https://doi.org/10.5194/egusphere-2026-5150
Preprint. Discussion started: 30 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

1 Evaluation and Fusion of Multi-Source Gross Primary Productivity

2 Products over China under Widespread Greening

3 Bingxiao Liu ?, Wen Wang **, Wei Wu ?, Yujie Liu *®

4 2 State Key Laboratory of Water Disaster Prevention, Hohai University, Nanjing 210098, China

5 b Hydrology and Water Resources Monitoring Center in the Upper Ganjiang River, Ganzhou 341000, China
6 * Corresponding author, Email address: wangwen@hhu.edu.cn

7  Abstract: Vegetation greening has been widely observed across China, yet whether this structural
8  change has translated into stable terrestrial carbon uptake remains uncertain because gross primary
9  productivity (GPP) estimates differ substantially among products. Here we systematically evaluated
10 12 widely used multi-source GPP products at a common 0.05° monthly resolution over 2001-2020,
11 using paired observations from 33 ChinaFLUX eddy-covariance towers spanning the major
12 vegetation types in China. We also characterized the greening signal with six vegetation indicators
13 derived from satellite leaf area index (LAI), dynamic global vegetation model (DGVM) LAI, and
14 near-infrared reflectance of vegetation (NIRv). Inter-product discrepancies were largest in high-
15  productivity regions and wetlands, where about half of the products systematically underestimated
16 monthly GPP exceeding 300 g C m2. Differences in greenness inputs and model structures further
17  amplified the divergence among product categories. Among individual products, VPM, PML-V2,
18  and GOSIF showed the strongest overall agreement with flux-tower observations. Using inter-
19  product consistency as a selection constraint, we tested three fusion approaches on multiple subsets
20  of source products. The arithmetic mean of five products (GLASS, VPM, TL-LUE, PML-V2, and
21 GOSIF) achieved the best overall agreement with tower observations (r = 0.87; RMSE=53.9¢g C

22 m?month) and produced a national multi-year mean GPP of 7.72 + 2.03 Pg C yr'. Joint analysis
1
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23 of the GPP and LAI ensembles indicates that approximately 27.21% of greening areas showed an

24 effective carbon-uptake response across China, but the relationship is spatially heterogeneous. These
25 findings demonstrate that China’s greening is functionally meaningful at the national scale, but its
26  carbon-sink effectiveness depends strongly on regional environmental constraints and structure-

27  function coupling.

28  Keywords: Gross primary productivity; Carbon sink; Vegetation greening; Light use efficiency model;

29  Dynamic global vegetation model; Eddy covariance flux tower
30 1. Introduction

31 Widespread global greening has been detected since the 1980s through satellite observations,
32 with ecosystem model attribution suggesting that rising atmospheric CO: is its dominant driver (Zhu
33 etal, 2016). China's greening has been particularly pronounced since the beginning of the 21st

34 century, contributing 25% of the global net increase in leaf area despite containing only 6.6% of the
35  world’s vegetated area, mainly through forest expansion and cropland intensification (Chen et al.,
36 2019a). Consequently, the underlying carbon-sink processes are likely to be more complex than

37  those driven primarily by climatic variability. The contribution of afforestation to carbon

38  sequestration therefore warrants rigorous evaluation (Cheng et al., 2024).

39 Terrestrial gross primary productivity (GPP), defined as the carbon assimilated by vegetation
40  through photosynthesis per unit area and time, is the most direct functional indicator linking

41  vegetation structure to the carbon cycle. However, direct observation of GPP at regional to

42 continental scales remains a major challenge (Hu et al., 2022). Driven by the growing availability of

43  remote-sensing observations and flux-tower networks, statistical methods, light use efficiency (LUE)

2



https://doi.org/10.5194/egusphere-2026-5150
Preprint. Discussion started: 30 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

44  framework, land surface models (LSMs), and machine-learning (ML) techniques now underpins

45 global GPP estimation (Liao et al., 2023). Differences in parameterization, structural assumptions,
46 and radiative-transfer treatments still produce pronounced inter-model divergence, particularly over
47  heterogeneous and human-managed landscapes. Although energy-balance closure issues remain, the
48  eddy-covariance (EC) approach is still the most widely accepted reference for quantifying carbon
49  fluxes and for evaluating gridded GPP estimates (Xiao et al., 2025; Yu et al., 2006; Zhan et al.,

50 2024).

51 Despite growing attention to greening-carbon relationships, several gaps remain unresolved.

52  Attributing carbon-sink effects of greening is complicated by the dependence of many GPP products
53  on greenness-related inputs (Verma et al., 2014; Zhao et al., 2005), which limits the availability of
54  greenness-independent GPP datasets for attribution analysis (Hu et al., 2022). A robust, multi-source
55  GPP ensemble that integrates products with diverse model structures and input data is therefore

56  needed to provide a more independent basis for greening—productivity attribution (Zhang and Ye,

57  2022). While several global GPP intercomparison studies exist, systematic evaluation of recent

58  products against a regionally dense flux-tower network in China, including products derived from
59  solar-induced chlorophyll fluorescence (SIF) and vegetation optical depth (VOD), has been limited.
60 Even where greening signals are robust, their conversion into stable carbon uptake is shaped by

61  water, temperature, and radiation constraints (Chen et al., 2021; Kannenberg et al., 2022). The

62  underlying mechanism is a decoupling between vegetation structure and function, yet the drivers of
63  this decoupling remain poorly constrained (Zhang et al., 2021). Determining whether, where and

64  why greening signals are converted into effective carbon uptake therefore remains a key challenge



https://doi.org/10.5194/egusphere-2026-5150
Preprint. Discussion started: 30 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

across China.

Building on these gaps, this study addresses four research questions:

(a) How well do widely used multi-source GPP products represent the spatial pattern, long-term

trend, and inter-annual variability of GPP in China, and where do they diverge most?

(b) How do GPP estimates differ within and between product categories, and are these

discrepancies driven mainly by differences in input data or in model structure?

(c) Can arobust GPP ensemble be constructed by combining products of complementary types,
and which fusion method performs best when evaluated against independent flux-tower

observations?

(d) Where, and under what environmental controls, has China's greening been accompanied by
a proportional increase in productivity, and where has the structural-functional coupling

broken down?

To address these questions, we used six vegetation indicators to characterize the greening signal
across China and systematically evaluated 12 multi-source GPP products against monthly
observations from 33 ChinaFLUX towers at a common 0.05° resolution over 2001-2020. We then
quantified product accuracy with Taylor-based metrics, estimated relative product uncertainty using
the three-cornered-hat (TCH) method, and compared three fusion strategies. By jointly analyzing the
best-performing GPP ensemble with the LAI ensemble and applying SHAP-based attribution, we

assessed where, and why, vegetation greening has produced stable carbon uptake across China.

