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Abstract

Forest aboveground biomass (AGB) products serve as essential references for research on
carbon cycle and climate change. However, significant uncertainties exist regarding forest
AGB products and their evaluation methods. This study aims to evaluate AGB products
in the context of discrepancies in plot size and product scales, while also investigate the
applicability of large-scale AGB products at a regional level. The National Aeronautics and
Space Administration (NASA)’s Global Ecosystem Dynamics Investigation (GEDI) and
the European Space Agency (ESA)’s Climate Change Initiative (CCI) biomass data were
evaluated using sample plots from the National Forest Inventory (NFI). The study was
conducted in Jilin Province, located in Northeast China, which is predominantly covered
by natural forests. Spatial representativeness evaluation indicators for sample plots were
established, followed by a comprehensive representativeness assessment and the selection
of sample plots based on the criteria importance through the intercriteria correlation
(CRITIC) method. Additionally, the study conducted an overall evaluation of the products,
as well as evaluations across different biomass ranges and various forest types. The
results indicate that the accuracy metrics demonstrated improved performance when using
representative plots compared to all plots, with the R? increasing by 15.38%. Both products
demonstrated optimal accuracy and stability in the 50-150 Mg/ha range. GEDI and
CClI biomass data indicated an overall underestimation, with biases of —25.68 Mg/ha and
—83.95 Mg/ha, respectively. Specifically, a slight overestimation occurred in the <50 Mg/ha
range, while a gradually increasing underestimation was observed in the >50 Mg /ha range.
This study highlights the advantages of spatial representativeness analysis in mitigating
evaluation uncertainties arising from scale mismatches and enhancing the reliability of
product evaluation. The accuracy trends of AGB products offer significant insights that
could facilitate improvements and enhance their application.

Keywords: forest aboveground biomass; spatial representativeness analysis; the National
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1. Introduction

Forests, recognized as significant global carbon sinks, play a crucial role in regu-
lating climate and maintaining ecological balance [1-3]. Forest aboveground biomass
(AGB) serves as a vital indicator for assessing their carbon storage capacity [4,5]. With
the increasing attention to climate change, the accurate estimation of forest AGB and its
dynamic fluctuations has become a prominent area of research. Scientists have generated
numerous AGB products with varying spatial resolutions, typically ranging from 100 m
to 1 km [6-9]. In certain regions, high-resolution AGB maps have also been produced at a
30 m scale [10,11]. Simultaneously, AGB estimation methods have evolved significantly,
transitioning from early calculations based on forestry survey data and allometric equations
to regression models [12]. This progression has further advanced to sophisticated data-
processing techniques, such as machine learning algorithms [13-16]. Additionally, studies
have demonstrated that AGB estimation is more accurate when utilizing multi-source re-
mote sensing data compared to single-source data. Various data sources, including airborne
laser scanning, spaceborne LiDAR, optical satellite imagery, and synthetic aperture radar
(SAR), contribute to this enhanced accuracy [17-20].

To promote the utility of these AGB products for estimating carbon stocks at global
or regional scales, it is essential to evaluate and discuss the accuracy and applicability
of various products, as this remains a primary concern. The direct validation method is
the most commonly used evaluation approach. It utilizes sample plot data that meets
quality control requirements to obtain relative true values at the pixel scale, which are
then used to evaluate AGB products. The direct validation method provides a more
objective and accurate evaluation of AGB products and is preferred whenever conditions
allow. When it is impossible to obtain pixel-scale relative true values from sample plot
data, indirect validation methods can be used to evaluate AGB products based on other
validated products. Indirect validation methods include cross-validation based on other
AGB products and multi-scale hierarchical validation based on ground measurements and
higher-resolution remote sensing data. Hunka et al. [21] conducted an inter-comparison
for the most recently released AGB products from the National Aeronautics and Space
Administration (NASA)’s Global Ecosystem Dynamics Investigation (GEDI) [22] and the
European Space Agency (ESA)’s Climate Change Initiative (CCI) [23]. Their study identified
strong correlations between products and the national forest inventory (NFI) estimates
in four countries; however, they emphasized the need for evaluation using independent
reference data. Other non-product manufacturers evaluated AGB products based on their
reference data, which exhibited considerable discrepancies when compared to the accuracy
provided by product manufacturers [24,25]. Avitabile et al. [24] evaluated four biomass
maps across 26 European countries, revealing that an overall negative bias of —43 to
—23 Mg/ha exists at the national level. The relative errors of these maps varied from 29%
to 40% at the national level and increased at higher resolutions, reaching 58-67% at the
pixel level. These differences can be attributed to several factors, including variations in
sample plot size and spatial representativeness, inconsistencies in biomass models and
parameters, differences in spatiotemporal consistency, methods of scale conversion between
sample plots and products, and uncertainties related to sample plot measurements and
geographical locations [26].

When the spatial scales of the sample plot and the pixel are the same or similar, the
AGB of the sample plot can represent the pixel value at the corresponding position of
the AGB product and can be directly used to evaluate the product. When the scale of the
sample plot differs significantly from the pixel scale of the AGB product and the pixel
area to be tested is a heterogeneous surface, it is necessary to consider the scale disparity.
A multi-scale stepwise validation method based on sample plots and high-resolution
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remote sensing data can be adopted, using airborne LiDAR data or high-resolution remote
sensing data as an intermediate transitional scale to generate high-resolution forest AGB
products. Then, the evaluated high-resolution AGB products are upscaled to the same
spatial scale as the medium- and low-resolution products to be tested, and AGB products
are further evaluated.

