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Abstract

Accurate forest aboveground biomass (AGB) estimation is crucial for global carbon
cycle research. While existing studies have utilized topographic factors in remote
sensing, they often fail to systematically quantify multi-dimensional heterogeneity or
address species-specific responses. This study pioneers the application of the Digital
Elevation Model (DEM) Grid Topographic Heterogeneity Index (DGTHI) — a
composite metric integrating elevation variability, relief, surface roughness, and mean
slope —to enhance AGB inversion models by explicitly accounting for terrain-
vegetation interactions. Using airborne Light detection and ranging (LiDAR) and 8,804
field-measured trees in Mengyin County, Linyi City, Shandong Province, China, we
developed a DGTHI-stratified modeling framework to dissect how topographic
heterogeneity governs species-level AGB estimation accuracy at the county
scale.Results demonstrate: (1) DGTHI outperformed conventional single-factor

topographic corrections, with heterogeneity effects on feature selection following a



species hierarchy: acacia > pine > cypress > poplar; (2) DGTHI-driven stratification
significantly improved model accuracy, increasing R> by 0.08 - 0.17 versus
unstratified models; (3) Spatial AGB patterns (27 - 217 t/ha in May 2023) revealed
southwest — northeast highs and northwest - southeast lows, directly modulated by
DGTHI-mapped heterogeneity. As the first integration of DGTHI into species-specific
AGB inversion, this work provides a transferable paradigm for precision carbon
mapping in topographically complex forests.

Keywords: Aboveground Biomass, Topographic Heterogeneity, DGTHI, Species-
Specific Modeling, LIDAR

1. Introduction

As pivotal components of terrestrial ecosystems, forests serve as the largest carbon
reservoirs, sequestering approximately 45% of terrestrial carbon and playing an
indispensable role in mitigating climate change and regulating the global carbon cyclel!”
31, Aboveground biomass (AGB), encompassing the carbon stored in trunks, branches,
and foliage, is a critical metric for assessing forest productivity, carbon storage capacity,
and ecological functionality!*®!. Accurate AGB estimation is essential for large-scale
forest monitoring, carbon sink quantification, and informing sustainable management
strategies!”*]. Traditional field-based methods, while precise, face limitations in
scalability, cost, and spatial coverage, particularly in remote or topographically
complex regionst!1],

The advent of remote sensing technologies has revolutionized AGB estimation by
enabling efficient, large-scale, and non-destructive assessments!!>!3. Optical remote
sensing leverages vegetation indices (e.g., NDVI, EVI) and spectral signatures to infer

biomass!!4 13!

, while synthetic aperture radar (SAR) exploits backscatter signals
correlated with canopy structure!!®!”). LiDAR, with its ability to capture three-
dimensional forest attributes (e.g., canopy height, vertical structure), has emerged as a
gold standard for high-precision AGB modeling!'®2°l. Despite these advancements, a

critical gap persists: the influence of topographic heterogeneity on AGB estimation



accuracy remains underexplored, particularly in mountainous regions where terrain
complexity introduces significant spatial variability.

Topographic heterogeneity—encompassing variations in elevation, slope, aspect,
and surface roughness — profoundly shapes local microclimates, soil nutrient
distribution, and species-specific physiological adaptations?!??. For instance, deep-
rooted species like Acacia exhibit enhanced drought tolerance on steep slopes, whereas

Pinus optimizes light interception through canopy plasticity®*2!,

Such adaptations
modulate biomass accumulation patterns, yet most remote sensing-based AGB models
oversimplify or neglect topographic effects, leading to estimation biases/?®!. Previous
efforts to enhance accuracy have primarily focused on refining sensor resolutions,
integrating multi-source data, or adopting advanced algorithms (e.g., machine
learning)®’*21. While these approaches improve generalizability, they often fail to
account for the spatially heterogeneous interactions between terrain and forest structure,
limiting their applicability in rugged landscapes.

Recent studies highlight the cascading effects of topography on AGB estimation.
For example, slope and aspect influence solar radiation and moisture availability,
altering canopy spectral reflectance and LiDAR-derived structural metrics®**). Rugged
terrain also introduces geometric distortions in SAR and optical imagery, such as
layover and shadow effects, which degrade signal reliability®*>]. Despite recognition
of these challenges, systematic frameworks for incorporating topographic complexity
into AGB models remain scarce. Most studies either employ simplistic topographic
corrections (e.g., slope normalization) [ or use isolated topographic variables (e.g.,
elevation) as auxiliary inputs!®”), neglecting the integrative role of terrain heterogeneity.
This oversight is particularly problematic in regions like Mengyin County, Shandong
Province, where pronounced relief and diverse tree species necessitate a nuanced
approach to biomass mapping.

To address these gaps, this study proposes an innovative solution. By constructing
the DGTHI, this study has for the first time achieved a comprehensive quantification
of elevation variability, topographic roughness, surface roughness, and average slope,

overcoming the limitations of traditional studies that rely solely on a single topographic



factor. Unlike prior studies that correct for topography using simplified variables (e.g.,
slope normalization) or machine learning without explicit terrain stratification, our
DGTHI provides a physically interpretable, multi-scale metric for partitioning terrain
complexity. Combined with species-specific modeling, this approach directly addresses
the interaction between tree functional traits and heterogeneous landscapes—a critical
gap in current remote sensing paradigms. Specifically, this study employs a DGTHI-
based sample partitioning strategy to effectively enhance model accuracy in complex
terrain areas, providing a new technical approach for precise assessment of mountain
forest carbon sinks. This research framework not only fills the theoretical gap in terrain
heterogeneity studies within remote sensing AGB estimation but also offers the DGTHI
index and classification modelling methods as important references for biomass

estimation in other ecosystems.

2. Study Area and Data

2.1 Study Area

Mengyin County is located in central-southern Shandong Province and
northwestern Linyi City within the Taiyi Mountains and on the shaded side of Mount
Meng. The county spans from 117°45 to 118°15’ east longitude and from 35°27’ to
36°02° north latitude (Fig. 1), has a maximum north—south length of 65.4 km and
maximum east-west width of 45.8 km, and covers a total area of 1601.6 km?. This
county is characterized by significant relief, with a general topography that is higher in
the north and south and lower in the center, sloping gradually from west to east, and
with elevations ranging from approximately 100 m to 1000 m. The 30 m resolution
DEM for Mengyin County is shown in Fig. 2. Species elevation ranges were derived
from 30m DEM zonal statistics of field plots, representing characteristic topographic
niches at the sampling scale.

Mengyin County has complex topographic features, high forest coverage, and
diverse tree species composition!*®*”), thus providing an ideal natural laboratory for

studying the impact of topographic heterogeneity on AGB remote sensing estimation.



