Q forests

Special Issue Reprint

Modelingand
Remote Sensing of
Forests Ecosystem

Edited by
Jianping Wu, Zhongbing Chang and Xin Xiong

mdpi.com/journal/forests

7
MDPI
>




Modeling and Remote Sensing of
Forests Ecosystem






Modeling and Remote Sensing of
Forests Ecosystem

Guest Editors

Jianping Wu
Zhongbing Chang
Xin Xiong

/
rM\D\Pu Basel e Beijing « Wuhan e Barcelona e Belgrade e Novi Sad e Cluj e Manchester
G



Guest Editors

Jianping Wu

Guangdong Provincial Key
Lab of Remote Sensing and
Geographical Information
System

Guangzhou

China

Editorial Office

MDPI AG
Grosspeteranlage 5
4052 Basel, Switzerland

Zhongbing Chang

Key Laboratory of Natural
Resources Monitoring in
Tropical and Subtropical Area
of South China

Surveying and Mapping
Institute Lands and Resource
Department of Guangdong
Province

Guangzhou

China

Xin Xiong

Jiangxi Provincial Key
Laboratory of Carbon
Neutrality and Ecosystem
Carbon Sink

Lushan Botanical Garden
Jiangxi Province and Chinese
Academy of Sciences
Jivjiang

China

This is a reprint of the Special Issue, published open access by the journal Forests (ISSN 1999-4907),

freely accessible at: https:/ /www.mdpi.com/journal/forests/special_issues/H6GFYH11VG.

For citation purposes, cite each article independently as indicated on the article page online and as

indicated below:

Lastname, A.A.; Lastname, B.B. Article Title. Journal Name Year, Volume Number, Page Range.

ISBN 978-3-7258-3329-0 (Hbk)
ISBN 978-3-7258-3330-6 (PDF)

https://doi.org/10.3390/books978-3-7258-3330-6

Cover image courtesy of Jianping Wu

© 2025 by the authors. Articles in this book are Open Access and distributed under the Creative
Commons Attribution (CC BY) license. The book as a whole is distributed by MDPI under the terms
and conditions of the Creative Commons Attribution-NonCommercial-NoDerivs (CC BY-NC-ND)

license (https:/ /creativecommons.org/licenses/by-nc-nd/4.0/).



Contents

Aboutthe Editors . . . . . . . . . . ...
Preface . . . . . . . .

Zhongbing Chang, Xin Xiong, Shuo Zhang and Jianping Wu
Modeling and Remote Sensing of the Forest Ecosystem
Reprinted from: Forests 2025, 16, 101, https://doi.org/10.3390/f16010101 . . . . . . .. ... ...

Yichen Luo, Shuhua Qi, Kaitao Liao, Shaoyu Zhang, Bisong Hu and Ye Tian

Mapping the Forest Height by Fusion of ICESat-2 and Multi-Source Remote Sensing Imagery
and Topographic Information: A Case Study in Jiangxi Province, China

Reprinted from: Forests 2023, 14, 454, https://doi.org/10.3390/f14030454 . . . . . . .. ... ...

Xavier Gallagher-Duval, Olivier R. van Lier and Richard A. Fournier

Estimating Stem Diameter Distributions with Airborne Laser Scanning Metrics and Derived
Canopy Surface Texture Metrics

Reprinted from: Forests 2023, 14, 287, https:/ /doi.org/10.3390/f14020287 . . . . . . .. ... ...

Lina Liu, Yaqiu Liu, Yunlei Lv and Xiang Li

A Novel Approach for Simultaneous Localization and Dense Mapping Based on Binocular
Vision in Forest Ecological Environment

Reprinted from: Forests 2024, 15, 147, https:/ /doi.org/10.3390/f15010147 . . . . . . .. ... ...

Chang Liu, Wenzhi Du, Honglin Cao, Chunyu Shen and Lei Ma
Aboveground Biomass and Endogenous Hormones in Sub-Tropical Forest Fragments
Reprinted from: Forests 2023, 14, 661, https://doi.org/10.3390/f14040661 . . . . . . .. .. .. ..

Jiaming Wang, Han Xu, Qingsong Yang, Yuying Li, Mingfei Ji, Yepu Li, et al.
Topographic Variation in Ecosystem Multifunctionality in an Old-Growth Subtropical Forest
Reprinted from: Forests 2024, 15, 1032, https://doi.org/10.3390/f15061032 . . . . . . ... .. ..

Lei Li, Guangxing Ji, Qingsong Li, Jincai Zhang, Huishan Gao, Mengya Jia, et al.
Spatiotemporal Evolution and Prediction of Ecosystem Carbon Storage in the Yiluo River Basin
Based on the PLUS-InVEST Model

Reprinted from: Forests 2023, 14, 2442, https://doi.org/10.3390/f14122442 . . . . . ... ... ..

Han Ren, Chaonan Chen, Yanhong Li, Wenbo Zhu, Lijuan Zhang, Liyuan Wang, et al.
Response of Vegetation Coverage to Climate Changes in the Qinling-Daba Mountains of China
Reprinted from: Forests 2023, 14, 425, https:/ /doi.org/10.3390/f14020425 . . . . . .. ... .. ..

Yi Yang, Lei Yao, Xuecheng Fu, Ruihua Shen, Xu Wang and Yingying Liu

Spatial and Temporal Variations of Vegetation Phenology and Its Response to Land Surface
Temperature in the Yangtze River Delta Urban Agglomeration

Reprinted from: Forests 2024, 15, 1363, https://doi.org/10.3390/f15081363 . . . . . . ... .. ..

Vladimir Tabunshchik, Roman Gorbunov, Tatiana Gorbunova and Mariia Safonova
Vegetation Dynamics of Sub-Mediterranean Low-Mountain Landscapes under Climate Change
(on the Example of Southeastern Crimea)

Reprinted from: Forests 2023, 14, 1969, https:/ /doi.org/10.3390/f14101969 . . . . . ... ... ..

Yuxin Wang, Zhipei Liu, Baowei Qian, Zongyu He and Guangxing Ji

Quantitatively Computing the Influence of Vegetation Changes on Surface Discharge in the
Middle-Upper Reaches of the Huaihe River, China

Reprinted from: Forests 2022, 13, 2000, https://doi.org/10.3390/£13122000 . . . . . . ... .. ..



Mengya Jia, Shixiong Hu, Xuyue Hu and Yuannan Long

Response Mechanism of Annual Streamflow Decline to Vegetation Growth and Climate Change

in the Han River Basin, China

Reprinted from: Forests 2023, 14, 2132, https://doi.org/10.3390/f14112132 . . . . . ... ... .. 202

Guangxing Ji, Shuaijun Yue, Jincai Zhang, Junchang Huang, Yulong Guo and

Weiqiang Chen

Assessing the Impact of Vegetation Variation, Climate and Human Factors on the Streamflow
Variation of Yarlung Zangbo River with the Corrected Budyko Equation

Reprinted from: Forests 2023, 14, 1312, https:/ /doi.org/10.3390/£14071312 . . . . . .. ... ... 214

vi



About the Editors

Jianping Wu

Jianping Wu received his Ph.D. from the University of Chinese Academy of Science, Beijing,
China. He currently serves as an Associate Researcher at the Guangzhou Institute of Geography,
Guangdong Academy of Sciences, Guangzhou, China. He is primarily engaged in ecological and
geographical scientific research, focusing on the response mechanisms of forest ecosystems to climate
change and urban ecological environments. Dr. Wu has published over 40 peer-reviewed papers in
the field of global ecology, ecosystem ecology, urban ecosystems, and forest ecosystems. He serves
on the editorial board of Forests. Dr. Wu is the project leader for several significant research projects,
including the Natural Science Foundation of Guangdong Province (grant number 2024A1515030190),
the Science and Technology Program of Guangzhou (grant number 2024A04]3347), the Young Talent
Project of GDAS (grant number 2023GDASQNRC-0217), and the GDAS Project of Science and
Technology Development (grant number 2024GDASZH-2024010102).

Zhongbing Chang

Zhongbing Chang received his PhD from the South China Botanical Garden, Chinese Academy
of Sciences. He is an engineer at the Surveying and Mapping Institute Lands and Resource
Department of Guangdong Province. He developed a methodology to estimate the distribution and
dynamics of forest aboveground carbon stock in China by integrating optical vegetation indices and
microwave VOD remote sensing products. Dr. Chang is the project leader for several significant
research projects, including the Science and Technology Program of Guangzhou (2023A04J0927), the
Key Laboratory of Surveying and Mapping Science and Geospatial Information Technology of MNR,
CASM (20230505), the Key Laboratory of Vegetation Restoration and Management of Degraded
Ecosystems, Chinese Academy of Sciences (VRMDE2306), and the Science and Technology Program
of Guangdong Province (2021B1212100003).

Xin Xiong

Xin Xiong received his Ph.D. from the University of Chinese Academy of Science, Beijing,
China. He is a postdoctoral fellow at South China Botanical Garden, Chinese Academy of Sciences,
Guangzhou, China. He works at the Lushan Botanical Garden, Jiangxi Province, and the Chinese
Academy of Sciences, Jiujiang, China. His research interests include global change ecology and
forest ecology, with a focus on carbon cycling processes and mechanisms in subtropical forest
ecosystems. He is the group leader of the ecosystem ecology research group (associate researcher)
and is a Master’s supervisor at Nanchang University and Anhui Agricultural University. He is also
an Executive Director of the Jiangxi Botanical Society. Dr. Xiong is the project leader or principal
investigator for several significant research projects, including the Natural Science Foundation of
Guangdong Province (grant number 2022A1515110403), the Science and Technology Program of
Jiangxi Province (grant numbers 20232BAB215009, 20242BCC32138), and the Jiujiang Municipal
Science and Technology Program (grant number S2024KXJJ0001).

vii






Preface

As the largest carbon pool in terrestrial ecosystems, forests play a pivotal role in regulating the
Earth’s climate, influencing both the global carbon cycle and climate change mitigation strategies.
Forests not only act as significant carbon sinks, absorbing and storing carbon dioxide from the
atmosphere, but they also provide a wide range of other ecosystem services, including biodiversity
conservation, water regulation, and soil protection. As such, understanding the dynamics of forest
ecosystems is critical in addressing the global challenges posed by climate change.

In recent decades, satellite and remote sensing technologies have emerged as powerful tools
for monitoring forest changes across large spatial scales. These advancements offer unprecedented
opportunities for the real-time tracking of forest health, structure, composition, and carbon fluxes,
all of which are crucial for developing effective forest management strategies. By integrating various
remote sensing sources, including optical imagery, synthetic aperture radar (SAR), light detection and
ranging (LiDAR), and microwave sensors, researchers can now capture a more comprehensive and
nuanced picture of forest ecosystems. These technologies enable the detection of forest cover changes,
the assessment of forest biomass and carbon storage, and the monitoring of environmental stressors
such as droughts, pests, and deforestation.

In this reprint, titled "Modeling and Remote Sensing of Forest Ecosystem,” we are pleased to
present a collection of 12 insightful articles that represent the forefront of forest ecosystem research.
These contributions highlight the valuable insights into how remote sensing technologies and
computational models are being used to enhance our understanding of forest dynamics. These
articles cover a broad spectrum of topics, including the development of new remote sensing
techniques, the application of advanced modeling frameworks to simulate forest processes, and the
integration of multi-source data to improve the accuracy and reliability of forest monitoring systems.
The articles also address some of the most pressing challenges in forest ecosystem research, including
the need for high-resolution, long-term data to track forest changes over time, the complexities of
modeling forest carbon dynamics under varying environmental conditions, and the integration of
remote sensing technologies into forest management practices. By bridging the gap between data
collection, modeling, and on-the-ground forest management, these articles provide valuable insights
into how remote sensing and modeling can inform decision-making processes and contribute to
sustainable forest management practices.

We hope that this collection will inspire continued innovation in remote sensing and modeling
techniques and encourage further research into the role of forests in the context of global
environmental change. By advancing our ability to monitor, analyze, and manage forest ecosystems,
we can work towards more effective strategies for conserving and restoring forests, mitigating climate

change, and ensuring the long-term sustainability of these vital ecosystems.

Jianping Wu, Zhongbing Chang, and Xin Xiong
Guest Editors
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Forests cover around one-third of the global land surface, store about half of the
terrestrial carbon, and are the dominant contributors to terrestrial net primary production.
As the largest carbon pool of terrestrial ecosystems, the forest ecosystem plays a critical role
in both the global carbon cycle and climate change mitigation. Time-series monitoring is
essential for understanding forest ecosystem processes and forest response to anthropogenic
activities and climate change. In recent decades, satellite records have offered the potential
to monitor forest changes by combining diverse remote sensing sources including optical,
synthetic aperture radar (SAR), light detection and ranging (LiDAR), and microwave
sensors. Remote sensing data from different sources and with various land surface process
models could provide better spatial coverage with high resolution, and are available for
long-term time series, which can enable the effective global mapping and monitoring of
forest trends. In light of these advantages, we organized this Special Issue, “Modeling
and Remote Sensing of the Forest Ecosystem”. This Special Issue covers potential topics
including the response of forest dynamics to anthropogenic activities and climate change;
time-series change detection and trend analyses of forest ecosystems; the impacts of climate
extremes (e.g., drought to wetness) on the forest ecosystem; the monitoring of forest biomass
and carbon dynamics; the mapping of forest structure parameters.

In this Special Issue, we are pleased to present a collection of 12 insightful articles that
highlight the latest advancements in forest ecosystem research. Among these, five articles
focus on the inversion of forest structural parameters and biomass, as well as an analysis
of forest ecosystem functions [1-6]. These studies employ advanced modeling techniques
and remote sensing data to better understand the complex relationships between forest
structure, biomass, and ecosystem processes. Several articles integrate remote sensing
data, such as ICESat-2, airborne laser scanning, and UAV-based imagery, to map forest
attributes like canopy height, stem diameter, and biomass distribution. Others focus
on understanding how forest fragmentation, topography, and land-use changes affect
ecosystem functions like carbon storage, biomass, and biodiversity. Modeling techniques,
including machine learning and the InNVEST model, are widely applied to predict future
scenarios and optimize forest management strategies. Three articles focus on the impact
of climate change on vegetation dynamics across different regions [7-9]. They emphasize
the role of climate variables such as temperature, precipitation, and sunshine duration
in shaping vegetation coverage and phenology. The research highlights how vegetation
responds to changes in land surface temperature, urbanization, and other environmental
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factors, with varying patterns of growth, biomass, and seasonality. Three articles focus on
the impact of vegetation changes on streamflow variation and hydrological processes in
different regions of China [10-12]. They use advanced methods like the Budyko equation
and elastic coefficient analysis to quantify how vegetation, climate, and human activities
influence surface runoff and streamflow. The results indicate that vegetation growth has a
generally positive effect on streamflow reduction, with varying contributions across regions.
The studies highlight the importance of understanding the interplay between climate,
vegetation, and hydrology for water resource management and ecological restoration
efforts in different river basins.

The contributions in this issue provide valuable insights into how remote sensing
technologies and computational models can be leveraged to enhance our understanding of
forest dynamics. These articles not only discuss the technical methodologies used to derive
forest structural parameters but also explore the implications of these findings for forest
management, biodiversity conservation, and climate change mitigation. Together, these
articles offer a comprehensive perspective of the role of remote sensing and modeling in
advancing forest ecosystem research, addressing key challenges in monitoring, analyzing,
and managing forest ecosystems in the face of global environmental changes. We hope
that this collection will inspire further research and foster the development of innovative
solutions for sustainable forest management.

Author Contributions: Conceptualization, ].W.; investigation, X.X.; data curation, Z.C.; writing—
original draft preparation, Z.C.; writing—review and editing, S.Z. and X.X,; visualization, ].W. All
authors have read and agreed to the published version of the manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.
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Abstract: Forest canopy height is defined as the distance between the highest point of the tree canopy
and the ground, which is considered to be a key factor in calculating above-ground biomass, leaf area
index, and carbon stock. Large-scale forest canopy height monitoring can provide scientific informa-
tion on deforestation and forest degradation to policymakers. The Ice, Cloud, and Land Elevation
Satellite-2 (ICESat-2) was launched in 2018, with the Advanced Topographic Laser Altimeter System
(ATLAS) instrument taking on the task of mapping and transmitting data as a photon-counting
LiDAR, which offers an opportunity to obtain global forest canopy height. To generate a high-
resolution forest canopy height map of Jiangxi Province, we integrated ICESat-2 and multi-source
remote sensing imagery, including Sentinel-1, Sentinel-2, the Shuttle Radar Topography Mission,
and forest age data of Jiangxi Province. Meanwhile, we develop four canopy height extrapolation
models by random forest (RF), Support Vector Machine (SVM), K-nearest neighbor (KNN), Gradient
Boosting Decision Tree (GBDT) to link canopy height in ICESat-2, and spatial feature information
in multi-source remote sensing imagery. The results show that: (1) Forest canopy height is moder-
ately correlated with forest age, making it a potential predictor for forest canopy height mapping.
(2) Compared with GBDT, SVM, and KNN, RF showed the best predictive performance with a
coefficient of determination (R?) of 0.61 and a root mean square error (RMSE) of 5.29 m. (3) Elevation,
slope, and the red-edge band (band 5) derived from Sentinel-2 were significantly dependent variables
in the canopy height extrapolation model. Apart from that, Forest age was one of the variables that
the RF moderately relied on. In contrast, backscatter coefficients and texture features derived from
Sentinel-1 were not sensitive to canopy height. (4) There is a significant correlation between forest
canopy height predicted by RF and forest canopy height measured by field measurements (R? = 0.69,
RMSE = 4.02 m). In a nutshell, the results indicate that the method utilized in this work can reliably
map the spatial distribution of forest canopy height at high resolution.

Keywords: forest canopy height; ICESat-2; Sentinel-1; Sentinel-2; topographic information; forest
age; machine learning

1. Introduction

Forest ecosystems, as an integral component of terrestrial ecosystems, play a vital
role in global climate change and carbon sinks [1]. Forest canopy height is defined as the
distance between the highest point of the tree canopy and the ground, which is used to
calculate above-ground biomass, leaf area index, and carbon stocks [2-4]. In addition,
large-scale forest canopy height monitoring can provide scientific information regarding
deforestation and forest degradation to policymakers [5,6].

Remote sensing technology is regarded as a useful technique for global and regional
forest canopy height mapping [7,8]. Traditional optical remote sensing for forest canopy
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height mapping is based on reflectance information, which has limitations such as quick
signal saturation and sensitivity to meteorological conditions, such as clouds and rain [9,10].
In contrast, a microwave radar can operate in any weather condition, regardless of clouds or
rain. However, in areas with varied terrain, microwave radar emissions can be influenced by
signal saturation, which dramatically reduced the accuracy of canopy height estimates [11].
Light Detection and Ranging (LiDAR), in contrast to the preceding two types of technology,
measures targets by producing pulsed lasers that can penetrate dense forest surfaces to
acquire information regarding both the understory and surface. As a result, LIDAR is
regarded as one of the most precise methods for the measurement of forest structure
parameters [6,12].

The Geoscience Laser Altimeter System (GLAS) onboard the Ice, Cloud, and Land
Elevation Satellite (ICESat) was operated by NASA in 2010, which was the first satellite-
based LiDAR to be used to observe ice cap and forest structure parameters [13]. A series
of researchers have undertaken research regarding the integration of the GLAS and other
optical data for large-scale forest canopy height mapping [14-16]. For example, in 2010,
Lefsky [15] mapped the first global 500 m resolution forest canopy height map by combining
GLAS and MODIS (NASA). Simard et al. [16] used random forest (RF) to map 1 km of
global resolution forest canopy height based on the GLAS and seven remote sensing images.
In addition, in 2016, Wang et al. [17] used the GLAS and 13 auxiliary variables to globally
map forest canopy height at a 500 m resolution using the balanced random forest algorithm.
However, the GLAS has a low spot density and a big spot size, resulting in low accuracy
and resolution in forest canopy height mapping products [18]. In 2018, the Ice, Cloud, and
Land Elevation Satellite-2 (ICESat-2) was launched by NASA at Vandenberg Air Force
Base, which carried the Advanced Topographic Laser Altimeter System (ATLAS) [19,20].
The ATLAS instrument employs multi-beam, micropulse, and photon-counting LiDAR
technology. Multiple beams can map more information at the same time compared with a
single beam. Meanwhile, the micropulse increases the emission frequency and thus the spot
density, which can greatly improve measurement accuracy [19]. The ATLAS instrument
is not primarily charged with studying vegetation, but the ATL08 data packages for both
land and vegetation provide more opportunities for large-scale forest investigations. On
the other hand, ATLO08 data can only offer a footprint rather than continuous forest canopy
height information at regional and global scales [20-22]. Furthermore, the Global Ecosystem
Dynamics Investigation (GEDI) is another high-resolution laser ranging system operated
by NASA [23]. The GEDI is designed to observe the forest areas between 51.6° N and
S. Meanwhile, the basic metric of the GEDI are wave-forms related to the density profile of
canopy height for 25 m footprints [24]. To date, the GEDI has been widely used for global
and regional forest canopy height mapping. In 2019, Potapov et al. [25] integrated the GEDI
and Landsat data to create a global, 30 m resolution map of forest canopy height.

To overcome the spatial discontinuity of LIDAR measurements [21,26], several studies
have shown that integrating multi-source continuous remote sensing data with LIDAR
data could extrapolate forest canopy height from the footprint scale to the regional scale,
resulting in wall-to-wall forest canopy height maps [14,16,18,27]. Furthermore, it was found
that the large-scale spatial feature information provided by optical remote sensing data
such as Landsat (NASA), Sentinel (ESA), and MODIS correlated well with the vegetation
structure information acquired from LiDAR [6,7,16,21]. Wu et al. [28] constructed an eco-
logical zoning random forest algorithm based on ATLAS and Landsat for 30 m resolution
forest height mapping in China. Compared with the optical satellite data, Sentinel-2’s
red-edge bands were shown to provide more accurate information regarding vegetation
growth [29]. Zhang et al. [30] fused ATLAS, Landsat, and Sentinel to map boreal forest
canopy height via RE. In contrast, this study demonstrated that the red-edge band (band
5) and the NDRE derived from band 5 in Sentinel-2 are significantly dependent features
in RE. In addition, Sentinel-1 SAR data, topographic information, textural features, and
climatic data were used to map global and regional forest canopy height maps [1,7,18]. In
the Himalayan Foothills of India, Nandy et al. [1] mapped forest canopy height by inte-
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grating ICESat-2 and Sentinel-1 data using the RF algorithm. Meanwhile, Sothe et al. [31]
mapped forest canopy height in Canada by combining GEDI and ICESat-2 with PALSAR
and Sentinel in 2020, which demonstrated the potential of the L-band for forest canopy
height prediction.

Machine learning models, as statistical predictive models, have many advantages,
including lower computational complexity, less need for parameter tuning, stronger classi-
fication and regression capabilities, and higher performance in integrating multi-source
data [5,32]. Machine learning models such as RF, the Support Vector Machine (SVM),
K-nearest neighbor (KNN), Gradient Boosting Decision Tree (GBDT), and Mixed Logistic
Regression (MLR) have been frequently employed for forest canopy height extrapola-
tion [5,6,21,27,33]. For example, Zhu et al. [14] generated a forest canopy height map with a
spatial resolution of 30 m, utilizing Multiple Altimeter Beam Experimental Lidar (MABEL)
and Landsat 8 OLL Jiang et al. [6] successfully developed a stacking algorithm consisting
of MLR, RF, SVM, and KNN to map the forest canopy height in northern China. Compared
with the single algorithm, it was shown that the stacking algorithm effectively improved
the extrapolation accuracy. Xi et al. [5] developed machine learning models for different
forest types by integrating ICESat-2, Sentinel, and topographic information. This study
demonstrated the better performance of machine learning models developed based on
different forest types relative to the whole forest.

Although numerous studies have successfully mapped continuous forest canopy
height by fusing satellite-based LiDAR data and remotely sensed images, few have consid-
ered the relationship between forest-related indicators and canopy height when conducting
forest canopy height mapping [34]. Previous research has demonstrated that forest age and
forest canopy height are closely related [35]. Several methods for combining forest canopy
height information to map forest age have been proposed [36-38]. Furthermore, no relevant
studies have explored the potential of forest age in forest canopy height mapping. In
addition, the spatial and temporal inconsistency of remote sensing and validation datasets
is another challenge in mapping regional forest canopy height [39].

The goal of this research was to create a high-resolution forest canopy height map
for Jiangxi Province in southeastern China by utilizing machine learning models that
incorporate ICESat-2, Sentinel, and forest age, and then to assess the forest canopy height
map using time-consistent validation data. To achieve this goal, four specific objectives
were proposed: (1) investigating the relationship between forest age and forest canopy
height at the sample scale and providing insight into the key drivers of canopy height
extrapolation models in the region, (2) developing four forest canopy height extrapolation
models based on machine learning models to explore significant predictors that relate to
forest canopy height, (3) generating a Jiangxi Province forest canopy height map based on
the best-performing model, and (4) validating the forest canopy height map using field
measurements and comparing it with existing forest canopy height maps.

2. Materials and Methods
2.1. Study Area

The study was conducted in Jiangxi Province, which is located in southeastern China
and has an area of about 166,900 km? (Figure 1). The research area’s topography is complex
and diversified, dominated by hills and mountains, and it features wide basins and valleys
with an average elevation above sea level of 245.6 m. Jiangxi Province is abundant in water
resources, with a thick network of rivers connecting to the Yangtze River via Poyang Lake,
China’s largest freshwater lake. The climate is a humid subtropical monsoon climate with
an annual temperature range of 16.3 to 19.5 °C. Furthermore, the region has a frost-free
period of 240-307 days and an annual precipitation average of 1341-1943 mm.
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Figure 1. (a) Location of the study area in China. (b) Land cover, including forest, water, and
non-forest, in the study area.

Jiangxi Province is rich in forest resources, with a forest coverage rate of 63.35%,
ranking second in China. Broad-leaved evergreen forests are the zonal vegetation of
Jiangxi Province. Due to the region’s broad geographical span from north to south,
the southern section is influenced by the southern subtropical climate and flora com-
ponents, and the vegetation features exhibit some southern subtropical characteristics. In
the north, there are more tropical flora components, and some warm temperate flora com-
ponents are increasingly mixed. The dominant tree species in the region are Masson’s pine
(Pinus massoniana Lamb), Chinese fir (Cunninghamia lanceolata), and slash pine (Pinus elliottii).

2.2. Data Acquisition and Processing

In this study, the following data were used to accomplish the objectives: (1) ATL08
data collected using ICESat-2, (2) SAR data collected using Sentinel-1, (3) optical image
data collected using Sentinel-2, (4) topographic data collected from the Shuttle Radar
Topography Mission (SRTM), (5) forest age data in Jiangxi Province calculated using a
time-series change monitoring algorithm, (6) the Land Use Cover and Change product
collected using GlobeLand30, and (7) validation data provided by the 7th Jiangxi Province
Forest Resources Second Class Survey. Canopy height information from the ICESat-2 point
and 33 predictors (Table 1) corresponding to the geographical location were obtained from
the data sources listed above and were used in subsequent machine learning modeling.

2.2.1. ATLO8 Data

The ATLAS instrument uses green (532 nm) laser light and single-photon sensitive
detection to measure the time of flight and, subsequently, surface height along each of its
six beams [19]. ATLAS data are distributed as Hierarchical Data Format Version 5 (HDE-5)
through the National Snow and Ice Data Center (NSIDC, https:/ /nsidc.org/data/icesat-2
(accessed on 10 January 2022)), which is divided into 4 levels (ATL01-ATL21, without
ATLO05) [40]. ATLOS is a product that was developed in response to one of ICESat-2’s
scientific tasks: measuring vegetation canopy height as a basis for estimating large-scale
biomass and biomass change, and it provides us with several parameters such as surface
elevation, absolute canopy height, relative canopy height, and so on. Each metric is
derived from photons classified as ground or canopy within a 100-m segment. The primary
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canopy height parameter in the data product, ficanepy, is defined as 98% canopy height in
100 m segments [20]. In addition, as a parameter used to describe the terrain elevation,
h_te_best_fit is defined as the best-fit terrain elevation at the mid-point location of each
100 m segment [20].

The ATLO08 data (580876 ICESat-2 points) from 2020 were utilized in this study to ensure
the chronological validity of the verified data and the coverage of the research area. As
noise points are always present, we used several methods to filter out potentially erroneous
ICESat-2 points. ICESat-2 points with licgepy less than 2 m or greater than 50 m were filtered
out based on forest structure information in the research area. Furthermore, SRTM was
utilized as terrain calibration data, and if the discrepancy between the i_te_best_fit and
SRTM was greater than 20 m, it was assumed that the point was impacted by clouds or the
atmosphere [18]. At the same time, strong beam data recorded at night was used in the
study as it was shown to have the highest performance in canopy height retrieval [41]. In
summary, 5777 filtered ICESat-2 points (Figure 2a) based on the method described above
were used for subsequent machine modeling.
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Figure 2. (a) Distribution of ICESat-2 points and field measurements in Sentinel-2 RGB composite
images. (b) Forest age of Jiangxi Province.

2.2.2. Forest Age

Forest age data were used in this study as key input data in models to estimate forest
canopy height, which were created by the contributing author last year. The data showed
that the secondary forest age ranged from 0 to 34 years annually, and the stable forest
with no changes in the time series was defined as having an age of 35. It was mapped
using multiple change detection algorithms with dense Landsat time series and inventory
data, which presents the first map of forest age (Figure 2b) in 2020 at a 30 m resolution in
Jiangxi Province. Meanwhile, we used 160 field measurements to validate the forest age
map for Jiangxi Province. The variable from the forest age product was reliable to establish
the relationship with forest canopy height due to the high accuracy of the coefficient of
determination (R?) = 0.87; root mean square error (RMSE) = 3.17 years.
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2.2.3. Sentinel Data

Sentinel-1 is a polar-orbiting binary constellation with the ability to provide daily,
day/night, and all-weather medium-resolution observations for the continuation and
improvement of SAR operational services and applications, which can provide single (HH
and VV) or dual polarization modes (HH + HV and VV + VH) [42]. Sentinel-2 provides
high-resolution multispectral image acquisition on a global scale through the Multi-Spectral
Instrument (MSI), which carries 13 spectral bands from the visible and near-infrared to the
short-wave infrared [43]. In addition, the red-edge band obtained using the MSI is widely
used to monitor vegetation because it is sensitive to vegetation growth [44].

In this study, Sentinel data regarding the vegetation growing season (2020) were
acquired and processed in Google Earth Engine (GEE, https://earthengine.google.com/
(accessed on 28 April 2022)). The backscatter coefficients, VV and VH, of Sentinel-1 were
obtained from Sentinel-1 SAR GRD products. Sentinel-2 images from “Level-2A” data were
cloud-masked using the s2cloudless algorithm [45]. Considering the spatial consistency
and availability of data, both Sentinel-1 and Sentinel-2 data (Figure 2a) were resampled
to a 30 m resolution and processed using a median image composition. Additionally,
composite images were used to generate eighteen texture features and three vegetation
indices as the base image. In general, features contained in the gray-level co-occurrence
matrix (GLCM) in Table 1 are used to characterize the texture; the features include Mean,
Variance, Homogeneity, Contrast, Dissimilarity, Entroy, Angular Second Moment, and
Correlation [46]. Texture features are calculated using a GLCM with third-order kernels
based on the backward scattering coefficient. The three normalized (NDRE_BANDS,
NDRE_BANDS6, and NDRE_BAND?) red-edge indices are calculated based on the three
red-edge bands and the infrared band [47]. The formula for NDRE is as follows:

NIR — RedEdge

NDRE = 7R T RedEdge

@

where NIR represents the near-infrared band (band 8), and RedEdge represents the three
red-edge bands of band 5, 6, and 7 in Sentinel-2.

Table 1. Predictors obtained by multi-source data.

Data Source Predictors Description References
Forest Age FOREST_AGE 30 m-resolution forest age map in Jiangxi Province -
\A% VV band extracted from Sentinel-1 [42]
VH VH band extracted from Sentinel-1

VV_MEAN Mean Value calculated by GLCM based on VV
VV_VAR Variance calculated by GLCM based on VV

VV_HOM Homogeneity calculated by GLCM based on VV
VV_CON Contrast calculated by GLCM based on VV
VV_DISS Dissimilarity calculated by GLCM based on VV
VV_ENT Entropy calculated by GLCM based on VV

Sentinel-1 VV_SEC Angular Second Moment calculated by GLCM based on VV

VV_COR Correlation calculated by GLCM based on VV [46]

VH_MEAN Mean Value calculated by GLCM based on VH
VH_VAR Variance calculated by GLCM based on VH

VH_HOM Homogeneity calculated by GLCM based on VH

VH_CON Contrast calculated by GLCM based on VH
VH_DISS Dissimilarity calculated by GLCM based on VH
VH_ENT Entropy calculated by GLCM based on VH
VH_SEC Angular Second Moment calculated by GLCM based on VH
VH_COR Correlation calculated by GLCM based on VH
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Table 1. Cont.

Data Source Predictors Description References
S2_BAND2 Blue band extracted from Sentinel-2
S2_BAND3 Green band extracted from Sentinel-2
S2_BAND4 Red band extracted from Sentinel-2
Sentinel-2 S2_BAND5 Vegetat%on Red Edge band extracted from Sent%nel—2 (705 nm) [43]
S2_BANDG6 Vegetation Red Edge band extracted from Sentinel-2 (740 nm)
S2_BAND7 Vegetation Red Edge band extracted from Sentinel-2 (782 nm)
S2_BANDS NIR band extracted from Sentinel-2
S2_BANDA Narrow NIR band extracted from Sentinel-2
Normalized difference red-edge vegetation index based on
NDRE_BANDS S2_BANDS and S2_BANDS8
Normalized difference red-edge vegetation index based on
NDRE_BAND6 S2_BANDG6 and S2_BANDS8 [47]
Normalized difference red-edge vegetation index based on
NDRE_BAND? S2_BAND? and S2_BANDS8
ELEVATION Elevation extracted from SRTM
SRTM SLOPE Slope extracted from SRTM [48]
ASPECT Aspect extracted from SRTM

2.2.4. Auxiliary Data

The SRTM uses one-way interferometry to acquire topographic data. The SRTM
collects radar data for 80% of the Earth’s surface between 60° N and 56° S, which is used to
construct a global digital elevation model. In this study, the SRTM was called and processed
using GEE to obtain the elevation, slope, and aspect of the study area [48].

GlobeLand30 2020, a 30 m resolution global land cover data product, is the latest
version developed in China. It includes 10 land cover classifications, including forests.
The product has an overall accuracy of 85.72% [49]. GlobeLand30 2020 was used for the
study area in this study, which effectively helped us to distinguish between forested and
non-forested areas.

The 7th Jiangxi Province Forest Resources Second Class Survey was completed in
Jiangxi Province in 20192020, which established a database of forest resources in Jiangxi
Province consisting of irregular blocks [6]. Each block consists of the same forest species
and contains geographic coordinates, forest type, forest canopy height, forest age, etc.
Meanwhile, the forest canopy height represents the average height of the forest canopy
within the whole block. In this study, 380 field measurement points (Figure 2a) converted
from the center of gravity of blocks were used to validate the forest canopy height maps
generated by the machine learning model. The coordinates of the field measurement points
were used as a reference, and cell values at locations were extracted from one raster and
recorded in the attribute table of the point.

Previous research has generated forest canopy height maps of China at 30 m reso-
lutions using various methodologies [18,50]. Zhu [18] produced a 30 m resolution forest
altitude map of China (R? = 0.38; RMSE = 2.67 m) using a random forest model in collab-
oration with data from satellite-based LiDAR (GEDI and ICESat-2) and optical imagery
(Landsat-8 and Sentinel). Meanwhile, Liu et al. [50] developed a deep learning interpolation
model by integrating the GEDI and ICESat-2 to map another 30 m resolution forest canopy
height map of the Chinese region (R? = 0.6; RMSE = 4.88 m). In addition, the Global Forest
Canopy Height (GFCH) mapped based on the GEDI and Landsat by Potapov et al. [25] in
2019 is also open access (https://glad.umd.edu/dataset/gedi/ (accessed on 11 February
2023)). We gathered the forest canopy height in Jiangxi Province from three data [18,25,50]
using the Jiangxi Province boundary mask to assess the correctness of the forest canopy
height map in this study.

10
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2.3. Methods

In this study, correlation analysis was used to understand the relationship between
canopy height and predictors, and in addition, machine learning models were used to
link canopy height and predictors and perform continuous forest canopy height mapping.
Meanwhile, SPSS Statistics software (version 25) was used for correlation analysis, and R
(version 4.2.1) was used for machine learning modeling. A workflow (Figure 3) was created
to summarize the main steps of the implemented methodology in the study.

i Satellite-based LIDAR : Multi-source data

ICESat-2

i
i
[ Sentinel-1 U [ Sentinel-2 ]J [ SRTM H (FurcslAgc] 3

| | |
it |
| 1
| Vegetation o |
| vv+ve Texture Band 8 Slope || Elevation || Aspect !
H X |

X 1 { Field plot
H ~ Measurements
: Brecdisiive Correlation Analysis
! variables

i

Verification

e - Canopy Height “n"‘*\\
Canopy height ul‘w o Extrapolation Models . Forest Height

sample sites { I‘ Map of Jiangxi
P/ \\ @ @,/ Province

Figure 3. Workflow of integration of ICESat-2 and multi-source data for forest canopy height mapping
in Jiangxi Province.

2.3.1. Correlation Analysis

Correlation analysis is the examination of two or more variables that may be correlated,
and it often uses the correlation coefficient to determine the degree of correlation between
two variables. The correlation coefficient is between —1 and 1. The more connected the
variables are, the closer it gets to the extreme value [51]. In this study, the Spearman
correlation coefficient (7;) was utilized to link the forest canopy height and the relevant
predictors at ICESat-2 sites based on the distribution features of the data. To reduce the
dimensionality of the predictors, a p-value < 0.01 and an |7 | > 0.2 were used for model
development. The formula of r; is as follows:

6y d?

Con(n?-1) @

s =
where 75 represents the Spearman correlation coefficient; d; represents the difference in the
place value of the data pair; and n represents the number of observation samples.

2.3.2. Model Development and Hyperparameter Optimization

Four machine learning models (RF, GBDT, SVM, and KNN) were utilized to construct
canopy height extrapolation models for the proper estimation of forest canopy height in
Jiangxi Province. RF is a bagging integration algorithm that builds a robust model by
integrating multiple decision trees and has better generalization performance and less
possible overfitting compared with a single decision tree [52]. GBDT, similar to RF, is an
integrated model based on decision trees that uses a boosting algorithm to concatenate
the decision trees and eventually approximate the true value by minimizing the model’s
bias [53]. The basic principle of an SVM is to discover a hyperplane that minimizes the
distance between it and all of the data. Although the SVM technique is best suited for
classification issues, it can also perform well in regression [6]. The final method, KNN,

11
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solves the regression problem by looking for comparable K samples based on spectral
distance and making predictions using the mean of the samples [54].

In this study, 80% of the samples (1 = 4621) served as a training set, while 20% of
the data (n = 1156) served as a testing set. The RandomForest (version 4.7.1) package was
used for the RF algorithm [52], the gbm (version 2.1.8.1) package was used for the GBDT
algorithm [53], the e1071 (version 1.7.11) package was used for the SVM algorithm [55], and
the Caret (version 6.0.92) package was used for the KNN algorithm [56]. To improve the
model’s performance, the parameters were modified by running the “train” function in the
Caret package several times. The hyperparameter optimization approach was developed
using a grid search and 10-fold cross-validation [56]. The Ntree and Mtry parameters had
to be input to the RF algorithm. The “randomforest” function was also used to test the
value of the Ntree. After determining the optimal Ntree, a hyperparameter optimization
approach was utilized to determine the best Mtry. The GBDT algorithm required the input
of four parameters: Trees, Depth, Minobsinnodehe, and Shrinkage, which were divided
into two groups for the implementation of the hyperparameter optimization algorithm.
The linear function was used as the kernel function in the SVM algorithm, and the only
parameter that needed to be changed was the cost value (C). A range was established based
on various changes to determine the best-performing cost value. Simultaneously, for the
KNN algorithm, the Euclidean distance was set to the spectral distance, and the optimal
number of neighborhood points (K) was found using a hyperparametric optimization
algorithm. All the parameters are shown in Table 2, which presents the parameters and
descriptions of them in the machine learning models. The RMSE was used as an evaluation
tool for hyperparametric optimization algorithms, and the parameters with the lowest
RMSE were used to develop the canopy height extrapolation model.

Table 2. Parameters and descriptions in machine learning models.

Model Parameter Description
RE Ntree Number of decision trees
Mtry Number of features in each decision tree
SVM Cost Penalty factor
KNN K Number of neighboring points
Trees Number of iterative regression trees
Depth Maximum depth of decision tree
GBDT - S
. . The minimum number of observations in the
Minobsinnode . .
terminal nodes of the decision tree
Shrinkage Learning rate or step reduction

2.3.3. Continuous Forest Canopy Height Mapping and Validation

Once all of the parameters were optimized, four canopy height extrapolation models
were created, with the canopy height in the training set serving as the dependent variable
and other remote sensing data serving as the predictors. The canopy heights of the testing
set were assessed using R? and RMSE. Furthermore, the best-performing model was used
to map the forest canopy height in Jiangxi Province. Finally, all the forest canopy height
maps were evaluated using field measurements. The formulas for R?> and RMSE are
as follows:

RZ —1— ;7:1(3(,' 7y1.)2 (3)
Y (i =)
RMSE = % i(xi — ) 4)
=1

where n represents the number of observations; x; represents the i-th observation;
y; represents the i-th predicted value; i represents the average of the predicted values.

12
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3. Results
3.1. Correlation between Canopy Height and Predictors

For each ICESat-2 point, the Spearman correlation coefficient was used to investigate
the relationship between canopy height and 33 predictors. The statistical results (Table 3)
showed that 26 variables were significantly correlated with canopy height, and 7 variables
were not significantly correlated. Among the 26 significantly correlated variables, the
75 ranged from 0.08 to 0.62.

Table 3. rs of predictors and canopy height at sample scale.

Predictors Ts Predictors Ts Predictors Ts
FOREST_AGE 0.415 ** VV_COR 0.007 NDRE_BANDS5 0.454 **
VH_DISS 0.313 ** VV_DISS 0.326 ** NDRE_BAND6 0.361 **
VH_ENT 0.316 ** VV_HOM —0.316 ** NDRE_BAND?7 0.007
VH_CON 0.310 ** VV_MEAN 0.147 ** S2_BAND2 —0.278 **
VH_COR 0.011 VV_SEC —0.327 ** S2_BAND3 —0.409 **
VH_HOM —0.302 ** VV_VAR 0.326 ** S2_BAND4 —0.411 **
VH_MEAM 0.191 ** SLOPE 0.548 ** S2_BAND5 —0.436 **
VH_SEC —0.315 ** ELEVATION 0.620 ** S2_BAND6 —0.078 **
VH_VAR 0.309 ** ASPECT 0.031* S2_BAND7 0.018
VV_ENT 0.327 ** \'AY% 0.163 ** S2_BANDS 0.016
VV_CON 0.322 ** VH 0.128 ** S2_BANDSA 0.034 *

— represents negative correlation, * represents p-value < 0.05, ** represents p-value < 0.01.

It is worth noting that elevation (rs = 0.62) and slope (rs = 0.55) were strongly connected
with canopy height among all the statistically correlated variables. Sentinel-2 characteristics
such as NDRE_BANDS (rs = 0.45) and S2_BANDS5 (rs = 0.44) were also moderately linked
with canopy height. Sentinel-1-derived information was less correlated (rs from 0.13 to 0.32),
reflecting the limited penetration of Sentinel-1’s C-band into the forest [27]. Furthermore,
forest age showed a link with canopy height (rs = 0.42), implying that it may contribute
to canopy height extrapolation modeling. The correlation analysis and variable selection
method were utilized to choose 21 variables (Figure 4) for models development.
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Figure 4. Correlation analysis of the 21 characteristic variables used in the model with canopy height.
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3.2. Hyperparameter Optimization for Canopy Height Extrapolation Models

Ntree was initially set to 300 for the RF model, and the OOB error was steady after
Ntree exceeded 150, whereupon it was set to 150 (Figure 5a). Furthermore, in the hyper-
parametric method, the ideal Ntree was used to obtain the Mtry, and Figure 5b shows that
the RMSE was lowest when Mtry was 9. In contrast to RF, in this study, the KNN and SVM
models required the development of a parameter. When K was set to 16 (Figure 5c) in KNN
and cost was set to 0.3 (Figure 5d) in the SVM, the smallest RMSE was attained. Searching
the mesh for all parameters at the same time in a model with several parameters may have
resulted in computational complexity. Hence, for a four-parameter GBDT model, as shown
in Figure 5ef, the four parameters were divided into two groups and searched in the grid,
and the best parameters were shown to be a combination of the two searches.
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Figure 5. Parameters in the machine learning model selected based on cross-validation. (a) Ntree in
the RF, (b) Mtry in the RF, (¢) K in the KNN, (d) cost in the SVM, (e) Minobsinnode and Shrinkage in
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3.3. Comparison of Canopy Height Extrapolation Models

Once the optimal parameters in the model were determined, four machine learning
models were utilized to establish the relationship between canopy height and predictors
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Predicted Height Canopy by RF(m)

Predicted Height Canopy by SVM(m)

for the ICESat-2 point. The models were validated using the testing set to further verify
their correctness and compare their performance using R?> and RMSE metrics. In Figure 6,
the R? for all models ranged from 0.47 to 0.61, and the RMSE ranged from 5.29 to 6.18 m.
The best-fitting model was determined to be RF (R? = 0.61 and RMSE = 5.29 m). Figure 6a,b
indicate that the two integrated models obtained from the decision tree, GBDT and RF,
produced relatively similar results. Additionally, the mean coefficient of determination
(R? = 0.55) and mean root mean square error (RMSE = 5.64 m) were calculated, indicating
that all four models could extrapolate the sample plot scale to the regional scale. Lastly,
Figure 6 shows all the model-predicted and actual canopy height values were significantly
correlated (p-value < 0.01).

Predicted Height Canopy by GBDT(m)

ATLO8 Height Canopy(m)

Predicted Height Canopy by KNN(m)

0 10 20 30 40
ATLO8 Height Canopy(m) ATLO8 Height Canopy(m)

Figure 6. Comparison of accuracy of four machine learning models: (a) RF, (b) GBDT, (c) SVM,
(d) KNN.

In Table 3, the Spearman coefficient was used to measure the linear relationship be-
tween the canopy height and predictors. However, the canopy height and predictors
are not generally linearly related in environmentally complex forests [6]. To further ex-
plore the key drivers in the extrapolation process of forest canopy height, the importance
evaluation in the random forest model (Figure 7) was used to analyze the degree of
contribution of the variables in the canopy height extrapolation model. The results of
Figure 7 show that the random forest model significantly depended on elevation, slope,
52_BANDS5, and NDRE_BANDS, with elevation being the variable that contributed the
most to the model. Meanwhile, Figure 7 suggests the backward scattering coefficient and
texture features derived from Sentinel-1 were shown to have relatively low contributions to
the model.

3.4. Mapping Wall-to-Wall Map of Forest Canopy Height

Continuous spatial feature information and canopy height extrapolation models pro-
vide the possibility of mapping forest canopy height in wall-to-wall areas. In Figure 8a, a
30-m resolution forest canopy height map for Jiangxi Province was generated based on
the RF model and 21 consecutive remote sensing images. The heights of the predictions
(Figure 8a) in the area ranged from 4.88 to 35.55 m, with an average height of 23.8 m. In
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general, the forest canopy height was higher in the mountains and lower in the plains
and hills. Figure 8b shows that forest heights recorded in the field ranged from 2.7 m to
31.1 m, while samples were utilized to validate the forest canopy height map. The vali-
dation (Figure 8c) reveals that the canopy height extrapolation model we created could
effectively map the forest canopy height in the research area (R? = 0.69; RMSE = 4.02 m).
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3.5. Comparison of Forest Canopy Height Maps

In Figure 8a, the validation shows that our method can produce reliable forest canopy
height maps. Nonetheless, for a more comprehensive analysis of the accuracy of the forest

16



Forests 2023, 14, 454

canopy height maps, one global [25] and two Chinese [18,50] forest canopy height maps
were processed using Jiangxi masks and validated using the same field measurements.
Figure 9 shows that the R? of the validation ranged from 0.24 to 0.39, while the RMSE
ranged from 4.11 to 5.48 m. The results show that the forest canopy height map of the
Jiangxi Province produced in this study had higher accuracy.
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Figure 9. Validation of the forest height of Jiangxi Province generated by (a) Zhu [18], (b) NNGI [50],
(c) GECH [25].

4. Discussion
4.1. Key Drivers in the Extrapolation of Forest Canopy Height

Predictors derived from remote sensing data such as optical images can be efficiently
integrated with ICESat-2 or MABEL modeling data to produce continuous forest canopy
height maps [1,5-7,14]. However, few studies have discussed the role of other forest
structures in forest canopy height mapping. Several studies have already shown a potential
correlation between forest age and forest canopy height [36-38]. In this study, we explored
continuous forest canopy height mapping using high-resolution forest age maps generated
using a continuous change detection technique as predictors, along with other optical
remote sensing data. The results in Table 3 indicate that there is a moderate correlation
between forest age and forest canopy height at the sample scale.

Meanwhile, the importance ratings of the predictors (Figure 7) generated by the RF
showed that forest age was one of the variables that the RF moderately relied on. These
facts stated above imply that forest age has the potential to predict forest canopy height.
From another perspective, the results in Figure 7 show that S2_BAND5 and NDRE_BAND5
are significantly dependent variables for forest canopy height prediction. Notably, this
result has similarity with the results of Zhang et al. [30] and implies that the red-edge
band can characterize vegetation growth to some extent, as demonstrated in previous
studies [44,47]. In addition, Figure 7 shows that forest canopy height is also significantly
affected by elevation and slope. One obvious reason for this is that changes in elevation
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and slope impact climate, temperature, and sunlight, all of which have an indirect effect on
forest growth [57,58]. On the other hand, the impact of human activities on a forest will
vary with elevation and slope.

4.2. Accuracy of Canopy Height Extrapolation Model and Forest Canopy Height

In Figure 6, all models overestimate low forests and underestimate forests with high
heights. In fact, this bias appeared in previous studies that integrated ICESat-2 and different
predictor variables using RF [5-7,18,28,30,31], KNN [6], SVM [6], GBDT [5], MLR [6], and a
deep learning model [7] for continuous forest height mapping. However, the reason for
this bias in the prediction of forest height maps via machine learning models is not clear.
In addition, RMSE has been frequently used in the assessment and comparison of canopy
height extrapolation models [5,6,31], and other metrics such as mean absolute error (MAE)
and RMSE% should also be considered in subsequent studies to reduce uncertainty.

The results of Figures 8c and 9 reveal that the forest canopy height map generated in
this study was more accurate. It is worth noting that the difference in accuracy between the
current study and previous results may be attributable to a temporal mismatch between
the validation data and ICESat-2 [28]. From another perspective, for global and national
forest canopy height mapping, there are more complex elements to consider compared with
regional studies. Both global and national data have achieved good accuracy [18,25,50,59];
however, part of the data may have lower accuracy due to geographical heterogeneity.
Hence, forest canopy height mapping studies are important for forest resource management
in the region.

4.3. Limitations and Prospects

In this study, 33 predictors were used to build a machine learning model to map wall-
to-wall forest canopy height, including optical images and terrain features, as well as forest
age, among others. Furthermore, a high-resolution forest canopy height map of the study
area was mapped with a canopy height extrapolation model, which was developed using
machine learning models. To investigate the potential of these variables in the estimation
of forest canopy height, as seen in Figure 7, the feature variables in this study could be
effectively linked to the canopy height in ICESat-2 points, with forest age performing
particularly well as a new variable. Therefore, continuous forest canopy height maps can
be used as predictors to map continuous forest structure parameters such as above-ground
biomass and leaf area index in the future. Furthermore, due to latitudinal and longitudinal
variances, environmental parameters such as precipitation and temperature should be
incorporated as predictors for national or global forest canopy height mapping [50,58]. In
terms of data, multicollinearity may have an impact on the ranking of importance in RE,
and this issue should be taken into account in subsequent studies. In addition, several trials
require additional consideration. ICESat-2 provides us with strip samples [19], which will
leave many gaps that the GEDI [41] can fill in the study area. In terms of data, the number
of vegetation signal photons in the ATLO8 product is very low, and the vertical sampling
error may underestimate the canopy height at the ICESat-2 point [20]. From another point
of view, distinct forest species may have different canopy height extrapolation models [5].
Given the diverse biodiversity in the study area, canopy height extrapolation models for
different tree species should be built once an appropriate categorization of the tree species
is obtained.

5. Conclusions

In this study, we integrated ICESat-2, Sentinel, SRTM, and forest age data from Jiangxi
Province, proposed a new method for variable selection, and developed four canopy height
extrapolation models via RF, GBDT, KNN, and the SVM to link canopy height and spatial
feature information. The model (RF) with the best-performance was used to map the
forest canopy height in Jiangxi Province. Based on the results of this study, the following
conclusions can be drawn: (1) Forest canopy height is moderately correlated with for-
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est age, meaning it has the potential to be a predictor for forest canopy height mapping.
(2) RF has the best-performance of the four canopy height extrapolation models, although
it still underestimates higher forests and overestimates lower forests. Nonetheless, the
use of multiple models can produce more robust results than the use of a single model.
(3) Elevation, slope, and the red-edge band (band 5) derived from Sentinel-2 were signif-
icantly dependent variables in the canopy height extrapolation model. Apart from that,
forest age was one of the variables that the RF moderately relied on. In contrast, backscatter
coefficients and texture features derived from Sentinel-1 were not sensitive to canopy height.
(4) There was a significant correlation between forest canopy height predicted using RF
and forest canopy height measured using field measurements (R? = 0.69; RMSE = 4.02 m).
In a nutshell, the results show that the method utilized in this work can reliably map the
spatial distribution of forest canopy height.
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Abstract: This study aimed to determine the optimal approach for estimating stem diameter distri-
butions (SDD) from airborne laser scanning (ALS) data using point cloud metrics (M,5), a canopy
height model (CHM) texture metrics (Miex), and a combination thereof (M¢omp). We developed
area-based models (i) to classify SDD modality and (ii) predict SDD function parameters, which we
tested for 5 modelling techniques. Our results demonstrated little variability in the performance of
SDD modality classification models (mean overall accuracy: 72%; SD: 2%). Our best SDD function
parameter models were generally fitted with Moy, with R? improvements up to 0.25. We found the
variable Correlation, originating from Miey, to be the most important predictor within My, Trends
in the performance of the predictor groups were mostly consistent across the modelling techniques
within each parameter. Using an Error Index (EI), we determined that differentiating modality prior
to estimating SDD improved the accuracy of estimates for bimodal plots (~12% decrease in EI),
which was trivially not the case for unimodal plots (<1% increase in EI). We concluded that (i) CHM
texture metrics can be used to improve the estimate of SDD parameters and that (ii) differentiating
for modality prior to estimating SSD is especially beneficial in stands with bimodal SDD.

Keywords: airborne laser scanning; texture; stem diameter distributions; forest inventory; boreal forest

1. Introduction

In the last decade, much effort has been devoted to modelling and mapping forest
inventory attributes from airborne laser scanning data (ALS) to the point where these
data are being used operationally over large, continuous areas internationally (e.g., [1-3]).
ALS can provide precise and reliable predictions of many stand-mean values of biophys-
ical attributes (e.g., biomass, volume, height, and DBH [4-6]), as well as distributions
thereof (e.g., stem diameter, height, and volume distributions [7-9]). Stem diameter is the
most frequently modelled distribution found in the literature (e.g., [10-17]) as it provides
insights on stand structure, the basis for understanding the stand’s ecological and eco-
nomic value. Stem diameter distributions can be used to describe forest dynamics [18],
carbon stock, biomass, and wood volumes [19,20], and are known to be correlated with
species diversity [21,22]. This information is an important aid for forest managers, who are
planning silvicultural strategies [23] and assessing the commercial value of given stands.

Numerous functions have been described in the literature to fit stem diameter dis-
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to the data, they concluded that all six assessed PDF produced reasonable results. Sim-
ilarly, Consenza et al. (2019) [27] demonstrated that Johnson’s Sg presented comparable
performances to the Weibull for two forest types: slightly better for a Eucalyptus globulus
plantation and slightly worse for a Pinus radiata plantation. Although these studies have
demonstrated that the Weibull is not always the best-fitting PDEF, it has been most widely
used in forestry (e.g., [7,14,28,29]), namely due to the function’s flexibility in shape and
relative simplicity of mathematical implementation [24]. The Weibull, however, is better
suited to represent homogenous stands, given that it contains only one mode. Recent
studies have demonstrated improvements in SDD predictions by fitting the bimodal SDD
of heterogeneous stands to two PDF in structurally diverse forests [28,30]. The accuracy in
representing SDD is therefore inevitably dependent on the forest structure being assessed.

