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Estimating Spatio-temporally Continuous GEDI Aboveground Biomass Density During 2015-2020 from Multi-Source Data Using Machine Learning and Deep Learning
Xia Wang, Yihang Zhang, Peter M. Atkinson, and Kerong Zhang
[bookmark: _Hlk211782987][bookmark: _Hlk211784869]Abstract—Accurate estimation of forest aboveground biomass density is essential for quantifying terrestrial carbon exchange. NASA’s Global Ecosystem Dynamics Investigation (GEDI) LiDAR mission has ushered in a new era of high-quality aboveground biomass density (AGBD) estimation from space. Owing to GEDI’s LiDAR data collection, one of the GEDI AGBD products are presented as 1 km spatial discontinuity grids, limiting practical application. This study proposes a method based on machine learning and deep learning to estimate spatio-temporally continuous GEDI AGBD and its associated uncertainty (standard error) during 2015-2020 using multi-source optical, SAR, LiDAR, topographic, and climatic data. MODIS vegetation continuous field (VCF) was used as an indicator to select unchanged GEDI AGBD samples in 2020 for each year from 2015 to 2020, resulting in 1,800–2,400 samples per year. The selected annual training samples were then used to estimate annual spatially continuous GEDI AGBD and uncertainty. Experiments in China’s Han River Basin demonstrated that integrating all available datasets resulted in a more accurate spatial continuous GEDI AGBD map in 2020 compared to use any single dataset. Convolutional neural network (CNN) considering spatial neighboring information (CNN_spatial) outperformed 1-D CNN and four benchmark machine learning methods of extreme learning machines (ELM), generalized regression neural network (GRNN), support vector regression (SVR) and random forest (RF) with an R2 of 0.8232 and RMSE of 27.7557. Using the unchanged GEDI AGBD training samples resulted in more accurate GEDI AGBD maps (R2>0.82) during 2015-2020 than using the training samples from 2020 alone. From 2015 to 2020, 2.16% of AGBD pixels in Han River Basin experienced a relatively significant increase, while 1.24% showed a relatively significant decrease. Compared with the ESA_CCI and China’s AGBD products, our estimates achieve better accuracy relative to the field plot data. The proposed method offers a solution to generate high-quality spatio-temporally continuous GEDI AGBD in large-scale complex forest landscapes.
[bookmark: PointTmp]Index Terms—GEDI, aboveground biomass, deep learning, machine learning, Han River Basin.
INTRODUCTION
C
ONSIDERING the global impact of rising carbon dioxide on climate change, governments and organizations, including the Reducing Emissions from Deforestation and Degradation-plus (REDD+) program, have reached an international consensus to preserve and enhance forest biomass stocks worldwide [1]. Forest aboveground biomass (AGB) is the primary carbon store in the forest ecosystem, and changes caused by anthropogenic activities and climate change affect carbon exchange in the terrestrial system [2]. Therefore, timely AGB estimates at regional and national scales are urgently required to support forest management and policy development.
Ground data provide accurate AGB estimates at local scales but are often costly to collect. When combined with ground observations, remote sensing has become an alternative data source for accurate AGB estimation in recent decades, owing to its continuous and repetitive observation capabilities [3, 4]. As listed in Table I, since Ruesch and Gibbs [5] released the first global biomass map with 1 km spatial resolution in 2008, many satellite-driven global AGB products ranging from 30 m to 1000 m have been developed by integrating remote sensing images and field inventory samples [6, 7]. These global AGB products play an important role in providing wall-to-wall estimates of the carbon cycle in the forest ecosystem, particularly for remote regions. Among various global AGB products, the 1 km spatial resolution aboveground biomass density (AGBD) map retrieved from NASA’s GEDI LiDAR mission represents a new era of AGB inference [8, 9].
[bookmark: _Hlk118128705][bookmark: _Hlk148616448][bookmark: _Hlk148641462][bookmark: _Hlk148616419][bookmark: _Hlk148616480]Estimating GEDI AGBD map is based directly on the vegetation canopy vertical structure extracted from the LiDAR footprints, which is currently considered the most accurate and efficient way to quantify AGB from space [10, 11]. In the past, LiDAR data from ICESat Geoscience laser altimeter system (GLAS) and airborne laser scanner were commonly used as the training samples to predict AGB. More recently, the ICESat-2 provides an efficient way to estimate wall-to-wall AGB maps with machine learning and deep learning methods by integrating Landsat and Sentinel-1 images [12-14]. However, ICESat and ICESat-2 were not originally designed for forest AGB measurement [15]. For the GEDI LiDAR footprint, it was designed particularly for fine-resolution observations of forest vertical structure and has been utilized for wall-to-wall AGB estimation with machine learning and deep learning methods by integrating multi-source data, such as Sentinel-2 and Sentinel-1 images [16, 17], Landsat images [18, 19], ICESat-2 and NISAR data [20], ALOS-2 PALSAR-2 [21] and TanDEM-X data [22]. Compared to optical and synthetic aperture radar (SAR) satellite sensor images, LiDAR is more sensitive to vegetation vertical structure and doesn't suffer from saturation caused by AGB accumulation during forest growth [20]. Given the global coverage and particularly design for forests 3D structure, the global product of NASA’s GEDI AGBD map (see Table I) is expected to have higher accuracy and wider application than many previous AGB products [9]. Unfortunately, the GEDI AGBD map is presented only as spatial discontinuity grids at a spatial resolution of 1 km in 2020, as well as the 25 m footprints of GEDI AGBD collected from 2019 to 2024, and spatio-temporally continuous AGBD estimation is lacking.
The GEDI L4B AGBD grid is produced by averaging all available high-quality GEDI L4A raster AGBD footprints, thereby reducing the uncertainty associated with individual GEDI AGBD footprint estimates. With the GEDI AGBD grids in 2020, the wall-to-wall estimation of spatially continuous AGBD maps by integrating optical and SAR satellite sensor images is of great interest. Among optical satellite sensor images, the Moderate Resolution Imaging Spectroradiometer (MODIS) is used widely for AGB estimation due to its fine temporal resolution [23, 24]. MODIS vegetation indices, including the widely used Normalized Difference Vegetation Index (NDVI) and leaf area index (LAI), are advantageous for estimating AGB stocks in various forest types [23, 25-27]. Additionally, the MODIS vegetation continuous field (VCF) product offers a tree canopy cover percentage layer for all forest types, serving as a potential indicator for AGB estimation [27]. However, optical satellite sensor images are not sensitive to vegetation vertical structure and saturate quickly when estimating AGB accumulation from forest growth. 
