 342 

and temperate (b) zones. The LST-neutral curves are fitted by quadratic models (see 343 

Figs. S15 and S16 for details). (c) Variations in the daily mean ∆ܵܮ ௙ܶ௖ along with tree 344 

age (bin times: 1-year) in planted forests. Tree age influenced ∆ܵܮ ௙ܶ௖  in planted 345 

forests with different tree covers (i.e., 50%< fgain≤70% versus fgain>70%), as shown in 346 

Fig. S17. The shading represents the 95% confidence interval, assessed by 347 

bootstrapping across each pixel (n=500). The significance (p value) of all fitted curves 348 

is less than 0.001. 349 

 350 
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Reliability of tree cover change data and potential impacts on the asymmetric patterns 351 

of ∆352 ࢉࢌࢀࡿࡸ 

By comparing with the tree cover data recorded by the Food and Agriculture 353 

Organization of the United Nations (FAO), a standard reference for global-scale forest 354 

resource information produced at decadal intervals, previous studies indicated that 355 

significant uncertainties exist in some regions (such as Canada, China, Brazil) in the 356 

GFW tree cover data61-63. This is partially due to that GFW tree cover data could reflect 357 

tree cover changes caused by not only harvest activities but also natural disturbances in 358 

unmanaged forests which were not in the scope of field forest inventories64. To address 359 

this issue, here we used alternative tree cover maps from individual countries or regions 360 

including Canada65, USA66, eastern Europe67, northern Europe68, China69 , and tropical 361 

moist forests70 (Table S2 and Fig. S19), which were calibrated or validated using 362 

national forest cover statistics or field inventory data (Fig. S20) and were assumed to 363 

be more accurate than GFW tree cover data71, as a means to provide an alternative data 364 

source for tree cover gain and loss72.  365 

Generally, the distributions of LST-neutral curves in the [fgain, floss] spaces, based 366 

on the five regional tree cover datasets, were always on the same side of the 1:1 diagonal 367 

line as those generated by corresponding GFW tree cover data (Figs. S21-26), 368 

indicating the robustness of our findings on the asymmetric response of ∆ܵܮ ௙ܶ௖ to fgain 369 

versus floss at the global scale. In temperate forests, for example in the USA, both fgain 370 

and floss agreed well with those from the National Land Cover Database (NLCD)66 (Fig. 371 

S21), and the ߩ difference (∆ߩ) for the LST-neutral curves between NLCD and GFW 372 

tree cover data was approximately equal to zero. However, an underestimation of tree 373 

cover gains often occurred in regions with large afforestation programs such as China 374 

22, the largest tree-planting country in the world. Thus, the negative asymmetry of fgain 375 

on LST neutrality in China from GFW data was significantly weakened 376 

 but the LST-neutral curves from regional data were still below the 377 ,(0.07±0.019=ߩ∆)

1:1 diagonal line (Fig. S22). In tropical moist forests, the lower performance of GFW 378 

tree cover data mainly stemmed from an overestimation of tree cover compared with 379 
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an underestimation in dry tropical forests73-75. Our analyses showed that 68% of 380 

disturbed pixels in GFW tree cover data had a lower value of floss, ten percent smaller 381 

than the regional data from Joint Research Centre70. The negative asymmetry of fgain on 382 

LST neutrality for this biome was to some extent underestimated in GFW tree cover 383 

data (∆0.07±0.008-=ߩ) (Fig. S23). 384 

The situations differ in the boreal forests of eastern Europe, northern Europe, and 385 

Canada. In eastern Europe, fgain and floss of GFW tree cover data were almost equally 386 

underestimated compared with a more accurate regional data from the Global Land 387 

Analysis and Discovery Laboratory67, and the asymmetry patterns of ∆ܵܮ ௙ܶ௖ changed 388 

marginally (∆0.03±0.001= ߩ) (Fig. S24). However, in countries such as Norway, 389 

