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Abstract

Accurate estimation of aboveground biomass (AGB) in mountainous forest ecosystem remains a
significant challenge due to complex terrain, the high cost and limited applicability of traditional
field-based methods. To address this issue, a remote sensing-based AGB estimation framework
integrating intelligent optimization and machine learning was developed for Mount Tai in eastern
China. Sentinel-2 multispectral data were selected to derive 105 candidate variables, including
spectral bands, vegetation indices, texture features, and topographic factors, from which 17 key
variables were selected using Pearson correlation analysis for model construction. A Support Vector
Machine (SVM) optimized by the Pigeon-inspired optimization (PIO) algorithm was developed to
adaptively determine optimal hyperparameters, and its performance was compared with that of
Random Forest (RF) and standard SVM models. The results demonstrate that the PIO-SVM model
achieved the best overall performance. For the training dataset, the model obtained an R? of 0.85. For
the test dataset, the R? reached 0.73, outperforming RF (0.70) and standard SVM (0.72). The spatial
distribution of AGB derived from the optimal model shows higher AGB values in the central and
northern regions characterized by dense forest cover, in close agreement with field observations.
These findings indicate that the PIO algorithm effectively enhances SVM hyperparameter
optimization in complex parameter spaces, significantly improving the accuracy and stability of AGB
estimation in mountainous forest. This study provides a reliable and efficient framework for regional-
scale monitoring of forest biomass and carbon sink dynamics.

Keywords: aboveground biomass; Sentinel-2; Pigeon-inspired optimization; support vector machine;
forest ecosystems

1. Introduction

Forest ecosystems constitute a fundamental component of the global terrestrial carbon cycle and
play an indispensable role in maintaining ecological security, regulating climate, and enhancing
carbon sequestration. As a key indicator for evaluating carbon storage and ecosystem functioning,
AGB serves as a critical metric for quantifying carbon sink capacity and analyzing carbon cycling
processes [1]. Accurate characterization of the spatial distribution of AGB is therefore essential for
providing scientific support for carbon peaking and carbon neutrality strategies, as well as for
guiding sustainable regional ecosystem management [2,3].

Conventional AGB estimation methods primarily rely on field plot surveys combined with
allometric growth equations. Although these approaches may achieve high accuracy at local scales,
they are constrained by substantial labor and financial costs, ecological disturbance, and limited
spatial representativeness. Consequently, the large-scale and efficient utilization of them, particularly
in complex mountainous areas, still presents challenges [4,5]. With the rapid development of remote
sensing technologies, non-destructive AGB estimation methods that integrate multi-source satellite
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imagery with ground-based observations have emerged as a dominant research paradigm [6,7].
However, the relationships between remote sensing variables and forest structural parameters are
often highly nonlinear and scale-dependent, which limits the ability of traditional linear regression
models to capture these complex interactions [8]. In this context, machine learning approaches, such
as random forests and support vector machines, have emerged as key techniques for forest biomass
estimation from remote sensing data due to their strong capability to model high-dimensional and
nonlinear relationships.

Machine learning models have been widely applied in forest aboveground biomass estimation.
For example, Foody et al. compared multiple linear regression and backpropagation (BP) neural
networks for tropical forest biomass estimation using Landsat TM data [9]. Zhang et al. developed a
SVM model based on Landsat-7 spectral variables and achieved relatively high estimation accuracy
[10]. Dang et al. proposed a robust forest biomass estimation model using Sentinel-2 imagery by
extracting a diverse set of feature variables [11]. In China, Wang Yifu et al. [12] and Lin Zhuo et al.
[13] developed biomass estimation models for specific tree species using BP neural networks and
SVMs, respectively, while Zhang Pengchao et al. employed MODIS data in combination with a
random forest model to estimate forest AGB across the Qinghai-Tibet Plateau [14]. Collectively, these
studies demonstrate the effectiveness of machine learning approaches for forest biomass estimation,
while also indicating that model performance is influenced by multiple factors, including forest type,
terrain complexity, and feature selection. To address the reliance of traditional machine learning
models on manual expertise for hyperparameter tuning and to further improve model generalization
and stability in complex environments, this study introduces and applies a swarm intelligence-based
optimization method, namely the PIO algorithm. Originally proposed by Duan Haibin in 2014, this
algorithm simulates pigeons’” homing behavior through geomagnetic navigation and landmark
recognition, thereby achieving a balance between global exploration and local exploitation. As a
result, it demonstrates advantages such as fast convergence and strong global optimization capability
[15]. Previous studies suggest that integrating the PIO algorithm with machine learning models,
particularly SVMs, can improve prediction accuracy and robustness; however, its systematic
application to forest AGB estimation using remote sensing data in complex mountainous regions, as
well as comprehensive comparisons with mainstream models, remains limited.

