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Abstract: The accurate estimation of forest above-ground biomass (AGB) is vital for monitoring
changes in forest carbon sinks. However, the spatial heterogeneity of AGB, coupled with inherent un-
certainties, poses challenges in acquiring high-quality AGBs. This study introduced a bias-corrected
ensemble machine learning (ML) algorithm for AGB downscaling that integrated a ML for AGB map-
ping with another for residual mapping. The accuracies of six bias-corrected ensemble ML algorithms
were evaluated at resolutions of 0.05°, 0.025°, and 0.01°. Moreover, a step-by-step downscaling
(SBSD) method was introduced, utilizing bias-corrected ensemble ML algorithms to downscale AGB
from 0.1° to 0.05°, 0.025°, and 0.01° resolutions and was compared with the direct downscaling
(DD) at three scales. A comparative analysis was conducted in the Daxing’anling Mountains and
Xiaoxing’anling Mountains. AGB and corresponding uncertainty maps at three scales were generated
using SBSD. The results showed that the efficacy of the XGBoost-based AGB model combined with
the random forest-based residual correction model was superior. Spatial patterns in AGB maps
generated by SBSD and DD were found to be similar. Notably, SBSD yielded enhanced accuracy
in the Daxing’anling Mountains with complex topography, while both performed comparably in
the Xiaoxing’anling Mountains with milder topography, highlighting SBSD’s advantages in high
heterogeneity areas.

Keywords: ensemble machine learning; above-ground biomass; step-by-step downscaling

1. Introduction

The accurate estimation of above-ground biomass (AGB) in forests is essential for ad-
dressing climate change, planning forest management, and promoting sustainable develop-
ment [1-3]. Remote sensing techniques have been extensively used for AGB estimation [4].
With the aid of machine learning (ML) algorithms, many AGB products are generated using
data from multiple satellites at local or global scales [5]. These published studies predomi-
nantly employed upscaling methods, which first compiled field biomass and subsequently
utilized satellite data for comprehensive wall-to-wall mapping. However, generating high-
resolution AGB maps through upscaling methods necessitates a substantial number of
training samples from field data, posing challenges in data acquisition. Additionally, the
spatial resolution of the resulting AGB map is constrained by the size of the study plot.
Spatial downscaling techniques offer a viable solution to these challenges. In contrast
to upscaling methods, downscaling approaches do not demand an extensive number of
training samples from field data [6,7]. Furthermore, they mitigate spatial discrepancies
between field measurement and satellite data.

Spatial downscaling techniques have been widely used in various fields such as
the retrieval of high-resolution soil moisture and climate data [8,9]. Although many
methods have been proposed for downscaling such as statistical downscaling and super-
resolution, published studies mainly employed the statistical downscaling method owing
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to its low computational complexity and high model interpretability [10,11]. The statistical
downscaling method is implemented by initially establishing statistical models between
coarse-resolution target variables and predictors [12]. Subsequently, downscaled maps were
generated using the established model and finer-resolution predictors [13]. Until now, there
have been few studies dedicated to downscaling forest AGB. Wang and Sun [14] utilized
multi-scale geographically weighted regression (MGWR) to downscale AGB from 30 m to
15 m. However, the statistical downscaling method operates under the assumption that a
model developed at a coarser resolution can be applied to finer resolutions, a premise that
may deviate from reality. As the scale difference increases, the validity of this assumption
will diminish, particularly in complex regions characterized by high heterogeneity [15].
To mitigate the impacts of the assumption that estimation models are scale invariant, we
introduced the stepwise downscaling method. This approach involves defining multiple
intermediate resolutions between the initial resolution and the target resolution. For
each intermediate resolution and the final target resolution, spatial downscaling models
are employed.