Finland, and Sweden with low sun angle and often cloudy weather76 and where much 390 

of the nonclear-cutting harvest activities took place in small and irregular areas77, GFW 391 

tree cover data likely had a lower floss compared with regional data from the Copernicus 392 

Land Monitoring Service78,79 (Figs. S25 a-c). In contrast, in the boreal region of Canada 393 

with widespread low-density tree communities80 and significant wildfire losses in less 394 

productive forests that require long recovery times81, GFW tree cover data likely 395 

underestimated fgain compared with data from the National Terrestrial Ecosystem 396 

Monitoring System65 (Fig. S26 a-c). Results based on these regional datasets indicated 397 

a weaker positive asymmetry of fgain on LST neutrality in northern Europe (∆398 0.12-=ߩ 

±0.010) but a stronger one in Canada (∆0.07±0.023=ߩ) (plots d-i in Fig. S25-26). 399 

Overall, the asymmetric patterns of ∆ܵܮ ௙ܶ௖ with respect to the newly calibrated 400 

fgain versus floss from regional tree cover datasets are consistent with those of GFW. 401 

 402 

Uncertainties caused by the asymmetric patterns of ∆ࢉࢌࢀࡿࡸ  in the time-series 403 

analysis and space-for-time analogy 404 

Repeated and consistent satellite observations have been widely used to quantify 405 

the direct biophysical effects of forest cover changes on LST from a global 406 

perspective5,22,24,41,44. The most difficult challenge in the time-series analysis has been 407 

how to separate direct biophysical effects of tree cover changes from climate 408 



 17 

variability5,36. To overcome this challenge, Alkama and Cescatti5 selected forest grid 409 

cells that experienced net-zero changes in forest cover and attributed their LST 410 

anomalies to climate variability. However, herein we highlighted an asymmetric effect 411 

of tree cover gain versus loss on LST induced by their direct biophysical processes so 412 

that forest grid cells with net-zero change in forest cover may lead to either a negative 413 

or positive LST anomaly, depending highly on the background climate and magnitude 414 

of gross tree cover gain and loss with distinct biophysical properties. Therefore, an 415 

optimal reference in the time-series analysis should be selected from undisturbed 416 

forests with no gross tree cover gain and loss to disentangle direct biophysical LST 417 

effects of forest cover changes from climate variability. 418 

The space-for-time analogy is a common approach for estimating the direct 419 

biophysical effects of forest cover changes on LST13,24. However, inconsistencies in 420 

both sign and magnitude have been observed between satellite- and ground-based 421 

studies24,42. It has been argued that the ground-based, near-surface air 422 

temperature7,12,23,82,83 was less sensitive to aerodynamic resistance5,42,44 associated with 423 

forest cover changes than the satellite-based LST (i.e., skin temperature)5,12,13,24,84, 424 

leading to the above controversies between satellite- and ground-based studies. The 425 

asymmetric patterns of ∆ܵܮ ௙ܶ௖ in response to tree cover gain and loss can provide an 426 

alternative explanation. Satellite-based LST from coarse and moderate sensors usually 427 

sample a land pixel which represents the mixed biophysical LST effects of sub-grid 428 

gross tree cover gains and losses. In contrast, tower studies have a smaller footprint and 429 

sample small forest stands50,85,86. However, this mismatch in spatial scales was mostly 430 

neglected in space-for-time methods to infer the biophysical effects of forest cover 431 

change, as this approach simplifies that the temperature differences between paired sites 432 

are explained solely by net differences in forest cover42. 433 

 434 

Limitations and potential implications 435 

The most significant limitation is the accuracy and consistency of satellite signals 436 

in capturing fine-scale tree cover changes globally. While many satellite tree cover data 437 

are regionally validated, it is important to recognize that a comprehensive validation 438 
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using field inventory tree cover data remains challenging63, and in most cases is only 439 

partially implemented64. One important discrepancy between satellite-based and field 440 