2. Materials
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g5 2.1 Data
86 2.1.1 EC flux observations

87 Flux observation towers (Fig. 1) are widely distributed across diverse biomes and climatic zones,
88  providing a foundation for large-scale carbon flux estimation and model validation. The datasets of

89 33 carbon and water flux tower released by ChinaFLUX (http://www.chinaflux.org/) were used to

90  evaluate the GPP data products. The tower-based GPP was derived from the measured net ecosystem

91  exchange (NEE) and ecosystem respiration (Re) using the nighttime flux partitioning algorithm

92  (Reichstein et al., 2005), and GPP was calculated as GPF,,,, =—NEE, . + R, ... -
93 The stations are distributed in 5 land cover types, including cropland (6 stations), forest (14

94  stations), grassland (7 stations), shrubland (3 stations), and wetland (3 stations). Detailed information
95  of the 33 flux observation stations, including geographic location, temporal resolution, and reference

96  is provided in Table S1 (see supplementary material).
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98  Fig. 1. Locations of EC flux observation towers across China, grouped by ecosystem type (wetland, shrubland,
99  grassland, forest, and cropland). The background hill shading denotes topography. Basemap data from Natural
100  Earth, 1:10m Cross-blended Hypsometric Tints.

101 2.1.2 GPP products

102 Twelve GPP products were evaluated in this study (Table 1). These products were grouped into
103  three categories according to their underlying modeling frameworks: LUE Models, LSMs, and

104  Observation-constrained Products. There are four products based on the LUE framework, namely
105 MODIS MOD17A2H (Running et al., 2021), GLASS (Zheng et al., 2020), VPM (Zhang et al.,

106  2017), and TL-LUE (Bi et al., 2022). Among the 21 TRENDY v12 (Sitch et al., 2024) dynamic

107  global vegetation model (DGVM) products, CLASSIC, O-CN, and YIBs showed the highest

108  consistency with regional flux-tower observations in China and were therefore selected as
6
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109  representative DGVM products for evaluation (Fig. S1). BEPS (Ju and Zhou, 2021) was included as
110  awidely used process-based ecosystem model, while FLUXCOM (Jung et al., 2020) represents a
111 FLUXNET upscaling product generated using ML methods and meteorological remote-sensing

112 predictors. PML-V2 (Zhang et al., 2016) was selected as a water-carbon coupled biophysical

113 product. GOSIF GPP (Li and Xiao, 2019) and VODCA2GPP (Wild et al., 2022) were included to
114  represent GPP estimates derived from SIF and VOD, respectively. Together, these products cover
115  different modeling frameworks, input data sources, and assumptions for estimating terrestrial GPP.

116  More detailed information on these products is provided in the supplementary materials.

117 Table 1. Information on GPP products
Categories Product Resolution Source
Light Use MODIS 500 m/ 8-day https:/Ipdaac.usgs.gov/products/mod17a2hv061/
Efficiency GLASS 500 m/ 8-day https://www.glass.hku.hk/archive/GPP
Modsls VPM 500 m/ 8-day https://www.tpdc.ac.cn/en/data/582663f5-3be7-4{26-bc45-bS6a3c4fc3b7/
TL-LUE 0.05° / month  https://datadryad.org/dataset/doi:10.5061/dryad.dfn2z352k
BEPS 8km/day  https://www.nesdc.org.cn/sdo/detail?id=612{42¢e7¢28172cbed3d809
Land Surface CLASSIC 0.5°/month  https://mdosullivan.github.io/GCB/
Models O-CN 0.5°/month  https://mdosullivan.github.io/GCB/
YIBs 0.5°/month  https://mdosullivan.github.io/GCB/

PML-V2 500 m/ 8-day https://zenodo.org/records/10647618
Observation- FLUXCOM  0.5°/month  https://www.bgc-jena.mpg.de/geodb/projects/Data.php
constrained GOSIF 0.05° / month  https://data.globalecology.unh.edu/data/GOSIF-GPP_v2/Monthly/Mean/
Products VODCA2G
PP

0.25°/8-day  https://researchdata.tuwien.ac.at/records/1k7aj-bdz35

118
119  2.1.3 Vegetation greenness and structural indicators
120 In this study, LAI and near-infrared reflectance of vegetation (NIRv) were used to characterize

121 vegetation structural change and canopy photosynthetic activity. Satellite-based LAI was derived

122 from two long-term products, GIMMS LAI4g and GLASS LAI. GIMMS LAI4g provides global
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123 half-monthly LAT at 1/12° resolution from 1982 to 2020 and was specifically developed to reduce
124  uncertainties caused by NOAA satellite orbital drift, AVHRR sensor degradation, and limited

125  historical LAI reference data (Cao et al., 2023). GLASS LAI provides global 8-day LAI, with 0.05°
126 AVHRR-based data before 2000 and MODIS-based data thereafter, forming a consistent long-term
127 LAl record (Liang et al., 2021; Xiao et al., 2016). Although these products are widely used, satellite
128  LAI still contains uncertainties related to atmospheric contamination, retrieval algorithms, sensor
129  degradation, and transitions between AVHRR and MODIS sensors (Fang et al., 2019). To reduce
130  product-specific biases and improve robustness, their arithmetic mean was then calculated as the

131  satellite-based LAI ensemble.

132 DGVM-based LAI was obtained from CLASSIC, O-CN, and YIBs simulations from TRENDY
133 v12. These models provide process-based representations of vegetation dynamics and carbon
134  cycling, but are affected by model structure, parameterization, and forcing data uncertainties

135  (Friedlingstein et al., 2023).

136 NIRv was used as an additional satellite indicator of vegetation photosynthetic activity. NIRv is
137  calculated from near-infrared reflectance and vegetation greenness and has been shown to correlate
138  well with solar-induced chlorophyll fluorescence and GPP (Badgley et al., 2017). In this study, NIRv

139  was derived from MODIS reflectance products (MCD43A4 Version6.1) at 0.05° resolution.
140  2.1.4 Meteorological factors

141 The meteorological predictors used in this study were derived from the China Meteorological

142  Forcing Dataset (CMFD), a high-resolution gridded dataset developed for land-surface, hydrological,
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143  and ecological studies over China (He et al., 2020). CMFD integrates remote-sensing products,

144  reanalysis data, and in situ meteorological observations, and provides 3-hourly forcing variables at
145  0.1° spatial resolution from 1979 onward. The CMFD variables used here include precipitation

146 (PREC), shortwave radiation (SRAD), air temperature (TEMP), and variables required to derive

147  vapor pressure deficit (VPD). Soil water content (SWVL) was derived from ERAS5-Land, which

148  provides hourly land surface variables at approximately 0.1° resolution (Mufoz-Sabater et al., 2021).
149  We used volumetric soil water from the 0—7, 7-28, and 28—100 cm layers to represent root-zone soil
150  moisture within 0—100 cm. Atmospheric CO: concentration was obtained from NOAA

151  CarbonTracker CT2022, a CO: measurement and modeling system that assimilates atmospheric CO-
152  observations with atmospheric transport simulations and provides global CO: estimates (Jacobson et

153 al., 2023).

154 For this study, we derived annual mean climate conditions, interannual variability, and long-
155  term trends from during the study period. For each variable, annual means were calculated to

156  describe background environmental conditions, coefficients of variation were computed to quantify
157  temporal variability, and linear slopes were estimated to characterize long-term changes. These

158  predictors allow the ML model to evaluate both the relative importance and direction of climatic

159  controls on LAI-GPP coupling changes across China.
160 2.2 Methods
161  2.2.1 Scaling GPP products to common spatial resolution

162 The footprint of eddy-covariance flux towers usually ranges from several hundred meters to
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163  several kilometers, depending on tower height, canopy structure, and atmospheric conditions.

