Carbon stock recovery lags far behind area expansion in China’s mangroves over five decades
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Supplementary Figure 1. Conceptual framework and analytical workflow for reconstructing historical and future mangrove carbon dynamics.
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Supplementary Figure 2. Determination of mangrove stand age through visual interpretation of historical Google Earth and Landsat time-series imagery. For example, the time-series in panel (b) reveals that continuous mangrove vegetation cover emerged in 2010. Consequently, for a field sample collected at this location in 2019, the stand age was calculated as 9 years.
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Supplementary Figure 3. Spatial distribution and statistical characteristics of the compiled mangrove carbon dataset. (a–c) Geographic locations and sampling intensity for aboveground biomass carbon (AGC), belowground biomass carbon (BGC), and soil organic carbon (SOC) observations. (d) Statistical distribution of carbon density (Mg C ha⁻¹) for AGC, BGC, and SOC. For each box plot, individual data points are shown as circles. The center line and the top and bottom of the box represent the median and the interquartile range (25th percentile and 75th percentile). The sample size (n) of each group is shown at the bottom of each box plot.
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Supplementary Figure 4. Accuracy assessment of the Landsat-derived mangrove stand age products. (a) Comparison between the estimated mangrove stand ages and observed reference data. (b) Evaluation of the binary classification distinguishing old-growth mangroves (OGM, Positive class) from non-OGM stands (Negative class). True Positives (TP) and True Negatives (TN) denote correctly classified OGM and non-OGM samples, respectively, whereas False Positives (FP) and False Negatives (FN) represent misclassifications.




	Species
	Allometric equations
	References

	Avicennia marina
	WAGB=0.308*DBH2.11
WBGB=1.28*DBH1.17
	(Comley et al., 2005)

	Kandelia obovata
	WAGB=0.187*DBH1.855+0.267*DBH1.906
WBGB=4.6*DBH1.136
	(Jin et al., 2012)

	Aegiceras corniculatum
	WAGB = 0.4326* (DBH2*H)0.465
WBGB = 0.5726* (DBH2*H)0.303
	(Tam et al., 1995)

	Bruguiera gymnorhiza
(L.) Lam.
	WAGB=0.186*DBH2.31
WBGB = 0.4697*DBH1.5543
	(Clough and Scott, 1989;
Zheng et al., 1991)

	Rhizophora stylosa
	WAGB= 0.2206*DBH2.4292
WBGB= 0.261*DBH1.86
	(Clough et al., 1997;
Comley et al., 2005)

	Sonneratia apetala
	WAGB = 0.258*DBH2.287
WBGB = 0.045*DBH2.320
	(Kusmana et al., 2018)


Supplementary Table 1. Species-specific allometric equations used to estimate aboveground and belowground biomass.
Note: WAGB and WBGB denote aboveground and belowground biomass (kg), respectively; DBH denotes diameter at breast height (cm); and H denotes tree height (m).



Supplementary Table 2. Detailed information on the 30 predictor variables.
	Group
	Name
	Description
	Resolution
	Period
	Source

	Vegetation
	Height
	Canopy height
	10 m
	2022
	Jia et al. (2025)

	
	Species
	Dominant species
	10 m
	2021
	Zhao et al. (2024)

	
	Age
	Stand age
	30 m
	2023
	This study

	
	NDVI
	Normalized Difference Vegetation Index
	30 m
	2023
	This study

	
	EVI
	Enhanced Vegetation Index
	30 m
	2023
	This study

	
	kNDVI
	Kernel Normalized Difference Vegetation Index
	30 m
	2023
	This study

	Climate
	MAT
	Mean annual temperature
	1 km
	1990–2023
	Peng et al. (2019)

	
	MAP
	Mean annual precipitation
	1 km
	1990–2023
	Peng et al. (2019)