inventory tree cover data is likely driven by forest management activities (e.g., harvest 441 

activity and selective thinning) which results in changes in tree cover, but not land cover 442 

change71. Thus, global tree cover datasets fully validated by field inventory tree cover 443 

data are necessary for accurately quantifying the direct biophysical effects of global 444 

forests in the future. 445 

Second, planting or regenerating trees in previously disturbed forests to restore 446 

their biophysical cooling are one of the important natural climate solutions to mitigate 447 

local surface warming46. Nevertheless, the direct biophysical temperature effect 448 

analyzed in this study is different from the full climate impacts, involving both indirect 449 

biophysical87,88 and biogeochemical effects89,90. Indirect biophysical effects tend to 450 

enhance clouds over temperate and boreal forests but inhibit cloud formation over 451 

tropical/subtropical forests14. Thus, ongoing fine-scale tree cover changes could either 452 

dampen or amplify surface temperature change through their indirect biophysical88,91-453 

94 and biogeochemical effects95. There is still a long way to go towards fully accounting 454 

for biogeochemical and direct/indirect biophysical changes11,21,30,96,97 of fine-scale 455 

forest management in climate mitigation policies like the Paris Agreement5,30,98. 456 

In conclusion, our analysis provides a first global estimate of direct biophysical 457 

effects of gross tree cover gain and loss at fine resolution. It demonstrates an 458 

asymmetric effect of tree cover gain versus loss on LST. This result helps quantifying 459 

an average ratio of tree cover gain to loss to achieve a net direct biophysical cooling, 460 

which could be considered for climate-smart forest management99. Moreover, the 461 

asymmetric patterns of direct biophysical effects on LST may also result in various 462 

cascading effects on biodiversity (e.g., species distribution)100, functional traits (e.g., 463 

leaf phenology)101,102, and ecosystem functioning (e.g., photosynthesis)103, which are 464 

strongly driven by local temperatures100.  465 

 466 

Methods 467 

Calculating fractions of gross tree cover gains and losses 468 



 19 

As an initial step, we overlaid the 30-m high-resolution global tree cover change 469 

maps from Global Forest Watch (GFW)15 onto 0.05° resolution MODIS MCD12C1 470 

land cover images39, and selected the grid cells that were defined as “forestlands” in the 471 

MODIS land cover images. The 0.05° resolution forest grid cells that had experienced 472 

fractional gains (fgain>0.02) or losses (floss>0.02) in tree cover from 2000 to 2012 based 473 

on GFW tree cover maps were considered as disturbed forests (stand-replacing natural 474 

disturbance, forest management, changes in canopy density etc.). The fgain and floss 475 

denote the fractions of tree cover gain and tree cover loss for the 0.05° grid cell, 476 

respectively. 477 

GFW maps recorded three types of pixels, i.e., tree cover gain, loss, and both15, 478 

while only had the tree cover fraction information for 30-m resolution pixels in 2000. 479 

Here, we estimated the fractions of tree cover gain and loss for the 0.05° disturbed 480 

forest grid cell in 2012 by taking 2000 as the benchmark year. Overall, three cases were 481 

considered: (i) In a 0.05° resolution forest grid cell k, for pixel i labelled only “forest 482 

loss” in GFW 30-m resolution maps, the tree cover decreased from the fraction ( ௜݂ଷ଴௠) 483 

in 2000 to zero by 2012; this is a direct estimate of floss using GFW tree cover data. (ii) 484 

For pixel j labelled only “forest gain”, we assumed that the tree cover would increase 485 

to the average values ( ௥݂௘௙,௝ଷ଴௠ ) of neighboring well-grown forests (surrounding 9× 9 486 

pixels) with tree cover fractions higher than 50%. To verify this assumption, we 487 

compared the tree cover fraction of a forest planted from 1982 to 200050 to the tree 488 

cover fractions of well-grown forests (9×9 pixels) surrounding that planted forest. The 489 

results show that the fractions were strongly and linearly correlated along the 1:1 490 

diagonal line (all R2 values >0.98, Fig. S27). (iii) For pixel z with both tree cover gains 491 

and losses, we assumed that the tree cover would initially decrease from the fraction 492 

