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Abstract: 16 

Drought stress is increasingly constraining forest recovery under climate change. 17 

However, national-scale differences in drought resilience between natural and planted 18 

forests remain unclear. Here, we combined event-based drought characterization with 19 

lag-1 temporal autocorrelation (TAC) analysis of solar-induced chlorophyll 20 

fluorescence (SIF) and net ecosystem exchange (NEE). We assessed forest recovery 21 

dynamics across China from 2000 to 2022. Results show a widespread slowdown in 22 

forest recovery. Positive TAC trend slopes occurred in 60.94% of SIF pixels and 61.05% 23 

of NEE pixels. Drought intensity and duration were more consistently associated with 24 

increasing TAC than drought frequency. This indicates that forest recovery was 25 

constrained mainly by the severity and persistence of water deficit. Clear forest-type 26 

differences were observed. Planted forests had higher proportions of positive TAC 27 

slopes than natural forests for both SIF (69.35% vs. 56.17%) and NEE (65.33% vs. 28 

58.19%). They also responded more strongly to drought-event gradients. Planted forests 29 

responded more strongly to drought-event gradients than natural forests. For SIF-30 

derived TAC trend slopes, the responses to drought intensity and duration were 1.87- 31 

and 3.23-fold stronger in planted forests, respectively. For NEE-derived TAC trend 32 

slopes, the response to drought intensity was 1.24-fold stronger in planted forests, 33 

whereas the difference in response to drought duration was relatively small.These 34 

findings indicate that planted forests are more sensitive to drought-related recovery 35 

slowdown, especially in photosynthetic activity. Our study highlights the need to 36 



 

2 

 

integrate drought-event characteristics and forest type into resilience assessments and 37 

to improve planted forest management under future climate extremes. 38 

Keywords: drought resilience; temporal autocorrelation; solar-induced chlorophyll 39 

fluorescence; net ecosystem exchange; forest type; China 40 

1.Introduction 41 

Forests play a key role in the global carbon cycle, hydrological processes, and 42 

climate regulation. They act as a major sink for atmospheric CO₂ and store more than 43 

half of terrestrial carbon (Pan et al., 2011; Friedlingstein et al., 2022; Mitchard, 2018). 44 

However, climate change has intensified drought stress, one of the most critical climatic 45 

constraints on forest ecosystems. In recent decades, drought events have become more 46 

frequent, intense, and persistent, with substantial impacts on forest structure and 47 

function (Chen and Sun, 2015; Li et al., 2020). Persistent or extreme drought can 48 

suppress photosynthesis and reduce carbon sequestration. It may also drive forest 49 

degradation and reduce ecosystem stability through cumulative water deficits (Gatti et 50 

al., 2021; Zhao et al., 2024). In this context, drought resilience has become a central 51 

issue in global change research because it is closely linked to regional ecological 52 

security, carbon-cycle stability, and climate feedbacks. 53 

Over recent decades, China has implemented the world’s largest afforestation 54 

program. Its planted forests now exceed 92 million hectares and account for more than 55 

one quarter of the global total (Cheng et al., 2023; Cheng et al., 2024a). These forests 56 

have substantially contributed to carbon sequestration and ecological restoration (Hua 57 

et al., 2022; Huang et al., 2024). However, their drought resilience remains uncertain. 58 

Planted forests often have rapid growth, relatively simple structure, and high stand 59 

density. These traits may increase water demand and drought sensitivity. Management 60 

practices and species selection may also modify their drought responses (Yu et al., 2019; 61 

McDowell et al., 2018; Fernández et al., 2009). Natural forests, in contrast, often have 62 

greater species diversity and structural complexity. These characteristics may support 63 

stronger resistance and recovery under drought (Sun et al., 2024). Despite these 64 

potential contrasts, the drought resilience of natural and planted forests has rarely been 65 

compared at the national scale (Bai et al., 2020). This limitation restricts a 66 

comprehensive assessment of drought-related ecological risks in China’s planted 67 

forests. 68 

As ecosystems approach critical transitions, their recovery from perturbations 69 

slows. This phenomenon is known as critical slowing down. It is commonly reflected 70 

by an increase in lag-1 temporal autocorrelation (TAC), which indicates stronger 71 
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system memory and weaker restorative feedbacks (Dakos et al., 2008; Scheffer et al., 72 

2009; Dakos et al., 2012). Recent studies suggest that TAC is not only an early-warning 73 

signal of critical transitions, but also a general indicator of ecosystem resilience 74 

(Scheffer et al., 2012; Gao et al., 2016). It is robust, interpretable, and applicable across 75 

different ecological contexts (Carpenter and Brock, 2006; Kéfi et al., 2013; Dakos et 76 

al., 2012). Remote sensing has further advanced TAC-based diagnostics from 77 

theoretical analysis to large-scale monitoring. Satellite time-series studies have shown 78 

that TAC can capture declines in forest vitality and recovery dynamics, providing an 79 

empirical basis for resilience assessment (Lambert et al., 2015; Verbesselt et al., 2016). 80 

In the Amazon, increasing lag-1 autocorrelation has revealed a marked decline in forest 81 

resilience since the early 2000s, especially in drier and more human-impacted regions 82 

