. land

Article

Influence of Tree Community Characteristics on Carbon Sinks in
Urban Parks: A Case Study of Xinyang, China

Honglin Zhang 1@, Qiutan Ren !, Yuyang Zhou !, Nalin Dong !, Hua Wang !, Yongge Hu 2{", Peihao Song 1,
Ruizhen He !, Guohang Tian "* and Shidong Ge -3*

check for
updates

Academic Editor: Alessio Russo

Received: 7 February 2025
Revised: 12 March 2025
Accepted: 17 March 2025
Published: 19 March 2025

Citation: Zhang, H.;Ren, Q.; Zhou,
Y.; Dong, N.; Wang, H.; Hu, Y.; Song, P.;
He, R.; Tian, G.; Ge, S. Influence of Tree
Community Characteristics on Carbon
Sinks in Urban Parks: A Case Study of
Xinyang, China. Land 2025, 14, 653.
https://doi.org/10.3390/
land14030653

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

International Union Laboratory of Landscape Architecture, College of Landscape Architecture and Art,
Henan Agricultural University, Zhengzhou 450002, China; z1197519663@gmail.com (H.Z.);
qiutanren@henau.edu.cn (Q.R.); zhouyuyang555@gmail.com (Y.Z.); dongnalin@henau.edu.cn (N.D.);
15136173044@163.com (H.W.); peihaos@henau.edu.cn (P.S.); hrzzjd@henau.edu.cn (R.H.)

College of Tourism, Xinyang Normal University, Xinyang 464000, China; huyongge@xynu.edu.cn

MOE Key Laboratory of Tibetan Plateau Land Surface Processes and Ecological Conservation, School of the
Geographical Science, Qinghai Normal University, Xining 810016, China

*  Correspondence: tgh@henau.edu.cn (G.T.); shidongge@henau.edu.cn (S5.G.)

Abstract: Cities are major contributors to global carbon emissions; however, urban parks
offer substantial potential for carbon sinks. Research on factors influencing carbon capture
in urban park vegetation is still limited. This study investigates 81 urban parks in Xinyang,
Henan Province, to quantify woody plant carbon storage (CS) and sequestration (CSG). By
surveying all vegetation types and quantities in these parks, along with factors like park
attributes, community structure, biodiversity, spatial distribution, woody plant connectivity,
and spatial complexity, we create statistical models for CS and CSG. The results indicate
that the average carbon storage density (CSD) in Xinyang’s urban parks is 4.01 kg/m?,
while the carbon sequestration density (CSGD) is 0.39 kg-C-m?-yr~!. The dominant tree
species are Ligustrum lucidum, Osmanthus fragrans, and Lagerstroemia indica, while species
with higher carbon sequestration potential, such as Glyptostrobus pensilis, Populus deltoides,
and Albizia kalkora, reveal a discrepancy between common and high-sequestration species.
The study shows that park characteristics, community structure, and biodiversity are key
factors impacting urban carbon sink capacity. By analyzing the relationship between these
factors and carbon sinks in urban park vegetation, we create a comprehensive framework
for assessing tree CS and CSG, offering quantitative support to improve carbon capture in
urban parks.

Keywords: parks carbon sink; urban green space; woody plants; influencing factors;
regulation strategy

1. Introduction

Since the Industrial Revolution, global urbanization has accelerated, bringing pro-
found socio-economic changes. However, rapid urbanization has also led to numerous
environmental and social challenges [1,2]. A United Nations report indicates that by
2018, the global extent of urban areas with impervious surfaces had reached 797,076 km?,
2.5 times the corresponding area in 1990 [3]. By 2030, the global urban land area is pro-
jected to expand to 1.2 million km?, tripling its size compared to 2000 [4]. By 2050, the
global urban population is projected to reach 6 billion [5]. Population growth and urban
expansion are expected to significantly increase carbon emissions from urban activities,
contributing about 71% of energy-related CO, emissions [6]. Amid global warming, the
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role of carbon sinks has become increasingly crucial as a key strategy for mitigating climate
change. Low-carbon city initiatives have been actively promoted in China in recent years,
seeing initial success with pilot policies and green space expansion. The green transition in
low-carbon cities significantly impacts carbon reduction, urban ecosystem restoration, and
sustainable development [7,8].

As the environmental challenges of urbanization and climate change intensify, the
carbon sink function of urban green spaces is garnering significant attention [9]. Urban
green spaces convert atmospheric carbon into solid forms through photosynthesis, aiding
CSG. Different types of green spaces have varying CSG capacities, with parks playing a key
role due to their diverse plant communities and complex spatial layouts. Parks not only
surpass other urban green spaces in total CS but also provide greater ecological stability
and long-term carbon retention due to their multilayered vegetation. For instance, research
in Muscat Province showed that above-ground CS was highest in parks and gardens, while
roadside greenery stored less carbon [10]. Similarly, Strohbach et al. demonstrated through
life-cycle analysis that parks outperform other greenery types, such as street and residential
greenery, with regard to CS and CSG benefits [11].