Mount Tai, a representative temperate forest ecosystem in eastern China, provides an ideal
study area for remote sensing-based estimation of forest parameters in complex terrain due to its
pronounced topographic variability and diverse vegetation, which is dominated primarily by pine-
oak forests. Focusing on the Mount Tai region in Shandong Province, this study integrates Sentinel -
2 multispectral imagery with ground - based plot survey data to develop and systematically compare
the performance of RF, SVM and PIO-SVM models for AGB estimation. The principal innovation of
this research lies in the first application of the PIO algorithm to forest AGB estimation in Mount Tai’s
mountainous environment. By automatically optimizing key SVM parameters, this approach aims to
overcome the limitations of conventional parameter tuning methods and enhance model accuracy
and robustness. Through comparative analysis, this study seeks to identify the most suitable remote
sensing-based AGB estimation model for the region, thereby providing methodological guidance
and scientific support for precise forest carbon sink monitoring, ecosystem conservation, and
management in Mount Tai and other mountainous forest ecosystems.

2. Materials and Methods

2.1. Overview of the Study Area

The study area is situated in Taian City, Shandong Province, China, encompassing the Mount
Tai region (116°50'-117°12'E, 36°11'-36°31'N). Located at the boundary between Jinan and Taian, the
area covers approximately 426 km? and includes the highest peak on the North China Plain. The
region is characterized by a warm temperate continental monsoon climate, with a long-term mean
annual temperature of 12.6 °C and a mean annual precipitation of approximately 758 mm, most of

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2261.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2026 d0i:10.20944/preprints202603.2261.v1

3 of 17

which occurs between June and September. The terrain is characterized by steep mountainous
landscapes, with elevation gradually decreasing from northwest to southeast. The highest point, Jade
Emperor Peak, reaches an elevation of 1,545 m above sea level, and mountainous terrain accounts for
more than 90% of the total area. Forests cover approximately 80% of the region, and the dominant
vegetation types include deciduous broadleaf forests (e.g., oak species), coniferous forests (e.g., Pinus
tabulaeformis and Platycladus orientalis), and mixed forests. In addition, portions of the study area fall
within the protection zone of a World Cultural and Natural Heritage site.
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Figure 1. Location of the study area.

2.2. Remote Sensing Data

The Sentinel-2 remote sensing imagery used in this study was acquired from the European Space
Agency (ESA) Copernicus Data Centre on 27 June 2024. Sentinel-2A scenes with cloud cover of less
than 5% were selected to minimize atmospheric interference. Image pre - processing, encompassing
resampling, radiometric calibration, atmospheric correction, and spatial subsetting, was carried out
via SNAP and ENVI software to generate surface reflectance products. Sentinel-2 is a core component
of the ESA Copernicus program and consists of two satellites, Sentinel-2A and Sentinel-2B. Its
primary mission is to provide high-resolution multispectral imagery of global land surfaces, coastal
zones, and inland waters, thereby supporting applications such as agricultural monitoring, forest
management, land-use change detection, disaster assessment, and environmental monitoring. The
onboard Multispectral Instrument (MSI) acquires multispectral data in 13 spectral bands spanning
the visible, near-infrared (VNIR), and shortwave infrared (SWIR) regions, with spatial resolutions of
10 m (four bands), 20 m (six bands), and 60 m (three bands). The spectral configuration of Sentinel-2
is optimized for vegetation monitoring. In particular, the red-edge bands (Bands 5, 6, and 7) enable
detailed assessment of chlorophyll content and vegetation condition, while the high-resolution
visible bands (Bands 2, 3, and 4) support accurate land-cover and land-use classification. Compared
with similar satellite platforms, Sentinel-2 offers improved data accessibility and revisit frequency,
providing essential data support for global environmental and natural resource research.
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2.3. Ground Survey Data

Field data were collected between May and June 2024. The dominant tree species—including
Quercus spp., Robinia pseudoacacia, Pinus tabuliformis, and Platycladus orientalis—were identified
through field investigations combined with existing forestry inventory data. Following the principles
of species representativeness, uniform spatial distribution, and measurement feasibility,
representative sample plots with a size of 10 m x 10 m were established for each species. The
geographic coordinates and elevation of the center of each plot were recorded using a GPS receiver,
and detailed stand attributes within each plot were measured. In total, 205 sample plots were
surveyed across the four target species (Pinus tabuliformis, Platycladus orientalis, Robinia pseudoacacia,
and Quercus spp.). The collected field data included diameter at breast height (DBH), root collar
diameter, tree height, and crown width. Due to constraints such as steep mountainous terrain and
forest fire prevention regulations, the sample plots could not be uniformly distributed across the
entire study area. The spatial distribution of the sample plots is illustrated in Figure 2.