Parametric and non-parametric approaches have been used to model SDD regardless
of the distribution’s modality (e.g., [8,19,20,31]). As PDFs are multivariate, it is often neces-
sary to use multiple models developed with methods that can handle high-dimensional
space [32]. Although many approaches to predict SDD have been proposed in recent
decades, the current trends have been based on the PDF parameter prediction [28,33-35]
and recovery methods [12,36-38]. In the 1990s, studies found k-nearest neighbor (k-NN)
regression to be more accurate and flexible than methods based on parametric distributions
in predicting stand-level diameter distributions [39,40]. With the advent of ALS, k-NN ap-
proaches were implemented using the area-based approach [41] to produce sub-stand-level
diameter predictions with similar results [42—-44]. Although k-NN estimation has long been
used to predict SDD, the large amounts of training data required can limit its application.
Many other approaches have also been proposed. For example, Kangas and Maltamo
(2000) [45] suggested a model that first predicted diameters at 12 percentiles, then the basal
area diameter distribution was interpolated using a rational spline. Liu et al. (2009) [46]
later assessed the percentile-based approach [47] against five other methods in predicting
parameters for SDD represented by a Weibull function for white spruce plantations and
found the percentile-based parameter recovery method performed best. In another study,
Bollandsas and Naesset (2007) [19] proposed to use partial least squares regression to effec-
tively predict diameters at percentiles of basal area in uneven-sized Norway spruce stands.
In a most recent study, Strunk and McGaughey (2023) [36] compared post-stratification, or-
dinary least squares regression, k-NN, and random forest to predict diameter class-specific
volumes and found that random forest produced overall better results for a managed south-
ern white pine forest. The complex distributions associated with more heterogeneous forest
structures are, however, often better represented within a Finite Mixture Model (FMM)
by combining two or more PDFs [28,33,34,48]. For example, Mulverhill et al. (2018) [34]
developed maximum likelihood estimation models for both unimodal and bimodal SDD to
appropriately characterize the simple and irregular distributions found in stands of boreal
mixedwood forests (Canada). Though the estimation approaches continue to evolve, no
consensus on a singularly favoured modelling method has yet been established.

Spatially explicit and exhaustive characterizations of SDD are made possible with
remote sensing. Tarp-Johansen (2002) [49] used a 3D model and digital aerial photographs
to estimate stem diameters for monospecific English oak (Quercus robur L.) stands in
Denmark. With the development of ALS, Gobakken and Neaesset (2004) [50] used vari-
ous ALS height metrics to estimate Weibull parameters accurately (R? ranging between
0.6-0.9 with an RMSE of 0.15) to predict SDD for the boreal forest in southeast Norway.
Multi-source remote sensing data can also be combined to improve prediction accuracy.
Peuhkurinen et al. (2018) [30] combined ALS data and SPOT5 imagery to make accurate
predictions (Reynold’s Error Index for all plots ranged from 17.99 to 122.94) of SDD for
coniferous boreal forests of Russia’s Perm Region with the non-parametric k-Most Similar
Neighbour method. In addition to height metrics, intensity metrics can be derived from
ALS data, thereby providing indications of the strength of backscattered energy. Shang et al.
(2017) [51] used ALS height and intensity metrics to predict SDD for a hardwood forest in
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Ontario, Canada. They found that combining intensity and height metrics improved the
model’s performance beyond employing either height-only or intensity-only metrics.

Texture metrics that are derived from remote sensing can provide additional informa-
tion regarding canopy structure that is independent of spectral features regarding spatial
variations [52]. Haralick’s Grey-Level Co-occurrence Matrix (GLCM) [53] is one common ap-
proach to calculating texture features from a given raster surface. GLCM uses second-order
statistics, which are defined as the probability of observing a certain pair of pixel values
within a predefined angle and observation window size [54]. Studies have demonstrated
that texture metrics derived from optical data can be used successfully to predict forest at-
tributes for a range of forest types (e.g., for boreal and Great Lakes—St. Lawrence forests of
Canada [55]; temperate forests of Ontario, Canada [8]; boreal forests of Finland [56]). Dube
and Mutanga (2015) [57] compared aboveground biomass models for three medium-density
plantation forest species in South Africa that were derived from Landsat-8 spectral bands,
spectral band ratios, vegetation indices, texture bands, and texture band ratios. The study
demonstrated that models developed from multiple texture band ratios yielded the highest
R?. Several studies have incorporated canopy height model (CHM)-derived texture metrics
in predicting forest attributes. Ozdemir and Donoghue (2013) [58] used CHM-derived
texture metrics to explain tree diversity for a broad range of stand types (pure conifer,
mixed conifer, pure deciduous, mixed deciduous, and conifer, different age classes) and
found that the combination of ALS metrics with texture metrics explained up to 85% of the
measured tree height diversity. Niemi and Vauhkonen (2016) [59] demonstrated that using
texture metrics improved prediction of total stem volume and basal area over models that
were developed solely from ALS metrics for boreal forests in southern Finland. Similarly,
van Ewijk et al. (2019) [55] found that combining ALS, CHM texture, and intensity metrics
improved R? by 0.19 for the prediction of stem density when compared with models that
were developed solely with ALS metrics.

The studies provide meaningful insight into potential improvements for predicting
forest attributes using a variety of modelling approaches and predictor variables that are
derived from remote sensing data. To date, no studies have specifically examined whether
the inclusion of canopy surface texture metrics can improve the characterization of SDD
from ALS data. In this study, we compared the accuracy of SDD predictions that were
modelled independently from commonly used ALS metrics, CHM-derived texture metrics,
and a combination of the two using multiple statistical modelling techniques. We first
hypothesized that models using texture-derived metrics would more accurately predict
SDD parameters than ones using ALS metrics alone. Second, based upon past research,
we hypothesized that developing differentiated modality-specific models (unimodal or
bimodal) would improve SDD predictions. We tested these hypotheses by developing two
modelling approaches: the first considers a priori knowledge regarding the modality of the
SDD, while the second considers all SDD to be unimodal. We then evaluated the contribu-
tion of texture metrics in both approaches and determined which approach is best suited
for estimating SDD in the eastern boreal forests of Quebec and western Newfoundland.

2. Materials and Methods
2.1. Study Area

Two study areas were selected based on their similarity in forest composition: both are
conifer-dominated and lie within the eastern extent of the North American boreal forest [60]
(Figure 1). The forests are comprised of balsam fir (Abies balsamea (L.) Miller), black spruce
(Picea mariana [Miller] Britton), white spruce (Picea glauca [Moench] Voss), paper or white
birch (Betula papyrifera Marshall), yellow birch (Betula alleghaniensis Britton) and, to a lesser
extent, tamarack, or eastern larch (Larix laricina [Du Roi] K. Koch). Balsam fir and white
spruce-dominated mixed stands are found south of the 50th parallel in our first study area
(123,140 km?), located in the province of Quebec. As we move north, the presence of black
spruce increases until it completely dominates the landscape above the 52nd parallel. The
second study area (977 km?) is in the most eastern extent of the Boreal Shield Ecozone, in the
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province of Newfoundland and Labrador, and is dominated by balsam fir. The climate at
both sites is favorable for forest growth due to abundant precipitation and warm summers.
The primary silvicultural treatments practiced in these areas are pre-commercial thinning
and clear-cut harvesting, which generally yield even-aged, homogeneous forest stands.
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Figure 1. Plot distribution across two sites within the eastern Boreal Shield, Canada.

2.2. Ground Plots

Fixed-area circular plots were established with radii of 11.28 m where species, di-
ameter at breast height (DBH), height, and status (live or dead) were recorded for all
merchantable trees (trees > 9 cm DBH). We retained plots having a total basal area > 75%
associated with balsam fir or black spruce with a presence of <10% hardwoods. We then
identified and removed outlier plots by performing a multivariate local outlier factor anal-
ysis with the R package DMwR [61]. The analysis was based upon mean DBH and gross
merchantable volume, together with the shape and scale parameters of a fitted Weibull
function. We differentiated the SDD of each retained plot as unimodal or bimodal using
the Bimodality Coefficient (BC) [62], given that its validity has been demonstrated in boreal
forest environments [34] (Figure 2). The BC is proportional to the ratio between squared
skewness and uncorrected kurtosis [63]. We associated plots having BC values < 5/9
with unimodal distributions, while bimodal distributions were associated with BC val-
ues >5/9 [64]. In total, we retained 307 plots differentiated as unimodal and 120 as bimodal
for the analysis of our hypotheses.

2.3. ALS Data and Metrics

All ALS data were acquired within 2 years of ground-plot measurements between 2012
and 2016. We calculated the mean point densities from plot locations to be 5.8 points m~2
and 4.9 points m~2 for the Quebec and Newfoundland sites, respectively. We created a
CHM ata 1 m x 1 m resolution from first returns that were classified as vegetation using a
natural neighbor interpolation. Binning cell assignment was set to the maximum value,
and zeros replaced negative values. We calculated ALS metrics that are commonly used
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to describe the height, structure, and density of the canopy using the lidR package [65] in
the R programming environment [66], using only returns > 2 m that were classified as
vegetation. We calculated the GLCM edge (contrast and dissimilarity) and patch interior
texture metrics from the CHM, i.e., correlation, homogeneity, mean, and angular second
moment [67]. We considered three window sizes, 3 x 3,5 x 5and 7 x 7, for the GLCM
texture feature calculations and determined that the 3 x 3 window produced metrics
that explained the most variation in our response variables (i.e., Weibull parameters). We
computed the GLCM features in all directions and limited the number of grey levels to 32.
We then averaged the 1 m x 1 m resolution texture feature values for each ground plot
location to produce associated metrics of texture. To evaluate our hypotheses, we grouped
the predictor variables into three sets of ALS metrics based upon: (i) point cloud metrics
(M,)s); (i1) CHM texture metrics (Miex); and (iii) a combination thereof (M omp,) (Table 1).
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Figure 2. Example of Stem Diameter Distribution (SDD) differentiated according to the Bimodality
Coefficient (BC) as (A) unimodal and (B) bimodal, and respectively fitted with a Weibull distribution
and a Finite Mixture Model (red lines).

Table 1. Description of metrics and associated groupings used as predictor variables: ALS metrics
(M,)s), texture metrics (Mtex), and combined ALS and texture metrics (Mcomp)-

Group Metric Units Description
MAX m Maximum height
MEAN m Mean height [68]
P25, P75, P90 m Height percentiles. E.g., P25 is the height of the 25th percentile. [69]
SKEW Skewness
VAR Variance [68]
COVAR % Coefficient of variation: standard deviation/mean [70]
VDR Vertical Distribution Ration: (MAX-MEAN)/MAX [71]
VCI Vertical Complexity Index [72]
M ENT Entropy: normalized Shannon diversity index [73]
als RI Rumple Index of roughness [74]
o Proportion of all vegetation returns found in sections divided within the range of heights of
D2, D5, D8 %o
all returns for each plot. [75]
Ratio of the number of vegetated returns above 2 m to the total number of ground and
COVER
vegetated returns [76]
LPI Light Penetration Index, Ground returns/(Ground returns + Canopy returns). [69]
Light Penetration Index (first returns): Ground first returns/(Ground returns + Canopy
LPIlst
returns) [77]
FR First return ratio: number of first return heights below a specified height threshold/total

number of first return heights [68]
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Table 1. Cont.

Group Metric Units Description
RR All return ratio: all returns < 2 m/all returns [78]
LAI Sum of Leaf Area Density [68]
cvLAI Coefficient of variation of Leaf Area Density [68]
CON Contrast (edge texture) [67]
COR Correlation (interior textures) [67]
Miex DIS Dissimilarity (edge textures) [67]
HOM Homogeneity (interior textures) [67]
MEAN Mean (interior textures) [67]
Mcomb Combination of all metrics (M) and Miex)

2.4. Overview of the Methods

Figure 3 provides an overview of the methodological approach of the study. We used
the ground-plot data to develop area-based models (i) to classify SDD modality and (ii) to
predict SDD function parameters. We first defined three sets of ALS metrics from the
ground plot locations (M5, Miex, and Momb). We then created three ground plot datasets:
the first two, unimodal and bimodal, were differentiated based on the modality of the SDD,
while the third group was undifferentiated and assumed all plots were unimodal. Within
each of the differentiated modality groups, we randomly selected 70% of plots for model
development and used the remaining 30% as test cases. We developed models using 70%
of the model development data for training and the remaining 30% for evaluating model
performances. We generated three sets of models for each of the ground-plot groups using
the ALS metrics sets. We used the modality and associated Weibull parameters as response
variables for the SDD modality classification models and the SDD parameter prediction
models, respectively. We implemented our best-performing models on our reserved test
case data and analyzed the contribution of the CHM texture metrics to both groups of
models (classification and prediction). Finally, we compared the predicted SDD that was
obtained from the differentiated and undifferentiated modality models to assess whether
modality differentiation improved the prediction of SDD in our data. All calculations were
performed in R [66].

2.5. Development of SDD Modality Classification Models

We developed classification models to classify the modality of SDD using the differ-
entiated SDD modality plot datasets (unimodal and bimodal). We constructed models
independently using the three metrics groups (M,1s, Miex, and Meomp) as predictor vari-
ables. Herein, we evaluated four statistical techniques: random forest (RF); generalized
linear model (Logit); support vector machine (SVM); and generalized linear model through
penalized maximum likelihood (GLMNET), which uses the elastic net penalty that mixes
the lasso and ridge penalties [79]. These contained internal feature selection mechanisms
for selecting the best predictors and models with the caret package [80]. We developed the
RF models with the randomForest package [81] and optimized the parameter mtry, which
controls the number of predictors that were randomly picked at each split, by testing five
values, viz., 1, 2, 3, 4, and 5. Logit models were developed with the MASS package [82]
and used stepwise model selection based upon the Akaike Information Criterion (AIC). We
defined the family parameter as a binomial and conducted no grid search for parameter
optimization. SVM models were developed with the kernlab package [83] and used a radial
basis function. We tuned two parameters for SVM, sigma, which controls the rigidity of the
decision boundaries, and C, which controls the influence of misclassification. The values
for sigma were 2725 220 =15 2-10 >-5 and 20, while those for C were 20, 21,22, 23 24,
and 2°. Finally, GLMNET models were developed with the glmnet package [84]. GLMNET
corresponds to a ratio between model regularization levels L1 and L2, affecting the penalty
coefficient, and allows the selection of relevant predictors [85]. The two parameters that

27



Forests 2023, 14, 287

were tuned were lambda, which controls the overall strength of the penalty, and alpha,
which controls the gap between the L1 and L2 regularization. We tested alpha values rang-
ing from 0 to 1 with 0.1 increments and the following lambda values: 0.0001, 0.1112, 0.2223,
0.3334, 0.4445, 0.5556, 0.6667, 0.7778, 0.8889, and 1. We repeated cross-validation five times,
using 70% of the model development data for training and 30% for validation. Finally, we
averaged the overall accuracies within each technique and ALS metric group and applied
the best performing models to our test case dataset and assessed the contribution of CHM
texture metrics.
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Figure 3. Overview of the methodological approach for assessing the contribution of CHM texture
metrics and modality differentiation in predicting stem diameter distribution (SDD) parameters.
CHM = Canopy Height Model; RF = Random Forest; Logit = generalized linear model with stepwise
feature selection; SVM = Support Vector Machine; GLMNET = Generalized linear model through
penalized maximum likelihood; Leap = Best subset regression with branch-and-bound algorithm;
R? = Coefficient of determination; %RMSD = relative root-mean-squared deviation expressed as a
percentage of the mean; %Bias = relative Bias expressed as a percentage of the mean.

2.6. Development of SDD Prediction Models

We developed three sets of models to predict SDD function parameters using (i) dif-
ferentiated unimodal, (ii) differentiated bimodal, and (iii) undifferentiated SDD modality
plot datasets. Using the differentiated unimodal plot data, we fitted a truncated Weibull
function over the measured SDD and estimated the two function parameters (i.e., shape
and scale) using the fitdistrplus package [86]. We implemented the same analysis for the
undifferentiated plot data, for which all plots were treated as having a unimodal SDD
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distribution. From the differentiated bimodal plot data, we fitted a FMM composed of two
Weibull functions over the SDD. The first Weibull related to smaller stem diameters relative
to the second Weibull, which described the probability distribution of larger stems. The
FMM can be represented by either the scale and shape, or the mean and standard deviation,
of each of the two Weibull components and their associated proportions. We estimated
the parameters of each function using the mixR package [87]. We assessed three modelling
techniques within each model set, which included feature selection that was based on
optimizing the root-mean-square deviation (RMSD) using the caret package. Again, the
three metric groups (M5, Miex, and M) were used independently as predictor variables.
The maximization option for RMSD was set to FALSE to ensure that the best combination
of parameters produced the lowest RMSD. The first technique that was used was RF from
the randomForest package. Again, the only optimized parameter with grid search was mtry,
with values 1, 2, 3, 4, and 5. The second technique was GLMNET, with two parameters
to optimize, i.e., alpha and lambda. The alpha that was tested ranged from 0 to 1 in 0.1
increments; lambda values were 0.0001, 0.1112, 0.2223, 0.3334, 0.4445, 0.5556, 0.6667, 0.7778,
0.8889, or 1. We implemented the third and final technique, i.e., best subset regression
with branch-and-bound algorithm (LEAP) [88], with the R package leaps [89]. This best
subset regression used the branch-and-bound algorithm [90], which solves and optimizes
combinatorial problems to select the best subset of predictors. In this study, we defined the
number of predictors allowed in each subset to range between 2 and 6 predictors.

We evaluated the best-tuned models from the repeated 5-time cross-validation with
the reserved test case dataset not used for model development. We compared the coefficient
of determination (R?), the absolute and relative RMSD (Equations (1) and (2)), and the
absolute and relative bias (Equations (3) and (4)) for both the model development and test
case datasets to assess our two hypotheses:

n (s — 1)
RMSD — Zz:lrsyi : Vi) M
RMSD% = RN; D 100 @)
n .
Bias = Zi=1 (Vi —¥i) (Zl‘ ) ©®)
Bias% — % % 100 @)

where y; is the observed value, 7J; is the predicted value for case i,  is the number of
observations, and ¥ is the mean.

To evaluate the composition of metrics used in the best-performing models developed
with Mcomp, we calculated the associated variable importance. Since methods to character-
ize variable importance are dependent on the modelling technique implemented, we first
scaled values between 0 and 100 to finally derive an average for each parameter modelled.
For random forest models, we calculated the variable importance as the percent increase in
mean square error (noted %IncMSE) [91]. For GLMNET models, we scaled variable coeffi-
cients as a representation of variable importance since they are proportionally indicative
of the variables” importance [85] due to the penalization that reduces the coefficients of
less-important variables [84]. Finally, we calculated variable importance for LEAP models
as the absolute value of the t-statistic for each parameter in the final model [80].

2.7. Evaluation of the Predicted SDD

The quality of the predicted SDD was estimated with the Reynolds Error Index (EI) [92].
To do so, we predicted the SDD’s parameters with the models demonstrating the highest
R? and lowest RMSD% for the unimodal, bimodal, and undifferentiated plots from both
model development and test case datasets. We then grouped the predicted tree DBH into
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2-centimetre-wide bins to limit variability at larger intervals [93]. Finally, we evaluated
the goodness-of-fit between the predicted SDD and the observed SDD of each plot with EI

as follows:
frefi B falsi

Nref (5)

EI=)"" 100

where 1 is the total number of bins, f. is the reference stem count for DBH bin 7, fy5; is
the predicted stem count for DBH bin 7, and Ny is the true stem count of all DBH bins. EI
values ranged between 0 and 200, where an EI of 0 indicated a perfect fit between predicted
and observed SDD and an EI of 200 indicated a completely different SDD. To assess the
effects of modality differentiation, we averaged the EI from all plots that had been derived
independently for both the differentiated (unimodal and bimodal) and undifferentiated
modelling approaches.

3. Results
3.1. SDD Modality Classification Models

Table 2 denotes the overall accuracies of the modality classification models using the
three ALS metric sets as predictor variables and four modelling techniques for both model
development and test case datasets. During model development, we observed M,)s and
Mcomp to perform best using RF and GLMNET (overall accuracy of 74%). Surprisingly, the
Miex predictor set was used in both the best (using Logit) and worst (using RF) performing
models in our test case. Overall, we observed little variability in the overall model accura-
cies regardless of the ALS predictor variable set or modelling technique used during model
development or in our test case (mean: 72%; SD: 2% in both scenarios).

Table 2. Overall accuracies (%) of the SDD modality differentiation models using predictor vari-
ables that were derived from the three ALS metrics sets (M,1s, Mtex, and Mgmp) for both model
development and test case datasets.

ALS Metric Set RF SVM Logit GLMNET
Model
development
Mais 74 72 71 74
Miex 73 72 68 68
Mcomb 74 71 70 74
Test case
Mais 72 73 72 71
Miex 66 72 74 73
Mcomb 71 71 72 71

3.2. SDD Prediction Models

We developed model sets to estimate probability distribution function parameters from
the differentiated unimodal, differentiated bimodal, and undifferentiated SDD modality
plot datasets. We developed models within each model set using the three ALS metrics sets
(Mais, Miex, and Mcomp,) and three modelling techniques (RF, GLMNET, and LEAP). The
model performance measures (RZ, RMSD%) that were derived from cross-validation are
presented as Supplementary Material (Figure S1), as we observed for the most part the same
trends in results with our case study illustrated in Figure 4. The results of our test case show
that the proportion of the variance in the parameters describing the differentiated unimodal
SDD were variable (R%: 0-0.62). We observed associated errors ranging between 9.9% and
13.4% and 16.4% and 23.8% for models predicting scale and shape, respectively. For both
parameters, the results indicate, with one exception (Shape ~f(M,}s) using RF), that models
developed with Mo, consistently outperformed models that were developed with either
M, or Miex. Both parameters were best predicted with RF; scale was best predicted using
Meomp (R%: 0.62; RMSD%: 9.9%), while shape, using M5 (R?: 0.39; RMSD%: 16.4%).
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Figure 4. Coefficient of determination (R?) and relative root-mean-squared deviation (RMSD%)
that was derived from the application of the SDD prediction models to the test case data using the
differentiated unimodal, differentiated bimodal, and undifferentiated SDD modality plot groupings;
three ALS metrics sets (Mg, Miex, and Mgomp,) and three modelling techniques (RF, GLMNET, LEAP)
were used.
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The performance of models that were developed using the differentiated bimodal
SDD modality plot data were again variable (R2: 0-0.53; RMSD%: 8.2%-52.1%). The results
indicated that the FMM could not be represented by the parameters’ scale and shape; the
parameter shape of the first Weibull component could not be predicted given that the
resulting models could never explain any of the variation in the parameter around its mean
(R?: 0), regardless of the ALS metric set or modelling approach. We therefore used the
parameters mean and standard deviation to describe each component of the FMM. As
expected, variation in the two proportion parameters was very poorly explained, if at all,
by the predictor sets (R%: 0-0.15), with associated errors ranging from 17.5% to 36.9%. As
expected, the two Weibull component proportions of the FMMs were poorly predicted,
with the best predictions modeled with RF using M,;s (R%: 0.15, 0.15; RMSD%: 17.5% and
33.8% for the proportions of the first and second components, respectively). The parameter
mean was best predicted using Mo, for both components (R?: 0.27, 0.53; RMSD%: 8.2%,
14.4%; using LEAP and GLMNET for means 1 and 2, respectively). Of note, GLMNET only
marginally outperformed LEAP for the mean of the second FMM component (increase in
R? <0.01, decrease in RMSD% < 0.13%), both using Momp- Standard deviation was best
predicted with LEAP using Mie for the first Weibull component (Rz: 0.34; RMSD%: 45.13%)
and Momp for the second (R?: 0.43; RMSD%: 37.6%) with either LEAP or GLMNET.

The development of models using the undifferentiated modality SDD plot data in-
volved applying the unimodal fitting analysis to all plots, regardless of modality. Herein,
models performed better for the scale parameter (R?: 0.37-0.73; RMSD%: 8.4%-12.9%) than
for shape (R?: 0.12-0.52; RMSD%: 17.7%—-23.9%). We consistently observed improvements
in model performance associated with models that have been developed with M. Scale
was best predicted with LEAP (R%: 0.73; RMSD%: 8.4%), while shape was best predicted
with GLMNET (R2: 0.52; RMSD%: 17.7%). For these models, we observed a mean increase
in R? of 0.08 (SD: 0.03) and a mean decrease in RMSD% of 1.3% (SD: 0.6%) with models
that were developed using Mo, over those developed using M.

Analysis of the variable importance indicated that the correlation metric from Miex
is holistically the most important predictor within My (Figure 5). The most important
predictors thereafter are, for the majority, from M,js. In summary, we generally observed
higher R? and lower RMSD% to be associated with models that were developed with
Mcomb compared with those using M,j5 or Miey, regardless of the parameter being modelled
or modelling technique being used. We found the variable correlation, originating from
Miex, to be the most important predictor within Mo, Relative biases remained very
low regardless of the parameter being modelled, the ALS metric set that was used, or
the modelling approach that was employed (min.: —8.8; max.: 9.2; mean: 1.0; SD: 2.7 in
absolute values of bias; data not shown). We observed no trend in the performance of the
modelling techniques across all parameters.

3.3. Goodness-of-Fit of the Predicted SDD

We applied the best model within each model set independently to each plot and
calculated mean Error Indices (EIs) from the predicted SDD parameters for both the model
development and test case datasets (Table 3). We observed the same trends in both datasets.
Surprisingly, we observed an increase in EI by applying differentiated unimodal models
to unimodal plots, although the increase is negligible (<1%). Differentiating modalities
prior to estimating SDD most improved the accuracy of estimates for bimodal plots (~12%
decrease in EI). Of the 120 plots that were used to test our models, 50 (41.7%) had a better
EI when derived from differentiated modality model predictions (31 and 19 plots within
the differentiated unimodal and bimodal plots, respectively). Overall, we observed a
marginally better fit (~4% decrease in EI) for SDD that were estimated from the differen-
tiated modality model set in comparison with those estimated from the undifferentiated
modality model set. The results therefore indicate improvements in SDD predictions by
using differentiated modality-specific models, namely for heterogeneous (bimodal) stands.
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Figure 5. Cumulative variable importance values for metrics used in the best SDD parameter models
which used My}, during model development. Individual values represent the average variable
importance across the three modelling techniques within each parameter and was scaled between 0

and 1. Only metrics with a cumulative value > 3 are shown. Asterix (*) denotes metrics originating
from Miex.

Table 3. Plot-level Reynold’s Error Index means for each ground plot dataset and model set. EI values
ranged between 0 and 200, where an EI of 0 indicated a perfect fit between predicted and observed
SDD, which an EI of 200 indicated a completely different SDD.

Model Set
Plot Dataset n Differentiated Undifferentiated
Model development
Differentiated as unimodal 215 50.4 50.3
Differentiated as bimodal 92 65 74
Undifferentiated modality 307 54.8 57.4
Test case
Differentiated as unimodal 88 50.8 50.5
Differentiated as bimodal 32 59.1 67
Undifferentiated modality 120 53 54.9

4. Discussion

From our first hypothesis, we expected models that were developed with CHM texture
metrics to outperform SDD prediction models developed solely with ALS metrics. This
expectation was based upon previous studies that related CHM texture metrics (Miex) to
properties of the growing stock, such as the spatial pattern of trees [94], and furthermore,
demonstrated that their inclusion as predictors in modelling forest attributes improved
predictions over using ALS metrics alone [55,58,59]. For example, van Ewijk et al. (2019) [55]
tested multiple predictor sets using height metrics with combinations of CHM texture and
intensity metrics and found that the addition of texture metrics improved prediction
accuracy for basal area, quadratic mean DBH, and stem density. To our knowledge,
no published studies have directly assessed the contribution of CHM texture metrics
in estimating SDD using ALS data. Hence, the innovative aspects of our study make direct
comparisons with past research challenging, especially regarding the attributes that we

33



Forests 2023, 14, 287

assessed (i.e., SDD modality and parameters), together with the CHM texture metrics that
were included in our analyses. Nevertheless, our study demonstrated comparable results in
classifying SDD modality with Zhang et al. (2019) [33] and Mulverhill et al. (2018) [34] using
M,js (range in overall accuracies: 71%-73% vs. 49%—76% and 47%—-78%, respectively). Our
results for estimating SDD were generally comparable with those presented in Mulverhill
et al. (2018) [34] for the differentiated unimodal distributions” modelled parameters, albeit
with consistently lower error. Consistent with Thomas et al. (2008) [28] and Zhang et al.
(2019) [33], the second component of the FMM that was associated with differentiated
bimodal distributions was better predicted than the first. As highlighted by Thomas et al.
(2008) [28], the main drawback of FMM is the increase in parameters that are needed to
describe it. With the increase in modelled parameters, it becomes unlikely that each can
be predicted accurately with M. Apart from the proportions associated with the FMM's
components, the parameters of the differentiated bimodal distributions were best predicted
with Momp. Unlike Zhang et al. (2019) [33] and Mulverhill et al. (2018) [34], who developed
models solely from M,s, our best SDD prediction models were generally developed with
Mcomp- Therefore, we could confirm our first hypothesis given that our study demonstrated
that SDD prediction models developed with M omp usually outperformed those developed
with M, (Figure 4). Inevitably, the contribution of CHM texture metrics will be dependent
on the complexity of the forest environment assessed. Further research is warranted to
determine the consistency of these results across varied forest types.

Our second hypothesis stated that developing differentiated modality-specific models
(i.e., unimodal or bimodal) would improve SDD predictions for heterogeneous stands in our
study site. The literature demonstrates improvements in estimating SDD with approaches
that differentiate stand modality over approaches that do not (e.g., [33,34]). Our results
indicated a similar trend. Yet, when interpreted globally, the improvements were marginal
(~4 decrease in EI). Surprisingly, within our differentiated plot datasets, we observed that
SDD was marginally better predicted by the undifferentiated modality model set that was
intended for unimodal plots. Notably, and in support of our hypothesis, we observed SDD
to be better predicted by the differentiated bimodal model set for bimodal plots (mean EI
of 59.1 vs. 67.0). Our results therefore support the idea that developing model sets based
on the modality of stands can improve SDD predictions for bimodal stands. Given this,
we can confirm our hypothesis that differentiating for modality prior to estimating SSD
improved the accuracy of estimates for the bimodal SDD conifer stands of our study site.

The accurate differentiation of the SDD modalities was assumed in our analyses, and
therefore, potential errors in differentiation would directly impact model performances.
Of the multiple available approaches to differentiate SDD modalities, we implemented
BC as it has been successfully implemented in similar studies (e.g., [34]). Yet, it should
be noted that BC is directly influenced by the kurtosis and, more so, by the skewness of
a given distribution [64]. A distribution with high skewness and low kurtosis can inflate
BC and subsequently differentiate the distribution as bimodal. Left-skewed distributions
are observed when larger diameter trees dominate, while right-skewed distributions are
associated with stands that are dominated by smaller diameter trees. Both situations will
yield, however, a skewness value greater than zero. The closer that observed skewness is
to zero, the more homogeneous the distribution will be and the stand can be described as
having an even-aged distribution [48]. Freeman and Dale (2013) [63] evaluated the effect of
the skewness, the proportion, and the distance between the modes on the BC value. In their
study, BC produced 21% of false positives where simulated unimodal distributions had BC
values greater than the bimodality threshold of 5/9 and were subsequently classified as
bimodal. The BC relies upon the basic assumption that bimodality involves an increase
in distribution asymmetry; therefore, an increase in skewness within a unimodal context
can increase the BC and produce misclassification. Furthermore, the BC is not calibrated
to proportion size; a small proportion in either component of a bimodal distribution can
also produce false positives when the former is combined with a small distance between
associated means. Of the 124 (92 in model development and 32 in test case) plots that
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were differentiated as bimodal in our study, 81 had skewness estimates > 1 and, thus, can
be considered substantially skewed. Furthermore, the proportions that were associated
with the second component of the bimodal distributions of our bimodal plots were low, as
were the distances between the observed means (mean 5.8 cm). Given these results, it is
possible that the combination of these factors could have inflated the BC and, therefore,
mis-differentiated plots as bimodal. We can advance this as a plausible explanation, given
the observed better fit for SDD that was estimated from the differentiated modalities model
set was minimal (decrease in RI ~4%). These effects on the BC suggest that relying solely on
this differentiation method may not be advisable for all forest types. Zhang et al. (2019) [33]
used a combination of the Gini Coefficient and the asymmetry of the Lorenz curve to
differentiate SDD modality, given that both measures are related to stand heterogeneity
and the skewness of the diameter distribution [28,68]. Additional research is required
to determine the optimal approach for differentiating the modality of SDD for a given
forest type.

Nevertheless, the research presented here is important for several reasons. First,
the methodology is used to differentiate the SDD modality and to develop the modality
classification model, which can be used by foresters to improve the differentiation of
stand structure types and to select the most appropriate models for accurately estimating
diameter distributions across large ALS coverages. Second, we demonstrated that models
fitted with Mo yielded higher R? and lower RMSD% in comparison with those using
solely M,s, thereby indicating that textural metrics contain additional information useful
for the estimation of SDD.

5. Conclusions

In this study, we demonstrated that SDD probability function parameters were gener-
ally best estimated using a combination of ALS and texture metrics, thereby emphasizing
the additional information contained in CHM texture metrics. As expected, we confirmed
that developing modality-specific models improved SDD predictions for bimodal dis-
tributions, which, surprisingly, was not the case for unimodal distributions. For forest
managers who rely on timely and detailed information, more accurate assessments of
the distribution of diameters across a land base can therefore be made by differentiating
modalities and adding texture metrics to modelling and mapping efforts. These results
may provide for operational efficiencies in modelling and mapping SDD in these balsam fir
or spruce-dominated forest environments.
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www.mdpi.com/article/10.3390/f14020287/s1, Figure S1: Average of 5 repeated cross-validation
performance measures (R2, RMSD%) derived during model development using the various SDD
modality plot groupings, ALS metric sets and modelling techniques.
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Abstract: The three-dimensional reconstruction of forest ecological environment by low-altitude re-
mote sensing photography from Unmanned Aerial Vehicles (UAVs) provides a powerful basis for
the fine surveying of forest resources and forest management. A stereo vision system, D-SLAM, is
proposed to realize simultaneous localization and dense mapping for UAVs in complex forest ecolog-
ical environments. The system takes binocular images as input and 3D dense maps as target outputs,
while the 3D sparse maps and the camera poses can be obtained. The tracking thread utilizes tempo-
ral clue to match sparse map points for zero-drift localization. The relative motion amount and data
association between frames are used as constraints for new keyframes selection, and the binocular
image spatial clue compensation strategy is proposed to increase the robustness of the algorithm
tracking. The dense mapping thread uses Linear Attention Network (LANet) to predict reliable dis-
parity maps in ill-posed regions, which are transformed to depth maps for constructing dense point
cloud maps. Evaluations of three datasets, EuRoC, KITTI and Forest, show that the proposed sys-
tem can run at 30 ordinary frames and 3 keyframes per second with Forest, with a high localization
accuracy of several centimeters for Root Mean Squared Absolute Trajectory Error (RMS ATE) on Eu-
RoC and a Relative Root Mean Squared Error (RMSE) with two average values of 0.64 and 0.2 for
trer and R, with KITTI, outperforming most mainstream models in terms of tracking accuracy and
robustness. Moreover, the advantage of dense mapping compensates for the shortcomings of sparse
mapping in most Smultaneous Localization and Mapping (SLAM) systems and the proposed sys-
tem meets the requirements of real-time localization and dense mapping in the complex ecological
environment of forests.

Keywords: binocular vision SLAM; pose estimation; dense mapping; keyframe selection; spatial
clue compensation; forest 3D reconstruction

1. Introduction

With the advantage of quickly and accurately obtaining three-dimensional spatial in-
formation, Light Detection and Ranging (LiDAR) is widely used in forest resource sur-
veys. Solares-Canal et al. [1] proposed a methodology based on Machine Learning (ML)
techniques to automatically detect the positions of and dasometric information about in-
dividual Eucalyptus trees from a point cloud acquired with a portable LiDAR system.
Gharineiat et al. [2] summarized the methods of feature extraction and classification using
ML techniques for laser point cloud data, which have good applications in scene segmen-
tation, vegetation detection, and tree species classification.
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In recent years, with the rapid development of UAVs technology, UAVs carrying Li-
DAR or visual sensors have greatly assisted in forest ecological exploration and forest man-
agement [3], and the forest information they captured can provide an essential basis for the
three-dimensional reconstruction of forest ecological models. UAVs do not have a priori
information about the relevant environment and their own position before executing the
task, and they know nothing about the environment they are in, so there is no way to
talk about UAV path planning and autonomous navigation, and how to solve the navi-
gation problem of UAVs in the unknown environment of the forest is a difficult problem
for forestry ecological exploration. Simultaneous Localization and Mapping (SLAM) [4] is
one of the key algorithms for realizing fully autonomous navigation and real intelligence of
mobile robots by means of sensor-equipped motion carriers that can move in unknown en-
vironments, senses and build environment maps, and estimate their own positions in the
constructed maps at the same time, which empowers the robots to autonomously localize
themselves and build real-time maps in unknown environments.

2. Related Work

Visual SLAM [5-7] has the advantages of being low cost, easy to use, and rich in in-
formation compared with LIDAR SLAM [8-10], so there is a huge potential for the devel-
opment of visual SLAM. The mainstream methods for visual SLAM are the direct method
and the feature point method. Dense Tracking and Mapping (DTAM) [11] based on the
direct method uses the image pixels to construct a cost function and describes the depth
using the inverse depth, constructing a 3D dense map in a global optimization. Large-
scale direct monocular SLAM (LSD-SLAM) [12] directly matches image luminosity, uses a
probabilistic model to represent semi-dense depth maps, and generates maps with global
consistency. Direct sparse odometry (DSO) [13] is an improved version of LSD-SLAM that
combines the direct method with sparse synchronization optimization, which can be ap-
plied in the case where RAM and CPU resources are lacking. Large-scale direct sparse vi-
sual odometry with stereo cameras (Stereo DSO) [14] integrates the constraints of the fixed
binoculars into the Bundle Adjustment (BA) of the multi-view binoculars, which solves
the scale drift problem while mitigating the optical flow sensitivity and the roll-up shutter
effect of the conventional direct method.

The direct methods track directly on the image grayscale information, which have
the advantages of fast speed and good real-time performance, however, they are based
on the assumption of grayscale invariance and are limited to the narrow baseline motion.
Feature-based methods use an indirect representation of the image, usually in the form of
point features tracked along consecutive frames, recover poses of the camera by minimiz-
ing the projection error, which are more robust, and currently dominate the field of vision
SLAM. Real-time single camera SLAM (MonoSLAM) [15] is the first monocular SLAM
system, which achieves real-time drift-free performance from the structure to the motion
model, but the feature stability is greatly affected by motion. Parallel Tracking and Map-
ping for small AR workspaces (PTAM) [16] is the first visual SLAM to be solved by an
optimization method, which pioneers a keyframe mechanism and a dual-threaded paral-
lel processing task to simultaneously handle tracking and mapping. A series of Oriented
FAST and Rotated BRIEF (ORB) SLAM algorithms built by the SLAM group at the Univer-
sity of Zaragoza, Spain, is currently the most popular feature point method solution. A
versatile and Accurate Monocular SLAM System (ORB-SLAM) [17] was first proposed in
2015, which is based on PTAM and uses ORB descriptors, and it only supports monocu-
lar cameras, thus it suffers from the scale uncertainty problem. An Open-Source SLAM
System for Monocular, Stereo, and RGB-D Cameras (ORB-SLAM?2) [18] improves the effi-
ciency and robustness of ORB feature extraction and descriptor matching, and it adds func-
tions such as closed-loop detection and pose map optimization to enable it to cope with
more complex environments and faster pose change. However, the keyframe selection
conditions are more lenient leading to the high redundancy between frames in uniform
linear motion, which will bring a higher cost of maintenance and deletion of keyframes in
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the later stage, thus affecting the performance of the system. Cameras with excessive cor-
nering, fast speed changes, severe scene occlusion, and large changes in lighting can cause
tracking to be lost if keyframes are not inserted in time. In addition, ORB-SLAM2 can only
construct sparse maps, which does not enable tasks such as autonomous navigation and
obstacle avoidance for robots.

Monocular SLAM is based on spatial geometric relationships and suffer from the dis-
advantage of scale drift. SLAM based on RGB Depth Camera (RGBD SLAM) [19,20] is
susceptible to interference from varying light intensities, making it unsuitable for outdoor
scenes. Additionally, the high cost of these cameras hinders their widespread adoption
in the industry. Conventional vision SLAM based on geometric transformations has poor
robustness when lighting changes, fast carrier motion, and low texture grayscales are not
obvious, and are poorly applied in the scenes, as well as having drawbacks such as large
amounts of calculations and large cumulative error. Therefore, it is generally used in in-
door small target scenes and its application in outdoor complex scenes is limited. Deep
learning methods [21-24] are not constrained by the above environmental conditions, and
are able to quickly estimate the more accurate disparity in outdoor complex environments,
enhancing the robustness of pose estimation and 3D scenes reconstruction. In this work,
combine with deep learning, a stereo vision system, D-SLAM, is proposed to realize the
simultaneous localization and dense mapping for UAVs in complex forest ecological envi-
ronment. The main work is as follows.

(1) Using the temporal clue of binocular images as the main clue, the six Degrees of Free-
dom (6-DoF) rigid body pose of the UAV is estimated by utilizing the minimized
visual feature reprojection error.

(2) Using the spatial clue of binocular images as an auxiliary clue, a binocular spatial com-
pensation strategy is proposed to increase the robustness of the algorithm’s tracking
when the camera corner is too large.

(38) Taking the relative motion amount and data association between frames as the impor-
tant conditions for filtering keyframes, the keyframe filtering strategy is improved to
enhance the system’s localization and mapping accuracy as well as running speed.

(4) By increasing the 3D dense map construction thread, using the LANet network to
predict the disparity map of the keyframes, and combining the poses of the keyframes
to generate a dense point cloud, a dense map of the complex ecological environment
of the forest is constructed by utilizing techniques such as point clouds registration,
point clouds fusion and point clouds filtering.

3. Study Area and Data

The experimental forest farm of Northeast Forestry University was selected as the
study area, using a ZED2 binary camera (Stereolabs, San Francisco, CA, USA) to collect
image data and video bag data to create a Forest dataset for the training and testing of
generating disparity maps and dense mapping, respectively.

3.1. Study Area

The study area is located at 126°37' E, 45°43 N in the Harbin Experimental Forestry
Farm of Northeast Forestry Universit, at an altitude of 136-140 m, with a mesothermal
continental monsoon climate. The forest is covered with 18 species of plantation forests,
including Larix gmelinii Rupr., Quercus mongolica Fisch. ex Ledeb., Betula platyphylla Suk.,
and Fraxinus mandshurica Rupr. The structural types in the sample plots include the tree
layer and herb layer, and the canopy density exceeds 0.70. The experimental environment
is characterized by the easy lock-lose of Global Navigation Satellite System (GNSS satel-
lites), large sample plot coverage, and obvious topographic relief, which is representative
of the field forest exploration tasks.
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3.2. Forest Dataset

Five types of forest vegetation, Larix gmelinii, Pinus sylvestris var. mongolica Litv., Pi-
nus tabulaeformis Carr., Fraxinus mandschurica, and Betula platyphylla, were selected for the
experiments, and a ZED2 binocular camera was used with a baseline length of 20 cm, while
RGB binocular image pairs and their corresponding disparity maps were collected with an
original pixel resolution of 1280 x 720, which was cropped to a resolution of 1240 x 426,
totaling 5000 pairs to produce the Forest dataset used for the Neural network model train-
ing and testing. Out of this, 80% are used as training data, 10% as the validation set and
10% as the test set. The details are shown in Table 1.

Table 1. Forest dataset details.

. Trainin Validation Test . Sparse Synthetic
Variety Set 8 Set Set Total Resolution /lgense y/Real
Larix gmelinii 960 120 120 1200 1240 x 426 dense real
Pinus sylvestris 1200 150 150 1500 1240 x 426 dense real
Pinus tabulaeformis 800 50 50 500 1240 x 426 dense real
Fraxinus mandschurica 640 80 80 800 1240 x 426 dense real
Betula platyphylla 800 100 100 1000 1240 x 426 dense real

The Forest dataset includes not only the disparity map dataset (Figure 1) used for train-
ing and testing LANet networks, but also the bag video dataset (Figure 2) and binocular
image dataset (Figures 3 and 4) used for testing the D-SLAM system, including three res-
olutions: High Definition (HD) 1080:1920 x 1080, HD720:1280 x 720, and Video Graphic
Array (VGA): 672 x 376, as shown below.

1

10
101
1010

cutl_zzs_1_
stereo1080.bag

1

10
101
1010

z2563_stereo720.bag

Figure 1. Disparity maps in Forest dataset.
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Figure 2. Bag in Forest dataset.
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Figure 3. Left images in bag.
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Figure 4. Right images in bag.

4. Methods

The structure of D-SLAM system is shown in Figure 5. The tracking thread searches
for feature points to match with the local map in each frame and uses motion-only BA to
minimize the reprojection error to optimize the pose of the current frame to realize the
camera’s location and tracking in each frame, and at the same time determines whether
the current frame is a keyframe or not according to the conditions. The local mapping
thread receives the keyframes from the tracking thread, eliminates redundant map points,
generates new map points, optimizes the local map points and the poses of keyframes,
and deletes redundant keyframes. The dense mapping thread receives the disparity map
generated by the LANet, combines it with the pose of the keyframe to obtain a 3D point
cloud, and then generates the dense point cloud map through point clouds registration,
point clouds fusion and point clouds filtering. The loop closing thread corrects the cu-
mulative drift through pose-graph optimization and starts the full BA thread for the BA
optimization of all map points and keyframes.
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Figure 5. The D-SLAM system consists of four main parallel threads, tracking, local mapping, dense
mapping, and loop closing, where the acronyms are defined as follows: Preprocessing (Pre-process),
Llocal Bundle Adjustment (Local BA), Full Bundle Adjustment (Full BA), Special Euclidean group
(SE3), Point cloud (Pcd), Linear Attention Network (LANet), and bags of binary Words for fast place
recognition in image sequences (DboW?2).

4.1. Tracking

(1) Binocular initialization

Monocular initialization requires two or more image frames with both rotation and
translation necessary for successful initialization. Binocular initialization is conducted in
the first frame and absolute scale information is obtained. The binocular camera performs
stereo matching through the left and right images of the first frame, using the principle of
triangulation to obtain the depth information of the feature points, according to the current
frame of the pose to obtain the world coordinates, so the binocular camera can generate
3D map points and create an initial map in the first frame, and then tracking is conducted
directly in the next frame.

(2) Pose estimation

In binocular mode, two consecutive frames of the left image in the temporal dimen-
sion perform feature matching to find the corresponding data-associated feature points,
whereby the left image frames are consecutive in the temporal clue which serves as the
main clue for the pose estimation. The continuity of the right image frames in the spatial
dimension is used as an auxiliary clue to search for feature matching points on the right
spatial clue frame corresponding to the left image frame, and if a match can be made and
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the effective depth value of the feature point can be obtained, the 3D-3D Iterative Closest
Point (ICP) method can be used to estimate the pose of the current frame.

The two consecutive frames of the left image in the temporal dimension find the corre-
sponding data-associated feature points through the feature matching, assuming that the
3D map points corresponding to these two sets of feature points are p = {p1,p2,...pu}
and p' = {p',p'y,...p',}, where p,p' € R3. Because each point in p and p’ has already
been associated with the data through subscripts one by one, p’; = R - p; + t is satisfied
between p and p’ in the ideal case, where R € SE(3) and t € R?, butin factp’, # R-p; +1
due to the presence of noise. At this time, (R, f) can be solved by constructing the least
squares problem [25] expressed as follows.

D
T — s (
= argrrlg}pigl{\w’,- ~R-qilP+ |7 - R-p—t]*}
where the point clouds p and p’ are moved towards the center, letq; = p; — 7,49/, = p/; = 7,
n n
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In Equation (1), the first additive term is expanded and simplified as follows.
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Let M = Y. q',7q;, Singular Value Decomposition (SVD) decomposition is utilized to
i=1
obtain SVD(M) = USVT and thenR = UV, and by substituting the resulting R into the
2 it will be easy to obtaint = p' — R - 7.

n
second additive term argmtin ¥ Hﬁ’ —R-p—t
i=1

If there is no right feature point on the spatial cue that can match on the left feature
point, or the effective depth value of the left feature point can not be obtained, at this time,
it can only be triangulated by the multi-frame view. Based on the known 3D positions
of the feature points in the local sliding window, and their 2D observations in the image,
the pose of the current frame can be solved by using the 3D-2D Perspective-n-Point (PnP)
method.

The coordinates of n 3D spatial points and their 2D point observations are known,
n known map points pi (i =1, 2, ..., n) are selected as reference points from the world
coordinate system, and 4 known map points c}” (j=1, 2, 3, 4) are selected as control points,
which are associated with the reference points by means of a weighted sum expressed as
follows.

4
pi =) wicf 3)
=

4
where ) a;; = 1.
j=1
ps and c]¢ are map points and control points under the camera coordinate system, and
because only the values of the coordinates are taken differently, the relative spatial posi-
tions between the points have not changed, so the relationship of the weighted sum also
holds, then there is

4
PP = 2% @)
=i
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In the camera coordinate system, the reference point p§ with its corresponding pixel
point p! (u;,v;) can be described by the projection equation [26] as follows

pt !
w,{ ! }:K-pfzK-erijc]? (5)
j=1
there is
. 4
u; fu 0 u x] gl ,]fux +agi (e — i)z]? =0
wi| v | =10 f5oc 2% y] < " < Azx12 M1 =0 (6)
1 001 ] )y "‘tjfuy] + “1]( Ui)zjc' =0
=1

The coefficient matrix Ay, 17 is constructed from the weighting coefficients of the reference
points, the pixel coordinates and the camera internal parameters, and the vector 141 is
constructed from the 12 coordinate values x§ . y§ . z{, X5 . y5 .25, x5 . Y5 .25, and x5 (5 . z§
of the 4 control points in the camera coordinate system. From this, a linear equation
Azx12 - h2x1 = 0 can be constructed by projecting a reference point pf to a camera pixel
point u;. Then n reference points p{ projected to pixel points u; can construct the linear
equations Ap, 12 - 12x1 = 0, followed by solving the equation for the vector h. The solu-
tion process is based on least squares and SVD methods, solving the equations to obtain
the coordinate values of the four control points in the camera coordinate system, combined
with the known coordinate values of the four control points in the world coordinate system,
and then utilizing the ICP algorithm to find the transformation relationship (R, t) between
the four control points in the two coordinate systems.

The camera poses solved by the above methods are subject to errors due to noise, com-
putation and other factors, and BA optimization can be used to further optimize the poses
and improve the accuracy. Construct a nonlinear least squares problem on reprojection er-
ror: 3D points are projected to 2D points which are combined with the observed 2D points
to construct the reprojection error equation, and the optimal solution is obtained by itera-
tions using the Gaussian Newton method. In the world coordinate system, the map point

01
and the pixel coordinates are obtained by projecting the camera coordinates using the cam-
era model

. . . R t
p¥ is converted to camera coordinates p; = T - pi by the transfer matrix T = { },

wl | =k @)

Establish  the relationship from world coordinates to pixel coordinates:
wipi = K-pi =K-T-pf,ie, pi = X,I< - T - p¥, obtain the error term by subtracting the
value p (u;,v;) from the observed coordinates of the 2D point, construct the least squares
problem by using the sum of all the error terms, minimize the reprojection error and the
camera pose is solved by using Gauss-Newton optimization algorithm [25] as follows.

2

pi **K T-pf (8)

1 n
= argml EZ" )

(38) Keyframes selection

ORB-SLAM2 obtains keyframes under more relaxed conditions to ensure that it can
“keep up” with the tracking thread in the early stage, however, the quality of the keyframes
is not taken into consideration. For instance, the high redundancy between frames when
the camera in uniform linear motion will lead to the high cost of maintaining and deleting
the keyframes in the later stage, which would affect the performance of the system. The
untimely insertion of keyframes can easily lead to loss of tracking when turning or chang-
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ing speeds quickly. Furthermore, tracking loss also occurs easily when there is serious
occlusion and large changes in lighting.

According to the actual complex ecological environment of the forest, the keyframe
selection strategy is designed to avoid the introduction of too much information redun-
dancy due to the excessive image overlap. At the same time, the image overlap should
not be too small to ensure that there are some covisibility feature points to avoid tracking
loss. Under the constraints of the covisibility graph, the quality of keyframe tracking is
guaranteed while achieving the goal of having both constraints and less information re-
dundancy between keyframes and other keyframes in the local map. Based on the above
requirements, the amount of relative motion between frames (rotation angles and transla-
tion changes) and data association (number of matched feature points) are considered as
the important basis for the selection of keyframes.

The amount of relative motion Tran (R, t) between the current frame and the previous
keyframe is a function of the pose (R, t), and it is defined as follows.

Tran (R, t) = (1 —a) [[t]| +amin(27 — [[R]], [|R]]) ©)

where & = (29 )5 and w = min(27 — [|R]|, [|R]]).

Because R € SE(3), t € R3, Tran represent the relative motion between frames, their
Euclidean spatial distances are taken as the amount of translation and rotation changes
between frames, respectively. « € [0,1] is a motion transformation factor between frames,
the size of which increases exponentially with the increase in the angle of camera rota-
tion, and it has a corner of the amplification function and at the same time has a transla-
tion suppression function. When « is large, the suppression 1 — « of the translation can
be brought close to 0, where the amount of relative motion between the frames depends
mainly on a. The value of « and the specific expression of Tran are determined by the range

of w = min(2rr — ||R]|, ||R]|). Tran (R, t) can be expressed as follows,
1
1 — a)||t]| + amin(2w — ||R||,||R|]), w € [0, F), a = (20w )3
(g - { (Nl eminm —RILIRID, 0 €0, = ()
amin( 27t — [[R][, [[R]]) cwe g, o= (prgqt)

When the angle of camera rotation w € [7, 77|, the camera almost loses the perspective, at
which time the feature points cannot be matched on the temporal clue causing the camera
tracking to fail. In order to increase the robustness of the system in tracking, the spatial
clue compensation strategy is adopted: the previous frame of the right image of the spatial
clue is used as the clue connection, and it is inserted to compensate for the lost field of view
on the temporal clue, continuing the tracking, as shown in Figure 6.

Figure 6. Compensation of spatial clue in the right image frame, where KF represents the key frame,
CF represents the current frame, and RF-1 represents the previous frame of the right image.
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The system is preset with a maximal threshold of # and a minimal threshold of ¢,
comparing the Tran with the threshold are follows:

when Tran < ¢, Framey,y # Framecu;
when ¢ < Tran <y, Frame e, = Framecyy;
when Tran > 1, if w < 7, Framey,, = Framecyy, else w > 7, Framey,, = Frameycur — 1.

Framec,, is the current frame of the left image, Frame,c,, — 1 is the previous frame of
the right image, Frame,, is the candidate keyframe, and Framey,, is the keyframe.

In the above analysis, when the amount of relative motion between frames Tran > 7,
it indicates a significant change in the camera’s view, and keyframes should be inserted
in time, otherwise the tracking will be lost. When ¢ < Tran < 1y, it is the normal mo-
tion range of the camera, in which redundant keyframes should be avoided. Taking the
amount of relative motion between frames and data association as constraints, combining
the candidate keyframes obtained from the above calculation, the keyframes selection for
the system needs to satisfy the following two conditions:

(1) The number of tracked covisibility feature points between Frarme ., and the previous
keyframe satisfies the following condition: Track(meekey — 1, Framegy) > Tf.

(2) The number of near points tracked by Frame g,y is less than the threshold 7; and more
than 7. new near points can be created.

In outdoor environments, such as forest scenes, where most areas are far away from
the sensors, the introduction of near and far points for binocular vision as conditions for
filtering keyframes is particularly important for improving the localization accuracy of the
system. The near point is the feature point in binocular mode where the depth value is less
than 40 times the binocular baseline distance, otherwise it is called the far point.

The 3D coordinates obtained by triangulation for the near point are more accurate
which can provide information about orientation, translation, and scale. In contrast the far
point carries less information which provides only relatively accurate information about
orientation. It is very challenging in a large forest scene and at a distance from the camera,
the system needs enough near points to accurately estimate the camera’s translation, so the
system has certain requirements for the number of tracked near points and the number of
generated new near points. It works better by setting 7; = 90, 7. = 50 in the experiments.

The steps of keyframes selection for the system are as follows.

Step 1: Determine whether the prerequisites for inserting keyframes are met: the sys-
tem is not currently in localization mode and the local mapping is free, while it is far from
the last relocation, and the number of internal points must be greater than the minimum
threshold of 15, i.e., mnMatchesInliers > 15.

Step 2: Calculate the relative motion Tran(R,t) between frames and determine the
candidate keyframe Frame,, or keyframe Frame,, based on the comparison between
Tran(R,t) and the thresholds.

Step 3: If it is a candidate keyframe Frame,, calculate the number of tracked fea-
ture points between Frame,,, and the previous keyframe Framey,, — 1 and perform the
judgment of condition 1: Track(Framey,, — 1, Framecye,) > Ty.

Step 4: Calculate the number of near points tracked by Frame,, and perform the
judgment of condition 2: The number of near points tracked by Frame is less than the
threshold 7; and more than 7. new near points can be created.