An additional critical aspect of spatial downscaling pertains to the disaggregation of
residuals at coarser resolutions, which cannot be explained by models, into finer resolutions.
In many studies, all finer pixels within each coarser-resolution pixel are assigned a constant
value equal to the residual of the corresponding coarser-resolution pixel. However, this
approach may result in to the manifestation of the ‘boxy artifact,” which indicates that the
low-resolution grid is still apparent in the finer resolution disaggregated images [16]. In
addition, the spatial variability present at higher resolutions due to variations in AGB has
not been taken into account by constant residuals derived at lower resolutions. To address
this issue, some studies employed spline tension interpolation [17] or the artificial neural
network model [18] to generate a residual map. In this context, we drew inspiration from
bias-corrected ML algorithms [19] and examined the efficacy of ensemble ML algorithms
in modelling residuals. Liu and Sun [20] utilized multivariate linear stepwise regression
and power function methods to downscale AGB from 1 km to 30 m resolution, indicating
that the nonlinear regression method is more adept at capturing the nonlinear relationship
between AGB and auxiliary variables. ML algorithms which have been demonstrated
to perform well in nonlinear modeling and AGB estimation [21] were incorporated for
downscaling in this study. Our investigation focused on assessing the performance of ML
for AGB and residual mapping, along with identifying optimal combinations for AGB
downscaling—serving as one of the primary objectives of this study.

To summarize, the objective of this study is to formulate an optimal SBSD method
based on ML algorithms. The specific research contributions included: (1) the development
of dual MLs for downscaling, with one ML dedicated to AGB mapping and another
to residual mapping; (2) the comparison of various ML combinations to determine the
optimal MLs for AGB downscaling; (3) the implementation of the SBSD method to mitigate
the impacts of the scale-invariant hypothesis while generating multi-scale forest AGB
maps; and (4) the comparison of the SBSD method with the traditional direct downscaling
(DD) method to assess the efficacy of the SBSD method in contrast to the traditional
DD technique.

2. Data and Methods
2.1. Study Area

Northeastern China is an important timber production base of the country, contribut-
ing to approximately 46% of the total forest biomass in China [22] (Figure 1). Geographically,
it spans from longitude 115°32’ to 135°09’E and latitude 38°42’ to 53°35’N, encompass-
ing the provinces of Heilongjiang, Jilin, and Liaoning, as well as the eastern part of the
Inner Mongolia Autonomous Region. The study region belongs to a temperate continen-
tal monsoon climate, with the mean precipitation of 250-1100 mm and temperature of
—4-11.5°C [23].
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Figure 1. Study area. Red rectangular box labeled X represents a section of Xiaoxing’anling Mountains.
Blue rectangular box labeled D represents a section of Daxing’anling Mountains. Background map
shows spatial distribution of tree cover in study area.

The diverse forest ecosystems within the region include warm temperate deciduous
broadleaf forests with Korean pine (Pinus koraiensis Sieb. Et Zucc.) as the representative
species, temperate coniferous and broadleaf mixed forests with Dahurian larch (Larix
gmelinii Rupr.) andWhite Brich (Betula platyphylla Suk.) as the dominant species, and boreal
forests with Mongolian pine (Pinus sylvestris var. mongolica Litv.) as the dominant species.
These ecosystems are predominantly distributed across three distinct forest regions: the
Daxing’anling Mountains, Xiaoxing’anling Mountains, and Changbai Mountains, each
covering forest land areas of 15.0, 6.0, and 13.6 million hectares, respectively [24].

2.2. Coarse-Resolution Forest AGB Data

Global AGB maps for the years 2000, 2008, 2010, and 2017, at a resolution of 0.1°,
were obtained from https://doi.org/10.6084/m9.figshare.18393689.v1, accessed on 12 June
2023 [25]. The accuracy of the AGB maps closely matched the plot AGB values from
the National Forest Inventory in terms of the mean difference and root mean squared
difference [26]. Additionally, they also provided baseline AGB values [27]. We used
the global AGB map for the year 2010 as the base map for forest AGB downscaling.
The base forest AGB map is a bias-corrected AGB map, which originated from a syn-
thesis of spaceborne synthetic aperture radar (SAR), LiDAR, and optical remote sensing
data [28]. The uncertainty associated with the original map was assessed using field AGB,
and Random Forest (RF) was employed to model the bias. The bias was subsequently
used to correct the generated AGB map from Santoro, Cartus [28]. The coarse-resolution
AGB map exhibited values ranging from 0.00 to 136.25 Mg/ha, with an average AGB of
20.24 Mg/ha.
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2.3. Remote Sensing Data

In accordance with findings from prior research, forest AGB was correlated with
various remote sensing parameters, including Nadir bidirectional reflectance distribu-
tion function adjusted reflectance (NBAR), net primary productivity (NPP), vegetation
continuous fields (VCF), and land surface temperature (LST) [29,30]. In this study, fea-
tures were extracted from the Moderate Resolution Imaging Spectroradiometer (MODIS)
NBAR product at a resolution of 500 m (MCD43A4) [31], annual NPP (MOD17A3HGEF) at
500 m resolution [32], the VCF product (MOD44B) at 250 m resolution [33], and LST data
(MOD11A2) at 1 km resolution [34] for the year 2010, serving as predictors of forest AGB.