(@) a (b)

Figure 2. (a) Distribution of sample sitess and pecies distribution; (b) data collection.

The allometric growth equations used for calculate aboveground biomass in this study were
those recommended in the Guidelines on Carbon Accounting and Monitoring for Afforestation Project
(National Forestry and Grassland Administration of China; https://www.forestry.gov.cn/). Regional
AGB was calculated based on field sampling data collected within the study area, the mean values
appeared in Table 1 and the specific equations employed are listed in Table 2. In these equations,
diameter at breast height (DBH) is expressed in centimeters (cm), tree height is measured in meters
(m), and biomass is reported in metric tons per hectare (t/hm?). For tree species lacking region-specific
allometric equations, biomass estimates were obtained using equations developed for ecologically
similar neighboring regions.

Table 1. Summary of Field Survey Data.

Tree Specias Numbe Minimum Maximum Averages Standard  Coefficient of

r Deviation = Variation (%)
Platycladus orientalis 45 70.4047 519.5040  260.6584 123.9561 47.5550
Quercus spp 47 50.1650 541.6702 2022876 127.4144 62.9867
Pinus tabuliformis 53 45.9000 567.1940  241.6070 133.9167 55.4275
Robinia pseudoacacia 60 43.0483 460.9291 2229042 109.0712 48.9319
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Table 2. Allometric Growth Model of Major Tree Species in the Study Area.
seeds of trees Allometric Growth Equation References
Platycladus orientalis 1.034885+0.0223 (D2H) +)0.((;95583(D2H) 0.571+0.714 (D2H [17]
Quercus spp 0.0369 (D2H) 0.9165+0.00051 (D2H) 1.3377+0.00021 (D2 [17]
H) 1.171

Pinus tabuliformis 0.946835+0.214 (D2H) +0.(7)759(4D2H) 0.679+0.848 (D2H) [17]
Robinia pseudoacacia 0.05527 (D2H) 0.8576+(;f)24‘10225 ;Z)ZH) 0.7908+0.0545 (D2 [17]

2.4. Methodological Flowchart

The overall workflow of this study involves the extraction of a comprehensive set of remote
sensing variables related to forest aboveground biomass using ARCGIS software, followed by their
integration with AGB estimates derived from field sampling data. After performing correlation
analysis and feature selection, multiple machine learning models are developed and evaluated in
terms of estimation accuracy. This process ultimately results in the generation of a spatial distribution
map of forest AGB across the study area, as illustrated in Figure 3.
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Figure 3. Method flow chart.

2.5. Feature Variable Extraction and Selection

In forest AGB estimation studies, spectral variables and textural features are widely used as
predictor variables. Among these, vegetation indices effectively characterize vegetation growth
conditions and canopy cover dynamics and have therefore been extensively applied in vegetation
monitoring and AGB estimation [17]. In this study, Sentinel-2 multispectral imagery was utilized,
including Bands 2 (blue), 3 (green), 4 (red), 5-7 (red-edge), 8 (near-infrared), and 11-12 (shortwave
infrared).. Based on these spectral bands, six widely used vegetation indices were derived: the
Normalized Difference Vegetation Index (NDVI), Fractional Vegetation Cover (FVC), Enhanced
Vegetation Index (EVI), Normalized Difference Red Edge Index (NDRE), Optimized Soil-Adjusted
Vegetation Index (OSAVI), and Kernel Normalized Difference Vegetation Index (KNDVI).
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Texture features were additionally incorporated to characterize the spatial structure and
heterogeneity of forest vegetation, thereby improving AGB estimation accuracy [18]. To reduce
information redundancy and extract representative texture information [19], texture metrics were
derived from the selected 10-band imagery, namely mean, variance, homogeneity, contrast,
dissimilarity, and entropy. Window size selection is critical in texture analysis: overly small windows
are prone to noise, whereas excessively large windows may obscure spatial heterogeneity.
Accordingly, texture features were extracted using the Gray-Level Co-occurrence Matrix (GLCM)
method with a 3x3 moving window, which provides a balance between detail preservation and
feature representativeness. Principal Component Analysis (PCA) was subsequently applied to
reduce feature dimensionality while retaining at least 90% of the total variance [21].

In addition, three components derived from the Tasseled Cap Transformation—brightness,
greenness, and wetness—were combined with topographic variables to construct a comprehensive
feature set for AGB estimation. Terrain factors were derived from a 30 m resolution Digital Elevation
Model (DEM) acquired from the Geospatial Data Cloud platform, including slope, aspect, terrain
wetness index (TWI), and terrain solar radiation index. The incorporation of these variables improves
the model’s ability to account for complex terrain effects and ecological variability.