( ௭݂ଷ଴௠) in 2000 to zero, as did the pixels labelled only “forest loss”. Then, we assumed 493 

that the tree cover fractions would increase to the average fraction ( ௥݂௘௙,௭ଷ଴௠  ) of 494 

surrounding well-grown forests in 2012, similar to pixels labelled only “forest gain”. 495 

Thus, the average fraction of tree cover losses ( ௟݂௢௦௦,௞଴.଴ହ° ) and gains ( ௚݂௔௜௡,௞଴.଴ହ° ) for disturbed 496 

forest grid cell k was calculated using Equations 1 and 2, respectively. 497 
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௟݂௢௦௦,௞଴.଴ହ° = ൣ∑ ( ௜݂ଷ଴௠) + ∑ ( ௭݂ଷ଴௠)௭ଵ௜ଵ ൧ × ଴.଴଴଴ଶହ×଴.଴଴଴ଶହ଴.଴ହ×଴.଴ହ         (1) 498 

௚݂௔௜௡,௞଴.଴ହ° = ൣ∑ ൫ ௥݂௘௙,௝ଷ଴௠ − ௝݂ଷ଴௠൯ + ∑ ൫ ௥݂௘௙,௭ଷ଴௠൯௭ଵ௝ଵ ൧ × ଴.଴଴଴ଶହ×଴.଴଴଴ଶହ଴.଴ହ×଴.଴ହ         (2) 499 

where ௚݂௔௜௡,௞଴.଴ହ°  and ௟݂௢௦௦,௞଴.଴ହ°  denote the fractions of tree cover gains and tree cover losses 500 

for the 0.05°disturbed forest grid cell ݇, respectively. ௜݂ଷ଴௠ represents the tree cover 501 

fraction of the 30-m (~0.0025°) resolution grid i within the 0.05° forest grid ݇ in 2000. 502 

௥݂௘௙ଷ଴௠ represents the average tree cover fraction of surrounding 9×9 30-m resolution 503 

pixels with tree cover fractions higher than 50% around the target pixel in 2000. i and 504 

j denote the number of 30-m resolution pixels labelled as only forest gains and losses, 505 

respectively. z denotes the number of 30-m resolution pixels that experienced both 506 

forest gains and losses. ଴.଴଴଴ଶହ×଴.଴଴଴ଶହ଴.଴ହ×଴.଴ହ  is the conversion coefficient, which is the ratio 507 

of the spatial resolution in GFW tree cover maps to that of the MODIS MCD12C1 land 508 

cover maps. We then selected the 0.05° grid cells with tree cover gain (fgain>0.02) or 509 

loss fractions (floss>0.02) during the study period (2000-2012) in GFW tree cover 510 

change datasets as the disturbed forest grid cell for the analyses. 511 

  512 

Calculating ∆ࢉࢌࢀࡿࡸ caused by tree cover gains and losses  513 

We used the 0.05° resolution MOD11C3 v061 daytime and nighttime 514 ܶܵܮ 

products38 (refers to the skin temperature of land surfaces5,7,38,42) to represent the 515 

daytime and nighttime LST, respectively, and calculated the daily mean ܶܵܮ  by 516 

averaging the MODIS daytime and nighttime ܶܵܮ . As the temperature anomaly 517 

ܵܮ∆) ௧ܶ௢௧௔௟) between two years in a given disturbed forest grid cell was the combined 518 

effect induced by both tree cover change and climate variability5, we used the time-519 

series analysis methodology developed by Alkama and Cescatti5 (Equation 3) to 520 

disentangle the direct biophysical effect of tree fractional gain and loss (∆ܵܮ ௙ܶ௖) from 521 