(Boulton et al., 2022; Van Passel et al., 2024). Broader-scale analyses have also reported 83 

widespread but spatially heterogeneous changes in ecosystem resilience under climate 84 

stress (Smith et al., 2022; Smith et al., 2023; Forzieri et al., 2022). Evidence from China 85 

further suggests that increasing aridity and interannual precipitation variability can 86 

weaken the resilience of restored forests, highlighting the value of TAC in water-limited 87 

ecosystems (Wang et al., 2025). Despite these advances, most existing TAC-based 88 

studies have focused on broad resilience trends or hydroclimatic gradients. Less 89 

attention has been given to how discrete drought-event characteristics, such as 90 

frequency, intensity, and duration, shape TAC-based resilience changes. Moreover, 91 

differences in drought resilience between natural and planted forests have rarely been 92 

examined within a TAC framework. 93 

Within the TAC framework, SIF and NEE provide complementary information for 94 

capturing resilience changes in photosynthetic activity and carbon-exchange dynamics, 95 

respectively. SIF provides a physiologically relevant proxy for photosynthetic activity. 96 

It is less prone to saturation than reflectance-based indices, such as NDVI and EVI. It 97 

also depends less on canopy structure and is more sensitive to environmental stress, 98 

especially drought. These advantages enable earlier detection of functional ecosystem 99 

changes (Wen et al., 2025; Duveiller et al., 2020; Magney et al., 2019). Gridded NEE 100 

products provide estimates of net ecosystem carbon exchange. They reflect the balance 101 

between photosynthetic carbon uptake and ecosystem respiration. Compared with 102 

greenness-based indices, NEE offers a more process-relevant measure of ecosystem 103 

responses and carbon-cycle consequences under drought. It can also capture drought 104 

legacy effects on carbon fluxes (Bastos et al., 2020). Combining SIF and NEE links 105 

physiological processes with ecosystem-level functional outcomes. This provides a 106 
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coherent pathway for tracking drought impacts across scales. However, linking TAC-107 

based resilience changes to drought requires an event-level perspective. Ecosystem 108 

responses are shaped not only by mean water deficits, but also by drought frequency, 109 

intensity, and duration. These event properties may leave legacy effects on vegetation 110 

recovery and carbon exchange after drought conditions have ended. Event-based 111 

drought characterization therefore provides a direct way to connect drought 112 

disturbances with changes in ecosystem recovery dynamics (Lloyd-Hughes, 2012). 113 

Here, we used an event-based drought inventory derived from SPAI and 3D-DBSCAN. 114 

It identifies spatiotemporally connected drought events and quantifies their frequency, 115 

intensity, and duration, providing a consistent basis for linking TAC variations to 116 

drought-event characteristics (Liu et al., 2024; Cammalleri and Toreti, 2023). 117 

In this study, we integrated event-based drought characterization with temporal 118 

autocorrelation analysis to examine drought-driven changes in forest resilience across 119 

China. We first characterized the spatial patterns of drought-event properties across 120 

China’s forest regions, including drought intensity, duration, and frequency. We then 121 

calculated TAC from SIF and NEE time series to represent resilience changes in 122 

photosynthetic activity and carbon-exchange dynamics, respectively. Finally, we linked 123 

TAC trends to drought-event characteristics and compared their responses between 124 

natural and planted forests. This framework allows us to assess how drought 125 

disturbances affect forest recovery dynamics and whether these effects differ between 126 

forest types. We addressed three questions. First, how have SIF- and NEE-derived TAC 127 

trends changed across China’s forests? Second, how do drought intensity, duration, and 128 

frequency affect TAC trends? Third, do TAC responses to drought-event characteristics 129 

differ between natural and planted forests? By clarifying drought legacy effects and 130 

forest-type differences, this study provides a basis for improving planted forest 131 

management, reducing drought risk, and enhancing ecosystem resilience (United 132 

Nations, 2019). 133 

2. Materials 134 

2.1 Forest Classification 135 

Forest-type maps were obtained from the Spatiotemporal Dynamics Dataset of 136 

Natural and Planted Forests in China (1990–2020) (Cheng et al., 2023; Cheng et al., 137 

2024a; Cheng et al., 2024b). Natural forests were defined as native stands regenerated 138 

mainly through natural processes. Planted forests were defined as stands established by 139 

human planting or seeding. These definitions are consistent with those of the National 140 

Forestry and Grassland Administration and the Food and Agriculture Organization. The 141 
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dataset provides nationwide forest-type maps at a 30 m resolution. It was generated 142 

from multi-temporal Landsat imagery and field-validated samples using a machine-143 

learning workflow on Google Earth Engine. We used these products directly as input 144 

layers for subsequent resilience analyses. 145 

2.2 Precipitation Data 146 

Precipitation data were obtained from CHIRPS (Funk et al., 2015), developed by 147 

the Climate Hazards Group at the University of California, Santa Barbara, and partner 148 

institutions. CHIRPS provides daily precipitation data at a 0.05° spatial resolution over 149 

near-global land areas. It integrates satellite infrared observations, in situ gauge records, 150 

and climatological fields. The dataset provides a continuous daily record from 1981 151 

onward and supports trend analysis, drought monitoring, and long-term hydroclimatic 152 

studies. Compared with coarser-resolution products, CHIRPS provides finer spatial 153 

detail. It therefore enables more accurate regional and watershed-scale analyses. Its 154 

fusion of ground observations and satellite information, including cold cloud duration, 155 

improves precipitation estimation. CHIRPS is also readily available in Google Earth 156 

Engine, which supports efficient large-scale processing. 157 

2.3 NEE Data  158 

NEE data were obtained from the GloFlux global carbon-flux product (Yuan et al., 159 