Table 3. lists the feature variables used in this study.

Variables Feature Variable Formula References
Band reflectance (Sentinel-2 o
bands) Bandi(i=23, ..., 12) [22]
Normalized difference
NIR -R) / (NIR +R 2
vegetation index (NDVI) ( )/ (NIR +R) [23]
Enhanced vegetation index 2.5 x (NIR —R) / (NIR + 6R - 7.5B [24]
(EVI) +1)
Fractional Vegetation (NDVI - NDVI_min) / [25]
Spectral Variable Cover(FVQC) (NDVI_max — NDVI_min)
Normalized Difference Red
Edge Index(NDRE) (NIR - RE) / (NIR + RE) [26]
Optimized Soil Adjusted ~ (1+0.16)(NIR - R) / (NIR + R + 27]
Vegetation Index(OSAVI) 0.16)
Kernel Normalized
Difference Vegetation Tanh (NDVI?) [28]
Index(KNDVTI)
N-1
Mean Z ipj; [29]
ij=0
N-1
Contrast Z ~ ipy—j)? [29]
N1
Variance z p;;(i = ME )? [29]
ii=0
2 N1
Dissimilarity Z ipgli—jl [29]
Texture feature Nt pij
H it Z l— 29
omogeneity i,j=01 T+G—))° [29]
N-1
Entropy Z ipj(—InPBy) [29]
ij=0
Correlati ZN'l Pis [(i — ME)(j — ME)] 20
t 1P1
orrelation iz J VAVA, [29]
N-1
Second moment Z ipf [29]
ij=0
Tasseled Ca 0.3510B + 0.3813G + 0.3437R +
'p Brightness 0.7196NIR + 0.2396SWIR1 + [30]
Transformation

0.1949SWIR2
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Variables Feature Variable Formula References
-0.3599B - 0.3533G - 0.4734R +
Greenness 0.6633NIR + 0.0087SWIR1 - [30]
0.2856SWIR2
0.2578B + 0.2305G + 0.0883R +
Wetness 0.1071NIR - 0.7611SWIR1 - [30]
0.5308SWIR2

Notes: B, G, and R denote the blue, green, and red bands, respectively; NIR denotes the near-infrared band; RE

denotes the red-edge band; SWIR1 and SWIR?2 represent shortwave infrared bands 1 and 2, respectively.

2.6. Pearson Correlation

Before constructing the estimation models, Pearson correlation analysis was performed to
identify feature variables that are significantly associated with forest AGB, thereby reducing feature
redundancy and mitigating the risk of model overfitting. This analysis is used to quantify the strength
of linear relationships between candidate independent variables and AGB. The Pearson correlation
coefficient r is defined as:

_ Yo (x— X)(yi - y)
B =209

M

where 1 is the sample size; x; and y; represent the observed values of variables x and y at sample point
i, respectively; and X¥ and y denote the mean values of variables x and y. The correlation coefficient
r ranges from —1 to 1, with its absolute value indicating the strength of linear association between the
variables. In this study, the r value was jointly considered with the corresponding p-value obtained
from statistical significance testing, with p < 0.05 adopted as the significance threshold. Feature
variables exhibiting significant linear correlations with AGB were initially screened and retained as
important inputs for subsequent model construction.

2.7. Random Forest Algorithm

The RF algorithm extends and generalizes traditional decision tree methods by integrating
multiple decision trees into an ensemble framework [30]. It is well suited for the rapid and efficient
processing of large-scale datasets and provides reliable measures of variable importance [32,33].
Building upon bagging-based ensembles that employ decision trees as base learners, RF additionally
incorporates random feature selection during tree construction. Specifically, both training samples
and feature subsets are randomly sampled from the original dataset to generate a collection of diverse
decision trees. The predictions of these individual trees are subsequently aggregated, typically
through averaging for regression tasks or majority voting for classification tasks, to produce the final
prediction. As a result, RF regression models exhibit strong fitting capability while remaining
relatively resistant to overfitting [32].

The key characteristics of the Random Forest model are summarized as follows. First, random
sampling is employed during model training, whereby each decision tree is constructed using only a
subset of the available samples and features, which enhances model diversity and reduces overfitting
risk. Second, Random Forests have been widely applied to classification, regression, and feature
selection tasks and have achieved robust performance across diverse application domains. Compared
with many other machine learning algorithms, Random Forests exhibit strong robustness and
generalization ability. Moreover, they are relatively easy to implement, apply, interpret, and tune,
which has led to their extensive adoption in forest parameter estimation studies [34]. Their
effectiveness in handling high-dimensional and imbalanced datasets, as well as their capability for
variable selection, has been widely documented in previous research [32,35].