Step 5: If both conditions 1 and 2 are satisfied, which indicates high matching and
correlation between frames and the high quality of feature points, the candidate keyframe
Framecy,, is set as the keyframe Framey,,, i.e., Framey,, = Frame .

Correspondingly, the algorithm of keyframes selection for the system is as follows
(Algorithm 1).
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Algorithm 1 Keyframe Selection

Input: the binocular image frames Framec,, and Framec,,
Parameter: threshold 1, T, 5, ¢ n
Output: Keyframe Framey,,

1: for each vailable new Framec,, do
2 calculate w = min (27t — ||R]|, ||R]])
3 ifw € [0, %) then
5 x = (gane )}
5: Tran (R, t) = (1 —a) || t|| + amin (2t — ||R||, ||R]|)
6 else
1
7 = (amaiir)
8 Tran (R, t) = amin(27t — ||R||, ||R]|)
9: end if
10: if Tran < ¢ then
11: Framece, # Framecy
12: else
13: if § < Tran < 5 then
14: Framecypy = Framecur
15: else
16: if w < 5 then
17: Framekgy = Framecy,
18: else
19: Frameke}/ = Frameycyr — 1
20: end if
21: end if
22: end if
23: calculate the number of covisibility feature points Track between Framniey,, and the
last keyframe
24: if Track(Framey,, — 1, Frame ) > Ty then
25: calculate the number of near points tracked and the number of new near points
created in Frame i,y
26: if the number of near points tracked in Franecy,, is less than the threshold 7; and
more than T, new near points are created then
27: Framey,y, = Framecy,,
28: end if
29: end if
30: end for

4.2. Local Mapping

The local mapping thread implements mid-term data association, it receives keyframes
imported from the tracking thread, eliminates substandard map points, generates new map
points, performs local map optimization, removes redundant keyframes, and sends optimized
keyframes to the loop closing thread. Only the information of adjacent common frames or
keyframes is used in the tracking thread; moreover, only the pose of the current frame is op-
timized, and there is no joint optimization of multiple poses and no optimization of the map
points. The Local BA optimizes both multiple keyframes that satisfy a certain covisibility re-
lationship and the corresponding map points, so as to make the keyframes more accurate in
terms of poses and map points. More new map points are obtained by re-matching between
covisibility keyframes, increasing the number of map points while improving the tracking
stability. Removing redundant keyframes helps to reduce the scale and number of Local BAs
and improve the real-time performance of the system.

4.3. Loop Closing

Loop closing is divided into two steps: loop closing detection and loop closing cor-
rection. Loop closing detection uses Bag of Words (BoW) to accelerate matching, queries
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the dataset to detect whether the loop is closed or not, and then computes the Special Eu-
clidean Group (SE3) poses between the current keyframe and the loop closing candidate
keyframe. Monocular vision suffers from scale drift while binocular vision easily obtains
depth information making the scale observable, so there is no need to deal with scale drift
in geometric validation and pose-graph optimization. The loop closing correction focuses
on loop closing fusion and essential graph optimization to correct cumulative drift, and
starts the Full BA thread for the BA optimization of all map points and keyframes, which
is more costly and therefore a separate thread is needed.

4.4. Dense Mapping

The tracking thread calculates the pose for each frame, if the dense map is constructed
using each frame in the tracking thread, it not only increases running time and storage
space overhead for the system, but it also affects the localization accuracy due to the heavy
computation which slows down the system’s running speed; hence, the keyframes are used
to construct the dense map. Firstly, the disparity map is calculated for each keyframe;
secondly, the point cloud is generated by combining the more accurate keyframe poses
optimized by Local BA, and then the initial dense map is formed through point clouds
registration, point clouds fusion, and point clouds filtering; and thirdly, the dense map is
updated by global BA optimization.

Obtaining disparity maps is a key step in dense mapping, while the traditional stereo
matching methods have a poor matching effect in the regions of weak texture, occlusion
and other features that are not obvious, and the generated disparity map is insufficiently ro-
bust. In this work, LANet [27], a linear attention stereo matching network is embedded into
D-SLAM as one of the modules to generate dense disparity maps, which are transformed
to generate depth maps and point clouds to realize the construction of dense maps of the
forest ecological environment. LANet networks are capable of optimizing depth estima-
tion by efficiently utilizing environmental global and local information to improve stereo
matching accuracy in ill-posed regions, such as those with weak texture, poor lighting,
and occlusion and achieve efficient disparity inference prediction. Because LANet is one
of the research findings of the authors of this paper, it has been published in a public paper
“LANet: Stereo matching network based on linear-attention mechanism for depth estima-
tion optimization in 3D reconstruction of inter-forest scene” https://www .frontiersin.org/
articles/10.3389/fpls.2022.978564/full (accessed on 2 September 2022), and the overview of
the LANet as shown in Figure 7.

(1) Feature extraction

ResNet [28] is adopted as the backbone network for feature extraction; all layers use
a 3x3 convolutional kernel, and the first stage uses three convolutional layers conv0_1,
conv0_2, and conv0_3, to extract the primary features of the image. The second stage uses
four sets of basic residual blocks, convl_x, conv2_x, conv3_x, and conv4_x, to extract the
deep semantic features of the image. Downsampling with stride 2 was used in conv0_1
and conv2_1, and the input image size is reduced to 1/4 of the original size after two down-
samplings. The dilated convolution is applied to enlarge the receptive field in conv3_x and
conv4_x, and the dilation rates of these two layers are 2 and 4, respectively.

(2) Attention Module (AM)

AM can better integrate local and global information to obtain richer feature represen-
tations at the pixel level, and the AM consists of two parts: the Spatial Attention Module
(SAM) and Channel Attention Module (CAM). SAM captures long-range dependencies be-
tween global contexts, seeks correlations between pixels at different locations, and models
semantic correlations in the spatial dimension.
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Figure 7. Network structure of LANet. LANet consists of five main parts: feature extraction ResNet,
Attention Module (AM), Construction of Matching cost, Three Dimensional Convolutional Neural
Network aggregation (3D CNN aggregation), and disparity prediction. The AM consists of two parts:
Spatial Attention Module (SAM) and Channel Attention Module (CAM); the 3D CNN aggregation
consists of two structures: the basic structure is used for ablation experiments to test the performance
of various parts of the network and the stacked hourglass structure is used to optimize the network.

Because the time and space complexity of self-attention [29] is O(n?), the cost of train-
ing and deploying the model is very high when it is used on large-size images. Linear-
attention is proposed to be able to reduce the overall complexity of self-attention from
O(n?) to O(n) while retaining high accuracy. The correlation matrix P € R"*" in self-
attention is low rank, where most of the information is concentrated in a small number of
maximum singular values; hence, a low rank matrix P is used to approximate P to reduce
the complexity of self-attention by changing its structure. The details are as follows:

Let X € R™%m be the input sequence, W QWK ecRdm<de WV e Rnmxdogre three
learnable matrices, and Q = XW2, K = XWK, vV = XWV, the query matrix, the key ma-
trix and the value matrix Q, K,V € R "*4n embedded in the input sequence are obtained
respectively. where 7 is the length of the sequence and d,;, , dy , d, are the dimensions of
the hidden layers of the projection space. Two low dimensional linear projection matrices
E € Rk and F € R"*k are constructed, which are fused with K and V to reduce their
dimensionality. E or F performs matrix multiplication with K or V to reduce K and V from
their original 1 x d-dimension to the k x d-dimension, as shown in Figure 8.
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Figure 8. Linear mapping layers.

The correlation matrix P € R"*¥ is computed by the scaled dot product method, and
the value of linear-attention is

P-(FVWY) (11)
where .
K
P = softmax {QWQ(\E/I;W)] (12)

and the complete form of linear-attention is

QWQ(EKWK)"

Linear — Attention <QWQ, KWK VWV) = softmax { Nz

] -(FYWY) (13)

The complexity of linear-attention is mainly determined by P, O(P) = O(#nk), and if
a very small mapping dimension k is choosen and set to k << n, the overall complexity
of P will decrease to linear O(n). It can be proven that when k = O(nd/¢?), the value of
P- (FVWYV) approaches P - (VWV), and the value of linear-attention can be approximately
equivalent to that of self-attention, with an error of no more than e.

The feature values obtained through linear-attention are multiplied by the scale factor
« and then summed bit-wise with the original features X € R”*W*C o obtain the spatial

attention feature map Y € RI*W*C a5 follows.
-5 14
i=1

where feature Yj is the weighted sum of the features at all locations and the original location
feature Xj. Therefore, it has global contextual information, and spatial attention can fuse
similar features in the global spatial range, which is conducive to the consistent expression
of feature semantics, and likewise it enhances the robustness of feature extraction in ill-
posed regions.

Each channel corresponds to a feature map of a specific category of semantics. CAM
models semantic relevance in the channel dimension, capturing long-range semantic de-
pendencies between channel features, enabling global correlations between each channel,
which is beneficial for obtaining stronger semantic feature responses and improving fea-
ture recognition. CAM is calculated on the original feature map based on the self-attention
mechanism, without involving the complexity of o(n?).

The input feature X € RIT*WxC is reshaped into Q, K, V! € R"*? and there exists
Q' =K' =V',wheren = %H X %W, d = C, and the channel correlation matrix P’ € R?*4
is obtained by multiplying the matrices between QT and K’ as follows.

Q/T,-Kj/-
, /TKI exp \/a
Pﬁ = softmax {Q\/H } == Y T,‘K; (15)
Eesl 5
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In the Equation (15), P].'i denotes the correlation between the i th channel and the j
th channel, and the higher the correlation between the two channel features, the greater
the value of P.. The final feature for each channel is a weighted sum of the features of all
channels and the original feature as follows.

@)

Zj= B (VIR +X) (16)
1

where Z is the final feature. The self-attention feature map of R"*¢ is obtained by multi-
plying the matrices between V' and p’, which is reshaped into the form of RF*"W*C mul-
tiplied by a scale factor 8, and it is then summed bit-wise with the original feature map
X € RF*XWXC o finally obtain the channel attention feature map Z € RI*WxC,

(8) Construction of Matching cost

The feature information from the four parts of conv2_16, conv4_3, SAM and CAM is
cascaded to form a 2D 1/4H x 1/4w x 320 feature map which is fused by two convolutional
layers of 3 x 3 and 1 x 1 while the channels are compressed to 32, connecting the left 2D
feature map with the right feature map corresponding to each disparity to construct a 4D
matching cost-volume of 1/4D x 1/4H x 1/4W x 64.

(4) The 3D CNN aggregation

The 3D CNN aggregation module is used for cost-volume regularization, aggregating
semantic and structural feature information in disparity and spatial dimensions to predict
accurate cost-volume. It consists of two structures: the basic structure is used for abla-
tion experiments to test the performance of various parts of the network, and it consists
of twelve convolutional layers with a convolution kernel size of 3 x 3 x 3 performing BN
and ReLU. The stacked hourglass structure is used to optimize the network and increase
the robustness of disparity prediction in low-texture regions and occluded regions to ob-
tain more accurate disparity values. The first four 3D convolutional layers contain BN and
ReLU, and the 3D stacked hourglass network utilizes an “encoder-decoder” structure to
reduce the parameters and computation of the network. The encoder downsamples twice
by using a 3D convolution with a convolution kernel of 3 x 3 x 3 and a step size of 2.
Correspondingly the decoder upsamples twice to recover the size by using an inverse con-
volution with a step size of 2, while the number of channels is halved. To compensate for
the information loss caused by the “encoder-decoder” structure, a1 x 1 x 1 3D convo-
lution is used inside each hourglass module to connect features of the same size directly,
which uses fewer parameters than a3 x 3 x 3 convolution, and reduces the computational
power to 1/27 of the original one, with negligible runtime; thereby, the running speed of
the network is improved without increasing the computational cost.

(5) Disparity prediction

Each hourglass corresponds to one output, the total loss is a weighted sum of the
losses corresponding to each output, and the last output is the final disparity map. A
A

differentiable Soft Argmin function was utilized to obtain disparity estimation d through
the regression method as follows. Equations (17)—(19) are from reference [30].

A Dmax_1
d= ), k-p (17)
k=0

where Dpax denotes the maximum disparity. With the L1 loss function, the total loss is
calculated as follows.

A
Aj - Smoothy (d; — d;) (18)

Mw

L=

1

Il
-
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where A; denotes the coefficient of the 7 th disparity prediction, d; denotes the true value

A
of the i th disparity map, d; denotes the i th predicted disparity map, and the Smooth, (x)
function is expressed as follows.

0.5x2 ,iflx] <1

|x| —0.5 ,otherwise (19)

Smoothr, (x) = {

5. Results
The experiment and evaluation of the whole system is split in four parts:

o LANet performs the prediction training and evaluation of disparity maps on the Scene
Flow and Forest datasets, and compares them with several mainstream methods.

e D-SLAM tests the accuracy of projection trajectories on two datasets, EuRoC and
KITTI, and compares them with mainstream SLAM systems.

e  D-SLAM tests the partial and overall performance of the system on three datasets,
EuRoC, KITTI and Forest.

e  D-SLAM performs real-time dense mapping on two datasets, KITTI and Forest, as
well as analyzing and discussing the mapping results.

5.1. Experiment on Disparity Map Generation by LANet

LANet is pre-trained on the clean pass dataset of Scene Flow [31], and fine-tuned
training is conducted on the Forest target dataset. Network training was based on Python
3.9.7, the PyTorch 1.11.0 framework, one Nvidia TITAN Xp GPU 3090 for the server, and
Adam [32] for the optimizer, with 31=0.9, 32=0.999, and batch size set to eight.

(1) Ablation experiments on Scene Flow

Ablation experiments are carried out on the Scene Flow dataset to test the perfor-
mance of each key module and parameter in the network. In Table 2, Res is the ResNet
module, SA denotes the Spatial Attention Module using a self-attention mechanism, SAM
denotes the Spatial Attention Module using a linear-attention mechanism, CAM denotes
the Channel Attention Module, k is the dimensionality of E and F in the model, E and F
share the same parameter, i.e., E = F, Basic denotes the basic structure, and Hourglass is
stacked hourglass network. Experiments were conducted to evaluate the performance of
each key module with evaluation metrics which are >1, >2, and >3pixel error, End Point
Error EPE, and runtime.

Table 2. Ablation experiments of attention mechanism on Scene Flow.

Module >Ipx (%)  >2px(%) >3px(%) EPE(px) Runtime (s)
Res_Base 12.78 8.11 6.41 1.65 0.12
Res_CAM_Base 11.12 7.02 5.36 1.21 0.14
Res_SA_Base 10.24 6.48 491 1.03 0.24
Res_SAM_k128_Base 10.47 6.65 5.04 1.10 0.16
Res_SAM_k256_Base 10.38 6.58 4.98 1.07 0.17
Res_SAM_k512_Base 10.29 6.52 4.93 1.05 0.18
Res_CAM_SAM_k512_Base 9.26 5.56 3.95 0.95 0.19
Res_CAM_SAM_k512_Hourglass 7.22 3.71 2.31 0.82 0.25

As shown in Table 2, the EPE of Res_Base is 1.65, and with the addition of CAM and
SAM, the EPE becomes 1.21 and 1.1, respectively, resulting in a significant reduction in
error rates. The error rate of disparity values shows that adding AM can significantly im-
prove the accuracy of disparity prediction, thereby achieving the goal of improving the ac-
curacy of dense mapping in D-SLAM systems. When the value of k becomes larger, the EPE
of Res_SAM_kx_Base gradually approaches that of Res_SA_Base, and when k = 512, the
EPEs of both are almost equal, while the inference time of the former changes little which is
significantly faster than that of Res_SA_Base. Therebyj, it is proved that the inference speed
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of linear-attention is significantly faster than that of self-attention when their error rates are
close. Compared to Res_CAM_SAM_k512_Base, Res_CAM_SAM_k512_Hourglass has a
significant advantage which reduces the error rate for the whole network >3 px from 3.95 to
2.31 and EPE from 0.95 to 0.82.

(2) Comparative experiments on Forest

Several mainstream methods are compared in the Forest dataset, and the performance
of each method was evaluated by three evaluation metrics, the proportion of pixels with
prediction errors in all regions of the first frame image (D1-all), EPE and time. The test
server was 3090GPU, and the image resolution was 1240 x 426.

The results in Table 3 indicate that after fine-tuning on the Forest dateset, LANet ex-
hibits better performance than on the SceneFlow dataset, with an EPE reduction from
0.82 to 0.68 and an accuracy improvement of 20.6%. The D1 all and EPE of LANet are
2.15 and 0.68, respectively, which are better than those of the comparative model. The
running speed is 0.35 s, and although it is not the fastest, it is also relatively competitive.

Table 3. Comparative experiments of disparity detection with Forest. The network models for com-
parison are Matching Cost with a Convolutional Neural Network (MC-CNN), Geometry and Con-
text network (GCNet), Learning deep correspondence through prior and posterior feature constancy
(iResNet), Disparity Network (DispNet), a two-stage convolutional neural network (CRL), Exploit-
ing Semantic Information for Disparity Estimation (SegStereo), Edge Stereo network (EdgeStereo),
and Pyramid Stereo Matching Network (PSMNet).

Method Runtime (s) D1-All (%) EPE (px)
MC-CNN [33] 67.09 4.08 3.96
GCNet [34] 1.01 3.65 2.79
iResNet [35] 0.20 3.58 2.73
DispNet [31] 0.14 3.08 1.96
CRL [36] 0.55 2.75 1.54
SegStereo [37] 0.68 3.12 2.01
EdgeStereo [38] 0.40 2.81 1.68
PSMNet [39] 0.48 2.61 1.25
LANet 0.35 2.15 0.68

Figure 9 shows the visualization of disparity maps generated by LANet, PSMNet and
GCNet with Forest, with the colors representing different disparity values, the farther the
distance the smaller the disparity value, and the black color indicating the distant points,
whose disparity values are so small that they can be ignored.

The rectangular box regions where the matching error of each method is large are usu-
ally found in locations containing fine structures such as branches, trunks, and leaf edges,
as well as weakly textured regions and occluded regions. In column A, there are signifi-
cant differences in the predictions of each model at the border between the pink trees and
the crimson sky, and PSMNet and GCNet can preserve the main contours of the edges
while the predictions are inaccurate at the fine structures; however, the LANet can better
preserve the fine features of the edges while the predictions are closer to the true value.
In column B, for the prediction of the red trunk, PSMNet and GCNet show missing trunk
pixels, and for the prediction of the pink car’s rear glass, LANet shows few color devia-
tions, PSMNet shows more color deviations, and GCNet shows more errors in color. In
column C, for the red trunk prediction, LANet shows pixel discontinuity and few missing
pixels, PSMNet and GCNet show larger missing pixels or even missing trunks, and for
the prediction of the purple leaf, LANet is able to retain the edge features better, PSMNet
misses some fine edge structure features, and GCNet has too many edge predictions and
a mismatched pieces.

The attention mechanism integrates local and global information, seeking correlations
between pixels at different locations to obtain richer feature representations at the pixel
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level, which are beneficial for obtaining stronger semantic feature responses and improv-
ing feature recognition. Therefore, it can predict more reliable disparity maps in ill-posed
regions such as those with weak texture, poor lighting, and occlusion. After testing, LANet
has shown better performance than the comparative model in terms of accuracy and visu-
alization, and it is also more competitive in terms of runtime.

Figure 9. The visualization of disparity maps with Forest. The yellow or green boxes are the regions
with significant disparity contrast generated by various methods.

LANet is embedded into the D-SLAM system, and is lightweighted in order to ensure
the real-time performance of the system, and the stacked hourglass structure used to opti-
mize the network is cut off to improve the running speed of the system. For the purpose
of making a balance between accuracy and speed, the Res_ CAM_SAM_k512_Base combi-
nation modules are selected, with an EPE of 0.95 and a running time of 0.19 s, which fully
meets the performance needs of the dense mapping thread of D-SLAM.

5.2. Experiment on the Location Accuracy of Visual Odometry

In this section, the performance of D-SLAM will be evaluated for several sequences
on two popular datasets. In order to demonstrate the robustness of the proposed system,
the estimation of camera generated trajectories and maps was compared with the Ground
Truth (GT). In addition, the results are also compared with some advanced SLAM systems
by using the results published by the original author and standard evaluation metrics in
the literature. D-SLAM experiments are all conducted on a Dell G3 3590 portable computer,
with an Intel Core i7-9750H CPU, 2.6GHz, 16GB memory, and only the CPU was used.

5.2.1. EuRoC Dataset

The EuRoC dataset [40] contains 11 stereo sequences recorded from a micro aerial
vehicle (MAV) flying around two different rooms and a large industrial environment. The
baseline of the binocular sensor is 11 cm, providing images at 20 Hz. The sequences are
classified into three levels: easy, medium, and difficult based on the speed, illumination,
and scene texture of the MAV.
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(1) Estimated trajectory maps

Figure 10 is the estimated trajectory for nine sequences from EuRoC; by comparison
with the GT, the D-SLAM system shows better trajectory accuracy on these sequences.
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Figure 10. Estimated trajectory (dark blue) and GT (red) for 9 sequences on EuRoC.

(2) RMS ATE comparison

As is usual in the field, the accuracy is measured by RMS ATE [41]. The SE (3) trans-
form is used to align the estimated trajectory with the GT. The result of D-SLAM is the
average of five executions, while the other results are reported by the authors of each sys-
tem and compared with GT for all frames in the trajectory.

As shown in Table 4 ORB-SLAM2 and VINS-Fusion all get lost in some parts of
V2_03_difficult sequence due to severe motion blur. Even BASALT, a stereo vision-inertial
odometry system, was not able to complete tracking on this sequence due to the loss of
some frames by one of the cameras. However, due to the use of the binocular image spa-
tial clue compensation strategy, D-SLAM could utilize the right image to compensate for
the lost field of view of the camera to a certain extent when the above situations occured,
and it successfully tracked and achieved an error of 0.468 on the V2_03_ difficult sequence.
SVO is a semi direct visual odometry that can run in weak texture and high frequency tex-
ture environments. However, the pose estimation has significant cumulative error due to
its lack of loop detection and relocation. The system is very dependent on the accuracy
of pose estimation, making it difficult to relocate once tracking fails. It performs well on
easy sequences, while the tracking accuracy decreases rapidly on medium and difficult
sequences, with a larger RMS ATE.
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Table 4. RMS ATE comparison in the EuRoC dataset (RMS ATE in m, scale error in %). The network
models for comparison are ORB-SLAM2, a general optimization-based framework for local odome-
try estimation with multiple sensors (VINS-Fusion), Semidirect visual odometry for monocular and
multicamera systems (SVO2), Visual-Inertial Mapping with Non-Linear Factor Recovery (BASALT),
and D-SLAM.

ORB-SLAM2 VINS-Fusion SVO2 BASALT
Sequence [18] [42] [43] [44] D-SLAM
MH_01_easy 0.035 0.540 0.040 0.070 0.032
MH_02_easy 0.018 0.460 0.070 0.060 0.018
MH_03_medium 0.028 0.330 0.270 0.070 0.026
MH_04_ difficult 0.119 0.780 0.170 0.130 0.095
MH_05_ difficult 0.060 0.500 0.120 0.110 0.055
V1_01_easy 0.035 0.550 0.040 0.040 0.032
V1_02_medium 0.020 0.230 0.040 0.050 0.022
V1_03_difficult 0.048 - 0.070 0.100 0.041
V2_01_easy 0.037 0.230 0.050 0.040 0.035
V2_02_medium 0.035 0.200 0.090 0.050 0.030
V2_03_difficult - - 0.790 - 0.468

5.2.2. KITTI Dataset

The KITTI [45] dataset has become the standard for evaluating visual SLAM, which
contains stereo images recorded from a car in urban and highway environment. The base-
line of the binocular sensor is 54 cm and works at 10Hz with a rectified resolution of
1240 x 376 pixels. The D-SLAM system was tested on 11 sequences of the KITTI dataset,
and the results are as follows.

(1)  Error graph for the 05 sequence of KITTI

The trajectory error is calculated by Evaluation Visual Odometry (EVO) tool. Absolute
Pose Error (APE) calculates the difference between the estimated value of the SLAM system
and the ground truth of the camera’s pose, which is suitable for evaluating the accuracy of
the algorithm and the global consistency of the camera trajectory. Relative Pose Error (RPE)
calculates the difference between the estimated pose change and the true pose change at
the same two timestamps, which is suitable for evaluating the drift of the system and the
local accuracy of the camera trajectory.

Because the KITTI dataset contains large outdoor urban and highway scenes, its over-
all APE error is much higher than that of the indoor dataset EuRoC, and the larger errors
occur near the turns or where no loop closing occurs at the edge of the trajectory, as shown
in Figure 11. In the translation direction of this sequence, the mean of APE is 1.310438
m, the median is 1.184211 m, the rmse is 1.469650 m, and the std is 0.665299. Compared
with APE, RPE is smaller, with a mean of 0.015108 m, a mean of 0.013262 m, a rmse of
0.018214 m, and a std of 0.010172 m.

(2) Comparison of projection trajectories for the 08 sequence on KITTI

Figure 12 shows the comparison between the projection trajectories of D-SLAM, Large-
scale direct SLAM with stereo cameras (LSD-SLAM) [46], and a stereo SLAM system through
the combination of Points and Line segments (PL-SLAM) [47] on the KITTIO8 sequence and
the GT, from which it can be intuitively observed that the trajectory of D-SLAM is closer to
the GT compared to the other two methods, while the trajectory drift of PL-SLAM is relatively
large. Unlike D-SLAM, the inferior performance of PL-SLAM is mainly explained by the fact
that it does not perform LBA in every frame, so the drift along the trajectory is not corrected,
especially in sequences like 08 without a loop closing, resulting in a relatively large final drift
of the trajectory. In addition, the translation and rotation deviations on the y-axis are relatively
large for the various methods.
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Figure 12. Comparison of projection trajectories for the 08 sequence of KITTI.

(3) Comparison of relative RMSE of KITTI

The metrics of the average relative translation error (f,,) and rotation error (R,,) are
used to estimated the relative RMSE [41]. The translation error t,, is expressed in %, the
rotation error R,y is also expressed deg/100 m relative to the translation, and the dash

indicates that the experiment failed. The comparison of relative RMSE of KITTI is shown
in Table 5.
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Table 5. Relative RMSE of KITTI.

ORB-SLAM2 LSD-SLAM PL-SLAM D-SLAM
Sequence

tyel Ryer trel Ryer Lrel Ryer trel Ryel

00 0.70 0.25 0.63 0.26 2.36 0.89 0.67 0.24
01 1.39 0.21 2.36 0.36 5.80 2.32 1.05 0.19
02 0.76 0.23 0.79 0.23 2.35 0.91 0.68 0.21
03 0.71 0.18 1.01 0.28 3.74 1.54 0.65 0.16
04 0.48 0.13 0.38 0.31 221 0.30 0.45 0.13
05 0.40 0.16 0.64 0.18 1.74 0.88 0.38 0.15
06 0.51 0.15 0.71 0.18 3.51 2.72 0.45 0.14
07 0.50 0.28 0.56 0.29 1.83 1.03 0.44 0.25
08 1.05 0.32 1.11 0.31 2.18 1.15 0.98 0.30
09 0.87 0.27 1.14 0.25 1.68 0.92 0.75 0.24
10 0.60 0.27 0.72 0.33 1.21 0.99 0.55 0.23
Avg. 0.72 0.22 0.91 0.27 2.60 1.24 0.64 0.20

The two sequences with large errors in Table 5 are 01 and 08, neither of which show a
loop closing. The 01 sequence is the only highway sequence in the KITTI dataset, in which
few near points can be tracked due to the high speed and low frame rate, so it is difficult
to estimate the translation, and the t,,; of the various methods are large. However, there
are many distant points that can be tracked for long periods of time, and therefore, the
rotation can be accurately estimated. ORB-SLAM?2 is able to achieve a better error with an
R, value of 0.21 deg/100 m, while D-SLAM is even smaller with a value of 0.19 deg/100 m.
Without any loop closing in the 08 sequence, PL-SLAM is unable to correct the drift of
the trajectory in time for the absence of Local BA, whereas ORB-SLAM2 and Stereo LSD-
SLAM, although they perform Local BA for each frame, cannot perform Full BA due to the
absence of loop closing in this sequence, which also results in the global error not being
corrected, leading to a large cumulative error. The D-SLAM system is relatively accurate in
the pose estimation of each previous frame, and even without loop closing correction, the
drift will not be too severe. The D-SLAM system achieved an average f,, of 0.64m and an
average R, of 0.20, which is more accurate compared to some mainstream stereo systems
and has significant advantages in most cases.

5.3. System Real-Time Evaluation

In order to evaluate the real-time performance of the proposed system, the runtimes
of different resolutions of the three datasets are presented in Table 6. Because each of
these sequences contains only one loop closing, the BA and Loop shown in the table are
measurements where the associated task is executed only once.

Because the loop closing of the Psv_02 sequence of Forest contains more keyframes,
the covisibility graph is constructed more densely, resulting in higher costs for loop fu-
sion, as well as the higher cost of pose map optimization and Full BA tasks. In addition,
the higher the density of covisibility graph, the more keyframes and points the local map
contains, resulting in higher costs for local map tracking and LocalBA.

The two threads of loop closing and Full BA in Table 6 consume more time, especially
Full BA, for which the D-SLAM system takes 1.42 s. However, these two operations are
executed in separate threads, so they do not affect the real-time performance of the other
components of the system. The real-time performance of the SLAM system is mainly deter-
mined by the speed at which the tracking thread processes each frame of the RGB image,
while local mapping, dense mapping, and loop closing threads only process key frames
without the need for real-time operation.

The running time of the system on the three sequences is 139.87 s, 124.9 s and 162.97 s,
respectively. According to the frame rate and time of tracking threads, the D-SLAM system
is able to run at 30 ordinary frames and 3 keyframes per second, which fully meets the
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real-time requirements of the SLAM system for forest environment location and dense
map construction.

Table 6. Running time of each thread in miliseconds (ms). Where FPS represents Frames Per Second,
Essential Graph Opt. represents Essential Graph Optimization, KFs represents KeyFrames, and MPs
represents Map Points.

Part Detail EuRoC KITTI Forest
Sequence V2_02 07 Psv_02
Sensor Stereo Stereo Stereo
Settings Resolution 752 x 480 1226 x 370 672 x 376
Camera FPS 20Hz 10Hz 30Hz
ORB Features 1200 2000 1200
Stereo Rectification 2.95 - -
ORB Extraction 11.52 21.85 9.69
Stereo Matching 10.54 13.64 8.81
Tracking Pose Prediction 2.15 2.25 2.05
Local Map Tracking 9.25 421 8.86
Keframe Selection 5.65 6.12 5.29
Total 42.06 48.07 34.70
Keyframe Insertion 8.56 10.03 8.24
Map Point Culling 0.24 0.38 0.22
Local Map Point Creation 35.36 42.26 33.05
Mapping Local BA 135.02 66.35 180.14
Keyframe Culling 3.61 0.89 2.14
Total 182.79 119.91 223.79
Pcd generation 123.85 138.54 95.37
Pcd registration 18.87 22.36 15.29
Dense Mapping  Pcd fusion 26.59 33.84 23.68
Pcd filter 32.01 43.35 28.87
Total 201.32 238.09 163.21
Database Query 3.25 3.59 3.07
SE3 Estimation 0.58 0.87 0.51
Loop Closing Loop Fusion 20.23 79.86 298.25
Essential Graph Opt. 71.36 175.97 268.95
Total 95.42 260.29 570.78
Full BA 345.71 1120.51 1420.36
Full BA Map Update 3.09 9.65 6.58
Total 348.8 1130.16 1426.94
KFs 249 241 354
Map Size MPs 14,027 26,074 17,325
Run time 139.87s 124.9s 162.97s

5.4. Dense Mapping

This section will evaluate the dense mapping performance of D-SLAM on two chal-
lenging datasets, KITTI and Forest. Six visualized images generated during the dense map-
ping process are displayed on each dataset. In order to analyze the dense point cloud more
comprehensively and intuitively, local detail point cloud images obtained from different
perspectives are displayed also. D-SLAM supports two operating modes: online real-time
dense mapping and bag video dense mapping. In order to facilitate parameter adjustment,
the bag video mode was used for testing in this study.

5.4.1. Dense Mapping on KITTI Dataset

Figure 13 shows the dense map construction of the 01 sequence of the KITTI dataset.
This sequence is a real-time image of a highway. Due to its high speed and low frame
rate, the camera in this scene has a large translation, little rotation, and no loop closing,
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making it challenging. It can be observed from the Figure 13d that the projection trajectory
has better accuracy in the straight section of the highway, while there is some slight drift
near the turning at the end, which is due to the fact that there is no loop closing for Full
BA, resulting in an increase in the cumulative error of the trajectory and ultimately an
increase in drift. In Figure 13e, red points represent the covisibility observation points of
the covisibility graph keyframes, i.e., reference map points, while black points represent
all map points generated by keyframes. Figure 13f is the overall dense point cloud map
generated after the previous steps of processing, and its local details are shown in Figure 14.
It shows the local dense point cloud maps from different views of the KITTIO1, in which
the details of the highway can be clearly seen, including the dotted lines, crosswalks, tree
shadows, and green grass along the highway. The dense point cloud maps generated from
the KITTI dataset are clearer due to the fact that the KITTI dataset is a high-resolution image
dataset, coupled with the long baseline of the binocular sensors, and the corrected stereo
images.

KTIon 61
— KITTI01 DSLAM

(d)

(e)

Figure 13. Dense mapping Effect for 01-sequence of KITTL(a) a left RGB image, (b) a visual disparity
map, (c) afeature point tracking map, (d) anestimated trajectory map, (e) asparse point cloud map,
and (f) a dense point cloud map.

Figure 14. Local dense point cloud maps from different views for the KITTIO1 sequence.
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5.4.2. Dense Mapping with Forest Dataset

Forest is a large forest scene dataset with low texture images, the trunk features are
very inconspicuous, and the number of feature points is not large enough, in order to have
enough near point feature points to ensure the tracking accuracy and the effect of dense
mapping, it is necessary to insert as many keyframes as possible, and at the same time
to avoid redundancy, based on which the keyframe selection strategy has been designed
previously for the characteristics of the forest scene. Figure 15 shows the dense mapping
process with the Forest dataset.

—— Forest_D-SLAM

-15.0-12.5-10.0 =7.5 -5.0 -2.5 0.0 2.5

X (m)

(d)

Figure 15. Dense mapping process on Forest, where (a) is the left RGB image, (b) is the visual dispar-
ity map, (c) is the feature point tracking map, (d) is the estimated trajectory map, which has a loop
closing and the localization of the front end and the accuracy of the back end mapping are improved
after loop closing correction, (e) is the sparse point cloud map, in which the blue boxes represent the
keyframes, the green box represents the current frame, the red box represents the start frame, the red
points represent the reference map points, and the black points represent all map points generated
by keyframes. and (f) is the overall effect of the dense point cloud map.

Because Figure 15f shows the overall effect of the 3D point cloud of the forest scene from
one perspective, the details from many perspectives are not visible, therefore, Figure 16 shows
the details from different perspectives after being rotated, from which the structure of the
forest scene can be clearly reproduced, including the density, poses and spatial position of
the forest trees; the height, thickness, outline, color and texture of the tree trunks; the color
and density of the leaves; the canopy; and the ground surface, which truly reflect the sample
structure of the forest scene and provides an important basis for forestry exploration.
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Figure 16. Localized dense point cloud at different angles with Forest.

6. Discussion

All tests of the D-SLAM system were run on a Dell G3 3590 portable computer, which
was equipped with a ZED2 binocular camera capable of real-time localization and dense
mapping in the forest scene, supportting both image dataset operation and real-time forest
scene operation.

In terms of localization accuracy, D-SLAM can estimate the true scale of maps and
trajectories without drift and achieve a high accuracy with an RMS ATE of 1.8 cm on EuRoC
dataset (Table 4), outperforming international mainstream systems VINS Fusion, SVO2,
and BASALT. Especially on the two challenging sequences V1_ 03_ difficult and V2_03_
difficult, ORB-SLAM?2, VINS Fusion, and BASALT all failed to track, while the D-SLAM
system adopted a binocular image spatial clue compensation strategy, which can use the
right image to compensate for the lost field of view of the camera to a certain extent when
the camera rotation angle is too large, so there was no tracking loss on difficult sequences.
In addition, on the 11 sequences of KITTI, the D-SLAM system achieved relative RMSE
with two average values of 0.64 and 0.2 for t,; and R,,, respectively (Table 5), which is
superior to international mainstream SLAM systems ORB-SLAM2, LSD-SLAM, and PL-
SLAM. Accordingly, D-SLAM is robust enough to be of great advantage in most cases. The
error difference between various methods on the EuRoC and KITTI datasets is significant,
which is directly related to the images in the dataset. EuRoC contains indoor small scene
images with a small field of view distance, resulting in smaller errors, while KITTI is an
outdoor highway large scene dataset with a larger field of view, fewer near points, and
more far points, resulting in larger errors, even reaching tens of centimeters to several
meters. In addition, the resolution, acquisition frequency, illumination, texture, and other
factors of the image also have a significant impact on the error.

In terms of the real-time performance of the system, the dense mapping thread only
processes keyframes, which does not affect the real-time performance of the system. From
the frame rate and runtime of the tracking thread, it can be inferred that the D-SLAM
system can run at a speed of 30 ordinary frames and 3 keyframes per second, fully meeting
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the real-time requirements of SLAM system forest ecological environment localization and
dense mapping.

In terms of dense mapping, the construction of real-time dense maps in three-dimensional
space generally uses RGBD-SLAM or LiDAR-SLAM, which obtain depth information of the
scene through depth sensors or LIDAR sensors. However, they are expensive and not con-
ducive to the popularization and application in the industry. Moreover, depth sensors cannot
be used outdoors, and laser sensors can only build sparse maps. Visual sensors can overcome
these shortcomings and be applied to outdoor for dense mapping. Visual SLAM is generally
applied to more regular outdoor scenes such as buildings, streets, roads, and parks. How-
ever, its application in complex forest environments has been rarely reported internationally.
Therefore, dense mapping poses significant challenges in forest scenes with low texture, un-
even lighting, and severe occlusion. Despite many disadvantages, the experimental results
(Figure 16) show that it is possible to observe the structure of the forest ecological scenes, such
as the density, pose, and spatial position of the tree, and the height, thickness, outline, color,
and texture of the tree trunks, which meets the general needs of forest surveys and provides
an important basis for forestry ecological exploration and forestry management. This work
has innovation in both technology and application, providing important reference value for
related research on forest digital twins.

In terms of image texture, KITTI is a dataset of urban and highway with highly tex-
tured image sequences. Its binocular images are high-definition images, with a baseline of
54 cm for binocular sensors, and the binocular images are rectified images with a resolu-
tion of 1240 x 376 pixels, therefore the generated disparity map has high accuracy and the
dense point cloud map constructed is relatively clear. While the Forest dataset is collected
by the ZED2 binocular camera with a baseline length of only 20 cm, which limits the accu-
racy of its disparity map. There are three types of image resolutions: HD1080:1920 x 1080,
HD720:1280 x 720, and VGA: 672 x 376. High resolution images have more pixels and
clearer texture features, which can improve the accuracy of localization and map construc-
tion; however, at the same time, it will increase the processing time of the front-end VO
and the construction time of dense point cloud maps, which will slow down the overall
running speed of the system. Moreover, high-resolution images have high performance re-
quirements for hardware platforms such as computing speed and storage space, which are
difficult to meet for general consumer level platform configurations. By balancing speed
and accuracy, the VGA is chosen with the smallest resolution, which is equivalent to one-
half of the KITTI resolution. Forest is a sequence of forest ecological images with low tex-
ture and large scenes, due to the low image resolution with VGA, the trunk features are not
obvious, the similarity of the leaves and bushes is larger, the trees are severely obstructed,
the light is unstable, the forest ecological environment scene is larger, and there are less
nearpoints and more farpoints, resulting in the effect of the dense point cloud maps gen-
erated from Forest being not as clear as those of the KITTI dataset. However, it still meets
the general needs of forest ecological surveys and forestry management.

This research utilizes visual images from binocular cameras to construct a three-
dimensional forest map. However, visual sensors are generally affected by light, and the
image quality collected under conditions of high exposure or low light is poor, which af-
fects the effect of dense mapping. The system is almost unable to work at night, rainy
days, and on snowy days. In addition, the camera’s movement speed should not be too
fast to prevent the system’s processing speed from falling behind, and the camera’s angle
should not exceed 180 to avoid system tracking loss. When the angle of camera rotation
w > %, the camera almost loses the perspective, at which time the feature points cannot
be matched on the temporal clue causing the camera tracking to fail. The spatial clue com-
pensation strategy is adopted: the previous frame of the right image of the spatial clue
is used as the clue connection, and is inserted to compensate for the lost field of view of
the temporal clue, continuing the tracking. When the camera rotation angle exceeds 90
degrees, the larger the angle, the greater the challenge. Due to uneven lighting, severe
tree occlusion, large field of view, and fewer features in complex forest scenes, the imple-
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mentation of the system poses significant challenges. The implementation of the system
in real-world scenarios should involve drones equipped with binocular cameras and soft-
ware and hardware platforms, which require lightweight processing. The performance of
the platform also affects the system’s running speed and dense mapping accuracy. If a
high-performance platform can be configured and GPU acceleration can be used, it will
further improve the system’s running speed and dense mapping accuracy.

Because this research mainly focuses on forest ecological scenes below the canopy, the
UAV flies under the canopy of the trees and collects data mainly on the trunks, branches,
leaves, bushes, and forest grasses under the canopy, without including canopy informa-
tion. In future research, satellite remote sensing technology can be combined to collect
canopy information to construct broader and more comprehensive 3D forest ecological
models, which provide powerful basis for fine surveying of forest resources, forest man-
agement, and forest rescue through visualized digital twins of forest environments.

7. Conclusions

This study explores the use of low-cost binocular cameras for the accurate 6-DoF pose
estimation of UAVs in forest ecological spatial environment in a D-SLAM system, with a
lightweight localization mode that uses only Tracking threads to track unmodeled areas
to achieve zero drift. A dense mapping thread is added to construct dense point cloud
maps of the forest ecological spatial environment. The amount of relative motion between
frames and data association are used as constraints to filter keyframes, and a binocular im-
age spatial clue compensation strategy is adopted to improve the robustness of tracking in
adverse conditions such as large rotation, fast motion, and insufficient texture. Compared
with the direct methods, the proposed approach can be used for wide-baseline feature
matching, which is more suitable for 3D reconstruction scenes requiring high depth ac-
curacy. The D-SLAM system runs at a speed of 30 ordinary frames and 3 keyframes per
second, achieving location accuracy of several centimeters with the EuRoC dataset and a lo-
cal t,,; average of 0.64m and R,,; average of 0.20 with the KITTI dataset, which outperform
some mainstream sytems in terms of location accuracy and robustness, and have signifi-
cant advantages in most cases. With a consumer-level computing platform, the system is
able to work in real-time on the CPU, and the dense maps constructed can clearly repro-
duce the structure of the forest ecological interior scenes, meeting the requirements of the
UAV’s localization and mapping in terms of accuracy and speed. Moreover, the system is
more reliable in the case of a signal blockage and can be a powerful complement and al-
ternative solution to the current expensive commercial GNSS/Inertial Navigation System
(INS) navigation systems. However, the system is greatly affected by light, and the loca-
tion and dense mapping results are poor under conditions of high exposure or low light.
In addition, the system will lose tracking when the camera moves too fast and the rotation
angle is too large. In the future work, various sensors such as Inertial Measurement Unit
(IMU) and LiDAR can be integrated to compensate for the limitations and shortcomings
of the system. Neural networks can also be used to replace some or all modules of the sys-
tem, solving the problem of limited system applications to a certain extent. In addition, it
is possible to combine high-altitude remote sensing to capture broader forest images and
construct a more comprehensive and extensive three-dimensional map of forest ecology.
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Abstract: Associated endogenous hormones were affected by forest fragmentation and significantly
correlated with aboveground biomass storage. Forest fragmentation threatens aboveground biomass
(AGB) and affects biodiversity and ecosystem functioning in multiple ways. We ask whether and how
forest fragmentation influences AGB in forest fragments. We investigated differences in AGB between
forest edges and interiors, and how plant community characteristics and endogenous hormones
influenced AGB. In six 40 m x 40 m plots spread across three forest fragments, AGB was significantly
higher in plots in the forest interior than in those at the edge of forests. The proportion of individuals
with a large diameter at breast height (DBH > 40 cm) in the forest edges is higher than that in the
forest interiors. Further, trees within a 15-40 cm DBH range had the highest contribution to AGB in
all plots. Trees in interior plots had higher abscisic acid (ABA) and lower indole-3-acetic acid (IAA)
concentrations than those in edge plots. In addition, AGB was significantly positively and negatively
correlated with ABA and IAA concentrations at the community scale. In this study, we provide an
account of endogenous hormones’ role as an integrator of environmental signals and, in particular, we
highlight the correlation of these endogenous hormone levels with vegetation patterns. Edge effects
strongly influenced AGB. In the future, more endogenous hormones and complex interactions should
be better explored and understood to support consistent forest conservation and management actions.

Keywords: forest fragmentation; endogenous hormones; edge effects; high-performance liquid
chromatography; aboveground biomass

1. Introduction

Forests play an important role in responding to global climate change, especially
the carbon cycle. Forests contributed more than half of the organic carbon to terrestrial
ecosystems according to previous studies [1,2]. Therefore, accurate estimation of forest
carbon storage is crucial to our response to global climate change and other unknown
factors [3,4]. Intact evergreen forests store much more living carbon per unit area than
fragmented forests do, most of it in AGB and soil [4]. Further, forest fragmentation is
globally pervasive and increasing in extent, with forest fragments now accounting for 46%
of all remaining forested areas [5,6]. Fragmentation has been a major driver of declining
forest biomass and altered carbon fluxes, contributing 6%-17% of global anthropogenic
CO, emissions to the atmosphere [7]. However, forest fragmentation likely alters forests’
potential for carbon storage in ways that are not yet completely understood.
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Fragmentation can result from various types of human disturbances, such as selec-
tive logging, understory fires, fragmentation, and overhunting [8-10]. Most ecological
research on carbon storage of forests has either focused on monitoring change in relatively
undisturbed primary forests or on quantifying deforestation and the effects of forest frag-
mentation on AGB [11-13]. In addition, forest fragmentation creates isolated forest patches
and degrades forest edges [14]. The discontinuities fashioned between forest patches by
open, deforestation habitats induce a transition zone at the border where a suite of edge
effects occur [15,16].

Forest edges are ubiquitous in many fragmented landscapes, and they strongly influ-
ence biodiversity [17]. Indeed, edge effects have been reported as one of the most significant
patterns structuring both flora and environmental conditions [18], making it crucial to un-
derstand how vegetation, ecological processes, and ecosystem services are affected by
edges [19,20]. Edge effects can influence species composition, community structure, AGB,
and nutrient cycling [21]. Bueno and Liambi [22] reported that both facilitation and edge
effects influence the effectiveness of vegetation regeneration within old-field communities
in the high tropical Andes. De Paula [23] suggested that fragmented forests and the con-
sequent establishment of forest edges drastically limit forest capacity for carbon storage
across human-modified landscapes, since the loss of carbon due to the reduced abundance
of large trees is not compensated for by either canopy or understory trees. Forest edges
also have different microclimates than interiors do, often with more light, wind, warmer
temperatures, and drier air and soil than forest interiors [19]. However, higher rates of
tree mortality caused by microclimatic changes in forest edges lead soil carbon stocks to
increase in central Amazon Forest fragments [20].

Plants face environmental challenges including competition with neighbors for sun-
light, as well as acclimation to ambient temperature fluctuations and to prevailing moisture
and nutrient conditions [24]. To complete their life cycle under abiotic and biotic environ-
mental stresses, plants have developed sophisticated mechanisms to sense and adapt to
ever-changing and often adverse environmental conditions [25]. It is well known that plant
hormones, such as ABA and [AA, are involved in plant adaptation to adverse environ-
ments [26]. ABA has been widely reported for its role in adaptation to different kinds of
abiotic stress responses, such as high salinity, drought, high temperature, and freezing [27].
ABA has been extensively studied for its importance in the regulation of plant growth and
development [28].

Auxin is also a key integrator of environmental signals, and emerging evidence
implicates auxin biosynthesis as an essential component of the overall mechanisms of
plants’ tolerance to stress [29]. Auxin is involved in numerous biological processes ranging
from control of cell expansion and cell division to tissue specification, embryogenesis,
and organ development [30]. As the main auxin in higher plants, IAA plays a central
role in developmental programming and environmental responses such as gravitropism,
phototropism, and plastic root development [31,32]. Dinis [33] reported that environmental
signals stimulate variations in IAA levels and/or their redistribution and transport in
order to regulate plant growth and development. Our standing of how endogenous
hormone levels shift in response to fragmentation, and how these hormone affects translate
to changes in AGB potential of tree communities remains incomplete. More research is
needed to understand how endogenous hormones limit the capacity of AGB in fragmented
forests. Furthermore, there is a lack of estimation of the role of endogenous hormones on
AGB within forest fragments.

In the interest of filling the knowledge gap, we evaluate the relationships between
AGB and hormone concentrations within fragmented forests in South China. We addressed
the following three questions: (1) How do edge effects influence AGB distribution within
these forest fragments? (2) How are the concentrations of hormones of seven dominant tree
species affected by forest edges within these fragments? (3) How do endogenous hormones
influence AGB in these forest fragments? The results of this study provide new knowledge
on the relationship between endogenous plant hormone levels and vegetation distributions,
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and its underlying mechanism. Our study could help elucidate the underlying mechanism
of fragment structure and provide a basis for the development of planning strategies for
the conservation of these forest fragments.

2. Materials and Methods

This study was carried out in Guangzhou City, South China (22°26'-23°56' N, 112°57'-
114°03’ E) within the most threatened region of the fengshui forests. The region is influenced
by a typical sub-tropical monsoon climate. The annual mean temperature is 21.8 °C, and the
annual precipitation is 1690 mm. Typhoons and thunderstorms occasionally damage trees
and the mild climate permits continuous vegetation growth throughout the year. In rural
areas of South China, sub-tropical forest fragments can be found near local villages. These
remnants are called fengshui forests and have been protected by local residents. As a result,
these fragmented forests have retained features of the original vegetation and provide a
basis for testing the various theories of fragmentation in sub-tropical forests. Although
these fengshui forests occur near local villages, human disturbance has had no significant
effect on most of the community characteristics [34]. Certainly, such human-modified
landscapes offer an interesting opportunity to examine the potential effects of habitat loss
and fragmentation on AGB.

This study was carried out from September to December 2017. Three forest patches
were selected in this study. These three forest fragments share similar climatic and soil
conditions due to being very close in space (they are less than 10 km away from each
other), leading to relatively similar soil and plant community characteristics. Previous
research has shown that species turnover among these fragments is limited [34]. In the
present study, we established two 40 m x 40 m plots within each forest fragment. The
two plots are located in the forest core area and near the forest edge. All trees with DBH
greater than 1 cm were identified and DBH was recorded within all plots. Tree species
were identified by an experienced field botanist. Plant community characteristics (species
richness, abundance, number of individuals within different DBH ranges, and basal area)
were estimated according to the data from field censuses.

The forest floor biomass includes woody debris and surface litter in this study. Three
randomly distributed 2 m x 2 m subplots were established within every plot. The fresh
weight of debris and litter was obtained by using an electronic balance. In order to calculate
the ratio between fresh and dry mass, subsamples of the debris and litter were then
transported back to the lab and oven dried at 80 °C until constant weight.

Tree AGB was estimated using the allometric equation developed by Wen [35] for
sub-tropical mixed forests in Dinghushan Nature Reserve not far away from these forest
fragments:

TAGB =a x DBHP (1)

where a and b are statistical parameters (see Table S1 for equations and summary statistics).
TAGB was the sum of the dry weight of trunks, branches, leaves, and roots. This model
has been successfully applied to estimate tree biomass in sub-tropical forests located in
Dinghushan Nature Reserve [36]. Finally, AGB of each plot was calculated by summing
forest floor biomass and TAGB.

Wood samples were collected from randomly chosen individuals of seven tree species
within each plot (two or three replicates dependent on the abundance of per tree species;
Table 1). In order to obtain a 1 mm diameter core, an increment borer was applied at about
1.5 m high on the main stem of each individual. In addition, the litter of seven tree species
was collected within each plot with the assistance of an experienced field botanist. All
these samples were immediately placed into a liquid nitrogen tank (=80 °C) and then
transported to the laboratory and stored to minimize damage to the live tissue and changes
to ion concentrations. We determined endogenous hormone concentrations of IAA in wood
samples and ABA in litter using high-performance liquid chromatography (HPLC). IAA
and ABA content in these seven tree species within each plot represent the endogenous
hormone levels of each plot.
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Table 1. Seven common tree species were selected in each plot within three forest patches.

No. Species Shade Tolerance
1 Castanopsis chinensis Hance Light-demanding
2 Aleurites moluccanus (L.) Willd. Light-demanding
3 Cryptocarya concinna Hance Mid-tolerant
4 Syzygium rehderianum Merr. et Perry Light-demanding
5 Schima superba Gardn. et Champ Mid-tolerant
6 Carallia brachiata (Lour.) Merr. Shade-tolerant
7 Gironniera subaequalis Planch Mid-tolerant

Statistical analysis was performed using SPSS 20.0. Before statistical analysis, all data
were tested for normality using the Shapiro-Wilk test and for homoscedasticity using the
Levene test. Results were represented as the mean =+ standard error. Differences among
means of IAA and ABA concentration between forest edges and interiors were analyzed
with one-way ANOVA tests. The statistical significance of the difference between means
was determined with Duncan’s new multiple range test. Pearson correlation analysis was
also conducted in this study.

3. Results
3.1. Vegetation Distribution in Fragments

Both basal area and stem density were significantly lower (p < 0.05) near forest edges
than in interior plots, respectively (Table 2). In addition, the number of stems within two
DBH ranges (DBH < 15 cm; 15-40 cm) was significantly lower in forest edge plots than
in forest interior plots. Smaller trees (individuals within 1-15 cm DBH range) had the
highest proportion in all forest fragments. However, both the number of individuals and
the percentage of larger trees (DBH > 40 cm) were higher near forest edges (191; 8.2%)
than in interior plots (153; 6.4%). Aboveground biomass (AGB) was significantly lower
near forest edges (80.6 Mg ha™!) than in the forest core area (143.2 Mg ha™!). In addition,
AGB of smaller trees and medium trees (DBH: 15-40 cm) were significantly lower in forest
edges than in forest interiors (p < 0.05). Although smaller trees had the largest stems, AGB
was highest in medium trees (38.5 Mg ha=1;77.9 Mg ha~1) and larger trees (33.2 Mg ha~1;
36.4 Mg ha~!) both in forest edges and interior within these studied plots (p < 0.05). In
addition, medium trees had the highest contribution to AGB storage in the studied plots
due to their relatively higher mean DBH and abundance.

Table 2. Community characteristics of fragmented forests from edge to interior plots.

Classification Edge Plots Interior Plots
Aboveground biomass (Mg ha—1) 80.6 £12.22 1432 +11.9°
Stem density 1735 £2152 2969 + 308 °
Basal area (m? ha™1) 30.0 £26° 525+ 14°
Stems N (DBH < 15 cm) 1421 £ 125° 2292 + 168 °
Stems N (DBH: 15-40 cm) 161 +69? 486 +112°
Stems N (DBH > 40 cm) 153 £21°2 191 £282
Stems AGB (DBH < 15 cm) 89+172 289 +23P
Stems AGB (DBH: 15-40 cm) 385+£52° 77.9 +5.4°
Stems AGB (DBH > 40 cm) 332+532 364+42°

Lowercase letters stand for significance between each row.

3.2. Endogenous Hormones Contents of IJAA and ABA

ABA concentrations in the leaf litter and IAA concentrations in the trunks of seven
tree species within six plots are shown in Figure 1. ABA and IAA concentrations of three
tree species differed within the studied plots. ABA concentrations in all these seven tree
species (Table 1), except for Castanopsis chinensis, were significantly lower in edge plots
than in interior plots. Mid-tolerant tree species had the highest ABA concentration in
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interior plots (Figure 1A). IAA concentrations of all these tree species, except for Gironniera
subaequalis, were significantly higher in edge plots than in interior plots. In addition, both
Gironniera subaequalis and Carallia brachiata had the highest IAA concentration in the studied
plots (Figure 1B). Further, IAA concentration differences were even larger between the tree
species (Castanopsis chinensis, Aleurites moluccanus, Cryptocarya concinna, and Schima superba)
than between the residual species. The ratios between IAA and ABA of these seven tree
species present a similar trend: values in edge plots were higher than those in interiors
plots (Figure 1C). Further, the ratios of two tree species (Gironniera subaequalis and Carallia
brachiata) were the largest both in forest edge and interior in the present study.
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Figure 1. The concentration of endogenous hormones and their ratios in seven common species in
edge (EP) and interior plots (IP). (A) The concentration of ABA in litter falls; (B) The concentration
of TAA in tree trunks; (C) The ratios of IAA to ABA in 7 common tree species. Number 1 stands
for Castanopsis chinensis Hance; 2 stands for Aleurites moluccanus (L.) Willd.; 3 stands for Cryptocarya
concinna Hance; 4 stands for Syzygium rehderianum Merr. et Perry; 5 stands for Schima superba Gardn.
et Champ; 6 stands for Carallia brachiata (Lour.) Merr.; 7 stands for Gironniera subaequalis Planch.