Additionally, the relatively homogeneous climatic conditions within the county, such
as temperature and precipitation*”), help minimize other environmental variables that
might affect tree AGB, thereby highlighting the heterogeneous effects of topographic
factors on AGB estimation.
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some sample points.)
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Fig. 2. 30 m Resolution DEM of Mengyin County

To overcome the potential limitations of focusing on a single tree species, we
focused on four dominant tree species in Mengyin County, namely, poplar, pine, cypress,
and acacia, to comprehensively understand the impact of topographic heterogeneity on
estimating the AGB of different tree species. The field survey revealed that the four
dominant tree species (n=8,804 trees) have forest stand structure characteristics as

shown in Table 1 below.



Table 1 Forest Stand Structural Characteristics of Dominant Tree Species in Mengyin

County
Tree
Growth Characteristics
Species
(n=1,105; elevation range: 178 - 414 m): Deciduous broad-leaved trees
exhibiting fast growth rates (mean diameter at breast height (DBH) 28.3
Poplar

+6.1 cm, height 18.7 4.2 m), predominantly distributed in lowland

valleys.

(n=1,773; elevation range: 272 - 617 m): Evergreen conifers with

Pine moderate growth (mean DBH 24.8 5.4 c¢m, height 15.2 = 3.8 m),

adapted to mid-slope arid conditions.

(n=3,889; elevation range: 266 - 364 m): Slow-growing evergreens
Cypress (mean DBH 19.6 =4.7 cm, height 12.5 2.9 m), dominating steep ridges

with shallow soils.

(n=2,037; elevation range: 351 - 434 m): Drought-tolerant deciduous
Acacia  species (mean DBH 26.1 5.9 cm, height 16.8 2=3.5 m), thriving in mid-

elevation slopes.

The narrow elevation range of cypress (266 - 364 m) indicates concentrated
distribution on specific ridge formations, while pine spans the broadest gradient (272 -

617 m), reflecting its wider ecological niche.

2.2 Data

We collected data through on-site measurements from March to December 2023.
Our data included the distribution information for 8,804 trees in Mengyin County, and
we combined backpack-mounted LiDAR point cloud data with field investigation data
to extract the forest feature parameters of the sample plot, construct an AGB inversion
model, and verify the accuracy of this model. We also used airborne LiDAR point cloud
data to extract forest characteristic parameters throughout the county, inputted them

into the inversion model, and extrapolated them to estimate the AGB of the entire



county. Detailed descriptions of these data are presented in Table 2.

Table 2 Description of Research Data

Data type

Data sources and Key

Details

Clarification

Backpack-mounted

LiDAR

Field investigation

DEM

Airborne LiDAR

Topographic data

LiBackpack DG50
(accuracy: =+ 0.03 m;
scanning frequency:
600,000 pts/s)

552 field plots (10 m X
10 m each), with tree
species, DBH, height,
and coordinates

recorded

30 m resolution DEM

from the  National
Geoinformation Service
of

Platform China

(2023)

CityMapper-2L. (planar

accuracy: 0.5 m;
elevation accuracy: 0.08
m; point density: >8
pts/m*)

Monthly 2 m resolution

satellite imagery (e.g.,

Used to collect 3D coordinates of
laser points in the sample plot for

extracting forest feature parameters.

Provided ground truth data for AGB

calculation and model validation.

Chosen for DGTHI calculation due

to its balance between spatial
coverage and computational
efficiency.  Although  airborne

LiDAR could generate higher-
resolution DEM, the 30 m DEM is
sufficient for capturing topographic
heterogeneity at the county scale,

aligning with previous studies! !/,

Provided high-resolution 3D forest

structural data for county-wide

AGB estimation.

Slope, aspect, and elevation were

derived from stereo  satellite




Gaofen-1/6) from imagery wusing photogrammetric

Shandong Province methods.

Remote Sensing Image

Acquisition

Coordination System

Standard plots (10 m X

10 m) from Shandong Monthly AGB data for dominant
Forest inventory  Provincial Natural species in 2023, used to validate

Resource  Monitoring county-level estimates.

Program

3. Methods

3.1 Research Framework

This study employs a four-stage analytical framework (Fig. 3) to systematically

quantify topographic effects on species-specific AGB estimation:
1. Data Preprocessing and Parameter Extraction

Airborne/backpack LiDAR point clouds, field inventories (n=8,804 trees), and 30-
m DEM data were integrated and preprocessed. Forest structural parameters (40 metrics
across point density, height distribution, canopy density, and vertical structure
dimensions) were derived at 10 X 10-m grid resolution, with field-measured AGB
serving as reference values (see Section 3.2).
2. Topographic Heterogeneity Quantification and Stratification

DGTHI was formulated by synthesizing four normalized topographic indicators
(elevation SD, relief, surface roughness, mean slope) with near-equal weighting
coefficients. Sample plots were classified into three heterogeneity tiers
(Low/Medium/High) using Jenks natural breaks optimization based on DGTHI values.
3. Species-Specific Stratified Modeling

Multiple linear regression (MLR) models were developed for each tree species



within each DGTHI stratum. Key predictors were selected through significance
screening (r] > 0.5, p<0.01) and multicollinearity control (VIF < 5), followed by
stepwise regression optimization.
4. Validation and Spatialization

Model robustness was assessed via stratified 5-fold cross-validation (R*/RMSE)
and independent validation against forest inventory data. Optimized models were
applied to county-wide LiDAR-derived features to generate spatial AGB distribution

maps.
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Fig. 3. Schematic Diagram of the AGB Remote Sensing Inversion Technical

Approach



3.2 Forest Factor Extraction

We extracted the tree factors using multi-source remote sensing data and then
calculated the true values of tree AGB and forest characteristic parameters to construct
a comprehensive dataset for the plot-based remote sensing inversion model. We pre-
processed the raw LiDAR point cloud data through attitude correction, noise removal,
coordinate conversion, aerial tape splicing, and systematic error correction to ensure
geometric accuracy and spatial consistency. Afterward, we used the LASTOOLS

software(*4]

for point cloud coarse classification, noise rejection, vegetation
reclassification, point cloud filtering, nDSM generation, and other processing to obtain
the coordinates of uniformity, time uniformity, and noise rejection and to classify clear
and high-precision LiDAR point cloud data, which can be directly used to calculate the
forest characteristic parameters. We used a grid scale of 10 m X 10 m to statistically
analyze and calculate backpack and airborne laser point cloud data and to extract the
forest characteristic parameters within the sample area and the entire county*7],

We categorized these parameters into the following dimensions:

1. Point cloud count-related variables: This dimension includes variables related
to the number of vegetation points in the point cloud, such as total points (P_total) and
first echo points (P_fe).

2. Height-related variables: This dimension encompasses those variables
associated with height percentiles and vegetation height, including height quantile
points (hp), vegetation point height maximum (H_max), and vegetation point height
mean (H _mean).

3. Density-related variables: This dimension includes those variables related to
density percentiles and vegetation density, such as density quartile points (dp) and
constriction (CC).