However, for large-area and medium- and low-resolution AGB products, acquiring
the corresponding large sample plot data may not be straightforward. Moreover, the
availability of intermediate high-resolution AGB map from airborne LiDAR or optical
imagery is not guaranteed. More commonly available are forest sample plots at scales
smaller than those of AGB products. In such cases, due to the disparity between the spatial
scale of pixels and plots, directly utilizing these sample plots to evaluate AGB products
may be inappropriate and unreliable [27-29]. For example, in China’s NFI, the majority of
sample plots cover only hundreds of square meters, while many AGB products, especially
those that encompass extensive areas, have resolutions ranging from one hundred meters
to one kilometer [7,30]. In cases of spatial mismatch, surface spatial heterogeneity may exist
within the image pixel that contains sample plots. This implies that the surface features
within the pixel are not homogeneous, thus preventing the sample plot from accurately
representing the average characteristics of the pixel and introducing evaluation errors [31].
When faced with inconsistencies in plot size and pixel scale, to what extent can a sample
plot accurately represent the corresponding pixel of an AGB product? Furthermore, how to
select appropriate sample plots is a critical step prior to the evaluation of AGB products.

Spatial representativeness refers to the degree to which data obtained from an observa-
tion point or area can reflect the corresponding characteristics or processes across a broader
range [32]. Currently, several methods exist for evaluating spatial representativeness,
primarily focusing on point-to-pixel consistency and spatial heterogeneity [33-35]. Point-to-
pixel consistency assesses the degree to which ground measurements accurately represent
surface features, compared with regional statistical characteristics [34]. Meanwhile, spatial
heterogeneity indicators analyze the variations surrounding ground observations within
the pixel, thereby elucidating the spatial variability of the surface [36]. The evaluation of
spatial representativeness has primarily been applied in flux observations, particularly
in comparison to ecosystem-scale flux measurements [37]. Furthermore, it has gained
increasing significance in the evaluation of remote sensing products, due to the discrepan-
cies in scale between ground observations and the pixel resolution of these products [38].
Geostatistical attributes extracted from Enhanced Thematic Mapper Plus (ETM+) retrievals
of surface albedo are employed to assess the extent to which a specific tower-based albedo
measurement can capture the variability present within the broader footprint of MODIS
observations [39]. The triple collocation (TC) technique effectively evaluates the spatial rep-
resentativeness of point-scale snow depth measurements in relation to satellite grid-scale
data across hundreds of meteorological stations [40]. Additionally, satellite observations
are utilized to determine the representativeness of statistics derived from samples collected
during water quality surveys for lake-wide values, revealing strong linear relationships
between the mean values calculated from the samples and the corresponding averages
based on subsets of the full satellite images [41].

Several studies on the evaluation of AGB products involves the spatial representa-
tiveness of sample plots, which are selected based on low tree cover variability, or the
absence of disturbance within the pixel [24]. However, there is a relative scarcity of stud-
ies employing systematic and quantitative indicators, as well as composite methods to
assess the spatial representativeness of sample plots for AGB products. This gap leads to
increased uncertainty in AGB product evaluations. Therefore, it is imperative to adopt
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more specialized methods to assess spatial representativeness of sample plots, thereby
enhancing the reliability of product evaluations.

The study explores how to evaluate AGB products in the context of discrepancies in
plot size and AGB product scales, and what is the accuracy and applicability of large-scale
AGB products in the forest region of Northeast China. The study primarily consists of the
following components: firstly, an assessment approach utilizing spatial representativeness
indicators is employed to select sample plots. Subsequently, AGB products are evaluated
using these representative sample plots, facilitating both overall and sub-interval evalua-
tions. Finally, the findings from spatial representativeness analysis and product evaluation
provide a basis for improving the reliability of AGB product evaluation, thereby enhancing
product quality and the rational utilization of AGB products.

2. Materials and Methods
2.1. Study Area and Sample Plots

The study area, Jilin Province is located in the central part of Northeast China (Figure 1),
with geographical coordinates ranging from 40°52’ to 46°18’ north latitude and 121°38’
to 131°19’ east longitude [42]. It borders Russia and North Korea and covers a total
area of 187,400 square kilometers. The climate is classified as a temperate continental
monsoon climate, characterized by an average annual temperature ranging from 2 to
6 °C. Annual precipitation varies between 400 and 900 mm, revealing a distinct pattern
of humid, semi-humid, and semi-arid climates from east to west. The overall terrain is
higher in the southeast and lower in the northwest. The province can be divided into three
ecological zones from east to west: mountainous regions, plateaus, and plains. The forests
are predominantly natural, with a relatively small proportion of artificial forests in terms of
both area and volume. These forests, including coniferous, broadleaf, and mixed types, are
primarily concentrated in Changbai Mountains and Zhangguangcai Range.