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)Compared to optical satellite sensor images, SAR images have the capability to penetrate cloud cover and mitigate the impact of AGB saturation to some extent [28]. The C and X bands of Sentinel-1 and TerraSAR are considered too short to penetrate tree canopy cover [29], while the longer L-band SAR of ALOS PALSAR is widely used for AGB estimation [30]. As listed in Table I, the global AGB maps of ESA Biomass_CCI in 2010, 2017 and 2018 were estimated mainly from ALOS PALSAR images, and Sentinel-1 images were used for gap-filling [31]. However, forest cover and urban impervious surfaces have similar backscattering features in the PALSAR and PALSAR-2 images because of the complex building orientations in cities [32-34].
[bookmark: _Hlk119011997]Associated strengths and weaknesses exist inevitably for both optical and SAR images, but they are naturally synergistic with each other for AGB estimation [3, 35]. Most satellite-driven AGB retrieval methods can only estimate spatially continuous AGB for the data collection time of training samples. Thus, these methods are unsuitable for generating time-series AGB maps, essential for accurately monitoring of net carbon changes in forest ecosystems [36, 37]. Given the limitations of estimating and specializing GEDI AGBD over time using data from the satellite sensors mentioned above, this study’s main goals are to: 
1) evaluate the performance of machine learning and deep learning regression methods in estimating spatially continuous GEDI AGBD by integrating multi-source remote sensing data;
2) compare the effectiveness of GEDI AGBD estimation using three distinct datasets: PALSAR-2, MODIS vegetation indices, and topography and climate data;
3) analyze the spatio-temporal dynamics of AGB and carbon in a complex forest landscape, using GEDI AGBD data, with a focus on the Han River basin in China.
To achieve these objectives, we’ve developed a comprehensive methodological framework to generate high-quality, spatio-temporally continuous GEDI AGBD estimates and their corresponding standard errors. Our overarching aim is to propel the utilization and impact of GEDI AGBD data in practical applications. The remainder of this paper is organized as follows: Section II introduces the study areas and dataset. The methodology and results are presented in Section III and Section IV respectively. Section V provides a discussion. Conclusions are summarized in Section VI.
II. Study area and data
Study area and field plots
The study area, the Han River Basin, is located in central China (Fig. 1(a)) and serves as the largest tributary of China's Yangtze River. The elevation ranges from 0 m to 3500 m. The climate is characterized as a northern subtropical monsoon, with annual average temperature ranging from 12°C to 16°C and an average annual precipitation of 804 mm [38]. Danjiangkou Reservoir, serving as the source of China’s South-to-North Water Transfer Middle Route Project, is situated within the Han River Basin and acts as one of the designated experimental areas for China’s Six Key Forestry & Ecological Programs. Therefore, forest is the dominant land cover in the western and central mountain regions of the Han River Basin (Fig. 1(b)), and there has been a substantial increase in forest restoration activities, such as reforestation and afforestation, in recent decades [39, 40]. According to a report on the global land cover change from 1982 to 2016, the Han River Basin stands out as one of the most notable forest restoration among China and the worldwide, owing to the successful forest management and protection polices [41]. Therefore, quantifying the spatio-temporal dynamic of AGB in China’s Han River Basin, against the backdrop of substantial forest restoration, is a matter of significant interest.
[bookmark: _Hlk118295390] (
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AI 生成的内容可能不正确。]The extensive forest cover in the Han River Basin not only delivers vital ecosystem services but also serves as a source of high-quality water for the South-to-North Water Transfer Middle Route Project. Due to the synergistic influence of climate, topography and forest protection policies, the forest landscape in the Han River Basin is complex. It primary consists of evergreen forest, such as arborvitae (Fig. 1(c)) and Masson pine (Fig. 1(e)), as well as deciduous broadleaf forest, predominantly comprised of chestnut (Fig. 1(d)) and mixed forest of arborvitae and chestnut (Fig. 1(f)). As depicted in Fig. 1(g), various forests within the Han River Basin exhibit distinct NDVI dynamics, and they hold significantly varying aboveground forest biomass stocks. However, to the best of our knowledge, there have been few studies on forest biomass and carbon stocks in the Han River Basin, and a precise estimation of AGB in this area is lacking.
As shown in Fig. 1(b), a total of 182 field plots were collected to calculate AGBD in the Han River Basin around 2017. Most plots (>80%) were surveyed during the growing season (May–October) of 2017 and 2018, while the remainder were collected in 2015 and 2016. Each plot was rectangular, with dimensions of either 30 m × 40 m or 20 m × 60 m, corresponding to an area of 1,200 m² (0.12 ha). For each plot, the dominant tree species, geographic coordinates, slope, elevation, and topography were recorded. Within each plot, all trees with a diameter at breast height (DBH) > 5 cm and canopy height > 2 m were measured, including their species, DBH, and height. Total AGB per plot was calculated as the sum of the species-specific AGB values for all trees, using the allometric  (
F
ig. 2.
 GEDI AGBD g
rid
s and standard error for the year 2020 in China’s Han River basin. (a) GEDI AGBD grids; 
(
b) Standard error of GEDI AGBD grids.
)[image: 图示, 工程绘图

描述已自动生成]equations developed for China’s tree species [42]. The plot-level AGB estimates (0.12 ha) were converted finally to AGBD units (Mg/ha).
Datasets
The proposed method utilized three types of remote sensing data, namely PALSAR-2, MODIS indices, and topography and climate data (as shown in Table II), to provide covariates for estimating spatio-temporally continuous GEDI AGBD and its standard error for the years 2015-2020 in China’s Han River Basin. Yearly ALOS-2 PALSAR-2 L-band HH and HV polarization images since 2015 were employed for the L-band SAR image. The ALOS-2 PALSAR-2 HH and HV polarization data are initially presented as digital number (DN) values and need to be converted into backscatter coefficients  (Equation 1).