that due to climate variability (∆ܵܮ ௖ܶ௩).  522 

In the method by Alkama and Cescatti5, forest grid cells with fnet=0±0.02 were 523 

defined as reference undisturbed forests for estimating ∆ܵܮ ௖ܶ௩. In our methods, instead, 524 

more stringent criteria were used to constrain the undisturbed grid cells: (1) to eliminate 525 
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impacts from tree cover changes, both fgain and floss in undisturbed forest grid cells 526 

should be smaller than 0.02 over 2000-2012; and (2) to eliminate impacts from forest 527 

degradation, undisturbed grid cells should also have small variations in the Normalized 528 

Difference Vegetation Index (NDVI) (∆ܰ0.02±0=ܫܸܦ) during the same period. For a 529 

certain disturbed forest grid cell, its reference grid cells were detected from neighboring 530 

undisturbed forests located within a distance of 50km5, as grid cells within 50 km were 531 

assumed to share the most similar climate background24. We then took the temperature 532 

anomalies of reference undisturbed grid cells between 2000 and 2012 as those induced 533 

by climate variability without the interference of tree cover changes (i.e., ∆ܵܮ ௙ܶ௖ ≈534 0  and ∆ܵܮ ௧ܶ௢௧௔௟ = ܵܮ∆ ௖ܶ௩ ). To limit the influence caused by distance, all ∆ܵܮ ௖ܶ௩ 535 

values within 50 km of the disturbed forest grid cells were averaged using the inverse 536 

distance as a weighting factor, as shown in Equation 45, 537 ∆ܵܮ ௙ܶ௖ = ܵܮ∆ ௧ܶ௢௧௔௟ − ܵܮ∆ ௖ܶ௩                                   (3) 538 

ܵܮ∆ ௖ܶ௩ = ∑ ∆ಽೄ೅ೖ೏ೖ೙ೖసభ∑ భ೏ೖ೙ೖసభ                                             (4) 539 

where ∆ܵܮ ௧ܶ௢௧௔௟ (°C) signifies the overall LST change in disturbed forest grid cells; 540 ∆ܵܮ ௙ܶ௖ (°C) denotes the LST change in disturbed forest grid cells caused by tree cover 541 

gains and losses; ∆ܵܮ ௖ܶ௩  (°C) is the LST change induced by climate variability; 542 ∆ܵܮ ௞ܶ (°C) denotes the LST changes in reference undisturbed forest grid cells (݇) and 543 ݀௞ is the distance between the disturbed and undisturbed forest grid cells (݇) in km. 544 

We further quantified the sensitivity of ∆ܵܮ ௙ܶ௖ to the fraction of tree cover gain 545 

(fgain) and tree cover loss (floss) with a linear regression model as follows: 546 ∆ܵܮ ௙ܶ௖ = ௚ܵ௔௜௡ × ௚݂௔௜௡ + ௟ܵ௢௦௦ × ௟݂௢௦௦                               (5) 547 

where ௚ܵ௔௜௡ (℃) and ௟ܵ௢௦௦ (℃) express the sensitivities of ∆ܵܮ ௙ܶ௖ to fgain and floss, 548 

respectively. Here, grid cells were analyzed using a moving window of 6×6°, shifted 549 

by 2° at each step, as shown in Fig. 1c, d. 550 

 551 

Detecting asymmetric patterns of ∆ࢉࢌࢀࡿࡸ and temperature-neutral curves induced 552 

by tree cover gains versus losses 553 
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Bubble matrix plots were used to show asymmetric responses of ∆ܵܮ ௙ܶ௖ with 554 

respect to fgain versus floss. As shown in Fig. S28, in the bubble matrix, the colour of 555 

each cell represents the average value of ∆ܵܮ ௙ܶ௖ observed for a given combination of 556 

fgain and floss within the 0.05° grid cell. Red denotes a warming effect (∆ܵܮ ௙ܶ௖>0.02℃), 557 