Additionally, we computed the enhanced vegetation index (EVI) and normalized
difference infrared index for Band 6 (NDIIB6) from MODIS NBAR data, both considered
predictors of forest AGB [35,36].

NIR — red
EVI =25 x NIR+ 6 x red — 7.5 x blue + 1 W
NIR — SWIR2
NDIIB6 = NIR + SWIR2 @

To mitigate the impact of clouds on LST quality, cloud-affected pixels were excluded
based on ‘QC’ flags [37]. To incorporate temporal information from MODIS data [38],
percentiles (10th, 25th, 50th, 75th, and 90th) of reflectance, EVI, NDIIB6, and LST were
included in the downscaling of forest AGB.

Considering their established correlations with forest AGB [30], the forest canopy
height [39], climatological predictors, and topographic predictors were also integrated.
Monthly precipitation and temperature data at 0.0083333° (~1km) resolution were obtained
from the National Earth System Science Data Center, National Science and Technology
Infrastructure of China (http://www.geodata.cn, accessed on 18 July 2023) [40]. Annual
mean temperature and annual cumulative precipitation data for the year 2010 were calcu-
lated. Elevation and slope data were obtained from the Global Multi-Resolution Terrain
Elevation Data 2010 (GMTED2010) product at 7.5 arcsec (~250 m) resolution [41].

The detailed description of these predictor variables is shown in Table 1.

Table 1. Lists of predictor variables used in study.

Predictors Spatial Resolution Temporal Resolution
NPP 500 m Yearly

VCF 250 m Yearly

LST 1000 m 8 days

EVI, NDIIB6 500 m 16 days

Reflectances 500 m 16 days

CH 1000 m Yearly

Precipitation, Temperature 1000 m Yearly

Elevation, Slope 250 m Yearly

The tree cover map, provided by Hansen and Potapov [42] at 0.0025° resolution and
obtained from the Global Forest Watch platform (http://www.globalforestwatch.org/,
accessed on 12 August 2023), was aggregated to the 0.01° resolution. Pixels with tree
cover less than 10% at the 0.01° resolution were defined as non-forest and excluded from
the analysis.

2.4. Methods

In this section, we describe the proposed algorithm for AGB estimation and two
downscaling methods (Figure 2).
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Figure 2. (a) Flowchart detailing downscaling process for AGB; (b) flowchart of SBSD method;
(c) flowchart depicting DD approach.

2.4.1. Bias-Corrected Ensemble ML Algorithms for AGB Mapping

Figure 2a illustrates the flowchart depicting the spatial downscaling process for AGB
estimates. The key steps were as follows:
(1) Predictor aggregation and coarse-resolution modeling in (3):
Predictors were aggregated to coarser resolution (e.g., 0.025°, 0.05°, and 0.1° in this
study) through averaging. ML algorithms were applied to model AGB at coarse resolutions.
The AGB model describes the relationship between the predictor variables and the target
AGB at the coarse scale.

R
AGB (COVCR>

where f§& represents the AGB model at the coarse scale, coveR denotes the coarse-scale
covariates, and AGBSX signifies the reference AGB value at the coarse scale.

ref
)

AGBR

ref —

®)

Estimation of forest AGB at coarse resolutions in (4) and (5):

The trained model was employed to estimate forest AGB at coarse resolutions. Resid-
uals, representing the unexplained portion by ML models, were derived by calculating the
difference between reference AGB and estimated AGB based on ML models.

AGBE = 58 (cov ™) @
Res“R = AGBX — AGBY (5)

where AGBSR represents the estimated AGB value at the coarse scale and Res“R represents
the AGB residual value at the coarse scale.

(8) Residual modeling based on ML algorithms in (6):

The inputs of residual modeling included predictors of AGB and forest AGB at coarse
resolutions [19].