,                           (1)
where C is the absolute calibration factor, which consistently equals to -83 for PALSAR-2. In addition to HH and HV, the difference and ratio between these polarizations were employed as covariates in this research.
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)The MOD13Q1 vegetation index product was used to supply MODIS NDVI and EVI images at 16-day intervals. The yearly mean images complied from 23 MODIS NDVI and EVI images for each year within the period from 2015 to 2020 were used as the covariates. For the array of potential products available through MODIS, this study incorporated five specific ones: vegetation continuous field (VCF), net primary production (NPP), gross primary product (GPP), leaf area index (LAI), and fraction of photosynthetically active radiation (FPAR). Notably, the yearly mean images of GPP, LAI, and FPAR were used as the covariates of the regression models. The tree canopy cover map (Fig. 1(b)) contained in the yearly MODIS VCF product (MOD44B) was used as one of the covariates to provide forest cover information. The yearly MODIS NPP product from MOD17A3HGF and 8-day MODI GPP product from MOD17A2H were used to provide vegetation carbon and water cycle information. The 8-day MODIS LAI and FPAR product from MOD15A2H was used to provide information related to vegetation growth and photosynthesis. As for GPP, LAI and FPAR, the covariates were constructed using the annual mean images generated from the yearly 8-day MODIS products.
 (
F
ig. 
3
.
 Correlation coefficients map between multiple variables.
)[image: 图表, 树状图

AI 生成的内容可能不正确。] (
Fig
. 
4
. 
Flowchart of the pro
posed method.
)[image: 图示

描述已自动生成]The western Han River Basin is characterized by mountainous terrain, with forest covers closely tied to the distribution of topography. Therefore, SRTM DEM and Slope were employed as covariates to provide terrain information. Additionally, the 8-day MODIS land surface temperature (LST) product and evapotranspiration (ET) product were used to provide climate information, in which the yearly mean images of 46 MODIS LST and ET for each year from 2015 to 2020 were employed as covariates.
The 1 km spatial resolution GEDI L4B AGBD (version 2) product was used in this study. It was generated from the 25 m GEDI LiDAR grids collected from April 2019 to August 2021, alongside additional field inventory data. As depicted in Fig. 2(a), numerous gaps are evident in the GEDI AGBD grids. The standard error, represented as uncertainty in Fig. 2(b), from the mean aboveground biomass density in the GEDI L4B AGBD grids product was also used here for high-quality data selection and predicting uncertainty. In the GEDI AGBD and standard error grids maps, we randomly selected 8000 sample pixels for use as training data in the subsequent machine learning and deep learning regression models and an additional 2000 sample pixels were designated as validation data, in which the ratio of training to validation samples was maintained at 1:4. Table II provides a summary of all satellite sensors and the corresponding extracted data used as covariates, along with details on spatial and temporal resolution. 
A correlation coefficient map (Fig. 3) was generated to illustrate the relationships among the 15 covariates and GEDI AGBD (Table II) used in the following machine learning and deep learning regression models. When assessing correlations between the covariates and the dependent variable (GEDI AGBD), MODIS VCF shows the strongest positive correlation (0.84), followed by Slope (0.81) and DEM (0.80). Interestingly, AGBD exhibits negative correlations with HH/HV (–0.73) and LST (–0.83), likely because forests with high AGBD tend to have lower HH/HV and LST values compared to non-forest areas. Overall, a clear relationship between GEDI AGBD and the input variables is observed in Fig. 3, with all correlation coefficients exceeding 0.15 and most of them greater than 0.5. Among the covariates, the strongest positive inter-correlation (0.91) occurs between HV and HH, while the strongest negative correlation (–0.93) is found between LST and DEM, indicating a robust inverse relationship. Each covariate contributes unique information and cannot be substituted by others. 
III. Methodology
With the training samples extracted from GEDI AGBD and standard error grids, we developed a method based on machine learning and deep learning regression models to estimate spatio-temporally continuous GEDI AGBD and its associated uncertainty using PALSAR-2, MODIS and topography and climate data throughout the period from 2015 to 2020. According to Table II, the training and prediction processes in the regression models encompassed a total of 15 covariates: four PALSAR-2 polarizations (HH, HV, HH-HV, and HH/HV), seven MODIS indies (NDVI, EVI, VCF, NPP, GPP, GPP, LAI, LAI, and FPAR), and four topography and climate data (DEM, Slope, LS and ET). The GEDI AGBD grids were employed as the dependent variable, representing the variable that we aimed to estimate. The 8000 GEDI AGBD training samples and 2000 validation samples from the year 2020 were utilized for machine learning and deep learning regression models to estimate a spatial continuous GEDI AGBD map in 2020. However, it is worth noting that training and validation samples are not accessible for the years from 2015 to 2019. To address this, we developed a method (as illustrated in Fig. 4) for estimating spatio-temporal GEDI AGBD maps from 2015 to 2020. 
0.  Change detection of GEDI AGBD samples
[bookmark: _Hlk211783345]The tree canopy cover data in MODIS VCF showed a strong correlation with the aboveground biomass of various forest types, including primary and secondary forests [27]. In this research, we also observed a significant association between AGBD derived from the GEDI AGBD grids and the MODIS VCF in the Han River Basin, indicated by a coefficient of determination (R2) of 0.70 (p < 0.001) as shown in Fig. 5. 
[bookmark: _Hlk211783373][bookmark: _Hlk211783406]The tree canopy cover data from MODIS VCF at various time pints served as an indicator to select unchanged GEDI AGBD samples from 2015 to 2019. Each of the GEDI AGBD samples from 2020 corresponds to a pixel x2020 in the MODIS VCF image in 2020 and a pixel xi in the MODIS VCF image for a specific year during 2015-2020. Rather than directly utilizing individual VCF pixels at two different time points to identify unchanged samples, we employed a neighborhood system centered on pixels xi(2020) and xi(t) to offer more robust and reliable information regarding VCF change. The neighborhood system is composed of w × w pixels centered at pixel xi(t). The choice of unchanged GEDI AGBD samples at year t is then expressed as (Equation 2 and Equation 3).