2025). This dataset integrates eddy-covariance observations, satellite-derived variables, 160 

and meteorological forcing data. Its training data include major flux networks and 161 

standard tower-based carbon-flux measurements, with quality control applied by the 162 

data provider. We used the published monthly NEE product for 2000–2023 at a 0.1° 163 

spatial resolution as the carbon-flux input for this study. 164 

2.4 SIF Dataset 165 

SIF data were obtained from the LHSIF product (Zou et al., 2025). This dataset 166 

integrates observations from multiple satellite sensors, including GOME, 167 

SCIAMACHY, GOME-2, and OCO-2. It provides a continuous global monthly record 168 

from 1995 to 2023 at a 0.05° spatial resolution. The product is based on far-red SIF 169 

retrievals and model–data fusion with key environmental predictors. It has been cross-170 

validated against independent satellite products, model simulations, and flux-tower 171 

benchmarks. These validations support its use for monitoring large-scale 172 

photosynthetic dynamics. We used this monthly SIF dataset as the photosynthesis 173 

indicator in this study. 174 
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2.5 Drought Events 175 

Drought events were characterized using the China Extreme Drought Event Set 176 

(ChinaExtreDroEventSet v1.0) (Liu et al., 2024; Liu et al., 2023a; Liu and Zhou, 2023b). 177 

This dataset is based on ERA5 precipitation data and identifies spatiotemporally 178 

coherent extreme droughts across China using an event-based SPAI and 3D-DBSCAN 179 

framework. Drought conditions are first detected from persistent negative SPAI 180 

anomalies and then grouped into independent events through three-dimensional 181 

clustering in space and time. We used the published event inventory directly for 182 

subsequent attribution analyses, including drought frequency, intensity, and duration. 183 

The dataset spans 1951–2022 at a 1° spatial resolution and includes 56 major extreme 184 

drought events across China. 185 

3. Methods 186 

3.1 Data preprocessing and spatial harmonization 187 

SIF, NEE, forest-type, drought-event, and precipitation-background datasets were 188 

harmonized to a common 0.05° grid under the WGS84 coordinate system. Forest pixels 189 

were classified as natural forests or planted forests. To reduce the influence of land-190 

cover transitions, only pixels consistently identified as forest for at least ten consecutive 191 

years were retained. Drought events were obtained from the published 192 

ChinaExtreDroEventSet, which was generated using an ERA5-based SPAI and 3D-193 

DBSCAN framework. Based on this event inventory, drought frequency, mean duration, 194 

and mean intensity were derived and spatially matched to the 0.05° forest grid. 195 

CHIRPS-derived precipitation seasonality and interannual precipitation variability 196 

were extracted as background hydroclimatic covariates. Forest resilience was 197 

quantified using TAC derived from SIF and NEE time series across rolling windows of 198 

12, 36, and 60 months. Relationships among drought-event metrics, hydroclimatic 199 

covariates, and TAC-based resilience changes were then assessed using pixel-level 200 

regression and marginal-effect analyses. The overall analytical workflow is shown in 201 

Fig. 1. 202 
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 203 

Fig. 1. Workflow for assessing drought-driven changes in forest resilience using 204 

SIF- and NEE-derived temporal autocorrelation. Monthly SIF and NEE datasets 205 

were first cleaned and processed to extract vegetation functional time series. Seasonal-206 

trend decomposition using LOESS was then applied, and lag-1 temporal 207 

autocorrelation was calculated within 12-, 36-, and 60-month rolling windows. Linear 208 

regression was used to estimate TAC trend slopes and generate spatial distributions, 209 

temporal correlations, and frequency histograms. In parallel, drought events were 210 

characterized from the drought dataset using the 3D-DBSCAN framework, and drought 211 

frequency, intensity, and duration were calculated. Drought metrics were matched to 212 

TAC pixels through nearest-neighbor coordinate matching, together with precipitation 213 

seasonality and interannual variability. Standardized variables were then incorporated 214 

into multifactor interaction models. Finally, marginal-effect plots were generated to 215 

evaluate the responses of TAC trends to drought frequency, drought intensity, and 216 

drought duration. 217 

3.2 TAC-based resilience estimation 218 

To quantify changes in forest recovery dynamics, we calculated temporal 219 

autocorrelation from monthly SIF and NEE time series at the pixel level. TAC reflects 220 

ecosystem memory. Higher TAC indicates slower recovery from perturbations and 221 

lower resilience. 222 

For each forest pixel, the original SIF and NEE time series were decomposed using 223 

seasonal-trend decomposition based on LOESS (STL): 224 
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𝑌௧ = ௧ܶ + ܵ௧ + ܴ௧ (1) 225 

where 𝑌௧ is the original time series, ௧ܶ is the long-term trend component, ܵ௧ is the 226 

seasonal component, and ܴ௧ is the residual component. The residual series was used 227 

for TAC calculation after removing long-term trends and seasonality. 228 

Lag-1 TAC was calculated within rolling windows of 12, 36, and 60 months: 229 ܶܥܣ௧ = ∑ ( ௝ܴ − ‾ܴ)௪−1௝=1 ( ௝ܴ+1 − ‾ܴ)∑ ( ௝ܴ − ‾ܴ)2௪௝=1 (2) 230 

where ܶܥܣ௧ is the lag-1 autocorrelation for the rolling window ending at time 231 ݓ ,ݐ 

is the window length, ௝ܴ and ௝ܴ+1 are adjacent STL residuals within the window, and 232 ܴ̄  is the mean residual value within that window. This calculation is equivalent to 233 

estimating the lag-1 ACF of the STL residuals within each rolling window. 234 

The temporal trend in TAC was estimated using ordinary least squares: 235 ܶܥܣ௧ = ߙ + ݐߚ + ௧ߝ (3) 236 

where ߙ is the intercept, ݐrepresents the rolling-window time step, ߚ represents the 237 