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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2.8. Support Vector Machine Algorithm

SVM is a supervised learning algorithm grounded in statistical learning theory and the principle
of structural risk minimization [36]. Its fundamental objective is to determine an optimal hyperplane
that separates samples from different classes in the feature space for classification tasks while
maximizing the minimum distance, or margin, between the hyperplane and the nearest data points.
For nonlinear problems, SVM employs kernel functions to project the original data into a higher-
dimensional feature space, where linear separability can be achieved, thereby effectively mitigating
the so-called “curse of dimensionality.”

A key advantage of SVM is its strong generalization capability, which makes it suitable for
problems characterized by small sample sizes and high-dimensional feature spaces. This advantage
arises from its strict adherence to the structural risk minimization principle, which aims to minimize
training error (empirical risk) while simultaneously constraining model complexity. By balancing
empirical risk and model capacity, SVM is designed to minimize an upper bound on the
generalization error [36]. As a result, SVM effectively mitigates overfitting and has been shown to
perform effectively in applications such as remote sensing inversion, where limited training samples
are common. In this study, the regression variant of SVM, namely Support Vector Regression (SVR),
is employed to model continuous variables such as AGB.

2.9. Pigeon-Inspired Optimization Algorithm

Pigeon-inspired optimization is a novel swarm intelligence-based optimization algorithm
characterized by a simple operational mechanism and a limited number of control parameters.
Compared with other swarm intelligence algorithms, PIO is relatively easy to implement and exhibits
fast convergence behavior [37]. The algorithm was first proposed in 2014 by Duan Haibin et al.,
inspired by the collective homing behavior of pigeons [38]. Since its introduction, PIO and its variants
have demonstrated strong performance in a range of complex optimization tasks, including
parameter optimization, scheduling problems, and machine learning model tuning [15].

The PIO algorithm models pigeon homing behavior through two main components: the map-
and-compass operator and the landmark operator. When pigeons are far from their destination, they
rely on geomagnetic fields and the sun to determine flight direction; this behavior is simulated by the
map-and-compass operator. As pigeons approach their destination, they increasingly depend on
familiar landmarks for navigation, which is represented by the landmark operator. Accordingly, the
map-and-compass operator is constructed based on geomagnetic and solar navigation principles,
whereas the landmark operator is based on landmark-based guidance.

Pigeons are assumed to possess innate magnetic sensitivity, enabling them to perceive
geomagnetic fields and adjust their flight direction according to the position of the sun during long-
distance homing. As the flock approaches its destination, the influence of geomagnetic cues and solar
navigation gradually diminishes. In the PIO framework, the solution space is defined as a D-
dimensional space, where the position and velocity of the i-th pigeon (i = 1, 2, ..., N) represent
candidate solutions. At each iteration, the positions and velocities of all pigeons are updated
according to predefined update rules, as expressed in Equations (3) and (4) [38]:

Viey = Vig-1) - el=R 4 {rand} - (Xg - Xi(t—l)) (2)

Xy = Xig-n + Vi 3)

where R denotes the map-and-compass factor (0 <R < 1), X represents the global best position, ¢ is
the current iteration number, and rand is a uniformly distributed random number in the range [0, 1].

The landmark operator is established based on pigeons’ navigation behavior when approaching
their destination, where landmark guidance becomes more dominant than geomagnetic navigation.
If pigeons are unfamiliar with the landmarks at their current location, they fly under the guidance of
nearby pigeons. Once a landmark or familiar location is identified, pigeons rely on accumulated
experience to guide their flight independently. In the landmark model, N,(t) denotes the number of
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pigeons in the t-th generation, and X, represents the center position of the pigeon swarm.
Assuming that each pigeon can fly directly toward the destination, the population size is updated as:

Np(t) = ceil[Ny(t —1) /2] 4)
The center position of the pigeon swarm is calculated as a fitness-weighted mean:
Xeo = [Z(Xi(8) x fitness(Xi(t)))] + [N, x Yfitness(Xi(t))] (5)
Subsequently, the position of each pigeon is updated according to:
Xy = Xig—ny + {rand} - (X = Xie-1)) (6)

where fitness(X) represents the fitness value of each pigeon, reflecting the quality of the
corresponding solution.

In this study, the PIO algorithm is employed to optimize the key hyperparameters of SVM,
including the penalty parameter C and the kernel function parameter y. By automatically searching
for optimal parameter combinations, the PIO-SVM framework aims to enhance the accuracy and
robustness of forest AGB estimation models [38].