           (2)
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in which  is the location of pixel  at time t.  represents the tree canopy percentage value in the MODIS VCF image for the neighborhood system N centered at pixel , and it can be calculated with equation (3). w is the radius of neighborhood system N.  is the GEDI AGBD of the sample at the location of pixel  at time t.
Based on equations (2) and (3), as shown in Fig. 6, if the difference between the mean tree canopy percentage value for the neighborhood system surrounding pixel  at time t and 2020 is smaller than the specified threshold theta (for example, 3% in this research, selected from the range of 0-10%), and then  is deemed sufficiently similar to . Ideally, the value of ‘theta’ could be set to 0, but it can be stringent overly to search for a sufficient number of samples from the training data collected in 2020. Conversely, if the value of ‘theta’ is set too high, it will result in the inclusion of numerous suboptimal samples, consequently increasing the computational cost of nonlinear regression models. However, when the difference between the two time points is substantial,  is regarded as having undergone significant changes in comparison to , and the sample in 2020 is not inherited.
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描述已自动生成]The Change detection method for GEDI AGBD samples is applicable to all years within the 2015-2020 period. If we narrow our focus on 2020, the VCF difference indicated in equation (2) would be 0, resulting in the application of all samples to the year 2020. Furthermore, both the training samples (8000) and validation samples (2000) would be chosen for the period from 2015 to 2020 using equations (2) and (3).
[bookmark: _Hlk118396873]GEDI AGBD estimation with machine learning and deep learning regression models
With the above collected GEDI AGBD grids samples for each year during 2015-2020, nonlinear regression methods based on machine learning and deep learning are employed to estimate the spatially continuous GEDI AGBD maps. To be specific, the estimation of GEDI AGBD in year t using nonlinear regression can be formulated as:
, (4)
[bookmark: _Hlk148615699][bookmark: _Hlk148002029] (
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描述已自动生成]in which  is the spatially continuous AGBD map in year t.  is the nonlinear regression model. M is the number of training samples in year t and generated from the above change detection approach.  refers to the selected training dataset, which includes 15 covariates of HH, HV, HH-HV, HH/HV, NDVI, EVI, VCF, NPP, GPP, GPP, LAI, LAI, and FPAR, DEM, Slope, LS and ET. The corresponding GEDI AGBD grids are the dependent variable. After fitting the training model based on the training samples with the use of equation (4), the model was then employed to predict the spatially continuous GEDI AGBD map, denoted as , with the input of 15 covariates for the year t. In the subsequent experiment, the covariates from each type of dataset were individually tested, and the outcomes of combing all 15 covariates were subsequently compared.
To construct the nonlinear regression model of  shown in equation (4), a range of machine learning and deep learning methods can be employed [43]. In this study, the machine learning focuses on commonly employed methods, including extreme learning machines (ELM) [44], generalized regression neural network (GRNN) [45], support vector regression (SVR) [46], and random forest (RF) [47]. Deep learning is based on the convolutional neural network (CNN) for regression [48]. The machine learning and deep learning methods were carried out using MATLAB R2022a on a system equipped with an Intel (R) Core (TM) i9-9880H CPU and an NVIDIA GeForce GTX 1650 GPU with 16 GB of memory. More information about the methods is briefly listed as follows:
1) ELM: As a single hidden layer feedforward neural network, ELM consists of the input layer, hidden layer and output layer, which are fully connected to one another [44]. ELM acquires the optimal solution by randomly generating the connection weights between the input and hidden layer. The number of hidden neurons is set to 100.
2) GRNN: As a radial neural network, GRNN consists of an input layer, a pattern layer, a summation layer, and an output layer [45]. It has advantages in converging to the optimal regression surface with more sample size accumulation and can provide robust prediction results with small sample data. The spread of radial basis functions is set to 0.1.
3) SVR: Based on the statistical learning theory, SVR aims to establish a regression model as a decision function and calculates the loss by specifying the minimum error [46]. It is an approximate implementation of structural risk minimization by introducing linear and nonlinear kernel functions. The Gaussian kernel function is used here.
4) RF: As a nonlinear ensemble method, RF builds a certain number (e.g., 200) of random individual decision regression trees for the bootstrap sample and then predicts the result by averaging all the predictions of the individual regression trees [47]. It holds the superiority of having interpretable results and surviving the common overfitting issue when dealing with high dimensional covariate.
5) CNN: As a feed-forward artificial neural network, CNN follows the method of gradient descent and extracts image features from training data using a small number of convolution kernel parameters.  (
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)[image: ]Based on the concatenated pooling layer, CNN can achieve the goals of compressing the dimension of data and weakening overfitting issue, and then improve the fault tolerance rate and learn the deeper features of the multi-source data. CNN is widely used to provide solutions for classification and segmentation problems in remote sensing, and it also can be adjusted to solve regression issue. As shown in Fig. 7, we built two CNN regression networks to estimate AGBD in this study. With the same 1-D input data as the four machine learning methods, the first 1-D CNN model is built with six 1-D convolutional layers, two averaging pooling layers, one dropout layer, one fully connected layer and one regression layer. Moreover, to consider the spatial dependence of AGBD distribution, not only the single pixel value for each covariate but also its spatial neighborhoods within a neighboring window system (for example, w = 5, which was chosen from the range of 3-11 by considering the tradeoff between the accuracy and computation time) are used as the 2-D input data of the CNN model, which is denoted as CNN_spatial. As shown in Fig. 7, the 2-D convolutional layers and averaging pooling layers are used in the CNN_spatial model. The Deep Learning Toolbox in MATLAB R2022a was used to complete the building of CNN and CNN_spatial models, and many parameters used the default values.
Uncertainty of the spatio-temporally continuous GEDI AGBD
The uncertainty in the spatial continuous GEDI AGBD map for year t primarily arises from the uncertainty associated with the training samples extracted from the original GEDI AGBD grids. In fact, each dependent variable within the GEDI AGBD training samples comprises an AGBD value along with its corresponding standard error. The AGBD value of a training sample can vary within a range of ± one standard error, and when performing nonlinear regression estimation based on the training samples, it’s crucial to account for the influence of this standard error. Assuming that all AGBD values of the training samples for the year t are adjusted by adding the corresponding ± one standard error, the estimation of spatially continuous GEDI AGBD map is represented by equation (5) and equation (6).