blue indicates cooling (∆ܵܮ ௙ܶ௖<-0.02℃) and grey represents a net-zero temperature 558 

change (∆ܵܮ ௙ܶ௖=0.0±0.02℃) between 2000 and 2012. The X- and Y- axes representing 559 

the floss and fgain, respectively, were plotted schematically in the 0.2 bin in Fig. S28 and 560 

the 0.02 bin in Fig. 2. 561 

The LST-neutral curve was defined as the boundary between dots with negative 562 ∆ܵܮ ௙ܶ௖ (cooling) and dots with positive ∆ܵܮ ௙ܶ௖ (warming) in the [fgain, floss] space. To 563 

simulate the LST-neutral curve, we selected the dots with ∆ܵܮ ௙ܶ௖=0.0±0.02℃ in the 564 

bubble matrix plots (Fig. 2). We then examined multiple linear and nonlinear (e.g., 565 

quadratic, cubic, general additive models) regressions to fit the relationships between 566 

fgain and floss and used the Akaike Information Criterion (AIC) to select the optimal 567 

model104. Finally, a quadratic function was chosen as the best model to regress the 568 

nonlinear relationship between fgain and floss where ∆ܵܮ ௙ܶ௖= 0.0±0.02℃: fgain = q(floss), 569 

as depicted by the black solid curves in Fig. 2.  570 

 571 

Assessing the surface energy balance to interpret the asymmetric patterns of ∆572  ࢉࢌࢀࡿࡸ 

Net solar radiation received on the ground is converted into sensible heat flux (H), 573 

latent heat flux (LE), and ground heat flux(G). The function of the surface energy 574 

balance is expressed as follows13: 575 ܵ ↓ܹ − ܵ ↑ܹ + ܮ ↓ܹ − ܮ ↑ܹ = ܧܮ + ܪ +  576 (6)                            ܩ

where ܵ ↓ܹ and ܵ ↑ܹ denote the downwelling shortwave radiative flux incidenting on 577 

the ground (total solar radiation) and reflected solar shortwave radiation from the 578 

surface (reflected shortwave radiation), respectively. ܮ ↓ܹ  and ܮ ↑ܹ  denote the 579 

longwave radiation from the atmosphere (atmospheric downward radiation) and 580 

longwave radiation emitted from the surface to the atmosphere (surface emitted 581 

radiation), respectively. ܧܮ is the latent heat flux referring to the transfer of heat due 582 
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to the transitional phase of water in the atmosphere. ܪ  is the sensible heat flux 583 

referring to the heat transfer between the ground and air caused by the turbulent 584 

movement of the surface layer. ܩ is the ground heat flux representing the quantity of 585 

energy transfer between the surface and deep soil. 586 

Herein, we used the method of Duveiller and colleagues13 to assess the potential 587 

impact of tree cover changes on the surface energy balance, which assumed that the 588 

tree cover change at 30-m resolution is not strong enough to induce cloud feedback and 589 

the assigned net-zero change in ܵ ↓ܹ and ܮ ↓ܹ (i.e., ∆ܵ ↓ܹ = 0 and ∆ܮ ↓ܹ = 0)105. 590 

The change in residual fluxes, composed of both H and G, can be estimated by 591 

Equation 7. Steps for the derivation of Equation 7 are shown in the Supplementary 592 

Information. 593 ∆(ܪ + ௙௖(ܩ = −∆ܵ ↑ܹ,௙௖−∆ܮ ↑ܹ,௙௖ − ௙௖ܧܮ∆                           (7) 594 

where ∆ refers to the changes in the components of the surface energy balance; the 595 

subscript ݂ܿ represents changes in energy fluxes induced by tree cover changes; 596 ∆ܧܮ௙௖ was calculated by removing the average ∆ܧܮ of reference undisturbed grid 597 

cells from that of corresponding disturbed forest grid cells. 598 

The changes in the reflected shortwave radiation (∆ܵ ↑ܹ,௙௖ ) in response to tree 599 

cover changes can be expressed as the product of changes in albedo (∆݈ܾܽ݁݀݋) and 600 

shortwave downwelling radiative fluxes (ܵ ↓ܹ), shown in Equation 8. 601 ∆ܵ ↑ܹ,௙௖ = ݋ܾ݈݀݁ܽ∆ × ܵ ↓ܹ                                       (8) 602 