164  Therefore, selecting an appropriate product resolution for tower-based evaluation can improve the
165  spatial consistency between gridded GPP products and flux-tower observations. Previous studies

166  have also shown that matching satellite observations with flux-tower footprints can improve the

167  agreement between remotely sensed photosynthesis estimates and tower-based measurements (Wang

168  etal., 2023).

169 For relatively fine-resolution products, such as PML-V2, GLASS, and MODIS, the original data
170  were aggregated to the target resolution using area-weighted conservative remapping. However, for
171 coarse-resolution products, such as TRENDY products with a spatial resolution of approximately

172 0.5° x 0.5°, directly resampling them to a few-kilometer scale may introduce substantial spatial

173 scaling errors, particularly in heterogeneous landscapes. Previous studies have shown that vegetation
174  heterogeneity and sub-pixel variability can strongly affect the spatial scaling of GPP estimates (Xie

175  etal, 2018).

176 Because the purpose of this downscaling procedure was to place all GPP products on a common
177  spatial scale for evaluation, rather than to generate a new independent fine-resolution GPP product,
178  complex methods such as ML downscaling framework were not adopted. Such methods would

179  require reliable fine-resolution reference GPP data for training, which are generally unavailable at
180 large scales. In addition, the use of complex model structures and multiple climatic or topographic
181  predictors may introduce additional uncertainty propagation, which could compromise the fairness of
182  the inter-product comparison (Guan et al., 2025). Therefore, we used a vegetation-index-based

183  weighted downscaling approach to assign larger weights to sub-grid areas with stronger vegetation

10
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184  photosynthetic activity. To examine the sensitivity of the evaluation results to the spatial treatment
185  and auxiliary variable, we conducted several sensitivity analyses. We compared results obtained at
186  the original product resolution, after downscaling to 0.05°, after downscaling to 0.01°, and after

187  aggregating all products to 0.5°. We also tested both LAI and NIRv as auxiliary variables for

188  weighted downscaling. The results showed that using NIRv to downscale the products to 0.05°

189  produced the highest correlation and the lowest RMSE against the flux-tower observations. This

190  choice is supported by the physical interpretation of NIRv as a proxy for canopy photosynthesis.

191  Badgley et al. (2017) showed that NIRv is strongly correlated with SIF as well as both site-level and
192  gridded GPP estimates, suggesting that NIRv can serve as an effective reflectance-based proxy for
193  terrestrial photosynthesis. Cao et al. (2025) further indicated that NIRv generally exhibits stronger

194  correlations with tower-based GPP than other vegetation indices across multiple ecosystems.

195 Although uncertainty in auxiliary NIRv may affect local tower-grid mismatches in highly

196  heterogeneous regions, the weighted downscaling is conservative and preserves the original regional
197  GPP totals and large-scale mean values while maintaining the independence of the evaluated GPP
198  products. And for each coarse grid cell, the downscaled GPP at fine grid cell i is computed as

199  follows:

P_ .
_ﬁne,t (1)

coarse

200 G =G

down,i coarse

201  where G

down,i

is the downscaled GPP value at fine grid cell i, G

coarse

is the original coarse-

202  resolution GPP value for the corresponding coarse grid cell, P, . is the fine-resolution NIRv value

fine,i

203  atfine grid cell i,and P

coarse

is the mean NIRv value over all fine grid cells within the

11
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204  corresponding coarse grid cell.
205  2.2.2 Taylor diagram

206 The Taylor diagram is a graphical tool that summarizes how well model outputs match

207  reference observations by jointly displaying their standard deviation (SD), Pearson’s correlation

208  coefficient (r), and root-mean-square error (RMSE) difference in a single polar plot. It is widely used
209  for comparison between flux-tower observations and product estimates (Zuo et al., 2025). The

210  evaluation metrics are calculated as follows:

211 SD,

212 SD,

213 r=

[Sa-17 360

214 RMSE = /%Z(Gi—]})z (5)

215  where T, denotes the flux-tower station GPP at sample i and G, denotes the gridded GPP at the

i

216  same sample. 7 and G are the arithmetic means of 7, and G,overall N paired samples;

i

217 SD, and SD, are the standard deviations of 7, and G,; All calculations use the same set of

1

218  paired samples i=1,...,N to ensure consistency across metrics.

219 2.2.3 Trend analysis

12
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220 The Mann-Kendall (MK) nonparametric test was used to detect monotonic trends in the annual

221  GPP time series. The test statistic S is defined as:

n=1 n

222 S= z z sgn(x; —x,) (6)

i=1 j=i+l

223 Where x, are the annual GPP values. Under the null hypothesis of no trend, and the variance of S

224 1is calculated as follows:
225 Var(S) = %[n(n—l)(2n+5)—2tp(tp ~1)(21, +5)] )
P

226 where n is the number of years and 7, is the number of tied values in the p -th. The statistics are

227  then normalized to a standard normal Z -value as follows:

i S > 0
JVar(S)
228 Z =1[6pt]0 §=0 (8)
S+1

6pt]———
[6p¢]  Var(S)

229  where the observed trend is considered statistically significant if | Z |>1.96 (corresponding to a 95%

230  confidence level). Kendall’s 1-value is then computed as follows:

231 T=

232  where 7 is Kendall’s rank correlation (ranging from -1 to +1), S is the Mann-Kendall statistic

233  defined above, and 7 is the number of years.

234 Sen’s slope (also known as the Theil-Sen estimator) was used to estimate the median rate of

13



https://doi.org/10.5194/egusphere-2026-5150
Preprint. Discussion started: 30 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

235  change in GPP. It is computed as the median of all pairwise slopes between data points:

236 ﬁ:median{ L _’:1Si<j£n} (10)
J—i

237 where x; and x; are the ordered annual GPP series. This median slope S represents the typical

238  annual change in GPP.
239 2.2.4 TCH method

240 The three-cornered hat (TCH) method (McColl et al., 2014; Stoffelen, 1998) is used to estimate
241  the random error variance of multiple datasets when an unknown true reference is unavailable. The
242  basic assumption is that each product consists of the same true signal and an independent random
243 error term. The variance of the difference between any two products can be expressed as the sum of
244 their individual error variances. This allows the relative uncertainty of each product to be estimated
245  from all pairwise differences among products (Sjoberg et al., 2021). It should be noted that several
246  products in this study share common input data, which may introduce error correlations and thus
247  cause TCH to underestimate the true uncertainty of the ensemble estimate. For each i th product at

248  time ¢, the observation can be written as:
249 X,0)=T()+¢), (11)

250  where T7(¢) isthe unknown true signal and &,(¢#) is the random error of product i . If the errors of

251 products i and ; are independent, the variance of their difference is:
252 Var[ X,()- X, ()] =07 +07, 12)

253  where o] and sz. are the error variances of products i and ;. Using the 12 products, the

14
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254  variances of all unique product pairs were combined to form a linear system:
255 Av=b, (13)

256  where v=[o0},0,,...,0,,]", b is the vector of sample variances of all pairwise product

257  differences, and A is a coefficient matrix composed of 0 and 1. For each product pair (i, j), the
258  corresponding row of A has values of 1 in the ith and jth columns and 0 elsewhere. Thus, each
259  equation in the system represents the relationship s,f = O',.2 + 0'12. . The error variance vector was then