4. Vertical structure variables: This dimension captures the vertical heterogeneity
of the canopy and includes leaf area density (LAD) and variation of density values of
cumulus leaf profiles (VFP).

Detailed information on the 40 feature parameters and the definitions of each index can be found in Appendix



Table A, and the characteristic parameters that need to be calculated are presented in Appendix Table B along

with their calculation methods.

3.3 DGTHI-Driven Sample Stratification

Based on the quantitative description of spatial heterogeneity in landscape ecology

(48]

and topographic complexity factors'*®), DGTHI is a comprehensive metric that

measures different aspects of DEM raster cell topographic heterogeneity*®). This metric

incorporates the standard deviation of elevations ( 0), relief (RF), surface roughness

(Kg), and mean slope (slope) and applies normalization to these four indicators™!.

The composite index was calculated as!*):

pGTHI, = —Ci—mimted o RE-mintRR) 1)
"7 max{o;} —min{o;} " ' max{RF;} — min{RF;} = " *
Kgr;—min{Kg;} % wa 4 slope,—min{slope,}
3 4

max{Kg;}-min{Kg;} max{slope,}—min{slope,}

where DGTHI; represents the topographic heterogeneity index of the i-th raster
cell, g; is the standard deviation of elevations for the i-th raster cell, min{o;} and
max{o;} denote the minimum and maximum standard deviation of elevations within

the neighborhood, respectively, RF; is the relief of the i-th raster cell, min{RF;) and

max {RF;) denote the minimum and maximum relief within the neighborhood, Kg; is

the surface roughness of the i-th raster cell, min{Kg;} and max{Kg,} denote the

minimum and maximum surface roughness within the neighborhood, slope, is the
mean slope of the i-th raster cell, min{slope,) and max{slope,) denote the minimum
and maximum mean slope within the neighborhood, and i=1,2,3,:**, N denotes the
index of each raster cell.

The contribution weights of the standard deviation of elevations, relief, surface
roughness, and mean slope to DGTHI are w;, w,, w3, and w,, determined by back-
propagation neural network modeling in SPSS v28 (Table 3).

Table 3 Contribution Weights of Different Metrics to DEM Grid Topographic

Heterogeneity

Metric o RF Kr slope




Contribution
24.95 25.19 24.68 25.18
Weight (%)

Spatial derivatives were computed using ArcGIS 10.8's Raster Calculator with 3
X 3 neighborhood analysis. Sample plots (n=552) were stratified into three
heterogeneity tiers via Jenks Natural Breaks optimization applied to DGTHI values.
This non-parametric classification minimizes within-group variance while maximizing

between-group differencest®!l.

3.4 Construction of MLR Model for Different Tree Types and

Species

After extracting 40 forest feature parameters in Section 3.2 and dividing the
sample data into categorized plots based on the DEM raster cell topographic
heterogeneity index in Section 3.3, we used the conventional MLR method™! to
establish regional inversion models for the AGB of four dominant tree species, namely,
poplar, cypress, pine, and locust. The MLR model development followed a structured
three-step workflow:

(1) Variable Screening: For each tree species, we calculated Pearson correlation
coefficients between the 40 forest characteristic parameters (Appendix Table A) and
field-measured AGB. Parameters with |r| > 0.5 and p <0.01 were retained.

(2) Multicollinearity Elimination: We computed Variance Inflation Factors (VIF)
for pre-selected parameters. Variables with VIF > 5 were iteratively removed to avoid
overfitting (e.g., hp_95 and hp 75 exhibited VIF = 7.2 in pine models).

(3) Stepwise Regression with Backward Elimination: Using SPSS v28, we
employed a stepwise MLR approach (p-entry = 0.05, p-removal = 0.10) to optimize
model parsimony. The Bayesian Information Criterion (BIC) was used to select the final
variable combination.

This rigorous process ensured model robustness across heterogeneous terrain

types.



3.5 Model Accuracy Validation

As a widely used method for evaluating the performance of algorithms!>}l, we
adopted standard k-fold cross-validation®* to assess model accuracy. Considering the
sample size, we set k to 5 to validate the modeling results derived from field-measured
plots and LiDAR parameters. This evaluation included the estimation accuracy results
for all data from the sample plots, the prediction accuracy results for each DGTHI type,
and the estimation accuracy after summarizing the classified prediction results.

We adopted a stratified 5-fold cross-validation (k=5) to evaluate model
generalizability. Sample plots were partitioned into five subsets of equal size (n = 110
plots per fold), preserving the proportional distribution of DGTHI types and tree species
in each fold. The model was trained on four folds and validated on the remaining fold—
this process repeated five times. Model performance was quantified using:

R2: Coefficient of determination between predicted and observed AGB

RMSE: Root Mean Square Error (t/ha)

Final reported metrics represent the average across all five folds.

4. Results

4.1 DGTHI Stratification Results

4.1.1 Spatial Heterogeneity Patterns

We calculated the DGTHI for the experimental area using Equation (1), and the
distribution is shown in Fig. 4. As shown in Fig. 4 below, it can be seen that the overall

DGTHI values for Mengyin County range from 0-0.96.
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Fig. 4. Distribution of DGTHI in Mengyin County

We eventually obtained the DGTHI values of the grid cells containing 552 sample

plots. When sorted in an ascending order, these values range from 0.015 to 0.290 (Fig.

5).
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4.1.2 Sample Classification

Based on the overall sample size and distribution within each category,Jenks
optimization yielded three distinct tiers (Table 4).

Table 4 Results of Stratification of Topographic Heterogeneity in The Sample Area

Heterogeneity Heterogeneity DGTHI Topographic
Tier Intensity Range Characterization
Type 1 Low 0.015-0.073  Flat terrain, gentle slopes
Moderate slopes, small
Type 2 Medium 0.073-0.146
hills
Steep slopes, ridges,

Type 3 High 0.146-0.290

valleys

Compared with alternative methods (e.g., equal interval or quantile classification),
Jenks optimization better reflects the natural clustering of topographic complexity in

Mengyin County as evidenced by the distinct spatial patterns in Fig. 6.
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4.1.3 Species Distribution

The specific distribution of the sample plot numbers for each tree species and type
is shown in Fig. 7(a), while the number of trees for each species in each DGTHI
category is shown in Fig. 7(b). For all tree species, except for poplar, the DGTHI values
fall within Type 1 and Type 2, with other species having trees present in all DGTHI
types. The distribution of tree species is relatively balanced, thereby meeting the sample
size requirements for classification modeling in the multiple linear regression (MLR)

model.
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Cypress has the largest number of trees, with a total of 187 sample plots (10 m X
10 m each) containing 3889 cypress trees. The number of pine and acacia trees is
relatively similar, with pine present in 151 plots (1773 trees) and acacia in 120 plots
(2037 trees). The number of poplar trees is the smallest but still significant, with 94

plots containing 1105 poplar trees.