The changes in ܮ ↑ܹ,௙௖ (referred to as ∆ܮ ↑ܹ,௙௖) in response to tree cover change 603 

can be physically derived using Equation 923: 604 ∆ܮ ↑ܹ,௙௖ = ܵܮ∆߳ ௙ܶ௖4ܶܵܮߪଷ                                       (9) 605 

where ϵ is broadband emissivity and ߪ  represents the Stefan-Boltzmann constant 606 

߳ :MOD11C3 products38 provide emissivity estimates, where 607 ߳  can be calculated using an empirical equation106 .(W/(m2‧K4) 10-8×5.67=ߪ) = 0.2122߳ଶଽ + 0.3859߳ଷଵ +608 0.4029߳ଷଶ. ߳ଶଽ, ߳ଷଵ, and ߳ଷଶ represent the estimated emissivity in MODIS bands 29 609 

(8400-8700 nm), 31 (10780-11280 nm) and 32 (11770-12270 nm).  610 

The data sources of the components in surface energy balance are shown in Table 611 
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S1. The LE data for calculating ∆ܧܮ  were derived from the MOD16A3GF v061 612 

products58. The ݈ܾܽ݁݀݋ and ܵ ↓ܹ data for calculating ∆ܵ ↑ܹ,௙௖ were obtained from 613 

MCD43C3 v061 products at a 0.05° resolution and from GLASS DSR (V60) data at a 614 

0.05° resolution59, respectively. The daytime and nighttime ܶܵܮ data were from the 615 

MOD11C3 v061 LST products38, while the daily mean ∆ܵܮ ௙ܶ௖ for estimating ∆ܮ ↑ܹ,௙௖ 616 

was calculated as the average of the daytime and nighttime ∆ܵܮ ௙ܶ௖. The ∆(ܪ +  ௙௖ 617(ܩ

component was calculated from ∆ܵ ↑ܹ,௙௖, ∆ܮ ↑ܹ,௙௖ and ∆ܧܮ௙௖ based on Equation 7. 618 

 619 

Evaluating the influences of scale transformation, study period, tree age, disturbance 620 

driver and tree cover data on the asymmetric responses of ∆621 ࢉࢌࢀࡿࡸ 

To assess potential uncertainties caused by scale transformation107 that might be 622 

induced by matching 30-m resolution tree cover changes15 with the 0.05° resolution 623 

MODIS land cover and LST data39, we produced additional bubble matrix plots of 624 ∆ܵܮ ௙ܶ௖ at 0.1° resolution (Fig. S6) to compare with those at 0.05° resolution (Fig. 2). 625 

If the LST-neutral curves at the 0.1° and 0.05° resolutions varied significantly, the 626 

asymmetric patterns of ∆ܵܮ ௙ܶ௖  were treated as strongly scale-dependent 627 

transformation, or otherwise were considered scale-independent or rarely scale-628 

dependent. To assess potential uncertainties from our assumptions on fgain in GFW tree 629 

cover data, we additionally plotted the asymmetric patterns of ∆ܵܮ ௙ܶ௖  against fgain 630 

versus floss under different scenarios for pixels with tree cover gain, whose final tree 631 

covers in 2012 were assumed to be 50% (minimum), 75% (moderate) and 100% 632 

(maximum), respectively (Figs. S3-5).  633 

On GFW maps, the pixels of tree cover loss were recorded separately in each year 634 