260  estimated using the Moore-Penrose pseudoinverse:

261 v=A"Db. (14)

262 For each grid cell, only years with valid values for all products were retained. The sample

263  variance of the difference between products i and ;j was calculated as:

n

264 5j = %Z(d;,-(t)—c@- ) (15)

L=l

265  where S; is the sample variance of the difference series between products i and j, n isthe

266  number of valid years, d,(¢) is the difference between the two products at time ¢, and d is the

267  meanof d,(7) over the valid years. The difference series is defined as:
268 d,0)=X,0)-X,), (16)
269  2.2.5 Bayesian Model Averaging (BMA)

270 Bayesian Model Averaging (BMA) is a probabilistic ensemble method used to combine multiple
271  candidate predictors into one calibrated estimate (Hoeting et al., 1999; Raftery et al., 2005). BMA

272  assigns a posterior weight to each candidate model according to its support from the calibration data,
15
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273  then produces a weighted prediction that accounts for model uncertainty. For a target variable y,

274  candidate models M, and input vector x, the BMA predictive distribution is

275 p | x,D)=> p(y | x,M,,D)p(M,| D), an

k=1
276 where D is the calibration dataset, p(yl x, M .»D) is the predictive distribution from model

277 M., p(M,| D) is the posterior model probability. In deterministic fusion, the posterior mean is

278  used as the fused estimate:

K K
279 Vova =By + Zwkxk’ w, 20, ZWk =1, (18)
k=1 k=1
280 where x, is the prediction from product k, w, is its normalized weight, and J, is the

281 fitted intercept. Missing predictors are replaced during calibration, and available predictors are
282  reweighted during prediction. BMA is widely used for model combination and ensemble calibration

283  because it converts relative model skill into explicit probabilistic weights (Tian et al., 2023).

284  2.2.6 Random Forest (RF)

285 Random Forest (RF) is an ensemble learning algorithm that integrates multiple decision trees to
286  improve predictive accuracy, robustness, and generalization (Breiman, 2001). For regression tasks,
287  each tree is constructed from a bootstrap sample of the training data, and a random subset of

288  predictors is selected at each node to determine the optimal split. The final output is obtained by

289  averaging predictions from all trees, which reduces variance and limits the instability commonly

290  associated with single decision trees. Owing to its nonparametric structure, RF is well suited for

291  modeling nonlinear relationships, high-dimensional predictors, threshold responses, and complex

16
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292  interactions among variables (Van Jaarsveld et al., 2024). In this study, RF regression was used for

293  both data fusion and factor interpretation.

294 The predictive performance of RF is mainly controlled by several hyperparameters, including
295  the number of trees, maximum tree depth, number of predictors considered at each split, minimum
296  samples required to split a node, and minimum samples retained in terminal leaves. A larger number
297  of trees generally improves model stability, whereas constraints on tree depth and leaf size help

298  prevent overfitting. The number of randomly selected predictors regulates the trade-off between tree
299  diversity and individual tree strength. In addition to prediction, RF provides measures of variable
300  importance based on impurity reduction or permutation-based performance loss. To improve

301 interpretability, SHapley Additive exPlanations (SHAP) can be applied to quantify the contribution
302  of each predictor to model outputs. SHAP values decompose individual predictions into additive
303 feature contributions, indicating both the magnitude and direction of each variable’s influence. Mean
304  absolute SHAP values further provide a global ranking of predictor importance, enabling more

305 transparent interpretation of RF model behavior (Cappelli et al., 2024; He et al., 2023).
306 3. Results

307 3.1 Widespread greening across China and its potential implications

308 for GPP evaluation

309 China has been identified as one of the fastest and most extensive greening regions worldwide.
310  Satellite evidence shows that China accounts for about one quarter of the global net increase in leaf

311  area despite having only 6.6% of the global vegetated area, with forest expansion and cropland

17
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312  intensification as the two dominant contributors (Chen et al., 2019a). This greening signal is

313  consistently reflected in the interannual variations of DGVM-derived LAI, satellite-based LAI, and
314  NIRv during 2001 to 2020 (Fig. 2). The spatial correlation between the two LAI products derived
315  from different principles reaches 0.877, while their correlations with NIRv are 0.931 for satellite-
316  based LAI and 0.887 for DGVM-based LAI respectively. These high correlations indicate that the
317  long-term mean spatial patterns of vegetation greenness are broadly consistent among the three

318  datasets.

319 However, the interpretation of greening in China is not straightforward. Previous studies have
320  shown that China’s greening is strongly shaped by human land-use management, including

321  afforestation, ecological restoration, and agricultural intensification, rather than by climate or CO-
322  fertilization alone (Piao et al., 2015). Unlike greening driven primarily by climatic change, human-
323  managed greening may introduce additional uncertainty into the evaluation of carbon-sink

324  effectiveness, because vegetation expansion does not necessarily translate into a stable or persistent
325  carbon sink. Therefore, accurately identifying the greening signal is critical, as both the uncertainty

326  and temporal stability of LAI can directly affect conclusions about terrestrial carbon uptake.

327 China’s complex topography, climate gradients, and land-use history lead to strong spatial

328  heterogeneity in LAI trends. In our results, NIRv shows a clear increasing trend across most land

329  areas, especially in southern China, northeastern China, and parts of the Loess Plateau, whereas weak
330 negative trends occur locally in arid northwestern China and some fragmented regions of northern
331  and eastern China. The DGVM ensemble broadly captures the direction of greening, but its spatial

332  pattern is less consistent with satellite-based evidence. Specifically, the DGVM ensemble tends to

18
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333  produce smoother and stronger greening signals in parts of northern and northeastern China, while
334  underrepresenting the observed spatial heterogeneity in southern and southwestern China. Across
335  China, 92.85% of valid satellite-based LAI pixels, 92.03% of DGVM-based LAI pixels, and 88.13%
336  of NIRv pixels exhibit positive trends, while negative trends account for 7.15%, 7.97%, and 11.87%,

337  respectively.

338 The trend comparison further reveals a clear dataset-dependent divergence. The spatial

339  correlation of trends is only 0.196 between satellite-based LAl and DGVM-based LAI, but increases
340  to 0.773 between satellite-based LAI and NIRv. By contrast, the correlation between DGVM-based
341 LAl trends and NIRv trends is only 0.222. This indicates that, although DGVM-based LAI can

342  reproduce the climatological mean greenness pattern reasonably well, it performs less well in

343  capturing the spatial pattern of vegetation change. Satellite-based LAI is much more consistent with
344  NIRv in terms of trend magnitude, spatial distribution, and the distribution of significant greening

345  signals.

346 This discrepancy is important for GPP evaluation. DGVM-based LAI is often smoother and
347  may appear more temporally stable, whereas satellite LAI can be affected by retrieval uncertainties
348  related to cloud contamination, atmospheric correction, sensor degradation, snow cover, topographic
349  effects, and signal saturation in dense canopies (Chen et al., 2023). Nevertheless, in China, the

350  stronger consistency between satellite-based LAI and NIRv suggests that satellite-derived greenness
351  changes better capture the regional greening signal than the DGVM ensemble. The DGVM ensemble
352  appears to miss or misrepresent greening in several heterogeneous regions, probably because land

353  management, crop rotation, ecological restoration, irrigation, and vegetation structural changes are
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354  still simplified in many model frameworks. This regional mismatch can be overlooked in global-
355  scale assessments, but it is particularly important in China, where greening is spatially complex and

356  strongly influenced by human activities (Yang et al., 2022).