(6)

ref

Res R = f%fs (COVCR, AGBCR)

where 3K is the residual model at the coarse scale.
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(4) Downscaling to finer resolutions in (7)—(9):

Under the assumption of scale invariance, forest AGB at finer resolutions was es-
timated based on the AGB model developed in step (2) and AGB residuals were from
the AGB residual model developed step (3). The derived high-resolution AGB should be
corrected using the AGB residual. The downscaled AGB was calculated as the sum of
estimated AGB and AGB residuals at a finer resolution.

AGBES = f58; (cov™) @)
Res™® = R (COVFR, AGBS&) 8)
DAGB™ = Res™ + AGBER )

where AGBER is indicative of the estimated AGB value at the fine scale, Res™® signifies the
fine-scale residual value, and DAGB!™® represents the downscaled AGB at the fine scale.

As shown in step (4), the proposed method utilized the high-resolution residuals
derived from the ML algorithms to correct the high-resolution AGB. The downscaled AGB
was not affected by “box artifacts”, since the approach does not assume that the contribution
to the residuals by the fine-resolution pixels constituting the coarse-resolution pixels is
constant. Meanwhile, the residual model, by incorporating multiple predictor variables
such as AGB, topography, etc., could capture complex nonlinear statistical relationships
and enhance certain spatial details.

In this study, ensemble ML algorithms RF and XGBoost were employed for AGB and
AGB residual modeling. RF, a tree-based ensemble algorithm utilizing subsamples and
a random subset of features [43], exhibits excellent performance in estimating AGB [44].
XGBoost, a boosting algorithm that transforms weak learners into strong learners by
increasing the weights of samples with errors in multiple iterations, has proven effective for
AGB retrieval [44,45]. The multilayer perceptron (MLP) has been recognized as a reliable
model for forest AGB estimation [46]. To identify optimal models for AGB downscaling,
we compared the performance of RF, XGBoost, and MLP for AGB modeling, as well as the
performances of RF and XGBoost for residual modeling.

To reduce the impacts of spatial averaging effect on downscaled results, AGB correc-
tion based on tree cover was implemented. Specifically, tree cover data from Hansen and
Potapov [42] were aggregated to coarse resolution, and AGB was divided by tree cover.
The tree cover-corrected forest AGB data, serving as the reference AGB, were utilized to
establish the AGB model and validate the accuracy of the estimated AGB.

2.4.2. Proposed Step-by-Step Spatial Downscaling Method

When there is a large difference in spatial resolution between fine-resolution predictor
variables and coarse-resolution AGB, the assumption of scale invariance is difficult to
satisfy. A significant limitation of the downscaling method, particularly when employing
ML algorithms, lies in the presumption that the model developed in step (1) remains
applicable across diverse spatial scales. The training data, utilized to develop the model at
a coarse scale, essentially averages out the spatial variability present. Consequently, as the
gap in spatial resolutions between the fine-scale predictor variables and the coarse-scale
AGB widens, the downscaled AGB does not accurately characterize the spatial distribution
of the AGB, especially in areas with high spatial heterogeneity. Given that ML algorithms
tend to struggle with predicting datasets that fall outside the range of training data, coarse-
resolution models are unlikely to effectively incorporate the finer spatial details.

In order to mitigate the potential impact of the assumption that the AGB model is
scale-invariant, we introduced the SBSD method (Figure 2b). This method substantially
enhanced the spatial resolution of AGB with high accuracy via a series of small-scale
spatial resolution downscaling steps. Throughout the operation of the SBSD method, each
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downscaling phase integrated finer predictor variables into the models. Consequently,
this methodology enhanced the accuracy in capturing the relationship between AGB and
predictor variables.

In this research, the SBSD method involved downscaling the AGB from the origi-
nal 0.1° resolution to 0.05°, then further to 0.025°, and ultimately to 0.01°, employing
the proposed bias-corrected ensemble ML algorithms. The SBSD method was systemat-
ically evaluated against the conventional DD approach, wherein forest AGB is directly
downscaled from 0.1° to the target resolution of 0.01° (Figure 2c).

2.5. Accuracy Assessment

In this study, we employed the 10-fold cross-validation (CV) method to assess the
performance of the downscaling models. The evaluation metrics utilized included the
coefficient of determination (R?), mean absolute error (MAE), bias, and root mean square
error (RMSE).

The metrics are defined as follows:

N (v, —9.)?

(11)

(12)

(13)

where N represents the total number of test samples, ¥ is the mean of the reference AGB, y
denotes the reference AGB, and § represents the predicted AGB.