,                                         (5)
,                                           (6)
where the  and  are training samples with GEDI AGBD values adding and subtracting one standard error, respectively.  and  are the AGBD maps estimated with training samples  and . Based on AGBD maps estimated with equations (4), (5) and (6), the standard error for the spatial continuous GEDI AGBD map  in Section 3.2 can be expressed by equation (7).
,                       (7)
in which  is the standard error map associated with the estimated spatial continuous GEDI AGBD map , and it can be calculated for all the estimated AGBD maps during 2015-2020.
D. Accuracy assessment and comparison
[bookmark: _Hlk141694804][bookmark: _Hlk141694819]The Accuracy assessment of the spatially continuous GEDI AGBD maps generated by different methods was based on the randomly selected 2000 validation samples for each year within 2015-2020, as well as the reference AGBD collected from the 182 field plots around 2017. Six accuracy metrics were employed to assess the generated AGBD maps: coefficient of determination (R2) (equation (8)), index of agreement (IOA) (equation (9)), root mean square error (RMSE) (equation (10)), relative root mean square error (rRMSE) (equation (11)), mean absolute difference (MAE) (equation (12)) and mean error (ME) (equation (13)).
,                                (8)
[bookmark: _Hlk141694853],                (9)
,                             (10)
[bookmark: _Hlk141694859],                            (11)
,                              (12)
,                              (13)
[bookmark: _Hlk141694874]in which  and  are the reference AGBD value and the corresponding predicted AGBD value for validation sample i, respectively. N is the number of validation samples, and  is the mean value of the reference GEDI AGBD for all the validation samples. 
To compare our estimated AGBD with both global and locally developed AGBD maps, two benchmark products were used. The first is a locally developed AGBD product for China, which provides annual estimates at a 1 km spatial resolution from 2002 to 2021 [49]. The second is the global ESA_CCI biomass product, available at a spatial resolution of 100 m for the years 2007, 2010, and 2015–2022 [31]. Using 182 field plots collected around 2017 as reference data, we selected the AGBD maps from Chen, et al. [49] and ESA_CCI product in 2017 for comparison.
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AI 生成的内容可能不正确。]IV. Results
0. GEDI AGBD maps estimated by different methods
[bookmark: OLE_LINK3]The spatially continuous GEDI AGBD maps for the year 2020 estimated by four machine learning methods (i.e., ELM, GRNN, SVR, and RF) and two deep learning methods (i.e., CNN and CNN_spatial) are presented here. In particular, the results’ accuracy assessments are listed in Fig. 8, and Fig. 9 shows the spatial distribution of different results. Additionally, Fig. 10 offers three zoomed areas of the six resultant AGBD maps, facilitating a comprehensive comparison of the estimated GEDI AGBD maps obtained through different methods.
[bookmark: _Hlk141429753]Fig. 9 displays scatterplots and accuracy assessments of the six resultant AGBD values against the reference samples extracted from GEDI AGBD grids. As indicated by Fig. 8, ELM exhibits the lowest accuracy when compared to the other methods. GRNN and SVR exhibit similar levels of accuracy, while RF achieved the highest accuracy among the four machine learning methods. CNN demonstrates superior accuracy compared to ELM, GRNN, and SVR, although it falls slightly short of the accuracy achieved by RF. Crucially, CNN_spatial attains the best accuracy among the four machine learning methods and the deep learning method of CNN, as supported by the following evaluation metrics: R2 = 0.8232, IOA = 94.97%, RMSE = 27.7557, rRSME = 33.05%, MAE = 18.9096, and ME = -0.3876.
As depicted in Fig. 9, the GEDI AGBD maps resulting from the six nonlinear regression methods showcase comparable spatial distributions, albeit with differences in spatial details. The ELM result tends to underestimate the high AGBD values in the forests of northwest mountains while overestimating the low AGBD values in the forests of the southeastern mountain and urban areas, as illustrated in Fig. 9(a). These patterns are further highlighted in the zoomed areas  (
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AI 生成的内容可能不正确。]shown in Fig. 10. Both GRNN and SVR show improved estimates of low AGBD values in southeastern mountains and urban areas, but they continue to face challenges in accurately representing high AGBD values in the forests of the northwest mountain, as observed in Figs. 8(b-c) and Fig. 10. In comparison with the other three machine learning regression methods, RF demonstrates enhancements in the estimates of both high and  (
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Spatially cont
inuous GEDI AGBD maps for China’s Han River basin in 2020 produced by CNN_spatial regression with different types of input datasets. (a) CNN_spatial regression result with PALSAR-2 (HH, HV, HH-HV and HH/HV) 
covariates
; (b) CNN_spatial regression result with MODIS NDVI, EVI, VCF, NPP, GPP, LAI and FPAR covariates; (c) CNN_spatial regression result with DEM, Slope, LST and ET covariates; (d) GEDI AGBD grids and Landsat true colour image circa 2020.
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AI 生成的内容可能不正确。]low AGBD values within mountain forests (see Fig. 9(d) and Fig. 10). The CNN result exhibit similarities to that of RF (see Fig. 9(e)), but CNN model tends to represent more areas with high AGBD values (see Fig. 10). Nonetheless, CNN_spatial (see Fig. 9(f) and Fig. 10) demonstrated a notable advantage in accurately estimating both high and low AGBD values within mountain forests and urban areas, closely resembling the reference GEDI AGBD grids.
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Table 
III
Accuracy
 assessment of GEDI AGBD produced by different methods with three types of input datasets.