TAC trend slope, and ߝ௧ is the residual error term. A positive ߚ indicates increasing 238 

TAC, slower recovery, and declining resilience. A negative ߚ  indicates decreasing 239 

TAC, faster recovery, and increasing resilience. 240 

3.3 Event-based drought metrics 241 

Drought-event characteristics were derived from the ChinaExtreDroEventSet v1.0. 242 

This dataset identifies spatiotemporally coherent drought events across China using 243 

SPAI and a 3D-DBSCAN clustering framework. For each forest pixel, three event-244 

based drought metrics were calculated over the study period: drought frequency, mean 245 

duration, and mean intensity. 246 

Drought frequency was defined as the cumulative number of independent drought 247 

events affecting pixel ݅ during 2000–2022: 248 ܨ௜ = ௜ܰ (4) 249 

where ܨ௜ is drought frequency and ௜ܰis the total number of drought events recorded 250 

at pixel ݅ over the study period. 251 

Mean drought duration was calculated as: 252 

௜ܦ = 1ܰ௜ ∑ ݀௜௞ே೔
௞=1 (5) 253 

where ܦ௜ is mean drought duration and ݀௜௞ is the duration of the ݇-th drought event 254 

at pixel ݅. 255 

Mean drought intensity was calculated as: 256 
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௜ܫ = 1ܰ௜ ∑ ∣ ௜௞௠௜௡ܫܣܲܵ ∣ே೔
௞=1 (6) 257 

where ܫ௜ is mean drought intensity and ܵܲܫܣ௜௞௠௜௡ is the minimum SPAI value during 258 

the ݇-th drought event at pixel ݅. The absolute value was used so that larger values 259 

indicate stronger drought intensity. 260 

3.4 Regression modelling and marginal-effect analysis 261 

To assess the effects of drought-event characteristics on forest resilience, TAC 262 

trend slopes were linked to drought metrics and hydroclimatic covariates at the pixel 263 

level. For each TAC slope location, the nearest drought pixel was identified using 264 

geographic-coordinate-based nearest-neighbor matching. 265 

Drought frequency, mean duration, and mean intensity were then assigned to the 266 

corresponding TAC slope location. Precipitation seasonality and interannual 267 

precipitation variability were extracted from gridded climate layers and used as 268 

background hydroclimatic covariates. 269 

The TAC trend slope was used as the response variable. Separate models were 270 

fitted for SIF-derived and NEE-derived TAC slopes, and for all forests, natural forests, 271 

and planted forests. The regression model was specified as: 272 ߚ௜ = 0ߛ + ௜ܨ1ߛ + ௜ܫ2ߛ + ௜ܦ3ߛ + 4ߛ ௜ܵ + 5ߛ ௜ܸ + ௜ܫ)6ߛ × (௜ܨ ௜ܦ)7ߛ+ × (௜ܨ + ௜ܨ)8ߛ × ௜ܵ) + ௜ܨ)9ߛ × ௜ܸ) + ௜ߝ (7) 273 

where ߚ௜  is the TAC trend slope at pixel ݅ . ܨ௜ , ܫ௜ , and ܦ௜  represent drought 274 

frequency, mean drought intensity, and mean drought duration, respectively. ௜ܵ 275 

represents precipitation seasonality, and ௜ܸ  represents interannual precipitation 276 

variability. 0ߛ  is the intercept, and 1ߛ –  are regression coefficients for the 277  9ߛ

corresponding main effects and interaction terms. ߝ௜  is the residual error term, 278 

representing unexplained variation in TAC trends at pixel ݅. The interaction terms were 279 

included to examine whether the effects of drought intensity and duration varied with 280 

drought frequency, and whether the effect of drought frequency depended on 281 

background hydroclimatic conditions. 282 

All explanatory variables were standardized to zero mean and unit variance before 283 

model fitting. The TAC trend slope was not standardized, allowing the response 284 

variable to retain its original units. Models were fitted using ordinary least squares. 285 

Model performance was evaluated using regression coefficients, standard errors, 286 

significance levels, and ܴ2. 287 

Marginal-effect curves were generated for drought intensity, drought duration, and 288 

drought frequency, with other predictors held at their mean values. For each curve, an 289 
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approximate marginal slope ܭ  was calculated as the change in fitted TAC trend 290 

divided by the corresponding change in the standardized drought variable. This 291 ܭ value was used to compare TAC sensitivity to drought gradients across forest types 292 

and indicators. 293 

4. Results 294 

4.1 Spatial patterns of drought-event characteristics 295 

Figure 2 shows clear spatial heterogeneity in drought-event characteristics across 296 

China’s forest regions. Mean drought duration was generally higher in southern and 297 

northeastern China (Fig. 2a). Longer durations mainly occurred in Guizhou, Chongqing, 298 