4.2 Model Accuracy Comparison Results

Based on the measured plot data and airborne LiDAR point cloud parameters, we
estimated the AGB of the four dominant tree species in Mengyin County using the
DGTHI-based classification and tree-specific modeling approach. The optimal model
fitting accuracy, represented by the coefficient of determination (R?), for each tree
species and different DGTHI value types is shown in Fig. 8. Specific details about each

model can be found in Appendix Table D.



(a) Poplar

0.93

0.89 0.88
0.8 - 0.8 (.81
0.62
0.6 0.58 i 0.6
0.4 i 0.4
0.2 ! 0.2
/
0 0
Type 2

(b) Cypress

All Data Type | Type 3 All Data Type 1 Type 2 Type 3
(c) Pine (d) Acacia
1 1 T
0.8 0.78 {08
0.67 s 0.67
| 0.59
0.6 0.6 0.53 053
04 4 04
0.27
0.2 1 0.2 I
0 - 0 =
All Data Type | Type 2 Type 3 All Data Type 1 Type 2 Type 3
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We then modelled stratification based on elevation, slope, and slope direction,
respectively. We found that the DGTHI-stratified models achieved higher accuracy than
the model based on a single topographic factor across all species (Table 5).

Table 5 Improvement in modelling accuracy of hierarchical modelling by tree species

Tree AR? (DGTHI vs. AR?* (DGTHIvs. AR?> (DGTHI vs. slope
Species elevation) Slope) direction)
Poplar +0.04 +0.12 +0.03
Cypress +0.06 +0.15 +0.05
Pine +0.12 +0.18 +0.09
Acacia +0.15 +0.23 +0.18

4.3 Model Factor Selection Results

The optimal modeling factors selected for the regression models based on different

DGTHI value types for the four tree species are shown in Fig. 9.
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As shown in Fig. 9, the AGB estimation models for different tree species exhibited
significant heterogeneity in feature factor selection. Furthermore, the parameter
selection for the same tree species varied across DGTHI gradients.

For poplar (Fig. 9a), LAl-related parameters (e.g., LAI cv) dominated in low
heterogeneity zones (DGTHI: 0.015-0.073), while the importance of 3D structural
parameters (e.g., VFP_cv) increased substantially in medium heterogeneity zones
(DGTHI: 0.073-0.146).

For cypress (Fig. 9b), LAD parameters (LAD_std, LAD mean) contributed most
significantly to AGB interpretation in medium heterogeneity zones, whereas vertical
structural parameters (e.g., VFP_std) showed the highest weights in high heterogeneity
zones (DGTHI: 0.146-0.290).

Pine models (Fig. 9c) showed a complementary pattern to cypress: VFP_std had
higher contributions in low heterogeneity zones, while LAI parameters (LAI cv,
LAI mean) gained importance in medium heterogeneity zones.

Acacia models (Fig. 9d) displayed a transitional pattern: 2D structural parameters
(e.g., LAI, LAD) dominated in low-to-medium heterogeneity zones (DGTHI<0.146),
while the introduction of VFP parameters enhanced accuracy in high heterogeneity

zones. Acacia also exhibited a higher DGTHI threshold (DGTHI>0.18) for the shift



towards vertical structural parameters compared to poplar.

Classical stand parameters related to height (e.g., hp percentiles) and density (e.g.,
dp percentiles) were consistently utilized across species and DGTHI types. However,
DGTHI primarily modulated the selection and relative importance of canopy vertical

heterogeneity parameters (LAI, LAD, VFP) within the models.

4.4 Model Estimation Accuracy Validation Results

Model performance was rigorously evaluated using stratified 5-fold cross-
validation (k=5) and county-level inventory validation. Key validation metrics are
reported below:

(1) Cross-Validation Metrics (n=552 plots):

The R? values and RMSE for model estimation accuracy are shown in Fig. 10.

The change in model prediction accuracy before and after stratification is shown in

Table 6.
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Fig. 10. Accuracy Validation Results of MLR Models for Different Tree Species in




Various Types (Prediction Accuracy R?)

Table 6 Accuracy of Model Estimation Before And After Stratification

Tree Species Metric  Unstratified DGTHI-stratified Improvement

R? 0.62 0.70 +0.08
Poplar
RMSE 0.42t/ha 0.37t/ha -0.05t/ha
R? 0.75 0.86 +0.11
Cypress
RMSE 0.15t/ha 0.11t/ha -0.04t/ha
R? 0.70 0.78 +0.08
Pine
RMSE 0.31t/ha 0.27t/ha -0.04t/ha
R? 0.35 0.52 +0.17
Acacia
RMSE 0.24t/ha 0.20t/ha -0.04t/ha

All accuracy improvements were statistically significant (p < 0.01)
(2) County-Level Inventory Validation:

Total AGB estimates for May 2023 derived from DGTHI-stratified models showed
high consistency with official forestry reports. Table 7 shows the relative error of the
stratified model predictions to the forest sector survey statistics.

Table 7 Relative Error of Model Predictions to Forest Sector Statistics

Tree Species Relative Error (%)
Poplar 15
Cypress 8
Pine 4
Acacia 10

4.5 County-Wide AGB Estimation Results Based on DGTHI

Classification Modeling

Spatial AGB distribution maps for May 2023 were generated using DGTHI-
stratified models (Fig. 11). AGB predictions for each tree species in the county were

obtained through statistics (Table 8). Key quantitative outcomes include:



(1) Species-Specific AGB Ranges (t/ha):
Table 8 Countywide AGB Forecast Results for Each Tree Species(t/ha)

Tree Min Max
Mean = SD  Spatial Hotspots (Fig. 11)
Species AGB AGB
71.08 *
Poplar 43.39 216.26 Lowland valleys (Central)
28.7
4327 *
Cypress 27.01 109.36 Steep ridges (SW, NE)
16.2
73.74 *
Pine 35.32 133.78 Mid-slopes (Widespread)
24.9
57.26 = Mid-elevation slopes (NW,
Acacia 39.19 115.28
18.5 SE)
N
A (a) Poplar (b) Cypress (¢) Pine (d) Acacia

0 5 10KM
|

AGB (t/hm?)

Fig. 11. Spatial Distribution of AGB for Dominant Tree Species in Mengyin County
(The red circles represent those areas where the AGB distribution of various tree
species is relatively concentrated): (a) Poplar, (b) Cypress, (c) Pine, and (d) Acacia
(2) Regional AGB Patterns:
High AGB density: Southwest & Northeast sectors (>100 t/ha mean)
Low AGB density: Central, Northwest & Southeast sectors (<50 t/ha mean)
Spatial heterogeneity index: 0.63 (CV of county-wide AGB)
(3) Dominant Species Distribution:

Poplar: 68% concentrated in central lowlands (DGTHI Type 1)



Acacia: 72% located in NW/SE medium-heterogeneity zones (DGTHI Type 2)

Pine/Cypress: 61% distributed across high-heterogeneity areas (DGTHI Type 3)

5. Discussion

5.1 DGTHI as a Robust Framework for Topographic

Heterogeneity Quantification

The integration of multi-dimensional topographic heterogeneity into aboveground
biomass (AGB) estimation has long been constrained by the oversimplification of
terrain effects in remote sensing models. Conventional approaches, such as slope
normalization P! or isolated elevation corrections 7], fail to capture the synergistic
interactions among terrain attributes, leading to significant biases in complex
landscapes. Our proposed Digital Elevation Model (DEM) Grid Topographic
Heterogeneity Index (DGTHI) addresses this gap by synthesizing four normalized
topographic indicators—elevation variability ( 0 ), relief (RF), surface roughness (KR),
and mean slope (slope) —with near-equal weighting coefficients (Table 3). This
composite metric outperforms single-factor topographic corrections, as evidenced by
the 0.08 - 0.17 improvement in R*> across species-specific models (Section 4.2).