3. Results
3.1. Performances of Bias-Corrected ML Downscaling Algorithms for AGB Mapping

Table 2 presents the average performance across 10 runs at 0.1° resolution for each of
the 6 downscaled models. The findings indicated a consistent superior of RF-based residual
models over their XGBoost-based counterparts in terms of RMSE and MAE. Notably, the
XGBoost-RF downscaling model, wherein XGBoost is employed for AGB estimation and
RF for residual modeling, achieved the highest accuracy in AGB estimates at 0.1° resolution.
Conversely, the MLP-XGBoost downscaling model exhibited the lowest accuracy. These
results at 0.1° resolution were also established at resolutions of 0.05° and 0.025° when
employing the SBSD method, underscoring the stability of model performances.

Table 2. Average performance metrics for 10 runs of 6 downscaling models at 0.1° resolution.

Downscaling Model RMSE MAE
. 2 B'
AGBModel  Residual R (Mg/ha) (Mg/ha) fas (Mg/ha)
Model
RE RF 0.84 + 0.01 7.14 +0.22 5.55 4 0.15 0.01 & 0.33
XGBoost 0.84 + 0.01 717 +0.22 5.57 +0.15 0.00 + 0.34
XCB RF 0.85 + 0.01 7.08 4+ 0.24 5.51 + 0.18 0.08 + 0.37
00st XGBoost 0.85 + 0.01 7.08 + 0.24 5.52 4+ 0.18 0.07 + 0.37
RF .80 + 0.01 09 £ 0. 3640.1 044 0.
MLP 0.80 & 0.0 8.09 +0.13 6.36 = 0.13 0.04 + 0.29

XGBoost 0.80 £0.01 8.11 £0.14 6.38 £0.13 0.06 £0.26
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3.2. Downscaled Forest AGB Maps Using SBSD and DD

The ten developed XGBoost-RF models were employed to generate forest AGB maps.
The final downscaled results, shown in Figure 3, were derived as the mean values of the ten
AGB maps, with the standard deviations of the ten generated results utilized to indicate
the uncertainty with the AGB maps (Figure 4). The SBSD method produced multi-scale
AGB maps with spatial resolutions of 0.05°, 0.025°, and 0.01°.

(@) ~ (d) ~
SBSD DD
(0.05°) 0.05°)
50°N 1 50°N-
45°N 45°N
250 500 km 250 500 km
40°N 40°N |
120°E 125°E 130°E 135°E 120°E 125°E 130°E 135°E
(b) x (e) n
SBSD DD
(0.025°) (0.025°)
50°N- 50°N-
45°N 45°N
250 500 km 250 500 km
40°N 40°N
120°E 125°E 130°E 135°E 120°E 125°E 130°E 135°E
() n N
SBSD ® DD
(0-010) (0.010)
50°N 1 50°N -
45°N 45°N
250 500 km 250 500 km
40°N A 40°N+
120°E 125°E 130°E 135°E 120°E 125°E 130°E 135°E

Forest AGB (Mg/ha)

0 10

\ \ | \
20 30 40 50 60 70 80 90 100 110 120

Figure 3. Comparative analysis of multi-scale AGB maps derived by SBSD method and corresponding
aggregated AGB maps obtained through DD method. (a—c) Downscaled AGB using SBSD method at
0.05°,0.025°, and 0.01° resolutions; (d—f) aggregated AGB maps.
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Figure 4. (a—c) Spatial pattern of AGB uncertainties derived by SBSD method at 0.05°, 0.025°,
and 0.01° resolutions. (d) Spatial pattern of AGB uncertainty obtained through DD method at
0.01° resolution.