357 Since LAI is a key structural variable controlling canopy light absorption, photosynthesis, water
358  fluxes, and terrestrial carbon uptake (Badgley et al., 2017), its uncertainty can propagate directly into
359  GPP products. Previous work has shown that vegetation structural change, as represented by LAI,
360  contributes significantly to the terrestrial carbon sink, and that LAI errors can strongly influence

361  modeled GPP (Chen et al., 2019b). In this context, the inconsistency between DGVM-based LAI and
362  satellite/NIRv greening trends indicates a potential source of uncertainty in GPP evaluation over

363  China. Therefore, integrating satellite-based LAI, NIRv, and process-based simulations provides a
364  more robust framework for diagnosing China’s greening and for constraining GPP uncertainty in

365  regions with strong human management and complex environmental conditions.

(a) Satellite-based LAl (b) DGVM-based LAI (©) NIRy
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367  Fig. 2. Spatial patterns and temporal variations of vegetation greening across China during 2001 to 2020 derived
368 from satellite-based LAI, DGVM-based LAI, and NIRv. The satellite-based LAI is calculated as the ensemble mean
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369  of GLASS and GIMMS LAI products, while the DGVM-based LAl is calculated as the ensemble mean of

370  CLASSIC, O-CN, and YIBs simulations. Panels (a) to (c) show the spatial distributions of linear trends, with
371  stippling indicating grid cells where the trend is statistically significant. Panels (d) to (f) show the corresponding
372  annual anomalies and linear regression trends averaged over China.

373 3.2 Accuracy, uncertainty, and spatiotemporal patterns across GPP

374 products

375 All 12 products capture the basic spatial pattern of GPP in China, characterized by higher values
376  in the southeast and lower values in the northwest (Fig. 3). However, they differ substantially in the
377  estimated magnitude of high-productivity regions. MODIS gives the lowest estimate, whereas

378  VODCAZ2GPP gives the highest. The mean annual accumulated GPP is approximately 833 g C m™2
379  yr! for MODIS and reaches 1901 g C m2 yr' for VODCA2GPP. These differences are mainly

380  concentrated in humid southeastern China, South China, parts of Northeast China, and the margins of
381  the Tibetan Plateau. VODCA2GPP and O-CN show clear overestimation, whereas MODIS,

382 FLUXCOM, and VPM tend to produce lower estimates. GLASS, BEPS, PML-V2, and GOSIF fall at
383  intermediate levels. The inter-product discrepancies are not randomly distributed but are

384  concentrated in regions with high GPP, indicating that uncertainty in estimating terrestrial carbon

385  uptake in China mainly originates from highly productive ecosystems.
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387  Fig. 3. Spatial distribution of multiyear mean annual GPP across China from 12 products (a—1).

388 China’s GPP generally increased from 2001 to 2020 (Fig. 4, Fig. 5), but the products differ

389  markedly in their estimates of trend magnitude and spatial extent. GOSIF, GLASS, MODIS, BEPS,
390 TL-LUE, and PML-V2 show the most widespread and statistically significant positive trends. GOSIF
391  exhibits the strongest increasing trend, while GLASS and MODIS show relatively large areas of

392  significant increase. VPM and O-CN indicate moderate growth. YIBs, CLASSIC, and VODCA2GPP
393  show weaker increases, with VODCA2GPP also exhibiting more areas of decline. FLUXCOM is the
394  most distinctive product, with an overall Z value close to zero and comparable areas of significant
395 increase and decrease, indicating the weakest long-term trend signal. This is mainly because its

396  machine-learning upscaling framework does not explicitly account for the COs- fertilization effect

397  (Yang et al., 2022), and because data-driven products have limited capacity to characterize

22



https://doi.org/10.5194/egusphere-2026-5150
Preprint. Discussion started: 30 September 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere®

398 interannual variability and long-term trends (Nelson et al., 2024). Therefore, these differences reflect

399  structural differences among methods and their representation of driving factors.
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401  Fig. 4. Spatial distribution of the Mann—Kendall Z statistic for long-term trends in annual mean GPP across China

402  derived from 12 products (a—1). Positive Z denotes a monotonic increase in GPP, negative Z a monotonic decrease,

403  and values near zero indicate no detectable monotonic trend. Larger |Z| implies stronger evidence for a trend (|Z| >

404  1.96 and > 2.58 correspond approximately to the 0.05 and 0.01 significance levels, respectively).
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406  Fig. 5. Spatial distribution of Sen’s slope for long-term trends in annual mean GPP across China during 2001-2020,
407  derived from 12 GPP products (a—1). Positive and negative values indicate increasing and decreasing GPP trends,
408  respectively, with larger absolute values representing faster rates of change. Black dots denote grid cells with

409  statistically significant trends at the 0.05 level.

410 Accuracy assessment against flux-tower observations shows that product performance is

411  strongly dependent on vegetation type, and no product is universally optimal across all ecosystems.
412 VPM shows the best agreement with flux-tower observations, whereas VODCA2GPP performs the
413 weakest. PML-V2 and GOSIF also show stable performance. Across vegetation types, VPM

414  performs particularly well in croplands and grasslands, FLUXCOM performs best in forests, GLASS
415 is the most balanced in shrublands, and GOSIF performs relatively well in wetlands. Wetlands are
416  the most difficult vegetation type for all products to simulate, with generally high RMSE values and

417  clear deviations in standard deviation. The products are generally consistent at low GPP values.

418  However, when observed GPP exceeds approximately 300 g C m2 month™?, products such as
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420  dispersion (Fig. 7).
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Fig. 6. Taylor diagram comparing 12 products with flux-tower observations across (a) cropland, (b) forest, (c)
grassland, (d) shrubland, () wetland, and (f) overall performance across all ecosystem types; displayed metrics
include r, SD (g C m 2 month ™), and RMSE (g C m 2 month™"), where points near the observation indicate higher r,
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Fig. 7. Tower-product comparisons of monthly GPP across China for 12 products (a-1). Dashed blue indicates the
fitted relationship and black denotes the 1:1 line. Points are colored by kernel-density estimation to reduce
overplotting; densities were computed from samples > 10 g C m™ month™'. Summary statistics, including RMSE, r,
mean bias error (MBE), and Taylor skill score (TS), are shown in each panel.

The product with the best site-level validation performance is not necessarily the product with
the lowest uncertainty (Fig. 8). MODIS and GLASS have the lowest TCH uncertainty, indicating the

strongest consistency with the multi-product ensemble. GOSIF, FLUXCOM, and TL-LUE form a

second tier. VODCA2GPP and O-CN show the highest TCH uncertainty, especially in eastern China,
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435  northeastern China, and some highly productive regions. TCH analysis and site validation reveal two
436 types of reliability. MODIS and GLASS are stable products with high multi-product consistency,
437  whereas VPM and PML-V2 are closer to flux-tower observations but show stronger spatial

438  variability.
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440 Fig. 8. Spatial distribution of error standard deviation estimated using the TCH method for annual mean GPP across
441  China, derived from 12 GPP products (a-1).