Hunan, and parts of the Yunnan–Guizhou Plateau. High values were also observed in 299 

northeastern Inner Mongolia and northwestern Heilongjiang, where droughts 300 

commonly lasted more than three months. In contrast, shorter durations were mainly 301 

found in northern China. 302 

Drought frequency showed a distinct spatial pattern (Fig. 2b). High-frequency 303 

drought events were concentrated in southern China, the Yangtze River Basin, and parts 304 

of central and eastern China. Lower frequencies were mainly observed in northeastern 305 

and northwestern China. Overall, drought frequency was higher in southern and central 306 

China than in northern China. 307 

Drought intensity also varied strongly across regions (Fig. 2c). High-intensity 308 

droughts were mainly observed in northeastern Inner Mongolia, northwestern 309 

Heilongjiang, and parts of southern China, including Fujian and the Yunnan–Guizhou 310 

Plateau. Moderate intensity occurred across the Yangtze River Basin, whereas lower 311 

intensity was more common in northern China. Together, these patterns show that 312 

drought duration, frequency, and intensity had distinct but overlapping spatial structures. 313 

Southern China and parts of northeastern China experienced relatively stronger 314 

drought-event pressure. 315 
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 316 

Fig.2. Spatial patterns of drought-event characteristics across China’s forest regions 317 

during 2000–2022. (a) Mean drought duration (months); (b) drought frequency, 318 

expressed as the cumulative number of drought events during the study period; and (c) 319 

mean drought intensity. 320 

4.2 Temporal changes in SIF- and NEE-derived TAC across forest types 321 

To assess temporal changes in forest recovery dynamics, we analyzed SIF- and 322 

NEE-derived TAC time series using a 60-month rolling window. Higher TAC indicates 323 

stronger temporal memory, slower recovery from perturbations, and lower resilience. 324 

The SIF-derived TAC time series showed a gradual increase from 2010 to 2022 325 

(Fig. 3a). TAC increased in both natural and planted forests, but values were generally 326 

slightly higher in planted forests during most of the study period. In planted forests, 327 

mean TAC increased from approximately 0.70 in the early period to about 0.78–0.80 328 

after 2018. Natural forests showed a similar but slightly weaker increase. This pattern 329 

indicates a progressive slowdown in photosynthetic recovery, with a more pronounced 330 

signal in planted forests. 331 

The pixel-level SIF-derived TAC trajectories further support this temporal pattern 332 

(Fig. 3b). Although individual pixels showed large variability, the median trajectory 333 

increased after 2010. The high-density range also shifted toward higher TAC values. 334 
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This indicates that the increase was not limited to a few isolated pixels but reflected a 335 

broader change across forested regions. 336 

NEE-derived TAC showed a more moderate temporal increase than SIF-derived 337 

TAC (Fig. 3c). Mean TAC values remained similar between natural and planted forests 338 

during most of the study period. However, after 2014, planted forests consistently 339 

showed slightly higher TAC than natural forests. This suggests that the NEE-derived 340 

signal was weaker and more stable overall, but still indicated a modest post-2014 341 

slowdown in carbon-exchange recovery in planted forests. 342 

Pixel-level NEE-derived TAC trajectories also showed substantial spatial 343 

variability (Fig. 3d). The median trajectory increased slightly over time, while high-344 

density values remained concentrated in the upper TAC range. Together, the SIF- and 345 

NEE-derived results indicate a slowdown in forest recovery dynamics during the study 346 

period. This slowdown was more evident in SIF than in NEE, and planted forests 347 

generally showed stronger TAC increases than natural forests. 348 

 349 

Fig. 3. Temporal changes in SIF- and NEE-derived TAC across forest types. (a, c) Mean 350 

TAC time series for natural and planted forests based on SIF and NEE, respectively. 351 

Shaded areas indicate mean ± 1 standard deviation. (b, d) Pixel-level TAC trajectories 352 

based on SIF and NEE, respectively. Black lines indicate median time series. TAC was 353 

calculated using a 60-month rolling window. 354 

4.3 Spatial patterns of SIF- and NEE-derived TAC trends 355 

To further examine where these temporal increases occurred, we mapped pixel-356 

level TAC trend slopes across forest types. Figure 4 shows the spatial patterns and 357 
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frequency distributions of SIF- and NEE-derived TAC trend slopes. Across all forests, 358 

positive TAC slopes accounted for 60.94% of SIF pixels and 61.05% of NEE pixels 359 

(Figs. 4e and 4f). This indicates that more than half of China’s forest pixels showed 360 

increasing TAC during the study period. Positive slopes were widely distributed in 361 

southern and central China, as well as parts of northeastern China, although clear spatial 362 

heterogeneity was observed. 363 

Forest-type differences were evident. In natural forests, positive TAC slopes 364 

accounted for 56.17% of SIF pixels and 58.19% of NEE pixels (Figs. 4a and 4c). 365 

Positive trends were mainly distributed in parts of northeastern and southeastern China, 366 

whereas negative or weak trends occurred in northern and southwestern China. In 367 

planted forests, the proportions of positive TAC slopes were higher, reaching 69.35% 368 

for SIF and 65.33% for NEE (Figs. 4b and 4d). These proportions exceeded those in 369 

natural forests by 13.18 percentage points for SIF and 7.14 percentage points for NEE. 370 

Positive trends were also more widespread in planted forests, particularly in southern, 371 

central, and northeastern China. 372 

The frequency histograms further support these spatial patterns. In natural forests, 373 

TAC slope distributions were centered near zero, with relatively balanced positive and 374 

negative values. In contrast, planted forests showed a stronger shift toward positive 375 