3.3. Relationships between AGB and Endogenous Hormones Level

The relationships between AGB and endogenous hormones are shown in Figure 2.
In the present study, AGB was significantly positively correlated with mean ABA concen-
tration among six dominant tree species (except Castanopsis chinensis). In addition, the
gradients of four tree species (Aleurites moluccanus, Syzygium rehderianum, Carallia brachi-
ate, Gironniera subaequalis) were even higher than the last two species, which indicated
that slight changes in ABA may cause large fluctuations in AGB (Figure 2A). Mean IAA
concentrations of six tree species (except Gironniera subaequalis) had significant negative rela-
tionships with AGB regardless of plot type (edge or interior) (Figure 2B). In addition, higher
IAA:ABA ratios were significantly correlated with lower AGB in these forest fragments
(Figure 2C).
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Figure 2. The relationships between aboveground biomass and the concentration of endoge-
nous hormones. (A) Relationship between aboveground biomass and the concentration of ABA;
(B) relationship between aboveground biomass and the concentration of IAA; (C) relationship be-
tween aboveground biomass and the IAA:ABA ratio. Red stands for Castanopsis chinensis Hance;
yellow stands for Aleurites moluccanus (L.) Willd.; Black stands for Cryptocarya concinna Hance; Green
stands for Syzygium rehderianum Merr. et Perry; Blue stands for Schima superba Gardn. et Champ;
Grey stands for Carallia brachiata (Lour.) Merr.; Orange stands for Gironniera subaequalis Planch.

4. Discussion

In this study, the patterns of aboveground biomass storage and endogenous hormone
concentrations of seven dominant tree species were studied. Three fragmented forests
were significantly affected by edge effects, and their AGB ranges were 80.6-143.2 Mg ha™!
(Table 2). In addition, endogenous hormone concentrations were also significantly affected
by forest edges (Figure 2). Compared with intact forests, fragmented forests showed a
higher proportion of habitat edges exposed to other habitats, resulting in a higher probabil-
ity of edge effects according to previous studies [21,33]. Furthermore, the forest edge can be
regarded as a buffer zone, and the ecological conditions gradually change within a certain
distance, which has a significant impact on AGB. Edge effects are among the primary
mechanisms by which forest fragmentation can influence the link between biodiversity and
ecosystem processes [21,29].

Habitat fragmentation and the consequent establishment of permanent forest edges
reduce forest capacity for AGB because forest edges retain only one-third as much biomass
as forest interior habitat according to former studies [37]. In the present study, AGB
storage near forest edges contributes about 36.0% to the total AGB (Table 2). Our study
fragments are consistent in size with previous studies, and we also found that the changes
in community structure along fragment transects were consistent with knowledge of forest
edge effects. The higher basal areas in the forest interior suggest that AGB in the forest
interior could contain more biomass, were it not for the edge effects [38]. In this study, the
AGB storage within different DBH ranges was also significantly affected by forest edge.
In addition, AGB storage within different DBH ranges differed within different types of
plots (edge plots and interior plots). Larger trees (DBH > 40 cm) accounted for a greater
proportion of all trees at the forest edge than in the interior (Table 2), where the mean basal
area of individual trees was lower than at the forest edge habitat. However, in contrast to
our results, other studies have reported that tree density at forest edges generally exceeds
that in the interior [39]. Our results suggested that AGB reduction in edge-affected habitats
results from reduced larger tree individuals together with insufficiency of biomass make
up by residual trees (Table 2). Furthermore, larger trees are likely particularly important
for maintaining AGB at the forest edge, as we observed little changes in the amount of
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AGB held in smaller trees at forest edges in these fragments. Therefore, any impacts
on larger trees, either by global change or other disturbances that affect the abundance
and persistence of these large stems, are therefore likely to have a major impact on forest
AGB [40]. Our results agreed with other tropical forest studies, wherein the lower number
of large and medium emergent trees near the forest edges is a major contributor to the loss
of AGB [41,42].

AGB is an important ecosystem function altered by edge effects, with implications for
the management of micro-environmental conditions in forest fragments [22]. The estab-
lishment of forest edges during fragmentation and the ensuing alteration in microclimate
affect plant populations [4]. We observed a significant increase in the proportion of larger
trees with proximity to fragment edges, likely a consequence of increased temperature and
light availability. Higher biomass storage is predicted at the edge compared to the interior
as a result of increased productivity resulting from increased sunlight and temperature at
the forest edge. Edges expose organisms to dry, windy, high-light conditions that differ
considerably from the dark, humid forest interior [43]. Elevated wind stress in fragmented
forests is widely reported and has been proposed as a likely factor in reducing AGB in
fragmented forests. In addition, the relaxing of competition for light as a result of lower
stem density, more open canopies, and increased lateral light penetration from habitat
edges might further reduce AGB in fragments [44]. Moreover, forest edges were dominated
by shade-intolerant, fast-growing pioneer species, as compared to the more shade-tolerant
maple, ironwood, and elm species that dominated the fragment interiors according to
former studies [45]. Barros [17] reported that fragment edges had greater exposure to
harsh winds compared to the forest interior, directly increasing tree mortality. As a result,
there is increased biomass loss due to the mortality of large trees [27,35]. This might be an
explanation for our result that plants in edge plots experience a relaxing of competition for
light and have decreased biomass density.

The present study has focused specifically on the ways in which edge effects can alter
the link between endogenous hormones and ecosystem functions occurring within sub-
tropical forest fragments. As sessile organisms, plants have evolved mechanisms allowing
them to control their growth and development in response to environmental changes [46].
As a primary source of energy, light is one of the most important environmental factors for
plant growth [17]. The number of stems within interior plots was significantly higher than
that in edge plots in the present study (Table 2). Distances between two adjacent plants are
reduced, creating changes in environmental factors [47]. Moreover, the distance and size of
neighboring plants determine the type of stress the plant will suffer. If a plant is exposed to
intense neighboring shade, it will receive limited light input, but in open areas, it is more
likely to be exposed to heat and oxidative stress caused by the high radiation load [20].
Competition for light determines the success of individual plants in dense vegetation, and
the presence of neighbors is an important environmental factor inhibiting plant growth [45].
It is well known that ABA is an essential mediator in triggering the plant responses to
many environmental stresses including shade [46]. Such analysis was already reported in
competition among Arabidopsis plants, suggesting the involvement of plant hormones in
responses to the presence of neighbors [47,48]. In the present study, higher stem density
was accompanied by higher ABA concentration in leaves in the interior areas of forest
patches, probably due to competition for light. Moreover, the inhibition of lettuce plant
growth under increased planting density was accompanied by the accumulation of ABA in
the shoots of competing plants [49]. These results confirm the important role of ABA in the
growth-inhibiting effect of increased planting density.

ABA concentration is closely related to IAA concentration according to former stud-
ies [15]. Vysotskaya et al. [49] suggested that ABA is involved in the allocation of TAA
in competing plants. Shkolnik-Inbar [50] reported the role of ABA accumulation in the
reduction of polar auxin transport and a resulting decrease in root auxin. Our results are
in accordance with theirs: concentration of ABA increased in leaves within interior plots,
accompanied by a decline in the concentration of IAA in trunks. Moreover, higher stem
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density leads to shade avoidance syndrome, which decreased the IAA content and auxin
polar transport [51,52]. The same results were observed in this study: the decline in the
proportion of larger trees (DBH > 40 cm) and simultaneous increase in stem density was
accompanied by a decrease in the concentration of IAA in leaves within interior plots.

It is thus not surprising that auxin has emerged as an important regulator of adaptive
growth responses to environmental stresses [53]. It was discovered that local auxin biosyn-
thesis maintains optimal plant growth in response to environmental signals, including light,
temperature, and humidity [54]. Auxin is one of the most important plant hormones me-
diating endogenous developmental signals and exogenous environmental cues to control
various plant growth and developmental responses [55]. Strong evidence for induced auxin
production are indications that auxin sensitivity is also increased in response to stress [56].
Light and temperature are arguably two of the most important signals regulating the
growth and development of plants [57]. Meanwhile, light and temperature patterns are
often correlated under natural plant growth conditions [58]. Islam [59] reported that light
quality is sensed by different photoreceptors in plants, which are involved in a wide range
of developmental processes, and IAA is an important determinant of shoot elongation in
poinsettia, as shown for a wide range of species. Earlier, it was generally believed that
drought results in a decrease in IAA content. At present, however, it became gradually clear
that the adaptation to drought is accompanied by an increase in the IAA content [60,61].
In our results, the higher concentration of IAA in plants at edge plots might result from
decreased soil moisture at the forest edges compared to the forest interior. Our results
are in accordance with the reports that higher auxin content in Arabidopsis might create
positive regulation of drought stress resistance [62]. However, the present study focuses
only on the AGB storage, endogenous hormones concentration, and its relationships within
the edge and interior plots in forest fragments. In the future, research will be carried out on
how endogenous hormones regulate the growth of trees to affect biomass storage under
the influence of forest fragmentation.

5. Conclusions

The distribution of AGB and its associated plant endogenous hormones were ana-
lyzed in three sub-tropical forest fragments in the present study. AGB and the number of
individuals were considerably reduced at forest edges, however, the proportion of larger
trees (DBH > 40 cm) increased near forest edges. In addition, it is evident from our work
that community characteristics change from forest edges to interiors. Plant endogenous
hormone concentrations were likely affected by edge effects due to micro-environmental
conditions. JAA and ABA decreased and increased from the forest edge to the interior,
respectively. Higher stem density was accompanied by higher ABA concentration in leaves
in the core areas of forest patches while IAA concentrations of woody species were higher
at edge plots. This study shows that the fragmentation of forests and thus the spread of
marginal habitats drastically reduces aboveground biomass storage, resulting from the
regulation of plant growth by endogenous hormones. The present study also provided
key data for the development and validation of AGB conditions in subtropical forests in
southern China.
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Abstract: Exploring the relationship between topography and forest multifunctionality enhances
understanding of the mechanisms maintaining forest multifunctionality and proves beneficial for
managing overall forest functions across different landscapes. Leveraging census data from a
20 ha subtropical forest plot, we investigated the topographic variations in individual functions,
multifunctionality, and their interrelationships. Our results revealed that relative to lower elevations,
higher elevations had higher woody productivity, sapling growth, and recruitment that drove higher
average forest multifunctionality (FMA). However, forest multifunctionality at the 50% threshold level
(EMt50) had no significant difference between high and low elevations. Compared with the valley and
slope, higher woody productivity, higher sapling recruitment, and higher soil organic carbon stock
drove higher forest multifunctionality (FMA and FMt50) in the ridge. These results indicate the ridge
serves as a forest multifunctionality “hotspot” within the Tiantong 20 hm? plot. Additionally, relative
to the low elevation, the degree of synergy among functions at the high elevation was significantly
lower, indicating difficulties in attaining high forest multifunctionality at the high elevation. Our
work underscores the importance of topography in regulating subtropical forest multifunctionality
and relationships between forest functions at a local scale, suggesting that future forest management
strategies (such as regulating synergistic or trade-off relationships between functions) should give
particular attention to topographic conditions.

Keywords: topography; forest multifunctionality; multiple individual functions; synergistic or
trade-off relationships between functions

1. Introduction

Ecosystem functions refer to properties and processes of an ecosystem, such as ecosys-
tem matter and energy cycles, that have a specific function within the ecosystem [1,2].
Ecosystem multifunctionality can be defined as the capacity of an ecosystem to fulfill
multiple functions simultaneously [3-8]. The individual functions of ecosystems, such
as biomass, productivity, or soil carbon stock, exhibit spatial variability or heterogeneity
due to the influence of environmental factors [9-11]. In mountainous regions, topography
serves as a reliable indicator of local habitat conditions, including temperature and humid-
ity, and significantly influences light availability, hydrology, and soil development. As a
result, topography gives rise to diverse forest communities with distinct properties, thereby
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contributing to variations in individual ecosystem functions [12-15]. However, limited re-
search has explored how ecosystem multifunctionality varies across different topographies.
Understanding such variations is crucial for comprehending ecological processes wherein
multiple functions are influenced by topography and for implementing effective ecosystem
management strategies aimed at maximizing overall multifunctionality [16].

Ecosystem multifunctionality involves the consideration of numerous functions, but
equally important is understanding the relationships between these functions. The trade-
offs or synergies between functions play a pivotal role in achieving a high level of forest
multifunctionality [5,17,18]. These relationships not only shape how ecosystem multifunc-
tionality is evaluated but also directly impact the sustainability of multiple ecosystem
functions [19]. In the short term, topography presents the most challenging environmental
factor to alter, with the exception of geological disasters such as debris flows [20]. Hence,
identifying topographic variations in the trade-offs or synergies between functions holds
meaningful practical implications. In forest management, achieving high levels of forest
performance and sustainability, especially in complex topographies, entails adjusting the
relationships between multiple functions based on topographic conditions [21,22].

Subtropical forests, which often feature complex topography, encompass a quarter
of China’s land area [23,24], holding significant ecological importance. These forests are
among the world’s most productive ecosystems, playing crucial roles in regulating global
and regional climates and biogeochemical cycles [25-27]. Additionally, the forests provide
essential services like wood production and non-wood products, directly impacting hu-
man livelihoods. However, with the onset of global climate change and increased human
activities such as land use and industrialization, subtropical evergreen broad-leaved forests
face mounting pressure [28], leading to a gradual decline in their service functions. Despite
recognizing the significance of subtropical evergreen broad-leaved forests, the topographic
variations in their multifunctionality remain unclear, posing challenges to effectively en-
hancing forest multifunctionality across diverse topographic conditions during restoration
or reconstruction efforts in subtropical regions. Thus, our study aims to investigate the
correlation between topography and forest multifunctionality in an old-growth subtropical
forest system. Our objectives include (1) quantifying topographic variations in individual
forest functions; (2) analyzing topographic variations in forest multifunctionality; and (3) ex-
ploring topographic variations in the trade-offs and synergies between forest functions.
This research endeavors to provide valuable insights into subtropical forest restoration and
management practices.

2. Materials and Methods
2.1. Study Site and 20 hm? Permanent Forest Plot

We conducted our study in Tiantong National Forest Park (Figure 1;29°48' N, 121°47' E),
situated in a typical subtropical monsoon climate zone. This climate is distinguished by
hot and rainy summers and cold and dry winters. The area experiences a mean annual
precipitation of 1374.7 mm and a mean annual temperature of 16.2 °C [29]. The soil types
vary in texture from sandy to silty clay loam, with soil pH ranging from 4.4 to 5.1 [30].

Our sampling was carried out within a 20 hm? (500 m x 400 m) permanent forest
plot, referred to as the Tiantong plot, established in 2010 within the core area of Tiantong
Park. This area is designated as a temple fengshui forest and features a typical subtropical
evergreen broad-leaved forest vegetation type, characterized by a mature plant community
with a complex structure [31]. Dominant plant families include Theaceae, Lauraceae, and
Fagaceae [31]. Following a standardized field protocol [31,32], trees and shrubs with a stem
diameter at breast height (DBH) of >1 cm were counted. Individuals with DBH > 5 cm
were measured with a diameter tape, while individuals with 1 ecm < DBH < 5 cm were
measured with a digital vernier caliper. In the initial census conducted in 2010, a total of
94,603 individuals with DBH > 1 cm were identified, representing 152 species, 94 genera,
and 51 families. The second census of the plot took place in 2015. Between the two censuses,
researchers recorded 27,837 surviving trees with DBH > 5 cm, 85,704 surviving individuals

82



Forests 2024, 15, 1032

with 1 cm < DBH < 5 cm, and 58,547 newly recruited individuals whose DBH did not reach
1 cm in the first census but reached 1 cm in the re-census.

N

A

118°E 119°E 120°E 121°E 122°E 123°E

Figure 1. Location of the study site in Tiantong National Forest Park, Zhejiang Province, China.

Furthermore, the plot has a complex topography [31,33], with an elevation difference
of nearly 300 m. The highest elevation is 602.89 m, and the lowest elevation is 304.26 m.
The plot features two prominent ridges that span from south to north, resulting in a general
elevation gradient from high in the north to low in the south, primarily oriented towards
the southeast slope. According to the standardized method of Condit et al. (1998), we
partitioned the 20 hm? plot into 500 subplots (20 x 20 m). The elevations of each subplot
were determined by obtaining the average of the four corner elevations using a total station
instrument. Subsequently, the slope and convexity of each subplot were calculated based
on the elevation data [34,35].

2.2. Topography Classification

Wang et al. (2023) found that the slope did not affect forest multifunctionality in this
plot due to the slope being large overall [33]. Thus, we analyzed the topographic variation
in ecosystem multifunctionality in two scenarios. In the first scenario, topography classifica-
tion was based on elevation. Subplots with elevations higher than the mean elevation of the
Tiantong plot were categorized as high elevation, while those with elevations lower than
the mean were classified as low elevation [36]. In the second scenario, topography classifi-
cation was based on convexity using the multivariate regression tree [14,36]. Subplots were
divided into three topographic categories: valley (convexity < —2), ridge (convexity > 2),
and slope (—2 < convexity < 2).

2.3. Quantification of FM

The forest multifunctionality (FM) was assessed based on eight forest functions encom-
passing aspects of production, regeneration, nutrient cycling, and carbon stock [3,37]. These
functions included aboveground biomass (AGB), woody productivity (Pro), litter produc-
tion (Lit), sapling growth (Gro), sapling recruitment (Rec), soil nitrogen stock (SNstock), soil
phosphorus stock (SPstock), and soil organic carbon stock (SOCstock).To estimate AGB, we
used a general allometric equation [38], adjusted for site-specific environment stress factors,
species’ wood density (p, g-cm~3), and tree DBH (cm). This equation has been validated
by previous studies to reliably predict biomass in trees and shrubs within this site [39,40].
AGB was then calculated as the biomass of all trees with DBH > 5 cm. Pro was determined
as the mean annual AGB increments between 2010 and 2015 [41,42]. For litter production
estimation, 187 traps were deployed in the 20 hm? plot at a spacing of >28.8 m in a relatively
regular pattern in August 2008 [43]. Litter was collected from these traps twice per month,
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and litter production was quantified using data from January 2011 to December 2018. Gro
was quantified by assessing the growth of trees with DBH ranging from 1 cm to 5 cm [3,16].
Similarly, Rec was determined by identifying saplings with DBH less than 1 cm in 2010 that
exceeded 1 cm in the re-census conducted in 2015 [44,45]. SOCstock was estimated for the
0-10 cm soil layer [46—48] and calculated using measurements of soil organic carbon, soil
bulk density, and soil sampling depth [49]. Similarly, SNstock and SPstock were expressed
as nitrogen and phosphorus stock in the 0-10 cm soil layer [46,50]. After the removal of
missing data and obvious outliers, our analysis focused on 166 subplots with litter traps
positioned at their centers.

To quantify SOCstock, SNstock, and SPstock, we collected soil samples in 2011. Within
each of the 500 subplots (20 x 20 m), soil sampling was conducted by collecting a sample
from the southwest corner and two additional samples positioned at random compass
directions, either 2m, 5m, or 8 m away [51]. This sampling strategy ensured comprehensive
coverage of the entire plot, resulting in a total of 1292 soil samples collected. SOC content
was determined using the potassium dichromate oxidation (K,Cr,O7-H;SO4) method,
while soil nitrogen (TN) was quantified using an Elemental Analyzer (vario MICRO cube,
Elementar). Soil phosphorus (TP) levels were estimated using a flow-injection autoanalyzer
(Skalar, The Netherlands), and soil bulk density was assessed using volumetric rings
obtained during soil sample collection [47,52,53]. For the 166 subplots mentioned earlier,
the actual soil conditions of each subplot were calculated using a standard block kriging
approach based on the dataset of 1292 soil samples.

For the quantification of FM, we applied two widely used approaches: averaging
and single threshold [5,54]. Integrating these methods allows for a more comprehensive
understanding of FM due to their distinct strengths and weaknesses [33,55-57]. In the
averaging approach, each individual ecosystem function was first standardized using Z-
scores. Subsequently, the standardized Z-score variables of the eight forest functions were
averaged, following the method outlined by Maestre et al. (2012) [58]. In the threshold-
based index of multifunctionality, FM was determined by counting the number of ecosystem
functions exceeding a predefined threshold [5]. Since there is no universal criterion for
defining when an ecosystem function is functional, a 50% threshold, analogous to EC50 in
ecotoxicology, was recommended [59]. EC50 represents the concentration that elicits a 50%
maximum effect. Therefore, the eight forest functions mentioned earlier were initially scaled
to values between 0 and 1 using the formula f(x) = (x — min(x)) / (max(x) — min(x)) [60].
Subsequently, the threshold value of 50% was applied to calculate FM in this study. For
further details, refer to the works of Byrnes et al. (2014) and Wang et al. (2023) [5,33].

2.4. Statistical Analyses

All analyses were conducted in R 3.4.3 [61]. In this study, a non-parametric test was
used to compare whether there were significant differences in individual forest functions
and forest multifunctionality across different topographies. Pairwise Pearson correlations
between forest functions were calculated as the relationships between functions. The
cortest.jennrich function [62] in the psych package was employed to conduct a chi-square
test, determining whether the correlation matrices (representing the overall degree of syner-
gies or trade-offs between multiple functions) in different topographies exhibited significant
differences. A significance level of p < 0.05 was used, indicating significant differences in
overall synergies or trade-offs between multiple functions. Additionally, Fisher’s test was
conducted using the cocor function in the cocor package to assess significant differences
between each pair of functions in different topographies [7,63]. A significance level of
p < 0.05 in Fisher’s test indicated significant differences between the two correlations.

3. Results
3.1. Topographic Variation in Individual Forest Functions

In the Tiantong plot, the average values of AGB, Pro, Lit, Gro, Rec, SNstock, SP-
stock, and SOCstock were 79.22 Mg/hm?, 1.82 Mg/hm?, 6.0 Mg/hm?, 2180.32 cm?/hm?,
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545.72 stems/hm?, 2.59 Mg/hm?, 0.22 Mg/hm?, and 37.16 Mg/hm?, respectively (Table 1).
Correspondingly, the coefficients of variation among different subplots were 0.32, 0.43,
0.19, 0.53, 0.90, 0.30, 0.54, and 0.33, respectively, indicating considerable heterogeneity in
individual functions overall. In addition, the multiple individual functions varied with
topography (Figure 2). For example, the low elevation had visibly higher AGB, and the
ridge had visibly higher SPstock. Figure 2 also shows that where there is lower AGB, there
is more Gro and Rec. Where there is more Gro, there is more Rec. Subplots with higher
SNstock often had higher SOCstock.

Table 1. Eight forest functions in the Tiantong plot.

Forest Functions Mean Value Maximum Value Minimum Value Coefficient of Variance
AGB (Mg/hm?) 79.22 163.38 8.70 0.32
Pro (Mg/hm?) 1.82 5.22 0.29 0.43
Lit (Mg/hm?) 6.00 9.92 3.03 0.19
Gro (cm?/hm?) 2180.32 6040.16 350.55 0.53
Rec (stems/hm?2) 545.72 2605 50 0.90
SNstock (Mg/hm?) 2.59 4.88 1.12 0.30
SPstock (Mg/hm?) 0.22 0.63 0.06 0.54
SOCstock (Mg/hm?) 37.16 76.42 15.15 0.33

AGB, aboveground biomass; Pro, woody productivity; Lit, litter production; Gro, sapling growth; Rec, sapling
recruitment; SNstock, soil nitrogen stock; SPstock, soil phosphorus stock; SOCstock, soil organic carbon stock.
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Figure 2. Spatial distribution of eight forest functions in the Tiantong 20 hm? plot. Contour lines in
the map indicate elevation and the colors indicate biomass values. A, B, C, D, E, F, G, and H represent
the spatial distribution of AGB, Pro, Lit, Gro, Rec, SNstock, SPstock, and SOCstock, respectively.
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We compared the differences in eight forest functions between the low elevation and
the high elevation. AGB was significantly higher at the low elevation compared to the high
elevation (p < 0.05). However, other functions such as Pro, Gro, and Rec were significantly
lower at the low elevation (Figure 3). When considering the differences in eight forest
functions among valley, slope, and ridge, AGB was significantly higher on the ridge and
the slope compared to the valley. Additionally, Pro, Rec, and SOCstock were significantly
higher on the ridge compared to both the valley and the slope (Figure 4). Regarding Lit,
there was no significant difference between the ridge and the other two topographies, but
Lit on the slope was significantly higher than that in the valley. Gro was significantly
higher on the ridge than in the valley, while there was no significant difference in the slope
compared to either the valley or the ridge. SNstock in the valley was higher than that on
the slope, although there was no significant difference between the ridge and the other
two topographies. In terms of SPstock, the order was valley > slope > ridge.

o o o ——

150
I

] _ <
a:

1
b}

100
L

AGB
Pro

b

°
T
'
'
'

50
L

w
g
]

o o 4 .
T T T
Low elevation High elevation Low elevatlon High elevanon Low elevation High elevation
E — 8 ] ° o
' I o —_— o
S | N ' —_—
= ! i i i
° o ! b - ~ | I
1 — a 3 : x5 al al
° o i g 2 ai S o |
G 34 b! 4 ' 2
5] 4 »
11 | 2
. o — ~ 3 T
=] | S A i i '
S 4 ! I A I I i
= — i N —— e i —

T T T T
Low elevation  High elevation Low elevation  High elevation Low elevation  High elevation

1
o

|

==

T T T
Low elevation High elevation Low elevation High elevation

|

SOCstock
20 30 40 50 60 70
1

SPstock
|
o

|

0.1 02 03 04 05 06

Figure 3. Differences in eight forest functions between low elevation and high elevation. Different
lowercase letters indicate significant differences.

3.2. Topographic Variation in Forest Multifunctionality

In the Tiantong plot, FMA ranged from —0.96 to 1.19 while FMt50 ranged from 1 to 7
with a coefficient of variation of 0.35 (Figure 5). These results indicate spatial heterogeneity
in forest multifunctionality. The distribution of the FM index (FMA and FMt50) illustrates
variations in forest multifunctionality across different topographies. Specifically, compared
to higher elevations, lower elevations exhibited higher FMA values, although FMt50
showed no significant difference between the two elevations (Figure 6A). Furthermore,
when comparing valley, slope, and ridge, the ridge displayed higher FMA and FMt50
values (Figure 6B).
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Figure 5. Spatial distribution of forest multifunctionality in the Tiantong 20 hm? plot. Contour
lines in the map indicate elevation and the colors indicate forest multifunctionality values. A and
B represent the spatial distribution of FMA (averaged forest multifunctionality) and FMt50 (forest
multifunctionality at 50% threshold level), respectively.

3.3. Topographic Variation in Trade-Offs and Synergies between Functions

Compared to a high elevation, the mean value of relationships at a low elevation
is significantly higher (p < 0.05), indicating that the overall degree of synergies between
functions at a low elevation is significantly higher than that at a high elevation (Figure 7A).
Among the relationships, the correlation between AGB and SOCstock changed from a
synergistic relationship (r = 0.21) at a low elevation to a trade-off relationship (r = —0.12) at
a high elevation (Figure 7B). The correlation between SPstock and SOCstock also changed
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from a synergy (r = 0.21) at a low elevation to a trade-off correlation (r = —0.11) at a
high elevation. The correlation of soil N and P storage changed from a strong synergistic
relationship (r = 0.51) at a low elevation to a weak synergy at a high elevation (r = 0.12).
The correlation between Rec and SPstock changed from a weak trade-off at a low elevation
(r = —0.11) to a strong trade-off relationship at a high elevation (r = —0.4).
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Figure 6. Differences in forest multifunctionality among different topographies in two scenarios.
(A) Differences between low elevation and high elevation. (B) Differences among valley, slope and
ridge. Different lowercase letters indicate significant differences.

When considering the differences between the valley, slope, and ridge, the mean value
of relationships between functions in the ridge was significantly lower than that in the
valley and the slope (Figure 8A). This indicates that the overall degree of synergies between
functions in the ridge was significantly lower than that in the valley and the slope (p < 0.05).
The trade-off degree between AGB and Gro in the ridge was stronger than that in the slope
(p < 0.05) and the valley (0.05 < p < 0.1), while there was no significant difference between
the valley and the slope (Figure 8B). The correlation between Pro and Lit was significantly
different in the valley and in the slope, which was a synergistic relationship (r = 0.22) and a
tradeoff relationship (r = —0.27), respectively. The correlation between Gro and SNstock
changed from a synergistic relationship in the ridge (r = 0.32) to a trade-off relationship
in the slope. The synergistic degree of SNstock and SOCstock (r = 0.64) in the ridge was
significantly lower than that in the two other topographies.
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correlations between functions between low elevation and high elevation. * p < 0.05, *** p < 0.001.
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Figure 8. Differences in the correlations between forest functions among valley, slope, and ridge.
(A) A comprehensive picture of Pearson correlations between pairs of forest functions among three
topographies. Red circles (+) mean synergies between pairs of forest functions, blue circles (—) mean
trade-offs, and the long horizontal line represents the mean value of the correlations between pairs
of functions. (B) Correlations between pairs of forest functions with significant differences among
the three topographies. The significant differences in (A,B) are based on the Chi-square test and
Fisher’s test, respectively. Different lowercase letters indicate significant differences in the correlations
between functions among different topographies. * p < 0.05.

4. Discussion
4.1. Effects of Topography on Individual Forest Functions and Forest Multifunctionality

The occurrence of multiple individual functions and forest multifunctionality varied
with topography. On the one hand, topography significantly influences the distribution and
intensity of typhoons [12,14]. Previous studies have highlighted the frequent occurrence of
typhoons in the study area, with their impact being notably more pronounced at higher
elevations compared to lowlands [14,64]. The strong winds associated with typhoons
directly constrained tree height and biomass [65] at higher elevations, resulting in simpler
community structures and lower biomass. On the other hand, topography also played a
role in redistributing the intensity of snow and ice disasters, with high elevations experi-
encing greater intensity of occasional snow and ice disasters [66]. For instance, the snow
and ice disaster in southern China in 2008 had a significant impact on this plot, leading to
increased forest gap density and gap fraction at higher elevations. Additionally, as elevation
increased, temperatures decreased and ultraviolet radiation intensified [67], contributing

90



Forests 2024, 15, 1032

to lower aboveground biomass and increased intra-forest light availability at higher el-
evations [68]. This increased light availability significantly promoted tree growth in the
Tiantong plot [69]. Consequently, woody productivity, sapling growth, and recruitment
were significantly higher at higher elevations compared to lower elevations, consistent with
previous findings [70]. To adapt to the environment characterized by frequent typhoon
disturbances, plant communities exhibited traits such as high growth rates, recruitment
rates, and biomass turnover [70]. Overall, higher productivity, sapling growth, and sapling
recruitment at high elevations drove higher FMA, but the results showed that FMt50 has
no difference between the high elevation and the low elevation.

In this plot, valleys were more susceptible to flooding, river formation, and small-scale
landslides [71], which reduced the living space available for plants. These disturbances,
coupled with the thin soil layer, resulted in significantly lower AGB, reduced Pro, and
hindered regeneration (Rec and Gro) in the valleys. However, in terms of SPstock, the order
was valley > slope > ridge. This could be attributed to differences in community species
composition among the different topographies. In valleys, small-scale landslides often led
to the formation of forest gaps, which favored the survival of deciduous species. Decid-
uous species, with their higher leaf nutrient content, primarily rely on external nutrient
cycling, contributing to decomposition and turnover, thus, benefiting the accumulation
of soil nitrogen and phosphorus [72,73]. In turn, it also resulted in higher SNstock in the
valley than that in the slope. Previous studies have demonstrated that natural ecosystems
possess an inherent ability to accumulate nitrogen for carbon fixation [74]. The higher SOC
accumulation in the ridge may coincide with increased soil nitrogen accumulation, placing
SNstock levels between those of the valley and the slope. Overall, compared to the valley
and the slope, we observed that higher Pro, Rec, and SOCstock contribute to higher forest
multifunctionality index (FMA and FMt50) values in the ridge, designating it as a forest
multifunctionality “hotspot” in the Tiantong plot. These results highlight the significance
of topography as a key driver of forest multifunctionality in this plot, influencing tree
composition and ecosystem processes.

4.2. Effects of Topography on Trade-Offs and Synergies between Functions

The overall degree of synergies between functions at high elevations is significantly
lower than that at low elevations. For specific pairs of functions, the synergistic degree
of the four pairs with significant changes is notably lower at high elevations, indicating
a higher degree of trade-offs. This suggests that achieving high forest multifunctionality
is more challenging at high elevations, potentially indicating that plant communities in
stressed environments adopt more trade-off functional strategies, consistent with previous
studies [75]. Scientists have observed that under water stress, plants develop more and
longer roots to access water and accumulate more underground biomass, resulting in
a greater trade-off between AGB and SOCstock [75,76]. Similarly, the greater trade-off
observed between AGB and SOCstock in our study site’s high elevation may be attributed
to plants allocating more resources to the underground part to enhance resistance to strong
typhoons, possibly leading to a decrease in AGB [77,78]. Additionally, the simpler forest
structure at high elevations may contribute to weaker synergies between functions. Pre-
vious studies in this plot have demonstrated that structural diversity promotes multiple
functions simultaneously and strengthens synergies between functions [33,79]. This sug-
gests that forest management strategies should focus on regulating forest structure to build
multifunctional forests.

The overall degree of synergies between functions in the ridge is significantly lower
than in the valley and the slope. Regarding specific pairs of functions, there is no consis-
tency observed from the ridge to the valley or the slope; some synergies weaken while
others strengthen. The stronger trade-offs between AGB and Gro and the weaker synergy
between SNstock and SPstock contribute to the lower overall synergies between functions
in the ridge. The strong trade-off between AGB and Gro may be attributed to smaller
forest gaps and higher canopy density in the ridge [14], where longer periods of photo-
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synthetically active radiation [68] and lower intensity of water interference may benefit
tree survival. Species composition also plays a role in regulating multiple ecosystem func-
tions in forests [80]. Different species adapt to specific topography and thrive in it [81,82].
Therefore, topography can indirectly regulate the synergistic and trade-off relationships
between functions by influencing species composition [79]. Our results suggest that forest
management should prioritize topographic conditions. It is essential to consider differ-
ent functions in various topographies and regulate the relationships between functions
according to these conditions.

5. Conclusions

Our study demonstrates the critical role of topography in ecosystem multifunctionality
within an old-growth subtropical evergreen broad-leaved forest. Topography not only
influences the level of forest multifunctionality but also shapes the synergistic and trade-off
relationships between functions. Our findings highlight the importance of considering
topographic conditions in forest ecosystem management such as regulating the synergies
and trade-offs between functions.
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Abstract: Land-use change has a great impact on regional ecosystem balance and carbon storage, so
it is of great significance to study future land-use types and carbon storage in a region to optimize the
regional land-use structure. Based on the existing land-use data and the different scenarios of the
shared socioeconomic pathway and the representative concentration pathway (SSP-RCP) provided
by CMIP6, this study used the PLUS model to predict future land use and the InVEST model to
predict the carbon storage in the study area in the historical period and under different scenarios
in the future. The results show the following: (1) The change in land use will lead to a change in
carbon storage. From 2000 to 2020, the conversion of cultivated land to construction land was the
main transfer type, which was also an important reason for the decrease in regional carbon storage.
(2) Under the three scenarios, the SSP126 scenario has the smallest share of arable land area, while this
scenario has the largest share of woodland and grassland land area, and none of the three scenarios
shows a significant decrease in woodland area. (3) From 2020 to 2050, the carbon stocks in the
study area under the three scenarios, SSP126, SSP245, and SSP585, all show different degrees of
decline, decreasing to 36,405.0204 x 10* t, 36,251.4402 x 10* t, and 36,190.4066 x 10* t, respectively.
Restricting the conversion of land with a high carbon storage capacity to land with a low carbon
storage capacity is conducive to the benign development of regional carbon storage. This study can
provide a reference for the adjustment and management of future land-use structures in the region.

Keywords: land-use change; carbon stocks; CMIP6; PLUS model; InNVEST model

1. Introduction

Since the second industrial revolution, a large amount of greenhouse gases, mainly
carbon dioxide, have been emitted, resulting in rising global temperatures and frequent
extreme weather [1-3]. Since China’s reform and opening up, China’s economy has devel-
oped rapidly, the proportion of construction land has risen rapidly, and China’s carbon
emissions have reached first place in the world [4]. In the face of common global challenges,
General Secretary Xi Jinping made an important speech at the 75th session of the United
Nations General Assembly on the carbon peak in 2030 and carbon neutrality in 2060 [5].
The process of the carbon cycle in terrestrial ecosystems is often accompanied by carbon
exchange, and land-use change is the main factor affecting regional carbon balance [6].
Studying the intrinsic relationship between carbon storage and land use can provide a
reference for regional development and even increase regional carbon storage under the
premise of ensuring economic development.

The traditional methods of carbon storage assessment have shortcomings in research
scale, temporal and spatial changes in carbon storage, and visual expression. Moreover, the
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operation is complex and costly, and it is not suitable for large-scale carbon storage research,
such as the biomass method, accumulation method, and field sampling method [7,8]. In
recent years, INVEST has attracted the attention of scholars due to its simple parameters,
small amount of data required, and high accuracy [9]. The InVEST model is a model
developed by Stanford University in the United States, which can be applied to quantify
ecosystem services [10]. Many scholars at home and abroad use the carbon storage plate in
the InVEST model to predict carbon storage. For example, Tadese and Rajbanshi studied the
relationship between land-use change and carbon storage in the Majang Forest Biosphere
Reserve and the Konar catchment, India, respectively [11,12]. Xie [13], Wang [14], and
Qing [15] estimated carbon storage and predicted different scenarios for the Huaihai
Economic Zone, the Hubao and Yuyu urban agglomeration, and the Shihezi River Basin,
respectively. Some scholars use land-use simulation models such as Dyna-CLUE, FLUS,
CA-Markov, and other land-use simulation models coupled with InVEST models to predict
future carbon stocks. Although the above methods can well simulate future land-use
changes, they cannot find out the potential driving factors of land-use changes and the
evolution of patches [8,16]. On the basis of these shortcomings, Liang [17] and other
scholars proposed the PLUS model, which can improve the mining of transformation rules
and the lack of landscape dynamic simulation and obtain higher simulation accuracy and
more realistic landscape pattern indicators. At present, many scholars have coupled the
InVEST and PLUS models to estimate and predict carbon stocks at provincial levels [18-20]
and in urban agglomerations [21,22], cities [23,24], and counties [25]. At present, in the
scenario provided by CMIP6, there are relatively few studies coupling the InVEST and
PLUS models for research on basin. Therefore, this paper takes the Yiluo River Basin as the
research object to evaluate the relationship between regional land-use change and carbon
stock change.

The Yiluo River, composed of the Yi River and the Luo River, is one of the ten major
tributaries of the Yellow River, and the Yellow River Basin is an indispensable ecological
barrier in China [26,27]. In this paper, the PLUS model and InVEST model are coupled
to simulate the prediction of carbon stocks in the study area for different periods in the
future based on different scenarios provided by CMIP6. In this paper, the land-use change
regulation between 2010 and 2020 is used to simulate and predict the land-use status of the
study area in 2030, 2040, and 2050. Based on The InVEST model, this paper explores the
relationship between land-use change and regional carbon storage in the Yiluo River Basin
in different periods. It is expected to point out the trend of carbon stock changes in the
basin in recent years and provide a reference for the future development of surrounding
cities so as to promote the benign development of carbon storage in the basin.

2. Data Sources and Methodology
2.1. Overview of the Study Area

The Yiluo River Basin originates in Luanchuan County at the southern foot of the
Xiong’er Mountain, with a total length of 974 km, passing through Shaanxi Province and
Henan Province and mainly flowing through Shangluo City, Sanmenxia City, and Luoyang
City. Most of them belong to the Henan boundary, of which the Luoyang section accounts
for approximately 59.73% of the total area (Figure 1). The Yiluo River Basin covers an area of
approximately 18,881 km?, located between 109°43'~113°11’ E longitude and 33°39'~34°54' N
latitude, and it is located in the transition zone of the second and third tiers in China, with
various landform types. The overall trend of the region is low in the east and high in the
west, high in the north and south, and low in the middle. The region belongs to the warm
temperate continental monsoon climate, summer and autumn are hot and rainy, and spring
and winter are cold and dry [28]. The region is rich in mineral resources, and a series of
enterprises such as mineral mining, processing, and transportation have been formed in
the basin, which play a supporting role in local development.
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Figure 1. Overview of the Yiluo River Basin.

2.2. Data Sources

The 30 m land-use type, night light, population, GDP, and DEM data required for
this study from 2000 to 2020 were obtained from the Resource and Environmental Sci-
ence and Data Center of the Chinese Academy of Sciences (https://www.resdc.cn/ (ac-
cessed on 18 September 2023)). Road and town data were sourced from OpenStreetMap
(https:/ /www.openhistoricalmap.org/ (accessed on 20 September 2023)). Land-use data
from 2030 to 2050 were sourced from the Global 0.25° x 0.25° Land-Use Harmonization
(LUH2) dataset (https:/ /luh.umd.edu/data.shtml (accessed on 23 September 2023)). Soil-
root oxygen content data were sourced from the Harmonized World Soil Database (HWSD)
(http:/ /webarchive.iiasa.ac.at/Research/LUC/External-World-soil-database/ (accessed
on 27 September 2023)). On the basis of the original data, ArcGIS was used to process the
original data to ensure that the coordinate system was unified (Krasovsky_1940_Albers),
the number of rows and columns was unified, and the accuracy of the land-use raster data
was unified to 100 m x 100 m (Table 1).

Table 1. Sources of data.

Data Type Data Name Data Source

Night lights The Resource and Environmental Science and Data Center of Chinese Academy of Sciences
Social factors Population The Resource and Environmental Science and Data Center of Chinese Academy of Sciences
GDP The Resource and Environmental Science and Data Center of Chinese Academy of Sciences

Railway OpenStreetMap

Expressway OpenStreetMap

. National highway OpenStreetMap

. Provincial highway OpenStreetMap

Town OpenStreetMap

City OpenStreetMap

Land-use data 2000-2020
Land-use data 2030-2050
Soil-root oxygen content

Natural factors

Slope orientation

The Resource and Environmental Science and Data Center of Chinese Academy of Sciences
The Global 0.25° x 0.25° Land-Use Harmonization (LUH2) dataset
The Harmonized World Soil Database (HWSD)

Soil types The Resource and Environmental Science and Data Center of Chinese Academy of Sciences
DEM The Resource and Environmental Science and Data Center of Chinese Academy of Sciences
Slope Derived from extracting DEM data

Derived from extracting DEM data
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2.3. Research Method
2.3.1. PLUS Model

The PLUS model is a model that generates land-use change simulations at the patch
level and can better explore land-use drivers and sustainable landscape layouts. The PLUS
model includes the Land Expansion Analysis Strategy (LEAS) and the CA Model (CARS)
based on multi-type random plaque seeds [21,29]. Land expansion analysis strategy rule
mining is used to obtain the development probabilities of various types of land use by
extracting the parts of various types of land-use expansion in different time slices of land-
use change and using the random forest algorithm to excavate the relationship between
various types of land-use expansion and driving factors one by one. In the CA module,
the expansion probability of each type of land based on the LEAS model was input, and
the parameters of land-use conversion rules and domain weights were set to obtain the
prediction results. The conversion rules and domain weights used in the CA module were
set based on previous studies and the actual situation of the research area [30,31]. The
Kappa coefficient was calculated by comparing the predicted land-use type with the real
land-use type. If the Kappa coefficient was high, the land-use type under different scenarios
in the future could be predicted.

2.3.2. InVEST Model

The InVEST model includes modules for assessing habitat quality, water supply,
carbon stocks, and more [32]. In the assessment of carbon stocks, the carbon stocks in
the ecosystem are divided into four basic carbon pools: above-ground biochar (C,pope),
below-ground biochar (Cpjy), s0il carbon (Cs;;), and dead organic carbon (Cgpj). The
formula for calculating total carbon stocks is:

Ci = Ci_above T Ci—vetow + Ci—soit + Ci—dead

n
Crotali = y_;_, Ci X A;

In the formula, i is a certain land-use type; C; is the carbon density of land use in
category i; and C;_spove, Ci—pelows Ci—soit, and Ci_ geqq are the aboveground vegetation carbon
density (t-hm~2), belowground vegetation carbon density (t-hm~2), soil carbon density
(thm~2), and dead organic carbon density (t-hm~?2) of type i land-use types, respectively.
Ciotar is the total carbon stock of the ecosystem (t), A; is the area of the type i land-use type
(hm?), and # is the number of land-use types.

The method of determining carbon density data is to use the average annual tempera-
ture and average annual precipitation in the study area and the nearby areas, and according
to the carbon density correction formula, modify the carbon density of the nearby areas,
and then obtain the carbon density of the study area. In this paper, the carbon density of the
Yellow River Basin was selected to be corrected, and the average annual temperature and
precipitation of the Yiluo River Basin and the Yellow River Basin were 680.1 mm/449.4 mm
and 7.05 °C/13.1 °C, respectively [27,33]. The carbon density correction formula is [34-36]:

Csp = 3.3968 x P + 3996.1(R2 - 0.11)

Cpp = 6.7981¢0-00541P (R2 - 0.70)
Cpr = 28 x T +398(R? = 0.47, P < 0.01)

In the formula, C;p, is the soil carbon density (kg-m~2) obtained based on the average
annual precipitation, and Cp, and Cy; are the biomass carbon density (kg~m*2) obtained
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based on the average annual precipitation and average annual temperature, respectively. P
is the average annual precipitation (mm), and T is the average annual temperature (°C).

CI
BP

KBP = C//
BP

C/
BT
o
BT

Kp = Kpr x Kpp

!
_ —SP

KS - C’
SP

In the formula, Kgp and Kpr are the correction factors for the precipitation and temper-
ature factors of the biomass carbon density, respectively, and Cyp, and Cjy, are the biomass
carbon density data based on the average annual precipitation in the Yiluo River Basin
and the Yellow River Basin, respectively. Cj; and Cp are the biomass carbon density
data of Yiluo River Basin and Yellow River Basin based on average annual temperature,
respectively. Cfp and Cgp are the soil carbon density data of the Yiluo River Basin and
Yellow River Basin based on average annual temperature, respectively. Kz and Kg are the
correction coefficients of the biomass carbon density and the soil carbon density, respec-
tively. According to the calculated carbon density correction coefficient, the carbon density
data of the Yellow River Basin were corrected to obtain the carbon density data used in this
paper (Table 2).

Table 2. Carbon density data of the study area.

Table Cubove Cbelow Csoil Cdeud
Cultivated 221 104.9 36.0 12.7
Woodland 55.1 150.7 52.7 18.3
Grassland 459 1125 33.1 9.8

Water 0.4 0.0 0.0 0.0

Construction 33 35.8 0.0 0.0
Unused 1.7 0.0 7.2 0.0

3. Results and Analysis
3.1. Land-Use Change from 2000 to 2020

The construction land of the Yiluo River Basin is mainly concentrated in the northeast
of the region, that is, the urban area of Luoyang. The cultivated land is mainly distributed
in the relatively flat area in the lower reaches of the watershed, which envelops the urban
area of Luoyang. Grassland and woodland are mainly concentrated in the middle and
upper reaches of the watershed (Figure 2). From 2000 to 2010, 441.82 hectares of cultivated
land was transferred to construction land in the Yiluo River Basin, accounting for 83.89%
of the total amount of cultivated land transferred. The area of forest land and grassland
decreased, mainly due to the conversion to cultivated land, which was 38.52 hectares
and 69.06 hectares, respectively, and they accounted for 47.28% and 52.29% of the total
transfers, respectively. By 2010, the construction land increased by 351.25 hectares, and
the main reason for the increase was the encroachment of construction land on cultivated
land. In the decade from 2010 to 2020, the loss of cultivated land mainly went to forest
land and construction land, reaching 188.91 hectares and 210.51 hectares, respectively. At
this stage, the area of cultivated land converted into construction land was only 47.65% of
that in the previous decade. The total areas of forest land and grassland slightly fluctuated,
which mainly showed the mutual transformations between cultivated land, forest land, and
grassland. The changes in land-use types in the study area were mainly the transfer in and
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transfer out of cultivated land and construction land, and most of them occurred within the
boundaries of Luoyang. The slowing down of the total conversion degree of various types
of land to construction land was related to the entry of a new era and the implementation of
water control and revitalization actions in Luoyang City. Luoyang City actively promotes
comprehensive water environment management, systematic restoration, and the improve-
ment of water ecology. Luoyang City implemented comprehensive management of the
upstream and downstream and left and right banks of the “Four Rivers and Five Canals”
in the Yiluo River Basin and carried out the construction of river composite ecological
corridors and mountain ecological greening. The forest coverage rate has reached 45.8%,
the wetland protection rate has reached 55%, and the soil and water conservation rate
has reached 70%. Germplasm resource reserves have been designated, and biodiversity is
increasing year by year.

2010

nused 0 60 120 240

 — 1 KM

Figure 2. Spatiotemporal evolution of land use from 2000 to 2020.

Overall, cultivated land is the main type of land use in the Yiluo River Basin, and the
cultivated land area reached 42.84% of the total area in 2020 (Table 3). The largest area
change in the past 20 years has been in cultivated land occupied by construction land,
which occupies a total of 593.879 hectares in the past 20 years. The construction land in
2020 was 1.59 times the area in 2000. The increase in the building area is concentrated
in the Luoyang section of the Yiluo River Basin, which is related to the rapid economic
development in Luoyang in the past 20 years. The other obvious ones are the mutual
transformations between arable land, forest land, grassland, and water land. In 2020, in
addition to the increase in the area of forest land, the land uses of cultivated land, grassland,
and water area all showed different degrees of reduction.

Table 3. Land-use transfer matrix from 2000 to 2020 (km?).

2020

2000 Cultivated Woodland Grassland Water Construction Unused Total
Cultivated 7518.743 198.940 132.989 30.293 593.879 0.176 8475.021
Woodland 164.991 5786.434 101.878 8.979 22.598 2.931 6087.812
Grassland 175.317 110.143 2792.163 5.427 48.448 1.419 3132916
Water 50.240 5.189 6.235 252.246 17.275 0.010 331.194
Construction 178.962 2.444 1.916 1.647 654.486 0.062 839.517

Unused 0.352 2.610 0.145 0.663 10.771 14.541

Total 8088.605 6105.760 3035.325 298.591 1337.349 15.369 18,881.000

3.2. Multi-Scenario Land-Use Change Simulation Based on PLUS Model

According to the actual situation of the study area, 13 driving factors were selected
from three aspects: social factors (population and GDP), location factors (distance to railway,
distance to expressway, distance to national highway, distance to provincial highway,
distance to city, and distance to town), and natural factors (DEM, slope, slope direction, soil
type, and oxygen content in soil-roots). The driving factor data were input into the LEAS
module of the PLUS model to obtain the contribution degrees of different driving factors
to various land-use changes and the expansion probabilities of various land types. The
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Realistic

land-use data of 2020 were predicted with the land-use data of 2010 and compared with the
actual land-use data of 2020, and the comparison chart was finally obtained (Figure 3). The
Kappa coefficient reached 0.896, and the overall accuracy was 0.929. The simulation results
were more accurate, which can be used to predict future land use. Afterward, the land-use
data for 2030, 2040, and 2050 were projected via the CA module in the PLUS model by
combining the land-use data under different SSP-RCP scenarios.

Forecast

[ cuttivated [ Woodtand [ Grasstand [l Water [l Construction[ | Unused w‘@ .

A 0 30 60 120
KM

s

Figure 3. Chart comparison of reality and forecast of land-use types in 2020.

The CMIP emphasizes the impact of different development approaches on future
climate change, combining different SSP-RCP scenarios. Five different scenarios are de-
scribed for the future, depending on the rate at which greenhouse gases are emitted. SSP119
(the scenario combining SSP1 and RCP1.9) is the ideal scenario to reduce global carbon
emissions to zero by approximately 2050. SSP126 (coupling SSP1 and RCP2.6) is a more
moderate and eco-friendly sustainable development scenario with lower greenhouse gas
emissions, with carbon emissions declining at a slower rate and reaching zero after 2050.
SSP245 (the scenario that couples SSP2 and RCP4.5) is equivalent to a compromise sce-
nario, representing the middle way for society, with moderate greenhouse gas emissions.
Under the SSP370 (the scenario coupling SSP3 and RCP7.0), both carbon emissions and
temperatures will rise, and carbon emissions will approximately double by the end of the
century. SSP585 (coupling the SSP5 and RCP8.5 scenarios) is a high-speed development
scenario dominated by fossil fuels, which is a barbaric development, the pursuit of devel-
opment at all costs [37,38]. In this paper, three scenarios, SSP126, SSP245, and SSP585, were
selected to predict carbon storage in the study area by considering the possibility of future
development and the status of the study area [16].

Based on the current changes in land-use types, this paper predicted the land-use types
under different scenarios in 2030, 2040, and 2050. In the forecast for the three different time
periods, it was shown that under the SSP126 scenario, the cultivated land area will decrease
to 8066.58 hectares by 2030, with a total decrease of 22.02 hectares, which is a small decrease.
From 2030 to 2050, the cultivated land area shows a fluctuating trend of first increasing
and then decreasing. At the end of the period, compared with 2020, the cultivated land
area will decrease by 118.38 hectares, with a decrease of only 1.46%. In 30 years, forest
land will increase significantly, and by 2050, the total area of this area will increase by
351.88 hectares, an increase of 5.76%. Grassland is decreasing year by year and will decrease
by 455.08 hectares in 2050, with a change rate of 14.99%. The area of construction land will
increase relatively rapidly before 2040, but there will be no significant change from 2040 to
2050, with a total increase of 220.63 hectares over the preceding 30 years.

Under the SSP245 scenario, the cultivated land area shows a trend of increasing
year by year, reaching 8893.85 hectares by 2050, with a total increase of 805.24 hectares
during the period, an increase of 9.96%. In this scenario, the change in forest area is
relatively small, with a total increase of 75.51 hectares between 2020 and 2030, while the
change is not significant in the following 20 years, with a total increase of 82.81 hectares
by 2050. Grassland area will decrease rapidly between 2020 and 2050, with a total loss
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of 936.98 hectares in 30 years, accounting for 30.87% of the total area. The change trend
of construction land area is similar to that under the SSP126 scenario, but the change
amplitude is relatively small, with an increase of only 48.14 hectares in 30 years (Table 4).

Table 4. Areas of land-use types under different scenarios for the future period (km?).

Y SSP126 SSP245 SSP585
ear
2030 2040 2050 2030 2040 2050 2030 2040 2050
Cultivated 8066.58 8097.63 7970.22 8337.60 8597.56 8893.85 8591.40 8771.78 8866.43
Woodland 6105.55 6237.27 6457.63 6181.06 6189.20 6188.37 6015.33 6046.18 6085.90
Grassland 2902.83 2674.57 2580.24 2679.77 2395.78 2098.34 2604.28 2380.52 2234.17
Water 298.56 298.56 298.56 298.56 298.56 298.56 298.56 298.56 298.56

Construction 1490.84 1556.50 1557.98 1367.40 1383.41 1385.49 1354.67 1367.23 1379.25

Unused 16.64 16.47 16.36 16.60 16.50 16.40 16.76 16.72 16.69

SSP126

The largest change in the cultivated area occurs under the SSP585 scenario, while
this scenario has the largest change in area between 2020 and 2030, with an increase of
6.22 percent. In the following 20 years, although the cultivated land area still increases,
the increase rate is relatively lower, and the total area of cultivated land increases by
777.82 hectares in 30 years, with an increase rate of 9.62%. The area of forest land decreases
in the first 10 years and then increases in the next 20 years. By 2050, the total amount of
forest land will decrease by 19.86 hectares. The trend of grassland changes from 2020 to
2050 is similar to that of grassland area changes under the SSP245 scenario, but the decrease
is relatively small, with a total reduction of 801.15 hectares, a decrease of 26.39%. The area
of construction land will change minimally, with a total increase of 41.90 hectares by 2050.

The changes in the areas of water land and unused land in all three scenarios are
relatively small. In the three scenarios of the 2050 node, the construction land under the
SSP126 scenario is the largest, but at the same time, the forest and grassland areas under the
SSP126 scenario are greater than those of the same land type areas under the SSP245 and
SSP585 scenarios. The construction land area under the SSP126 scenario is relatively
concentrated compared with SSP245 and SSP585. Under the three different scenarios, the
increase in construction land mostly occurs around the urban area of Luoyang and the
Zhengzhou section of the Yiluo River Basin (Figures 4 and 5).

SSP245 SSPS8S

S5P126

2040

SSP126

2050

SSP245 S8P38S

w?;@

S5P245 SSPS8S

Cultivated - Woodland Grassland- Water - Construction Unused ¢ ol 120 24“1’%1

Figure 4. Spatiotemporal evolution of land use from 2030 to 2050.
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Figure 5. Overview of land-use types under different scenarios for the future period.