The superiority of DGTHI stems from its capacity to quantify terrain complexity
at multiple scales. While elevation variability ( 0 ) reflects local roughness, relief (RF)
captures macro-scale elevation contrasts, and surface roughness (KR) integrates
horizontal undulation —collectively representing the full spectrum of topographic
heterogeneity. For instance, in high-heterogeneity zones (DGTHI Type 3: 0.146 -
0.290), the combined effects of steep slopes (mean slope >15° ) and rugged surfaces
(KR >0.8) amplify microclimatic variations, which directly modulate species-specific
biomass accumulation patterns (Fig. 11). The Jenks natural breaks optimization further
ensures that DGTHI stratification aligns with physiographic discontinuities,

minimizing within-group variance while maximizing between-group differentiation

(Fig. 5).



Critically, DGTHI’ s physical interpretability distinguishes it from black-box
machine learning approaches that lack explicit terrain stratification®>%), By
partitioning samples into low-, medium-, and high-heterogeneity tiers, DGTHI enables
targeted modeling of terrain-vegetation interactions. For example, in medium-
heterogeneity zones (DGTHI Type 2), the dominance of leaf area density (LAD)
parameters in cypress AGB models (Fig. 9b) aligns with the species’ adaptation to
moderate slopes through layered foliage distribution!®”). This contrasts with traditional
slope-based classifications, which overlook such nuanced interactions and yield inferior
accuracy (AR?> =+0.15 - 0.23; Table 5).

The robustness of DGTHI is further validated by its consistency with established
geomorphological principles. The near-equal weights of its constituent metrics
(24.95% - 25.19%:; Table 3) reflect a balanced representation of terrain dimensionality,
avoiding overemphasis on any single factor—a limitation prevalent in prior studies
(58591 Moreover, DGTHI” s 30 m resolution strikes a pragmatic balance between
computational efficiency and spatial detail, effectively capturing county-scale
heterogeneity while remaining feasible for regional carbon mapping!*!'*!. Future
refinements could explore dynamic weighting schemes to adapt to biome-specific

terrain-vegetation relationships, further enhancing DGTHI’ s transferability.

5.2 Species-Specific Responses to Topographic Heterogeneity

The differential responses of tree species to topographic heterogeneity revealed in
this study (Section 4.2) underscore the critical importance of incorporating species-
specific adaptations into AGB estimation models. Our DGTHI-stratified approach
demonstrated a clear hierarchy of topographic sensitivity among the four dominant
species: acacia > pine > cypress > poplar, with R*> improvements ranging from 0.08
(poplar) to 0.17 (acacia) compared to unstratified models (Table 6). These variations
can be attributed to distinct physiological and morphological adaptations that govern

biomass accumulation patterns across heterogeneous landscapes.



For acacia, which exhibited the strongest response to DGTHI stratification ( A R?
= 40.17), its deep root system and drought tolerance!®*¢!l likely enhance water-use
efficiency on steep, moisture-limited slopes (DGTHI Type 3). This adaptation is
reflected in the model's increasing reliance on vertical structural parameters (VFP_std)
in high-heterogeneity zones (Fig. 9d), as the species' canopy architecture adjusts to
optimize light interception and minimize hydraulic stress. The significant accuracy
improvement for acacia suggests that conventional, topography-agnostic models
substantially underestimate its biomass in complex terrain.

Pine displayed intermediate sensitivity (A R*> =+0.08), with its broad elevational
range (272-617 m; Table 1) and canopy plasticity [23?* enabling adaptation to diverse
slope positions. The shift from VFP_std dominance in low-heterogeneity zones to LAI
parameters in medium-heterogeneity areas (Fig. 9c) implies that pine modulates its
photosynthetic efficiency according to terrain-driven light availability gradients. This
finding aligns with previous observations of conifer crown morphology variations
along slope gradients'®>%1 but our DGTHI framework provides the first quantitative
linkage between these adaptations and AGB estimation accuracy.

Cypress and poplar showed more muted responses, though for contrasting reasons.
Cypress, while slow-growing and restricted to narrow ridge-top elevations (266-364 m),
maintained moderate sensitivity ( A R*> = +0.11) due to its dependence on LAD
parameters in medium-heterogeneity zones (Fig. 9b) - a pattern consistent with its
vertical foliage arrangement in sloped environments®’! . Poplar's minimal improvement
(AR?* = +0.08) reflects its predominance in lowland valleys (178-414 m) where
topographic effects on growth are attenuated (Table 1).

These species-specific patterns challenge the "one-model-fits-all" approach
prevalent in regional AGB studies (66451, Qur results demonstrate that:

1.Topographic sensitivity scales with species' root and crown plasticity;

2.Heterogeneity-driven parameter selection shifts (e.g., LAI to VFP) reflect
ecological strategies;

3.Even modest responders like cypress benefit from DGTHI stratification.

Future research should explore whether these relationships hold across wider



biogeographic ranges, and how climate change might alter species-terrain interactions.
Incorporating functional trait data (e.g., specific leaf area, wood density) could further

refine DGTHI-based models.

5.3 Implications of Canopy Structural Parameter Selection

The DGTHI-driven stratification revealed fundamental shifts in the relative
importance of canopy structural parameters for AGB estimation across topographic
heterogeneity gradients (Section 4.3). Our analysis demonstrates that terrain
complexity systematically modulates the predictive power of different LIDAR-derived
metrics, with three key patterns emerging:

First, in low-heterogeneity terrain (DGTHI Type 1: 0.015-0.073), horizontal
canopy structure parameters - particularly leaf area index (LAI) metrics (LAI cv,
LAI mean) - dominated the AGB models for all species except cypress (Fig. 9). This
aligns with theoretical expectations that uniform terrain promotes consistent horizontal
canopy development [®8), making 2D structural indices reliable biomass proxies. For
poplar, LAI cv alone explained 38% of AGB variation in Type 1 zones, likely reflecting
this fast-growing species' ability to optimize light capture in stable valley environments
(Table 1).