D
ataset
I
ndex
Best value
ELM
GRNN
SVR
RF
CNN
CNN_spatial
PALSAR-2 (HH, HV, HH-HV, HH/HV)
R
2
1
0.6273
0.6608
0.6931
0.6886
0.7027
0.7377
IOA
100%
87.51%
87.98%
89.52%
90.29%
90.64%
91.95%
RMSE
0
40.2884
38.6686
36.9814
36.8825
35.985
33.7998
r
RMSE
0%
47.97%
46.04%
44.03%
43.91%
42.84%
40.24%
MAE
0
27.4611
26.8028
24.6776
25.5312
24.5198
22.8996
ME
0
0.0158
1.0101
-4.9405
-0.388
-0.1532
0.2435
MODIS indices (NDVI, EVI, VCF, NPP, LAI, FPAR, GPP)
R
2
1
0.7312
0.7480
0.7576
0.7651
0.7668
0.7828
IOA
100%
91.72%
92.17%
92.03%
93.01%
92.87%
93.66%
RMSE
0
34.2146
33.1556
32.9857
31.9874
31.923
30.7687
r
RMSE
0%
40.74%
39.48%
39.27%
38.09%
38.01%
36.63%
MAE
0
23.8677
23.2196
22.5024
21.8044
21.8586
20.9998
ME
0
0.298
0.5055
-4.5298
-0.1535
-1.5593
-0.0612
Topography and climate data (DEM, Slope, LST, ET)
R
2
1
0.7566
0.7574
0.7698
0.7778
0.7818
0.8011
IOA
100%
92.76%
92.68%
92.63%
93.54%
93.61%
94.21%
RMSE
0
32.5839
32.5034
31.9331
31.146
30.8365
29.4491
r
RMSE
0%
38.80%
38.70%
38.02%
37.08%
36.71%
35.06%
MAE
0
22.1525
22.2022
21.5369
20.6368
20.6987
19.9384
ME
0
0.4006
0.3050
-2.6535
0.2127
-0.2682
-1.1092
)GEDI AGBD maps estimated with different datasets
[bookmark: _Hlk211348961]To establish a benchmark comparison, we used six nonlinear regression techniques to generate GEDI AGBD maps for the year 2020. These maps were produced using covariates selected from three distinct datasets. Fig. 11 illustrates the outcome when employing four PALSAR-2 covariates as input for the CNN_spatial model, resulting in a spatially continuous GEDI AGBD map for 2020. However, it is important to note that this PALSAR-2-derived model exhibited the lowest accuracy, as detailed in Table III. Specifically, it tended to overestimate AGBD in regions with low tree canopy cover while underestimate AGBD values in regions with a higher tree canopy cover percentage. Additionally, it significantly underestimated AGBD in densely forested areas within the northern mountain regions and overestimated AGBD in urban areas with impervious surfaces. Comparatively, the results obtained from MODIS indices (Fig. 11 (b)) and topography and climate data (Fig. 11 (c)) showed substantial improvements in estimating AGBD values for both high and low AGBD regions within mountain forests. Notably, the results based on topography and climate data exhibited superior accuracy when compared to those using MODIS indices (Table III). As summarized in Table III, it becomes apparent that the outcomes generated by ELM, GRNN, SVR, RF, and CNN generally exhibited a similar trend to that of the CNN_spatial model. However, it is worth highlighting that the GEDI AGBD map produced by incorporating covariates from all three datasets demonstrated superior accuracy when compared to maps generated using a single dataset type.
The RF regression model offers the ability to assess variable importance ratio by incorporating an out-of-bag estimation of feature importance within the ensemble. To examine the variable importance used in this study, Fig. 12 presents the importance ranking for the 15 covariates in the RF regression model, which is used to estimate spatially continuous GEDI AGBD in 2020. Consistent with the accuracy trend observed for the three types of datasets shown in Table III, the PALSAR-2 covariates (HH, HV, HH-HV and HH/HV) exhibit the lowest importance ratio among the three types of covariates, followed by MODIS indices (NDVI, EVI, VCF, NPP, LAI, FPAR, GPP), while the topography and climate data (DEM, Slope, LST, ET) hold the highest importance ratio. Among the 15 covariates, the most crucial one is LST, while the least important is the HH/HV. Furthermore, LST, DEM, LAI, ET and NPP covariates exhibit higher importance ratios compared to the other covariates. It is intriguing to note that despite the high correlation between MODIS VCF and GEDI AGBD (see Fig. 4), the importance ratio of MODIS VCF in the RF regression model remains at a moderate level in comparison with the other covariates.
[bookmark: _Hlk211801193]Spatio-temporally continuous GEDI AGBD maps during 2015-2020
Utilizing the unchanged training samples selected for each year from 2015 to 2020, we produced spatio-temporally continuous GEDI AGBD maps and an AGB net change map for the period from 2015 to 2020, employing the most efficient  (
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AI 生成的内容可能不正确。]method of CNN_spatial (see Fig. 13). With the training samples from 2020, a straightforward approach involves using all of them to predict the GEDI AGBD map for each year from 2015 to 2020. This approach is employed for comparison with the results derived from the selected unchanged training samples. Table IV displays the corresponding accuracy assessments for various years. The results for all years from 2015 to 2020, which are based on the selected unchanged training samples, achieve higher levels of accuracy in comparison to those obtained by directly using training data from 2020. This observation highlights the superiority of the proposed method in accurately estimating time-series GEDI AGBD.
[bookmark: _Hlk121682509][bookmark: _Hlk211785622]The annual GEDI AGBD maps shown in Fig. 13 exhibit a comparable spatial distribution and overall range of change. Even though the unchanged training and validation samples differ across the years from 2015 to 2020, as indicated in Table IV, the annual GEDI AGBD maps consistently exhibit similar accuracy levels, with R2 values exceeding 0.82 in all cases. Notably, the annual GEDI AGBD maps also offer insights into the annual dynamics of AGBD from 2015 to 2020. For instance, the zoomed areas of I and II show consistent AGBD increment during this period. The regions with high AGBD also exhibit significant changes from 2015 to 2020, as exemplified in zoomed area I. The Mann-Kendall (MK) trend map of the annual GEDI AGBD,  (
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Standard error of annual GEDI AGBD maps estimated by CNN_spatial regression during 2015-2020. (a) Standard error of GEDI AGBD in 2015; (b) Standard error of GEDI AGBD in 2016; (c) Standard error of GEDI AGBD in 2017; (d) Standard error of GEDI AGBD in 2018; (e) Standard error of GEDI AGBD in 2019; (f) Standard error
 of GEDI AGBD in 2020.