TAC slopes. This pattern was consistent for both SIF and NEE, although the shift was 376 

more pronounced for SIF. Overall, the spatial maps and histograms indicate a broader 377 

increase in TAC in planted forests than in natural forests, suggesting a stronger 378 

slowdown in recovery dynamics during the study period. 379 
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 380 

Fig. 4. Spatial patterns and frequency distributions of SIF- and NEE-derived TAC trend 381 

slopes across forest types in China. (a, b) SIF-derived TAC trend slopes for natural and 382 

planted forests, respectively. (c, d) NEE-derived TAC trend slopes for natural and 383 

planted forests, respectively. (e, f) SIF- and NEE-derived TAC trend slopes for all 384 

forests, respectively. The percentages above each panel indicate the proportion of pixels 385 

with positive TAC slopes. Colors indicate slope magnitude, with blue representing 386 

negative slopes and brown representing positive slopes. Insets show pixel-level 387 

frequency distributions of TAC trend slopes, and red dashed lines indicate the median 388 

values. TAC slopes were calculated using a 60-month rolling window. 389 
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4.4 Responses of TAC trend slopes to drought-event gradients 390 

4.4.1 Responses of SIF-derived TAC trend slopes to drought-event gradients 391 

SIF-derived TAC trends showed clear forest-type differences along drought-event 392 

gradients (Fig. 5). In natural forests, TAC trends increased with drought intensity, with 393 

a marginal slope of ܭ = 0.00007048 (Fig. 5a). However, responses to drought 394 

duration and drought frequency were negative, with ܭ = −0.00001494 and ܭ =395 −0.00012207, respectively (Figs. 5c and 5e). These results suggest weak or mixed 396 

SIF-derived TAC responses to drought-event gradients in natural forests. 397 

In planted forests, SIF-derived TAC trends showed consistently positive responses 398 

to all three drought metrics. TAC trends increased with drought intensity ( ܭ =399 0.00013165 ; Fig. 5b), drought duration (ܭ = 0.00004827 ; Fig. 5d), and drought 400 

frequency ( ܭ = 0.00005172 ; Fig. 5f). The response to drought intensity was 401 

approximately 1.87 times stronger in planted forests than in natural forests. For drought 402 

duration and drought frequency, the response shifted from weak negative slopes in 403 

natural forests to positive slopes in planted forests. 404 

Together, these results indicate stronger SIF-derived TAC increases in planted 405 

forests than in natural forests along drought-event gradients. This pattern suggests a 406 

more pronounced slowdown in photosynthetic recovery in planted forests under 407 

increasing drought intensity, duration, and frequency. 408 
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 409 

Fig. 5. Marginal effects of drought-event characteristics on SIF-derived TAC trends in 410 

natural and planted forests. (a, c, e) Natural forests; (b, d, f) planted forests. Panels (a, 411 

b), (c, d), and (e, f) show the responses of SIF-derived TAC trends to mean drought 412 

intensity, mean drought duration, and drought frequency, respectively. Lines indicate 413 

fitted marginal effects from pixel-level regression models, and shaded areas indicate 414 

standard errors. The ݔ-axes represent standardized drought variables, and the ݕ-axes 415 

represent SIF-derived TAC trend slopes. Each panel reports ܴ2 , ܲ -values, and the 416 

marginal slope 417 .ܭ 

4.4.2 Responses of NEE-derived TAC trend slopes to drought-event gradients 418 

NEE-derived TAC trends showed similar but weaker forest-type differences along 419 

drought-event gradients (Fig. 6). In natural forests, TAC trends increased with drought 420 

intensity and drought duration, with marginal slopes of K=0.00003910 and 421 

K=0.00009419, respectively (Figs. 6a and 6c). In planted forests, the corresponding 422 

slopes were slightly higher, reaching K=0.00004858 for drought intensity and 423 
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K=0.00009812 for drought duration (Figs. 6b and 6d). The response to drought intensity 424 

was approximately 1.24 times stronger in planted forests than in natural forests, 425 

whereas the response to drought duration was about 4.2% higher. Responses to drought 426 

frequency were also evaluated, but forest-type differences were weaker than those 427 

observed for drought intensity and duration (Figs. 6e and 6f). 428 

Compared with the SIF-derived results, forest-type differences in NEE-derived 429 

TAC trends were more moderate. This suggests that carbon-exchange recovery, as 430 

reflected by NEE, showed weaker forest-type differences than photosynthetic recovery 431 

reflected by SIF. Nevertheless, the consistently higher marginal slopes in planted forests 432 

indicate stronger increases in NEE-derived TAC under increasing drought intensity and 433 

duration. 434 

Together with the SIF-derived results, these NEE-derived patterns suggest a 435 

broader slowdown in recovery dynamics in planted forests than in natural forests. 436 

However, the magnitude of this contrast differed between photosynthetic and carbon-437 

exchange indicators. 438 
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 439 

Fig. 6. Marginal effects of drought-event characteristics on NEE-derived TAC trends 440 

across forest types. (a, c, e) Natural forests; (b, d, f) planted forests. Panels show the 441 

effects of mean drought intensity (a, b), mean drought duration (c, d), and drought 442 

frequency (e, f). Lines represent fitted marginal effects from pixel-level regression 443 

models, with shaded areas indicating standard errors. The ݔ-axes show standardized 444 

drought variables, and the ݕ-axes show NEE-derived TAC trend slopes. ܴ2, ܲ-values, 445 

and marginal slopes ܭare shown in each panel. 446 

4.4.3 Responses of SIF- and NEE-derived TAC trend slopes across all forests 447 

Across all forests, SIF- and NEE-derived TAC trends showed consistent positive 448 

responses to drought intensity and drought duration (Fig. 7). For SIF, the marginal 449 

slopes were K=0.00002302 for drought intensity and K=0.00003527 for drought 450 

duration (Figs. 7a and 7c). For NEE, the corresponding slopes were higher, with 451 