3.3. Changes in Carbon Storage in Historical and Future Scenarios Based on the InVEST Model

From 2000 to 2020, the overall carbon storage in the region showed a downward trend.
The decrease in carbon storage from 2000 to 2010 was 399.0891 x 10* t, and from 2010 to 2020,
the carbon storage decreased by 208.8340 x 10* t, with a total decrease of 607.9230 x 10%* t
over the past two decades. The intensity of change in the regional carbon stock coincided
with the intensity of change in the built-up land, which shows that the change in land-use
type affected the regional carbon stock. Limiting the transfer of land with a high carbon
storage capacity and stabilizing or increasing the area of land types with a high carbon
storage capacity is of great significance for the benign development of regional carbon
storage capacity.

In this paper, the carbon storage values of the Yiluo River Basin were assigned to
grids, and then ArcGIS was used to classify the carbon storage levels, resulting in Figure 6.
From the perspective of spatial distribution, the overall distribution of carbon storage in
the watershed shows a high level in the central and western regions and a low level in
the eastern region. The distribution of carbon storage corresponds to the landforms of
mountainous areas upstream of the watershed and hills and plains downstream. Low
carbon density areas are mainly distributed near the main urban area of Luoyang City.
This area is the economic center of the Yiluo River Basin, with a high population density
and rapid urban development. The construction land area ratio is significant, and there
is a trend of continued expansion. This phenomenon leads to land types with low carbon
storage capacities constantly encroaching on land with a high carbon storage capacity,
mainly around existing building areas. The areas with high carbon storage in the basin are
mainly concentrated in the central and western parts of the Yiluo River Basin, with high
vegetation coverage and primeval forests (Table 5).
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Figure 6. Distribution of carbon storage in the Yiluo River Basin in the historical and future periods.

Table 5. Carbon storage in the study area in different periods and scenarios (10* t).

2000 2010 2020 2030 2040 2050
Reality 37,075.9030  36,676.8140  36,467.9800 —_— —_— —
SSP126 —_— —_— —_— 36,240.2765  36,227.6534  36,418.2218
S5P245 — — — 36,411.4745 36,327.9075  36,249.1117
SSP585 — — — 36,245.9717  36,204.1592  36,190.8492

Under the influence of future climate change, carbon storage in the study area under
the three scenarios will decrease to different degrees compared with 2020. In the period
from 2020 to 2050, the SSP126 scenario exhibits the least reduction in regional carbon
storage, and in 2050, the regional carbon storage will be 36,418.2218 x 10* t, with a total
reduction of 49.7582 x 10* t. In the SSP245 scenario, the regional carbon storage decreases
the second most, and the carbon storage in 2050 will be 36,249.1117 x 10* t, with a total
decrease of 218.8683 x 10* t. Under the SSP585 scenario, the regional carbon stock decreases
the most, with a total decrease of 277.1308 x 10* t in 30 years, and the regional carbon stock
in 2050 will be 36,190.8492 x 10* t (Table 5).

Figure 7 shows the spatiotemporal changes in carbon storage under multiple scenarios
based on the carbon storage in the study area in 2020. The number of patches indicating
an increase in carbon storage under the SSP126 scenario is much larger than that of the
patches indicating increases in carbon storage under the SSP245 and SSP585 scenarios in
the same period. Under the SSP126 scenario, the areas exhibiting carbon storage decreases
in 2050 are mainly distributed downstream of the basin, around the main urban area of
Luoyang city, and within the boundary of Zhengzhou. The main reason is that under
urban development, land types with low carbon storage capacities continue to erode areas
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with high carbon storage capacities. The areas with increased carbon storage are mainly
distributed in the upper reaches of the basin, where the landform is mostly mountainous
and there are more forest lands. Furthermore, due to topography and other reasons, other
land areas have the conditions for conversion to forest lands, and the forest area has a
trend of expansion, which will increase the regional carbon storage. In the SSP245 scenario,
the patches indicating a reduction in carbon storage are much larger than those in the
SSP126 scenario, and the distribution is scattered throughout the basin. The patches of
increased carbon storage in this scenario mainly exist in the middle and upper reaches of
the basin. In the SSP585 scenario, the patches representing an increase in carbon storage are
the least among the three and are far smaller than those representing a decrease in carbon
storage in the region, and the distribution is similar to that in the SSP245 scenario.
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Figure 7. Changes in carbon storage in Yiluo River Basin in the future compared with 2020 under
different scenarios.

4. Discussion

With the economic development of the study area, the change in land types with high
carbon density values to land types with low carbon density values is the main reason for
the decrease in regional carbon storage. In order to improve regional carbon storage, the
conversion of cultivated land, forest land, and grassland into other land types should be
controlled reasonably, and the area of land types with strong carbon storage capacities such
as forest land should be appropriately increased. The future change trend of carbon storage
in this paper is approximately similar to those in the studies by Yang [27] and Fan [39], and
the distribution of carbon storage is similar to that in Yang’s study [27]. In Yang's study,
two scenarios were set up: an ecological protection scenario and a natural change scenario.
In Fan’s study, three scenarios were set up: business as usual, ecological conservation, and
urban development scenarios. In this paper, three scenarios, SSP126, SSP245, and SSP585,
were selected for research according to different paths provided by CMIP6. The land-use
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demand data of the study area in different periods in the future were also derived from
CMIP6 rather than being predicted by the Markov chain.

In this paper, the average annual temperature and average annual precipitation in the
Yellow River Basin and Yiluo River Basin were substituted into the carbon density correction
formula, and then the Kg and Kg correction coefficients were obtained, respectively. The
carbon density value of the Yellow River Basin was corrected with the correction coefficient,
and the required carbon density value was obtained, which was similar to that in the
study by Bian [40]. The carbon density will change due to environmental changes, human
activities, and other factors. This study did not continuously track and record the carbon
density values in the watershed, and there may be some differences between the carbon
density used and the actual carbon density, leading to slight differences in carbon storage
compared with the actual situation. This study was based on three different scenarios
and the PLUS model to predict the land-use types at three time nodes in 2030, 2040,
and 2050, respectively. Since the time intervals are all of ten years, this paper selected
a decade closer to the future (from 2010 to 2020) for the simulation. Taking 2010 as the
base period, the land-use type in 2020 was predicted, and the land-use types in 2030, 2040,
and 2050 were predicted after passing the test. Luoyang City has carried out a series
of ecological protection actions in the new era, resulting in changes in the intensity of
land-use type changes from 2010 to 2020 compared with that from 2000 to 2010. If the
year 2000 is used as the base period to simulate 2010 and the future land-use types are
predicted based on this, will the transformation between land-use types be greater in the
future? Based on this, the INVEST model was used to calculate the total carbon storage in
the Yiluo River Basin under three scenarios. The magnitude of the change in total carbon
stocks and whether and how the difference between different scenarios will change remain
to be discussed.

5. Conclusions

Coupling the PLUS model and the InVEST model, on the basis of clarifying the land-
use changes from 2010 to 2020, combined with three different scenarios provided by CMIP6,
the land use and carbon storage in the study area in 2030, 2040, and 2050 were simulated
and predicted, and the impact of land-use changes on the regional carbon storage were
pointed out. The main conclusions are as follows:

(1) Land-use changes led to an increase in or loss of carbon storage. From 2000 to 2020,
the areas of forest land and construction land in the Yiluo River Basin increased
to varying degrees, while the areas of cultivated land, water area, grassland, and
unused land decreased. The conversion of cultivated land to construction land was
the main transfer type, which was also an important reason for the decrease in regional
carbon storage.

(2)  Under the three scenarios, the proportion of cultivated land area in the SSP126 scenario
was the smallest, while the proportions of woodland and grassland areas in this
scenario were the largest. All three scenarios had some protection of forest land area
and none of them showed a significant reduction.

(3) From 2020 to 2050, the carbon storage in the study area under the three scenarios
of SSP126, SSP245, and SSP585 all show varying degrees of decline, decreasing to
36,418.2218 x 10* t, 36,249.1117 x 10* t, and 36,190.8492 x 10* t, respectively. Forest
land, grassland, and cultivated land have strong carbon storage capacities, and lim-
iting the conversion of land with a high carbon storage capacity to land with a low
carbon storage capacity is conducive to the benign development of regional carbon
storage capacity.
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Abstract: As a major component of the north-south transition zone in China, the vegetation ecosystem
of the Qinling-Daba Mountains (QBM) is highly sensitive to climate change. However, the impact
of sunshine duration, specifically, on regional vegetation remains unclear. By using linear trend,
correlation, and multiple regression analyses, this study systematically analyzed the spatiotemporal
characteristics and trend changes of the vegetation coverage in the QBM from 2000-2020. Changes in
the main climate elements in different periods and the responses to them are also discussed. Over the
past 21 years, the vegetation coverage on the east and west sides of the QBM has been lower than that
in the central areas. However, it is showing a continuously improving trend, especially in winters and
springs. The findings indicate that change of FVC in the QBM exhibited a positive correlation with
temperature, a negative correlation with sunshine hours, and both positive and negative correlation
with precipitation. On an annual scale, average temperature was the main controlling climatic factor.
On a seasonal scale, the area dominated by precipitation in spring was larger. In summer, the relative
importance of the three was weak. In autumn and winter, sunshine duration became the main factor
affecting vegetation coverage in most areas.

Keywords: the Qinling-Daba Mountains; vegetation coverage; climatic factors; main control factor

1. Introduction

Terrestrial ecosystems are the basis for human survival and sustainable development.
As an important part of the terrestrial ecosystem, vegetation is a link among ecological
elements such as soil, hydrology, and atmosphere, and plays an important role in improving
regional microclimate, purifying air, containing water, maintaining soil and water, and
in the process of ecosystem evolution [1]. Vegetation change is a concrete manifestation
of the change of human living environment, and plays the role of “indicator” in the
study of global or regional environmental change. Therefore, monitoring and attribution
analysis of regional vegetation cover dynamics has become an important part of global
change research.

Climate change has a major impact on the structure and function of global ecosys-
tems [2]. Among the different climate factors, temperature and precipitation are generally
considered to be the key factors affecting vegetation growth and development. Temper-
ature is a regulator of vegetation growth, especially at high latitudes and high altitudes.
In recent decades, increased vegetation activity in the Northern Hemisphere has been
related to an increase in temperature [3-5]. This is because warmer temperatures extend
the vegetation growing season and increase the efficiency of photosynthesis and water
use for vegetation growth [6]. However, temperature can also have a negative impact
on vegetation, as exceeding the temperature required for optimal vegetation growth can
lead to inhibition of photosynthesis. At higher temperatures, nutrient consumption due to
respiration increases, thus limiting the growth of vegetation [7]. Precipitation is another
key climatic factor regulating vegetation growth, as it increases soil moisture, which is
essential to promote plant root activity and the water status of the vegetation. Several
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studies have shown that the correlation between vegetation change and precipitation in the
Northern Hemisphere has increased in recent years [8,9]. In addition, some studies have
confirmed that sunshine duration, relative humidity, and wind speed are also important
factors affecting vegetation growth. For example, results showed that the annual sunshine
hours in the Qilian Mountains had the greatest explanatory power for regional vegetation
changes from 2000 to 2020 [10]. Throughout the Tibetan Plateau region, relative humidity
and water vapor pressure play a dominant role in the variation of vegetation during the
growing season [11].

Mountains are the most active interface and the most vulnerable geographical unit
in terrestrial ecosystems and are the drivers and amplifiers of environmental change.
Therefore, mountain vegetation ecosystems are more sensitive to global changes. The
Qiling and Daba Mountains (QBM) constitute a complete geographical unit in the center of
China’s interior. Not only are they a main part of China’s north-south transition zone, but
they also provide an important ecological channel connecting China’s eastern plains and the
Qinghai Tibet Plateau. The special geographical location and complex landform conditions
render the vegetation ecosystem in the QBM highly sensitive to climate change. Monitoring
the dynamics of vegetation cover in the QBM and studying their relationship with climate
elements are crucial for assessing the environmental quality of regional ecosystems and
maintaining optimal ecosystem functions.

Research has covered the dynamic changes in vegetation [12,13] and its driving factors
in some areas of the QBM [14-18]. These studies are valuable for understanding local
vegetation-climate relationships in the QBM. However, current studies on the relationship
between vegetation pattern evolution and climatic factors in the QBM mostly focus on
two factors, temperature, and precipitation, ignoring the impact of sunshine duration on
regional vegetation change, and the relationship between them is not clear. In addition,
previous studies have usually used simple correlation analysis methods to investigate
the response of vegetation change to changes in a single climatic factor, but rarely have
multiple climatic elements been integrated to identify the main controlling climatic factors
affecting regional vegetation cover change, ignoring the spatial variation characteristics
of vegetation change response to climate change. Therefore, the purpose of the present
study was to use MODIS-NDVI and meteorological station data of long time series to
identify the characteristics of vegetation coverage distribution and spatiotemporal changes
in the QBM from 20002020 and explore the response mechanism to climate factor changes.
Specifically, the main contents of this study are as follows: (1) the spatiotemporal variation
characteristics of vegetation coverage and main climate elements during 2000-2020; (2) the
response mechanism of vegetation coverage change to a single climate factor; and (3) the
main climate factor changes of regional vegetation coverage during different periods.

2. Data and Methods
2.1. Study Area

The QBM is in central China between 102 ° E-114 ° E and 30 ° N-36 ° N (Figure 1a).
It stretches across Gansu, Sichuan, Shaanxi, Chongqing, Hubei, and Henan from west to
east, with a total area of approximately 3.0 x 105 km?. The altitude gradually rises from
east to west. The QBM includes three major geomorphic units: Qinling Mountains, Daba
Mountains and Hanjiang Valley [19] (Figure 1b). As the main body of the north-south tran-
sition zone in China, the climate types in the study area are diverse and exhibit significant
vertical changes. The area to the north of Qinling Mountains is mainly affected by the con-
tinental climate of the warm temperate zone, which is cool in summer and dry and cold in
winter. The area south of Qinling Mountains is mainly affected by the subtropical monsoon
climate, which is humid and has four distinct seasons. In addition, the study area includes
three types of ecological function protection areas for water conservation, water and soil
conservation, and species resources in China (Figure 1c), as well as four forestry projects:
the Three North Shelterbelt, the Middle Yellow River Shelterbelt, the Taihang Mountain
Greening Project, and the Middle and Upper Yangtze River Shelterbelt (Figure 1d).
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Figure 1. Overview of the QBM: (a) Geographical position; (b) Basic Elements: elevation, moun-
tain peak, city location, and rivers; (c) Ecological Function Reserve (Number 1-6 represent the
six ecological function reserves); (d) Forestry Engineering.

2.2. Data

The data sources used in this study mainly included MODIS satellite normalized differ-
ence vegetation index (MODIS-NDVI) data and meteorological station data (temperature,
precipitation, and sunshine hours).

2.2.1. NDVI

Remote sensing satellite images provide more possibilities for monitoring vegetation
changes in large-scale and long-term time series. The NDVI time series data used in this
study were obtained from MOD13Q1-NDVI data provided by the NASA Land Process
Distribution Dynamic Data Center (https://ladsweb.modaps.eosdis.nasa.gov, accessed
on 1 September 2020), namely the normalized vegetation index dataset. First, we used
the MODIS Reprojection Tool (MRT) to batch extract NDVI data and perform splicing,
resampling, projection conversion, and other processes to convert them into Tiff images.
Second, based on the ENVI platform, the maximum value composites (MVC) method
was used to obtain monthly NDVI data, and FVC data were calculated through the pixel
dichotomy model.

2.2.2. Climatic Data

The meteorological data used in this study were obtained from the Daily Data Set of
China Surface Climate Data (V3.0) provided by the China Meteorological Data Sharing
Service Network (http://cdc.cma.gov.cn, accessed on 1 September 2020). A 50 km buffer
zone was created at the boundary of the study area, and the daily average temperature
(TEM), precipitation (PRE), and sunshine duration (SSD) data of 100 meteorological stations
in the study area and the buffer zone from 2000-2020 were used (Figure 2). Based on the
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observation data, ANUSPLIN software was used to conduct spatial interpolation processing
on the station data, and grid data of monthly average TEM, monthly PRE, and monthly
SSD with a spatial resolution of 250 m were obtained.

A
Legend 4 N
'_“A_‘Climate Station Mmoo I 1km
| | _Provincal boundaries 0 60120 240 360 480

Figure 2. Spatial Distribution of Selected Meteorological Stations in the Study Area.

2.3. Methods
2.3.1. Estimation of Vegetation Coverage

The normalized difference vegetation index (NDVI) is the most commonly used
vegetation index, and the pixel dichotomy model is the most common linear model used for
calculation of vegetation coverage. This model assumes that the information contained in
one pixel of a remote sensing image is composed only of vegetation and bare soil [20]. Pixel
information includes pure vegetation composition information and pure soil composition
information; therefore, the mixed pixel S can be expressed as:

S=5,+8S; €]

where Sy, is the vegetation information in the pixel and S; is the information of bare soil.
The fractional vegetation cover (FVC) of a pixel is the area ratio of the vegetation in the
pixel; therefore, the bare soil coverage in the pixel can be expressed as (1 — FVC). Assuming
that a pixel with pure vegetation coverage is Sy, the pixel covered by pure bare soil is
Seoil, then:
Sy = FVC X Speg (2)

Ss = (1 - FVC) X Ssoil 3)
If Equations (2) and (3) are introduced into Equation (1), we obtain:

S — Ssoil

FVC =
Sz;eg - Ssoil

4)

Therefore, the binary model expression of vegetation coverage pixel based on NDVT is

as follows:
NDVI — NDVI;

F =
ve NDVlyeg — NDVI,,

®)

The range of NDVTI is between [—1,1], and negative values indicate that the ground
cover is the reflection of visible light by clouds, water, snow. The value 0 indicates the
presence of rocks or bare soil. Positive values indicate that there is vegetation cover and
they increase with the increase in cover. Therefore, in the calculation of FVC, we set the
pixels with NDVI less than 0 as null values. Theoretically, the value of NDV I ,;; should be
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close to 0, but in fact, it fluctuates within the range of -0.1 to 0.2 owing to different research
areas or surface environments. Due to the lack of systematically measured surface data
for reference in this study, the NDVI statistical histogram is usually given a confidence
interval, and the minimum and maximum values within this interval are considered as
NDV Iy and NDV Iyeg, or the NDVI value of the cumulative frequency [21]. According to
the situation of the study area, NDVI values of 5% and 95% of the cumulative frequency
were considered as NDVI;,; and NDV I,,.g. We assigned 0 to values less than 5%, and 1 to
values greater than 95%.

To better reflect the distribution and changes in vegetation coverage in the study area,
the vegetation coverage was divided into five grades according to the Classification and
Grading Standards for Soil Erosion and the specific situation. The results are presented
in Table 1.

Table 1. FVC Level Classification.

Class FvC Description
1 <0.30 Low vegetation coverage
2 (0.30, 0.45] Sub-low vegetation coverage
3 (0.45, 0.60] Middle vegetation coverage
4 (0.60, 0.75] Sub-high vegetation coverage
5 >0.75 High vegetation coverage

2.3.2. Change Trend

Change trend analysis refers to changes in a particular element of the time series (such
as FVC, TEM, PRE, and SSD) that continuously increase or decrease over a certain period
of time [22]. In the present study, the trend analysis method (i.e., least squares method) was
used to calculate the interannual change trend of climate elements and FVC at different
spatial scales, and the slope of the linear regression equation is defined as the interannual
change trend rate of elements (slope) [23]. The calculation equation for slope is as follows:

nX Y ixp) =i ix T pi
- 2
nx Yl i — (L)

where 1 is the total year of the study period, i is the serial number of each year, p; is the pixel
value of the i-th year, and Slope is the change in slope of the data on each pixel time series.
When Slope > 0, it indicates that the pixel value increases with time; that is, it shows an
improvement trend during the study period. When Slope = 0 indicates no change, and when
slope < 0, the pixel value decreases with time; that is, it shows a degradation trend. The
greater the absolute value of Slope, the greater is the change rate of the elements. Combined
with the significant results of the t test, the change trend was divided into the following
five levels, as shown in Table 2.

Slope = (6)

Table 2. Classification of change trend level.

Class Slope p Value Description
1 <0.05 Significant increase
2 >0 >0.05 No significant increase
3 <0.05 Significant decrease
4 <0 >0.05 No significant decrease
5 =0 - No changed

2.3.3. Correlation Analysis

To analyze the relationship between FVC and climate elements, it is necessary to
establish a simple correlation coefficient between them on a pixel scale. This correlation
coefficient, also known as the Pearson correlation coefficient, is widely used to measure
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the correlation between two variables, and its value is between —1 and 1. The calculation
equation is as follows:

R > (L o i)
\/Zle (xi — Y)Z (v — Y)Z

where R is the correlation coefficient; 7 is the number of samples; x;, y; are the variables
to be evaluated; and X and Y are, respectively, the mean of x; and y;. If R > 0, there is a
positive correlation between the two; otherwise, it indicates a negative correlation. The
closer the absolute value of R is to 1, the closer is the correlation between x and y; the closer
the absolute value of R is to 0, the less close is the correlation between them. The correlation
level can be classified into five types (Table 3).

@)

Table 3. Classification of correlation level.

Class R p Value Description
1 0 <0.05 Significant positive correlation
2 > >0.05 No significant positive correlation
3 0 <0.05 Significant negative correlation
4 < >0.05 No significant negative correlation
5 =0 - No correlation

2.3.4. Relative Importance

When analyzing the impact of multiple elements on a single element, we must pay
attention to the relative importance of each element. The calculation of relative importance
was based on standardized coefficients or variance interpretation. Based on raster data
from a long time series, the present study uses a multiple regression analysis method. First,
a multiple linear regression model between FVC and climate factors was developed to
explain the influence of multiple climate factors changes on FVC using TEM, PRE, and SSD
as independent variables and FVC as a dependent variable.

The equation used was as follows:

FVC = Ax TEM+B x PRE+C x SSD +d ®)

where A, B and C are regression coefficients of the three climatic elements, and 4 is
a constant.

Secondly, in order to better identify the most important climate factors affecting the
FVC variation in each pixel, we standardized the coefficients of the multiple regression
model. The maximum absolute value of the standardized regression coefficient is consid-
ered as the most important variable. The formula for standardization was as follows:

s std(TEM)
o i
std
B’ =B x std((FVC)) ©)
std(SSD
¢=c Std(EVC)

where A/, B/, C' represent the normalization factors of TEM, PRE, and SSD.

3. Results
3.1. Spatiotemporal Changes of FVC
3.1.1. Time Variation

Figure 3a shows the overall trend of annual average FVC in the QBM from 2000-2020.
In the past 21 years, the vegetation coverage of the QBM improved continuously, and
increased significantly at a rate of 0.058/10a (p < 0.01). From 2011-2020, the annual growth
rate of FVC was faster than that of the previous 11 years.
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Figure 3. Change of FVC average value in the QBM from 2000-2020. (a) Year; (b) Spring; (c) Summer;
(d) Autumn; (e) Winter.

The growth of surface vegetation generally exhibits a certain periodicity (Figure 3b,e).
The growth rate in summer was the slowest, but the fastest in winter, and the growth rate
of the FVC average value in spring was faster than that in autumn.

3.1.2. Spatial Pattern Change

In terms of spatial distribution, the annual average FVC value of the QBM was higher
in the south, lower in the north, and lower in the east and west than in the middle (Figure 4a).
Most areas are at a sub-high or high vegetation coverage level (Figure 4b). The high-value
(>0.75) was mainly distributed in Daba Mountains and Qinling Mountains in Shaanxi,
whereas the low-value (<0.30) area is very small and scattered in northwest Sichuan. The
average values of FVC in Chonggqing, Hubei, and Shaanxi were larger (>0.70), and in
Henan and Gansu they were the smallest. This shows that the vegetation coverage in most
areas has been in a good state over the past 21 years, especially in Daba Mountains and
surrounding areas.

Spatially, the annual change trend rate generally showed increasing distribution
characteristics from southwest to northeast (Figure 4c). The vegetation coverage in most
regions of the QBM has significantly improved over the past 21 years, and the regions
with faster growth rate (>0.06/10a) were concentrated in Shaanxi, Gansu, and Chongging
(Table 4). From the perspective of space, these areas have a good basis for vegetation
coverage and are also key implementation areas for forestry projects, such as returning
farmland to forests and grasslands. Less than 3% of the regional average annual FVC
showed a downward trend, scattered across in Chengdu, Aba, Hanzhong, Shiyan, and
Luoyang. The growth and development of vegetation in these areas may be affected by
altitude or population distribution.

The spatial pattern of the FVC average in each season was similar to the annual average
(Figure 5a); however, there were regional differences in the FVC trend in different seasons
(Figure 5c). The average FVC in spring at the sub-high vegetation coverage level (Figure 5b)
and the vegetation cover were significantly improved. The significantly improved area was
distributed within Shaanxi, especially in Ankang and Shangluo; the decrease trends were
scattered across Tianshui and Hanzhong. Spatially, the trend rate showed a distribution
feature of increasing from both sides to the central region. The average change trend rate of
each region was between 0.060/10a and 0.087/10a, with Chongqing and Shaanxi being the
fastest and Sichuan the slowest.
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Figure 4. Changes of FVC spatial pattern in the QBM from 2000-2020. (a) Average value; (b) FVC
level; (c) Change trend rate; (d) Significance level.

Table 4. Annual average vegetation coverage and trend rate in the QBM.

FvC Slope/10a

Year Spring  Summer Autumn  Winter Year Spring  Summer Autumn  Winter
QB 0.67 0.64 091 0.73 0.42 0.058 0.072 0.036 0.051 0.073
SC 0.69 0.63 091 0.74 0.48 0.050 0.060 0.019 0.040 0.075
SX 0.72 0.71 0.95 0.78 0.44 0.060 0.081 0.031 0.045 0.081
HB 0.73 0.72 0.94 0.78 0.47 0.056 0.070 0.026 0.051 0.074
HN 0.59 0.58 0.85 0.64 0.29 0.057 0.073 0.043 0.058 0.057
GS 0.58 0.52 0.86 0.64 0.32 0.065 0.070 0.065 0.065 0.058
cQ 0.76 0.73 0.94 0.82 0.55 0.067 0.087 0.028 0.055 0.095

(SC, SX, HB, HN, GS and CQ are abbreviation for Sichuan, Shaanxi, Hubei, Hunan, Gansu, and Chongqing
provinces, respectively).

Most areas in summer had high vegetation coverage. A small number of low-value
areas were distributed in Aba, Sichuan. In 21 years, the area with a positive trend rate of
average FVC change in summer accounted for the least (84.93%), and the faster increase
rate were mainly in the east and west of the Qinling Mountains. Compared with other
seasons, the area proportion of FVC showing a downward trend in summer was larger
(10.62%) and was mainly distributed in western Sichuan and southern Shaanxi, but the
significance of this decline in most regions was weak. The average change trend rate of
FVC in each region in summer was between 0.019/10a and 0.065/10a, and the fastest and
slowest were Gansu and Sichuan, respectively.

The spatial distribution of FVC in autumn was consistent with that in spring, and it
was also at the sub-high vegetation coverage level overall. Approximately 7% of regions
with a decreasing trend were concentrated in Deyang and Aba. The regional proportion of
FVC showing a very significant upward trend was 62.53%, mainly distributed in Gansu
and eastern regions. The average change trend rate of regional FVC was within the
range of 0.040/10a-0.065/10a, and the fastest and slowest rates remained in Gansu and
Sichuan, respectively.
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Figure 5. Change of seasonal average FVC spatial pattern in the QBM from 2000-2020. (a) Average
value; (b) FVC level; (c) Change trend rate; (d) Significance level.

The average FVC value in winter was the lowest, which is generally at the sub-low
vegetation coverage level. The low-value areas were concentrated in the west and northeast,
while the high-value areas were few and scattered around Daba Mountains. The change
trend rate of FVC in winter is close to that in spring; Chongqing and Henan had the fastest
and slowest values, respectively. In addition, the area proportion of FVC increasing or
decreasing was also similar to that in spring. The difference was that in winter, the FVC
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in the western region showed a downward trend, whereas that in Hanzhong showed an
upward trend.

In general, vegetation coverage in the QBM was low only in winter and high in the
other seasons. During the 21 years, the vegetation coverage in most areas improved in
each season, but the improvement rate had a certain heterogeneity. The seasonal average
FVC change trend rate in Sichuan, Shaanxi, Hubei, and Chongqing decreased and then
increased. The minimum trend rate appeared in summer and, the maximum in winter;
while in spring, it was faster than that in autumn. This trend was contrary to that of the
average FVC in each season. In contrast, the trend rate of seasonal average FVC in Henan
and Gansu showed a trend to “decrease-increase-decrease.” The minimum value appeared
in summer, while the maximum value occurred in spring.

3.2. Spatiotemporal Changes of Climate Factors
3.2.1. Time Variation

In the last 21 years, the annual average TEM in the QBM has been 10.12 °C, rising
at a rate of 0.175 °C/10a (Figure 6a). However, since 2016, the average annual TEM
has decreased by approximately 0.3 °C. This indicates that during the study period, the
QBM also experienced a “warming” trend, especially in the past 10 years, when the TEM
increased significantly; but in the past five years, “cooling” was observed. The growth rate
of the average TEM in summer and autumn was higher, whereas that in winter was the
slowest and showed a weak downward trend. The growth rate/deceleration was fastest in
autumn/winter before 2010, and faster in winter and spring after 2010 (Figure 7a).
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Figure 6. Annual mean change of climate factors in the QBM from 2000-2020: (a) TEM; (b) PRE;
(c) SSD.

Figure 6b shows that the annual PRE has increased at a rate of 45.46 mm/10a in the
past 21 years. Similar to the annual average TEM, the average value and increase rate of
annual PRE before 2010 were smaller than those after 2010. The PRE in summer was the
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TEM/°C

largest, slightly lower in spring than in autumn, and the lowest in winter (Figure 7b). In all
four seasons, the growth rate was fastest in spring, particularly before 2010; the next was
autumn and summer, and their rate of change was faster after 2010. Generally, there was a

slight downward trend in winter.

In contrast to the TEM and PRE, the annual SSD showed a gradual downward trend
at a rate of 66.89 h/10a during the study period (Figure 6c), and the decline rate in the first
11 years was 2.8 times that in the next 10 years. According to the seasonal average, the SSD
in summer and spring was longer, followed by winter and autumn. Seasonally, spring and
autumn showed a decreasing trend, summer and winter showed an increasing trend, and
the fall/rise speed was faster in autumn/winter. However, it was found that the rate of
decline in spring and summer was faster in 2000-2010, being fastest in autumn, whereas it

was the fastest in winter in 2011-2020.

3.2.2. Spatial Pattern Change

From 2000-2020, the annual average TEM of the QBM was generally distributed in
the zonal direction, that is, the spatial distribution characteristics of gradual increase from
northwest to southeast (Figure 8(al)). The low-value was concentrated in the western
Songpan Plateau, whereas the high-value was mainly distributed in the eastern plain.
Among them, Hubei and Henan had the highest, Gansu had the lowest (Table 5). Spatially,
the heating rate generally increased from the central regions to both sides (Figure 8(a2)).
The cooling areas were mainly distributed in the south, Guangyuan and Yichang, but the
significance was weak. The regions that warmed faster (>0.60 °C/10a) and passes the
significance level test were located mainly in Gannan, Luoyang, and Zhengzhou. In all
regions, the fastest average warming rate was in Henan, and the slowest was in Shaanxi.
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Figure 7. Seasonal mean changes of climate factors in the QBM from 2000-2020: (a) TEM; (b) PRE;

(¢) SSD.
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Figure 8. The spatial pattern changes of climate factors in the QBM from 2000-2020: (a) TEM; (b) PRE;
(c) SSD. (1. Annual average; 2. Change trend rate).

Table 5. Annual average and change trend rate of climate factors in the QBM.

Average Value Slope/10a
TEM/°C PRE/mm SSD/h TEM/°C PRE/mm SSD/h
QB 10.12 863.26 1812.51 0.175 45.462 —66.885
SC 7.50 925.20 1702.18 0.139 103.575 —48.757
SX 11.01 916.69 1779.01 0.118 39.114 —56.645
HB 13.54 976.99 1707.04 0.150 9.929 —101.508
HN 13.11 754.91 1949.17 0.307 —36.342 —87.147
GS 6.81 626.26 2028.31 0.208 81.862 —124.771
cQ 11.97 1255.14 1526.85 0.292 1.232 —83.292

Figure 8(b1) shows that the annual PRE was generally characterized by a gradual
decrease in spatial distribution from southeast to northwest. The average annual PRE in
Chongqing was the largest, whereas that in Gansu was the smallest. The annual PRE change
rate of increase is generally characterized by its distribution increasing from east to west
(Figure 8(b2)). In the past 21 years, the regions with reduced PRE were concentrated around
the mountains of western Henan and Daba Mountains but did not pass the significance
test. The faster (>160 mm/10a) increase trend rate was mainly distributed in the southwest,
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such as in Maoxian, Sichuan. The regional average annual PRE growth rate was the largest
in Sichuan and the smallest in Henan.

The spatial distribution of annual SSD generally increases with increasing latitude,
that is, it is low in the south and high in the north. High values of annual SSD are mainly
distributed in the northwest, whereas the low-value area was concentrated in the northern
edge of Sichuan Basin. Gansu and Henan have the largest value, and Chongqing has
the smallest value. Figure 8(c1) shows that the annual SSD in most regions is decreasing.
The increasing trend was concentrated in the northern edge of Sichuan Basin, while the
decreasing trend was in the northwest, including Dingxi, Gannan and Linxia.

In summary, the west of the QBM was cold and dry with ample sunshine. The south
was warm and humid, but the SSD was short. Most areas in the north were warm and dry
with long SSD. However, these characteristics have changed over the past 21 years. The
western region is gradually warming and humidifying, whereas the SSD is significantly
reduced. In the southern region, TEM and humidity have decreased, but SSD has begun to
increase. TEM, PRE, and SSD in the north show a weak increase/decrease trend.

In the past 21 years, the spatial distribution characteristics of the average TEM in each
season showed a gradual increase from west to east. The spatial difference of average TEM
in summer was the largest, the maximum value between east and west was more than
25 °C (Figure 9a). The annual average TEM in each season was 10.63 °C, 19.49 °C, 10.43 °C
and —0.05 °C in spring, summer, autumn, and winter, respectively (Table 6). Gansu had
the lowest average TEM in spring, autumn and winter, and Shaanxi had the lowest average
TEM in summer, whereas Henan had the highest in spring and summer, and Hubei and
Chongging had the highest in autumn and winter.
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Figure 9. Change of seasonal average TEM spatial pattern in the QBM from 2000-2020. (a) Seasonal
average; (b) Seasonal change trend rate.
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Table 6. Seasonal average and change trend rate of TEM in the QBM.

Average Value Slope (°C/10a)
Spring Summer Autumn Winter Spring Summer Autumn Winter
QB 10.63 19.49 10.43 —0.05 0.15 0.22 0.24 —0.07
SC 7.75 15.55 8.04 —1.32 0.17 0.26 0.16 —0.10
SX 11.62 20.74 11.12 0.64 0.07 0.20 0.25 —0.25
TEM HB 13.87 23.32 14.06 2.98 —0.04 0.23 0.23 —0.10
HN 14.03 23.82 13.33 1.30 0.18 0.45 0.42 0.05
GS 7.49 16.07 7.03 —3.35 0.29 0.11 0.30 —0.14
CQ 11.95 20.79 12.59 2.72 0.27 0.47 0.23 —0.09

The variation in average TEM in each season exhibited spatial heterogeneity. Most
areas showed a warming trend in all seasons except for winter (Figure 9b). The TEM
dropped in spring, mainly in the junction of Gansu, Shaanxi, and Sichuan, and south of
the Han River. In summer, the cooling area was still concentrated at the junction of Gansu,
Shaanxi, and Sichuan, the trend rate changed from negative to positive, and the diffusion
increased from this central area. The autumn cooling areas were concentrated in the south,
especially in Sichuan. The average TEM in winter showed a downward trend overall, and
the warming trend was mainly to the east and west.

From a regional perspective, the seasonal average TEM in Sichuan, Henan, Hubei,
and Chonggqing, as for FVC, initially experienced an increasing but then decreased. The
maximum and minimum trend rates occurred in summer and winter, respectively. Al-
though Shaanxi initially increased and then decreased, the maximum trend occurred in
autumn. The change in trend rate in Gansu alternated from a change of decrease to increase
to decrease, with the maximum appearing in autumn and the minimum in winter.

The seasonal PRE in the QBM generally shows a decreasing spatial distribution from
southeast to northwest (Figure 10a). The PRE values were the most abundant in summer
and the spatial difference was the largest, reaching more than 400 mm. In contrast, the
PRE was rare in winter, and the spatial difference was the least. The distribution of PRE
in spring and autumn was similar in the western region, but in the central and eastern
regions, it was lower in spring than in autumn. Chonggqing had the largest regional PRE in
each season, Henan had the lowest PRE in spring, and Gansu had the lowest PRE in other
seasons (Table 7).

Figure 10b shows that the trend rate of the PRE in spring was positive and gradually
increased from four sides to the central region. The regions with increased and decreased
summer PRE presented a spatial pattern of opposite distributions. In the area west of
Shangluo-Ankang-Bazhong, the summer PRE showed an increasing trend, and the growth
rate in the south was higher than that in the north. The area to the east showed a decreasing
trend, and the rate of decrease shrank from the center to the northwest and southeast.
In autumn, the PRE shows an increasing trend in most areas. The downward trend was
mainly distributed in Gansu, central Sichuan, western Shaanxi, and central Henan. The
rate of change of winter PRE gradually decreased from northwest to southeast. Only the
northwest region exhibited a weak increasing trend.

From a regional perspective, the trend rate of seasonal PRE change in Shaanxi, Hubei,
Henan, and Chongqing was characterized by a decrease-increase-decrease. The minimum
value appeared in summer, and the maximum value in autumn. Sichuan and Gansu were
characterized by first increasing and then decreasing, with the maximum in summer and
the minimum in winter.

In the past 21 years, the SSD in the QBM has been long in spring and summer; and
short in autumn and winter (Table 8). Spatially, the change along the latitude generally
decreased from north to south (Figure 11a). The spatial difference was the largest in winter,
reaching more than 450 h, and the smallest in summer. In terms of different regions,
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in Sichuan and Chongqing, SSD was relatively short, and in Henan and Gansu it was
relatively long.
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Figure 10. Change of seasonal average PRE spatial pattern in the QBM from 2000-2020. (a) Seasonal
average; (b) Seasonal change trend rate.

Table 7. Seasonal average and change trend rate of PRE in the QBM.

Average Value Slope (°C/10a)

Spring Summer  Autumn Winter Spring Summer  Autumn Winter

QB 191.28 410.50 225.31 34.49 25.16 7.14 15.51 —3.33

SC 215.17 446.09 232.55 27.61 22.72 53.23 14.76 —1.89

SX 185.44 436.14 264.00 33.56 29.65 1.62 7.30 —4.89

PRE HB 239.92 441.49 232.29 58.01 25.88 —36.50 19.54 —11.19
HN 140.73 382.76 192.44 39.03 22.29 —63.85 2.75 —6.37

GS 143.21 304.00 158.43 16.85 30.31 39.94 -1.32 —0.44

CQ 311.38 552.02 331.33 60.67 19.32 —39.93 33.06 —7.85
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Table 8. Seasonal average and change trend rate of SSD in the QBM.

Average Value Slope (°C/10a)
Spring Summer Autumn Winter Spring Summer Autumn Winter
QB 515.66 520.55 375.43 402.28 —14.81 0.72 —44.85 5.96
SC 465.32 461.86 364.47 413.70 —5.76 10.63 —32.48 12.22
SX 519.31 540.01 347.59 371.90 —20.57 20.48 —40.60 24.90
SSD HB 481.35 520.23 368.53 337.14 —30.93 4.22 —51.62 8.97
HN 583.11 530.99 418.72 417.47 —42.40 9.95 —51.85 23.49
GS 568.03 549.34 414.26 498.82 —16.88 —36.82 —49.52 —2.27
CQ 419.90 514.51 325.74 271.79 —19.72 13.81 —47.41 13.48
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Figure 11. Change of seasonal average SSD spatial pattern in the QBM from 2000-2020. (a) Seasonal
average; (b) Seasonal change trend rate.

The change trend rate of SSD in the four seasons showed clear spatial differences. The
SSD in spring generally showed a decreasing trend, and the trend rate decreased from the
center to both sides. A small increase was mainly in the south at the edge of Sichuan Basin
(Figure 11b). In summer, decreases and increases in SSD were distributed interactively; and
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decrease were mainly on the east and west sides; and increases were in the central area,
Qinling Mountains in Shaanxi, and Daba Mountain area, which exhibited the fastest growth
rate. Similar to spring, SSD in autumn also decreased. The regions with the fastest decline
rate were mainly in northern Gansu, central Henan, and the areas around Shennongjia in
Hubei. In winter, the SSD in most areas increased and the growth rate in the center was the
fastest. The areas with reduced SSD were concentrated in the west.

In Sichuan, Shaanxi, Hubei, Henan, and Chonggqing, the rate of change of SSD in
each season was consistent, showing a “N” pattern, with the maximum in winter and the
minimum in autumn. The rate of change showed a “V” pattern, only in Gansu, with the
maximum appearing in winter and the minimum in autumn.

3.3. Response of FVC Change to Climatic Factors
3.3.1. Response of FVC Change to a Single Climate Factor

The correlation coefficients between the annual, and seasonal average FVC and average
TEM, PRE, and SSD were calculated (Table 9). Overall, from 2000-2020, the annual average
FVC of the QBM was positively correlated with TEM and PRE but negatively correlated
with SSD, with the correlation with TEM being stronger than those with PRE and SSD.
From the perspective of each season, FVC was positively correlated with average TEM,
with the strongest correlation in spring. The FVC was positively correlated with PRE in
all seasons except winter. In contrast to PRE, only SSD in winter had a weak positive
correlation with FVC and the other seasons had a negative correlation, with the maximum
value appearing in autumn. The above results show that the vegetation coverage in the
QBM is greatly affected by TEM, whereas the influence of PRE and SSD is relatively weak.
However, in spring, the impact of PRE may be more obvious than that of the average TEM,
whereas in autumn and winter, it is more affected by SSD.

Table 9. Correlation coefficient between FVC and climatic factors in the QBM.

QB SC SX HB HN GS CcQ
TEM 0.26 0.22 0.24 0.29 0.25 0.32 0.41
Year PRE 0.18 0.25 0.09 0.10 —0.05 0.44 0.09
SSD —0.20 —0.01 —0.05 —0.33 —0.36 —0.39 —0.23
TEM 0.22 0.25 0.21 0.10 0.07 0.36 0.37
Spring PRE 0.35 0.26 0.35 0.37 0.27 0.50 0.27
SSD —0.10 0.04 —0.03 —0.20 —0.34 —0.08 —0.10
TEM 0.04 0.03 0.08 0.06 0.14 —0.06 0.09
Summer PRE 0.05 0.06 —0.02 —0.03 —0.08 0.29 0.00
SSD —0.05 0.13 0.01 —0.08 —0.06 —0.26 —0.03
TEM 0.19 0.18 0.22 0.17 0.05 0.25 0.22
Autumn PRE 0.09 0.09 0.03 0.09 0.16 0.14 0.21
SSD —0.24 —0.14 —0.13 —0.30 —0.29 —0.38 —0.33
TEM 0.09 0.06 0.03 0.08 0.23 0.13 0.11
Winter PRE —0.09 —0.11 —0.11 —0.01 0.00 —0.16 0.05
SSD 0.15 0.21 0.20 0.05 0.07 0.13 0.26

Figure 12 shows the spatial distribution of the correlation between the annual average
FVC and the annual average TEM, PRE, and SSD in the QBM from 2000-2020. Over the
21 years, there was a positive correlation between the annual average FVC and the annual
average TEM in nearly 90% of the regions (Table 10), especially in the south of Gansu
and northeast of Henan. A generally weak negative correlation was mostly observed in
the southern region, Guangyuan; however, the negative correlation was generally weak
(Figure 12a). This shows that the increase in TEM in most parts of the study area over
the past 21 years was conducive to the growth and development of vegetation, thereby
promoting an improvement in regional vegetation coverage.
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Figure 12. Spatial distribution of the correlation between annual FVC and climatic factors in the QBM
from 2000-2020: (a) TEM; (b) PRE; (c) SSD.

Table 10. Area proportion of correlation level between FVC and climate factors/%.

1 2 3 4 5
L ;. . No significant Significant Negative No significant .
Significant Positive Correlation Positive Correlation Correlation Negative Correlation No Correlation
TEM 21.10 68.95 0.20 9.02 0.73
PRE 18.55 55.69 0.27 24.75 0.73
SSD 0.26 25.32 20.57 53.13 0.73

Overall (Figure 12b), the annual average FVC was positively correlated with the annual
PRE, mainly in the western region. The strongest positive correlation was in southern
Gansu and western Sichuan. Approximately 26% of the regions have a negative correlation
between the two, which was mainly distributed in the eastern region, particularly in
Nanyang, Henan. This indicates that in the western region the increase in PRE over
21 years has improved regional vegetation coverage, whereas in the east, the reduction in
PRE has increased vegetation coverage.

In the last 21 years, 73.70% of the region’s annual average FVC had a significant
negative correlation with the annual SSD (Figure 12c), which was concentrated in the
northwest and east. In contrast, the proportion of positive correlation between them was
mainly in the central region, but this correlation is weak. This shows that in the 21 years, the
increase in annual SSD has played a weak role in promoting the improvement of regional
vegetation coverage only in the central region. The reduction in annual SSD in other regions
has greatly improved regional vegetation coverage.

For more than 80% of the regions, there was a positive correlation between the average
FVC and the average TEM in the same season in spring and autumn (Table 11), mainly in
the north and west (Figure 13). The negative correlation was mostly to the east of Ankang,
and in autumn was mainly at the edge of the Sichuan Basin and around the mountains in
western Henan. In summer and winter, the proportion of FVC positively correlated with
the seasonal average TEM was in the range of 60%-70%, but this correlation was weak.
In summer, the positive correlation area was concentrated east of Hanzhong, while the
negative correlation area was in the south of Gansu. In winter, the positive correlation
region was mainly in the northwest and northeast, while the negative correlation was in
the central region. In spring, summer, and autumn, the increase in regional vegetation
coverage was promoted by an increase in TEM in the concurrent season. A decrease in
the average TEM in the concurrent season was more conducive to the improvement of
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vegetation coverage in only a few areas. In contrast, in winter, although the TEM in most
areas dropped, vegetation coverage still improved.

Table 11. Area proportion of correlation level between FVC and TEM/ %.

1 2 3 4 5
s ;. . No significant Significant Negative No significant .
Significant Positive Correlation Positive Correlation Correlation Negative Correlation No Correlation
Spring 17.75 64.88 0.19 15.80 1.38
Summer 1.52 59.48 1.54 37.24 0.22
Autumn 10.88 71.42 0.27 16.97 0.45
Winter 3.66 62.41 0.14 31.50 2.29
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Figure 13. Spatial distribution of the correlation between seasonal FVC and TEM in the QBM from
2000-2020.

Figure 14 shows that from spring to winter, the proportion of positive correlation area
between seasonal average FVC and PRE in the concurrent season decreased, indicating
that the negative correlation between them gradually increased. In spring, regions with
a negative correlation accounted for less than 6% (Table 12). In summer and autumn, the
proportion of the area with a positive correlation between FVC and PRE was 55%—68%, but
the correlation was slightly weak. In winter, the area of negative correlation was twice that
of positive correlation, and it was strong in Tianshui, Baoji, and Mianyang. For the western
region, regardless of the season, an increase in PRE promoted the improvement of regional
vegetation coverage. In most areas, the winter PRE decreased, but the vegetation coverage
in the current season continued to increase, indicating that the reduction in winter PRE
may be beneficial to the growth of vegetation.

From the correlation between FVC and SSD in each season, it was found that the
area with negative correlation was largest in autumn, followed by spring and summer,
and the area with positive correlation was largest in winter (Table 13). In spring, the
negative correlation was mostly in the east, particularly in Henan (Figure 15). The areas
with strong negative correlation in summer were concentrated in northwest Gansu. In
autumn, the negative correlation area was mainly in the east and west, and the negative
correlation was strong. The proportion of the negative correlation area in winter was less
than 30%. Although it was distributed in the west and east, it showed a weak negative
correlation. Combined with the change trend of seasonal SSD, it was found that there was
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a decreasing trend in the negative correlation regions, indicating that for most regions, its
shortening promotes regional vegetation coverage. However, for the central and Daba
Mountain regions, the increase in SSD in winter was more beneficial to the increase in
vegetation coverage.
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Figure 14. Spatial distribution of the correlation between seasonal FVC and PRE in the QBM from
2000-2020.

Table 12. Area proportion of correlation level between FVC and PRE/%.

1 2 3 4 5
i ses . No significant Significant Negative No significant .
Significant Positive Correlation  po it e Correlation Correlation Negative Correlation No Correlation
Spring 34.84 59.76 0.05 3.96 1.38
Summer 8.84 47.02 231 41.61 0.22
Autumn 6.22 60.89 1.13 31.32 0.45
Winter 1.01 32.19 4.62 59.89 2.29

Table 13. Area proportion of correlation level between FVC and SSD/%.

1 2 3 4 5
s I, . No significant Significant Negative No significant .
Significant Positive Correlation Positive Correlation Correlation Negative Correlation No Correlation
Spring 0.45 34.51 7.11 56.54 1.38
Summer 2.70 41.98 7.93 47.15 0.23
Autumn 0.41 17.77 23.69 57.67 0.47
Winter 11.08 62.09 0.39 24.16 2.29

3.3.2. Main Climate Factors of FVC Change

From the above analysis, it can be seen that there are obvious differences in the
response of FVC in different regions to changes in a single climate factor. Therefore, a
multiple regression analysis method was adopted to calculate the relative importance
of each factor to FVC change pixel-by-pixel. In the 21 years in the QBM, the relative
importance of the annual average TEM (0.33) to FVC was greater than that of PRE (0.17)
and SSD (0.20) (Table 14) However, there were clear regional differences in the spatial
distribution of the dominant factors. The areas dominated by TEM are mainly in the central
and eastern regions. The areas mainly controlled by PRE change are in western Sichuan,
southern Gansu and western Shaanxi, whereas the northwest and east were most affected
by SSD (Figure 16a).
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Figure 15. Spatial distribution of the correlation between seasonal FVC and SSD in the QBM from

2000-2020.

Table 14. Relative importance index of climate factors in the QBM.

OB e SX HB HN GS CcQ

TEM 0.33 021 0.30 045 0.37 0.36 0.49

Year PRE 0.17 0.27 0.17 0.05 —0.01 0.26 0.18
SSD ~0.20 0.07 —0.05 —0.46 —0.46 —031 ~0.20

TEM 0.27 0.22 0.24 0.33 0.36 0.27 0.42

Spring PRE 0.32 0.27 0.38 0.37 0.16 0.40 022
SSD —0.09 0.06 0.03 —022 —0.44 —0.06 ~0.16

TEM 0.10 0.00 0.11 0.18 0.29 0.03 0.18

Summer PRE 0.04 0.08 0.00 —0.06 —0.08 0.20 0.05
SSD —0.09 0.15 —0.05 —0.24 —028 ~0.19 ~0.10

TEM 0.18 0.17 0.23 0.15 0.07 0.20 0.18

Autumn PRE —0.08 —0.04 —0.14 —0.05 0.02 —0.12 0.07
SSD —0.26 —0.13 —0.19 —0.29 —0.28 —041 —026

TEM 0.06 0.02 —0.01 0.07 0.26 0.06 0.11
Winter PRE —0.09 —0.10 —0.12 —0.02 0.03 —0.14 —0.11

SSD 0.11 0.22 0.19 0.04 —0.04 0.03 0.32

In combination with various regions, Sichuan has the largest relative importance and
area proportion of the PRE (Figure 17a), mainly in western Sichuan. Although Shaanxi and
Chongqing were more affected by TEM, Hanzhong was mainly controlled by PRE. In Hubei
and Henan, the difference between the relative importance index of SSD and the average
TEM was small, indicating that the regional annual FVC change was a result of their joint
influence. However, in Shiyan and Zhengzhou, the change in FVC was mainly controlled
by TEM. In contrast to other regions, the relative importance index of the three climate
factors in Gansu was basically the same, which indicates that the annual FVC changes in
this region were affected by the three factors together. The south was mainly controlled
by PRE, the central and eastern regions are more affected by TEM, and the rest are more

affected by SSD.

132



Forests 2023, 14, 425

Climate factor
. e
TEM
B sso M 7T lkm
0 60120 240 360 480
[] Nodata

Figure 16. Main climate factors of average FVC in the QBM. (a) Year; (b) Spring; (c) Summer;
(d) Autumn; (e) Winter.
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Figure 17. Proportion of the main control area of climate factors in the QBM. (a) Year; (b) Spring;
(c) Summer; (d) Autumn; (e) Winter.

In the past 21 years, the climatic factors leading to FVC changes in the QBM have
changed significantly during different seasons. In spring, the QBM was more affected
by TEM and PRE (Figure 17b). The former mainly affects the high-altitude areas at the
edge, while the latter mainly affects the middle and low-altitude areas in the central and
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west (Figure 16b). In summer, although the difference in their relative importance index
was small, the area dominated by SSD was the largest proportionally (Figure 17¢c). In
autumn, the relative importance of TEM and SSD was greater. The former was mainly
in the east of Shaanxi, whereas the latter is distributed in the east and west (Figure 16d).
It was most affected by SSD in winter, which was concentrated in the south of Qinling
Mountains (Figure 16e).

In addition, the changes in dominant climate factors in different seasons in different
regions were also obvious. In spring, Sichuan, Gansu, Shaanxi, and Hubei were affected
by TEM and PRE. The importance index of SSD in Henan was the largest, and the TEM in
Chongging was the largest.

In summer, the relative importance of TEM and PRE weakened, while the influence of
SSD generally increased. In Sichuan and Gansu, SSD and PRE had a relatively significant
influence on FVC changes. Henan and Hubei were affected by SSD and TEM. Chongqing
was mainly affected by TEM changes. Although the relative importance of TEM in Shaanxi
was the largest, the area dominated by PRE was larger than that dominated by TEM. The
change in FVC during the summer in this area may be the result of their joint influence.

In autumn, the relative importance of TEM and SSD on FVC changes in most regions
increased, SSD more than TEM, but the impact of PRE remained weak. In Sichuan, the
relative contribution rate of TEM was greater than that of SSD and PRE, but the areas
dominated by the latter two were greater than those of TEM, indicating that the region is
jointly influenced by the three factors. In Shaanxi, the relative contribution rate of TEM
was the largest, but the area under the main control of SSD was the largest, indicating that
the region was jointly affected by TEM and SSD. In Hubei, Henan, Gansu and Chongqing,
the change of FVC in autumn in these regions was mainly affected by SSD.

In winter, the relative importance of TEM decreased, the importance of PRE in some
areas increased, and SSD increased and decreased. In Sichuan and Shaanxi, FVC in winter
was most influenced by SSD, mainly in the north of the Sichuan Basin and Hanshui Valley,
whereas other areas were significantly affected by PRE. In Henan, Chongging, and Gansu,
the most important factors were TEM, SSD, and PRE. Although the relative importance of
the winter TEM in Hubei was the greatest, the main area affected by PRE was greater. This
shows that the FVC changes in winter in this region were the result of the joint action of
TEM and PRE.

4. Discussion

Vegetation activity on a global scale is showing an upward trend [24]. Many studies
have shown that in the past 20 years, China’s vegetation has been restored, and vegetation
coverage has shown a significant increase. However, the average vegetation coverage and
its dynamic change trends show obvious spatial heterogeneity. In general, the vegetation
coverage in southeast China is higher than that in northwest China. At the same time, the
growth trends of the central, eastern, and southwest regions are significant (such as Shaanxi,
Gansu, Chongging, and surrounding regions). This may be related to changes in climate
conditions and the adjustment of human activities, such as ecological restoration [25,26].
However, for regions such as the southeast of the Qinghai Tibet Plateau and the northwest
Sichuan Plateau, as well as large urban agglomerations with developed economies, because
of the terrain, hydrothermal conditions, urban development, and population expansion,
the vegetation has showed a significant degradation trend [27-29]. Based on MODWAS
NDVI data, this study analyzed the dynamic changes in FVC in the QBM from 2000-2020.
The results showed that vegetation coverage in the QBM was relatively high and showed
a significant increasing trend over this period. The regions with rapid growth rates are
mainly in the east of Shaanxi, south of Gansu, central Sichuan, and Chonggqing. There are a
few scattered areas with degraded vegetation in Chengdu and Aba in Sichuan, Hanzhong
in Shaanxi, Shiyan in Hubei, Luoyang in Henan, and other urban areas. This result is
consistent with the above conclusions.
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Changes of climate conditions are widely considered important abiotic factors in the
spatial distribution and dynamic change of vegetation [30-32]. In this study, the annual
average TEM was the main driving factor for changes in vegetation coverage in the QBM.
The annual average FVC value increased with an increase in annual average TEM. There
was a positive and negative correlation between annual PRE and annual SSD,respectively,
but these were relatively weak. The area mainly controlled by TEM is in the southern
foothills of Qinling and Daba Mountains, and the area mainly controlled by PRE is in the
western high-altitude area. The areas dominated by SSD are in the eastern, northwestern,
and northern edges of the Sichuan Basin. Previous studies have shown that before reaching
a threshold, an increase in TEM promotes photosynthesis, prolonging the growth cycle
of vegetation, and thus promoting vegetation growth [33,34]. Gao [35] confirmed the
reliability of these results. His research results show that in southeast and southwest
China, dynamic change in vegetation is most significantly controlled by TEM. These areas
have abundant rainfall, short SSD,and relatively high soil moisture content; therefore, the
relationship between vegetation activity and TEM was closer. However, for the northern
and northwestern regions of China, changes in vegetation cover are most closely related
to PRE and SSD [36-39]. Most of these areas are arid and semi-arid, with long sunshine
duration and vegetation growth limited by available moisture. Therefore, an increase in
PRE and decrease in SSD can offset the negative impact of TEM rise on vegetation growth,
and increase regional vegetation coverage by promoting vegetation growth. However,
the results of Kong'’s study in the Northern Hemisphere for nearly 30 years showed that
temperature is a major factor in vegetation greening at high latitudes, especially spring and
autumn temperature in North America and Siberia. Solar radiation corresponds well with
vegetation trends in northern North America and eastern China [40]. The differences in
these results may be related to the differences in the study period and region.