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AI 生成的内容可能不正确。]as shown in Fig. 13(f), reveals several hot-spots with significant increases and decreases in AGBD. From 2015 to 2020, more than 96% pixels of the Han River Basin exhibited insignificant changes in AGBD. Only about 1% of pixels showed significant increases or decreases at the 95% confidence interval, while the percentage would be 3.4% when focusing on relatively significant change with 90% confidence interval. Overall, 2.16% of AGBD pixels experienced a relatively significant increase, while 1.24% showed a relatively significant decrease. As shown in Fig. 13(f), the AGBD MK trend of increases were observed in the northern, western and central regions of the Han River Basin, while AGB decreases were primarily observed in the southern, northwestern and northeastern areas. (
T
able 
IV
 Accuracy assessment of GEDI AGBD maps during 2015-2020 estimated by CNN_spatial based on unchanged samples in each predicting year and existing samples in 2020.
I
ndex
2015
2016
2017
2018
2019
2020 samples
2015 samples
2020 samples
2016 samples
2020 samples
2017 samples
2020 samples
2018 samples
2020 samples
2019 samples
R
2
0.7815
0.8209
0.8441
0.8656
0.8118
0.832
0.7742
0.8437
0.8003
0.8252
IOA
93.84%
94.97%
95.68%
96.31%
93.95%
95.30%
93.47%
95.69%
93.70%
94.87%
RMSE
32.1600 
29.7162 
26.1871 
24.1947 
26.8579 
25.0657 
32.5237 
27.0563 
22.2194 
27.3639 
r
RMSE
37.57%
33.55%
37.33%
34.49%
45.75%
42.69%
40.16%
33.41%
47.82%
39.39%
MAE
21.4000 
19.3557 
17.1676 
15.3093 
16.1459 
14.4957 
21.2246 
17.8047 
22.2194 
17.0156 
ME
1.7700 
0.3318 
2.0963 
0.6116 
-0.8549 
0.3845 
0.3197 
0.8695 
11.0781 
-0.6626 
) 
[bookmark: _Hlk121338367]Uncertainty of estimated GEDI AGBD and carbon dynamic
The original GEDI AGBD grids in 2020 (Fig. 2(a)) come with a corresponding standard error map (Fig. 2(b)), which could be employed to create training samples for predicting the uncertainty of the estimated GEDI AGBD maps during  (
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AI 生成的内容可能不正确。]2015-2020. Following the procedure outlined in Section 3.3, we generated standard error maps for the annual GEDI AGBD from 2015 to 2020 (Figs. 13(a)-(f)). While the standard error map exhibits variation from 2015 to 2020, the AGBD values, on the whole, remain within the range of 40 Mg/ha. Furthermore, the spatial distribution of standard errors closely aligns with the estimated AGBD maps: areas with higher the AGBD values correspond to larger standard errors.
[bookmark: _Hlk118921177]Utilizing the annual standard error maps shown in Fig. 14 and the estimated GEDI AGBD maps from Fig. 13 during 2015-2020, we conducted calculations to determine the uncertainty of AGB and the associated changes in carbon content, encompassing increases, decreases, and net change over this period. In practical applications, AGB estimation contains numerous uncertainties, and addressing the primary sources of uncertainty can enhance the robustness and statistical interpretability of the results [24, 36, 50]. Following the incorporation of standard errors into each of the estimated GEDI AGBD maps and the subsequent conversion of the adjusted AGBD values to AGB stock, it is observed that the Han River Basin experienced a net increase of 2.776 ± 0.376 × 107 Mg AGB from 2015 to 2020. Through the conversion of dry biomass into carbon stock using a factor of 0.49, it is determined that the aboveground biomass in the Han River Basin exhibited a carbon net increase of 1.388 ± 0.188 × 107 MgC. Consequently, AGB in the Han River Basin can be characterized as a carbon sink during the period from 2015 to 2020. This observation aligns well with the previous findings related to vegetation greening [41] and the increasing trend in biomass/carbon [49] in the core regions of the Qinling Mountains.
[bookmark: _Hlk211354165]Comparison with global and local AGBD products and validation using field plots
A comparison with global and local AGBD products, along with validation using field plot data around 2017, is presented in Fig. 15. The three AGBD maps exhibit similar spatial distribution patterns across the Han River Basin but differ notably in their AGBD ranges and spatial details. For the AGBD map estimated by Chen, et al. [49] (Fig. 15(a)-(b)), AGBD values were generally underestimated relative to the field plot data (ME = -32.7693), resulting in the worst accuracy among the three estimates. Compared with AGBD map estimated by Chen, et al. [49], the ESA_CCI AGBD product (Fig. 15(c)–(d)) shows improved accuracy and a reduced underestimation bias (ME = –17.2557), although visible noise and residual underestimation remain. In contrast, the AGBD map generated in this study (Fig. 15(e)–(f)) effectively mitigates the underestimation issue and achieves the best accuracy relative to the field plot data. It is noted that an overestimation bias (ME = 23.0476) can also be observed in our estimates. Compared with the field plot data, the global and local AGBD products, as well as our estimates, exhibit relatively lower-than-expected accuracy. This discrepancy may be attributed to the limited spatial extent of the field plots, which is considerably smaller than the pixel sizes of the AGBD products used in this study. In addition, the complex mountainous terrain of the Han River Basin introduces further uncertainties in field plot data collection and geolocation.
[bookmark: _Hlk141703586]V. Discussion
0. [bookmark: _Hlk148615356]AGB mapping with machine learning and deep learning
Nonlinear regression techniques from the fields of machine learning and deep learning are employed commonly for the wall-to-wall mapping of AGB and canopy height with GEDI/ICESat-2 LiDAR data [17, 51-53]. In this research, for the estimation of spatially continuous GEDI AGBD maps in 2020, two deep learning methods (i.e., CNN and CNN_spatial) demonstrated superior performance compared to the majority of the four machine learning methods (i.e., ELM, GRNN, SVR, and RF). Specifically, ELM displayed the lowest accuracy, SVR demonstrated slightly better performance than GRNN, while RF outperformed all four machine learning methods. The performance of CNN was comparable to that of RF, and CNN_spatial achieved the highest accuracy among all machine learning and deep learning methods. In the field of AGB mapping using machine learning methods, RF has been the preferred choice due to its consistent and superior performance compared to many other methods [12, 19, 54], and our results further underscore the effectiveness of RF in AGB mapping. In the comparison between RF and CNN, Narine, et al. [13] found similar performance in AGB mapping with ICESat-2 and Landsat. Additionally, Fayad, et al. [51] demonstrated that CNN-based approaches were comparable to RF in estimating canopy heights and wood volume from GEDI waveforms. These two findings are consistent with the results of this study. Nevertheless, the exceptional performance of the CNN_spatial model in this study will make it a compelling candidate for estimating AGB and canopy height in future applications.