In order to compare the downscaled AGB results using SBSD and DD, we aggregated
the DD downscaled AGB at 0.01° resolution to 0.025° and 0.05° by averaging. The compari-
son results suggested a consistent spatial distribution of AGB maps generated using SBSD
with those resulting from DD. Higher AGB values were predominantly observed in the
Changbai Mountains and the Xiaoxing’anling Mountains, characterized by dense forest
cover (Figure 1), aligning with findings from previous studies [23,47]. Figure 5 illustrates
the AGB map in the Daxing’anling Mountains, which is one of the areas with complex
topography in the study area. The downscaled AGB maps using SBSD and DD methods
in Figure 5 showed more spatial details than the coarse-scale reference AGB maps. In
addition, at three scales, the AGB maps using the SBSD method were more consistent
with the details observed in the reference AGB map than the conventional DD method.
As shown in Figure 6a—c, the AGB distributions using DD and SBSD exhibited similar
statistical patterns across the three scales. Overall, AGB values at the 0.01° scale were
higher than those at 0.025° and 0.05° scales.
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Figure 5. Magnified perspective of area labeled D in Figure 3. (a) Reference AGB at 0.1° resolution;
(b—d) downscaled AGB using SBSD method at 0.05°, 0.025°, and 0.01° resolutions; (e-g) aggregated
AGB maps.
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Figure 6. (a—c) Histogram of downscaled forest AGB using SBSD and DD methods at 0.05°, 0.025°,
and 0.01° resolutions.
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To examine pixel-level disparities between SBSD results and DD results, AGB differ-
ence maps were obtained at three resolutions (Figure 7a—c). Pixels with difference values
falling within the range of —5 to 5 Mg/ha were categorized as “no change”. The majority of
forest AGB difference values ranged from —10 to 10 Mg/ha (Figure 7d—f). Approximately
52%, 42%, and 38% of the pixels exhibited a difference value between —10 to —5 Mg/ha at
0.05°, 0.025°, and 0.01° resolutions, respectively. Additionally, around 27%, 37%, and 60%
of the pixels have a difference within the range of 5-10 Mg/ha at 0.05°, 0.025°, and 0.01°
resolutions. These findings suggested that at 0.05° and 0.025° scales, in most forest areas,
AGB values obtained through DD were generally higher than those obtained through SBSD.

Conversely, at the 0.01° scale, AGB values obtained through DD were generally lower than
those obtained through SBSD.
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Figure 7. (a—c) Difference maps between AGB obtained through SBSD and corresponding aggregated
AGB maps by DD method at resolutions of 0.05°, 0.025°, and 0.01°; (d—f) pixel frequency histograms
associated with AGB difference.
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Additionally, notable differences in AGB between DD and SBSD were observed across
three resolutions, particularly in regions characterized by high and low elevations. This
emphasizes the significance of complex mountainous terrain in the downscaling of AGB,
as suggested by Wang and Sun [14]. Subsequently, a detailed analysis of AGB difference
maps was conducted in the high-elevation areas of the Daxing’anling Mountains (Figure 8)
and the low-elevation areas of the Xiaoxing’anling Mountains (Figure 9). As shown in
Figure 8, across all three scales, the percentage of positive difference values of difference
was notably higher in high-elevation areas, indicating that the AGB values derived through
SBSD were higher than those obtained through DD in complex mountainous environments.
Furthermore, with an increase in spatial resolution, the percentage of positive values
exhibited an upward trend, highlighting the advantage of SBSD in more complex areas.
As shown in Figure 10, the standard deviations of AGB difference values were the highest
within the elevation range of 800-1000 m, followed by the range of 1200-1500 m. This
pattern may be attributed to the fact that the elevation range of 800-1000 m primarily
encompasses transitional zones between higher and lower elevations. In essence, both in
transitional zones and high-elevation areas, the standard deviations of AGB differences
were higher, indicating greater variation in the AGB difference values. In areas with steeper
slopes, the standard deviations of the AGB difference values were smaller, indicating less
variation in AGB differences. The relatively small AGB differences in the central part of
the region may be attributed to the influence of slope. In flatter terrain, specifically in
spatially homogeneous areas, the percentage of negative difference values was higher at
the 0.05° scale. Although this trend persisted at the 0.025° scale, at the 0.01° scale the
percentage of negative difference values was close to the percentage of positive difference
values (Figure 9). This indicated a diminishing advantage of SBSD in areas characterized
by low heterogeneity.