	Topography
	DEM
	Digital elevation model
	90 m
	-
	MERIT DEM

	
	Slope
	Slope derived from DEM
	90 m
	-
	This study

	
	Aspect
	Aspect derived from DEM
	90 m
	-
	This study

	Soil
	BD
	Bulk density (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	Clay
	Clay content (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	Silt
	Silt content (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	Sand
	Sand content (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	CF
	Coarse fragments (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	pH_Soil
	Soil pH (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	TK
	Total potassium (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	TN
	Total nitrogen (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	
	TP
	Total phosphorus (0–100 cm)
	250 m
	-
	Liu et al. (2022)

	Oceanographic
	SST
	Sea surface temperature
	0.05°
	2010–2020
	Bio-ORACLE

	
	Salinity
	Sea surface salinity
	0.05°
	2010–2020
	Bio-ORACLE

	
	Nitrate
	Nitrate
	0.05°
	2010–2020
	Bio-ORACLE

	
	Phosphate
	Phosphate
	0.05°
	2010–2020
	Bio-ORACLE

	
	pH_Sea
	Sea water pH
	0.05°
	2010–2020
	Bio-ORACLE

	
	SeaDir
	Sea water direction
	0.05°
	2010–2020
	Bio-ORACLE

	
	SeaSpeed
	Sea water speed
	0.05°
	2010–2020
	Bio-ORACLE

	
	TidalRange
	Tidal amplitude
	0.125°
	-
	EOT20 global ocean tide model

	
	NDWI
	Normalized Difference Water Index
	30 m
	2023
	This study

	
	MNDWI
	Modified Normalized Difference Water Index
	30 m
	2023
	This study




Supplementary Table 3. Variance inflation factor (VIF) values for the final set of 22 predictor variables.
	Predictor variable
	VIF
	
	Predictor variable
	VIF

	Aspect
	1.35
	
	Clay
	4.09

	Age
	1.54
	
	CF
	4.30

	Silt
	2.26
	
	Phosphate
	4.47

	Species
	2.32
	
	NDWI
	4.61

	Height
	2.36
	
	MAP
	4.63

	DEM
	2.40
	
	EVI
	5.97

	SeaDir
	3.05
	
	TP
	6.40

	BD
	3.57
	
	pH_Sea
	7.03

	pH_Soil
	3.63
	
	NDVI
	7.24

	MNDWI
	3.98
	
	MAT
	7.53

	SeaSpeed
	4.04
	
	TidalRange
	7.76






Supplementary Table 4. Prediction performance of different models for aboveground biomass carbon (AGC), belowground biomass carbon (BGC), and soil organic carbon (SOC) density.
	
	AGC (Mg C ha-1)
	BGC (Mg C ha-1)
	SOC (Mg C ha-1)

	
	R2
	RMSE
	MAE
	R2
	RMSE
	MAE
	R2
	RMSE
	MAE

	RF
	0.67
	26.72
	19.38
	0.49
	9.39
	6.40
	0.59
	59.72
	41.71

	SVM
	0.63
	26.78
	18.18
	0.52
	9.05
	6.83
	0.58
	59.56
	36.16

	XGBoost
	0.79
	21.98
	15.78
	0.60
	8.43
	6.53
	0.65
	49.58
	36.50






Supplementary Table 5. Fitting performance of four growth models for
mangrove aboveground biomass carbon (AGC), belowground biomass carbon (BGC), and soil organic carbon (SOC).
	Model
	AGC
	BGC
	SOC

	
	R2
	AIC
	R2
	AIC
	R2
	AIC

	Chapman-Richards 
	0.86
	155.21
	0.85
	127.91
	0.87
	160.20

	Logistic
	0.92
	134.88
	0.91
	105.46
	0.96
	114.22

	Gompertz growth
	0.90
	141.94
	0.89
	115.21
	0.96
	114.47

	Von Bertalanffy
	0.88
	149.68
	0.86
	125.75
	0.96
	114.85





Supplementary Table 6. Fitted parameters of age-carbon accumulation models for aboveground biomass carbon (AGC), belowground biomass carbon (BGC), and soil organic carbon (SOC).
	Carbon pool
	Quantile
	Asym
	b
	c
	R2