Model accuracy assessment relies on appropriate evaluation metrics that effectively reflect both
model fitting ability and predictive performance. In this study, three machine learning models were
employed to estimate forest aboveground biomass in the Taishan forest region: PIO-SVM, SVM, and
RF model. To quantitatively evaluate and compare the performance of these regression models, two
widely used statistical metrics were used: the root mean square error (RMSE) and the coefficient of
determination (R?).

The available dataset was randomly divided into training and testing subsets at a ratio of 7:3.
The evaluation metrics were calculated as follows:

i=1( i - 91)?
2 &=t S
R ! 2ie (yi —)? @

RMSE = (8)

where n denotes the number of samples, y; represents the observed AGB value, y; is the model-
predicted AGB value, and y is the mean of the observed AGB values. RMSE reflects the overall
prediction error magnitude, while R? indicates the proportion of variance in AGB explained by the
model.

3. Results

3.1. Correlation Analysis

After extracting a total of 105 remote-sensing derived feature variables, including 10 spectral
bands, 6 vegetation indices, 80 texture features, 6 environmental factors, and 3 Tasseled Cap
Transformations, Pearson correlation analysis was used to identify feature variables that exhibited
significant correlations with forest AGB. A total of 17 feature variables were retained as inputs for
subsequent machine learning modeling. The results indicate that the KNDVI shows the strongest
correlation with AGB among all candidate variables, as summarized in Figure 4, Table 4.
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Figure 4. Correlation coefficient matrix between characteristic variables and AGB.

Table 4. Significant Correlation Coefficients for Remote Sensing Parameters.

Feature B4_SM B4_EN B5_SM B8 BSA
correlation 0.636*** -0.612%** 0.63*** 0.713*** 0.642%**
Feature B11_SM B12_EN B12_SM B12_HO B7
correlation 0.626*** -0.6577%** -0.687%** 0.651*** 0.649***
Feature NDRE OSAVI EVI FVvC greenness
correlation 0.805*** 0.820*** 0.827*** 0.832%** 0.783***
Feature NDVI KNDVI
correlation 0.818*** 0.833***

Note: *** ** and * denote significance levels of 1%, 5%, and 10%, respectively.

3.2. Evaluation of Model Accuracy

The selected model parameters and measured aboveground biomass data from 205 sample plots
were imported into the MATLAB environment for model training and evaluation. The dataset was
randomly divided into training and testing subsets at a ratio of 7:3. Scatter plots illustrating the
relationships between measured and predicted AGB values for the different models are presented in
Figure 5.
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Figure 5. Scatter plot between predicted and observed AGB. (a) Modeling Set of RF; (b) Validation set of RF; (c)
Modeling Set of SVM; (d) Validation set of SVM.

3.3. AGB Estimation Based on PIO-SVM

Forest aboveground biomass estimation was conducted using SVM optimized by the PIO
algorithm. The SVM model was trained using the optimized penalty parameter (C) and insensitive
loss parameter (&), with the training and testing datasets randomly divided at a ratio of 7:3. The
estimation results obtained using the PIO-SVM model are presented in Figure 6.
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Figure 6. Scatter plots of the predicted AGB by PIO-SVM model.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2261.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2026 d0i:10.20944/preprints202603.2261.v1

12 of 17

3.4. Model Accuracy Evaluation

In this study, three machine learning algorithms—RF, SVM, and PIO-SVM —were employed to
construct forest aboveground biomass estimation models for the Mount Tai region. All models were
developed using Sentinel-2 multispectral imagery in combination with an optimized set of
environmental variables. The quantitative accuracy assessment results for the three models are
summarized in Table 5.

Table 5. Accuracy Evaluation Results for Different Models.

Model Modeling Set Validation Set
R? RMSE(t/ha) R2 RMSE(t/ha)
RF 0.75 62.41 0.70 65.19
SVM 0.80 54.85 0.72 66.25
PIO-SVM 0.85 46.12 0.73 62.19

As shown in Table 5, the PIO-SVM model demonstrates the best overall fitting performance and
predictive accuracy among the evaluated models. On the training dataset, the PIO-SVM model
achieves the highest coefficient of determination (R? = 0.85) and the lowest root mean square error
(RMSE = 46.12). On the testing dataset, it also outperforms the other models, with an R? of 0.73 and
an RMSE of 62.19. The standard SVM model exhibits moderate performance, with a training R? of
0.80 and RMSE of 54.85, and a testing R? of 0.72 with an RMSE of 66.25. The Random Forest model
shows comparatively lower accuracy, yielding a training R? of 0.75 and RMSE of 62.41, and a testing
R2? of 0.70 with an RMSE of 65.19. Overall, all three models achieve coefficients of determination
exceeding 0.70 on both the training and testing datasets, indicating satisfactory estimation capability
for forest AGB. Among them, the PIO-SVM model exhibits superior generalization performance and
reduced prediction error, highlighting the effectiveness of PIO in enhancing SVM-based biomass
estimation under complex mountainous conditions.