However, under different space-time scales, the main driving factors of changes in
vegetation coverage are also different, which is often ignored. Relevant research has shown
that dynamic change in vegetation in most regions of China gives the strongest response to
spring TEM, whereas its positive and negative correlations with PRE vary from place to
place [41,42]. The present study found that, in the QBM, the positive correlation between
changes in vegetation coverage in spring and PRE was stronger, the relative impact of the
three climate factors was smaller in summer, and the impact of SSD was the greatest in
autumn and winter. Qi [18] also confirmed the reliability of the results in Qinling area. The
results showed that the vegetation growth in the north and south of Qinling Mountains
was significantly affected by changes in dry and wet conditions in spring and summer, and
that the moisture in spring could promote vegetation growth.

Changes in vegetation coverage are the result of the comprehensive action of climatic
and non-climatic factors. In the present study, only climatic factors were considered when
focusing on the factors driving changes in vegetation coverage in the QBM. Many other
environmental factors also affect the spatial heterogeneity of vegetation dynamic activities,
including terrain, soil conditions, and CO, concentration. For example, Liu [43] showed
that vegetation coverage in the karst region in southwest China is greatly affected by
elevation and slope, and vegetation degradation mainly occurs on low-altitude gentle
slopes. Shang [44] showed that different soil types could cause differences in vegetation
types and attributes. Piao [45] showed that the increase in atmospheric CO; concentration
and nitrogen deposition are the most likely reasons for the greening trend in China over the
past three decades. Therefore, the impact of environmental factors on vegetation should be
fully considered in future research.

In addition, on a short time scale, the impact of anthropogenic activities on vegetation
growth is very important. In China, the improvement of vegetation coverage in most areas
is largely due to the implementation of ecological projects, such as returning farmland
to forests/grass, artificial afforestation and grass planting, comprehensive management
of rocky desertification [46,47], and appropriate agricultural management measures [48].
However, various human development and utilization activities, such as urban expan-
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sion, massive transfer of construction land, illegal logging, and overgrazing have led to
the destruction of surface vegetation to a certain extent [49]. This negative impact was
particularly evident in large urban agglomerations [24]. Therefore, in subsequent research,
it is necessary to quantitatively analyze and evaluate the driving role and mechanism of an-
thropogenic factors in regional change in vegetation coverage. Furthermore, the separation
of the relationship between climatic factors and anthropogenic activity factors will also be
the focus of future work.

5. Conclusions

In the present study, we revealed the dynamic change characteristics of vegetation
coverage in the QBM of China from 2000-2020 and its response to major climate factors
and analyzed the changes in the importance of three climate factors to these changes. The
overall distribution of vegetation coverage in the QBM shows a spatial pattern of “low in
the east and west and, high in the central.” In the past 21 years, regional vegetation coverage
has continuously improved, with a faster rising trend in winter and spring. TEM showed
a spatial distribution pattern that was low in the northwest and high in the southeast,
with an obvious warming trend, and warming faster in summer and autumn. The spatial
distribution of PRE gradually decreased from southeast to northwest. The fluctuation
increased in 21 years, with the fastest growth rate occurring in spring. SSD generally
showed the distribution characteristics of low in the south and high in the north, with a
decreasing trend in fluctuation, and the largest decreasing rate in autumn.

The results showed that in the past 21 years, in most areas of the QBM, the change
in vegetation coverage was positively correlated with TEM, negatively correlated with
SSD, and both positively and negatively correlated with PRE. On an annual scale, the
area mainly affected by TEM accounts for approximately 44% of the study area and was
mainly in the central and eastern regions. The SSD was the main controlling factor affecting
the vegetation coverage change in the northwest and east regions. Water condition was
the main factor affecting changes in vegetation coverage in western Sichuan, southern
Gansu and Hanzhong in Shaanxi. On a seasonal scale, the area dominated by PRE in
spring was larger. In summer, the relative importance of TEM and PRE began to weaken,
but the area dominated by SSD expanded significantly. In autumn, the influence of TEM
and SSD increased, and SSD was the main factor affecting vegetation coverage in most
areas. Although the relative importance of the three factors was greatly reduced in winter,
SSD remained the main controlling factor for the change in vegetation coverage in most
regions. The research results are helpful in understanding the impact of climate factors on
vegetation coverage change in the north-south transitional region of China to better carry
out vegetation restoration and protection against the background of global climate change.
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Abstract: In the Yangtze River Delta urban agglomeration, which is the region with the highest
urbanization intensity in China, the development of cities leads to changes in land surface temperature
(LST), while vegetation phenology varies with LST. To investigate the spatial and temporal changes
in vegetation phenology and its response to LST in the study area, this study reconstructed the
time series of the enhanced vegetation index (EVI) based on the MODIS EVI product and extracted
the vegetation phenology indicators in the study area from 2002 to 2020, including the start of the
growing season (SOS), the end of the growing season (EOS), and the growing season length (GSL),
and analyzed the temporal-spatial patterns of vegetation phenology and LST in the study area,
as well as the correlation between them. The results show that (1) SOS was advanced, EOS was
postponed, and GSL was extended in the study area from 2002 to 2020, and there were obvious
differences in the vegetation phenology indicators under different land covers and cities; (2) LST was
higher in the southeast than in the northwest of the study area from 2002 to 2020, with an increasing
trend; and (3) there are differences in the response of vegetation phenology to LST across land covers
and cities, and SOS responds differently to LST at different times of the year. EOS shows a significant
postponement trend with the annual mean LST increase. Overall, we found differences in vegetation
phenology and its response to LST under different land covers and cities, which is important for
scholars to understand the response of vegetation phenology to urbanization.

Keywords: vegetation phenology; land surface temperature; land covers; temporal-spatial pattern;
partial correlation

1. Introduction

The rapid development of human society and economy has led to accelerated urban-
ization and continuous changes in the global climate [1,2]. As a result, the environment of
urban areas has been greatly affected, including urban heat stress, urban pollution, and
urban ecological changes [3]. One of these effects is the increase in land surface temperature
(LST) [4]. With the changes in LST, corresponding changes in vegetation phenology in these
areas are induced, which in turn affects the energy, carbon, and water cycles; vegetation
dynamics; and public health, among others [5-9].

Vegetation phenology is the seasonal timing of plant growth and reproduction such as
budding, leaf development, flowering, fruiting, yellowing, and so on, and is influenced by
a combination of environmental factors such as the climate, hydrology, soil, and human
activities [10-13]. Vegetation phenology is highly sensitive to environmental change, and it
can also regulate climate by altering the exchange of energy, water, and carbon between the
land surface and the atmosphere [14-16]. With the emergence of global warming, a large
number of scholars have found that vegetation phenology changes with temperature, and
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the main trend is that as the temperature increases, the start of the growing season (SOS) is
advanced, the end of the growing season (EOS) is delayed, and the growing season length
(GSL) is extended [17-20].

The changes in the underlying surface in urban construction, especially the increase in
impervious surfaces and buildings made of asphalt, cement, and other materials, lead to an
increase in the temperature in these areas [21]. Scholars have conducted a lot of research on
the impact of urbanization on vegetation phenology, which mainly focuses on the changes
in LST and vegetation phenology in cities and the surrounding areas due to the intensity of
urbanization, urban-rural differences, and so on. Some scholars found that the effect of
urban climate on vegetation phenology decayed exponentially with distance from urban
areas [22]; others found that the effect of urbanization on phenology is related to LST [23].
Many of these studies have shown that the changes in LST are closely related to the changes
in vegetation phenology and that vegetation phenology responds differently to LST in
different cities [24]—SOS and EOS tend to change as the LST rises [5,23-25]. At the same
time, the temperature sensitivity of vegetation phenology tends to decrease with increasing
LST, such as when LST increases; changes in vegetation phenology in areas with higher
LST tend to be less pronounced than changes in areas with lower LST [26]. In addition,
due to inter-city heterogeneity, there are some differences in the vegetation phenology of
different cities [27]. However, there may be similar differences in the response of vegetation
phenology to environmental factors under different land covers [28]. Previous studies
have estimated that vegetation phenology in China can be affected by cities over an area
of up to 20 km [29] and that these areas may encompass a wide range of different land
covers. Meanwhile, previous studies on urban vegetation phenology have focused on the
urban-rural gradient, whereas urban agglomerations, as areas with a large concentration of
population and economy, are bound to have an impact on vegetation phenology due to the
strong human activities within them and the expansion of the city limits, which cannot be
ignored. Therefore, it is necessary to conduct an analysis from the perspective of different
land covers and cities within the urban agglomerations. By studying LST and vegetation
phenology under different land covers and cities, we can reveal the changing pattern and
response relationship between vegetation phenology and LST in different land covers and
cities and help residents better cope with urbanization and environmental changes.

In summary, vegetation phenology often responds to changes in LST, and changes in
LST and vegetation phenology, as well as the response of vegetation phenology to LST, may
vary under different land covers and different cities. We aimed to analyze the changes in
LST, vegetation phenology, and the response of vegetation phenology to LST for different
land covers and different cities in the Yangtze River Delta urban agglomeration from 2002
to 2020. We extracted vegetation phenology indicators (SOS, EOS, and GSL) for the Yangtze
River Delta urban agglomeration from enhanced vegetation index (EVI) data. We combined
phenological indicators with LST data to explore (1) the spatial and temporal changes in
vegetation phenology and LST of different land covers and different cities in the Yangtze
River Delta urban agglomeration during 2002-2020 and (2) the response of vegetation
phenology to LST under different land covers and different cities.

2. Materials and Methods
2.1. Study Area

The Yangtze River Delta Urban Agglomeration (29°20'-32°34' N, 115°46'-123°25' E),
located in the lower reaches of the Yangtze River Basin, on the west coast of the Pacific
Ocean, has a well-developed regional economy. The area includes 26 cities—Shanghai; Nan-
jing, Wuxi, Changzhou, Suzhou, Nantong, Yancheng, Yangzhou, Zhenjiang, and Taizhou in
Jiangsu Province; Hangzhou, Ningbo, Jiaxing, Huzhou, Shaoxing, Jinhua, Zhoushan, and
Taizhou in Zhejiang Province; and Hefei, Wuhu, Ma’anshan, Tongling, Anging, Chuzhou,
Chizhou, and Xuancheng in Anhui Province. The climate is predominantly subtropical
monsoon, warm, and humid all year round; the average annual temperature is 15-17 °C,
and the average annual precipitation is about 1000-1800 mm. The main crops are rice,
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winter wheat, and maize. Forest vegetation types are mainly mixed evergreen deciduous
broad-leaf forests, green broad-leaved forests, and temperate deciduous broad-leaved
forests. The land cover in the northern part of the study area is dominated by cropland
and the southern part is dominated by forests, while large areas of impervious surfaces
still exist in cities such as Shanghai, Nanjing, Suzhou, etc. The land cover in the entire
study area is mainly composed of three types: cropland (46.38%), forests (26.70%), and
impervious surfaces (6.31%), and the other types (water is not taken into account) are very
few and can be ignored (Figure 1).
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Figure 1. Land cover conditions in the Yangtze River Delta urban agglomeration in 2002-2020. “Land
covers change” for areas where there has been a change in land covers from 2002 to 2020. Others for
no change in land cover from 2002 to 2020.

2.2. Data
2.2.1. EVI Data

Enhanced vegetation index data were obtained from MOD13Q1 vegetation index data
provided by the National Aeronautics and Space Administration (NASA), which contains
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both normalized difference vegetation index (NDVI) and EVI data, and we extracted
phenology indicators from the EVI data. Compared to NDVI data, EVI data not only
removes the influence of the vegetation canopy background but also reduces the influence
of atmospheric and soil noise and mitigates the oversaturation problem of NDVI [30]; it is
more sensitive to changes in dense vegetation [31]. The data have a temporal resolution of
16d and a spatial resolution of 250 m. We used the data from 2001 to 2021, in which the
Yangtze River Delta urban agglomeration covered four image strips, thus containing a total
of 1932 images for 21 years (the extraction of vegetation phenology indicators requires the
extraction of vegetation phenology parameters for the intermediate year using at least three
consecutive years of vegetation index data; for example, extracting vegetation phenology
indicators for 2002 requires the use of vegetation index data for 2001-2003.

2.2.2. LST Data

We considered the following two factors: (1) LST is closely related to both urbanization
and vegetation phenology [8,32,33]; (2) urban ecosystems are affected by both global
warming and urbanization compared to natural ecosystems, and in previous studies of
vegetation phenology, atmospheric temperature was more often used to reflect changes in
background climate due to global warming, whereas LST was more often used to reflect
changes in temperature due to urbanization because of the significant impact of changes
in the subsurface caused by urbanization [34]. Therefore, we used LST data instead of
atmospheric temperature data. The LST data used comprised a daily 1 km all-weather
land surface temperature dataset for China’s landmass and its surrounding areas (TRIMS
LST; 2000-2022) [35-38]. The dataset was prepared following an enhanced satellite thermal
infrared remote sensing—reanalysis data integration method. The data are an all-weather
high-quality LST dataset with good precision and quality, having a high agreement with the
daily 1 km Terra/Aqua MODIS LST product, which is now widely used in academia every
day. The difference between clear-sky and non-clear-sky conditions is not significant. The
mean bias deviation (MBD) of the dataset is 0.09 K and 0.03 K, and the standard deviation
of bias (STD) is 1.45 K and 1.17 K for daytime and nighttime when using MODIS LST as
a reference. The spatial resolution is 1 km and seamless, and the temporal resolution is
4 times a day throughout 2000-2021—of which we use the data from 2001 to 2020—and
the data of each year are divided into four periods: the winter (including December of the
previous year and January and February of the current year), March, April, and the annual
mean because previous studies have shown that the SOS response is more pronounced in
winter and spring temperatures [39,40]; additionally, considering that SOS in the study area
occurs mainly before May, the response of SOS to May temperatures is negligible, whereas
EOS occurs later and may be affected by year-round temperatures [27]. Using LST data
from different time periods, we analyze the response of SOS to winter, March, and April
LSTs and the response of EOS to the annual average LST.

2.2.3. Precipitation Data

We used precipitation data—a new daily gridded precipitation dataset for the Chinese
mainland based on gauge observations [41-43]. The dataset is based on daily precipitation
observations at the station and is prepared by applying monthly precipitation constraints
and topographic corrections based on the idea of precipitation background field and
precipitation ratio field construction. The dataset precision and quality are good and in
good agreement with currently used precipitation datasets (CGDPA, CN05.1, and CMA
V2.0). The spatial variability of precipitation can be better characterized. The median
correlation coefficient between the daily valued time series of the dataset and the daily
valued precipitation observations at the high-density sites was 0.78, the median root-mean-
square error (RMSE) was 8.8 mm/d, and the median Kling-Gupta efficiency (KGE) value
was 0.69. The spatial resolutions are 0.1°, 0.25°, and 0.5°, and the temporal resolution
is 1 time per day, of which we used the 2001-2020 data with a spatial resolution of 0.1°.
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Similar to the LST data, we also divided the precipitation data for each year into four time
periods—winter, March, April, and the annual mean.

2.2.4. Land Cover Data

We used land cover data—the 30 m annual land cover datasets and dynamics in China
from 1985 to 2022 [44]. The data are based on satellite image data, China land use/cover
datasets, third-party validation data, and existing year-by-year land use/cover data, and
are obtained through a series of processes, such as the generation of training and test
samples, the construction of yearly input features, the checking of classifications and spatial
and temporal consistency, the assessment of accuracy, and the comparison of products.
The overall precision is 76.45% < overall accuracy (OA) < 82.51%, with an average OA of
79.30 + 1.99%. The data are better than MCD12Q1 and ESACCI_LC in terms of overall
precision for all years. The data span the period of 1985-2021 with a spatial resolution of
30 m and a temporal resolution of 1 year. We used data from 2002 to 2020 in it.

2.3. Methodology

We explored the response of vegetation phenology to LST using the proposed frame-
work in Figure 2. Firstly, we collected and preprocessed datasets from different years,
including EVI data, land cover data, and LST data; secondly, we extracted the vegeta-
tion phenology indicators SOS, EOS, and GSL from the EVI data; thirdly, we used these
datasets to analyze the spatial and temporal patterns of vegetation phenology and LST
and the correlation between vegetation phenology and LST in different cities and different
land covers.

2.3.1. Reconstruction of Vegetation Index Time Series

Although the MOD13Q1 data have been subjected to noise rejection, data acquired
through remote sensing are inevitably affected by the sensors themselves, as well as by
atmospheric aerosols and clouds, resulting in a reduction in the precision of the data.
Therefore, we need to reconstruct the vegetation index time series as well as smoothing.
Commonly used methods for vegetation index time series reconstruction include the
adaptive Savitzky-Golay filtering (5-G) [45], the fits to asymmetric Gaussians (A-G) [46],
the double Logistic function [47], and so on.

It was found that the A-G fitting algorithms not only generate more consistently recon-
structed NDVI time series to the original NDVI temporal curve, but also perform extremely
similarly to keep the fidelity of high-quality NDVI samples, and their fitting NDVI series
are better [48]. Therefore, we used the A-G method to reconstruct the vegetation index time
series. Firstly, we extracted the values of all remotely sensed images for a given year at the
same location. Then, we fitted the values at that location using the A-G method to obtain a
continuous time series curve for one year at that location.

The method fits the vegetation data with a local model function based on the interval
between the maximum and minimum values in the time series. The local model function is
as follows:

f(t) = f(t,e,m) = a+bg(t;m) (1)

where the base level and the amplitude are determined by the linear parameters c = (a, b)
and the shape of the basis function g(t, m) is determined by the nonlinear parameters m =

(m1, my, ..., mp). The basis function of the asymmetric Gaussian function is:
— m3
exp[—(tm’;”) ]t>m1
g(tbmy,my,..., ms) = ey A 5 (3]
exp[f( m41) ]t<m1

where m; is used to determine the position of the maximum or minimum for the indepen-
dent time variable t; my and m3 determine the width and flatness (kurtosis) of the right
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function half; and m4 and m5 determine the width and flatness of the left half. The time
series in the whole time interval [t tr] is modelled using the global function F(t), F(t) is

where a(t) and B(t) are cut-off functions that in small intervals around (t;, + tc)/2 and
(tc + tr)/2, respectively, smoothly drop from 1 to 0. f1.(t), fc(t), and fr(t) are local model
functions fitted to the left minimum, the central maximum, and the right minimum, re-
spectively, and are located in the interval [t, tr]. By merging local functions into global
functions, it is possible to ensure that the fitting function follows the time series while

E(t) = {lx(t)fL(t) + 1 —a(t)]fe(htL <t <tc
Bt fe(t) +[1 - BB)lfr(t)tc <t <tr

increasing flexibility [46].
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Figure 2. Research framework and workflow of this study. EVI: enhanced vegetation index. LST: land
surface temperature. A-G: the fits to asymmetric Gaussians.
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2.3.2. Extraction of Vegetation Phenology Indicators

It was found that vegetation phenology indicators derived from MODIS vegetation
index data were in good agreement with field observations in terms of absolute errors and
time trends [49,50]. The vegetation phenology indicators we used were SOS, EOS, and GSL.
Common methods used in previous studies to extract these indicators include thresholding,
curve fitting, maximum rate of change, and so on.

Among them, the dynamic threshold method within the threshold method has better
adaptability, and considering that the EVI in the city is lower compared with that in the
countryside, the use of the fixed threshold method will lead to errors in the obtained
phenological indicators, and previous studies have shown that the vegetation phenology
extracted using the dynamic threshold method is consistent with the time recorded at the
observatory [51]. Therefore, we adopted the dynamic threshold method to extract vegeta-
tion phenology parameters; that is, the time when the fitted curves on the left and right
sides reached a certain proportion of the seasonal amplitude was taken as SOS and EOS,
respectively, and the difference between EOS and SOS was taken as GSL. When scholars
initially proposed the dynamic threshold method, they suggested that the SOS and EOS
thresholds be set at about 20% of the annual amplitude of the NDVI [46]; in other studies,
scholars adopted 20% as the thresholds for SOS and EOS based on previous experience
when studying the vegetation phenology of 32 major Chinese cities [23]. When studying
the climatic changes in a typical vegetation sample area of the northern Tibetan Plateau, the
SOS threshold was set at 10% and the EOS threshold at 20% based on previous experience
and a large number of experiments [52]. In the study of vegetation climate change in
Zhejiang Province, based on the characteristics of high vegetation cover and incomplete
symmetry of vegetation growth curves in Zhejiang Province, the SOS threshold was set at
30% and the EOS threshold at 15% on the basis of a large number of experiments [51]. In
conclusion, it is more flexible in using the dynamic threshold method to extract vegetation
phenology parameters. Considering that Zhejiang Province is located in the southern part
of the study area, with large forested areas and high vegetation coverage, this paper adopts
the thresholds set by scholars in extracting the vegetation phenology in Zhejiang Province,
with 30% as the SOS threshold and 15% as the EOS threshold for extracting the phenology
indicators. Since the vegetation phenology indicators extracted from remotely sensed
data may go beyond the range of vegetation physiological periods and lead to errors, to
eliminate the uncertainty caused by these errors, the SOS and EOS were limited to 50-180
days and 240-330 days, respectively.

2.3.3. Methods of Statistical Analyses
1.  Partial correlation analysis
Since temperature and precipitation are two important influences on vegetation phe-
nology, and the effect of precipitation cannot be ignored in the analysis of vegetation
phenology, we analyzed the correlation between vegetation phenology and LST after ex-
cluding the precipitation factor by partial correlation analysis, with the following formula:
Cyx — CyzC
Cyexz = X yzCxz )

(l - cﬁz) (1—c3)

where cyx is the partial correlation coefficient between i and x after the control variable z,
cyx is the correlation coefficient between y and x, y is the vegetation phenology indicators, x
is LST, and z is precipitation.

2. Geographical weighted regression analysis (GWR)
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3. Considering the spatial heterogeneity in the response of vegetation phenology to
LST, we used GWR to analyze the spatial differences in the response of vegetation
phenology to LST, with the following formula:

P
vi=PBo(ui, vi) + Y Bie(pi, vi)xix +€:(i =1,2,3, -+, n) ©)
=1

where y; represents the vegetation phenology indicators of raster i, B is the intercept,
(mi, v;) is the coordinate of raster i, k is the number of independent variables, By is
the regression coefficient of the kth independent variable, x;; is the kth independent
variable of raster 7, and ¢; is the random error.

3. Results
3.1. Spatial and Temporal Patterns of Vegetation Phenology

We extracted the main vegetation phenology indicators of the Yangtze River Delta
urban agglomeration from 2002 to 2020, that is, SOS, EOS, and GSL, by fitting the EVI
time series curves using the A-G method with a threshold of 30% for SOS and 15% for
EOS. The results showed that the mean value of SOS in the study area from 2002 to 2020
was 7.64 days, the mean value of EOS was 294.47 days, and the GSL mean value was
206.77 days.

3.1.1. Spatial and Temporal Characteristics of Vegetation Phenology in the Study Area

Figures 3-5 show the summary statistics for vegetation phenology in the Yangtze River
Delta urban agglomeration from 2002 to 2020. SOS is earliest in the area of concentrated
impervious surfaces and forests in the southeast, followed by cropland in the north of
Xuancheng and Huzhou and forests in the southwest of the study area, and latest in the
east and west along the river basins and cropland distributed around impervious surfaces;
SOS is significantly earlier than the surrounding areas in areas where impervious surfaces
are concentrated (Figure 3). EOS is earliest in the northwestern and western river basins
of the study area, followed by the northern cropland, and latest in the south-central and
especially in the southern forest areas, which are similar to SOS, and the phenomenon of
EOS is seen to occur later in the areas of impervious surface concentrations than in the
surrounding areas (Figure 4). The GSL is the shortest in the northwest and in the east
and west along the river basin it is shorter and longer in areas of concentrated impervious
surfaces and in southern forested areas; similarly, the GSL shows longer characteristics
in the concentrated areas of impervious surfaces than in the surrounding areas (Figure 5).
Vegetation phenology in the concentrated area of impervious surfaces showed obvious
differences compared to the surrounding areas; meanwhile, SOS was significantly delayed
in the cropland surrounding the concentrated area of impervious surfaces compared to the
cropland in other areas, and they became the two extremes of the earliest and the latest
SOS. The reason for this phenomenon may be due to the fact that areas of concentrated
impervious surfaces tend to have higher LSTs compared to other areas, and the increased
LSTs lead to significant changes in vegetation phenology.

Figure 6 shows the trends in vegetation phenology from 2002 to 2020—SOS in the
study area showed an overall advance trend of —0.58 days per year; EOS showed an overall
delayed trend, which was smaller than SOS, with a change of only 0.08 days per year;
and GSL showed an overall lengthening trend, with a change of 0.46 days per year. The
three indicators of vegetation phenology showed a certain degree of fluctuation, with SOS
showing local maximums in 2011 and 2017, while EOS and GSL showed local minimums
in 2011 and 2016.
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Figure 3. Spatial and temporal deviations in SOS in the Yangtze River Delta urban agglomeration in
2002-2020. SOS: the start of the growing season.
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Figure 4. Spatial and temporal deviations in EOS in the Yangtze River Delta urban agglomeration in

2002-2020. EOS: the end of the growing season.

147



Forests 2024, 15, 1363

2004 2006

2009 2010

GSL

2016

day

B 60-113
113-177
B 177-225

2020 I 225-280

2018

0 100200 400 km
i

Figure 5. Spatial and temporal deviations in GSL in the Yangtze River Delta urban agglomeration in
2002-2020. GSL: the growing season length.
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Figure 6. Time series of vegetation phenology in the Yangtze River Delta urban agglomeration in
2002-2020.

3.1.2. Differences in Vegetation Phenology between Land Covers

The results of the analysis of spatial and temporal patterns of vegetation phenology in
the study area showed that there were some differences in vegetation phenology under
different surface covers; we, therefore, analyzed the vegetation phenology under different
land covers in the study area.

The results obtained from the preliminary analysis of vegetation phenology between
different land covers are shown in Figure 7. There are significant differences in vegetation
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phenology under different land covers (the results of the analysis of variance (ANOVA)
showed that p < 0.05 at the 0.05 level of significance, which indicates that there is a sig-
nificant difference between the different land covers); in terms of the length of vegetation
phenology indicators as well as earliness and lateness, the SOS in the study area is earlier in
forests and impervious surfaces, at 92.27 and 92.56 days, respectively, and later in cropland,
at 112.00 days; EOS was the latest in forests at 312.62 days and the earliest in cropland at
300.12 days; GSLs were longest in forests at 225.13 days, while GSL was the shortest in
cropland at 190.61 days. In terms of the fluctuation of vegetation phenology indicators,
forests vegetation phenology indicators had the least fluctuation with standard deviations
in SOS, EOS, and GSL of 8.74, 8.27, and 13.90 days, respectively, and the greatest fluctuation
was observed in cropland with standard deviations in SOS, EOS, and GSL of 25.17, 12.59,
and 34.38 days, respectively. This may be due to differences in LST under different land
covers and differences in vegetation types.
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Figure 7. Differences in vegetation phenology under different land covers in the Yangtze River Delta
urban agglomeration (20022020 average).

Figure 8 shows the changes in vegetation phenology under different land covers in the
study area from 2002 to 2020. In terms of time, SOS under different land covers showed an
overall trend of advancement, with the most pronounced trend in cropland at —1.00 days
per year; EOS showed a significantly delayed trend in cropland, at 0.37 days per year, and
forest EOS showed a significant advancement trend at —0.50 days per year, while EOS did
not change significantly on impervious surfaces; GSL showed a lengthening trend on both
cropland and impervious surfaces, which was most pronounced in agricultural areas at
0.96 days per year, and a shortening trend in forest GSL.
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Figure 8. Time series of vegetation phenology for different land covers in the Yangtze River Delta
urban agglomerations in 2002-2020.

3.1.3. Differences in Vegetation Phenology by City

Figure 9 shows the vegetation phenology indicators of the cities in the study area
from 2002 to 2020; it was found that in terms of spatial distribution, the SOS was earlier
in several cities located in the southern part of the study area, and later in several cities
located along the river in the west and east of Tai Lake. Several cities in the eastern and
western parts of the river basin have earlier EOSs and cities in the south have later EOSs;
several cities located in the west have shorter GSLs and several cities in the southeast and
north have longer GSLs. This may be due to LST and land cover differences. In general,
several cities located in the west with shorter GSLs also show a trend in later SOSs and
earlier EOSs.

In terms of temporal changes, the SOS of 22 cities showed an advanced trend, and
only 4 cities showed a postponed trend, and their postponed trend was insignificant (less
than 0.30 days per year); this may be due to elevated LST in winter and spring. The EOS of
15 cities showed a postponed trend, and the EOS of 11 cities showed an advanced trend, of
which the cities with a postponed trend in EOS were mainly located in the northern part of
the study area, and the cities with the advanced trend are mainly located in the southern
part of the study area; this may be related to the predominant land covers of the city, as
the northern cities have more cropland while the southern cities have more forests. Finally,
20 cities showed a lengthened trend in GSL and only 6 cities showed a shortened trend in
GSL, which are mainly located in the southeastern part of the study area; this may indicate
that the environment in the southeastern part of the study area has gradually begun to
negatively affect the growth of native vegetation.

150



Forests 2024, 15, 1363

300] sweeattteatean aee, e o P ——
o v=0.15%+1.92 \;rmmm 305.63 y=0.17x+659.56 y—0.59%899.34
Dt 2 2-0.05 22
S R2=0.05 R2-0 R2=(.03 R2-0.38
200
150
R R S B = Al
100 0.29x+692.39 M e e S R 022 wh:z
o y=—0.99x+2080.91 y=0.37x+786.71 B
2 RZ=0.01
A R2=0.12 Changzhou R2-0.14 " Chizhou Chuzhou
300] e P T P T, [ TR
y=—0.57x+1445.80 SR il
250 ie’ 5.5 y=0.75x+1210.10 y=—0.41x+1127.00 y=0.001x+308.48
e R2-0.42 R2=0.15 R2=0
200
- y’z 0.17x+429.61 y=—048x+1070.97 0.40x+917.14
R2=0.04 TR N B2 \"'/\v 9
~ ' = A vieatAgh,
1001 = rrn, 2 i N
= = y=-0.68x+1481.17
RE=07t
Hangzhou Hefei Huzhou Jiaxing
300 s o s dinad R ERSORE SR e, P one W
y=—0.22x+750.51 y=0.46x-630.81 y=0.17x
2501 R2-0,04, 32 R2=0.04
200
150 y=-0.29x+683.86 y=—0.28x+659.6}
R2=0.07 o g AR, = I R2=0.05
1007 =yoe e [ S N ]
e e y=—0.40x+918.03 e L
RE=07t T RE
Jinhua Ma'anshan Nanjing R==0.14 " Nantong
=
2 200 e ek meaiven i
(5] y=—0.06x+421.90 y=0.04x+214.95
g 250 R2=0.01 R2=0.01
« 200
=
@ 150 ¥=0.06x-27.71 y 1 y=—1.03x+2172{40
Q R2=0.01 2 2
20, [y, W R2-0.05 N R2-0.3
[ (1) RS e S il e O A TESE
< y=0.10x-88.73
%) RZ=0 -
8 Ningbo Shanghai Shaoxing Suzhou
300 JUSPUE S S T G T P e JPEPU—
o v=0.49x—695.24 y=0.28x+8 y=0.05x+396.19 ¥ y=0.26x-21
250 R2=0.22 R2=0.08 R2=0 R2=0.07
200
(50 3 021x+530.02 0.94x+1994.93
2 &
il At 20,04 iy N At
100 VAT RS e e S e, y=—0.86x+1838.39
0.83x+1777.11 R2—0-4+
R2=0.06 Taizhou,Jiangsu Taizhou,Zhejiang Tongling Wuhu
300{ * .»‘,».,.:9 s . .‘:H.»:-:.-\,/- P e S
ol T 0.18x+659.81 ¥-0.02x1268.75 y=025%-193.89 y=0.88x-1463.13
RE0:07 o=l R2=0.07, R2=0.52
0.83x+1767.56 y=—0.58x+1259.24 y=—1.09x+2288.40 y=—0.90x+1898.23
R2=0.41 R2=0.07
SR ! 1) A eAS
Wuxi Xuancheng 2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
Yancheng Yangzhou
—=-S08
——EOS
3001 = P e ] GSL
y=0.34x-385.58 y=0.31x+937.52 -~ Fitting of SOS
B peginy R2=0.18 -~ Fitting of EOS
200 Fitting of GSL
150 y=—1.02x+2158.83 y=0.12x-134.49
R2
100 e

0
2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
Zhenjiang Zhoushan

Figure 9. Time series of vegetation phenology in different cities of the Yangtze River Delta urban
agglomeration in 2002-2020.

3.2. Spatial and Temporal Patterns of LST
3.2.1. Spatial and Temporal Characteristics of LST in the Study Area

As shown in Figures 10-13, the overall LST in the study area shows a gradual decrease
from southeast to northwest, with the lowest LST in the north and the highest LST in
the southeast, and this distribution may be related to the latitude as well as the monsoon
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climate of the study area. Meanwhile, the LST in the concentrated area of impervious

surfaces exhibits significantly higher characteristics than the surrounding area due to the
alteration in the subsurface.

A

Winter LST

2016

°C
— High: 23.59
Bl Low:-1.89

Figure 10. Spatial and temporal deviations in winter LST in the Yangtze River Delta urban agglomer-
ation in 2002-2020.
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Figure 11. Spatial and temporal deviations in March LST in the Yangtze River Delta urban agglomer-
ation in 2002-2020.
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Figure 12. Spatial and temporal deviations in April LST in the Yangtze River Delta urban agglomera-
tion in 2002-2020.
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Figure 13. Spatial and temporal deviations in annual mean LST in the Yangtze River Delta urban
agglomeration in 2002-2020.

Figure 14 shows the changes in LST in the study area from 2002 to 2020, and it was
found that the winter LST, March LST, April LST, and annual mean LST in the study area
generally showed an increased trend, with March LST showing the most pronounced
increased trend, reaching 0.1 °C per year. However, LST showed a decreased trend before
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2010, and an increased trend after 2010. This trend in LST was consistent with the changes
in vegetation phenology, suggesting that the changes in vegetation phenology may be
related to the changes in LST.
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Figure 14. Time series of LST in the Yangtze River Delta urban agglomeration in 2002-2020.

3.2.2. Differences in LST between Land Covers

Figure 15 compares differences in LST under different land covers by counting the
mean annual, winter, March, and April LST from 2002 to 2020 under different land covers
(the results of the ANOVA showed that p < 0.05 at the 0.05 level of significance, which
indicates that there is a significant difference between the different land covers). The LST
of the cropland was lowest in winter, March, and April at 4.09 °C, 10.36 °C, and 15.71 °C,
respectively, with some fluctuations. Forest LST was highest in winter and March at 5.00 °C
and 11.03 °C, respectively, and the annual mean LST was the lowest at 15.28 °C; it had
the least fluctuating LST values, with standard deviations of 0.96 °C, 0.85 °C, 0.87 °C, and
0.92 °C for winter, March, April, and annual mean LST, respectively. Impervious surface
LST was highest in April and the annual mean at 16.47 °C and 16.15 °C, respectively,
which had the greatest fluctuation in LST, with the standard deviations in the annual mean,
winter, March, and April LST reaching 1.46 °C, 1.37 °C, 1.52 °C, and 1.32 °C, respectively.
It is possible that the special subsurface of impervious surfaces, which elevates LST more
significantly than forests and agricultural fields as solar radiation is enhanced, led to the
highest April and annual average LSTs on impervious surfaces.

Figure 16 shows the interannual trend in LST under different land covers, which
showed an increased trend under different land covers, similar to the results for the whole
study area, with the most pronounced increased trend in LST in March under the three
land covers. In terms of different land covers, impervious surface LST increased at the
fastest rate, with winter, March, April, and annual mean LST increasing at 0.07 °C per
year, 0.11 °C per year, 0.06 °C per year, and 0.08 °C per year, respectively, while forest LST
increased at the slowest rate, with winter, March, April, and annual mean LST increasing at
only 0.04 °C per year, 0.07 °C per year, 0.02 °C per year, and 0.01 °C per year. It is possible
that differences in the rate of increase in LST between forests and impervious surfaces were
due to differences in their subsurface.
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Figure 15. Differences in LST under different land covers in the Yangtze River Delta urban agglomer-
ation (2002-2020 average).
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Figure 16. Time series of LST for different land covers in the Yangtze River Delta urban agglomera-
tions in 2002-2020.

3.2.3. Differences in LST by City

Figure 17 shows the summary statistics for the LST status of each city in the study
area from 2002 to 2020. In terms of spatial distribution, the cities with lower LST are
mainly located in the northern part of the study area, and the cities with higher LST are
mainly located in the eastern part of the study area, similar to the distribution of LST in
the study area, which may be related to the latitude of the city and its exposure to the
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monsoon climate. What is interesting in this data is that Nantong, which is also located
in the eastern part of the study area, is the northernmost city adjacent to Shanghai, but
Nantong has a lower LST and Shanghai has a higher LST, which may be related to the fact
that Shanghai has more impervious surfaces and strong human activities as a result of its

higher urbanization intensity.
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In terms of temporal changes, LST showed an increased trend in all cities from 2002 to
2020, and the cities with a more pronounced LST increased trend were mainly located in the
central part of the study area, while the cities in the southern part of the study area had a
slower LST increased trend; this general upward trend in LST may be due to a combination
of global warming and urbanization in the study area. The variation in LST in different
periods was similar to that of the whole study area, with a more pronounced trend in
elevated LST in March than in winter, April, and the annual mean LST.

3.3. Response of Vegetation Phenology to LST

Based on the spatial and temporal patterns of vegetation phenology and LST in the
study area, we determined that there may be a certain correlation between changes in
vegetation phenology and LST. To validate our analysis, we decided to use correlation
coefficients to analyze the response of vegetation phenology to LST while considering
that vegetation phenology responds to LST as well as precipitation; we calculated the
partial correlation coefficients between vegetation phenology and LST after excluding the
precipitation factor.

3.3.1. Partial Correlation Analysis between Vegetation Phenology and LST

Figure 18 shows the partial correlation between vegetation phenology and LST from
2002 to 2020. The partial correlation coefficients between SOS and LST in the study area
showed a numerical trend of increasing and then decreasing, with the negative partial
correlation gradually changing to a positive partial correlation from 2002, reaching the
maximum value in 2010, and then changing to a negative partial correlation in 2020. This
suggests that SOS is delayed with increasing LST around 2010, while SOS is advanced with
increasing LST around 2002 and 2020. The overall partial correlation is very weak, and the
absolute values of the partial coefficients between SOS and winter, March, and April LSTs
are more than 0.1 in only 5, 4, and 4 years, respectively, among the 19 years. This suggests
that the change in vegetation phenology with elevated LST is not very strong and that there
may be a response to changes in other factors as well. From the perspective of different
periods, SOS showed the most years of negatively partial correlation with winter LST and
the least years of negatively partial correlation with April LST. EOS and annual LST in the
study area mainly showed a significant positive partial correlation; only 2019 showed a
very weak negative partial correlation, and the strength of its partial correlation was higher
than that of SOS and LST, with partial correlation coefficients exceeding 0.1 in 12 years.
This suggests that EOS exhibits a delayed trend with a higher average annual LST.

Figures 19-22 show the geographically weighted regression results in the study area
from 2002 to 2020. There were more areas with negative regression coefficients of SOS and
LST in the study area, in which the areas with smaller regression coefficients were mainly
located in the northwestern part of the study area and the eastern part of Tai Lake, and those
with positive regression coefficients were mainly located in the northern, southwestern,
and southeastern parts of the study area. There were more areas with positive regression
coefficients of the overall EOS and the annual average LST in the study area, and the
regression coefficients were the largest in the northwestern part of the study area versus
those located in the southwestern and central south side of the study area.
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Figure 18. Partial correlation coefficients between vegetation phenology and LST in the Yangtze River
Delta urban agglomeration in 2002-2020.
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Figure 19. Regression coefficients of SOS and winter LST in the Yangtze River Delta urban agglomer-
ation in 2002-2020.
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Figure 21. Regression coefficients of SOS and April LST in the Yangtze River Delta urban agglomera-
tion in 2002-2020.
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Figure 22. Regression coefficients of EOS and annual mean LST in the Yangtze River Delta urban
agglomeration in 2002-2020.

3.3.2. Partial Correlation Analysis between Vegetation Phenology and LST for Different
Land Covers

Figure 23 shows the partial correlation coefficients between vegetation phenology and
LST from 2002 to 2020 for different land covers in the study area. In terms of the direction of
the partial correlation coefficients, forest and impervious surface SOSs showed a significant
negative partial correlation with LST, while cropland SOS mainly showed a significant
positive partial correlation with LST. This suggests that forest and impervious surface SOSs
exhibit an advancing trend with increasing LST, while cropland fields exhibit a delaying
trend. This may be a result of differences in vegetation types under different land covers.
EOS under different land covers showed a significant positive partial correlation with
the average LST throughout the year. This suggests that EOS exhibits a postponement
trend with increasing LST. In terms of the strength of the partial correlation, the partial
correlation between vegetation phenology and LST was strongest on impervious surfaces
and weakest on cropland and forest. This indicates that impervious surface vegetation
phenology responds more strongly to changes in LST than forests and cropland.

Cropland SOS was most strongly and partially correlated with April LST at different
times of the year; forest and impervious surfaces SOSs are strongly and partially correlated
with LST in March and April. In terms of interannual trends, the partial correlation coeffi-
cients between SOS and cropland LST increased and then decreased, gradually changing
from a negative partial correlation in 2002 to a positive partial correlation, reaching a
maximum in 2010, and then gradually changing to a negative partial correlation in 2020.
The change in the coefficient of partial correlation between SOS and forest LST fluctuates,
and the strength of the negative partial correlation between SOS and impervious surfaces
LST shows a tendency to decrease and then increase. The partial correlation coefficients be-
tween EOS and LST show a tendency to increase and then decrease on impervious surfaces,
reaching the highest in 2005, while they fluctuate on cropland and forests. Differences in
the response of vegetation phenology to LST under different land covers may result from
differences in vegetation types.
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Figure 23. Partial correlation coefficients between vegetation phenology and LST of different land
covers in the Yangtze River Delta urban agglomerations in 2002-2020.

3.3.3. Partial Correlation Analysis between Vegetation Phenology and LST for
Different Cities

Figure 24 shows the partial correlation coefficients between vegetation phenology and
LST from 2002 to 2020 for different cities in the study area, in terms of the direction of
the partial correlation coefficients; SOS and LST in the cities of the study area showed a
negative partial correlation in a larger number of cities. This suggests that SOS advances
with increasing LST in most cities. The cities with a strong positive correlation between
SOS and LST are mainly located in the northern and western riverine areas of the study
area, and the land cover there is mainly cropland while the cities with a strong negative
correlation between SOS and LST are mainly located in the central and eastern parts of
the study area, and most of these cities have a large number of concentrated impervious
surfaces. This suggests that inter-city differences in vegetation phenology in response to
LST may be related to city land cover. The EOS and annual mean LST of each city mainly
show positive partial correlations. This suggests that EOS exhibits a postponement trend
with increasing LST.

Analyzing the strength of the LST partial correlation between SOS and different times
of the year, SOS is more strongly correlated with the April LST partial correlation. In terms
of temporal changes, the partial correlation coefficients between vegetation phenology
and LST varied from year to year but generally showed a tendency to weaken and then
strengthen. The strongest partial correlation between vegetation phenology and LST
occurred mainly around 2002, 2007, and 2017, while the weaker partial correlation was
mainly around 2010. This suggests that SOS responded more strongly to changes in LST
in April, and the response of vegetation phenology to LST generally showed a trend of
weakening and then strengthening and was significantly stronger in some years than
in others.
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Figure 24. Partial correlation between vegetation phenology and LST in Cities of the Yangtze River

Delta urban agglomeration.

4. Discussion

Vegetation phenology is highly sensitive to environmental changes, especially in areas
of high urbanization, and environmental changes in these and surrounding areas due
to intense human activities can have a significant impact on vegetation phenology [53].
Our results also found that there was a significant trend in increasing LST in the areas
of concentrated impervious surfaces and that the vegetation phenology in these areas
and nearby cropland changed significantly as a result of environmental changes, but the
forest vegetation phenology near the areas of concentrated impervious surfaces changed
relatively insignificantly. Scholars also found that the vegetation phenology of forests and
shrubs was less sensitive to the surrounding environment than that of urban and cropland
areas [28]. By analyzing the distribution of vegetation phenology and LST under different
land covers, it was found that the vegetation phenology and LST of forests are less volatile
than those of cropland and impervious surfaces, which may be related to the regulation
of heat dissipation by forests themselves [54]. There is also a strong relationship between
vegetation phenology and urban land cover and LST conditions in different cities; for
example, cities with more forest in the southern part of the study area and more cropland
in the northern part of the study area have longer GSL, while cities with more cropland in
the western part of the riverine region have significantly delayed GSL due to high LST.

The results of the correlation analysis between vegetation phenology and LST showed
that there were significant differences in the response of vegetation phenology to LST
under different land covers, with forest and impervious surface SOS advancing with
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increasing LST but cropland SOS delaying with increasing LST; especially cropland near
the area of concentration of impervious surfaces, SOS showed significant delay in LST
increase due to urban heat island. This may be related to the following factors: (1) the
urban heat island makes autumn and winter temperatures warmer and chilling accumulate
insufficient, which may lead to a delay in SOS [55-57]; (2) differences in vegetation types,
with annual herbaceous plants predominating in cropland areas and woody perennials
predominating in forests and impervious surfaces, may be responsible for the different
responses of vegetation phenology to temperature increases under different land covers [58].
We analyzed the partial correlation coefficients of vegetation phenology with LST and LST
from 2002 to 2020 and retained the data in which the results of the linear fit of both were
significant at the same time and found that neither the partial correlation coefficients of SOS
with LST nor the fitted curves for LST met the conditions and that the results of the partial
correlation coefficients of EOS with annual mean LST and the linear fit of annual mean
LST in the three cities (Hefei, Shanghai, Yancheng) and impervious surfaces in the study
area were simultaneously significant. As shown in Figure 25, the temporal variation of the
correlation between vegetation phenology and LST showed that EOS exhibited a significant
positive correlation with LST, but the intensity was gradually decreasing, while at the
same time, the annual average LST in the study area showed a gradually increasing trend.
Meanwhile, previous studies have found that the temperature sensitivity of vegetation
phenology varies with temperature [59,60]. Therefore, it was judged that the elevated LST
may have led to a decrease in the sensitivity of the EOS to the LST.
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Figure 25. Trends in partial correlation coefficients of LST and EOS with LST under Hefei, Shanghai,
Yancheng, and impervious surfaces in the Yangtze River Delta urban agglomeration, 2002-2020.

At the same time, there are some limitations to the content of our study. Firstly,
although we have analyzed the response of vegetation phenology to LST in the Yangtze
River Delta urban agglomeration, the urban agglomerations, as a region with strong and
concentrated human activities, should not be neglected except for the factors of temperature
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and precipitation, as well as the humanistic factors such as the population density and
the GDP, which are also likely to be responded to by the vegetation phenology. Secondly,
previous studies have found that there can be a lag in the effect of meteorological factors
on vegetation phenology [61], but we did not develop this in this study. In future studies,
we hope to take into account the influence of human factors to improve the accuracy of
our findings.

5. Conclusions

The main goal of the current study was to determine the spatial and temporal patterns
of vegetation phenology and LST as well as the partial correlation between vegetation
phenology and LST in the Yangtze River Delta urban agglomeration from 2002 to 2020
to investigate the characteristics of the spatial and temporal distributions and changes
in vegetation phenology and LST under different land covers and cities over a long time
series, as well as the response of vegetation phenology to LST. Accordingly, we analyzed the
spatial and temporal variations of vegetation phenology and LST in the Yangtze River Delta
urban agglomerations from 2002 to 2020 using vegetation phenology indicators extracted
from the EVI data and the LST data and calculated the partial correlation coefficients of
vegetation phenology and LST. The main conclusions were as follows:

1. Characteristics of spatial and temporal variation in vegetation phenology: (1) Cities
located in the area of forests in the south and concentrated impervious surfaces had
an earlier SOS, later EOS, and longer GSL, while those in the east and west along the
river basins had a later SOS, earlier EOS, and shorter GSL. Analyzing the different
land covers showed that forests had the earliest SOS, the latest EOS, and the longest
GSL, along with the least volatility in phenological indicators. The cropland had the
latest SOS, the earliest EOS, the shortest GSL, and the greatest volatility in vegetation
phenology indicators; phenological indicators and the volatility of impervious surfaces
are intermediate between forests and cropland. The reasons for these differences may
be related to differences in thermal conditions, temperatures, and dominant vegetation
types under different land covers. (2) The SOS of the study area from 2002 to 2020
showed a trend of advancement; the EOS showed a trend of postponement; and the
GSL showed a trend of lengthening. This trend may have been caused by the gradual
increase in LST in the study area.

2. Temporal and spatial variability characteristics of LST: (1) The LST in the study area
at different times of the year generally showed a trend of gradual decrease from the
southeast to the northwest. Cropland has the lowest LST in winter, March, and April;
forest LST is higher in winter and March, but the annual mean LST is lower while
it is the least volatile; and impervious surfaces have the highest April and annual
mean LST, while they are the most volatile. This can be caused by impervious surfaces
having more buildings, asphalt, and other surfaces. (2) From 2002 to 2020, winter,
March, April, and annual mean LST in the study area showed an increased trend, the
trend in elevated LST was most pronounced in March. This increased trend in LST
may have been due to global warming and urbanization in the study area.

3. Vegetation phenology response to LST: (1) Cropland SOS was delayed with increased
LST while forests and impervious surfaces were advanced; this may have been caused
by differences in vegetation types under different land covers, as different vegetation
responds differently to changes in LST; EOS was mainly delayed as LST increased.
(2) Impervious surface vegetation phenology responded most strongly to LST while
cropland and forests were less responsive; this may imply that vegetation in im-
pervious surface areas responds more significantly to changes in LST. (3) Cropland
responded more strongly to April LST while forests and impervious surfaces re-
sponded more strongly to March and April; this may indicate that the SOS response
to LST in March and April will be more significant than the response to LST in winter.
(4) The response of vegetation phenology to LST was variable, but the years of strong
response were relatively concentrated.
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Abstract: In the context of a changing environment, understanding the interaction between vege-
tation and climate is crucial for assessing, predicting, and adapting to future changes in different
vegetation types. Vegetation exhibits high sensitivity to external environmental factors, making
this understanding particularly significant. This study utilizes geospatial analysis techniques, such
as geographic information systems, to investigate vegetation dynamics based on remote sensing
data and climatic variables, including annual air temperature, annual precipitation, and annual
solar radiation. The research methodology encompasses data collection, processing, and analysis,
incorporating multispectral imagery and multilayered maps of various parameters. The calculation
of the normalized difference vegetation index serves to evaluate changes in vegetation cover, identify
areas experiencing variations in green biomass, and establish strategies for the future development of
different vegetation types. During the period from 2001 to 2022, the average normalized difference
vegetation index value in the Southeastern Crimea region amounted to 0.443. The highest average
values were recorded in the year 2006, reaching a magnitude of 0.469. Conversely, the lowest values
were observed in the years 2001-2002, constituting 0.397. It has been ascertained that an overarch-
ing positive trend in the evolution of NDVI values from 2001 to 2022 is apparent, thus implying
a notable augmentation in vegetative biomass. However, adversarial trends manifest in discrete
locales adjacent to the cities of Sudak and Feodosia, along with the coastal stretches of the Black Sea.
Correlation analysis is employed to establish relationships between vegetation changes and climatic
indicators. The findings contribute to our understanding of the vulnerability of various vegetation
types and ecosystems in the Southeastern Crimea region. The obtained data provide valuable insights
for the development of sustainable vegetation resource management strategies and climate change
adaptation in the region.

Keywords: forest; change; ecosystems; GIS; remote sensing; NDVI; Crimean Peninsula; air temperature;
precipitation; solar radiation; multispectral imagery

1. Introduction

Vegetation change is considered a key indicator of ecosystem response to environ-
mental factors and conditions [1,2]. Global vegetation change has become a pressing issue
in recent years, posing a significant threat [3,4]. Consequently, all countries are actively
involved in addressing the drastic reduction of global vegetation cover, as evidenced by the
inclusion of this topic in various regulatory documents worldwide [5,6]. Climate factors
exert a profound influence on vegetation change [7-10], while endogenous catastrophic
processes, such as earthquakes [11], volcanic eruptions [12], fires [13], erosion-induced loss
of topsoil fertility [14,15], floods [16], adverse atmospheric phenomena (e.g., hurricanes,
typhoons) [17], and plant diseases caused by fungi, lichens, insects, and other agents [18,19],
further contribute to the transformation of vegetation. Moreover, anthropogenic activities,
encompassing both complex processes and intentional clearing of vegetation for various
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purposes [20-22], significantly impact vegetation change. Deforestation is particularly
acute in large timber-rich countries such as Brazil, Canada, China, Russia, and others. Vari-
ous approaches are employed to assess vegetation change, including computer modeling,
remote sensing methods [23-25], changes in land cover composition [26-28], alterations
in vegetation index characteristics [29-31], and the utilization of multispectral satellite
imagery for classification purposes [32,33].

Li et al. [34] point out that traditional vegetation dynamics monitoring based on field-
sampled data has limitations due to the intricate data collection process, which presents
challenges in analyzing long-term changes in vegetation. Consequently, the application of
remote sensing methods addresses many challenges when studying vegetation dynamics.
In recent years, the use of remote sensing data has enabled the near real-time monitoring
of vegetation change, including its qualitative characteristics. The analysis of NDVI dy-
namics has gained prominence as a widely employed method for assessing vegetation
change [30,34,35]. This can be attributed to the simplicity of NDVI calculation and the
availability of extensive archives of high-resolution multispectral satellite imagery, such as
MODIS, Landsat, Sentinel, and others. Traditionally, NDVI has found practical applications
in agriculture [36] for crop condition analysis and the calculation of norms for various
land improvement operations. NDVI has been actively applied in recent years to evaluate
vegetation change in diverse regions worldwide, including China [37—40], India [41,42],
the United States [43], Russia [41], Bangladesh [28], Argentina [35], Iran [44], Pakistan [31],
among others. Gandhi et al. [30] demonstrated the potential of employing NDVI in analyz-
ing vegetation change in the Vellore District, India. They found that forest or shrub land
and barren land cover types decreased by approximately 6% and 23%, respectively, from
2001 to 2006. In contrast, agricultural land, built-up areas, and water areas increased by
approximately 19%, 4%, and 7%, respectively. Jiang et al. [38], utilizing NDVI calculations,
revealed a significant increase in vegetation NDVI in Tibet from 2001 to 2020, with the
annual mean NDVI fluctuating between 0.31 and 0.34. Han et al. [37] demonstrated that
the NDVI values in Anhui Province ranged between 0.5 and 0.58, with a multi-year annual
mean of 0.55. Vegetation cover in Anhui Province gradually improved from 2001 to 2019.
Johnson et al. [43] assessed crop productivity in the United States using MODIS NDVIL.

It Is essential to recognize that forest landscapes hold significant value within the
spectrum of vegetation cover due to their crucial contributions, as highlighted by numerous
researchers [45—47]. Forests play a vital role in carbon sequestration, exhibiting the highest
potential in this regard [48]. They also function as complex ecosystems that influence
global substance and energy transformation cycles [49,50], while providing recreational
benefits [51]. Among the most vulnerable and susceptible ecosystems are the forests of
the Amazon [52,53], Equatorial Africa [54,55], Vietnam [56], and Siberia [57]. Additionally,
forests situated at the boundaries of their natural distribution range, subject to negative
impacts from both natural and anthropogenic factors, warrant special attention. However,
the study of forest landscape functioning often receives insufficient attention.

The Crimean Peninsula, particularly Southeastern Crimea, represents a typical region
characterized by vulnerable forest landscapes. Moreover, Southeastern Crimea marks the
northern limit of downy oak forests [58]. In addition to forests, the region encompasses a
limited number of steppe landscapes, which also respond to climate change.