Research indicates that woody plants in urban green spaces significantly contribute to
CS and play vital ecological roles [12,13], including improving air quality, reducing temper-
atures, and enhancing biodiversity. Tree structural characteristics, such as height, crown
width, and community diversity, substantially influence CS. Liu et al. found that forests
with higher tree species richness had greater carbon stocks, particularly in above-ground
tree biomass, soil, and root carbon [14]. Meanwhile, a 30-year study in Japan showed that
multi-species afforestation strategies can improve forest biomass production and carbon
sequestration [15]. Factors such as species selection, planting density, and spatial arrange-
ment also influence CS benefits [16]. Lin et al. demonstrated that a rational spatial structure
and configuration in urban tree-covered areas enhance CSG benefits [17]. For example, the
“pocket forest” method, which involves densely planting diverse native species in small
areas, achieved rapid and efficient CS and CSG [18]. To precisely quantify and assess CS
characteristics in urban green spaces, researchers have widely employed remote sensing
and LiDAR technology, which provide essential means for the large-scale, rapid acquisition
of vegetation spatial distribution and biomass data [9,19-22]. Research on how community
structure and tree distribution patterns contribute to CSG efficiency remains limited. Most
studies on woody plant CSG focus on single factors, with limited research on interactions
between spatial distribution, structural traits, and biodiversity. Furthermore, most existing
studies focus on CS, with relatively fewer studies on CSG rates. Finally, remote sensing
and LiDAR technologies face limitations in accurately reflecting vegetation carbon density,
especially in multi-layered canopy structures due to data processing complexities.

This study focuses on urban parks in Xinyang’s built-up areas. The current car-
bon sequestration status in these parks and green spaces was quantified through on-site
surveys to obtain GPS coordinates of each tree, combined with remote sensing images,
i-Tree6.1.55 models, GIS10.7, and other software. Additionally, this study evaluates the
relationship between park characteristics, community structure, spatial distribution, con-
nectivity, and CS and CSG. The objectives are to (1) develop a comprehensive framework
for evaluating relationships among park attributes, community growth, spatial patterns,
and CS/CSG, providing model support for carbon sink research; (2) determine the current
status and spatial characteristics of CS and CSG in Xinyang’s urban parks; and (3) explore
strategies for enhancing CS and CSG through management and regulation. This research
aims to provide scientific support for carbon sink assessment and offer recommendations
for effective low-carbon urban development.



Land 2025, 14, 653

3 0f 20

2. Materials and Methods
2.1. Study Area

Xinyang spans a longitude of 114°01'-114°06" E and a latitude of 31°46'-31°52" N,
with a built-up area of 107.28 km?. Located in a transition zone between subtropical and
warm temperate regions, it has a monsoon climate, has an average annual temperature of
15.2 °C, and receives 1300 mm of rainfall per year [23]. By late 2022, Xinyang’s permanent
population was 6.166 million, with 3.192 million in urban areas and 2.975 million in rural
regions. The urbanization rate reached 51.76%, up 0.62 percentage points from the previous
year. The per capita urban park green space is 15.25 m? (Figure 1a—d).
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Figure 1. Study area: China (a). Henan (b). Xinyang (c). Distribution of parks in built-up areas (d).
GPS location of woody plants in parks (e). Detailed GPS location map of woody plants in an
individual park (f,g).

2.2. Research Methods

This study utilized multi-source data analysis, starting with preprocessing remote
sensing imagery and field survey data to extract vegetation information for CS and CSG.
To investigate factors affecting CS and CSG, variables such as park age, vegetation struc-
ture, spatial characteristics, and coverage were considered. Key factors were selected in
four areas: park attributes, community structure and biodiversity, spatial distribution and
connectivity of woody plants, and spatial morphology and complexity of woody plants.
We conducted correlation analyses of CS, CSG, and influencing factors to eliminate extra-
neous variables, followed by optimal subset regression to identify key factors. A random
forest regression model was then used to analyze factor contributions to CS and CSG,
revealing non-linear relationships and marginal effects of key factors. This study used
the “RandomForest” package in R to implement the random forest model. Proposed by
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Breiman, this model combines ensemble algorithms and random subspace methods. This
decision-tree-based algorithm isolates the effects of specific factors on CS and CSG while
controlling for other variables. This model has been employed extensively in the field of
ecological research [24-26]. The following provides a flowchart of the steps in this study

and a detailed description of each step. (Figure 2).

Field =
investigation —
—

August 2023

Remote sensing images

The spatial resolution of the Inner
Mongolia No. 1 satellite imagery
is 0.5m x 0.5 m and the spatial
resolution of the PNEO satellite
imagery is 0.3 m x 0.3 m

E2

Park Characteristics

S. Y. Pg. Pi. Pw.
SHEI. SHEDI

Community Structure and
Biodiversity Characteristics

SW. Sim. Dm. PIE. H.
DBH. C

Woody Plant
Spatial Distribution
and Connectivity
Characteristics

CONTIG_MN. NP.
PD. SPLIT. Al

Relevance

.
-
N A9 O N

cs an cs| o4s 024

oo Bl 2
o R

W
i - e ;
o s e on o WS o018

cs

-0.14

7 s -0.46
*Correlation is sig a

t the 0.05
** Correlation is significant at the 0.01
*#* Correlation is significant at the 0.001

Importance of each
influencing factor

CsSG

% % Park Characteristics

‘Community Structure and
Biodiversity Characteristics

Woody Plant 0 o
Spatial Morphology
and Complexity
Characteristics L 1 ’
LSI. LPI. AREA MN.