442 3.3 Discrepancies driven by greenness input data and model structures
443 The vegetation indices (VIs) input and model structures can significantly affect the accuracy of
444 GPP estimation. For example, filtering VI time series can systematically reduce GPP underestimation

445  caused by cloud contamination and noise, with the most pronounced improvements observed in low

446  latitude regions and during the growing season (Sun et al., 2023). TCH-based uncertainty exhibits
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447  pronounced spatial heterogeneity across China (Fig. 9), suggesting that GPP estimation remains

448  particularly challenging in regions characterized by complex vegetation dynamics (He et al., 2022).
449  Products driven by satellite-derived LAI inputs exhibit the lowest and most spatially coherent

450  uncertainty, indicating that shared satellite-based canopy structural constraints can substantially

451  reduce inter-product divergence (Xie et al., 2019). Products employing different vegetation proxy
452  variables show greater divergence. Such products may rely on normalized difference vegetation

453  index (NDVI), enhanced vegetation index (EVI), solar-induced chlorophyll fluorescence (SIF), or
454  other remote-sensing proxies. Because these proxies differ in their sensitivity to canopy structure,
455  photosynthetic function, background reflectance, and atmospheric correction, they are more prone to
456  generating divergent GPP estimates (Yang et al., 2022). The absence of vegetation-proxy inputs leads
457  to substantially higher uncertainty in humid and intensively managed regions, highlighting the

458  importance of explicit vegetation observational constraints for reducing GPP uncertainty. The

459  relatively low TCH variance among LUE-based products indicates high internal consistency.

460  However, this should not be interpreted as evidence of higher absolute accuracy, because shared

461  model assumptions and common remote-sensing inputs may introduce correlated errors. LSM-based
462  products exhibit the highest uncertainty, particularly in eastern and southern China, suggesting that
463  differences in process representation and parameterization remain major sources of GPP uncertainty
464  in land surface models (Sitch et al., 2024). Observation-constrained products still show considerable
465  uncertainty in regions with sparse flux-tower coverage or complex environmental gradients,

466  indicating that observational constraints do not fully eliminate extrapolation uncertainty.

467 As the most established framework for GPP estimation, LUE models driven by satellite LAI
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468  exhibit high internal consistency and minimal intra-group divergence, representing a relatively stable
469  class within multi-product ensembles (Fig. 10). Uncertainty within the DGVM ensemble is spatially
470  heterogeneous, suggesting that inter-model spread in TRENDY is strongly dependent on regional
471  ecoclimatic context and model structure, and that the weak regions of individual models do not fully
472  overlap. For instance, O-CN shows markedly elevated values in parts of northern and central China
473  where intensive cultivation is prevalent, likely reflecting inadequate or idiosyncratic representations
474  of agricultural management processes (Zachle et al., 2010). VODCA2GPP derives its signal from
475  microwave vegetation optical depth (VOD), which is physically distinct from conventional optical
476  remote-sensing products. VOD is more sensitive to vegetation water content, woody biomass, and
477  canopy moisture status than to greenness or leaf area, and may therefore capture ecological

478  information that is complementary to that of optical products (Wild et al., 2022).
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483 Fig. 10. Spatial coupling between GPP and vegetation proxies and its dependence on greenness input data across product

484  categories

485 3.4 Product fusion

486 We employed three product fusion approaches, namely the arithmetic mean, BMA, and RF (Fig.
487  11). Fusion experiments were conducted using both the full set of available products and subsets of
488  products exhibiting relatively strong consistency. Overall, the fusion based on five products

489  (GLASS, VPM, TL-LUE, PML-V2, and GOSIF) which represent sufficiently diverse model

490  structures and greenness related data sources, achieved the best comprehensive performance in terms
491  of accuracy, trend characterization, and spatiotemporal correlations with greenness indicators.

492  Among the three fusion approaches, the arithmetic mean method demonstrated particularly strong
493  performance, whereas the RF based fusion showed clear limitations in capturing long term trends

494  compared with the arithmetic mean and BMA approaches (Fig. 12).

495
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496 The best performing fusion product was MEAN-5, derived by applying the arithmetic mean
497  method to the five selected products (Fig. 11). At a monthly temporal resolution and a spatial

498  resolution of 0.05° x 0.05°, MEAN-5 exhibited strong agreement with independent flux tower

499  observations, with an overall correlation coefficient of 0.87 and an RMSE of 53.89 g C m™ month™".
500  The predicted mean GPP was 110.99 g C m2 month’, closely matching the flux tower observed
501 mean of 110.63 g C m2 month™'. Its predicted standard deviation was 101.87, which was also

502  comparable to the observed standard deviation of 110.07. These results indicate that MEAN-5 not
503 only accurately represents the overall magnitude of carbon uptake, but also effectively preserves its

504  spatiotemporal variability.

505 MEAN-5 also demonstrated robust performance across different vegetation types and exhibited
506  aclear increasing trend over the study period. In addition, it showed strong correlations with both
507  LAI and NIRv, with correlation coefficients exceeding 0.9. Its estimated multi-year mean carbon
508  uptake was 7.72 + 2.03 Pg C yr ', which falls within the range of product-based estimates derived in
509  this study 6.19 Pg C yr' (MODIS) to 13.99 Pg C yr' (VODCA2GPP) and is close to the 12-product
510 median 7.79 Pg C yr'! (TL_LUE). Notably, this estimate is closer to values reported in previous

511  studies than the 12-product mean of 8.32 Pg C yr' (Lin et al., 2024; Xu et al., 2025). Therefore,

512 MEAN-5 can be regarded as a stable, accurate, and trend consistent GPP fusion product, making it

513  well suited for long term trend analysis, attribution analysis, and regional carbon uptake estimation.
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515 Fig. 11. Taylor diagram comparing ensemble estimates generated using arithmetic mean, BMA, and RF with flux-tower

516 observations across (a) cropland, (b) forest, (c) grassland, (d) shrubland, (e) wetland, and (f) overall performance across

517  all ecosystem types. Each ensemble estimate was derived from either 5-product or 12-product combinations. Displayed

518 metrics include r, SD, and RMSE; points closer to the observation reference indicate higher r, SD closer to the observed

519  value, and lower RMSE.
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521 Fig. 12. Temporal trends in annual GPP anomalies derived from 5-product ensemble estimates using (a) arithmetic mean,

522 (b) BMA, and (c) RF. Shaded areas indicate the range and interquartile range (IQR) of the 12 source products, the black

523 line represents the mean anomaly of the 12 source products, and dashed lines show Theil-Sen trends for each ensemble

524  method.
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526 4.1 Whether, where and why greening turns into effective carbon

527 uptake

528 LAI shows widespread statistically significant greening covering 67.49% of China's land area,
529  with the GPP ensemble indicating a slightly smaller extent at 57.68%, while significant decreases
530  (browning) are limited to 1.50% and 1.48% for LAI and the GPP ensemble, respectively (Fig. 13a, b).
531  Approximately 27.21% of greening areas showed an enhanced carbon-uptake response, defined as
532  areas where the GPP trend exceeded the LAI greening trend. Consistent with the dominant role of
533  CO: fertilization in global greening (Zhu et al., 2016), our SHAP results indicate that long-term mean
534  climatic and atmospheric conditions, especially CO:, precipitation and soil moisture, explain LAI-