Second, medium-heterogeneity areas (DGTHI Type 2: 0.073-0.146) exhibited
transitional parameter importance, with leaf area density (LAD) metrics becoming
significant for coniferous species. Cypress models in these zones showed strong
dependence on LAD std (B =10.29, p<0.01), consistent with its known vertical foliage

(6], The emergence of LAD parameters suggests

layering adaptation to moderate slopes
that moderate topographic variation induces sufficient vertical canopy differentiation
to make density distribution metrics more informative than simple LAIL

Third, high-heterogeneity terrain (DGTHI Type 3: 0.146-0.290) consistently
favored 3D structural parameters, especially the variation of density values of cumulus
leaf profiles (VFP_std). For acacia, VFP_std's contribution increased by 62% compared

to low-heterogeneity zones (Fig. 9d), reflecting how steep slopes amplify vertical

canopy heterogeneity through:



1.Asymmetric light penetration creating irregular leaf density profiles!®®!
2.Mechanical stress inducing complex branch architectures!®”’
3.Hydraulic constraints leading to stratified foliage distribution!’"!

Notably, classical height metrics (hp 25-hp 95) maintained stable importance
across all DGTHI types (selected in 89% of models), confirming their role as universal
AGB predictors!’!7?l. However, their predictive power was consistently augmented by
terrain-appropriate structural parameters in DGTHI-stratified models.

These findings have critical methodological implications:

741 may

1.The common practice of using fixed parameter sets across landscapes [
substantially underestimate biomass in complex terrain

2.DGTHI thresholds (0.073, 0.146) provide objective criteria for parameter set
selection

3.Vertical structure parameters become essential above DGTHI > 0.15, regardless of
species

Future studies should investigate whether these DGTHI-parameter relationships

hold for other sensors (e.g., GEDI, UAV-LiDAR) and forest types. The integration of

75,76

waveform LiDAR metrics [>7%! could further enhance modeling in high-heterogeneity

Zzones.

5.4 Methodological Advancements and Scalability

The DGTHI-stratified modeling framework constitutes a significant
methodological advancement by systematically addressing the underrepresentation of
topographic complexity in biomass estimation. Unlike conventional single-factor
terrain corrections that oversimplify multidimensional heterogeneity 1*%37) DGTHI
integrates elevation variability, relief, surface roughness, and mean slope into a
physically interpretable index (Eq. 1). This comprehensive approach demonstrably
outperforms slope- or elevation-based stratification, yielding R> improvements of
0.12 - 0.23 across species (Table 5), particularly in high-heterogeneity terrain where
traditional methods fail to capture critical terrain-vegetation interactions ¢/,

The framework exhibits notable scalability through its computational efficiency



and adaptive design. The 30-m resolution DGTHI balances processing feasibility with
ecological relevance, leveraging standard GIS operations for derivation while
preserving fidelity to topographic patterns at regional scales [”7). Critically, its
standardized formulation—evidenced by near-equal component weights (Table 3)—
enables straightforward recalibration for diverse biomes through neural network
adjustments. The modular architecture further permits component substitution (e.g.,
alternative surface roughness algorithms) without compromising structural integrity.

However, limitations warrant consideration for broader applications. Resolution
trade-offs persist, as 30-m DEMs may insufficiently resolve microtopographic effects
in dense forests compared to finer-scale (<10 m) data "8, Species generality remains
constrained to temperate ecosystems, necessitating validation in tropical or boreal
forests. Additionally, the single-year analysis cannot account for successional dynamics
in species-terrain relationships [,

Future studies should prioritize multi-biome validation to establish universal
DGTHI thresholds, develop seasonally adaptive weighting coefficients, and explore
sensor fusion with SAR backscatter data !%!”! for cloud-prone regions. Machine
learning integration, implementing DGTHI as an a priori stratification layer in random
forests or CNNs 3311 represents a promising pathway for automation. The framework’
s operational viability is confirmed by successful county-wide application (1,601.6 km
%), reducing estimation errors below critical forestry thresholds (<15%; Section 4.5)
while utilizing accessible geospatial tools—supporting its potential for global precision

carbon mapping in mountainous regions.

5.5 Practical Applications for Carbon Management

The DGTHI-based AGB estimation framework provides significant practical
advantages for forest carbon management and policy implementation. Our spatially
explicit biomass maps (Fig. 11) reveal distinct carbon storage patterns across Mengyin
County, with southwest-northeast regions exhibiting 40-60% higher AGB densities
(100-217 t/ha) compared to central lowlands (27-70 t/ha). These spatial heterogeneities,

directly modulated by topographic complexity through DGTHI stratification, enable



targeted conservation strategies that account for both ecological and geomorphological
factors.

For forest management, the DGTHI-AGB models offer three key operational
benefits. First, the 15-20% improvement in estimation accuracy relative to official
inventory data (Section 4.5) supports more reliable carbon stock assessments for
compliance with regional emissions reporting requirements. Second, the clear
differentiation of species-specific topographic niches (Table 1) informs precision
silviculture - for instance, prioritizing drought-tolerant acacia in high-heterogeneity
northwest sectors (DGTHI >0.15) while maintaining poplar stands in fertile lowland
valleys. Third, the framework's compatibility with standard forest monitoring systems
(e.g., 10 X 10 m plot networks) facilitates integration with existing management
protocols without requiring costly infrastructure upgrades.

From a climate policy perspective, the methodology addresses critical gaps in
mountainous carbon accounting. Traditional approaches often underestimate biomass

in complex terrain due to unaccounted topographic effects [2%),

potentially
misrepresenting regional carbon budgets by 10-15% based on our comparative analysis.
The DGTHI correction mitigates this bias while providing quantifiable uncertainty
metrics through stratified validation (RMSE reductions of 0.04-0.05 t/ha). Furthermore,
the transferable index structure enables application across similar montane regions in
China's Loess Plateau and beyond, supporting standardized carbon verification for
emerging ecosystem service markets.

Future implementation should focus on two priorities: (1) developing automated
DGTHI processing tools for forestry departments to enable routine monitoring, and (2)
coupling the biomass estimates with soil carbon data for comprehensive ecosystem
carbon assessments. The framework's demonstrated accuracy (<15% error against
ground truth) and operational efficiency (using widely available 30-m DEMs) position
it as a viable solution for scaling precision carbon management across China's

ecologically fragile mountainous regions.

6. Conclusion



This study pioneers the integration of a multi-dimensional topographic
heterogeneity index (DGTHI) into species-specific aboveground biomass (AGB)
inversion, establishing a robust framework for precision carbon mapping in complex
terrains. Key conclusions are summarized as follows:

(1) DGTHI Enhances AGB Estimation Accuracy

The composite DGTHI index—integrating elevation variability, relief, surface
roughness, and mean slope—quantifies terrain heterogeneity more comprehensively
than single-factor approaches (e.g., slope or elevation corrections). By stratifying
samples into low, medium, and high heterogeneity tiers, DGTHI significantly improved
model performance across all dominant tree species. Compared to unstratified models,
R? increased by 0.08 - 0.17, with the most pronounced gains for drought-tolerant
acacia (AR?> = +0.17), highlighting the critical role of species-specific topographic
adaptations.