The study utilized 298 sample plots from the NFI collected in 2014, with each square
plot measuring 24.5 m x 24.5 m. Using data from two consecutive measurement periods,
the annual growth rate of diameter at breast height (DBH) was estimated. The DBH data
from 2014 were extrapolated to 2020 based on the annual growth rate, aligning with the
year of the AGB products [43]. Additionally, tree height-DBH models were applied to
estimate the heights of sample trees in 2020 [44,45]. Subsequently, individual tree biomass
estimation models were utilized to estimate the AGB of each sample tree, which was then
aggregated to obtain the total AGB of each sample plot in 2020 [46].
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Figure 1. The study area of Jilin Province in China and the distribution of sample plots across
(A) different altitudes from ref. [47] and (B) various forest types from ref. [48].
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2.2. AGB Products

AGB products were selected based on the following criteria: (1) global scope, (2) open
access, (3) availability of an uncertainty map, and (4) origin from an influential organi-
zation. We focused on two AGB products from around the year 2020: (1) NASA’s GEDI
L4B Gridded Aboveground Biomass Density (AGBD), Version 2.1 (abbreviated as GEDI
biomass data), and (2) ESA’s CCI Global AGB in the Forests dataset (abbreviated as CCI
biomass data).

GEDI biomass data encompasses observations collected between 18 April 2019 and
16 March 2023, covering latitudes from 51.6° N to 51.6° S. It is derived from NASA’s GEDI
mission, developed in collaboration with the University of Maryland (https://doi.org/10
.3334/ORNLDAAC/2299) (accessed on 22 July 2025) [7]. This mission employs LIDAR
technology on the GEDI instrument aboard the International Space Station (ISS) to measure
and monitor the structure and biomass of global forests. This 1 km resolution dataset
utilizes a hybrid inference approach, where mean biomass is derived from an incomplete
sample of modeled biomass values available through the GEDI L4A product.

CCI biomass data produced by the ESA CCI project, utilizes satellite remote sens-
ing technology to measure and monitor AGB of global forests, supporting climate
change research and carbon cycle analysis (https://climate.esa.int/en/data (accessed on
1 July 2024)) [49]. This 100 m resolution dataset covers the years 2010, 2017, 2018, 2019, and
2020, integrating various earth observation data sources, including Copernicus Sentinel-1,
Envisat’s ASAR, and Japan’s ALOS-1 and ALOS-2 satellites, as well as optical satellite data.
An integrated algorithm is utilized to ensure data consistency from different years, reduce
data bias and improve data accuracy in reflecting interannual biomass changes.

2.3. Auxiliary Datasets

The 30 m resolution Normalized Vegetation Index (NDVI) data is sourced from the
Resources and Environmental Science Data Platform (https://cstr.cn/15732.11.nesdc.ecodb.
1rs.2021.012 (accessed on 22 July 2025)) [50]. This dataset is derived from the annual
maximum NDVI values calculated and processed using Google Earth Engine (GEE) cloud
computing platform [51]. The NDVI data from 2020 was utilized to evaluate spatial
heterogeneity within product pixels in the study.

The 30 m resolution China Land Cover Dataset (CLCD) was generated by processing
335,709 Landsat images on the GEE platform, integrating time-series spectral features with
an optimized random forest classifier (https://zenodo.org/records /12779975 (accessed on
18 August 2025)) [52]. The dataset categorizes land cover into nine classes. The 2020 CLCD
product was employed to quantify spatial heterogeneity resulting from land cover types in
the study.

Global 30 m land-cover dynamic monitoring product (GLC_FCS30D, https://zenodo.
org/records /8239305 (accessed on 18 August 2025)) [48] utilizes a refined classification
system, containing 35 land-cover classes and covers the time span from 1985 to 2022. This
detailed land cover data from 2020 was utilized for illustrating the distribution of forest
types in the study.

Global 30 m resolution DEM data is obtained from NASA’s digital elevation
model (NASADEM, https://earthdata.nasa.gov/esds/competitive-programs/measures/
nasadem (accessed on 18 July 2025)), published on 18 February 2020 [47]. This dataset was
utilized to analyze the distribution of forest types with elevation in the study.

2.4. Methodological Framework

After data preprocessing, spatial representativeness of each sample plot was evaluated
(Figure 2). Subsequently, the study examined the effectiveness of spatial representativeness
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analysis and evaluated the overall accuracy of the AGB products, as well as their variations
across different biomass ranges and forest types.

Global Ecosystem Dynamics Investigation ' NDVI high-resolution map Sample plot data (2014) :
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Figure 2. Overall workflow for spatial representativeness analysis and aboveground biomass (AGB)
product evaluation. The utilized datasets include GEDI biomass data [7], CCI biomass data [49],
NDVT high-resolution data [50], GLC_FCS30 land-cover dataset [48], and annual land cover datasets
in China [52]. (r-square (R?), root mean square error (RMSE), mean absolute error (MAE), relative
RMSE (rRMSE), standard deviation (SD), and mean absolute percentage error (MAPE)).