SHAPE_MN ‘”
Research A Y S
Methods : F

Correlation ]

analysis Marginal Effect

Best Subsets
Regression

Random Forest
Regression

Figure 2. Flowchart of this study.

2.2.1. Field Surveys

This study’s field surveys were conducted between August and September 2023,
comprehensively cataloging vegetation species within the study area. During the survey,
data on green space area, establishment date, and detailed information about woody
plants in each park, including the location, diameter at breast height (DBH), crown width
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(C), branching points (g), and tree height (H), were collected using equipment such as
forestry stadiometers (Harbin Optical Instrument Co., Ltd., Harbin, China), handheld GPS
locators (Heng Yi Li Co., Ltd., Beijing, China), diameter tapes, and tape measures (Weiteng
Measuring Tools Co., Ltd., Shanghai, China). All tools are made in China. Additionally,
species distribution maps were created (Figure S1, Supporting Information), providing
precise spatial data to support subsequent analyses (Figure le-g).

2.2.2. Estimation of CS and CSG

In this study, the CS and CSG of woody plants in park green spaces were calculated as
the sum of the CS and CSG of trees and shrubs. The detailed formulas are as follows:

CS; = Csi + Cypi 1)
CG; = Cgi + Cgpi (2)

Here, CS; represents the CS of park i and CG; represents the CSG of park i. Cg; is the
CS of trees in park i, Cyy; is the CS of shrubs in park i, Cg; is the CSG of trees in park i, and
Cgpi is the CSG of shrubs in park i.

The CS and CSG of the tree layer were calculated using the i-Tree Eco model, while
the shrub layer’s CS and CSG were estimated using an allometric growth model. The i-Tree
Eco model, created by the U.S. Forest Service, was formulated to evaluate the ecological
contributions of urban forests. This model uses forest stand data and biomass equations to
estimate tree biomass. By incorporating data such as H, DBH, and C, the model enables the
precise calculation of CS and CSG in urban green spaces, enhancing the scientific validity
and reliability of carbon storage estimates compared to traditional remote sensing and
sampling methods [27-29]. The formulas for calculating CS and CSG in the i-Tree Eco
model are as follows:

C =aD? 3)

Here, D represents the tree’s diameter at breast height, and a and b are species-
specific coefficients.

The allometric growth model for biomass has been a significant focus in ecological
research, aiding in the understanding of relationships between biomass and plant charac-
teristics. Initially proposed by American scholars, this model was developed to establish
allometric relationships between roots, stems, and leaves and has been proven to offer
strong predictive capability [30-33]. However, traditional biomass models have shown
lower accuracy in estimating the biomass of multi-stemmed or small woody plants [34].
Conti et al. (2018) developed a biomass model based on 118 shrub species across 49 re-
gions worldwide, enabling more accurate biomass estimates for multi-stemmed woody
plants [35]. The equation used to determine shrub biomass (B) is expressed as follows:

¢(—370+1.903InC+0.652-InH) 1 403 g <0
B={ (2474InD-2575) y 1 0787 0<g<10 4)
6(72.281+1.525-1r1D+O.831-lnC+0‘523-lr1H) 10 < g <130

Here, g represents the branching point height (cm), D is the basal stem diameter of
the shrub (cm), C is the average crown diameter of the shrub (m), and H is the height of
the shrub (cm).

In this study, the aboveground biomass of shrubs was estimated using an allometric
growth model, with CS derived by multiplying the biomass by a carbon conversion factor
of 0.5. The equation used to compute shrub CS is presented as follows:

Cq =B x05 (5)
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The CSG of shrubs was calculated based on tree data. Specifically, first, the CS and
CSG of trees were calculated by the i-Tree Eco model. Conversion coefficients were then
derived by calculating the ratio of CS to CSG for each tree family. The shrub CS was
multiplied by the corresponding tree family’s conversion coefficient to estimate shrub CSG.
If no matching coefficient was available for a shrub family, an average tree conversion
coefficient was used (Table 1). The equation for calculating shrub CSG is defined as follows:

Gs
=L (6)
8f
Cani
Cop = —4 7
gh E ¥ 7)
Table 1. Xinyang City shrub CS and CSG conversion coefficient table.
Family Conversion Coefficient Family Conversion Coefficient Family Conversion Coefficient
Taxaceae 3.10 Malvaceae 13.02 Paeoniaceae 7.81
Euphorbiaceae 4.23 Arecaceae 8.05 Lamiaceae 18.82
Aquifoliaceae 5.54 Calycanthaceae 15.86 Salicaceae 9.54
Fabaceae 6.61 Cupressaceae 10.23 Pinaceae 10.32
Theaceae 4.39 Podocarpaceae 8.01 Cycadaceae 6.37
Moraceae 27.34 Caprifoliaceae 3.49 Myrtaceae 10.68
Rosaceae 9.23 Magnoliaceae 28.97 Sapindaceae 15.08
Lythraceae 9.56 Oleaceae 17.84 Berberidaceae 4.00
Celastraceae 12.76 Apocynaceae 5.53 Pentaphylacaceae 8.58
Other Shrubs 10.12

Here, C; f represents the total CS of trees in family f, Cg f is the total CSG of trees in
family f, Cgj, denotes the CSG of shrub species i in family f, Cyy; is the CS of shrub species i,
and Fy is the conversion coefficient between CS and CSG for shrubs in a family.