This study aims to: (1) assess changes in NDVI values within different vegetation
communities in Southeastern Crimea from 2001 to 2022; (2) analyze climatic changes in
Southeastern Crimea during the same period; (3) establish relationships between climatic
changes and vegetation dynamics in Southeastern Crimea from 2001 to 2022; and (4) evalu-
ate trends in vegetation change in Southeastern Crimea from 2001 to 2022.

Section 1 addresses foundational theoretical inquiries concerning the feasibility of
investigating vegetation dynamics through the application of the normalized difference
vegetation index (NDVI) in conjunction with geoinformatics methodologies. Elaborate
scrutiny is directed towards discerning the multifarious factors that exert potential in-
fluence upon the alterations within the vegetative canopy. Of particular emphasis is the
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intricate topic of global forest dynamics and transformation. The inaugural section en-
deavors to posit the proposition that the assimilation of the NDVI and the employment of
remote sensing techniques, including the dissection of satellite-derived imagery and the
computation of pertinent vegetation indices, confer the analytical capacity to evaluate the
intricate trajectory of vegetation dynamics, encompassing sylvan ecosystems, within the
expanse of the delimited study area. Section 2, elucidates the geographical parameters of
the research locale, encapsulating its physiogeographic attributes and the botanical com-
position indigenous to the study domain. Concomitantly, it expounds upon the research
methodology grounded in the exploitation of spatiotemporal variations intrinsic to the
NDVI. This methodological framework encompasses the computation of trend analyses,
coefficient of variation assessments, the application of the Hurst index, and the discernment
of climatic influencers shaping vegetational metamorphosis. Within Section 3, a com-
pendium of cartographic representations and graphical depictions, conceived through the
implementation of the methodology outlined in Section 2, is presented. Section 4 provides a
comprehensive evaluation of the obtained results, including a detailed exploration of their
implications and significance. Additionally, this section outlines the inherent limitations
that have constrained the scope and applicability of the conducted research. Section 5
encapsulates the definitive postulates derived from the research endeavor. Furthermore, it
undertakes a discourse on the potential trajectories for future investigations in this domain.

2. Materials and Methods
2.1. Study Area

Southeastern Crimea is situated in Eastern Europe, in the southeastern part of the
Crimean Peninsula (Figure 1). Its geographical coordinates range from 34°45-35°25" E
and 44°45-44°55' N. The area of Southeastern Crimea is approximately 568 square kilo-
meters. The boundary of Southeastern Crimea is defined according to [59]. The region is
characterized by a complex and rugged terrain, with limited surface water resources. A
detailed geographic description of the study area is provided in [58]. The territory of South-
eastern Crimea is characterized by Mediterranean climatic features. The average annual
air temperature within the Southeastern Crimea area, which varies from the northwest
to the southeast, ranges from +9° to +13°. Southeastern Crimea experiences between 100
and 300 mm of precipitation during the winter period. The precipitation field decreases
from west to east, with the greatest amount falling in the northwestern part of the study
area. In summer, 80 to 160 mm of precipitation falls over the territory of Southeastern
Crimea, with the precipitation field decreasing from the northwest to the southeast. Both
in winter and in summer, the coastal areas of Southeastern Crimea are the most arid. The
annual distribution of precipitation varies from 700 to 350 mm in the west-to-east and
northwest-to-northeast directions [58].

2.2. Data
2.2.1. Vegetation of Southeastern Crimea

The vegetation data for Southeastern Crimea were obtained from the vegetation map
presented in [60]. This map served as the primary source of information on the vegetation
cover within the study area (Figure 2).

According to [60], the spatial distribution of vegetation in the study region is influenced
by elevation gradients. However, the elevation zones are not continuous belts due to
various local orographic factors. From north to south, as the absolute elevation decreases, a
succession of vegetation types can be observed. These include beech forests with a mixture
of Stephen maple, durmast oak forests with a blend of hornbeam and ash, pubescent oak
forests, pubescent oak light forest in the complex with tomillares- and savannoids-like
elements, and forb-feather grass true submontane steppes of the Crimean Mountains.
The flatter regions and lower coastal areas of Southeastern Crimea are predominantly
occupied by agricultural lands featuring orchards, vineyards, and cultivated fields. Along
the coastline, juniper forests can be found. Urban communities are widespread across the
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region. Table 1 provides an overview of the distribution of the major vegetation types
within Southeastern Crimea.
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Figure 2. Vegetation of Southeastern Crimea (adapted from [60]).
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Table 1. Major vegetation types in Southeastern Crimea.

Plant Community Area, km?

Juniper forests 38.42
Beech forests with Stephen maple 18.11
Durmast oak with hornbeam and ash forests 80.54
Pubescent oak forests and their derivative hornbeam forests 61.28
Pubescent oak light forest in the complex with tomillares and savannoids 169.03
Forb-feather grass true submontane steppes 85.39
Orchards and vineyards in the place of pubescent oak forests and 8431
forb-feather grass genuine steppes ’
Cultivated areas under grain and tilled crops in the place of forb-feather 258

grass steppes and pubescent oak forests

2.2.2. Satellite Data

The study utilized MODIS satellite imagery covering the period from 2001 to 2022.
The use of MODIS imagery (500 m/pixel, 8-day composite) was primarily motivated
by its broader temporal coverage, including the acquisition of cloud-free and sparsely
clouded satellite images within the study area, in comparison with competitors such as
Landsat (30 m/pixel) and Sentinel-2 (10 m/pixel), which may offer higher spatial resolution.
MODIS has a higher frequency of Earth observation within the study area. Processing and
computation of NDVI values from MODIS satellite imagery were conducted using the
Google Earth Engine (GEE) cloud computing platform.

2.2.3. Temperature, Precipitation, and Solar Radiation Data

In recent years, extensive analysis has been conducted on various meteorological
databases [61,62]. Spatial and temporal distribution data of air temperature, precipitation,
and solar radiation fields were obtained from publicly available databases and published
works by other researchers. Air temperature data within the Southeastern Crimea region
were sourced from the ClimateEU database [63]. Precipitation and solar radiation data
were retrieved using the Google Earth Engine platform from the CHIRPS [62] and ERA5-
Land [64] datasets, respectively.

2.3. Methods
2.3.1. NDVI Trend Analysis

The analysis of NDVI trend changes within Southeastern Crimea was conducted for
the entire study area and for each pixel of the NDVI raster. The linear regression model
was extensively applied to assess the trend changes [38,65,66]. The assessment of NDVI
changes over time was performed using the formula:

nx NDVIs Yt i— Y ixYy i

P 2
nx Y2 — (T 1)

where i—year; n—the number of years of observation; NDVI;,—NDVI value for year i.

Negative slope values indicate a decrease in NDVI values over time, while positive
slope values indicate an increase in NDVI values over time. Additionally, the p-values
were evaluated using the R Studio software (Version 2023.09.0+463; Posit PBC, Boston,
MA, USA).

Slope = @
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2.3.2. Coefficient of Variation

In order to evaluate the stability of NDVI values changes in the Southeastern Crimea
region from 2001 to 2022, the coefficient of variation was calculated. The coefficient of
variation was computed using the following formula:

VI, (NDVI; — NDVI)?

V= NDVI

@

where CV—coefficient of variation; n—the number of years in the study period; NDVI,—
NDVI value in year i; NDVI—the mean NDVI value for the entire study period [38].

The assessment of the coefficient of variation was performed using the R Studio
software package for each pixel within the raster in the study region. Data values from
the raster were extracted using the Quantum GIS software package (Version 3.16.16; Open
Source Geospatial Foundation (OSGeo), Beaverton, OR, USA). To gauge the stability of
changes, the coefficient of variation values was categorized into four classes based on the
guidelines provided in [37]: very stable (CV < 0.04), stable (0.04 < CV < 0.08), slightly
changed (0.08 < CV < 0.12), and significantly changed (CV > 0.12) for each pixel in the
analyzed image.

2.3.3. Hurst Index

In order to assess strategies for the development of forest ecosystems, the Hurst index
was calculated as a means to forecast the evolution of temporal trends. The Hurst index is
an effective method for identifying long-term dependencies in time series [29]. Detailed
descriptions and calculations of the Hurst index can be found in several works [29,37,38].
The R Studio software package was utilized to simplify the calculations and determine the
Hurst index for each pixel within the study region. Data values were obtained from the
raster using the Quantum GIS software package. To calculate the Hurst index, data for
8-day periods of measurements of the MODIS space satellite were used. The calculation of
the Hurst index was conducted using the R Studio programming environment, facilitated
by the «pracma» library. This method involves the computation of the Hurst index through
R/S analysis. To execute the R/S analysis, temporal series spanning the years 2001 to
2022 were individually subjected to a comprehensive examination for stationarity or non-
stationarity. This evaluation was undertaken for each spatial cell. The Augmented Dickey-
Fuller test, available within the R Studio environment and facilitated by the «tseries»
library, was employed for this purpose. In instances where non-stationary time series
were encountered, a sequence of transformations was applied to render them stationary.
The R Studio program was employed for this transformation process, utilizing techniques
such as logarithmization and differencing. These methods were strategically utilized
to normalize variance and mitigate the presence of trends within the data. Upon the
attainment of stationary time series, the computation of the Hurst index was undertaken
through the utilization of the «pracma» library within R Studio. This index is derived
from the R/S analysis and serves as an indicator of long-range dependence or persistence
within the data. The calculated Hurst index values offer insights into the underlying
temporal dynamics of the analyzed variables across different spatial cells. It is worth noting
that this methodological approach aligns with a comprehensive workflow involving data
preprocessing, statistical analysis, and computational procedures, all orchestrated within
the R Studio environment.

2.3.4. Correlation Analysis

A correlation analysis was conducted to assess the influence of climatic factors, in-
cluding annual precipitation, annual air temperatures, and annual solar radiation, on the
average annual NDVI values within the Southeastern Crimea region. Correlation analysis
is a widely used technique for examining the relationships between climate factors and
NDVI values in various research regions worldwide [38,67,68]. Data on average annual
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NDVI values, air temperatures, precipitation, and solar radiation were obtained for a grid
of points using the Quantum GIS software package (specifically, the Vector-Raster SAGA
toolset). Each point within the presented grid of points functions as the central reference for
a square, measuring 500 by 500 m. Consequently, these points are uniformly separated by a
distance of 500 m from one another. The correlation calculation was performed according
to the following formula:

Ry = Yial(xi —x)(yi —v)]
\/ZLl (xi — X)L (i —y)

where Ry,—the correlation coefficient; n—the number of years in the study period; x and
y—the factors used for the correlation analysis, representing the sample means of the
variables [38].

The correlation assessment was performed using the R Studio software package. For
the purpose of conducting correlation analysis, NDVI and climatic datasets spanning the
years 2001 to 2022 were subjected to rigorous examination in terms of their stationarity or
non-stationarity. This examination was undertaken utilizing the Augmented Dickey-Fuller
test, a statistical method, within the computational environment of R Studio, specifically
leveraging the «tseries» library. Time series exhibiting non-stationarity underwent a pro-
cess of transformation into stationary series, accomplished through the application of
logarithmic and differencing techniques. These techniques were instrumental in homoge-
nizing variance across the temporal dimension and effecting the elimination of underlying
trends. Subsequent to the attainment of stationary time series, correlation coefficients were
computed individually for each temporal data point, a crucial step in elucidating the rela-
tionships between the NDVI and climatic variables. Upon generation of these correlation
datasets, a seamless transition was effected into the ArcGIS software package (Version 10.8;
ESRI, Redlands, CA, USA). Within this geospatial environment, an interpolation procedure,
employing the well-regarded «Spline» method, was executed. This interpolation operation
facilitated the derivation of intermediate values between discrete data points. Subsequently,
cartographic representations were generated to visually articulate the spatial patterns
emerging from the interpolated data, providing valuable insights into the dynamics of the
studied variables across the geographical extent.

®)

3. Results
3.1. NDVI Dynamics in Southeastern Crimea

A consistent increase in the NDVI values has been observed in Southeastern Crimea
from 2001 to 2022 (Figures 3 and 4).

During the period from 2001 to 2022, the average NDVI value in Southeastern Crimea
was 0.443. The highest average values were recorded in 2006, reaching 0.469, while the
lowest values were observed in 2001-2002, at 0.397. In this context, the spatial distribution
of the NDVI values within the investigated area from 2001 to 2022 exhibits a range of
fluctuation spanning from 0.1 to 0.62. When comparing the annual average values for each
year with the long-term mean, a clear trend of dividing the study period into two periods
becomes apparent: before 2014, when the annual average NDVI values were consistently
lower than the long-term mean, and after 2014, when the annual average NDVI values
exceeded the long-term mean.

Figure 4 presents the dynamics of annual average NDVI values within the major
vegetation communities in Southeastern Crimea.

Within the juniper forests, the average NDVI value was 0.43; within pubescent oak
forests and their derivative hornbeam forests, it was 0.57; within the pubescent oak light forest
in the complex with tomillares and savannoids, it was 0.54; and within the pubescent oak
light forest in the complex with tomillares and savannoids, it was 0.45. Positive trends of
increasing NDVI values are evident, particularly within the oak forests. From Figures 3 and 4,
it is evident that there is a trend of increasing NDVI values, indicating overall vegetation
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growth in Southeastern Crimea from 2001 to 2022. The distribution of annual average NDVI
values within the major vegetation communities is presented in more detail in Figure 4,
where the durmast oak with hornbeam and ash forests exhibit the highest NDVI values,
while pubescent oak light forest in the complex with tomillares and savannoids show the
lowest values.
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Figure 3. Dynamics of annual average NDVI values from 2001 to 2022 in Southeastern Crimea:
(a) annual average values; (b) map of average NDVI values.
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Figure 4. Dynamics of annual average NDVI values from 2001 to 2022 within the major vegetation
communities in Southeastern Crimea: (a) durmast oak with hornbeam and ash forests; (b) pubescent
oak forests and their derivative hornbeam forests; (c) juniper forests; (d) pubescent oak light forest in
the complex with tomillares and savannoids.

175



Forests 2023, 14, 1969

1.00

0.80

0.60

0.40

NDVI

0.20

0.00
2000
20

1.00
0.80
0.60

0.40

NDVI

0.20

0.00

200
-0.20

2005

2005

In the southeastern region of Crimea, it is noteworthy that the peak of vegetation
activity predominantly occurs in August. Figure 5 illustrates the monthly averages as well
as the maximum and minimum values of the NDVI (Normalized Difference Vegetation
Index) for the month of August, covering the period from 2001 to 2022.
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Figure 5. NDVI values in southeastern Crimea in August: (a) maximum values; (b) average values;

(c) minimum values.

Figure 6 presents the minimum, maximum, and average values of the NDVI vegetation
index for various vegetation communities in Southeastern Crimea during August.

The graph illustrating maximum NDVI values across the extensive study area demon-
strates a pronounced smoothing effect, thus limiting its ability to discern spatial and
temporal differentiations within the analyzed region. Conversely, as we narrow down the
spatial units under scrutiny and reduce their corresponding areas, the distinct differences
become more apparent, rendering maximum data more meaningful. It is worth noting,
however, that the practical application of maximum values should be exercised in light
of the total count of maximum pixels within the designated study area. Meanwhile, the
graph illustrating average NDVI values effectively captures discrepancies and offers the
analytical and interpretive potential that underpins its utility. The smoothing effect evident
in the graph of maximum values is an outcome of the representation of peak values of
individual pixels, which can be spatially dispersed across various segments of the studied
region, thereby rendering an incomplete reflection of the overarching patterns of change. A
comparable circumstance applies to the distribution of minimum NDVI values in August,
albeit, here, the scenario is characterized by a substantial dispersion of values, owing to
certain pixels yielding negative NDVI values. Consequently, the application of analysis to
both maximum and minimum values is, to a substantial extent, constrained. However, the
validity of such analyses should be predicated on the proportional prevalence of minimum
and maximum pixels within the examined region. We initially abstained from immediate
utilization of minimum values due to the region’s characteristics, wherein minimum values
could potentially encompass negative NDVI values attributed to the presence of water
bodies and the dynamic sea coastline. Through comprehensive analysis of all NDVI values
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within the study area, we determined that for certain years, negative minimum values
accounted for less than 0.1% of all data. A comparable pattern emerged in the distribution
of maximum values. Specifically, we scrutinized NDVI values > 0.9 and ascertained that,
for the majority of years, these values were either absent or constituted less than 0.5% of
the complete dataset. However, while information about minimum and maximum values
can serve to pinpoint localized growth or decline patterns, it is crucial to recognize that
these values do not offer a holistic depiction of vegetation dynamics or the comprehensive
operational landscape. Consequently, our study primarily relied upon the utilization of
average NDVI values. This preference is rooted in the fact that minimum and maximum
values, being isolated occurrences and accounting for a minute portion of the analyzed
dataset, cannot adequately encompass the multifaceted character of the studied territory in
Southeastern Crimea.
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Figure 6. NDVI values within vegetation communities of Southeastern Crimea in August: (a) maxi-
mum values; (b) average values; (¢) minimum values (numerical indicators on the graphs denoted
as: 1—juniper forests; 2—beech forests with Stephen maple; 3—durmast oak with hornbeam and
ash forests; 4—pubescent oak forests and their derivative hornbeam forests; 5—pubescent oak light
forest in the complex with tomillares and savannoids; 6—forb-feather grass true submontane steppes;
7—orchards and vineyards in the place of pubescent oak forests and forb-feather grass genuine
steppes; 8—cultivated areas under grain and tilled crops in the place of forb-feather grass steppes
and pubescent oak forests; 9—urbocoenoses of inhabited localities.

3.2. NDVI Trends

Significant spatial and temporal differentiation is observed within the territory of
Southeastern Crimea, not only in the NDVI values themselves but also in the direction of
their trends. Figure 7 illustrates the analysis of NDVI trend changes for the entire period
from 2001 to 2022, as well as for five-year periods.
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Figure 7. NDVI trend analysis: (a) 2001-2022; (b) 2001-2004; (c) 2005-2009; (d) 2010-2014; (e) 2015-2019;
(f) 2020-2022.

As shown in Figure 7a, there is an overall positive trend of NDVI values from 2001 to
2022, indicating an increase in vegetation biomass. However, negative trends are observed
in specific areas near the cities of Sudak and Feodosia. When examining the spatial-
temporal dynamics for five-year periods (Figure 7b—f), a complex pattern emerges within
each spatial cell (pixel). During the period from 2001 to 2004, a noticeable decline in
vegetation biomass and a decrease in NDVI values are observed in the central, northern,
and northwestern parts of Southeastern Crimea. From 2005 to 2009, favorable conditions
for vegetation growth are established in these areas, as indicated by positive values of
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the NDVI trend (Slope NDVI). Conversely, in areas where environmental conditions for
vegetation growth were favorable from 2001 to 2004, conditions leading to a decrease in
vegetation biomass are observed from 2005 to 2009. The situation in 2010-2014 is similar
to that in 2001-2004. From 2015 to 2019, a complex pattern of growth and decline in
vegetation is observed, yet the overall situation resembles the period of 2005-2009. Notably,
starting from 2015, negative trends in NDVI values are observed in the western and
northwestern parts of Southeastern Crimea, indicating a decrease in vegetation biomass.
Therefore, quasi-five-year cycles can be identified, reflecting changes in vegetation cover in
Southeastern Crimea.

If we consider the average values of the NDVI trend within the major vegetation
communities, it can be observed that there is generally either an increase or a relatively
stable trend in vegetation biomass (Table 2).

Table 2. Average multi-year trend values within the vegetation communities of Southeastern Crimea
from 2001 to 2022.

L. Trend Prediction
Variation Trend

Minimum Maximum Average
Juniper forests —0.0012 0.0060 0.0015
Beech forests with Stephen maple 0.0000 0.0040 0.0014
Durmast oak with hornbeam and ash forests —0.0007 0.0050 0.0010
Pubescent oak forests and their derivative 0.0000 0.0040 0.0014
hornbeam forests
Pubgscent oak light for(?st in the complex with 0.0020 0.0050 0.0010
tomillares and savannoids
Forb-feather grass true submontane steppes —0.0020 0.0103 0.0010
Orchards and vineyards in the place of. pubescent —0.0030 0.0050 0.0003
oak forests and forb-feather grass genuine steppes
Cultivated areas under grain and tilled crops in
the place of forb-feather grass steppes and —0.0010 0.0030 0.0011
pubescent oak forests
Urbocoenoses of inhabited localities —0.0020 0.0050 0.0010

Anthropogenically created vegetation communities, such as gardens and vineyards,
exhibit the least variability as they are artificially maintained throughout their existence
due to human activities.

3.3. Coefficient of Variation

Let us now delve into a more detailed analysis of the coefficient of variation (CV) of
NDVI values in Southeastern Crimea (Figure 8).

By assessing the CV of NDVI values, we were able to identify the most stable and
highly variable areas within Southeastern Crimea. As shown in Figure 8, a significant
portion of the study area exhibits a stable distribution of NDVI values. However, minor
and significant fluctuations are predominantly observed in the southern and southeast-
ern regions.

Table 3 presents the changes in the CV of NDVI within the vegetation communities of
Southeastern Crimea from 2001 to 2022.
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Figure 8. Coefficient of variation of NDVI in Southeastern Crimea.

Table 3. Average multi-year changes in trend values within vegetation communities of Southeastern
Crimea (2001-2022).

- Ccv
Variation Trend Minimum Maximum Average

Juniper forests 0.04 0.21 0.06
Beech forests with Stephen maple 0.04 0.07 0.05
Durmast oak with hornbeam and ash forests 0.03 0.09 0.05
Pubescent oak forests and their derivative 0.03 0.09 0.05
hornbeam forests

Pubescent oak light forest in the complex with 0.03 443 0.06

tomillares and savannoids
Forb-feather grass true submontane steppes 0.04 2.90 0.08
Orchards and vineyards in the place of pubescent

oak forests and forb-feather grass genuine steppes 0.03 044 0.08
Cultivated areas under grain and tilled crops in

the place of forb-feather grass steppes and 0.06 0.13 0.09
pubescent oak forests

Urbocoenoses of inhabited localities 0.04 0.19 0.08

As can be observed from Table 3 and the Figure 8, the forest ecosystems exhibit greater
stability compared with the steppe ecosystems and anthropogenically created agricultural
lands and populated areas.

3.4. Hurst Index

The Hurst index provides a comprehensive assessment of vegetation variability and
offers insights into forecasted changes. Figure 9 illuminates the spatial differentiation
of Hurst index values in Southeastern Crimea, while Table 4 furnishes a comprehensive
account of the minimum, maximum, and mean Hurst index values pertaining to the
principal vegetation communities within the same region.
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Figure 9. Hurst index of NDVI in Southeastern Crimea.

Table 4. Hurst index values within vegetation communities of Southeastern Crimea (2001-2022).

Hurst Index
Minimum Maximum Average

Juniper forests 0.49 0.85 0.73
Beech forests with Stephen maple 0.58 0.84 071
Durmast oak with hornbeam and ash forests 0.58 0.87 0.74
Pubescent oak forests and their derivative 059 0.88 074
hornbeam forests

Pubescent oak light forest in the complex with 056 093 076

tomillares and savannoids
Forb-feather grass true submontane steppes 0.54 0.94 0.76
Orchards and vineyards in the place of pubescent

oak forests and forb-feather grass genuine steppes 0-59 0-93 0.77
Cultivated areas under grain and tilled crops in

the place of forb-feather grass steppes and 0.65 0.87 0.74
pubescent oak forests

Urbocoenoses of inhabited localities 0.61 0.94 0.78

It has been determined that the range of Hurst index values within Southeastern
Crimea varies from 0.49 to 0.96, with a calculated mean value of 0.75. In the broader
context of the Southeastern Crimea region, it is evident that the range of Hurst index values,
calculated for NDVI data, exhibits pronounced spatial heterogeneity. The lowest Hurst
index values are predominantly observed in the northernmost and northwestern sectors of
the research area, while the highest values are consistently recorded in the coastal, southern,
and southeastern regions. Notably, elevated Hurst index values are particularly prominent
in proximity to urban settlements such as Shchebetovka, Kurortnoe, Sudak, Solnechnaya
Dolina, and others.

3.5. Influence of Climatic Factors on NDVI Changes in Southeastern Crimea

To assess the impact of climatic factors on NDVI changes, an examination of the
temporal dynamics of annual mean air temperature, precipitation, and solar radiation
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within Southeastern Crimea was conducted. Additionally, correlation coefficients were
computed to determine the relationship between these factors and NDVI values (Figure 10).
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Figure 10. Relationship between air temperature, precipitation, solar radiation, and NDVI: (a) dynam-
ics of annual mean air temperature in Southeastern Crimea; (b) correlation coefficient between annual
mean NDVI values and air temperature; (c) dynamics of annual mean precipitation in Southeastern
Crimea; (d) correlation coefficient between annual mean NDVI values and precipitation; (e) dynamics
of annual mean solar radiation in Southeastern Crimea; (f) correlation coefficient between annual
mean NDVI values and solar radiation.
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The findings from Figure 10 reveal an upward trend in air temperature and solar
radiation, accompanied by a slight reduction in precipitation levels in Southeastern Crimea.
Notably, despite the modest decrease in precipitation, there exists a significant correlation
between precipitation and NDVI values. Moreover, the correlation coefficients between
NDVI and air temperature, as well as NDVI and solar radiation, indicate a moderate level
of significance.

4. Discussion

Studying vegetation changes is a critical task as vegetation responds rapidly to various
environmental factors. This is particularly important in regions with forests, which are
valuable resources for multiple sectors. In this study, we analyzed the dynamics of NDVI
and Hurst index values within the major vegetation communities of Southeastern Crimea.

Contrary to several published works [29,37,69], Southeastern Crimea does not exhibit
significant variability in NDVI values. This can be attributed to the smaller study area
compared with previous studies [69,70] and the prevalence of natural vegetation cover
rather than contrasting or absent vegetation cover.

Although there are studies on NDVI dynamics for the Crimean Peninsula and its
parts [42,43,71-73], Southeastern Crimea remains understudied. Notably, there are works
assessing vegetation dynamics [74]. Fan et al. [70] calculated NDVI changes in the Crimean
Peninsula within the Belt and Road Initiative region from 1982 to 2015. However, comparing
their data with ours is challenging due to differences in spatial scales.

Comparing the Hurst index values of Southeastern Crimea with other regions world-
wide, values below 0.5 prevail, similar to the Tibet Autonomous Region (China) [69] and
Inner Mongolia (China) [29]. However, the Hurst index values (<0.4) indicate isolated
centers of anti-sustainability within the downy oak forests of the Karadag Nature Reserve,
supporting our previous findings [58]. Conversely, centers of instability predominantly
occur at the boundaries of urban areas due to negative anthropogenic impact. Overall,
studying NDVI dynamics and trends helps identify the most and least susceptible land and
forest ecosystems. However, defining classes and boundaries presents challenges compared
with previous studies [37,38], and alternative classification variants from [37,38] are not
applicable in our research.

Forest ecosystems exhibit the highest correlation between vegetation cover and air
temperature, precipitation, solar radiation, indicating favorable conditions for forest growth.
However, the downy oak forests, located at the edge of their range, face unfavorable
environmental conditions and cannot achieve their full potential in terms of green biomass.
This underscores the presence of valuable and less vulnerable ecosystems within the
Crimean Mountains.

Our findings are closely related to the data obtained by Han et al. [37] in Anhui
Province (China), which indicates that the period around 20142015 marks a turning point
in NDVI trend changes. However, unlike Han et al. [37], who attribute this to increased
catastrophic natural phenomena, such as landslides and avalanches, this does not apply to
Southeastern Crimea, where anthropogenic factors and global circulation processes play a
significant role.

Considering vegetation-covered regions, NDVI values cannot be negative (unlike
water surfaces), allowing us to analyze average values. However, due to pixel size limita-
tions in satellite imagery, water bodies may be included, which are subject to boundary
changes due to natural and anthropogenic factors, particularly relevant in the Crimean
Peninsula [75]. Nevertheless, the influence on calculated NDVI values in our study region
is minor since it belongs to water-deficient areas [58] and comprises numerous natural
landscapes devoid of natural or human-created water bodies. Analyzing average annual
NDVI values, as presented in Section 3, does not provide a clear understanding of change
trends, necessitating more complex indicators to assess vegetation changes. The calculation
of Hurst index and trend prediction values effectively addresses this research objective.
Thus, the Hurst index proves to be a useful tool for analyzing future changes in regional
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NDVI, determining the stability or instability of trends, and predicting long-term vegetation
cover changes.

The question of selecting the primary factor or combination of factors influencing
vegetation growth within a specific research region remains unresolved. While temperature,
precipitation, and solar radiation significantly contribute to the functioning of distinct veg-
etation communities in Southeastern Crimea, they are not the sole factors. Identifying and
analyzing various environmental factors that influence vegetation functioning represent
a promising research direction. The utilization of G.E. Hutchinson’s concept of multidi-
mensional ecological niche [76] is highly relevant for studying vegetation dynamics. This
framework provides valuable insights into the ecological requirements and responses of
species within their respective environments. Simultaneously, our analysis has exclusively
examined the impact of three climatic factors on vegetation change. Recognizing the intri-
cate influence of climatic variables on the development and functioning of ecosystems and
landscapes, it is imperative for future investigations to encompass a more comprehensive
array of external factors. This expansion should not only encompass climatic variables but
also extend to various other elements within the external environment.

When addressing the matter of selecting vegetation indices appropriate for the evalua-
tion of vegetative landscape dynamics, the adoption of the NDVI demonstrates markedly
heightened utility and applicability when compared with alternative vegetation indices.
The preference for the NDVI vegetation index can primarily be attributed to its extensive
prevalence and its capacity for facilitating inter-comparability among datasets generated by
researchers. Esteemed scholars, including those referenced in sources [37,38,77], affirm that
the NDVI possesses an enhanced capacity for delineating the growth status of vegetation,
engendered by its heightened sensitivity to vegetative constituents. Accordingly, it is
conventionally embraced as an efficacious evaluative metric for the surveillance of regional
ecological systems. In the words of Li et al. [78], amongst the entire gamut of vegetation
indices, the NDVI evinces a robust correlation with net primary productivity (NPP), canopy
extent, and biomass. This confluence of attributes enables it to aptly encapsulate and
gauge the trajectory of vegetative growth. Consequently, it assumes prominence within
investigations into the temporal vicissitudes of regional vegetative ecosystems.

Concurrently, an extensive array of vegetation indices, amenable to computation based
on satellite-derived imagery, exists. For instance, the ratio vegetation index (RVI) [79], in-
frared percentage vegetation index (IPVI) [80], and transformed vegetation index (TVI) [81],
while relying on identical satellite image channels as NDVI for computation, are integrally
linked to NDVI. Their autonomous consideration, dissociated from the NDVI framework,
is bereft of practical import. Notably, NDVI’'s ascendancy is underscored by its scalar
range, spanning from —1 to 1, unlike the ratio vegetation index (RVI) [79] or the difference
vegetation index (DVI) [82], both characterized by dimensionality sans constraints, thereby
exacerbating the intricacies attendant upon inter-data comparison and interpretation.

Pioneers in the field, including Huete et al. [83] and Elvidge and Lyon [84], have
underscored the substantive influence of soil cover upon vegetation indices. However, it is
germane to apprehend that the sensitivity of all vegetation indices to the overprint of soil
cover and unadorned tracts bereft of vegetation is ubiquitous. In the context of an examined
image pixel, NDVI is amenable to calculation, encapsulating the entwined characteristics of
soil and aquatic features. Yet, with the burgeoning of vegetative constituents within the con-
fines of this pixel, the NDVI amplitude burgeons in tandem, reflective of the enshrouding of
soil domains or the supplanting of erstwhile aquatic expanses. Moreover, certain vegetation
indices encompass considerations of both soil and ground surface influence. Instances
thereof comprise the transformed soil adjusted vegetation index (TSAVI) [85], modified
soil adjusted vegetation index (MSAVI) [86], and enhanced vegetation index (EVI) [87].
Their deployment, however, is confined to locales characterized by a luxuriant mantle of
vegetation, encompassing the studied region. This confinement emanates from the intricate
constraints impeding precise delimitation of soil constants, as delineated extensively in the
monograph [88]. Under these circumstances, the predilection for NDVI prevails, owing to
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its optimized resonance with vegetative profusion, emblematic of Southeastern Crimea’s
ecological tapestry. Although the integration of the enhanced vegetation index (EVI) was
contemplated during the preparatory stages of inquiry, its notable proclivity for inaccuracy
precluded its integration into the investigative paradigm. Furthermore, as underscored
in the discourse [42], EVI values evince marginal alignment with alternative vegetation
index metrics (most notably NDVI). The calculus of EVI betrayed an elevated susceptibility
to terrain topography, a consideration that becomes particularly salient in the backdrop
of the study area’s intricate and variegated topographical terrain, thereby giving rise to
pronounced disparities [89]. Martin-Ortega et al. [90] elucidate the fact that the enhanced
vegetation index (EVI) displays enhanced sensitivity to biophysical parameters such as leaf
area index (LAI), and is notably impacted by atmospheric conditions to a greater extent than
the conventional normalized difference vegetation index (NDVI), owing to the inherent
non-ratio nature of EVI. Moreover, empirical evidence underscores that EVI exhibits a
heightened degree of responsiveness, approximately five times greater than NDVI, towards
fluctuations in near-infrared reflectance (NIR). In contrast, Martin-Ortega et al. [90] observe
that the ratio-based formulation of NDVI confers the ability to effectively ameliorate a
substantial quantum of perturbations stemming from dynamic solar angles, topographical
variations, cloud-induced interference, and shading effects. This inherent property endows
NDVI with enhanced robustness against alterations in luminous conditions.

The incorporation of vegetation indices calibrated to ameliorate the influence of soil
cover necessitates a nuanced incorporation of regional idiosyncrasies, concomitant with
the integration of sundry correction coefficients. These coefficients, inevitably variably
distributed across raster cells due to the heterogeneity characterizing soil and terrestrial sub-
strate, preclude universal homogenization. Ergo, the electivity for NDVI culminates in its
conspicuously salient relevance for the entire Crimea Peninsula, and Southeastern Crimea,
specifically, as manifestly chronicled in scholarly contributions [73,74,91]. The ramifications
of soil characteristics at localized and regional research junctures command prodigious
endeavor and temporal investment in the context of field and laboratory spectroscopic
evaluations of soil. Analogous undertakings, frequently conducted to fine-tune global
models and extricate regional particularities across assorted scientific disciplines leveraging
remote terrestrial sensing datasets, are amply discernible in the extant corpus [92,93].

Another crucial aspect to consider in the analysis of NDVI value changes and the
calculation of the Hurst index was the transformation of time series into a stationary form.
This was necessitated by the fact that one of the most widely used methods for calculating
the Hurst exponent is the R/S analysis. Holl et al. [94] point out that in the natural world,
real-life data often contains inherent trends that render the series nonstationary, thereby
rendering the R/S analysis inappropriate. This phenomenon arises from the fact that the
R/S analysis can be applied to series that exhibit a degree of stationarity on mean [95].
Furthermore, as indicated by reference [96], it is imperative to consider that in order
to compute the Hurst index, the length of the observational series should encompass a
minimum of 256 measurements.

Another limitation of this study is the paucity of data and the challenges associated
with the geospatial processing of climatic characteristics within Southeastern Crimea. We
concur with the findings of Han et al. [37], who highlighted that different interpolation
methods for climatic data can lead to divergent raster fields of climate factors.

Furthermore, it is important to recognize the potential use of more detailed satellite
imagery with higher spatial resolution (e.g., Sentinel-2 with a resolution of 10 m/pixel), in
contrast to the MODIS data employed in this study. Nevertheless, the use of MODIS satellite
imagery was primarily driven by its extensive spatial and temporal coverage, despite its
lower resolution. As satellite imaging frequency increases in the future, endeavors should
be made to enhance data quality and obtain higher-resolution datasets. Additionally, it is
imperative to improve the quality of available open climatic data, which currently can only
be spatially correlated with MODIS satellite imagery. Another pivotal constraint inherent to
this research pertains to the observation duration, a parameter dictated by the accessibility
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of data procured from orbiting satellites. In the case of the MODIS satellite, as delineated
within our investigation, the dataset spans from 2001 onwards. In the event alternative
spaceborne satellites are employed for the acquisition of requisite multispectral satellite
imagery, instrumental for NDVI computations, the temporal extent of observational records
could conceivably expand (as in the case of Landsat) or conversely contract (as exemplified
by Sentinel-2). Another salient consideration in research lies in the recognition that the
computation of NDVI values, executed across diverse satellite platforms and software
suites (such as MODIS, Landsat, Sentinel-2, among others), inherently yields variations due
to discrepant imaging epochs. The challenge of coherently aligning images for a specific
temporal point compounds this variation. Moreover, even in instances where alignment is
achieved, the fact remains that MODIS, Landsat, Sentinel-2, and analogous satellite sensors
capture imagery within distinct spectral ranges. Consequently, the comparative analysis of
resultant data emerges as an intricate endeavor. It is imperative to duly acknowledge this
intricacy as a prospective stipulation shaping the contours of the study’s limitations.

Addressing these limitations and incorporating advanced data sources and analytical
methods will contribute to a more comprehensive understanding of vegetation dynamics
and the underlying environmental factors in Southeastern Crimea.

5. Conclusions

Vegetation cover serves as a crucial indicator of the environmental condition and offers
valuable insights into ecosystem health. It plays a significant role in assessing environ-
mental parameters, monitoring anthropogenic activities, evaluating ecosystem services,
and understanding forest landscape functions. Understanding the dynamics of vegetation
change is essential for effective conservation planning, species preservation, sustainable
forest management, and protection. However, it is crucial to recognize the conflicting
interests between economic exploitation of forests and environmental conservation efforts.

To achieve a balance between economic development and environmental preservation,
it is necessary to comprehend the impact of human activities and climate change on vege-
tation cover. Future research should focus on comprehensive analysis and comparison of
various vegetation indices beyond NDVI, exploring functional characteristics of vegetation
such as primary productivity and carbon sequestration, integrating NDVI calculations
with other remote sensing techniques such as unmanned aerial vehicle (UAV) imagery
for precise assessments of canopy structure and three-dimensional characteristics, and
investigating localized redistribution of key meteorological parameters. An auspicious
avenue of research lies in the utilization of detrended fluctuation analysis techniques for
the assessment of NDVI dynamics.

The utilization of geospatial analysis and remote sensing techniques enables the acqui-
sition of extensive spatial information regarding vegetation dynamics and its correlation
with climate change. This knowledge facilitates improved environmental planning, decision
making, and the implementation of sustainable practices for conservation and development.

Studying vegetation dynamics provides valuable insights into environmental changes
and plays a pivotal role in preserving natural ecosystems, managing resources, and striving
towards sustainable development objectives.
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Abstract: Changes in meteorology, hydrology, and vegetation will have significant impacts on the
ecological environment of a basin, and the middle-upper reach of Huaihe River (MUHR) is one
of the key regions for vegetation restoration in China. However, less studies have quantitatively
accounted for the contribution of vegetation changes to land surface discharge in the MUHR. To
quantitatively evaluate the influence of vegetation changes on land surface discharge in the MUHR,
the Bernaola-Galavan (B-G) segmentation algorithm was utilized to recognize the mutation year
of the Normalized Difference Vegetation Index (NDVI) time sequence data. Next, the functional
relationship between the underlying surface parameter and the NDVI was quantitatively analyzed,
and an adjusted Budyko formula was constructed. Finally, the effects of vegetation changes, climate
factors, and mankind activities on the surface discharge in the MUHR were computed using the
adjusted Budyko formula and elastic coefficient method. The results showed the following: (1) the
surface runoff and precipitation from 1982 to 2015 in the MUHR presented a falling trend, yet
the NDVI and potential evaporation presented an upward trend; (2) 2004 was the mutation year
of the NDVI time series data, and the underlying surface parameter showed a significant linear
regression relationship with the NDVI (p < 0.05); (3) the vegetation variation played a major role in
the runoff variation during the changing period (2005-2015) in the MUHR. Precipitation, potential
evaporation, and human activities accounted for —0.32%, —15.11%, and 18.24% of the surface runoff
variation, respectively.

Keywords: surface discharge variation; vegetation variation; attribution analysis; Budyko hypothesis

1. Introduction

The formation and changes of surface discharge are mainly influenced by the underly-
ing surface, climate factors, and mankind activities [1,2]. As a momentous component of
the underlying surface, vegetation plays a role in water storage and water conservation and
has significant effects on surface runoff in the basin [3-6]. Vegetation affects the changes in
surface runoff through hydrological processes such as transpiration, interception, and water
storage. In the past few decades, China’s vegetation coverage has shown a fluctuating
upward trend driven by the joint effects of multiple elements such as climate change and
human activities [7,8]. It has been found by analyzing the remote sensing vegetation index
that China has become the largest contributor to global vegetation greening, with a net
change in leaf area index values of 1.35 million km? from 2000 to 2017, with a change rate
of 17.8% [9].This result has a great practical meaning for agricultural irrigation and basin
water resource allocation and administration processes in quantitatively estimating the
impacts of vegetation change on surface discharge changes.

The middle-upper reaches of the Huaihe River (MUHR) are situated in the eastern
part of China, and are key regions for vegetation restoration in China. In recent years, the
vegetation coverage in the Huaihe River has shown an increasing trend [10-12], and the
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Normalized Difference Vegetation Index (NDVI) in the Huaihe River has generally shown
a steady upward trend from 1999 to 2018 [13]. Under the comprehensive consequences of
climate change, vegetation variation, and human activities, the discharge in the MUHR has
decreased in recent decades [14,15]. Therefore, in the immediately following years, many
researchers quantitatively analyzed the influence of different factors on the runoff changes
in the MUHR [16-19]. Zhang et al. [13] found that the increase in NDVI of 10% resulted
in an average decrease of 8.3% for the runoff in the Huang-Huai-Hai Basin. Through an
SWIM (soil and water integrated model), distributed hydrological model, and statistical
method, Gao et al. [20] quantitatively analyzed the coefficient of sensitivity of discharge to
climate elements and computed the contribution proportion of climate elements to runoff,
and concluded that the influence of climate change on the upstream discharge is mostly
due to the impact of precipitation. Liu et al. [21] computed the elasticity coefficients of
the runoff depth with the precipitation, potential evaporation, and underlying surface
parameters based on the Budyko water and heat balance theory. They quantitatively
analyzed the contributions of climate variation and human activities to the discharge
changes in the MUHR and concluded that the underlying surface parameter variation is
the key element leading to discharge reductions. Based on the Budyko hypothesis and
differentiation formula, Ye et al. [22] explored the impacts of climate variation and human
activities on the discharge characteristics at multiple timescales in the MUHR. The results
proved that human activities were the main factors causing the decreased discharge. Sun
et al. [23] utilized the simultaneous solution technique for multiple control factors based
on a sensitivity test and the Budyko equation to separate the contributions of climate and
human activities to the annual discharge changes in the Huaihe River Basin, and found that
the physical mechanisms controlling the ET and discharge changes in the Huaihe River
Basin have distinct spatial differences and interdecadal variations. Shi et al. [24] explored
the spatial and temporal evolution of the vegetation cover in a tributary of the Huai River
(Yihe) and its relationship with the surface runoff, and found that the relationship between
the NDVI and surface discharge in the basin was dominated by a non-significant positive
correlation. However, few studies have quantitatively analyzed the contribution rates of
vegetation changes to the surface runoff changes in the MUHR.

Therefore, the aim of this research is to quantitatively calculate the impact of vegetation
changes on discharge changes in the MUHR through the following four steps: (1) the
change trends of the meteorological and hydrological data and NDVI data are analyzed.
(2) the B-G segmentation algorithm is utilized to recognize the mutation year of the
NDVI time sequence data; (3) the functional equation between the underlying surface
parameter (w) and NDVI is quantified, and the modified Budyko formula is constructed;
(4) the contribution ratio of the vegetation variation on the discharge variation in the
MUHR is computed using the modified Budyko formula. This study contributes to further
understanding the influence of vegetation variations on hydrology processes, and has a
guiding significance for economic development and ecological environment governance in
the MUHR.

2. Study Area and Data

The middle-upper reaches of the Huaihe River (MUHR, above Wujiadu Station) are
located in the natural climate boundary zone between north and south China (Figure 1),
with a longitude of 111°55'-118°4’ east and a latitude of 30°55'-34°55" north. The middle
reaches contain mountains, while the upstream reaches contain hills, with most of the
vegetation being deciduous broad-leaved trees. The drainage area covers 121,300 km?,
occupying 40.1% of the Huaihe River Basin. The annual discharge rate from 1958 to 2016
was 266 x 108 m3, comprising 58.7% of the discharge in Huaihe River Basin, making it is
a momentous runoff-producing region for the basin. Influenced by anthropic factors and
climatic variation, it is very easy for flood and drought disasters to form, affecting many
cities along the line.
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Figure 1. Location of the study area.

The NDVI information for the period of 19822015 were obtained from the NASA
NDVI dataset (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/) (accessed on 1
January 2021). The runoff information for the Wujiadu Hydrological Station (1982-2015)
were obtained from the Huaihe River Water Conservancy Commission (http://www.hrc.
gov.cn/) (accessed on 1 January 2022). The meteorological station data for the areas in and
around the MUHR (1982-2015) were acquired from the National Meteorological Service
(http:/ /www.cma.gov.cn/) (accessed on 1 January 2020).

3. Methods
3.1. Bernaola-Galavan (B-G) Segmentation Algorithm

Given a segmentation point i, the time sequence dataset (X) with a number N is
divided into two subsequences, X; and Xj, respectively. The mean, standard deviation,
and length values of X; and X, are U; and Uy, S; and S,, and N7 and N, respectively.
Therefore, the formula for calculating the combined deviation Sp [25] is:

Sp = KS% +83)/ (N1 + N, — 2))]1/2(1/1\’1 F1/N,)12 O

A t-test was applied to measure the variability of the mean values of X; and X, and
the calculation formula for statistic T(i) is:

T(i) = (Uy — U2)/Sp )

When the variability of the mean values of X; and X, reaches the maximum, the -test
statistic also reaches the maximum (T}4y), and the formula for calculating the significance
probability P(Tay) corresponding to Ty [26] is:

P(Tmax) = PYOb(T < Tmax) (3)

P(Tmax) ~ [(1 - Iv/(VJrTrznax)(50’5)>]7 @

In the formula, ¢ = 4.19InN — 11.54, 6 = 0.40, N is the sample of the time series x(t),
and v = N — 2, I(a,b) is the incomplete B function. If P(T},x) > Py, the sequence will be
segmented; If P(Tuqy) < Py, it cannot be divided. The range of Py is generally [0.5,0.95], and
Py was set to 0.84 in this study [27].

If P(Tyax) > Py, one needs to calculate P(Tyqy) the two new subsequences to detect
all mutation points. In addition, in order to ensure the effectiveness of the statistics, if the
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length of the subsequence < Iy, the subsequence will not be segmented; /) was set to 25 in
this study [27].

3.2. Budyko Hypothesis

The Budyko hypothesis was founded based on the water balance equation:
R=P—ET—AS (5)

In the formula, R, P, and ET represent the runoff depth, precipitation, and actual
evaporation in the watershed; AS is the change in water storage. When analyzing long time
scales, the AS is negligible.

On the watershed scale, the precipitation can be directly obtained through the spatial
interpolation of the rainfall station observation data, and the actual evaporation rates were
computed using the Choudhury-Yang equation [28,29].

ET — P x ETO . ©)
(Pw + ETOw) Jw

Here, w reflects the characteristic parameters of the underlying surface; its value is
dependent on the soil type, terrain condition, and landcover type, and it is applied to
characterize the influence of human factors. ET) is the potential evaporation (mm), which
can be computed using the Penman—-Monteith formula:

 0.408A(R, — G) + 77255 Uz (ea — ¢4)
0= A+ (1 +0.34L)

@)

Combined with Formulas (5) and (6), Formula (5) can be converted:

P x ET,

e — ®)
(PY + ETye)'/®

Lietal. [30] analyzed the functional relation between the NDVI and Budyko parameter
(w) values of 26 major river basins around the world and discovered that there was a good
linear functional equation between them:

w =axNDVI+b )

Combined with Formulas (8) and (9), Formula (5) can be changed into Equation (10):

P x ET,

R=P-—
(PaNDVI+b | ETOa*NDVI+b)1/(a*NDVI+h>

(10)

The elasticity coefficients of runoff to the P (ep), ETy (¢g10), W (€), and NDVI (expvr)
can be computed using Formulas (11)—(14) [31,32].

wN 1/w+1 w
o )T o
(1 (5)) [0+ (51)") - (5)]
€ETO = ! (12)

<1+<%9)w>[1<]+(ﬂ@>—w>ﬂw}
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£ =

1n(1+(”°))+<%) < (T> ) (13)
wfuo(3)) 1= ((3) )]

ENDVI = € _axNDVI
WaxNDVI+b (14)

The time sequence data are assigned into two stages: the base period (T;) and the
changing period (T). Thus, the change values of the P (AP), ET, (AET0), w (Aw), and
NDVI (ANDVI) from T; to T, can be computed as follows:

AP =P2-P1 (15)

AETy = ETgp — ETi (16)
Aw = wy — wy 17)
ANDVI= NDVI, — NDVI; (18)

In the formula, Py and P, represent the mean precipitation in the T; and T periods;
ETp; and ET, represent the mean potential evaporation in the T; and T, periods; w;
and w; represent the characteristic parameters of the underlying surface in the T; and
T, periods; and NDVI; and NDVI, represent the vegetation coverage in the T; and T»
periods, respectively.

ARp = Spg x AP (19)
R
ARETO SETOET X AET (20)
R
ARy = Ew s X Aw (21)
R
ARrNDVI = ENDVI YT * ANDVI (22)

In the formulas, ARp, ARET9, ARw, and ARypy; respectively represent the surface
runoff variation values caused by P, ET)), w, and NDVI variations from T; to T».

Except for climate and vegetation changes, other factors affecting runoff changes, such
as water conservancy projects, domestic water use for urban residents, and agricultural
irrigation water, are classified as human activities in this study. Therefore, the amount
of runoff change caused by the human activities from T; period to T, period can be
expressed as:

ARpym = ARw — ARNDvI (23)

Therefore, the aggregate of the runoff variation induced by various factors is:
AR = ARp + ARgro + ARNvDI + ARpyn (24)

Therefore, the contribution proportion of the P (7R}), ETy (71RET0), human activities
(7Rp), and vegetation changes (7Rnpyj) to the runoff variation in the MUHR can be
computed using the following formulas:

1R, = ARp/AR x 100% (25)
URETO = ARET(J /AR x 100% (26)
MRypyr = BRNDVI/AR X 100% @7)
Ry = ARhum/AR x 100% (28)
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4. Results and Analysis
4.1. Trend Analysis

Figure 2a displays the annual variation tendency of the mean annual runoff depth
values in the MUHR from 1982 to 2015. It can be recognized from Figure 2a that the average
annual runoff depth displays a non-significant downward trend (p > 0.05). During the
research period, the range of yearly runoff depths in the MUHR was 50-520 mm, and the
maximum was reached in 2003. Figure 2b displays the yearly variation tendencies for the
average annual NDVI changes in the MUHR. As we can see from Figure 2b, the NDVI was
increasing. The range of the mean annual NDVI values of the MUHR was 0.46 to 0.60. In
general, the gradient of the NDVI was 0.0026/a (p < 0.05), indicating that the vegetation
recovery in the MUHR was significant.
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Figure 2. Annual variation tendencies of the runoff depth (a) and NDVI (b) values in in MUHR.

Figure 3a reveals the change tendencies for annual precipitation and potential evap-
oration from 1982 to 2015 in the MUHR. The annual rainfall shows a fluctuating and
non-significant downward trend and its interannual change is dramatic, with a gradient
of —1.173 mm/a (p > 0.05). During the study period, the annual average precipitation in
the MUHR ranged from 600 to 1300 mm. The average annual potential evaporation in the
MUHR were in the ranges of 950-1750, with a non-significant upward trend (p > 0.05) and
a gradient of 0.0147 mm/a. Figure 3b reveals the change tendencies for actual evaporation
from 1982 to 2015 in the MUHR. The actual evaporation show a non-significant upward
trend (p > 0.05), with gradients of 1.6998 mm/a. During the study period, the average
actual evaporation in the MUHR were in the ranges of 550-850 mm.
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Figure 3. Change tendencies of the precipitation, potential evaporation, and actual evaporation in
the MUHR.
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4.2. Mutation Analysis of the NDVI

The B-G algorithm was used to distinguish the abrupt year of the NDVI time sequence
data (Figure 4). It is worth noting that Py is a set threshold, and its value range is [0.5-0.95].
In this study, the value of Py is set to 0.84, and for the purpose of assuring the validity of
the statistics, this research defines the value of subseries not less than 25, i.e., [ > 25. If
the length of the subsequence is too short and the amount of data is too small, there is
too much error in testing the mutation points. The result of the B-G algorithm revealed
that the abrupt year of the NDVI time series data was around 2004. According to Formula
(4), the probability at the maximum value of the t-test statistics P(T5y) was calculated. If
P(Tax)> Py, the mutation is considered to be significant. The calculation results show that
the probability range of originality at the maximum value of the {-test statistics (2004) is
0.84128 > 0.84, proving the reliability of the result that the NDVI time series data mutated
in 2004.

7

P =0.84128
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Figure 4. The B-G segmentation algorithm results for the NDVI data in the MUHR from 1982 to 2015.

4.3. Quantitative Analysis of Vegetation Variation Based on Streamflow Variation

To quantify the relationship between the NDVI and w, the w values in the MUHR from
1982 to 2015 were calculated using Equation (8). Next, the 10-year moving averages of w
and NDVI were obtained in this study. Finally, the relationship between the NDVI and w
in the MUHR was obtained (Figure 5). Figure 5 shows that the 10-year running average w
has a linear function relationship with the 10-year running average NDVI.
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Figure 5. The relationship between the 10-year running average w and NDVI values.

In accordance with consequences of the B-G algorithm mutation analysis, the research
phase was assigned to the base period (T1: 1982-2004) and changing period (T: 2005-2015).
In accordance with the mean potential evaporation, mean precipitation, and mean runoff
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depth values in the Ty and T, periods, the characteristic parameters of the underlying
surface (w) in the Ty and T, periods were computed. The elasticity coefficients of the
runoff to the P (ep), ETO (egT0), w (), and NDVI (enpyr) can be computed using Formulas
(11)—~(14). The consequences are presented in Tables 1 and 2.

Table 1. The eigenvalues of the climate, hydrology, and NDVI variables in the MUHR.

Periods ETo/mm P/mm R/mm w NDVI
Ty 1076.66 924.59 218.49 2.74 0.52
T, 1059.36 924.77 188.45 3.09 0.57
A —17.30 0.18 —30.04 0.35 0.05

Table 2. Contribution rate analysis of the discharge variation in the MUHR.

€p

€E0

Ew

ENDVI ARp ARgro ARnpvi ARpym Rp "Reny "Ryowt MRy

2.43

—1.43

—1.45

—1.64 0.10 4.84 —31.09 —5.84 —0.32% —15.11% 97.19% 18.24%

It can be seen from Table 1 that the ET( of the MUHR in the T, period has decreased
to 17.30 mm, contrasting with the T; period. The precipitation of the T, period has slightly
increased by 0.18 mm, contrasting with the T; period. The runoff depth in the T, period has
reduced by 30.04 mm, contrasting with the T; period, but the NDVI value in the changing
period presents an increasing trend, with an increase of 0.05.

It can be recognized from Table 2 that the elasticity coefficients of the runoff depths
based on the ETj, w, and NDVI are 2.43, —1.43, —1.45, and —1.64, respectively. The variation
in the runoff depth caused by the precipitation, potential evaporation, human activities, and
vegetation changes can be computed using Formulas (11)-(14), and equal 0.10 mm, 4.84 mm,
—31.09 mm, and —5.84 mm, respectively. The variation in runoff depths caused by the
significant growth of vegetation is the largest, accounting for 97.19%,; that is, the vegetation
variation is the major factor resulting in discharge changes in the MUHR. The precipitation,
potential evaporation, and human activities account for —0.32%, —15.11%, and 18.24% of
the surface runoff variation in the MUHR, respectively.

The findings of this paper are similar to those by scholars such as Zhang et al. [13]
and Shi et al. [24], all of whom indicated that improved vegetation cover conditions in the
watershed domain have a weakening effect on the runoff, but there are still some differences
in the calculated contribution values, which may be due to several factors, including (1) the
use of data from different time scales and (2) the use of different hydrological models and
Budyko’s assumption formula.

Many studies have confirmed that the vegetation changes caused by large-scale af-
forestation activities in the watershed can significantly affect the runoff [33-35]. Vegetation
changes can affect runoff changes in many ways. (1) The higher the vegetation coverage
rate, the stronger the ability to conserve water, and the surface runoff will be reduced.
(2) The increase in vegetation leaf area can increase the evapotranspiration of plant leaves,
and as water is discharged into the atmosphere through the respiration of leaf stomata, the
soil water content will also decrease, affecting the surface runoff. (3) The improvement of
the vegetation coverage degree efficiently improves the interception of rainfall, reducing
the precipitation reaching the ground and affecting the change in runoff.