2.5. Spatial Representativeness Analysis of Sample Plots
2.5.1. Extracting Spatial Representativeness Indicators

The sample plot size in this study measures 24.5 m x 24.5 m, while the spatial resolu-
tions of the two AGB products are relatively low, at 1 km and 100 m, respectively. To address
scale discrepancies, three indicators, namely relative mean absolute deviation (RMAD),
relative spatial sampling error (RSSE), and plot vegetation type proportion (PVTP), were
established to evaluate spatial representativeness of sample plots. High-resolution NDVI
and CLCD data were applied to capture the spatial distribution characteristics of surface
features within low-resolution AGB product pixels, thereby facilitating the acquisition of
the corresponding spatial representativeness indicator values for the sample plots. Specifi-
cally, RMAD is applied to assess the variability of land surface within an AGB product pixel
based on high-resolution NDVI pixels. RSSE quantifies the deviation between a sample
plot and the product pixel at the same location [53]. PVTP represents the area propor-
tion of the vegetation type of a sample plot relative to the corresponding AGB product
pixel. The values of these three indicators for each sample plot were estimated using the
following formula:

RMAD = li ("“_’C') x 100% (1)
iz X
where x; represents the value of the i-th NDVI image pixel within an AGB product pixel, X
represents the average value of all NDVI image pixels within the same AGB product pixel,
and g represents the number of NDVI image pixels within that AGB product pixel.

|x; — |
RSSE = 9 %1 100% @)
X
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where x; represents the value of the NDVI image pixel corresponding to the location of the
j-th sample plot, and X represents the average value of all NDVI image pixels within an
AGB product pixel that corresponds to the same location of the j-th sample plot.
by

PVTP = - (3)
where b, represents the area of the CLCD pixels that correspond to the vegetation type of a
sample plot within the respective AGB product pixel, and b represents the area of the AGB
product pixel.

2.5.2. Comprehensive Evaluation of Spatial Representativeness

The criteria importance through intercriteria correlation (CRITIC) method was adopted
to objectively assign weights to three indicators based on the contrast intensity and conflict
of evaluation indicators [54]. Specifically, contrast intensity is quantified using standard
deviation, while the conflict between indicators is represented by the correlation coefficient.
By combining the standard deviation of each indicator with its correlation coefficient, the
information quantity was determined. Weights were assigned to each indicator based on
their information quantity, with those indicators possessing higher weights exerting a more
significant influence on the comprehensive representativeness evaluation.

In this analysis, all three indicators were normalized to address issues related to dimen-
sional differences. The spatial representativeness score for each sample plot was computed
using the weighted sum method. The threshold for categorizing representativeness grades
was established based on the scores and their data distribution. Consequently, the sample
plots were classified into two categories: representative and non-representative.

2.6. AGB Product Evaluation

Seven accuracy metrics were utilized in this study: the coefficient of determination (R?),
root mean square error (RMSE), relative root mean square error (rRMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE), bias, and standard deviation (SD).
The product evaluation was performed using representative sample plots, and a comparison
was made with the evaluation based on all sample plots. The accuracy of the AGB products
was analyzed across various biomass ranges and vegetation types. Furthermore, the
evaluation results of the two AGB products were compared.

3. Results
3.1. Sample Plot Selection

The weights of each spatial representativeness indicator for the two AGB products
were derived (Table 1). The comprehensive scores for each sample plot were estimated
on a scale from 0 to 1. The frequency distribution of the sample representativeness scores
exhibits a pronounced left-skewed distribution (Figure 3). Based on the natural breakpoints
observed in the concentrated and discrete distributions, the threshold for representative
classification of the sample plots was determined (Table 2). This threshold aligns sub-
stantially with a medium grade above 70% in the percentage system. A representative
sample plot indicates that it can adequately or optimally represent the characteristics of the
AGB product pixel. Conversely, a sample plot classified as non-representative indicates
that land-cover types, vegetation types, or vegetation density vary significantly within
the AGB product pixel, rendering it unable to accurately represent the pixel of the AGB
product. After excluding null and zero points from the corresponding products, as well
as non-representative sample plots, the total number of sample plots for GEDI and CCI
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biomass data is 142 and 242, respectively. These selected representative sample plots were
utilized for subsequent product evaluation.

Table 1. Weights of relative mean absolute deviation (RMAD), relative spatial sampling error (RSSE)

and plot vegetation type proportion (PVTP) for Global Ecosystem Dynamics Investigation (GEDI)
and Climate Change Initiative (CCI) biomass data.

Weight (%)
Product
RMAD RSSE PVTP
GEDI biomass data 13.95 13.01 73.04
CCI biomass data 16.44 15.09 68.47
GEDI biomass data CCl biomass data
701 (a) o (b) 754
70
60 4
60
50 4
= _50
g z a8
> 40 >
2 2 a0
3 3
8 301 g
w w 30
201 20 1
10 10 s
5
ol xR axr xifafud N S W W G WY1
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Score Score

Figure 3. Frequency distribution of spatial representativeness scores of sample plots for (a) Global
Ecosystem Dynamics Investigation (GEDI) biomass data and (b) Climate Change Initiative (CCI)
biomass data. The number of samples corresponding to each score is labeled above each bar.

Table 2. Spatial representativeness classification of sample plots for Global Ecosystem Dynamics
Investigation (GEDI) and Climate Change Initiative (CCI) biomass data.