	AGC
	P2.5
	51.58
	209.6961
	0.3883
	0.973

	
	P50
	61.11
	21.6683
	0.2468
	0.939

	
	P97.5
	70.73
	6.9516
	0.1817
	0.830

	BGC
	P2.5
	22.00
	289.1333
	0.3438
	0.976

	
	P50
	27.12
	61.2399
	0.2521
	0.961

	
	P97.5
	33.38
	17.8820
	0.1954
	0.854

	SOC
	P2.5
	194.47
	4.1574
	0.0938
	0.973

	
	P50
	237.75
	2.9437
	0.0693
	0.954

	
	P97.5
	493.64
	4.9023
	0.0394
	0.876






Supplementary Table 7. Overview of the three future mangrove restoration scenarios.
	Scenario
	Annual expansion rate 
	Cumulative restored area by 2060
	Data source

	Ecological Potential Scenario
	5,312 ha yr-1
	196,566 ha
	Hu et al. (2020b)

	National Target Scenario
	1,810 ha yr-1
	66,970 ha
	MNR & NFGA (2020)

	Historical Trend Scenario
	723 ha yr-1
	26,765 ha
	Jia et al. (2021)






Supplementary Table 8. Comparison of published estimates and estimates from this study of mangrove area, carbon stock, and mean carbon density across carbon pools in China.
	Carbon pool
	Reference year
	Published area (ha)
	Published carbon stock (Tg C)
	Published mean carbon density (Mg C ha-1)
	Method
	Reference
	This study carbon stock (Tg C)
	This study area (ha)
	This study mean carbon density (Mg C ha-1)

	TCS
	2002
	22,025
	6.91
	313.73
	Field/literature-based carbon density × area
	Liu et al. (2014)
	2.94
	19,599
	149.97

	
	2021
	27,885
	2.11*
	75.67
	InVEST carbon storage assessment
	Li et al. (2024)
	5.52
	27,813
	198.64

	
	2019
	25,585
	5.17
	202.07
	MaxEnt Model + carbon density accounting
	Feng et al. (2024)
	5.07
	26,347
	192.45

	
	2012
	5,600
	0.3
	53.57
	Carbon-density-based emission accounting
	Hamilton and Friess (2018)
	3.65
	20,968
	173.99

	
	2015
	22,670
	4.43
	195.41
	Machine-learning mapping
	Sun et al. (2025)
	4.18
	22,561
	185.15

	SOC
	2002
	22,025
	5.65
	256.53
	Field/literature-based carbon density × area
	Liu et al. (2014)
	2.18
	19,599
	111.31

	
	2017
	35,537
	6.3
	177.28
	Field/literature-based carbon density × area
	Fu et al. (2021)
	3.32
	24,454
	135.59

	
	2020
	19,510
	3.6
	184.52
	Machine-learning mapping
	Fan and Li (2024)
	3.77
	27,294
	138.23

	
	2000
	35,896
	8.97
	249.89
	Machine-learning mapping
	Sanderman et al. (2018)
	2.12
	19,522
	108.77

	
	2020
	25,872
	4.36
	168.52
	Literature-synthesized carbon density × area
	Wang et al. (2025a)
	3.77
	27,294
	138.23

	
	2015
	22,670
	2.73
	120.42
	Machine-learning mapping
	Sun et al. (2025)
	3.01
	22,561
	133.46

	AGC
	2000
	15,098
	0.55
	36.43
	Remote sensing/LiDAR biomass retrieval
	Simard et al. (2019)
	0.48
	19,522
	24.62

	
	2004
	53,200
	2.72
	51.13
	Remote sensing/LiDAR biomass retrieval
	Hu et al. (2020a)
	0.52
	19,676
	26.64

	
	2015
	22,670
	1.2
	52.93
	Machine-learning mapping
	Sun et al. (2025)
	0.78
	22,561
	34.72

	BGC
	2015
	22,670
	0.55
	24.26
	Machine-learning mapping
	Sun et al. (2025)
	0.30
	22,561
	13.30
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