3.5. Forest Aboveground Biomass Estimation Mapping

The optimal model obtained using the PIO-SVM was applied to estimate forest aboveground
biomass across the entire study area. The results indicate that forest AGB is predominantly
concentrated in the central and northern regions of the study area, where forest cover is relatively
dense. Biomass density exhibits a clear spatial gradient, gradually increasing from the peripheral
areas toward the interior of the region. This spatial pattern is highly consistent with field survey
observations, demonstrating the reliability of the PIO-SVM model for large-scale forest AGB
mapping. The spatial distribution of estimated AGB is illustrated in Figure 7.
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Figure 7. Spatial distribution of forest AGB estimated using the PIO-SVM model in the study area.
4. Discussion

4.1. Performance Comparison of Different Machine Learning Models

Different machine learning models exhibit varying capacities for handling complex data
structures and environmental heterogeneity. In the mountainous forest environment of Mount Tai,
the three models examined in this study —RF, SVM, and PIO-SVM —showed noticeable differences
in their performance for AGB estimation. Among them, the PIO-SVM model achieved higher
accuracy on both the training and testing datasets, with R? values of 0.85 and 0.73, respectively,
together with lower RMSE values than those obtained using the RF and conventional SVM models.

The superior performance of the PIO-SVM model is primarily attributed to the global
optimization capability of the PIO algorithm in tuning key SVM hyperparameters, including the
penalty coefficient C and the kernel parameter y. Conventional SVM models are highly sensitive to
hyperparameter selection, and suboptimal configurations may result in convergence to local optima
or reduced generalization performance. By contrast, RF models reduce variance through ensemble
learning and exhibit strong robustness to noise with minimal parameter tuning; however, their ability
to capture highly complex nonlinear relationships may be constrained in heterogeneous forest
environments. The PIO algorithm employed in this study balances global exploration and local
exploitation of the parameter space by simulating the two-stage homing behavior of pigeons,
represented by a global map-and-compass operator and a local landmark operator. This optimization
strategy enables the SVM to identify parameter combinations closer to the global optimum, thereby
improving predictive accuracy, convergence stability, and robustness in modeling complex nonlinear
relationships between multi-source remote sensing features and forest AGB in mountainous terrain.
Consequently, the PIO-SVM model achieves a favorable balance between accuracy and stability
under complex terrain conditions, demonstrating the effectiveness of PIO for enhancing traditional
machine learning models.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2261.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2026 d0i:10.20944/preprints202603.2261.v1

14 of 17

4.2. Consistency Analysis and Comparison with Previous Studies

The findings of this study are generally consistent with previous research emphasizing the role
of optimization strategies in improving forest AGB estimation accuracy. Existing studies have
demonstrated that model performance can be enhanced either by refining feature selection
procedures or by improving model parameterization, particularly when high-dimensional remote
sensing datasets are involved.

For example, Wang et al. constructed an SVR model based on Lasso-based feature selection, with
an emphasis on reducing feature redundancy and improving generalization performance [39].
Although both studies aim to optimize model performance, this study instead emphasizes parameter
space optimization through adaptive hyperparameter tuning using the PIO algorithm. While both
feature selection and parameter optimization can substantially enhance SVR performance, the PI1O-
SVM model demonstrates superior performance in the highly heterogeneous and nonlinear
mountainous environment of Mount Tai. This finding suggests that in regions characterized by
strong feature heterogeneity and complex nonlinear relationships, hyperparameter optimization may
be as important as, or even more critical than, feature selection alone.

In contrast, Luo et al. employed regression kriging to correct spatially autocorrelated residuals
from Random Forest predictions, thereby improving spatial mapping accuracy, particularly by
mitigating overestimation and underestimation at extreme values [40]. In the present study, residual-
based spatial correction was not conducted. Instead, terrain-related factors were considered at an
earlier stage of analysis. Variables such as slope and terrain wetness index were included as candidate
factors during feature screening to examine their potential associations with forest growth conditions.
The inclusion of these variables contributes to more realistic spatial patterns in the AGB estimates
produced by the PIO-SVM model, particularly in areas with pronounced terrain variation. In general,
post-processing spatial correction methods and feature before or during the process and parameter
optimization approaches should be considered as complementary rather than mutually exclusive.
Integrating the parameter optimization strengths of the PIO-SVM framework with spatial residual
correction methods such as regression kriging represents a promising avenue for further enhancing
forest AGB estimation accuracy.