This study excluded the carbon sequestration contribution of herbaceous plants,
mainly due to data availability limitations and the focus of the study on the carbon seques-
tration effect of trees and shrubs. The carbon sequestration capacity of woody plants and
herbaceous plants has its own advantages in different ecosystems. Woody plants usually
dominate large-scale carbon sequestration due to their large biomass and long-term carbon
storage capacity [36].

2.2.3. Processing of Satellite Images

This study utilized optical sensors from the PNEO satellite, launched in April 2021,
and the Inner Mongpolia-1 satellite, launched in July 2021. The PNEO satellite provides
panchromatic imagery with a spatial resolution of 0.3 m and multispectral imagery with
a resolution of 1.2 m. The Inner Mongolia-1 satellite delivers panchromatic data at a
resolution of 0.5 m and multispectral data at 2 m. Remote sensing imagery for this study
was obtained from the PNEO satellite on 29 May 2023 and the Inner Mongolia-1 satellite on
18 August 2023. The imagery was processed in ENVI5.2 software, including radiometric
calibration, atmospheric correction, and geometric correction. These steps improved image
quality and accuracy, establishing a robust data foundation for subsequent analysis.

Land cover types in park green spaces were classified using the maximum likelihood
supervised classification method. This was refined through visual interpretation based on
Google Maps imagery from September 2023. The final land cover types were categorized
into five classes: woody vegetation, herbaceous vegetation, water bodies, impervious
surfaces, and bare soil.
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2.2.4. Selection of Influencing Factors

Based on relevant research and the specific conditions of the study area, this study
selected factors including 8 park attributes, 7 community structure and biodiversity charac-
teristics, 5 spatial distribution and connectivity characteristics of woody plants, and 4 spatial
morphology and complexity characteristics of woody plants. Some indicators within park
attributes and community structure and biodiversity characteristics were obtained from
field survey data. The remaining indicators were derived from land use classification data
extracted from satellite imagery and analyzed quantitatively for each park’s green space
using Fragstats4.3 software (Table 2).

Table 2. Table of influencing factors.

Factor Type Factor Name Abbreviation Ecological Meaning

Park Green Space Area S Area covered by green space within the park

Park Establishment Time Y Time since the park was established

Vegetation Area Ratio Pg Ratio of green space area to total area within
the region

Impervious Surface Ratio Pi Réh(’) of Impervious surface area to total area
within the region

. Ratio of water body area to total area within
Park Characteristics Water Body Ratio Pw . y

the region

Woody Vegetation Ratio Pm Ratio O,f V\.zoody Vegetatlon cover area to total
area within the region

Shannon Evenness Index SHET Reﬂects the evenness of different patch types
in the landscape

Shannon Diversity Index SHDI 'Indlcates the diversity of different patch types
in the landscape
Describes species occurrence disorder and

Shannon-Wiener uncertainty, considering species count and

L SW . 1
Diversity Index unevenness; higher values indicate

Community Structure and
Biodiversity Characteristics

greater diversity

Probability that two randomly selected
Simpson Diversity Index Sim individuals belong to different species; values

closer to 1 indicate higher biodiversity

Normalizes richness by total individual count
Margalef Richness Index Dm for comparability across sample sizes; higher

values indicate greater species richness

Describes the uniformity of individual

Woody Plant Spatial
Distribution and
Connectivity Characteristics

Pielou Evenness Index PIE distribution across species in a community;
higher values indicate more even distribution
Average Tree Height H Average height of trees within the park
ﬁlie;;gﬁgéirtrleter at DBH Average DBH of trees within the park
Average Crown Width C Average crown width of trees within the park
Average connectivity between woody plant
Connectivity Index CONTIG_MN  patches values closer to 1 indicate
stronger connectivity
Number of Patches NP Number of woody plant patches
Patch Density PD Density of woody plant patches

Degree of fragmentation of woody

Splitting Index SPLIT
plant patches
Aggregation Index Al Degree of aggregation of woody plant patches
Landscape Shape Index LSI Overall woody plant patch shape complexity
Woody Plant Spatial Percentage of landscape area occupied by the
Morphology and Largest Patch Index LPI largest woody plant patches

Complexity Characteristics

Average Patch Area AREA_MN Average size of woody plant patches
Mean Shape Index SHAPE_MN Average complexity of woody plant patches
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3. Results
3.1. Overview of CS and CSG in Park Green Spaces