K=0.00005267 for drought intensity and K=0.00010166 for drought duration (Figs. 7b 452 

and 7d). 453 
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Responses to drought frequency were less consistent. SIF-derived TAC trends 454 

decreased with drought frequency (K=−0.00006525; Fig. 7e), whereas NEE-derived 455 

TAC trends showed almost no response (K=−0.00000225; P=0.652; Fig. 7f). This 456 

indicates that drought intensity and duration were more closely associated with 457 

increasing TAC trends than drought frequency at the national scale. 458 

Together, the all-forest results show that China’s forests exhibited increasing TAC 459 

along gradients of drought intensity and duration. This pattern suggests a broad 460 

slowdown in forest recovery dynamics during the study period. Combined with the 461 

forest-type results, these findings suggest that planted forests contributed 462 

disproportionately to the overall positive TAC response, especially under stronger and 463 

longer drought conditions. 464 

 465 

Fig. 7. Marginal effects of drought-event characteristics on SIF- and NEE-derived TAC 466 

trends across all forests in China. (a, c, e) SIF-derived TAC trends; (b, d, f) NEE-derived 467 

TAC trends. Panels show the effects of mean drought intensity (a, b), mean drought 468 



 

20 

 

duration (c, d), and drought frequency (e, f). Lines represent fitted marginal effects from 469 

pixel-level regression models, with shaded areas indicating standard errors. The ݔ-axes 470 

show standardized drought variables, and the ݕ-axes show TAC trend slopes. ܴ2, ܲ-471 

values, and marginal slopes ܭare shown in each panel. 472 

5. Discussion 473 

Our results provide clear evidence that China’s forests experienced a widespread 474 

slowdown in recovery dynamics during 2000–2022. Both SIF- and NEE-derived TAC 475 

trend slopes were predominantly positive, with increasing TAC observed in 60.94% of 476 

SIF pixels and 61.05% of NEE pixels. Because higher TAC reflects stronger temporal 477 

memory and slower recovery from perturbations, this pattern indicates a broad decline 478 

in forest resilience under drought stress (Scheffer et al., 2009; Dakos et al., 2012). 479 

Positive TAC slopes were widely distributed in southern and central China and parts of 480 

northeastern China, although clear spatial heterogeneity remained. This suggests that 481 

recovery slowdown was not confined to isolated drought-prone regions, but represented 482 

a national-scale signal across China’s forest ecosystems. These findings are consistent 483 

with critical slowing down theory and with recent remote-sensing studies showing 484 

declining forest resilience under increasing water limitation and climate variability 485 

(Boulton et al., 2022; Forzieri et al., 2022; Smith et al., 2022; Wang et al., 2025). By 486 

linking TAC trends to event-based drought characteristics, our study further shows that 487 

this resilience decline was closely associated with the severity and persistence of 488 

drought events (Frank et al., 2015; Müller and Bahn, 2022; Van Passel et al., 2024). 489 

Among the three drought-event characteristics, mean drought intensity and mean 490 

drought duration were more consistently associated with increasing TAC than drought 491 

frequency. Across all forests, both SIF- and NEE-derived TAC trends increased along 492 

gradients of drought intensity and duration, whereas their responses to drought 493 

frequency were weak or inconsistent. This pattern suggests that forest recovery 494 

dynamics were constrained less by the number of drought events alone than by the 495 

severity and persistence of water deficit. Stronger drought intensity can induce acute 496 

physiological stress through stomatal closure, photosynthetic suppression, hydraulic 497 

limitation, and carbon imbalance (Novick et al., 2024). Longer drought duration can 498 

prolong water deficit, delay post-drought recovery, and generate legacy effects even 499 

after climatic conditions improve (Frank et al., 2015; Gessler et al., 2020; Hoover et al., 500 

2021; Müller and Bahn, 2022). Similar event-based evidence from the Amazon shows 501 

that drought intensity and duration can exert stronger destabilizing effects on TAC 502 

trends than drought frequency alone (Van Passel et al., 2024). These findings highlight 503 
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the importance of distinguishing drought-event properties when assessing forest 504 

resilience under climate change. 505 

Forest type further modulated the drought-related slowdown in recovery dynamics. 506 

Planted forests showed a higher proportion of positive TAC trend slopes than natural 507 

forests, indicating a broader shift toward slower recovery. This contrast was also evident 508 

along drought-event gradients. In particular, SIF-derived TAC trends in planted forests 509 

showed stronger positive responses to increasing drought intensity and duration. This 510 

pattern is consistent with recent evidence that planted forests in China have higher 511 

drought risk and lower drought resilience than natural forests, especially under severe 512 

drought conditions (Ma et al., 2025). It also agrees with previous findings that natural 513 

forests in China can maintain higher carbon sequestration with lower water 514 

consumption than planted forests, suggesting a better balance between carbon gain and 515 

water use (Yu et al., 2019). At a broader restoration scale, global syntheses have shown 516 

that native and more diverse restoration approaches often provide greater biodiversity 517 

and ecosystem-service benefits than plantation-based restoration, although plantations 518 