Score
Product
Non-Representative Representative
GEDI biomass data <0.75 >0.75
CCI biomass data <0.70 >0.70

3.2. Overall Accuracy of AGB Product Evaluation

The accuracy metric values of the AGB products, following spatial representativeness
analysis, differ from those obtained prior to this analysis (Figure 4). Among these metrics,
R? represents the correlation between product values and field measurements, with a
value closer to 1 indicating a better fit. RMSE and MAE quantify the absolute errors
between product values and field measurements; smaller values of these metrics signify
higher accuracy and model robustness, resulting in reduced errors. RRMSE measures
the relative error between product values and field measurements, with smaller values
signifying higher accuracy. Bias reflects the deviation between product values and actual
measurements: a positive bias indicates overestimation, while a negative bias indicates
underestimation. As bias approaches zero, product values align more closely with field
measurements. Additionally, SD reflects the dispersion of the data; thus, a larger SD
suggests greater variability among product values, indicating increased instability.
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Figure 4. Evaluation results of Global Ecosystem Dynamics Investigation (GEDI) and Climate Change
Initiative (CCI) biomass data before and after spatial representativeness analysis. Sample plots are
represented by black dots, while the trend line is depicted in red, and the 1:1 line is illustrated as
a dashed black line. (r-square (R?), root mean square error (RMSE), mean absolute error (MAE),
relative RMSE (rRMSE), standard deviation (SD), mean absolute percentage error (MAPE), the sample
number (N)).

The R? of GEDI biomass data following spatial representativeness analysis is higher
by 15.38%, indicating a closer alignment with the sample plot data. Additionally, the
RMSE, MAE, and rRMSE of GEDI biomass data demonstrate reductions of 5.39%, 4.30%,
and 6.78%, respectively. Meanwhile, the bias of GEDI biomass data decreased by 13.34%,
reflecting a significant reduction in the average discrepancy from the sample plot data.
Furthermore, the SD of GEDI biomass data is lower by 3.98%, demonstrating a reduction
in data dispersion and contributing to more stable evaluation results. Moreover, the slope
of the regression equation for GEDI biomass data increased by 9.09%, indicating that
the dataset responds more accurately to the measured AGB values, with the regression
relationship approaching the ideal slope of 1.

On the other hand, the R? of CCI biomass data following spatial representativeness
analysis increased by 15.38%, while the RMSE, MAE, and rRMSE decreased by 2.18%,
2.05%, and 1.49%, respectively. Additionally, the bias and SD decreased by 2.26% and
2.09%, respectively, while the slope of the regression equation improved by 5.26%. The
results of spatial representativeness analysis reveal that the changes in these metrics for CCI
biomass data, similar to those observed in GEDI biomass data, indicate an improvement in
evaluation reliability, although the performance is inferior to that of GEDI biomass data.

The various accuracy metrics demonstrate better performance following the implemen-
tation of spatial representativeness analysis. Overall, this analysis reduces the evaluation
errors that arise from scale mismatches.
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3.3. AGB Product Evaluation Grouped by Biomass Ranges

The AGB values of the representative sample plots were statistically categorized
into 50 Mg/ha partitions (Figure 5). The dataset was divided into three biomass lev-
els: a low-biomass range of <100 Mg/ha, a medium-biomass range of 100-200 Mg/ha,
and a high-biomass range of >200 Mg/ha. The data predominantly concentrate in the
medium-biomass range, with fewer observations in the low- and high-biomass ranges.
This distribution indicates a favorable arrangement of the sample plots.
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Figure 5. Field aboveground biomass (AGB) distribution grouped by biomass ranges for Global
Ecosystem Dynamics Investigation (GEDI) and Climate Change Initiative (CCI) biomass data.

The accuracy metrics for various biomass ranges demonstrate a discernible trend of
variation (Figure 6). After partitioning, the sample size within each range is limited. The
R? value in most ranges is low, indicating the poor stability, generalization ability, and
interpretability of the model. Additionally, the MAPE’s sensitivity to outliers increases,
leading to an amplified error difference between sample plot values and product values.
As a result, the MAPE value fluctuates significantly without clear patterns. These two
metrics are not analyzed within each range, as R? and MAPE are significantly influenced

by sample sizes.
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Figure 6. Evaluation of Global Ecosystem Dynamics Investigation (GEDI) and Climate Change
Initiative (CCI) biomass data grouped by biomass ranges. The number of samples in each biomass
range is labeled near the corresponding inflection points of the polyline. Root mean square error
(RMSE), mean absolute error (MAE), relative RMSE (rRMSE), and standard deviation (SD).

The RMSE of both products generally exhibits an increasing trend from low- to
high-biomass range. GEDI biomass data demonstrates the lowest RMSE of 39.91 Mg /ha
in the range of <50 Mg/ha, followed by a second lowest RMSE of 53.57 Mg/ha in the
50-100 Mg/ha range. In contrast, CCI biomass data has its lowest RMSE of 35.23 Mg/ha in
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the 50-100 Mg/ha range. The average RMSE of GEDI biomass data is 71.21 Mg/ha, which
is significantly lower than that of CCI biomass data, recorded at 103.91 Mg/ha.

The trend of the MAE is similar to that of the RMSE, with the MAE generally increasing
as biomass increases. GEDI biomass data has the lowest MAE of 22.72 Mg/ha in the range
of <50 Mg/ha, whereas CCI biomass data has the lowest MAE of 28.30 Mg/ha in the
50-100 Mg/ha range. The average MAE of GEDI biomass data is 51.23 Mg/ha, which
remains superior to the CCI biomass data’s MAE of 87.90 Mg/ha.