The 81 park green spaces in Xinyang’s built-up area span approximately 2.68 square
kilometers, with a total CS of 10.78 Gg and total CSG of 1.05 Gg (detailed in Table S1,
Supporting Information). The average CSD and CSGD are 4.01 kg/m? and 0.39 kg-C-m?-yr~!,
respectively. Most parks are located in the northern built-up area and along both sides of the
water bodies in the south (Figure 3). Significant variations in CS and CSG across the parks
indicate substantial potential for enhancing their carbon sink capacity.
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Figure 3. Differences in the distribution of CS and CSG in parks: quartile distribution of park CS
(a) and CSG (b). Overall distribution of CSD (c) and CSGD (d) in built-up area parks. Overall
distribution of individual CSD (e) and CSGD (f).

3.2. Characterization of CS and CSG by Woody Plants in Park Green Spaces

Field surveys identified 189,401 woody plants from 328 species in the green spaces
of Xinyang’s urbanized parks. In terms of H, 90.9% of vegetation was under 10 m. The
2—4 m range was most common (29.5%), followed by 4-6 m (18%), 6-8 m (16.8%), 8-10 m
(14.8%), and 0-2 m (11.8%). Most plants have a DBH of less than 30 cm. The 10-15 cm
range was most prevalent (32%), followed by 5-10 cm (24.8%) and 15-20 cm (16.4%). For
CSG, most woody plants fell in the 2.5-7.5 kg range, accounting for 52.3% of the total.
Plants in the 0-2.5 kg and 7.5-10 kg ranges constituted 11.8% and 12.8%, respectively,
with plant proportions decreasing as CSG increased. CS proportions also declined with
increasing values. The 0-25 kg range was most common, followed by 25-50 kg (30.9%),
50-75 kg (24.8%), and 75-100 kg (16%). Overall, 79.5% of plants had CS values between
0 and 100 kg (Figure 4a—d). The dominant woody species in Xinyang’s urban parks were
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Ligustrum lucidum, Osmanthus fragrans, Lagerstroemia indica, Broussonetia papyrifera, and
Camphora officinarum, comprising 7.93%, 7.45%, 6.54%, 4.68%, and 3.77% of the total, while
the 20 most common species accounted for 51.57% of the total (Figure 4e—g).
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Figure 4. Distribution of woody vegetation characteristics in the park: percentage distribution of tree

height (a), percentage distribution of diameter at breast height (b), and percentage distribution of
CS (c) and CSG (d). Overview of CS and CSG of woody plants in Xinyang City: the top 20 plants
with the highest frequency (e), boxplot of CS (f) and CSG (g) of the top 20 most frequent plants,
frequency chart of the top 20 plants with the highest average CS (h) and CSG (i), and box plot of the
top 20 plants with the highest average CS (j) and CSG (k).
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In Xinyang, Glyptostrobus pensilis, Pterocarya stenoptera, and Populus deltoides had the
highest average CS, with the top 20 species for average CS accounting for 3.24% of the total
(Figure 4h,j). Meanwhile, Glyptostrobus pensilis, Populus deltoides, and Albizia kalkora had
the highest average CSG, with the top 20 species for average CSG comprising 7.89% of the
total (Figure 4i,k). The top 20 species with the highest average CS and CSG were similar,
but among the most common species, those with the highest averages constituted only a
small proportion.

3.3. Analysis of Drivers of CS and CSG in Park Green Spaces
3.3.1. Correlation Analysis of Influencing Factors with CS and CSG

Among park attributes, Y (year of establishment), S (park area), and Pm (woody
vegetation ratio) were positively correlated with CS and CSG, while Pi (impervious sur-
face ratio) was negatively correlated. The highest correlations were with Y, at 0.78 and
0.82. For community characteristics and biodiversity, CS showed no significant correla-
tion with C (average crown width), and CSG had no significant correlation with C or H
(average tree height). Both CS and CSG were significantly negatively correlated with PIE
(Pielou Evenness Index), with correlation coefficients of —0.34 and —0.33, respectively, and
were significantly positively correlated with SW (Shannon-Wiener Diversity Index), DM
(Margalef Richness Index), and Sim (Simpson Diversity Index). Regarding the spatial dis-
tribution and connectivity characteristics of woody plants, CS was significantly negatively
correlated with PD (patch density) and SPLIT (splitting index), with correlation coeffi-
cients of —0.45 and —0.24, respectively. CSG was significantly negatively correlated with
CONTIG_MN (connectivity index) and PD (patch density), with coefficients of —0.27 and
—0.41, and was positively correlated with NP (number of patches), with a coefficient of
0.24. Regarding the spatial morphology and complexity characteristics of woody plants,
both CS and CSG were significantly positively correlated with LSI (landscape shape index)
and AREA_MN (average patch area) (Figure 5).
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Figure 5. Correlation analysis of factors affecting CS and CSG.