535  GPP growth differences better than climate trends or variability (Fig. 14).

536 Concurrent declines of LAI and GPP are rare and limited to scattered pockets of the highly
537  urbanized eastern seaboard, notably the Yangtze River Delta (Fig. 13d, black). These patterns are
538  consistent with the ecological compression caused by rapid construction-land expansion and

539  cropland conversion (Li et al., 2020). Beyond these limited zones of co-decline, our results reveal
540  substantial heterogeneity in the relative rates and directions of LAI and GPP change across

541  ecological regions (Fig. 13¢). The broad regions where LAI increases more rapidly than GPP (Fig.
542  13e, blue) largely reflect China's afforestation and land restoration efforts, such as the Three-North
543  Shelterbelt and the Grain for Green program (Fig. 13d), which have markedly expanded vegetation
544 cover across nearly half of the country's drylands since the 1980s (Li et al., 2021). Water limitations
545  are considered the primary constraint on improvements in photosynthetic efficiency with

546  proliferation of foliage in regions such as the Loess Plateau and the Hexi Corridor (Jiao et al., 2021;
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547  Luetal., 2018), whereas radiation constraints due to canopy saturation are regarded as the dominant
548  factor in the hilly areas of southern China (Hu et al., 2022) (Fig. 14). In contrast, areas where GPP
549  increases faster than LAI (Fig. 13e, red) are mainly concentrated in the Tibetan Plateau and the

550  Northeast Plain.

551 The conflict between LAI and GPP trends (Fig. 13f) represents a structure-function decoupling
552  (Kannenberg et al., 2022), which is an important signal of changes in the terrestrial carbon cycle.

553  Regions where LAI increases but GPP decreases occur as scattered patches in the mountains of

554  northeastern China and localized areas of northern and eastern Xinjiang. This pattern of shrub

555  encroachment and low-efficiency greening highlights the challenges of implementing shelterbelt and
556  desertification-control afforestation projects in arid regions. Regions where LAI decreases but GPP
557  increases are mainly located in high-elevation, cold-temperate forest and grassland regions, including
558  the Tibetan Plateau (especially its high-altitude zones) and the Tianshan Mountains. This pattern

559 indicates that, in some high-elevation and dryland regions, a decline in vegetation greenness does not
560 necessarily imply reduced productivity. In these climate-sensitive regions, long-term vegetation

561  dynamics provide essential evidence for evaluating ecosystem responses to climate change (Gao et
562  al., 2019). On the Tibetan Plateau, the widespread greening over the past several decades has been
563  well documented (Huang et al., 2025), attributing to warming-wetting climate change (Huang et al.,
564  2022; Maina et al., 2022). But the interactions among vegetation, elevation, and climate become

565  increasingly complex with altitude (Pu et al., 2025). The trade-off between water limitation and

566  warming effects contributes to the localized emergence of decoupling phenomena between

567  vegetation greenness and productivity (Liu et al., 2019).
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The differences between LAI and GPP ensemble suggest that beyond the drivers of greening,
vegetation exhibits long-term transition from structural changes to functional changes. China's
greening is not merely a cosmetic increase in leaf area but is functionally meaningful, leading to
greater gross primary productivity and carbon fixation which can help offset anthropogenic CO:
emissions and mitigate climate warming (Li et al., 2023). China’s land carbon sink has been driven
largely by policy-enabled expansion of planted forests, which has also enhanced carbon sequestration
and aligns with the country’s “dual-carbon” targets (peaking before 2030 and neutrality thereafter)

(Cheng et al., 2024).
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Fig. 13. Spatial patterns of long-term trend strength and cross-variable relationship across China based on satellite-
based LAI ensemble and the MEAN-5 GPP ensemble. Mann-Kendall T for LAI (a) and GPP ensemble (b) trends
(positive/negative indicates increases/decreases; magnitude reflects the strength of trend evidence). (c) Difference
in T between LAI and GPP ensemble. (d) Trend Zonation of LAI and GPP ensemble trends results in four
classifications: both decrease (black), no trend (light gray), conflict/opposite signs (red; detailed in panel f), and
both increase (blue; detailed in panel e). Overlaid outlines denote the boundaries of the Three-North Shelterbelt
Program and the Grain for Green Program. Boundaries were obtained from the National Earth System Science Data
Center (NESDC), National Science & Technology Infrastructure of China (http://www.nesdc.org.cn) (Shao et al.,
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The tower-product comparison highlights several problems common to nearly all GPP products.
The most significant problem lies in the systematic underestimation of high field-measured

productivity. Studies of West African tropical forests indicated that global GPP products show a
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596  significant systematic underestimation of biometric GPP measurements by 56.3% on average. This
597  tropical feature is considered a general model-data discrepancies and can also present in other high-
598  productivity regions (Zhang-Zheng et al., 2024). The causes are slightly different: the LUE

599  framework is mainly limited by conservative parameter estimation rather than the model structure
600 (Baoetal., 2023; Wang et al., 2017); tower-based ML products tend to underestimate GPP mainly
601  due to the scarcity of tropical flux towers, which leads to insufficient training data (Jian et al., 2022);
602  remote sensing products systematically underestimate fAPAR due to cloud contamination issues

603  (Zhang et al., 2025). TRENDY DGVMs can capture high GPP values more prominently (Yang et al.,
604  2022; Zhang-Zheng et al., 2024), while large differences among DGVMs reflect their greater

605  structural and parameter complexity. Unlike LUE models, which share a relatively fixed framework,
606  DGVMs implement more complex process formulations. In fact, our results show that half of the
607  products systematically underestimate monthly cumulative GPP values exceeding 300 g C m™2

608  month'. The underlying cause remains an overly conservative response to high GPP. Among the
609  products, GOSIF exhibits the smallest underestimation, suggesting that the SIF-based, observation-
610  constrained estimates provide a more direct link to photosynthetic activity and capture high GPP

611  values better than relying on empirical parameterizations or models trained on flux-tower data. As a
612  result, SIF-based product yields a stronger linear relationship with GPP across time and space

613  (Shekhar et al., 2022). SIF primarily reflects photosynthetic function (physiological activity) (Ruehr
614  etal., 2024), whereas VOD primarily reflects canopy structure and water status (biomass and water
615  content) (Konings et al., 2021). VODCA2GPP has higher analog values in South China, which

616  demonstrates its higher potential for addressing the underestimation of high values. However, its
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617  performance compared with flux-tower observations is not outstanding, possibly due to the indirect
618  linkage between VOD and photosynthesis (Yao et al., 2024), retrieval uncertainties (Konkathi and
619  Karthikeyan, 2022), and soil influences (Li et al., 2022). This indicates the importance of multi-
620  source fusion to combine strengths and offset weaknesses, instead of a crude truncation of high

621  values.

622 Another common issue across products is that RMSE over wetlands is two to three times as

623  high as that for the other four land-cover types. Nevertheless, the correlation coefficients remain

624  acceptable (r > 0.75), suggesting that the model structures and their temporal dynamics are credible;

625  instead, the discrepancies likely stem from an insufficient representation of wetland-specific physical
626  processes or spatial heterogeneity (Dabrowska-Zielinska et al., 2022). The models that perform

627  relatively well in wetlands are GOSIF and TRENDY, both of which are good at capturing the details

628  of GPP variations. Those that explicitly include wetland-specific parameterizations or more detailed

629  representations of the unique physiology and hydrology of different plant function types (e.g., water-
630  table dynamics and inundation extent, microtopography, and organic matter accumulation) (Graham

631  etal., 2022) tend to perform better, whereas models that neglect such processes perform worse.