We conducted a comparative analysis of carbon stocks between the DD and SBSD
methods. The total forest biomass in the northeast region for the year 2010 was calculated
by summing the AGB of all forest pixels. The corresponding carbon stocks were computed
by applying a standardized coefficient of 0.5 (Table 3) [48]. At the initial resolution of 0.1°,
the carbon stock was estimated at 1.438 Pg C. From 0.1° to 0.05° scale, the carbon difference
was 0.036 Pg C and 0.061 Pg C for DD and SBSD methods, respectively. From 0.05° to 0.025°
scale, the carbon difference was 0.072 Pg C and 0.049 Pg C for DD and SBSD methods,
respectively. From 0.025° to 0.01° scale, carbon difference was 0.184 Pg C and 0.180 Pg C
for DD and SBSD methods, respectively. From 0.1° to 0.05° scale, the percentages of the
carbon difference were 2.5% and 4.2% for DD and SBSD methods, respectively. From 0.05°
to 0.025° scale, the percentages of the carbon difference were 5.1% and 3.6% for DD and
SBSD methods, respectively. From 0.025° to 0.01° scale, the percentages of the carbon
difference were 13.8% and 13.6% for DD and SBSD methods, respectively. When the spatial
resolution went from 0.1° to 0.01°, the percentage of carbon differences for DD and SBSD
methods all showed an overall increase. This indicated that when the spatial resolution
increased, the variation of carbon stock also increased. Simultaneously, the forest area was
70.82, 64.97, and 51.4 million ha at 0.05°, 0.025°, and 0.01° scales, respectively. The different
forest areas at three scales were attributed to the effect of mixed forest pixels. At low spatial
resolutions, there were a large number of mixed forest pixels. With the increase in spatial
resolution, non-forest pixels that were counted within forest pixels at the coarse resolutions
were excluded, resulting in progressively smaller forest areas and corresponding smaller
carbon stocks. The SBSD method demonstrated a lower carbon stock difference compared
to the DD method.
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Figure 8. (a—c) AGB difference maps in high-elevation area of Daxing’anling Mountains at 0.01°,
0.025°, and 0.05° resolutions; (d) corresponding elevation map.

Table 3. Corresponding forest carbon storage, forest area, and percentage of difference of downscaled
forest AGB using DD and SBSD methods at various resolutions.

. Carbon Storage Forest Area The Percentage (%)
Method Resolution (Pg O (Million ha) of Difference
0.05° 1.377 70.82 0.042
SBSD 0.025° 1.328 64.97 0.036
0.01° 1.148 51.40 0.136
0.05° 1.402 70.82 0.025
DD 0.025° 1.330 64.97 0.051

0.01° 1.146 51.40 0.138
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Figure 9. (a—c) AGB difference maps in low-elevation area of Xiaoxing’anling Mountains at 0.01°,
0.025°, and 0.05° resolutions; (d) corresponding elevation map.
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4. Discussion
4.1. Uncertainties of AGB Estimates by Using Spatial Downscaling

Methods based on remote sensing data for AGB estimation still have substantial
uncertainties [49,50]. Uncertainty analysis is considered a crucial tool to determine factors
influencing the performance of downscaled models, enabling model optimization [51]. The
sources of downscaled AGB uncertainty at each scale emanates from errors in the input data
and downscaled models employed [6,52]. In this study, the 10-fold CV is used to quantify
model uncertainty. The uncertainty of input data, including errors in input AGB, can affect
the accuracy of the downscaled AGB results, but has not been considered [6]. Previous
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studies predominantly addressed input data uncertainty through the error propagation
method [53,54].

Furthermore, within the SBSD process, errors can propagate from the initial level to
the final level, affecting the accuracy of downscaled AGB. In response, we addressed the
errors in the input data of the downscaled model at subsequent levels through residual
correction applied to the predicted AGB at the previous level and correcting the downscaled
AGB at the previous level using tree cover data, contributing to error mitigation in the
SBSD framework.

Figure 4 presents the spatial distribution of multi-scale forest AGB uncertainty maps in
Northeast China. High uncertainties were observed in the high AGB areas, consistent with
results of previous studies [50]. The AGB uncertainty employing SBSD at the 0.05° scale
and the AGB uncertainty employing DD at the 0.01° scale demonstrated close similarity
due to the fact that the main component of both was the model uncertainty at the 0.1° scale.
With the increase in resolution, the AGB uncertainties employing SBSD diminished. This
reduction was because the SBSD method involves multiple residual corrections, which
effectively reduced the model uncertainty at each resolution.