3.3.2. Contribution and Impact of Influencing Factors on CS, CSG

The findings indicate that park characteristics and community structure and biodiver-
sity significantly influence CS and CSG, accounting for over 85% of the total impact. For
CS, community structure and biodiversity have a stronger influence, while park attributes
have a greater impact on CSG. Random forest regression analysis revealed that S had the
strongest effect on CS (74.33%) and CSG (76.22%). Y influenced CS more (7.02%) than CSG
(2.74%). Regarding community structure and biodiversity, the influence of various factors
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on CS and CSG was nearly identical. Dm had the largest impact on CS (40.92%) and CSG
(40.43%), while DBH had the smallest effect on CS (1.02%) and CSG (3.03%). In terms of
spatial distribution and connectivity characteristics, PD had a substantial effect on both CS
(52.43%) and CSG (37.06%). When considering only spatial morphology and complexity
characteristics, LSI and AREA_MN had similar impacts on CS (54.91%, 52.46%) and CSG
(45.09%,47.54%). Overall, S, Dm, and SW ranked as the top factors affecting both CS and
CSG, highlighting the significant roles of park attributes, community characteristics, and
biodiversity (Figure 6).

N CS 1o CSG
U
40 40 Park Characteristics
39%
30 30 Community Structure and
Biodiversity Characteristics
O .
20 20 Woody Plant Spatial
Distribution and Connectivity
Characteristics
10 10 0
Woody Plant Spatial
Morphology and Complexity
0 Characteristics

R 0.810 R 0.854

20 40 60 80 0 10 20 30 40 0 10 20 30 40 50 0 10 20 30 40 50 Ol

PD]
PIE R 0.969

0 10 20 30 40 0 10 20 30 40 50 0 10 20 30 40 50

CONTIG_MN

Y R 0.928

20 40 60

R 0.819

Figure 6. Contributions of various types of factors and the best subset of impact factors: contribution
of park characteristic variables to CS (a) and CSG (f). Contribution of biodiversity and community
variables to CS (b) and CSG (g). Contribution of spatial distribution and connectivity variables to CS
(c) and CSG (h). Contribution of spatial morphology and complexity variables to CS (d) and CSG (i).
Contribution of the best influencing variables to CS (e) and CSG (j).

The random forest model indicated that, when holding other variables constant, both
CS and CSG increased with higher values of S, Y, and Pm among park attributes. The trend
was nearly identical, with S reaching a plateau at a certain point, possibly due to sample
size limitations. Regarding community structure and biodiversity indices, lower values
of SW, Sim, and Dm had a minimal impact on CS and CSG. However, once these indices
reached a certain threshold, CS and CSG increased sharply. Conversely, the PIE caused a
rapid decline in CS and CSG once it exceeded a certain level (Figure 7).
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Figure 7. Marginal effects.

4. Discussion
4.1. Comparison with Other Studies

This study found that the average CSD of park green spaces in Xinyang’s built-up
area is 4.02 kg/m?, and the average CSGD is 0.39 kg-C-m?.yr~!, significantly higher
than in cities like Hangzhou, Harbin, Shijiazhuang, and Chongqing [37]. In contrast,
Zhengzhou's Green Expo Park reported a CSD of 30.72 kg/m?, and Beijing’s parks showed
a CSGD of 2.06 kg-C-m?-yr~!, both significantly exceeding the findings of this study [27,38].
Internationally, the CSGD of park green spaces in Xinyang surpasses that of 71 parks in
Daejeon and Daegu, South Korea (0.26 kg-C-m?-yr~1) [39], but falls short of the levels
observed in parks in Dhaka, Bangladesh (0.56 kg-C-mz-yr’l), and Seoul, South Korea
(0.70 kg-C-m?2-yr~1) [40,41]. These differences may stem from several factors.

First, terrain and climate conditions significantly impact carbon sink capacity. A study
by Xu et al. in the Pearl River Delta found that slope and altitude greatly affect carbon sink
capacity [42]. Similarly, the research conducted by Nie et al. in Fujian, China, showed that
altitude, slope, and annual precipitation were key factors influencing CS [43]. Additionally,
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a study of 22 European cities demonstrated that climate change significantly impacts the
CS of trees [44].

Second, different survey methods may also contribute to the variations. Many re-
searchers have measured CS and CSG through field surveys, the National Forest Inventory
(NFI), and remote sensing [45—47]. Field surveys are highly accurate but labor-intensive.
Remote sensing is largely influenced by image quality and is primarily used for large
forest areas [48,49], while urban environments are more complex. Radar surveys require
extensive work, and sampling surveys may lack accuracy, making censuses a moderate yet
reliable approach. Hence, this study adopted the census method.

Third, urban development significantly affects the CS and CSG of parks. Studies
suggest that economic growth may reduce urban carbon sinks due to CS loss from ur-
ban expansion [50-52]. However, urban forests in high-GDP areas exhibit strong carbon
sequestration capacity, partly due to eco-construction driven by economic growth [53].

Fourth, park size and type significantly influence carbon sink benefits. This study area
mainly comprises small parks, with few large ones. Large parks offer greater biodiversity
and larger green spaces, resulting in higher carbon sink benefits. Furthermore, the exclusion
of grasslands’ carbon sink capacity may have caused an underestimation of CS and CSG in
Xinyang’s built-up area parks.