4.3. Limitations and Outlook

Although the PIO-SVM model shows relatively good performance in this study, several
limitations should be acknowledged, mainly associated with data sources, terrain conditions, and
sampling constraints. First, optical remote sensing data are subject to spectral saturation in areas with
high biomass. Under dense canopy conditions, the reflectance signals recorded by sensors such as
Sentinel-2 tend to saturate in the visible and near-infrared bands, reducing sensitivity to further
increases in AGB. As a result, biomass in high-density forest stands may be underestimated, a
phenomenon that has also been reported in previous studies. Second, the complex terrain and
heterogeneous forest composition of the Mount Tai region introduce additional uncertainty into the
modeling process. Large elevation differences lead to spatial variability in illumination and moisture
conditions, which in turn affect vegetation growth and spectral responses. In addition, coniferous,
broadleaf, and mixed forests exhibit different canopy structures and seasonal characteristics, making
it difficult to establish a single relationship that performs equally well across all forest types.
Although texture features and topographic variables were examined during feature screening,
estimation errors still occur in areas with steep slopes or structurally complex mixed forests. Third,
the spatial distribution of field samples imposes limitations on model generalization. Due to
accessibility constraints, sample plots are unevenly distributed, with fewer observations located in
high-elevation or steep terrain. Furthermore, some forest age classes are underrepresented in the
dataset, which may affect the reliability of AGB estimates at both the stand and regional scales.
Overall, these limitations indicate that further improvements could be achieved by integrating
complementary data sources, such as active remote sensing data, expanding field sampling coverage,
and refining modeling strategies for heterogeneous mountainous forests.
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To address these limitations, future research should pursue several complementary directions.
At the data level, multisource data fusion integrating optical, radar, and LiDAR data offers a
promising approach for mitigating spectral saturation effects. Radar data such as Sentinel-1 SAR or
ALOS-2 PALSAR-2 are sensitive to vegetation vertical structure, while airborne or satellite LIDAR
can directly capture three-dimensional forest structural information, thereby enabling the
construction of feature sets with stronger physical interpretability and improved discrimination in
high-biomass regions. At the methodological level, further integration of advanced modeling
approaches is warranted. Combining PIO algorithms with deep learning architectures (e.g.,
convolutional neural networks or Transformer-based models) may facilitate the automated extraction
of deeper spatial-spectral features. In addition, incorporating spatial statistical techniques—such as
coupling PIO-SVM with regression kriging for residual correction —could establish a hybrid
framework integrating intelligent parameter optimization with spatial error correction, thereby
reducing prediction bias and improving spatial continuity.

Finally, to enhance the ecological interpretability and applicability of AGB estimation models,
future studies should further integrate ecological processes by incorporating multidimensional
factors such as forest age, species composition, soil properties, climate variability, and human
disturbances. This transition from purely data-driven modeling toward a data-mechanism
synergistic framework would not only improve estimation accuracy but also support long-term
monitoring of forest carbon sinks, ecosystem dynamics, and the scientific assessment of regional
carbon neutrality strategies.

5. Conclusions

A robust framework for estimating aboveground biomass (AGB) in the Mount Tai region, a
temperate mountainous forest area in eastern China, was established by integrating multisource
remote sensing data and intelligent parameter optimization. The performance of the proposed PIO-
SVM model was evaluated against standard SVM and Random Forest (RF) models. The main
conclusions can be summarized as follows.

(1) Feature screening based on Pearson correlation analysis identified spectral, red-edge,
vegetation index, texture, and topographic variables as key contributors to the spatial variability of
forest AGB in mountainous environments. Among these, FVC, KNDVI, and NDRE exhibited the
strongest correlations with field-measured AGB, highlighting their utility for biomass estimation in
complex terrain.

(2) The overall performance of the PIO-SVM model was evaluated relative to standard SVM and
Random Forest (RF) models, demonstrating superior predictive accuracy and robustness. Adaptive
optimization of SVM hyperparameters enabled the PIO-SVM model to achieve higher fitting accuracy
and more stable performance across both training and testing datasets, emphasizing the critical role
of parameter optimization under heterogeneous topographic conditions.

(3) The spatial distribution of AGB derived from the optimal PIO-SVM model showed
pronounced heterogeneity across the study area, with higher biomass values concentrated in the
central and northern forested regions of Mount Tai. These spatial patterns were in close agreement
with field survey observations, confirming the reliability of the proposed approach for generating
accurate AGB maps in mountainous forest ecosystems. The results demonstrate that the PIO
algorithm enhances the performance of support vector machine-based models by enabling more
effective parameter selection in complex modeling scenarios. The proposed framework provides a
practical and reliable approach for estimating forest AGB in heterogeneous mountainous regions and
facilitates regional-scale biomass monitoring.
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