from 2000 to 2012, while the pixels of tree cover gain were only given for the whole 635 

period without planting year information15. To allocate the fractions of tree cover gains 636 

to each year from 2000 to 2012, we overlaid GFW tree cover change map onto a 30-m 637 

resolution global dataset of tree plantations50. We subsequently assigned the 638 

information of planting years to corresponding 30-m resolution pixels labelled as tree 639 

cover gain on GFW maps. Considering the inconsistency in coverage between GFW 640 
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tree cover maps and the tree plantation maps50, only the 0.05° resolution grid cells, with 641 

more than 80% of total 30-m resolution pixels being assigned with planting year 642 

information, were included in the analysis. After allocating the fractions of tree cover 643 

gain yearly, we examined the asymmetric responses of ∆ܵܮ ௙ܶ௖  and corresponding 644 

neutral curves for various combinations of fgain and floss among the different time periods 645 

(i.e., 2003-2012, 2006-2012 and 2009-2012) (Fig. S2).  646 

Next, by matching tree age information50 with GFW tree cover maps, we 647 

quantified the influences of tree age on the asymmetric patterns of ∆ܵܮ ௙ܶ௖  and 648 

corresponding LST-neutral curves for pixels at 0.05° resolution with different tree 649 

planting ages (i.e., ages ≤6 years versus 6 years<ages≤12 years) (Figs. S15 and S16). 650 

Additionally, we further used the space-for-time method over a longer period to 651 

quantify the impact of tree age on ∆ܵܮ ௙ܶ௖  (Fig. 5). By matching the global tree 652 

plantation data of Du et al.50 with the MODIS LST time-series, we estimated the 653 ∆ܵܮ ௙ܶ௖ by using the ܶܵܮ of forest grid cells minus the ܶܵܮ of reference nonforest 654 

grid cells within a 50-km radius of the forest grid cell5. Only the 0.05° resolution forest 655 

grid cells with more than 80% of their sub-grid 30-m resolution forest pixels assigned 656 

with information of planting trees based on Du’s map were included in the analysis. To 657 

eliminate the influences of tree cover, forest grid cells with 50%< fgain≤ 70% (Fig. S17a, 658 

c, e) and fgain>70% (Fig. S17b, d, f)) were analyzed separately. 659 

Curtis et al.40 classified five main drivers of tree cover loss in global forests (10-660 

km resolution): commodity-driven deforestation (permanent conversion from 661 

forestland to nonforest land); forestry (large-scale forestry operations within forests), 662 

shifting agriculture (conversion from forest to agriculture lands), wildfire (burning of 663 

forest vegetation), and urbanization (conversion from forest to urban areas). To 664 

investigate the underlying mechanism, we graphed the bubble matrix plots of ∆ܵܮ ௙ܶ௖ 665 

and changes in energy fluxes against fgain and floss for disturbed forest grid cells with 666 

different drivers of tree cover loss, respectively (Figs. S9-14). 667 

Finally, we used five regional forest cover datasets in Canada65, USA66, eastern 668 

Europe67, northern Europe 68, China69, and the whole tropical region70 (Table S2) to test 669 

potential uncertainties from tree cover change data. For regional tree cover data, we 670 
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classified the 30-m resolution pixels of forest gain and loss as follows: (1) forest pixels 671 

converted from other land cover types are recognized as type of “forest gain”; (2) 672 

nonforest pixels converted from forests are detected as type of “forest loss”; (3) pixels 673 

having ever undergone both processes (1) and (2) are recognized as type of “forest gain 674 

and loss”. Then, we compared fgain and floss in GFW tree cover data with those of the 675 

newly generated tree cover datasets, calibrated by national forest cover statistics or field 676 

forest inventory data (Fig. S20), at 0.05° resolution and tested the asymmetric patterns 677 

of ∆ܵܮ ௙ܶ௖ in response to fgain versus floss (Figs. S21-26). 678 
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