(2) Species-Specific Responses to Topography

Topographic heterogeneity governs AGB estimation accuracy through distinct
ecological adaptations: Acacia and pine exhibited heightened sensitivity to terrain
complexity, driven by deep-rooted drought tolerance and canopy plasticity. Cypress and
poplar showed moderate improvements, linked to niche specialization (e.g., cypress on
ridges, poplar in valleys). DGTHI-driven stratification further revealed shifts in optimal
predictors: horizontal metrics (e.g., LAI) dominated low-heterogeneity valleys, while
vertical structural parameters (e.g., VFP_std) became essential in high-heterogeneity
slopes (DGTHI > 0.146).

(3) Spatial AGB Patterns Modulated by Terrain

County-wide AGB estimates (27 - 217 t/ha) demonstrated clear spatial
differentiation: High AGB density (>100 t/ha) in southwest/northeast regions correlated
with steep slopes (DGTHI Type 3). Low AGB density (<50 t/ha) in central lowlands
aligned with gentle terrain (DGTHI Type 1). This heterogeneity underscores DGTHI’
s capacity to spatially resolve biomass-carrying capacity driven by terrain-vegetation
interactions.

The DGTHI-stratified framework provides a transferable paradigm for



mountainous forest carbon mapping. Its compatibility with standard remote sensing
data (e.g., 30-m DEM, LiDAR) and computational efficiency support scalable
applications in regional carbon accounting. Future work should validate DGTHI in

tropical/boreal biomes and integrate dynamic weighting to enhance global adaptability.
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Appendix

Table A Forest Characterization Parameters Used in the Study and Their Meanings

Variable name Hidden meaning
P total Total points, the sum of echo points in the area
Total number of high vegetation points (generally vegetation points above 2
P hv
m in height, usually referring to woodland)
Percentage of highly vegetated points, number of highly vegetated
P pohv
points/total points
P fe Total number of first echo points
P_hvife Total number of high-vegetation points in the first echo point
Pg Ground points, total number of ground points

hp 25 hp 50, hp 75
hp_95

H max

H min

H mean

H std

H var

H range

Hcev

H _skew

H kurt

H_igr

H crr

dp 25 dp 50, dp.75,
dp_95

cc

BCC

Average_second_pow

Height at 25%, 50%, 75%, and 95% quartiles

Vegetation point height maximum

Vegetation point height minimum

Vegetation point height mean

Standard deviation of vegetation point height
Vegetation point height variance

Range of height distribution of vegetation sites
Coefficient of variation of vegetation points
Vegetation point bias

Vegetation point crag

Quartile spacing of vegetation points

Canopy protrusion ratio

Density at 25%, 50%, 75%, and 95% quartiles

Constriction (i.e, degree of depression)
Degree of coverage

Quadratic power average (math.)



Average_third pow Power-of-three average (math.)

LIR Light interception rate, optical interception rate

LAI total Leaf area index

LAl mean, LAl std, Mean, standard deviation, and coefficient of variation of leaf area index
LAI cv obtained after slicing according to 0.3 m

LAD mean, LAD std, Leaf area density mean, standard deviation, and coefficient of variation
LAD cv obtained based on the leaf area index

VFP_mean, VFP std, Means, standard deviations, and coefficients of variation of density values of
VFP cv cumulus leaf profiles

Table B Method for Calculating Forest Characteristic Parameters that Need to Be

Calculated

Variable name Calculation method

The p-quantile is defined as the p-quantile of population X for a
given P(0<p<I)=p.Ifitexists a, suchthat P(X<a,)=p,then a,
is the p-quantile of population X.

Calculation method: a. Sort vegetation points by height; b.

hp 25 . hp 50 .
Multiplying the number of vegetation points n by p yields np,

hp_ 75, hp 95
which takes the height value of the nth point cloud point as the
corresponding percentile height. If np is not an integer, then the
average of the two integer numbered point cloud points before and
after np is taken as the corresponding percentile height.

H_range H_range = H max - H_min

Hcv H cv= :1’,[—5:;[
H skew = 72%;5’{1');?3

H_skew Among them, x; is the point cloud height, x is the mean height of the point cloud,
and s is the standard deviation of point cloud height.

H_kurt H kurt = Zimy 070"

(n—-1)s*



H igr

H crr

dp 25 . dp 50 .

dp.75. dp 95

cc

BCC

Average_second_po

Average_third pow

LIR

LAI total

LAI mean, LAI std,

LA[ cv

Among them, x; is the point cloud height, x is the mean height
of the point cloud, and s is the standard deviation of point cloud
height.

Hiqr="hp_75-hp_25

H_mean—H_min

H crr=

- H_range
dp = Points with a height greater than H_max * p
P = All vegetation points
Vegetation points in the first echo
cC = -
All echo points
BCC

_ Normalized vegetation points with a height greater than 1m in the first ech
- All first echo points

n N2
Average of second power = 2\/@

Among them, Z is the height value of the i-th point within each

statistical unit, and n is the total number of points within each

statistical unit.

n )3
Average of third power = 3\/@

Among them, Z is the height value of the i-th point within each
statistical unit, and » is the total number of points within each

statistical unit.

Total number of ground points

LIR = 1—
Total number of points

Total number of vegetation points

LAI total =
- Number of first echo points

a. Slice the elevation distance between the highest and lowest
points in the first echo horizontally at a certain height (dz) and then

calculate the number of vertical layers (7) and the porosity of each

layer (Pi).
H_max—H_min
n=——
dz
Nh(i—-1)

Pi= ,
Nhi



In the formula, Nj; is the number of points that enter the i-th layer,
that is, the number of points whose height is lower than or equal
to the upper bound height of the i-th layer, and Nj.-;) 1s the number
of vegetation points in the i-th layer, that is, the number of points
whose height is lower than or equal to the lower bound of the i-th
layer (upper bound of the i-1 layer).

The porosity of the last layer is 0 because there is no point to exit,
and the logarithm cannot be taken when calculating the leaf area
index in the next step. Therefore, the P, of the last layer is set to a
fixed value of 0.01.

b. Calculate the leaf area index (LAIL) for each layer:

LAL = — =2

where k takes the value of 0.5.

LAILL

LAD;= —
dz

LAD mean

In the formula, the thickness dz of the last layer is generally less than 0.3m,
LAD std. LAD cv

calculated based on the actual thickness.
The cumulative branch leaf profile density value (VFP) of

VEP mean . the i-th layer 1s:

P(h;)

VFP.std. VFP.cv.  VFP (h) = X x1In [P(h ;
i+1

kxdz

where P(h;) is the cumulative porosity, and the value of k is 0.3.