5. Conclusions

In this study, we first explored the change trends of meteorological and hydrological
data and NDVI data and identified the mutation year of the NDVI time series data using
the B-G segmentation algorithm. Next, the functional equation between the underlying
surface characteristic parameter (w) and the NDVI was quantified, and the modified
Budyko formula was structured. Finally, the impact degree of the vegetation change on the
discharge change in the MUHR was computed using the modified Budyko formula.
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The following conclusions were drawn. There is a significant linear functional relation
between the NDVI and underlying surface parameters (w). The vegetation variation
played a major role in the runoff variation during the changing period (2005-2015) in
the MUHR, with a contribution rate of 97.19%. The precipitation, potential evaporation,
and human activities accounted for —0.32%, —15.11%, and 18.24% of the surface runoff
variation, respectively.

6. Discussions

The implementation of a series of soil and water conservation measures in the MUHR
(especially the reforestation and grass restoration project in 1999) has significantly changed
the rainfall-runoff relationship in the area. The underlying surface parameters (w) in the
Budyko equation reflect the combined effect of the soil properties, topographic factors, and
vegetation cover. The soil properties and topography are relatively stable parameters, while
the vegetation factors become the main factors affecting w. The NDVI and w showed a
strong synergistic trend, indicating that the vegetation restoration had a significant impact
on w (Figure 5). The contribution analysis of the vegetation restoration to the runoff
changes further verified that the increase in vegetation cover caused runoff attenuation in
the MUHR.

There were several deficiencies in the attribution of different factors to discharge
changes based on Budyko’s theoretical assumptions. (1) Meteorological data for the in-
dividual dates were missing due to the limitation of the observation conditions. (2) This
study assumed that each factor was relatively independent. This assumption ignores the
interactions and connections between each factor [36-38], which will have an uncertain
impact on the research results. (3) In addition to vegetation restoration, various soil and
water conservation engineering measures such as the construction of terraces and sand
dams also cause changes in w, and the effects of various water conservation measures on
w cannot be quantitatively analyzed at present. (4) The change in water storage in the
water balance equation based on Budyko’s assumption is 0 on the multi-year average scale,
which obviously ignores the interception for runoff by various soil and water conservation
engineering measures and water conservancy projects.

In the future, we will consider building a distributed hydrological hydrothermal
coupling model combined with higher-resolution remote sensing vegetation index data
to analyze how vegetation affects the hydrological process in the MUHR [39—41]. This is
an effective way to clarify the influence mechanism of vegetation variations on the water—
heat relation. In addition, in this study, we did not distinguish the impact of reservoir
construction projects on the discharge change, which will be further discussed in the
subsequent study.
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Abstract: Vegetation changes have a significant impact on the underlying surface of a watershed
and alter hydrological processes. To clarify the synergistic evolution relationship between climate,
vegetation, and hydrology, this study aims to reveal how vegetation restoration influences streamflow
decline. This study first applied the trend-free pre-whitening Mann-Kendall (TFPW-MK) method to
identify variation trends of various elements at Baihe and Shayang hydrologic stations from 1982
to 2015. Secondly, an extended Budyko equation was improved by fitting the linear relationship
between annual NDVI and Budyko parameter (w). Finally, based on the extended Budyko formula,
the elastic coefficient method was applied to identify the influence of vegetation changes on runoff
changes of the Baihe and Shayang stations from 1982 to 2015. The results displayed that (1) the annual
NDVTI of Baihe and Shayang hydrologic stations both presented an increasing trend, and streamflow
presented an insignificant decrease trend. The mutation year of the annual runoff depth of Baihe and
Shayang stations both occurred in 1990. (2) The annual NDVT had a significant and positive linear
relationship with w. (3) The streamflow decline of Baihe and Shayang stations is mainly influenced
by precipitation variation and human activities. (4) Vegetation growth had a positive effect on the
streamflow decline of Baihe and Shayang stations, with a contribution rate of 14.06% and 17.87%.
This effect of vegetation growth on discharge attenuation should be given high priority.

Keywords: vegetation growth; response mechanism; streamflow decline; extended Budyko equation

1. Introduction

The water cycle, as a key link connecting the ocean, land, and atmosphere, has sig-
nificant implications for global climate and natural environment changes. Climatic and
anthropogenic factors are two main factors that affect the water cycle, including precip-
itation, runoff, evaporation, and land use change [1-3]. Climate change directly affects
hydrological cycle elements such as temperature, leading to terrestrial hydrological system
change. Human activities have significantly affected runoff by altering the underlying
surface conditions and canopy interception and evapotranspiration of the basin through
many methods, such as off-river water intake, hydraulic engineering construction, and
urban expansion [4-6]. By reason of the combined impact of climatic and anthropogenic
factors, the hydrological cycle of the basin has undergone significant changes, resulting
in frequent occurrence of extreme events such as extreme droughts and floods [7-10], pos-
ing serious challenges to water resource management, ecosystem balance in river basins,
and agricultural irrigation and production [11-13]. Therefore, quantitative analysis of the
effect of different factors on discharge variation is profit to clarify the evolution trend of
watershed runoff, guiding managers to make correct decisions, and providing an important
theoretical foundation for achieving water resource security and sustainable utilization.
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Hanjiang River Basin (HJR) is a first-order tributary of the Yangtze River Basin. The
upstream HJR is one of the water sources for China’s South-North Water Transfer Central
Project, and midstream and downstream HJR are one of China’s major grain and cotton
production bases. Because of the remarkable growth of water consumption by anthropic
factors and the influence of global warming, the discharge of HJR was significantly reduced.
Therefore, the analysis of the variation patterns and drivers of streamflow attenuation
in HJR has become a hot research topic for scholars [14]. Du et al. [15] carried out the
evolution law and driver of hydrological elements in the upper reaches of the HJR by
mathematical statistical tests and hydrological modeling methods. Results indicated that
there was a downward trend in precipitation and streamflow, with a sudden change year
in 1990. Average annual runoff from 1991 to 2016 decreased by 8.12 billion cubic meters
compared to 1962 to 1990, with approximately 43.2% affected by climate change and 56.8%
affected by human activities. Zou et al. [16] explored the effect of precipitation changes
and anthropic factors on runoff by the double cumulative curve method. Results indicated
that the effect of anthropic factors on the reduction of runoff in HJR gradually increased
during the research period. During the research period, the influence of human factors on
streamflow attenuation in Shiquan station and Xiantao station increased by 18.56% and
11.15% in Phase III (2003-2018) compared to Phase II (1991-2002), respectively.

In order to protect and expand forests, reduce land desertification, and prevent soil
erosion, the Chinese government has vigorously implemented key projects such as “re-
turning farmland to forests and grasslands” and the “Three-North Shelterbelt Program”.
From 2000 to 2017, the vegetation leaf area index increased significantly, accounting for
25% of the global net increase in leaf area. The implementation of a series of ecological
restoration measures has caused rapid changes in vegetation in the Han River Basin. Zhan
etal. [17] analyzed the characteristics and driving forces of vegetation change in midstream
and downstream of HJR from 2001 to 2015. NDVI displayed a growth trend, and anthropic
factors had a facilitating impact on vegetation recovery. Vegetation changes have altered
hydrological processes such as precipitation interception, evapotranspiration, and soil
infiltration, and have had a significant impact on watershed water cycle and runoff. The
implementation of a series of ecological restoration measures in the HJR has a significant
impact on its precipitation-runoff relationship. In recent years, some scholars have begun
to analyze the impact of vegetation change on the HJR. Peng et al. [18] found that changes
in the underlying surface are the main driver contributing to streamflow attenuation of
HJR, and vegetation change is an important reason for the overall decrease in runoff of HJR.
However, previous studies have mostly qualitatively analyzed the positive or negative
impact of vegetation changes on runoff in the HJR, few researchers quantitatively assessed
the contribution of vegetation growth on streamflow attenuation.

As a consequence, this paper aims to reveal how vegetation restoration influences
streamflow variation by following contents: (1) identifying the changing characteristics of
meteorological, hydrological, and annual NDVI data of HJR; (2) constructing a corrected
Budyko equation; and (3) quantifying the impact of vegetation growth on discharge at-
tenuation in HJR by corrected Budyko equation and elasticity analysis methods. This
study helps to clarify vegetation spatiotemporal characteristics of HJR and its influence on
runoff changes, which is instrumental in sustainable economic development and ecological
environment protection of HJR.

2. Research Area and Data

Hanjiang River originates from the southern foothills of the Qinling Mountains. The
entire area of the HJR is 1577 km, with a watershed area of 15.3 x 10* km?, with the range
0f 106°11'-114°14’ E and 30°08’-34°20" N.. The mainstream of the Hanjiang River runs from
east to west, passing between the Qinling Mountains and Daba Mountains, and the river
gradient is large. The mountainous area within the watershed accounts for approximately
70% of the total watershed area. The average annual runoff of the entire Hanjiang River
basin is 57.7 billion m®. The streamflow supply of the Hanjiang River mainly comes from
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atmospheric precipitation, and the distribution of surface water resources is basically
consistent with the distribution of precipitation.

HJR belongs to the East Asian subtropical monsoon climate region, and its climate
has obvious seasonal characteristics. The vegetation types in the watershed are mainly
subtropical evergreen broad-leaved forest, evergreen broad-leaved forest, and deciduous
broad-leaved mixed forest, with high vegetation coverage. The precipitation in the basin is
mainly influenced by the warm and humid air currents in the southeast and southwest.
The distribution of precipitation in the basin is uneven within the year, with an average
annual precipitation of 873 mm, an average annual temperature of 12.0-16.0 °C, an extreme
maximum temperature of 42.7 °C, and an extreme minimum temperature of —17.6 °C. The
average wind speed for many years is between 1.0-3.0 m/s.

There are 14 major reservoirs built in the main stream of the Hanjiang River, including
Danjiangkou, Shiquan, Ankang, etc. There are six major large reservoirs built in the
tributaries, including Linhekou and Doulingzi. Key water diversion projects in the basin
include the Water Diversion from the Han to Wei River Project, the Qingquangou Water
Diversion Project, and the Water Diversion from the Yangtze River to Hanjiang River
Project [19-21].

In this paper, Baihe and Shayang hydrological station of HJR are selected for this study.
The discharge data of Baihe hydrological station and Shayang hydrological station from
1982 to 2015 are selected from the China Hydrological Yearbook and Yangtze River Water
Resources Commission. Meteorological station data from 1982 to 2015 are downloaded
from the China Meteorological Administration, and these stations” potential evaporation
can be computed by the Penman—-Monteith equation. Annual NDVI (1982-2015) data are
drawn from the GIMMS NDVI3g V1.0 dataset by the method of calculating the average
value, and the spatial resolution of NDVI data is 0.05 degrees. Annual NDVI (1982-2015)
data are drawn from the GIMMS NDVI3g V1.0 dataset by the method of calculating the
average value. We use the tool “Zonal Statistics as Table” in ARCGIS to calculate the
average value.

3. Methodology
3.1. Trend-Free Pre-Whitening Mann—Kendall Method

The Mann-Kendall (MK) trend test is a nonparametric rank test method, which does
not require the original data to obey a normal distribution, nor is it affected by a few outliers
and missing data, and is widely used in the field of hydrological statistics [22,23]. However,
the non-parametric rank test method requires the original sequence to be independent,
and if the original sequence has autocorrelation, it will significantly amplify the trend of
the sequence. In this paper, we use the trend-free pre-whitening (TFPW) MK method to
preprocess the original data series. TFPW-MK trend testing method is a pre-removal type
MK trend testing method proposed for the autocorrelation problem of the sequence to be
tested [24]. Through the trend-free pre-whitening method, we eliminate the influence of
dominant trends on the estimation of autocorrelation coefficients in the original data series,
and can effectively reduce the impact of autocorrelation on the test results in the sequence
and avoid distortion of the test results [25]. Therefore, in this paper, we made use of the
TFPW-MK trend test method to identify the variation trend characteristics of runoff depth
(R), precipitation (Pre), potential evapotranspiration (ET0) and NDVIL

3.2. Mutational Analysis Methods

The Pettitt catastrophe test is a nonparametric catastrophe point detection method,
which is simple in calculation and less affected by outliers and is widely used in the
catastrophe analysis of hydrometeorological elements. The specific calculation process
can be found in reference [26]. The Pettitt catastrophe test K; 5 method defines the
statistic to obtain the most significant possible mutation point and uses the statistic to
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determine whether the mutation point meets the given significance level. p < 0.05 indicates
statistically significant.
Kin =max|Un|, (1 <t <N) ¢Y)

P=2exp{f6KﬁN/(N3+N2)} @

Among them, U is the statistical variable of the sample time series data, and N is the
number of sample sequences.

The accumulated deviation value mutation test approach is an intuitive curve judg-
ment approach. The cumulative deviation curve of the variables is plotted with time as
the horizontal coordinate for determining the continuous evolution characteristics of time
series data, and the extreme point of the curve corresponds to the time when the sudden
change occurs. The advantages of this method are not only the ease of calculation, but also
the clarity of the time when the mutation occurs.

3.3. Extended Budyko Equation

There are a great many methods that can identify the effect of different factors on dis-
charge variation, such as hydrological modeling [27], statistical analysis [28], and elasticity
coefficient based on the Budyko hypothesis [29,30]. (1) The hydrological modeling method
has high analysis accuracy and strong physical mechanism, which can simulate the hydro-
logical process of precipitation, evapotranspiration, runoff and other factors. However, the
calibration of model parameters is difficult and highly influenced by subjective factors of
human beings, which increases the uncertainty of the results. Wen et al. [31] made use of
the SWAT model to identify the effect of different factors on runoff variation of the Jinghe
River and found that anthropogenic factors were major drivers influencing streamflow
attenuation. (2) The statistical analysis method mainly conducts attribution analysis of
streamflow variation by analyzing the correlation and trend characteristics of long-term
series hydro-meteorological data, including comparative method of the slope changing
ratio of cumulative quantity (SCRCQ), etc. Wang et al. [32] decoupled the influence of
precipitation, evapotranspiration, and anthropogenic factors on discharge variation in
Songhua by SCRCQ. (3) The Budyko method is easier to obtain input data and simpler
calculation than hydrological modeling [33] and has become a commonly used method for
scholars to study the driver of long-term runoff changes [34-37]. Through the derivation
and derivation of a series of equations, the attribution of watershed runoff is quantitatively
calculated. Zhao et al. [38] explored the driving factors of runoff in the middle reaches of
the Yellow River by Budyko hydrothermal coupling equilibrium model. Except for the
Beiluo River and Yanhe River, the main driver for streamflow changes was human activities.

R = Pre—ET 3)

R is runoff depth and Pre is precipitation. In light of this theory of Budyko, there is a
functional relationship between the actual evaporation (ET) and drought index (AI = ET0/Pre)
at the multi-year scale of the basin.

ET=P qf(i—feo) 4)
R = Pre ff<%)> ®)

ETO is potential evaporation. There are many equations for f (%) ,and Fu’s equation
based on the Budyko framework is Equation (4) [39].

ETO ETO ETO\“\"*
f(Pre>_1+Prei<1+<Pre> > (©)
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where w is a variable that characterizes watershed property information and represents
the impact of environmental changes such as climate, topography, vegetation type, and
soil on the Budyko curve in the watershed, reflecting the macroscopic manifestation of the
micro-interaction between various environmental factors. The soil properties will undergo
corresponding changes with the restoration of vegetation. The topography undergoes
corresponding changes with the impact of the erosion process, such as gully head retrogres-
sive erosion, erosion gully undercutting, etc. However, changes in land use and surface
cover conditions have a much greater impact on hydrological processes than soil properties
and topography. In particular, with the implementation of the large-scale conversion of
farmland to forest and grass project in 1999, vegetation coverage became the most critical
factor for underlying surface conditions and significantly affected the hydrological process

of the watershed. y
ETO\“\"“ [ETO

Therefore, vegetation as the most critical factor for underlying surface conditions has
been introduced into the interpretation of water and heat coupling control parameters in
many studies in recent years. Li et al. [40] found that the underlying surface parameters
(w) in Budyko’s hypothesis have a linear relationship with NDVI.

w=a*NDVI +b ®)

a and b are constants for a given basin and need to be computed, and the constant (a)
characterizes the sensitivity degree of w to vegetation changes.

Combining Equations (7) and (8), Equation (9) describing the relationship between
runoff depth and climate and vegetation indices is obtained, so the influence of vegetation
growth on discharge attenuation of the HJR can be estimated quantitatively from NDVI
data obtained by remote sensing.

(axNDVI4D)\ 1/ (@*NDVI+b)
R = Pre <1 + <@> > B (@) o)
Pre Pre

3.4. Elasticity Coefficient Method
The elasticity coefficients of runoff depth (R) to ETO0, Pre, and NDVI can be calculated.

AR ETO

_ ok B0 1

ET0 = AET0 R (10)
AR Pre

- ore 1

Epre APre R ( )

AR NDVI 12

ENDVI= ANDVI R
where ﬁ%, %, and % can be obtained by partial differentiation of Equation (9), respectively.

R
AREgT0= ——AET 1
ETO= EETOErs 0 (13)
ARpje=¢ iAPre (14)
Pre— Pn’Pre
R
ARNDVI = ENDVIWANDVI (15)
R
ARpym = €w ;Aw — ARNDvI (16)
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where ARETo, ARpr, ARNpyT and ARy, represent the changes in runoff depth due to
changes in the ET0, Pre, NDVI and underlying surface parameters, respectively. 1o, €pre,
enpy1 and g, represent the elastic coefficient of streamflow to ETO, Pre, NDVI and w.

AR = ARgro + ARpre + ARNDYI 4 ARpm 17)
NRero = ARETO/AR X 100% 18)

Ry = ARpre/ AR x 100% 19)

HRapy = ARNDYI/AR x 100% (20)
MRy = ARpm /AR x 100% 1)

NReror MRprer MRypyy @A 1R, represent the contribution rates of ET0, Pre, NDVI and an-
thropic factors on runoff.

4. Results and Analysis
4.1. Trend Analysis

In this paper, we made use of the TFPW-MK trend test method to identify the variation
trend characteristics of runoff depth (R), precipitation (Pre), potential evapotranspiration
(ETO0) and NDVI at the Baihe and Shayang hydrological stations (Table 1). The significance
test of the TFPW-MK method needs to be judged based on the z value. If the absolute value
of z is greater than 1.96 and less than 2.576, it indicates that the results are significant at
the 0.05 level. If the absolute value of z is greater than 2.576, it indicates that the result is
significant at the 0.01 level.

Table 1. TFPW-MK trend test results of meteorological and hydrological elements on Baihe and
Shayang hydrological stations.

Hydrographic Station Variable B z Level of Significance
R —3.044 —0.697 —
Baih Pre 0.552 0.201 —
ame ETO 1.627 1.844 —
NDVI 0.001 2.897 0.01
R —2.930 —1.193 —
Shavan Pre —0.988 —0.232 —
yang ETO 1.758 1.844 —
NDVI 0.001 1.627 —

For Baihe hydrological station, the Z value of R from 1982 to 2015 was —0.697,
which indicated that the annual R at Baihe hydrological station showed an insignificant
downward trend overall. The z value of Pre and ETO at Baihe hydrological station from
1982 to 2015 was 0.201 and 1.844, which indicated that the annual Pre and ET0 at Baihe
hydrological station both showed an insignificant upward trend overall. The Z value of
NDVI at Baihe hydrological station from 1982 to 2015 was 2.897, which indicated that the
annual NDVI showed a significant upward trend overall. For the Shayang hydrological
station, the Z values of R and Pre from 1982 to 2015 were —1.193 and —0.232, which
indicated that the annual R and Pre both showed an insignificant downward trend
overall. The Z value of ET0 and NDVI at Shayng hydrological station from 1982 to 2015
was 1.844 and 1.627, which indicated that the annual ET0 and NDVI both showed an
insignificant upward trend overall.
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4.2. Abrupt Analysis

Mutation analysis for annual runoff depth data (1982-2015) of the Baihe and Shayang
stations was conducted using the Pettitt mutation test method (Figure 1). From Figure 1,
the statistics of the Pettitt mutation test method for annual runoff depth data (1982-2015)
of the Baihe and Shayang stations both showed an overall trend of increasing from 1982
to 1990 and then decreasing from 1991 to 2015. And the statistics in 1990 both were the
maximum value and exceeded the critical value of « = 0.05. The results indicated that the
sudden change year for annual runoff depth data (1982-2015) of the Baihe and Shayang
stations both were around 1990.
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Figure 1. Pettitt mutation test results of runoff depth in Baihe (a) and Shayang (b) during 1982-2015.

The accumulated deviation value mutation test approach was used to test annual
runoff depth data (1982-2015) of the Baihe and Shayang stations to confirm the accuracy
of the mutation results of the Pettitt mutation test method (Figure 2). Figure 2 presented
that the accumulated deviation value of annual runoff depth data (1982-2015) of the
Baihe and Shayang stations both showed an overall trend of increasing from 1982 to 1990
and then decreasing from 1991 to 2015, which implied that annual runoff depth data
(1982-2015) of these two hydrological stations both mutated in 1990. Therefore, the Pettitt
and cumulative deviation value mutation test methods both verified that annual runoff
depth data (1982-2015) of Baihe and Shayang stations mutated in 1990.

(a) 900 r (b)

800

1990
400

Runoff accumulated deviation value

Figure 2. Runoff depth accumulated deviation value mutation analysis in Baihe (a) and Shayang
(b) from 1982 to 2015.
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4.3. Influence Assessment of Revegetation on Streamflow

In an effort to further investigate the effect of revegetation on streamflow attenuation
in HJR, we should obtain the linear relationship equations of NDVI and w. Next, for
obtaining the fitting equations of NDVI and w, the 7-year moving average NDVI and w of
Baihe and Shayang hydrological stations are computed. Finally, the regression coefficients
for Baihe (2 = 6.51 and b = —3.59) and Shayang (2 = 14.23 and b = —9.10) are obtained by
least squares fitting, respectively (Figure 3). The determination coefficient (R?) of the fitting
equation are 0.39 and 0.59, and the equations both are significant (p < 0.01). Comparing
the fitting equations of NDVI and w in other study areas, these determination coefficients
range from 0.35 to 0.55 [30,41,42]. Determination coefficients in the figures are close to
their numerical value. Therefore, the fitting equations of NDVI and w can be applied to
calculating the contribution of vegetation change to runoff attenuation.

23 ¢ (a) 25 ¢ (b)
y = 14.226x - 9.1008
6.5105x — 3.5946 R® =0.5877
g 21 R = 0as6l M s o ) -
% L I 5 °® ‘
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;5 1.9 . el ‘....,..-. ° ° %‘, 21 F . ..‘..-.. °
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o
15 : - - . g 17 . . . ,
0.82 0.83 0.84 0.85 0.86 0.87 0.77 0.78 0.79 0.8 0.81
7-year sliding mean NDVI 7-year sliding mean NDVI
Figure 3. Functional Equations for 7-year sliding mean NDVI and 7-year sliding mean w in Baihe
(a) and Shayang (b) stations.
In accordance with the mutation analysis results, 1990 was taken as the abrupt year for
splitting the annual runoff depth of Baihe and Shayang into two sub-periods (P1: 1982-1990
and P2: 1991-2015), and values of hydro-meteorological elements and NDVI of HJR were
computed (Table 2). We applied the T-test method to test the significance of the difference
between the two sub-periods (P1: 1982-1990 and P2: 1991-2015).
Table 2. Values of hydro-meteorological elements and NDVI in HJR.
Station Periods ET0/mm Pre/mm R/mm w NDVI
P1 (1982-1990) 847.52 919.51 493.75 1.69 0.833
Baih P2 (1991-2015) 898.16 813.61 336.39 1.94 0.846
ame Difference 50.64 ~105.90 ~157.36 0.25 0.013
P 0.002 0.086 0.006 0.001 0.099
P1 (1982-1990) 895.15 882.37 391.37 1.92 0.783
Shavan P2 (1991-2015) 940.64 806.06 273.82 2.20 0.791
yans Difference 45.49 ~76.30 ~117.56 0.28 0.008
P 0.005 0.127 0.003 0.058 0.294

From Table 2, potential evaporation and w of the Biahe station both significantly
increased by 50.64 mm and 0.25 from P1 to P2 (p < 0.05). Runoff depth significantly
decreased by 157.36 mm, from 493.75 mm (P1) to 336.39 mm (P2) (p < 0.05). The change in
precipitation showed no significant decrease, decreasing by 105.90 mm from 919.51 mm
(P1) to 813.61 mm (P2). The change in NDVI showed no significant increase, increasing by
0.013 from 0.833 (P1) to 0.836 mm (P2).
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For Shayang station, potential evaporation significantly increased by 45.49 mm from
895.15 mm (P1) to 940.64 mm (P2) (p < 0.05). Runoff depth significantly decreased by
117.56 mm, from 391.37 mm (P1) to 273.82 mm (P2) (p < 0.05). The change in precipitation
showed no significant decrease, decreasing by 76.30 mm from 882.37 mm (P1) to 806.06 mm
(P2). The change in NDVI and w both showed no significant increase, increasing by 0.008
and 0.28 from P1 to P2.

The elasticity coefficient of the runoff depth of the Baihe and Shayang stations on each
driving factor was calculated. And then the amount of runoff changes due to changes in P,
ETO0, w, and NDVI could be computed, as shown in Table 3.

Table 3. Attributing analysis of discharge variation in HJR.

Station  eppg Epre £w enpvi  ARero ARpre  ARpym  ARNDVI  Rpro HRpre MRy Rypvi
Baihe —0.64 1.64 —1.32 —3.83 —13.88 —78.09 —44.15 —2226 8.76%  49.30% 27.88% 14.06%
Shayang —0.84 1.84 —1.39 —7.36 —1259 —-51.89 —-3327 2129 1057% 43.55% 28.01% 17.87%

From T; to T, the increase of 50.64 mm in ETO led to a decrease of 13.88 mm in the
runoff depth of Baihe station. The decrease of 105.90 mm in Pre caused a decrease of
78.09 mm in runoff depth. The increase of 0.25 in w and 0.013 in NDVI caused a decrease
of 44.15 mm and 22.26 mm in the runoff depth of Baihe station. The contributions of ET0,
Pre, human activities and NDVT to the runoff depth of Baihe station were 8.76%, 49.30%,
27.88% and 14.06%, respectively.

For Shayang station, the increase of 50.64 mm in ETO, 0.25 in w, and 0.013 in NDVI
led to a decrease of 12.59 mm, 33.27 mm, and 21.29 mm in runoff depth. The decrease
of 105.90 mm in Pre caused a decrease of 51.89 mm in runoff depth. The contributions of
ETO, Pre, human activities and NDVI to the runoff depth of Shayang station were 10.57%,
43.55%, 28.01% and 17.87%, respectively. In summary, streamflow decline in the HJR is
mainly influenced by precipitation variation and human activities. Moreover, vegetation
growth had a positive effect on streamflow decline.

With the implementation of the large-scale conversion of farmland to forest and grass
project in 1999, vegetation coverage became the most critical factor for underlying surface
conditions and significantly affected the hydrological process of the watershed. From
Figure 3, we found that w had a positive functional relationship with NDVI in the HJB,
indicating that revegetation has a significant impact on w. In addition, according to the
sensitivity analysis results, the elasticity coefficients of runoff dep®(R) to NDVI were
negative, indicating that R will decrease with increasing NDVI.

Although there are different research methods on the impact of vegetation change on
runoff, there is generally a consistent conclusion that an increase in vegetation coverage is
an important factor leading to a decrease in surface runoff [29,30]. This study presented
that increasing vegetation coverage had a reducing effect on the runoff of the Baihe and
Shayang stations, which is consistent with previous research findings [43,44], so this effect of
vegetation growth on discharge attenuation should be given high priority. The government
should plan vegetation restoration reasonably to reduce the reduction of water resources
caused by unreasonable vegetation restoration.

5. Conclusions and Discussion
5.1. Conclusions

Runoff changes in the HJB have a significant impact on hydrological processes
and the ecosystem of the Yangtze River. Since the implementation of the ecological
restoration project, vegetation coverage of HJB has presented a growth trend as a whole.
Vegetation changes can affect the underlying surface conditions of a watershed, and
alter hydrological processes. To clarify the synergistic evolution relationship between
climate, vegetation, and hydrology, this study aims to reveal how vegetation restoration
influences streamflow decline.
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The results displayed that (1) NDVI presented an increasing trend, and streamflow
of Baihe and Shayang hydrologic station presented an insignificant decrease trend. The
mutation year of the annual runoff depth of Baihe and Shayang stations both occurred in
1990. (2) The Budyko parameter has a positive linear relationship with NDVI (p < 0.01).
(3) Streamflow decline in the HJR is mainly influenced by precipitation variation and
human activities. Moreover, vegetation growth had a positive effect on the streamflow
decline of Baihe and Shayang stations, with contribution rates of 14.06% and 17.87%. This
effect of vegetation growth on discharge attenuation should be given high priority.

5.2. Discussions

This study quantitatively calculates the contribution rate of vegetation restoration to
runoff changes in the Han River Basin by introducing NDVI into the Budyko formula, re-
vealing how vegetation restoration affects the discharge decrease in HJR, filling the gap in
attribution analysis of runoff changes in the HJR. Despite the strict control of data and models
in this study, there are uncertainties. First of all, the determination coefficients of the fitting
equations are low, so other factors need to be introduced to improve the determination coef-
ficient of the fitting equation. Secondly, the method used in this study is only applicable to
areas where vegetation change has a significant impact on the underlying surface.

In addition, the issue of interactive effects of the influence of climatic conditions
and anthropic factors. Current studies have established a framework in which climate
variability and human activities are independent factors, whereas, in reality, there is a
strong interaction between the two in the eco-hydrological systems [44-47]. Therefore, how
to couple the objectivity of statistical methods and the physical mechanism of hydrological
modeling methods, while reducing uncertainty and improving accuracy, is an important
direction for future research [48,49]. Based on the Budyko hypothesis, the variation of water
storage in a watershed on a multi-year average scale in the water balance equation is 0,
which clearly overlooks the interception of watershed runoff by soil and water conservation.
Therefore, quantitative research on the contribution of different soil and water conservation
to runoff remains a challenge and needs to be addressed in the attribution analysis of
water and sediment changes. Further exploration of attribution analysis theory and model
algorithms will also become the focus of future research.
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Abstract: The Yarlung Zangbo River (YZR) is the largest river on the Qinghai Tibet Plateau, and
changes in its meteorology, hydrology and vegetation will have a significant impact on the ecological
environment of the basin. In order to deepen our understanding of the relationship of climate—
vegetation—hydrological processes in YZR, the purpose of this study is to explore how vegetation
growth in the YZR affects its runoff changes. We first identified the abrupt year of discharge in the
YZR using a heuristic segmentation algorithm and cumulative anomaly mutation test approach.
After that, the functional equation for NDVI and the Budyko parameter (1) was computed. Finally,
the NDVI was introduced into the Budyko equation to evaluate the impact of vegetation changes on
the streamflow in the YZR. Results showed that: (1) NDVI and discharge in the YZR both presented
an increasing trend, and the mutation year of annual runoff in Nuxia station occurred in 1997. (2) n
had a significant negative correlation with NDVI in the YZR (p < 0.01). (3) The contributions of Pr,
ET(, NDVI, and n on streamflow change in the S2 period (1998-2015) were 5.26%, 1.14%, 43.04%,
and 50.06%. The results of this study can provide scientific guidance and support for the evaluation
of the effects of ecological restoration measures, as well as the management and planning of water
resources in the YZR.
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1. Introduction

Climate change characterized by global warming has significantly changed the hy-
drological cycle, which has had a very profound impact on natural ecosystems and the
development of human society. For example, changes in the hydrological cycle process
will increase the frequency of extreme hydrological events [1,2], change the spatial and
temporal distribution of water resources, damage the ecological environment, and exac-
erbate the current situation of unbalanced and inadequate regional development [3,4]. In
addition, since the Industrial Revolution, human activities have increasingly interfered
with hydrological processes in basins, significantly changing hydrological cycle elements
in terms of time and space, quantity, and quality [5,6]. Runoff is an important resource
related to natural environmental changes and human social progress, and directly affects
agricultural irrigation and production, ecological protection and restoration, and economic
development and stability [7-9]. Therefore, clarifying and understanding the runoff evo-
lution rules and its influencing factors under the context of changing environments can
provide suggestions and guidance for regional ecological environment development and
human production activities.

As the “water tower of Asia”, the Qinghai Tibet Plateau is the birthplace of major
rivers in Asia (the Yellow River, Yangtze River, Nu River, Indus River, Yarlung Zangbo
River, Lancang River, etc.) [10] and is also the ecological security barrier in Asia and the
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world [11]. The Yarlung Zangbo River (YZR) is located in the southern part of the Qinghai—
Tibet Plateau, with an average altitude of 4000 m. It is an important water vapor channel
for the warm and humid Indian Ocean flow to enter the hinterland of the Qinghai-Tibet
Plateau [12]. The national ecological function protection zone at the headstream provides an
important ecological safety barrier for the economic center of Tibet and the Grand Canyon
region in the downstream. The one river and two rivers region in the middle reaches of the
basin (YZR, Nianchu River, and Lhasa River) is an important commodity grain base and
population gathering place in Tibet [13]. In addition, the YZR is an important international
river, and its water resources changes are related to the economic development and social
stability of the Southeast Asian countries.

In recent years, many scholars have analyzed the characteristics of runoff changes and
influencing factors in the YZR [14,15]. Liu et al. [16] found that both climate and land use
changes can lead to runoff change trends in the YZR. Wang et al. [17] used the trend analysis
and wavelet analysis methods to analyze the annual runoff change trend in Yangcun and
Nuxia stations on the YZR from 1970 to 2012. The results showed that runoff presented
an insignificant growth trend. Li et al. [18] used the heuristic segmentation algorithm to
identify the mutation year of the runoff, and then used Mann-Kendall nonparametric test
to analyze the temporal variation characteristics of runoff, and used the concentration
degree and concentration period method to study the intra-annual change law of runoff
based on the monthly runoff data of Nuxia station in the YZR from 1961 to 2015. Based
on meteorological data, monthly scale runoff data, and land use data, Liu et al. [19] used
improved hydrological models to clarify the impact of climate and underlying surface
changes on runoff from 1991 to 2010. The results showed that during the period from 1991
to 2010, the contribution rates of climate and underlying surface changes to runoff change
varied significantly between different periods, and climate change contributed more to
runoff change than underlying surface changes. From a spatial perspective, the contribution
rate of climate change to watershed runoff production was larger in the upstream and
middle reaches, and smaller in the northeast of the downstream. Yang et al. quantitatively
analyzed the impact of climate change on the runoff of the upper Yarlung Zangbo River.
The results showed that the annual runoff and evapotranspiration of the upper reaches of
the Yarlung Zangbo River showed a significant increasing trend from 1981 to 2010, and the
increase of precipitation was the main factor for the increase in runoff [20].

Since 1999, the Chinese government has implemented a number of large-scale eco-
logical restoration projects, such as the returning farmland to forest/grassland project,
the Three-North Shelterbelt Program project [9], which has significantly increased the
vegetation coverage across China [21]. The elevation of the YZR varies greatly. The cold
and dry conditions in the upper reaches have changed into warm and humid conditions
in the lower reaches, resulting in high vegetation diversity in the basin. In recent years,
many scholars have analyzed the characteristics of vegetation changes and influencing
factors in the YZR [22-24]. Lv et al. [25] analyzed the temporal and spatial changes in vege-
tation cover in the YZR, and found that there was an obvious positive correlation between
NDVI and precipitation. Sun et al. [26] investigated how vegetation growth changed in
the YZR, and determined the driving mechanisms. Wang et al. [27] analyzed the variation
characteristics of vegetation cover from 1985 to 2018 in the YZR, and found that NDVI
showed an overall growth trend. Meng et al. [28] found that the vegetation change in
the YZR was greatly affected by precipitation and temperature, of which the impact of
temperature was slightly stronger than precipitation, and the impact of climate change on
the vegetation in the basin had a lagging effect. Cui et al. [29] assessed the sensitivity of
vegetation change in the YZR to temperature and precipitation, and found that NDVI had
a positive relationship with temperature and precipitation changes, and annual NDVI was
more sensitive to temperature than to precipitation. Zuo et al. [30] analyzed the impact
mechanism of climate change on vegetation dynamics in the YZR. There was a significant
positive correlation between NDVI and precipitation and drought in the upstream and
middle reaches of the basin, while there was a significant negative correlation between
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NDVI and temperature in the southeast of the middle and lower reaches. The vegetation
changes in the YZR could change the underlying surface characteristics and the energy
balance, and then significantly affect the river runoff of the basin [31,32]. Nevertheless, few
research works have computed the contribution of vegetation variation on the streamflow
of the YZR.

The debate on the relationship between “vegetation and water” dates back to at least
the mid-19th century [33]. Some research works displayed how vegetation growth had a
negative effect on discharge increase [34]. However, some research works demonstrated
that vegetation growth had few effects on discharge [35,36] and even a positive effect on
discharge increase [37,38]. In order to deepen our understanding of the relationships of
the climate-vegetation-hydrological process in the YZR, the purpose of this study is to
explore how vegetation growth in the YZR affects runoff changes. The contents of this
paper include: (1) Analyzing the temporal variation characteristics of hydro-meteorological
elements in the YZR, and identifying the abrupt year of runoff at Nuxia hydrological station;
(2) Analyzing the temporal variation characteristics of NDVI and the Budyko parameter
(n), and quantifying the functional equation for NDVI and n. (3) Assessing the impact of
vegetation variation, human activities, and climate change on runoff change. The results
of this study can provide scientific guidance and support for the evaluation of the effects
of ecological restoration measures, as well as the management and planning of water
resources in the YZR.

2. Research Area and Data

The YZR is the largest river on the Qinghai-Tibet Plateau. It originates from the
Jamayangzong Glacier, leaves China in Bashika and enters India in Assam, where it is
renamed the Brahmaputra River. The total length of the river is 2057 km, covering an area
of about 240,000 km?, accounting for about 20% of the Tibet Autonomous Region, with an
average altitude of 4500 m. The terrain is high in the west and low in the east. Influenced
by the warm and humid air flow in the Indian Ocean, the climatic conditions in the
upstream and downstream of the basin vary greatly. The temperature varies significantly
with altitude, with a gradual increasing trend from upstream to downstream. The annual
average temperature in the high-altitude region where the source is located is about 0 to
3 °C, and in the middle reaches it is about 5 to 9 °C, while the monthly average maximum
temperature in Lhasa is about 10 to 17 °C. The precipitation tends to increase gradually
from upstream to downstream, with an annual precipitation of about 420 mm in Shigatse,
while the annual precipitation in Bashika can reach 5000 mm. The vertical distribution of
precipitation is seasonally uneven. The precipitation in the rainy season (June to September)
accounts for 65% to 80% of the annual precipitation, while the precipitation in the dry season
(October to April of the next year) is sparse. The average annual runoff is 166.1 billion m3,
and the distribution of runoff is uneven within the year. The water resources in the wet
season account for 70%, while the water resources in the dry season only account for less
than 20%. The upstream vegetation of the basin is mainly composed of alpine grasslands,
alpine meadows, and some alpine vegetation, while the middle reaches are mainly covered
by shrubs and meadows. The downstream vegetation is mainly composed of coniferous
forests, broad-leaved forests, and some alpine vegetation.

Nuxia hydrological station is located in the main stream of the YZR and controls
more than 80% of the basin area. It is one of the important hydrological stations in the
Tibetan Plateau. The runoff data (1982-2015) of Nuxia station were obtained from the Tibet
autonomous region hydrology and water resources survey (http://www.xzsw.com.cn/
accessed on 1 March 2023). The multi-year meteorological station data (1982-2015) in and
around the YZR were obtained from the China Meteorological Administration. First of
all, we computed the daily potential evapotranspiration at meteorological stations in and
around the YZR using the Penman-Monteith equation, and then computed monthly precip-
itation and potential evaporation. Finally, we utilized the Kriging method in the ArcGIS to
interpolate the monthly precipitation and potential evaporation, and we computed annual
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scale precipitation and potential evapotranspiration through adding monthly scale data.
NDVI for the period of 19822015 was obtained from the GIMMS NDVI3g V1.0 dataset,
and its temporal resolution and spatial resolution were day and 0.05 degree. Monthly and
annual NDVI were computed using the maximum synthesis method.

3. Research Methods
3.1. Methods for Detecting Trends and Variability

A simple linear regression method was used for analyzing the temporal variation
characteristics of hydro-meteorological elements in the YZR. The linear regression method
has simple algorithms, fast operation speed, and is good at obtaining linear relationships
and changing trends in data, with strong explanatory power. Therefore, this method is
often used to analyze the temporal variation characteristics of data [39,40].

The heuristic segmentation algorithm treats mutation detection as a segmentation
problem that can divide a non-smooth sequence into smooth subsequences with different
mean values. The year of mutation was determined by identifying the maximum mean
difference of each subsequence, depending on whether the mutation point met different
statistical significances [41]. For traditional detection methods, some of the shortcomings
that arise when dealing with nonlinear and non-stationary time series data could be
compensated [42]. The heuristic segmentation method uses multiple iterations in the
segmentation process, which greatly improved the computational efficiency and had good
practicality [43,44].

To determine the accuracy of the heuristic segmentation to detect mutation points, this
study will use the cumulative abnormal mutation test method to diagnose the mutation
years of the same time series data to corroborate the mutation results of the heuristic
segmentation method. The advantage of these two methods is that they are not only easy
to calculate, but are also clear about the time of mutation occurrence.

3.2. Corrected Budyko Equation

According to the degree of description of the rainfall runoff generation system, the
attribution analysis methods for watershed runoff changes are classified into three cate-
gories: (1) Empirical relationship method. Considering the watershed as a whole, based
on the causal relationship between rainfall input and runoff output, a hydrological sta-
tistical relationship was established for the base period. The simulated runoff computed
the hydrological statistical relationship based on rainfall conditions during the measure-
ment period and compared it with the measured runoff during that period to obtain the
contribution of human activities to water and sediment changes. This method was based
on observation and experience, is also known as the hydrological statistical method, and
is intuitive, concise, and has a certain degree of accuracy. The double cumulative curve
method for regression after the dependent and independent variables have been accumu-
lated year by year belongs to this category. (2) Semi empirical formula method. Based on
the relevant theories of meteorology, hydrology, probability theory, etc., we established a
relationship equation that was mutually causal and continuous and had a certain physical
basis. Then, different conditional variables were introduced and equations were used to
estimate the impact of climate factors and human activities on runoff changes, also known
as the conceptual model method and semi quantitative model method. For example, the
runoff elasticity coefficient method based on Budyko’s water heat balance theory belongs
to this category. This type of method considers the impact of climate factors (potential
evapotranspiration and rainfall) on runoff, making the rainfall and runoff processes clearer.
(3) Hydrological modeling method based on physical processes. The surface was divided
into units according to different geographical element types, and then we reproduced
physical processes such as rainfall, interception, infiltration, and runoff by considering the
input and output of each unit in the vertical and horizontal directions. Finally, by changing
the input conditions, the contribution of geographical elements to runoff changes can be
estimated. For example, the SWAT (Soil and Water Assessment Tool) model, the WEPP

217



Forests 2023, 14, 1312

(Water Erosion Prediction Project) model, and the Xin’anjiang model all belong to this
category.

There are presuppositions for the Budyko formula, which was applied for quantita-
tively computing the contribution of different factors to runoff. They are: (1) human factor,
climatic factor, and vegetation are independent; (2) the runoff change in the base period is
only affected by climatic factor; and (3) except for runoff changes caused by precipitation,
potential evapotranspiration, and vegetation changes, all other factors that affect runoff
changes are unanimously considered to be human factors [45-48].

R=Pr—ET 1)

R, Prand ET, respectively, denote runoff depth, precipitation, and actual evaporation

of the basin.
ep_  Prx ETO1 )
(P + ETH)V"

ETj denotes potential evapotranspiration (mm) and is computed using the Penman—
Monteith equation. Budyko parameter n reflects the comprehensive impact of soil, terrain,
and anthropogenic factors. The soil and terrain are not prone to changes in a short period of
time, so anthropogenic factors have become the main factor affecting the Budyko parameter
(n). Therefore, Budyko parameter # is utilized for characterizing anthropogenic factors.
Anthropogenic factors influence streamflow in YZR through numerous means, including
water conservancy project, tree planting, and afforestation, etc., Li et al. [49] proved that
Budyko parameter n has a significant correlation with NDVI in a basin.

n=axNDVI+b 3)
Pr x ET,
R=Pr— )
(Pra*NDVIHa n ETS*NDV1+b>1/(a*NDV”b)

ep is elasticity coefficient of R for Pr, egyg is elasticity coefficient of R for ET, €, is
elasticity coefficient of R for 1, and expyy is elasticity coefficient of R for NDVI, and they are
computed with the following equations [50].
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According to mutation analysis result, the study period was separated into S; and
Sy. Thus, the change values of precipitation (APr), potential evapotranspiration (AET)),

underlying surface characteristic parameter (An), and NDVI (ANDVTI) from S; to S, were
computed. ARp,, ARgTo, ARy, and ARNpy], respectively, represent streamflow variation

&n
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values caused by variation values of precipitation, potential evapotranspiration, 1, and
NDVI from S; to S,.

R

ARp, = SPE X APr (9)

R
ARETO = SET()iETO X AETO (10)
AR, = eng x An 1)

R
ARnpvI = ENDVIRDYT X ANDVI (12)
ARpym = ARy — ARNpvI (13)

1Rpr, nRET0, nRNDV and 17R gy, respectively, denote the contribution rate of Pr, poten-
tial evapotranspiration, NDVI, and anthropogenic factor on streamflow, and are computed
with the following equations.

AR = ARp; + ARgro + ARNvDI + ARjym (14)
7Rpy = ARp, /AR x 100% (15)

7RET0 = ARET0/AR X 100% (16)
#Rxpvi = ARypyi/AR x 100% 17)
1R = ARy /AR x 100% (18)

4. Results
4.1. Trends Analysis of Climate Factors

The simple linear regression method was employed for analyzing the temporal vari-
ation characteristics of precipitation and potential evapotranspiration during 1982-2015
(Figure 1). The slope of annual Pr from 1982 to 2015 was 0.2084 mm/a, indicating an
increasing trend (p > 0.05) of annual Pr. The fluctuation range of annual Pr in the YZR
was 411.00-631.30 mm, and the maximum and minimum values occurred in 1991 and
1982. Figure 1b demonstrated that the ETj of the YZR fluctuated and decreased, with a
fluctuation range of 901.78-1023.79. The maximum and minimum values appeared in 2009
and 2000, and the slope of ETj from 1982 to 2015 was —0.3873/a (p < 0.05).
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Figure 1. Temporal varying characteristics of annual average precipitation (a) and reference evapora-
tion (b) in the YZR.
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4.2. Trend Analysis and Abrupt Analysis of Runoff Depth

Figure 2 displayed the temporal varying characteristics of runoff depth in the YZR.
Figure 2 demonstrates that the runoff depth of the YZR climbed up and then declined,
showing an overall growth trend, with a fluctuation range of 202.30-458.78. The maximum
and minimum values appeared in 2000 and 1983, and the slope of the runoff depth from
1982 to 2015 was 2.0218 mm/a (p < 0.05).

500

y=2.0218x +267.53
R2=0.0986

400
E 300
=
Q
hel
E 200
=

100

Figure 2. Temporal varying characteristics of runoff depth in the YZR.

A heuristic segmentation algorithm was applied for distinguishing the abrupt years
of annual discharge data through two steps (Figure 3): (1) Calculating the T-test statistics
for each year to measure the variability of the mean values of two subsequences. The
year with the largest T-test statistic (Tmax) may be the year of mutation. The largest T-test
statistics were about equal to 3.6 and occurred in 1997, implying that the mutation year of
annual runoff in Nuxia station may have occurred in 1997. (2) Calculating the significance
probability P(Tmax) corresponding to the largest T-test statistic (Tmax). The greater the
P(Tmax), the better the significance. The basic parameter range was set between 0.5 and
0.95, and it is generally considered plausible to take the value between this range, and in
this paper, in order to distinguish it from other points as a distinction, we took a different
value according to its actual situation, i.e., PO took the value of 0.84. Therefore, P(Tmax) was
0.673 and was greater than 0.67 (P0), which proved that annual runoff of Nuxia station
mutated in 1997.
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Figure 3. Heuristic segmentation algorithm abrupt test result of runoff in YZR from 1982 to 2015.

220



Forests 2023, 14, 1312

In order to verify the sudden change result of the heuristic segmentation algorithm, the
cumulative anomaly mutation test approach was applied to diagnose the sudden change
year of the same time series data (Figure 4). Figure 4 demonstrates that the cumulative
anomaly values of runoff in the YZR showed an overall decline trend from 1982 to 1997,
and showed an overall growth trend from 1997 to 2015. As a consequence, the turning
point of the runoff cumulative anomaly value was 1997, which proved that the annual
runoff of Nuxia station mutated in 1997. Therefore, based on the results of the two methods,
we believe that the annual runoff of Nuxia station mutated in 1997, and the result of this
study is consistent with the research result of Li et al. [18].
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1997, —592.64
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Figure 4. Runoff accumulated anomaly mutation analysis in YZR from 1982 to 2015.

4.3. Functional Equation for NDVI and n

If the elements ET, Pr, and R of the Budyko equation can be determined, the Budyko
parameter (1) can be solved. For computing the effect of vegetation change on discharge in
the YZR, we first explored the temporal varying characteristics of NDVI and 7 in the YZR
(Figure 5). There were significant fluctuations in NDVI and Budyko parameter (1), with a
fluctuation range of 0.382-0.456 and 1.069-1.527. The mean value of n decreased from 1.396
in 1982-1998 to 1.253 in 1998-2015, with a relative change rate of 10.266%.

0.5 (a) 1.6 (b)

y =-0.0044x + 1.3967
R?=0.1409

y=0.0004x +0.416
R>=0.0389

Figure 5. Temporal varying characteristics of NDVI (a) and # (b) in YZR.

Li et al. [51] found that the change rate of Budyko parameter (1) was well correlated
with the vegetation index of the middle Yellow River basin; Zhang et al. [52] established a
model for the lower bedding surface parameter n, which can be estimated directly using
vegetation change. The 9-year sliding mean values of NDVI and Budyko parameter (1)
were computed. Next, we drew a scatter diagram of the 9-year sliding mean values of
NDVI and Budyko parameter (1) (Figure 6). In the end, the functional equation for NDVI
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and Budyko parameter (1) was computed (a = —9.9744 and b = 5.55), and its determination
coefficient was 0.4604 (p < 0.01), implying that n had a significant negative correlation with
NDVL
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Figure 6. Functional equations for NDVI and n.

4.4. Influence Assessment of NDVI on Streamflow

According to the results of the heuristic segmentation algorithm and cumulative
anomaly mutation test approach, the study period was separated into S1 (1982-1997) and
52 (1998-2015), and values of hydro-meteorological elements and NDVI of the YZR in
different periods were obtained (Table 1). ETj in the YZR decreased by 9.22 mm from S1
(960.66 mm) to S2 (951.45 mm), and Pr and R increased by 4.74 mm and 69.96 mm from
S1 to S2. NDVI increased by 0.007 from S1 (0.418) to S2 (0.425). n decreased by 0.143 from
1.396 (S1) to 1.253 (S2).

Table 1. Values of hydro-meteorological elements and NDVI in YZR.

Periods ETo/mm R/mm Pr/mm n NDVI
S1(1982-1997) 960.66 265.87 501.10 1.396 0.418
S2 (1998-2015) 951.45 335.83 505.84 1.253 0.425

According to Table 1, the differences in Pr, ETo, NDVI, and n between S1 and S2 were
computed, and then the elastic coefficients of R on Pr, ETy, NDVI, and n were computed
using Formulas (5)—(8). Then, the amounts of runoff caused by Pr, ETo, NDVI, and n were
calculated with Formulas (9)-(13) (Table 2). The elasticity coefficients of R for Pr (ep) and
NDVI (enpyr) were 1.27 and 6.18, indicating that a 1% decrease in annual Pr and NDVI
would lead to a decrease of 1.27% and 6.18% in runoff depth. The elasticity coefficients of
R for ETj (eg0) and Budyko parameter n (g,,) were —0.27 and —1.96, indicating that a 1%
decrease in annual ET; and Budyko parameter n would lead to an increase of 1.27% and
6.18% in runoff depth. Finally, based on Formulas (15)—(18), the contributions of Pr, ETy,
NDVI, and n on streamflow at the Nuxia Hydrological Station were computed (Table 2).
The contributions of Pr, ETy, NDVI, and n on the streamflow change in the S2 period
(1998-2015) were 5.26%, 1.14%, 43.04%, and 50.06%. In summary, the increase of runoff
in the YZR is mainly influenced by NDVI growth and underlying surface change. Some
research works demonstrated that the vegetation growth had a positive effect on discharge
increase [37,38], and the areas where NDVI growth led to increased runoff were mostly
located in large watersheds with complex terrain [53]. The Yarlung Zangbo River is a large
watershed with a complex terrain. Therefore, the conclusion of this study is similar to
existing studjies.
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Table 2. Attribution analysis of discharge variation in YZR.
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1.27

-0.27
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6.18 3.62 0.78 29.65 34.83 5.26% 1.14% 43.04%  50.06%

5. Conclusions and Discussion
5.1. Conclusions

The Yarlung Zangbo River (YZR) is the largest river on the Qinghai-Tibet Plateau. In
order to deepen our understanding of the relationship of climate-vegetation-hydrological
processes in the YZR, we first identified the abrupt year of discharge in the YZR using a
heuristic segmentation algorithm and cumulative anomaly mutation test approach. After
that, the functional equation for NDVI and n was computed. In the end, NDVI was
introduced into the Budyko equation to evaluate the impact of vegetation change on
streamflow in the YZR. It turned out that: (1) NDVI and discharge in the YZR both
presented an increasing trend, and the mutation year of annual runoff in Nuxia station
occurred in 1997. (2) n had a significant negative correlation with NDVI in the YZR
(p <0.01). (3) The contributions of Pr, ET0, NDVI, and n on streamflow change in the S2
period (1998-2015) were 5.26%, 1.14%, 43.04%, and 50.06%.

5.2. Discussion

Since 1999, the Chinese government has implemented a number of large-scale eco-
logical restoration projects, such as the returning farmland to forest/grassland project, the
Three-North Shelterbelt Program project, which has significantly increased the vegetation
coverage across China. The elevation of the YZR varies greatly. The cold and dry conditions
in the upper reaches change into warm and humid conditions in the lower reaches, resulting
in high vegetation diversity in the basin. The implementation of a series of soil and water
conservation measures in the YZR has significantly changed the rainfall-runoff relationship
in the area. The underlying surface of the watershed reflects the comprehensive impact
of soil, terrain, and vegetation. The soil and terrain are not prone to changes in a short
period of time, so vegetation change has become the main factor affecting the changes
in the underlying surface of the watershed. Liu et al. and Han et al. both found that
the vegetation cover in the YZR had an overall increasing trend [54,55]. Any increase or
decrease in vegetation will in turn lead to changes in runoff. The debate on the relationship
between “vegetation and water” dates back to at least the mid-19th century [33]. Some re-
search works have demonstrated that vegetation growth has a negative effect on discharge
increase [34]. However, some research works have shown that the vegetation growth has
few effect on discharge [35,36] and even a positive effect on discharge increase [37,38].

From Figure 6, we found that NDVI in the YZR showed a strong correlation with the
Budyko parameter (1), indicating that vegetation restoration has a significant impact on
the Budyko parameter (). Subsequent attribution analysis indicated that the change in
vegetation cover led to an increase in runoff in the YZR. Some research works demonstrated
that vegetation growth had a positive effect on discharge increase, and the areas where
NDVI growth led to increased runoff were mostly located in large watersheds with complex
terrain [53]. The Yarlung Zangbo River is a large watershed with a complex terrain.
Therefore, the conclusion of this study is similar to those of existing studies. The impact
of vegetation reconstruction on water resources should be given significant attention.
The government should plan reasonable vegetation restoration according to the actual
conditions of the basin. Yang et al. [56] analyzed the impact of different vertical structures
on water yield using a simulated rainfall experiment in the field, and found that the vertical
structure of vegetation is an important factor influencing water yield. Therefore, in the
subsequent vegetation restoration process, the vegetation structure in the YZR should be
optimized.

Although this study strictly controlled data, several uncertainties existed. First of all,
meteorological data of individual dates at some stations were missing. Next, precipitation
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and potential evapotranspiration data were obtained through interpolation, using data
from national meteorological stations. Moreover, the study ignored the reciprocal effects
between climatic factor, vegetation, and human factor [57-59], so we should systematically
quantify the influence of climatic conditions and anthropic factor interactions on eco-
hydrological systems [60-62]. In the future, we will try to build a distributed hydrological
hydrothermal coupling model for computing how vegetation affects the hydrological
process in the YZR [63-65]. In addition, the attribution analysis of runoff in the study area
only considered four factors: precipitation, potential evapotranspiration, vegetation, and
human activities. In fact, many glaciers are distributed in the YZR. With the increase in
temperature, the impact of glacier melting on the runoff change of the YZR is increasing.
In a follow-up study, the contribution rate of glacier melting to runoff change will be
quantitatively analyzed [15,66].
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