Both GEDI and CCI biomass data exhibit the highest rRMSE in the range of <50 Mg/ha,
with values of 147.76% and 127.11%, respectively. This indicates that although the absolute
error is minimal in this range, the relative error is substantial, suggesting that the accuracy
is not optimal. In the 50-100 Mg/ha range, both GEDI and CCI biomass data demonstrate
the lowest rRMSE, with values of 33.11% and 46.74%, respectively. This is accompanied
by the second lowest and lowest RMSE for GEDI and CCI biomass data, respectively,
indicating a relatively high level of estimation accuracy. The rRMSE shows a gradually
increasing trend starting from 50 Mg/ha. The average rRMSE of GEDI biomass data is
55.45%, which is significantly lower than the CCI biomass data’s 66.03%.

Both products exhibit a slightly positive bias in the range of <50 Mg/ha, suggesting a
minor overestimation. However, in the range of >50 Mg/ha, the negative bias gradually
increases, indicating an underestimation, with a significant underestimation observed in
the >200 Mg/ha range. The minimum bias for both GEDI and CCI biomass data occurs in
the range of <50 Mg/ha, at 8.03 Mg/ha and 16.86 Mg/ha, respectively. The bias for GEDI
biomass data ranges from —130.06 Mg/ha to 8.03 Mg/ha, while for CCI biomass data,
it ranges from —191.47 Mg/ha to 16.86 Mg/ha. The average bias for CCI biomass data
is —83.95 Mg/ha, which reflects a more significant underestimation compared to GEDI
biomass data’s —25.68 Mg/ha (Figure 4). Overall, both products exhibit negative bias,
indicating an underestimation.

The SD exhibits a slight overall fluctuation trend. The total SD for CCI biomass data is
61.37 Mg/ha, which is lower than GEDI biomass data’s 66.65 Mg/ha. This finding indicates
that CCI biomass data reflect a smaller degree of dispersion.

Overall, both products exhibited optimal accuracy and stability in the 50-100 Mg/ha
range and an overall underestimation. The accuracy characteristics of AGB products across
different biomass ranges provides a foundation for enhancing the quality of AGB products.

3.4. AGB Product Evaluation Grouped by Forest Types

The forests comprise three types: coniferous forest (CF), broadleaf forest (BF), and
mixed conifer-broadleaf forest (MCBF). CF and MCBF are predominantly distributed in
the eastern mountainous regions, while BF is widely distributed throughout the entire
area (Figure 1). The average biomass of CF, BF, and MCBF increases sequentially, with
MCBF’s average biomass reaching approximately 172 Mg/ha (Figure 7). The biomass
ranges of these three vegetation types exhibit some degree of overlap. In CF and BF,
biomass predominantly falls within the low to medium range, with BF exhibiting a slightly
higher biomass range compared to CF. The biomass distribution of MCBF is notably more
concentrated, with the majority of biomass situated within the medium to high range. This
distribution of MCBF represents the highest overall biomass levels among the three types.
Additionally, the biomass values for CF and BF in CCI biomass data slightly exceed those
in GEDI biomass data.
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Figure 7. Aboveground biomass (AGB) distribution grouped by coniferous forest (CF), broadleaf
forest (BF), and mixed conifer-broadleaf forest (MCBF) in Global Ecosystem Dynamics Investigation
(GEDI) and Climate Change Initiative (CCI) biomass data. The sample numbers for CF, BF, and MCBF
in GEDI biomass data are 16, 114, and 12, respectively, while the corresponding sample numbers for
CCI biomass data are 27, 190, and 25.

The three vegetation types are mainly distributed below an altitude of 1000 m, and
also exhibit a certain degree of overlap (Figure 8). Among these types, MCBF occupies the
highest altitude range. The altitude values corresponding to CF are the most dispersed,
indicating the widest range of altitude distribution.
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Figure 8. The altitude distribution grouped by coniferous forest (CF), broadleaf forest (BF), and mixed
conifer-broadleaf forest (MCBF) in Global Ecosystem Dynamics Investigation (GEDI) and Climate
Change Initiative (CCI) biomass data. The sample numbers for CF, BF, and MCBF in GEDI biomass
data are 16, 114, and 12, respectively, while the corresponding sample numbers for CCI biomass data
are 27,190, and 25.

The accuracy metrics demonstrate a consistent pattern across various forest types
(Figure 9). According to the RMSE, MAE, SD, and rRMSE, both products exhibit superior
performance in MCBEF, followed by BF, with CF showing the lowest accuracy. Notably, the
rRMSE for BF in CCI biomass data is marginally higher than that for CF. In terms of the
bias, both products reveal a negative bias across all three vegetation types, indicating a
tendency for underestimation. The trend of underestimation for CF and BF in CCI biomass
data is particularly pronounced. Generally, GEDI biomass data outperforms CCI biomass
data in evaluating the three vegetation types. The range and accuracy of the products vary
with forest types and altitudes, providing a basis for product improvement.
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Figure 9. Evaluation results of coniferous forest (CF), broadleaf forest (BF), and mixed conifer—
broadleaf forest (MCBF) in Global Ecosystem Dynamics Investigation (GEDI) and Climate Change
Initiative (CCI) biomass data. The sample numbers for CF, BF, and MCBF in GEDI biomass data are
16, 114, and 12, respectively, while the corresponding sample numbers for CCI biomass data are 27,
190, and 25.