632 Beyond these common issues, the cross-product comparison reveals some model-specific

633  anomalies in some models. FLUXCOM exhibits a distinct salt-and-pepper pattern, indicating strong
634  spatial heterogeneity and instability in the simulated trends. Such behavior highlights that

635 FLUXCOM 'RS+METEO' product should be applied with caution for forecasting and long-term
636  analysis (Nelson et al., 2024; O’Sullivan et al., 2020). O-CN shows markedly elevated GPP in parts

637  of northern and central China where intensive cultivation is prevalent. Such product-specific
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638  anomalies, when systematically identified, also help inform which products should and should not be
639 included in fusion ensembles. The relative performance of the three fusion methods is noteworthy:
640  the arithmetic mean of five selected products outperformed both BMA and RF, with RF failing to
641  reproduce the long-term GPP trend. It suggests that the small calibration sample (33 towers) over a
642  diverse national domain makes BMA noise-sensitive and RF prone to overfitting. While MEAN-5’s
643  structurally diverse products yield compensating errors, making equal weighting near-optimal. This
644  suggests a practical guideline that prioritizes selecting a small, structurally diverse, reliable product
645  set and favoring simple averaging until the calibration sample is large enough for complex

646  weighting.
647 4.3 Limitations and outlooks

648 Several limitations should be considered when interpreting these results. The ChinaFLUX

649  validation network is relatively dense for croplands (n = 6) and forests (n = 14) but sparse for

650  shrublands (n = 3) and wetlands (n = 3), so tower-based statistics for the latter two ecosystems are
651  correspondingly less robust. The consistently elevated wetland RMSE likely reflects both genuine
652  model deficiencies in representing wetland-specific hydrology and limited statistical leverage, rather
653  than ecosystem-specific accuracy alone. The network also underrepresents the western arid regions
654  and high-elevation ecosystems of the Tibetan Plateau, where some of the strongest LAI-GPP

655  decoupling signals were identified, so conclusions in these regions should be regarded as data-

656  constrained inferences.

657 The validation is best described as semi-independent rather than fully independent. Several

658  products entering MEAN-5 (e.g., VPM, PML-V2, GOSIF) were originally parameterized or
41
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659  empirically tuned using FLUXNET data, and the overlap between training and validation sites

660  cannot be fully removed. Reported skill metrics should therefore be interpreted as an upper bound on
661  truly independent performance. Relatedly, the TCH method assumes that random errors are

662  independent across products, but shared inputs (MODIS reflectance and LAI across multiple LUE
663  products, common TRENDY forcing fields, and MODIS predictors in FLUXCOM) introduce

664  correlated errors that may cause TCH to underestimate the true uncertainty of optically driven

665  products. The relative ordering of product uncertainty is likely robust, but absolute error magnitudes

666  should be treated as conservative estimates.

667 Selecting MEAN-5 from candidate subsets against the validation network raises a residual risk
668  of selection bias, which we mitigated by requiring diverse model structures and greenness inputs and
669 by reporting comparisons across multiple subsets; an out-of-sample assessment over a

670  geographically distinct flux network would further strengthen the result. The LAI ensemble

671  combines weakly correlated satellite-derived and DGVM-based products (spatial trend correlation
672 = 0.196), so coupling conclusions rely primarily on the satellite ensemble, with DGVM-based LAI

673  retained as a complementary perspective rather than an independent reference.

674 Finally, the analysis emphasizes long-term means, trends, and interannual variability and does
675 not explicitly resolve the imprint of extreme events such as droughts, heatwaves, fire disturbance, or
676  large-scale land-use conversion. The meteorological forcing used in the SHAP attribution (CMFD,
677 ERAS-Land, CarbonTracker CT2022) also carries its own uncertainties, particularly over the Tibetan
678  Plateau and other data-sparse regions, which propagate into the relative-importance estimates.

679  Longer flux-tower records, additional independent towers, event-resolved analysis, and explicit
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680  propagation of forcing uncertainty into the GPP ensemble would help refine the conclusions drawn

681  here.

682 5. Conclusion

683 This study provides a systematic evaluation of 12 widely used multi-source GPP products over
684  China and uses the resulting consistency information to build a robust GPP ensemble. Evaluated at a
685 common 0.05° monthly resolution against 33 ChinaFLUX towers during 2001-2020, all products
686  reproduce the large-scale southeast—northwest gradient and the seasonal dynamics of productivity,
687  but they diverge substantially in magnitude (mean annual GPP ranging from approximately 833 to
688 1901 g Cm2yr), in long-term trend strength, and in their treatment of high-productivity regions
689  and wetlands. About half of the products systematically underestimate monthly GPP exceeding 300 g
690 C m™, with the smallest underestimation in SIF-derived GOSIF. TCH-based uncertainty analysis

691  reveals that products sharing satellite-derived canopy structure as input show stronger inter-product
692  consistency, while DGVMs and products driven by alternative greenness proxies (e.g., VOD) display
693 larger spatial heterogeneity, particularly in eastern and southern China. Tower-level validation and
694  TCH analysis are complementary rather than redundant because they reveal different facets of

695  product reliability.

696 Three fusion approaches were tested on multiple product subsets. The arithmetic mean of five
697  products (GLASS, VPM, TL-LUE, PML-V2, and GOSIF), hereafter MEAN-5, achieved the best
698  overall agreement with flux-tower observations (r = 0.87; RMSE = 53.9 g C m™> month™), preserved
699  both magnitude (predicted mean of 110.99 vs. observed 110.63 g C m month™) and variability

700  across ecosystems, and yielded a national multi-year mean GPP of 7.72 + 2.03 Pg C yr?, in line with
43
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701  recent independent estimates. Notably, RF fusion underperformed simple averaging in capturing
702  long-term trends, indicating that for high-dimensional GPP fusion across heterogeneous landscapes
703  data-driven weighting does not automatically outperform parsimonious averaging when training

704  samples are limited and trend signals are subtle.

705 Joint analysis of the MEAN-5 GPP ensemble and the satellite-based LAI ensemble shows that
706 57.68% of China's land area exhibits a statistically significant increase in GPP, broadly aligned with
707  the 67.49% area showing significant LAI greening. In most regions, structural and functional change
708  moved in the same direction, supporting the view that China's greening is functionally meaningful.
709  Where the two diverged, LAI tended to increase faster than GPP across dryland restoration regions
710  (e.g., Loess Plateau, Hexi Corridor) where water availability limits photosynthetic gains, while GPP
711  increased faster than LAI on the Tibetan Plateau and in Northeast China, consistent with warming-
712 driven productivity enhancement. SHAP-based attribution identifies long-term mean COs,

713  precipitation, and soil moisture as the dominant controls on this LAI-GPP decoupling. These results
714  support continued investment in afforestation and ecological-restoration programs as effective

715  contributors to China's "dual-carbon" targets, while underscoring that carbon-sink effectiveness

716  depends on regional water and energy constraints and should guide spatially differentiated planting

717  and management strategies.
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