[bookmark: _Hlk148615393]AGB mapping with multi-source remote sensing data
Given the considerable uncertainty that still surrounds AGB estimation, multi-source remote sensing data is extensively employed for the spatially continuous mapping of AGB at both local and global scales [17, 53, 55-58]. In this research, we have shown that incorporating covariates from all three datasets results in superior accuracy compared to single dataset mapping. Notably, PALSAR-2 alone yielded the lowest accuracy, followed by the MODIS indices dataset, and the topography and climate dataset. Zhao, et al. [58] demonstrated that PALSAR data alone provides less accurate AGB estimation compared to optical satellite images from Landsat. However, combining these two datasets can significantly enhance overall performance. Tang, et al. [53] and Fararoda, et al. [55] both discovered that the integration of PALSAR, MODIS, topography, and climate data proved advantageous for AGB estimation in extensive regions of China and India, respectively. These findings align with our results; however, due to the coarse spatial resolutions, exceeding 10 km, of several climate data elements such as precipitation and soil moisture, we did not incorporate them in this study.
[bookmark: _Hlk148617410]Uncertainty sources of spatio-temporally continuous GEDI AGBD mapping
The results demonstrated the efficiency and accuracy of the spatio-temporally continuous GEDI AGBD generated by the proposed method. However, the mapping process still contains some uncertainties, which are mainly coming from two aspects. First, the most significant source of uncertainty arises from the training samples extracted from the original GEDI AGBD grids. Section 3.3 aims to quantify this uncertainty by incorporating the original standard error of GEDI AGBD grids into the AGB estimation process, and the resulting uncertainty maps are shown in Fig. 14. Second, while Figure 2 demonstrates a high correlation between MODIS VCF and AGB in China's Han River Basin, it does not ensure that all selected training samples accurately capture the AGB dynamics over time. This is because even when a forest canopy displays the same MODIS VCF tree canopy percentage values at two different times, the vertical structure of the forest can still change due to forest degradation and small-scale forest disturbances [59-62], especially within a 1 km × 1 km pixel. 
[bookmark: _Hlk148617431]Potential improvements and future research
[bookmark: _Hlk211801478][bookmark: _Hlk211801362]In this study, we exclusively utilized deep learning methods to address the AGB estimation problem, in which the network structure of the CNN benchmark method was customized to our specific needs. Compared with the four machine learning methods, we observed an improvement for the CNN and CNN_spatial methods in estimating spatially continuous GEDI AGBD maps. Despite CNN’s exceptional performance in handling classification and segmentation problems compared to various machine learning methods [63], its improvement in addressing regression issues is comparatively less comprehensive [64-66]. One potential solution to improve CNN’s regression performance in estimating AGBD is integrating it with the long short-term memory (LSTM) neural network. This is because the CNN-LSTM hybrid model possesses the ability to capture long-term and non-linear dynamics of time-series data [66]. On the other hand, while various remote sensing datasets have been used as input for AGB estimation, additional datasets, like precipitation and soil moisture, could also be used to enhance spatio-temporal GEDI AGBD estimation [3, 7, 34, 35]. Finally, our AGBD estimates show an overestimation bias relative to the field plot data, which may be attributed to uncertainties in the GEDI AGBD product [67, 68]. In future work, it would be valuable to calibrate the GEDI AGBD values using field plot observations [67]. With the calibrated GEDI AGBD as independent variable, the proposed method is expected to produce more accurate spatio-temporally continuous AGBD estimates.
VI. Conclusions
NASA’s GEDI is a new era of LiDAR, but the GEDI Gridded AGBD product is presented only as spatial discontinuity grids at a spatial resolution of 1 km circa 2020, lacking spatio-temporally continuous estimates. In this study, utilizing the GEDI AGBD and standard error grids, we developed a method based on machine learning and deep learning regression to estimate spatio-temporally continuous GEDI AGBD and its associated uncertainty from 2015 to 2020 using available PALSAR-2, MODIS, and topography and climate data. Experiments in China’s Han River Basin demonstrated integrating all three datasets for spatially continuous GEDI AGBD estimation achieved greater accuracy than the result based on any single dataset. RF outperforms the other three machine learning methods in GEDI AGBD mapping. However, the most accurate GEDI AGBD map was achieved by CNN_spatial, with the evaluation metrics: R2 = 0.8232, IOA = 94.97%, RMSE = 27.7557, rRSME = 33.05%, MAE = 18.9096, and ME = -0.3876. The MODIS VCF-based unchanged training sample selection procedure generated more accurate results in predicting the GEDI AGBD map for the year of interest than directly using training samples in 2020. The estimated annual GEDI AGBD maps during 2015-2020 exhibited similar spatial distributions and overall change ranges, all with R2 values greater than 0.82. The Mann–Kendall (MK) trend map of annual GEDI AGBD indicates that more than 96% of the Han River Basin exhibited insignificant changes in AGBD. Approximately 2.16% of pixels showed a relatively significant increase, while 1.24% exhibited a relatively significant decrease. Compared with the ESA_CCI and China’s AGBD products, the AGBD map generated in this study effectively mitigates the underestimation issue and achieves the highest accuracy relative to the field plot data. The proposed method has great potential for spatio-temporally GEDI AGBD estimation in large-scale, complex forest landscapes. The annual spatially continuous GEDI AGBD and uncertainty maps from 2015 to 2020 are freely available at https://doi.org/10.5281/zenodo.17390979. 
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