4. Discussion
4.1. Effects of Field Data on Evaluation and Production of AGB Products

Whether for product evaluation or production, the process relies on high-quality field
data, including characteristics such as area size, number, investigation date, and accessibility.
This study indicates that the evaluation errors introduced by the scale mismatch of sample
plots and product pixels are reduced following the removal of sample plots with non-
representative. Comparing the accuracy and uncertainty of global AGB product with
different sizes of sample plots, Araza et al. [26] found that as the area of sample plots
increased, measurement errors decreased significantly. Spatial representativeness analysis
of leaf area index (LAI) site observations demonstrated that utilizing all ground station
data for evaluation results in lower accuracy compared to ground station data with high
spatial representativeness [55]. These findings underscore the necessity of conducting
spatial representativeness analysis and selecting appropriate sample plots prior to product
evaluation. In comparison to earlier studies, the study proposed composite and quantitative
evaluation methods to select representative sample plots, thereby enhancing the reliability
of product evaluation.

Regarding the sufficiency of the sample plots in the study, the margin of error (MOE)
with Cochran’s [56] standard formula for proportion estimation under simple random
sampling was estimated, assuming p = 0.5 (worst-case variance) and a 95% confidence level.
The MOE is well below the +10% threshold recommended by Global Forest Resources
Assessment (FRA) 2020 [57] and China’s Technical Guidelines for the Ninth NFI [58],
confirming that our sampling design is statistically sound and representative.

This study conducted extrapolation to address temporal inconsistency between sample
plots and products. Uncertainties can be introduced, arising from model estimations and
forest disturbances. Sample plots that have experienced significant changes due to natural
and anthropogenic disturbances, as identified through the application of time series meth-
ods such as Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr)
and Vegetation Change Tracker (VCT) [59,60], should not be utilized for product evaluation.
The study area is predominantly covered by natural forests, where forest-related natural
disasters are minimal. Since the implementation of the Natural Forest Protection Project in
1998, human interference with forests has been limited. Consequently, this study did not
identify any disturbances in the sample plots, and adopted a standardized extrapolation
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method based on natural forest growth [43,61]. Nevertheless, temporal extrapolation may
introduce uncertainty resulting from model simplification, inter-individual tree variability,
or unreported disturbances. More temporally consistent field data, as well as the considera-
tion of environmental factors and forest disturbance, would help minimize the uncertainty
arising from temporal extrapolation of sample plots.

The estimation model of CCI biomass data utilizes NFI reports as ground reference
data, without directly incorporating sample plot data [62]. This aggregated statistical data
provides a certain degree of sampling accuracy at the national or regional level. However, at
a smaller pixel scale, regional statistical data fails to adequately represent the characteristics
of specific individuals, leading to limitations in pixel-scale accuracy. Additionally, the
estimation of CCI biomass data relies on satellite LIDAR data, while GEDI biomass data
utilizes ground sample plots and airborne LiDAR data [63]. Sample plot data provides
higher accuracy at the pixel scale compared to statistical data, while airborne LiDAR offers
higher accuracy than satellite LIDAR. Consequently, GEDI biomass data has an advantage
over CCI biomass data regarding input data, which influences product accuracy at the
pixel scale. Furthermore, the limited availability of field data for modeling GEDI and CCI
biomass data in China adversely affects the accuracy of these products across the country.

4.2. Bias of AGB Products

AGB products deviate from actual conditions, which affects the data usage and the
technical support they provide to users. The study indicates that both AGB products
tend to be overestimated in the range of <50 Mg/ha, and underestimated in the range of
>50 Mg/ha. Particularly in high-biomass areas where AGB values exceed 200 Mg/ha,
these products exhibit the largest negative bias and a more pronounced underestimation.
Avitabile et al. [24] revealed that product values were overestimated in the low-biomass
range, while being underestimated in the mid- to high-biomass range. Additionally, Jia
et al. [64] observed that the GEDI L4A product generally underestimated biomass at 12 of
the 19 National Ecological Observatory Network sites. These discrepancies may arise from
overestimation in sparse forest areas, where satellite images fail to accurately represent the
discontinuities in actual forest cover [65]. Furthermore, trees in these areas typically have
smaller diameters and heights, leading to a mismatch between the signal strength detected
by satellite sensors and the actual biomass density. Conversely, the underestimation may be
attributed to signal saturation in optical and shortwave radar sensors within high-biomass
dense forests, as well as the conservative estimation principles employed by the algorithms,
which are unable to accurately reflect the true conditions in these high-biomass regions [62].