can contribute substantially to wood production and carbon gains (Hua et al., 2022; Parr 519 

et al., 2024). Together, these studies support our interpretation that planted forests are a 520 

more drought-sensitive component of China’s forest ecosystems. Several structural and 521 

physiological factors may explain this difference. Planted forests often have simpler 522 

species composition, more uniform age structure, higher stand density, and lower 523 

canopy complexity. These traits can increase competition for soil water, amplify water 524 

demand, and weaken stand-level buffering capacity during and after drought events (Yu 525 

et al., 2019; Hua et al., 2022; Cheng et al., 2024a; Ma et al., 2025). In contrast, natural 526 

forests generally have greater species diversity, stronger structural heterogeneity, and 527 

more complex rooting and canopy structures. These features may help maintain 528 

functional stability and support post-drought recovery (Guo and Ren, 2014; Isbell et al., 529 

2015; Karim et al., 2023; Sun et al., 2024). However, this result should not be 530 

interpreted as evidence that planted forests are inherently non-resilient. Their drought 531 

responses can be strongly shaped by tree age, species selection, stand density, and 532 

management practices (Li et al., 2025; Ma et al., 2025). Therefore, the stronger TAC 533 

increase observed in planted forests more likely reflects higher vulnerability under 534 

current structural and management conditions. 535 

The different responses of SIF- and NEE-derived TAC trends provide further 536 

insight into how drought affects forest recovery processes. Forest-type differences were 537 

more pronounced for SIF-derived TAC trends than for NEE-derived TAC trends, 538 
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suggesting that drought-related recovery slowdown was more evident in photosynthetic 539 

activity. SIF is closely linked to canopy photosynthesis and can respond rapidly to water 540 

stress through changes in stomatal regulation, light-use efficiency, and photosynthetic 541 

downregulation (Magney et al., 2019; Duveiller et al., 2020; Wen et al., 2025). By 542 

contrast, NEE represents net ecosystem carbon exchange and integrates photosynthetic 543 

carbon uptake with ecosystem respiration. Its response can therefore be influenced by 544 

temperature, soil moisture, respiration dynamics, and post-drought carbon release 545 

(Bastos et al., 2020). Thus, the weaker forest-type contrast in NEE-derived TAC trends 546 

does not contradict the SIF results. Rather, it suggests that drought-induced recovery 547 

slowdown is more readily detected at the photosynthetic level, whereas its translation 548 

into carbon-exchange dynamics may be buffered or delayed by respiratory and 549 

environmental processes. 550 

These findings have important implications for forest management and resilience-551 

oriented restoration in China. Planted forests remain important for carbon sequestration, 552 

ecological restoration, and regional environmental improvement. However, our results 553 

suggest that their long-term stability under intensifying drought cannot be ensured by 554 

forest expansion alone. In drought-prone regions, management should move beyond a 555 

primary focus on forest area and rapid carbon gain, and place greater emphasis on 556 

structural complexity, species diversity, and water-use adaptation. Mixed-species 557 

planting, appropriate thinning, density control, and drought-tolerant species selection 558 

may help reduce water competition and enhance post-drought recovery (Yu et al., 2019; 559 

Hua et al., 2022; Ma et al., 2025). At the same time, planted forests should not be 560 

regarded as inherently lacking resilience, because their drought responses can be 561 

modified by forest age, species composition, stand structure, and management practices 562 

(Li et al., 2025; Ma et al., 2025). Several limitations should also be acknowledged. Our 563 

analysis was based on gridded SIF and NEE products, which are suitable for detecting 564 

large-scale functional changes but cannot fully capture tree mortality, radial growth, 565 

belowground processes, or local management history. In addition, the spatial mismatch 566 

between drought-event data and forest functional indicators may introduce uncertainty 567 

in pixel-level attribution. Future studies should integrate satellite observations with 568 

forest inventories, tree-ring records, flux-tower measurements, and detailed 569 

management information. Such integration would help clarify the mechanisms by 570 

which drought affects forest recovery and support the development of planted forests 571 

that are both productive and resilient under future climate extremes. 572 

6.Conclusion 573 
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This study integrated event-based drought characterization with SIF- and NEE-574 

derived TAC analysis to assess drought-related changes in forest resilience across China 575 

during 2000–2022. China’s forests showed a widespread slowdown in recovery 576 

dynamics, with more than 60% of forest pixels exhibiting positive TAC trend slopes. 577 

Drought intensity and duration were more consistently associated with increasing TAC 578 

than drought frequency, indicating that forest recovery was constrained mainly by the 579 

severity and persistence of water deficit rather than by the number of drought events 580 

alone. Clear forest-type differences were also observed. Planted forests had higher 581 

proportions of positive TAC slopes and stronger responses to drought-event gradients 582 

than natural forests, especially for SIF-derived TAC trends. This suggests greater 583 

sensitivity of photosynthetic recovery to drought stress in planted forests. NEE-derived 584 

TAC trends showed a more moderate but consistent response, indicating that drought-585 

induced recovery slowdown also affected carbon-exchange dynamics. Overall, these 586 

findings highlight the importance of considering both drought-event characteristics and 587 

forest type when assessing forest resilience. Future afforestation and forest management 588 

should move beyond increasing forest area alone and place greater emphasis on 589 

structural complexity, species diversity, stand-density regulation, and water-use 590 

adaptation to sustain forest ecosystem functions under intensifying climate extremes. 591 
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