4.2. Performances of Bias-Corrected ML Downscaling Algorithms

In this study, the bias-corrected ML downscaling algorithm proposed consists of the
AGB model and residual model. We explored the performances of six ML combinations in
estimating forest AGB. Our results suggested that the four tree-based ML combinations,
including XGBoost-RF, XGBoost-XGBoost, RE-XGBoost, and RF-RF algorithms, demon-
strated similar accuracies in terms of estimated AGB. In contrast, the prediction accuracies
of the MLP-XGBoost and MLP-RF models were lower. This discrepancy can be attributed
to the inherent instability and heightened sensitivity of the MLP algorithm to the training
dataset, consistent with the results of Zhang et al. [21]. Some published results have also
showed bias correction methods based on tree-based ML models outperformed other bias
correction methods [55]. He and Chaney [56] found that the performance of a double RF
for downscaling precipitation was superior compared to a single RE. Therefore, considering
different combinations of ML algorithms can optimize performance when determining the
most suitable ML algorithm combination.

4.3. Advantages and Limitations of the Stepwise Spatial Downscaling Method

In general, the SBSD method outperformed the DD method in terms of the accuracy of
AGB downscaling. This discrepancy can be attributed to the SBSD method’s incorporation
of intermediate resolutions and a great number of downscaling processes compared to the
DD method. The scale difference between these processes is smaller in the SBSD approach
than in the DD process. Moreover, the SBSD method involves multiple residual correction
processes. In the DD process, the substantial scale difference between the initial resolution
and the target resolution may lead to information loss, resulting in suboptimal accuracy of
the residuals from the residual models. However, the relatively small-scale difference in
the SBSD method reduces the impacts of scale invariance assumption, thereby enhancing
the accuracy of residual models obtained from each resolution.

In spatially complex regions with high heterogeneity, the SBSD method was more
advantageous than the DD method. This phenomenon can be attributed to the greater
residual accuracy of the SBSD method in complex regions and the fact that it is more adept
at capturing spatial information through multiple residual correction processes. In spatially
homogenous regions, the advantage of the SBSD method weakened. This is due to the fact
that the impact of the scale invariance assumption was reduced, resulting in the residual
accuracy of the DD method was close to that of the SBSD method.

Furthermore, at 0.05° and 0.025° resolutions, the carbon stock of the DD method
slightly exceeded that of the SBSD method. However, it remained lower than that valued
derived from the TRIPLEX 1.0 model (1.4-1.6 Pg C) [57] and the 1.55 Pg C estimate using
GLAS and MODIS Data [58]. At the 0.01° scale, the carbon stock values from both methods
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approached the value of 1.045 Pg C obtained using the biomass-volume model proposed
by Wei and Yu [59]. It is important to note that differences in forest definitions across these
studies may introduce uncertainties in forest carbon stock estimates.

It is noteworthy that the downscaling model exhibited a tendency to underestimate
high biomass values. This discrepancy may come from the intricate structure of forests
and spectral saturation of optical remote sensing images, resulting in estimation errors in
high biomass areas. Future improvements could involve Radar and LiDAR data for AGB
downscaling algorithms to enhance the accuracy of downscaling models. Additionally,
deep learning, including convolutional neural networks, offers innovative avenues to
invert downscaling products, presenting opportunities to enhance model performance.
Finally, careful consideration of the setting of intermediate resolution sequences in the
SBSD method is crucial, as it directly impacts model accuracy. Future research should focus
on selecting the most appropriate intermediate resolutions based on different scenarios,
ensuring the refinement and optimization of the SBSD methodology.

5. Conclusions

In this study, we introduced bias-corrected ensemble ML algorithms and conducted
a comprehensive comparison of six such algorithms at resolutions of 0.05°, 0.025°, and
0.01°. The findings revealed that the XGBoost-RF downscaling model exhibited greater
accuracy in predicting AGB prediction at all three scales. Additionally, we proposed
the SBSD framework based on bias-corrected ensemble ML algorithms and compared it
with the DD method. The results suggested that the SBSD method outperformed the DD
method and was more suitable for downscaling studies of AGB in complex terrain regions,
while the downscaled AGB results using DD and SBSD were closely aligned in spatially
homogeneous regions. Moreover, the SBSD method demonstrated a smaller carbon stock
difference compared to the DD method.

Furthermore, we employed the optimal SBSD method to generate forest AGB maps
and associated uncertainty maps for 2010 at resolutions of 0.05°, 0.025°, and 0.01°. The
methodology proposed in this study is applicable to larger spatial scales, such as China or
global regions, and can be readily extended to higher spatial resolutions, representing a
potential avenue for future research.
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