4.2. Key Influencing Factors for CS and CSG

Park green spaces are essential contributors to urban carbon sink functions. Our study
indicates that various factors have differing impacts on the CS and CSG of urban park green
spaces (Figure 8). The specific reasons for these differences may include the following;:

First, increasing S and Pm expands the base area for trees, enhancing CS and CSG. Y
and DBH also significantly influence CS and CSG. In addition, studies have shown that
soil conditions and nutrients change with tree age [54]. At the same time, soil conditions
will also affect the carbon storage benefits of plants. For example, Ghareghiye et al. found
that factors like soil conductivity, gypsum content, lime content, and pH significantly
affect plant growth and carbon sequestration [55]. Furthermore, the carbon storage of
plants increases with vegetation age [56,57]. The parks in this study area were established
relatively recently, suggesting that the carbon sink benefits of older parks warrant further
investigation. The biodiversity indices Dm, SW, and Sim positively correlate with CS and
CSG. Higher species richness enhances carbon sink benefits in parks. Diverse plant combi-
nations improve resource efficiency through variations in root structures, leaf morphology,
and photosynthetic mechanisms. These variations reduce resource competition, promote
microbial diversity, and boost community resilience and carbon sink benefits [58]. This
finding aligns with Marquard et al.’s grassland experiments and Ruiz et al.’s research on
natural and artificial forests [59-61]. However, Szwagrzyk et al. observed a slight negative
relationship between tree species diversity and aboveground biomass in natural forests of
Central Europe [62]. This study identified a negative correlation between PIE and both CS
and CSG, indicating that a more uniform species distribution with fewer dominant species
leads to a decrease in CS and CSG. However, Sintayehu et al. reported a positive correla-
tion between species evenness and CSG, suggesting that the relationship between plant
diversity and biomass may differ depending on the ecosystem and functional group [63].

Secondly, PD, which represents the number of patches per unit area, is inversely re-
lated to CS and CSG. Higher patch density correlates with lower CS and CSG. Additionally,
as SPLIT increases, the CS and CSG decrease, indicating that higher fragmentation reduces
community size and connectivity, impacting soil health and carbon sink capacity [64—66].
However, CONTIG_MN shows a threshold effect on CSG; when CONTIG_MN exceeds a
certain level, CSG significantly declines, indicating that excessive fragmentation or over-
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connectivity in plant distribution reduces CSG efficiency. LSI and AREA_MN positively
impact CS and CSG, as higher complexity often correlates with greater biodiversity. In con-
trast, smaller, simpler patches experience more edge effects from fragmentation, increasing
vulnerability to external impacts and reducing carbon fixation efficiency [67].

_______________________________________________________________________________________________________

_______________________________________________________________________________________________________

a

Figure 8. Indicators intention diagrams for woody plant spatial distribution, connectivity, spatial
morphology and complexity characteristics: the intention map of the Connectivity Index (a), the
intention map of the Splitting Index (b), the intention map of the number of patches (c), the intention
map of the Landscape Shape Index (d), the intention maps of the patch density (e) and average patch
area (f).

This study shows that when park biodiversity and patch connectivity fall below a
threshold, the marginal benefits for CS and CSG become negligible. A balance point exists
where ecosystem stability, resilience, and carbon sequestration efficiency improve. To
maximize CSG benefits, urban park design should prioritize suitable species selection and
reasonable layouts tailored to local conditions.

4.3. Implications and Limitations

This study highlights that park characteristics, community structure, and biodiversity
are critical to enhancing CS and CSG in urban parks. Urban park planning should prioritize
enlarging park size, increasing woody vegetation proportion, and selecting high-carbon-
efficiency species suited to the local climate. Diverse plant species improve resource
efficiency, soil microbial diversity, and community stability. To avoid overly concentrated
or dispersed communities, plant arrangements should ensure diversified coverage and
moderate structural complexity, reducing negative edge effects. Additionally, designing
patches with high shape complexity can increase the effective carbon sink area (Figure 9).
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Figure 9. Regulatory scenario diagram.