Table C Four Indicators for Calculating DGTHI

Name Meaning Formulas and parameters

Standard  The standard deviation of elevations ( 0 ) o

Deviation characterizes the variation in elevation and .

of serves as a measure of topographic = Z(Hi — m?2/(N -1)
i=1

Elevation variability within a raster cell’®*, When the

(0) raster cell size is close to or consistent with




Degree of
Topograp
hic Relief
(RF)

the slope length, the standard deviation of
elevation can effectively reflect the
elevation variation characteristics within
the raster cell!®]. However, when the raster
cell size does not align with the slope
length, the standard deviation of elevation
tends to reflect the roughness of the
landform unit. Although the standard
deviation of elevation describes the degree
of dispersion of elevation values relative to
the average elevation, this indicator does
not fully capture the magnitude or
directional variability of elevation within
the raster cell’®. Therefore, the standard
deviation of elevation, as a quantification of
topographic heterogeneity, has certain
limitations, and its singularity introduces
challenges in accurately reflecting the
overall topographic heterogeneity

characteristics of DEM raster cells.

The degree of topographic relief refers to the
difference between the maximum and
minimum elevations of the designated
neighboring raster cells. A larger relief
indicates a greater elevation variation, which
suggests that the surface exhibits more

variation in the vertical direction!®3-86],

where N is the number of

raster cells, is the

H;
elevation value of the i-th
raster cell (where
i=1,2,3,>*,N),and H is the
average elevation of all

raster cells.

RF; = Hinax — Hiin
where RF; is the relief
within the target raster cell,
H oy 18 the maximum
elevation value within the
neighboring raster cells,

and H,,;, is the minimum




Surface
Roughnes

S

(Kr)

Mean
slope

(slope)

Surface roughness is typically defined as
the ratio of the actual surface area of a
topographic unit to its projected area on a
horizontal plane. This metric reflects the
degree of surface undulation and the
intensity of erosion, making it an important
quantitative indicator for measuring
horizontal topographic heterogeneity.
Surface roughness not only captures the
subtle undulating features of local
topography but also reflects the complexity
of external forces acting during landform

formation!3-37],

Slope describes the degree of surface

inclination in vertical and horizontal
directions and is among the primary factors
for characterizing landform morphology.
Strictly speaking, the slope at a given point
on the surface refers to the angle between the
tangent plane at that point and the horizontal
ground, representing the maximum rate of
elevation change and the inclination of the
topographic surface at that point. Slope is

essentially a differential concept given that

each point on the surface has its own slope,

elevation value within the

neighboring raster cells.

Let the topographic surface
be [(x,y) and the raster
cell be D. The projected
arca of D is S, and the
actual surface area is Ss.
Therefore, surface
roughness (Ky) is

expressed as

S
KR = ES
2 2 1
L, A+ [Tx+ [T y)2dx
h S
n n
=ZStsec,8i/ZSi
t=1 i=1
slope
2 2
=tan! fx+f y
x 180/m

2 .
where [“x is the
elevation change rate in the
o 2 .
X direction, and [“y is

the elevation change rate in

the Y direction.




which is a point-based concept and not a

N
slope = lz slope;
surface-based onel®®. Meanwhile, the mean N -
slope describes the overall inclination of the
surface in vertical and horizontal directions where N represents the
and reflects the overall topographic number of raster cells,
variability[®], slope;(i=1, 2, 3, ..., N)
is the slope value of each

raster cell, and slope is

the average slope value.

Table D Modeling Results of MLR Model for Each Tree Species in Different Districts

S
Tree
h
spec Multi-component linear regression model
or
ies
e
A
AGB=0.004*P_hvife+0.14*hp 25+0.49*dp 25+0.38*LAD std+0.18*LAI cv-1.40
D
T
AGB=-6.10+0.003*P_hv+0.08*hp_50+5.32*dp_25+0.35*dp_95+0.20*LAI cv
Pop 1
lar T
AGB=-4.30+0.007*P_hv-0.07*hp 25+29.10*dp _95+10.68*LAI std+2.11*VFP cv
2
T
/
3
A
Cyp AGB=-0.63-0.005*H_var+0.30*dp 75+0.14*VFP_cv+1.22*P_pohv+0.05*hp 95
D
ress

AGB=5.08+0.16*hp_25-6.06*dp 25-0.42*dp 95-0.13*LAD_std+1.63*P_pohv



Pine

Aca

cia

4 g > wog N g 4 g > w4

wog N

AGB=-0.41+0.50*P_pohv+0.08*hp_95-0.28*dp 25+0.30*dp_50+0.29*LAD mean

AGB=-0.62+0.004*P_hvife+0.19*hp 25-0.46*dp 75+5.45*dp 95-0.01*VFP_std

AGB=-0.58+0.002*P_fe+0.20*hp 50-0.07*H_kurt-1.72*dp 95+0.48*LAD std

AGB=-1.09+6.15*P_pohv-3.94*dp 50-2.51*LAI cv+1.00*VEFP std+0.24*hp 75

AGB=-6.80+0.006*P_fe+0.17*hp_95+5.26*dp 25+2.46*LAI mean-0.44*LAI cv

AGB=-0.49-0.003*P_g+0.12*hp 95+0.64*dp_50-2.32*dp_95+0.50*LAD mean

AGB=0.44-0.004*P_g+0.07*hp 95-0.03*dp_75+0.25*LAD_mean-0.07*LAD std

AGB=2.64-0.009*P_g+0.25%hp 25-0.10*hp_95-3.97*BCC+1.34*LAI total

AGB=2.22-0.005*P_g-0.0004*hp 75-0.74*dp_50+0.55*LAD_mean-0.47*VFP_mean

AGB=1.60-0.005*P_g+0.08*hp 95-1.22*dp 50-0.09*LAD cv+0.04*VFP_std




Data availability statement

The datasets utilized in this study were collected through field surveys conducted
by the Shandong Provincial Institute of Land Surveying and Mapping from March to
December 2023. These include ground-truth forest plot measurements (e.g., tree species,
diameter at breast height, tree height), high-precision LIDAR point cloud data (planar
accuracy better than 0.5 m and elevation accuracy better than 0.08 m), and 30 m
resolution Digital Elevation Model (DEM). Owing to confidentiality agreements and
national geographic information security regulations, these datasets contain sensitive
geospatial and forest resource inventory details and are classified as non-public
proprietary data.

Under authorization restrictions and privacy protection requirements, raw data are
not publicly accessible. Researchers seeking to validate or replicate this study may
submit formal data access requests via academic collaboration channels to the
Shandong Provincial Institute of Land Surveying and Mapping or the corresponding
author (chen_jp@whu.edu.cn). Data availability is subject to institutional review and
approval.

Publicly available datasets referenced in this work (e.g., DEM from the National
Geoinformation Service Platform of China) are cited appropriately. Intermediate model
parameters and processed datasets may be partially shared upon reasonable request.
The authors affirm strict compliance with data usage protocols to ensure security and

regulatory adherence.