Data fusion techniques that integrate multiple remote sensing sources, including SAR,
LiDAR, hyperspectral, and optical imagery can exploit complementary information to
address sensor-specific limitations in AGB inversion [66—68]. The implementation of new
observation techniques will further enhance the estimation accuracy of key biomass factors.
For example, the BIOMASS satellite launched by ESA in 2025 is the world’s first earth
observation satellite equipped with P-band synthetic aperture radar (SAR). The penetra-
tion ability of P-band radar is significantly better than C-band and L-band, enabling it
to observe trunks and branches deep within the tree canopy [69]. The advanced edge
computing module, laser radar and high-definition video sensors carried by the under-
growth autonomous obstacle avoidance UAV can accurately capture information about
vegetation in and beneath forest canopy [70-73]. To address the saturation issue commonly
encountered in biomass estimation in high-biomass regions, several approaches beyond
the aforementioned observation methods can be considered. Red-edge spectral bands,
which are sensitive to canopy structure and chlorophyll variation [74], can significantly
improve biomass estimation accuracy. In addition, texture features extracted from high-
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resolution optical imagery are effective in capturing canopy structural heterogeneity [75].
Specific vegetation indices, such as the Saturation Mitigated NDVI (NDVIsm), Modified
Triangular Vegetation Index 1 (MTVI1), and Modified Non-Linear Vegetation Index (MNLI)
have demonstrated strong performance in detecting subtle variations in dense and healthy
vegetation [76,77]. Integrating these key factors can help mitigate saturation effects in
high-biomass environments.

4.3. Adaption of Innovation and Applicability

This study draws on flux footprint and single-point observations to investigate spa-
tial representativeness at the pixel scale [34-39]. When employing these observations to
evaluate remote sensing products, a scale mismatch arises between site observations and
remote sensing estimations, as demonstrated in this study. Following adaptive adjustments,
the study applies these insights to evaluate the spatial representativeness of sample plots
for AGB product pixels. To assess vegetation heterogeneity and diversity, this study es-
tablished three indicators, utilizing high-resolution NDVI and CLCD as intermediaries,
effectively reflecting the spatial heterogeneity of biomass within pixels. Additionally, the
CRITIC method was utilized to grade plot representativeness, ultimately achieving objec-
tive and accurate assessment results. Notably, this study did not utilize texture and terrain
indicators, nor did it employ the conventional entropy weight method. The reason lies
in the fact that the three statistical indicators possess clear physical meanings, facilitat-
ing the understanding of spatial variations. In contrast, geostatistical and texture feature
parameters exhibit ambiguous physical meanings and lack direct correspondence with
geographical phenomena. Additionally, topography influences vegetation distribution
characteristics; thus, changes in vegetation features are already reflected through variations
in the three indicators. Compared to the entropy weighting method, the CRITIC method
overcomes significant limitations, such as its exclusive reliance on data dispersion, neglect
of inter-indicator correlations, and high sensitivity to outliers [54].

This study was conducted in Jilin Province. However, the proposed spatial representa-
tiveness analysis system and AGB product evaluation framework are methodologically
universal. The indicators are derived from high-resolution NDVI and land cover data,
which are widely available globally, thereby enhancing the universality of the method
concerning fundamental data. Nonetheless, some adjustments are necessary when apply-
ing this framework to other ecological regions. For example, (1) in tropical rainforests,
characterized by higher species diversity and more complex forest structures, it is neces-
sary to increase sample density when applying this framework to better capture spatial
heterogeneity. Due to the multilayered vertical structure of such ecosystems, spatial rep-
resentativeness indicators should be derived not only from NDVI, but also from datasets
that reflect three-dimensional vegetation structures, such as high-resolution canopy height
maps or vertical plant area index (PAI) profile products, to enhance the applicability. (2) In
arid forest ecosystems, especially plantations with sparse or patchy vegetation, these indi-
cators should be adapted to include vegetation indices that are more suitable for dryland
conditions, improving the sensitivity and discriminative power of the assessment. For
instance, the Modified Soil Adjusted Vegetation Index (MSAVI) introduces a soil brightness
correction factor to reduce bare soil interference, while the Red-Edge NDVI (RENDVI783)
takes advantage of Sentinel-2 red-edge bands to improve monitoring of vegetation phys-
iological conditions. It should still be noted that the specific conclusions regarding the
evaluation of GEDI and CCI biomass data are influenced by regional characteristics such
as specific forest structures, topography, and climatic conditions. Consequently, while the
evaluation methods are transferable, it is essential to conduct corresponding evaluations
for different ecological regions in order to derive appropriate conclusions.
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5. Conclusions

This study evaluates the accuracy of AGB products, specifically GEDI and CCI biomass
data in the context of discrepancies related to plot size and product scales. Additionally, it
investigates the applicability of these products in Jilin Province, Northeast China. A spatial
representativeness analysis and a comprehensive assessment of sample plots were devel-
oped. The selected representative sample plots were designed to accurately reflect the true
values at the corresponding pixel scale to the greatest extent possible. The accuracy metrics
demonstrated better performance when using representative plots compared to all plots,
indicating that spatial representativeness analysis enhances the reliability of evaluation
results by addressing the issue of insufficient reference data corresponding to product pix-
els. Furthermore, estimation errors, systematic biases, and uncertainties were identified to
evaluate the applicability of AGB products under various conditions, providing a reference
basis for understanding product characteristics and enhancing product quality. The sample
optimization method employed in this study is applicable not only to product evaluation,
but also to product production, offering technical support for the development of higher
quality and more reliable AGB products. The recently launched satellites for detecting
forest ecosystem structural parameters, such as ESA’s BIOMASS and China’s Terrestrial
Ecosystem Carbon Inventory Satellite (TECIS), will facilitate more diversified biomass
estimation and the development of upcoming AGB products. Therefore, conducting this
research in this context holds significant reference value for the near-future production of
AGB products, thereby providing a solid foundation for global climate change research.
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