However, this study has several limitations. First, this study mainly focuses on park
green spaces in the built-up area of Xinyang. Most of the parks in this area are newly
built small and medium-sized parks. However, considering the significant impact of
differences in park size and maturity on carbon sink effects, future research should be
extended to parks of different sizes and levels of maturity. In particular, by comparing
small, medium, and large parks, we can gain a deeper understanding of the mechanism
of scale on carbon sink dynamics. At the same time, studying the differences in carbon
storage between mature parks and newly built parks will provide a more comprehensive
perspective for understanding the carbon sink potential of parks. Although this study
focuses on a specific type of park, its research methods, data collection, and analysis
framework provide important references for future large-scale research. In future studies,
these methods can be used as a reference and further expanded to parks in different climate
zones and different ecological environments in order to comprehensively evaluate the
diversity of parks as carbon sinks. Second, this study does not fully account for factors such
as altitude, climate, and economic conditions, which are crucial to carbon sink capacity—for
instance, altitude changes impact the growth rate and distribution of plant species, thereby
affecting carbon absorption and storage capacity. Economic conditions, on the other hand,
can influence carbon emissions and sequestration through factors like land use changes
and industrial emissions, Therefore, future research should integrate these variables more
thoroughly to better assess the carbon sequestration capacity of different regions, providing
a more solid foundation for achieving carbon neutrality [42,68-70]. Third, the estimation of
shrub CS relies on the general allometric growth model. The estimation of shrub CSG relies
on the conversion coefficient calculated for all local trees of the same family. However,
this approach has a flaw, as the CS and CSG can vary greatly between different species
within the same family. These differences will affect the calculation of the conversion
coefficient and thus affect the accuracy of CSG. In the future, the estimation of shrub CSG
can be based on the CSG of similar shrub species, and new CS and CSG estimation models
can be developed, which can improve the accuracy of the estimation to a certain extent.
Fourth, this study lacks a long-term perspective, as trends in CS and CSG over time are
not fully considered. Tree growth, community succession, and long-term climate change
may cause significant fluctuations in carbon sink benefits [71], varying across parks. Future
studies should implement long-term dynamic monitoring in multiple cities to understand
carbon sink variations over time. Finally, the research focuses on the carbon sequestration
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effect of trees and shrubs, which have large biomass and can store carbon more stably.
Due to limitations in data acquisition and the focus on the carbon sequestration of woody
plants in urban parks, the contribution of herbaceous plants to carbon sequestration is not
included. This decision means that the total carbon sequestration potential of urban parks
is underestimated to a certain extent. However, the carbon storage role of grasslands in
urban parks cannot be ignored. The grassland area of Chinese urban parks is relatively
large, and the growth cycle of herbaceous plants is short. Although their carbon storage is
small, they can quickly absorb carbon in a short period of time. Therefore, future research
can consider further incorporating the carbon sequestration contribution of herbaceous
plants to more accurately evaluate the carbon sequestration benefits of urban parks.

5. Conclusions

This study evaluates the CS and CSG of park green spaces in the built-up area of
Xinyang and examines the influence of park attributes, the community structure and bio-
diversity, the spatial distribution and connectivity of woody plants, and morphological
complexity characteristics. This study employs field surveys, the i-Tree Eco model, and
high-resolution remote sensing data to quantify the effects of various factors on CS and
CSG. The results show that most park green spaces in Xinyang are relatively recent, mainly
consisting of community parks and recreational areas, with few large park green spaces.
The average CSD is 4.01 kg/m?, and the average CSGD is 0.39 kg/m?-yr. These values
are lower compared to Beijing and Zhengzhou Green Expo Park, but are higher when
compared to Shijiazhuang, Chongqing, Daejeon, and Daegu in South Korea. Plants with
high CS and CSD represent a small proportion of the total, while frequently occurring
species tend to have a lower carbon sink capacity, indicating that the carbon sink potential
of woody plants in Xinyang’s park green spaces can be improved. This study identifies
park area (S) and biodiversity indices (Dm, SW) as key factors affecting CS and CSG. Larger
park green spaces, higher proportions of woody vegetation, and greater species richness
are associated with higher CS and CSD. Conversely, patch fragmentation significantly
reduces carbon sink capacity, while larger and more complex patches promote biodiversity
and carbon fixation. Overall, the carbon sink benefits of park green spaces in Xinyang are
moderately high compared to those in other domestic and international cities, reflecting
the influence of factors such as climate, terrain, and economic conditions. In addition,
it is worth noting that tree species with high carbon sequestration capacity usually help
to improve carbon sequestration potential. However, tree species with high carbon se-
questration capacity, such as Populus, are more likely to be blown down in storms due to
their low wood density. Moreover, non-native invasive species may affect the efficiency
of carbon sequestration in some cases by changing the soil chemistry and inhibiting the
growth of other plants. Ginkgo biloba has low carbon sequestration efficiency, but it has
good ornamental qualities and pollution resistance. Therefore, in future park green space
planning, tree species selection should take into account the adaptability of tree species,
pollution resistance, and competitiveness against invasive species. Even if tree species
with general carbon sequestration benefits are selected, multiple ecological benefits should
be considered to achieve a balance between carbon storage and ecological diversity. This
study provides a basis for urban planning, emphasizing the importance of park size, plant
diversity, and strategic layout in the design and renovation of urban parks. It recommends
including socioeconomic and soil factors in future research. Additionally, investigating
carbon pools in urban soil, understory vegetation, and water bodies is crucial for enhancing
urban climate. Finally, this study found a significant “threshold effect” when exploring
the relationship between various factors and park carbon sinks. When environmental
conditions or resource inputs reach a critical point, the ecological benefits of trees signifi-
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cantly improve and remain at their maximum. Beyond this threshold, further increases or
changes in resources may lead to diminishing returns. Therefore, accurately identifying
and understanding this threshold is crucial for future urban planning. These insights
will support efforts to enhance carbon sink benefits in urban green spaces, address global
climate warming, and promote low-carbon urban development.
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