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Abstract

Urban forests play a crucial role in enhancing vegetation cover and bolstering the ecologi-
cal functions of cities by expanding green space, improving ecological connectivity, and
reducing landscape fragmentation. This study examines these dynamics in Jinhua City,
China, utilizing Landsat 8 satellite imagery for all four seasons of 2023, accessed through
the Google Earth Engine (GEE) platform. Fractional vegetation cover (FVC) was calculated
using the pixel binary model, followed by the classification of FVC levels. To understand
the influence of landscape structure, nine representative landscape metrics were selected to
construct a landscape index system. Pearson correlation analysis was employed to explore
the relationships between these indices and seasonal FVC variations. Furthermore, the
contribution of each index to seasonal FVC was quantified using a random forest (RF)
regression model. The results indicate that (1) Jinhua exhibits the highest average FVC
during the summer, reaching 0.67, while the lowest value is observed in winter, at 0.49.
The proportion of areas with very high coverage peaks in summer, accounting for 50.6%
of the total area; (2) all landscape metrics exhibited significant correlations with seasonal
FVC. Among them, the class area (CA), percentage of landscape (PLAND), largest patch
index (LPI), and patch cohesion index (COHESION) showed strong positive correlations
with FVC, whereas the total edge length (TE), landscape shape index (LSI), patch density
(PD), edge density (ED), and area-weighted mean shape index (AWMSI) were negatively
correlated with FVC; (3) RF regression analysis revealed that CA and PLAND contributed
most substantially to FVC, followed by COHESION and LPI, while PD, AWMSI, LSI, TE,
and ED demonstrated relatively lower contributions. These findings provide valuable in-
sights for optimizing urban forest landscape design and enhancing urban vegetation cover,
underscoring that increasing large, interconnected forest patches represents an effective
strategy for improving FVC in urban environments.

Keywords: forest landscape; land use; random forest; fractional vegetation cover;
Pearson analysis

1. Introduction

Urban vegetation cover encompasses all types of plant communities distributed across
urban areas, including trees, shrubs, and grasslands [1]. It plays a crucial role in enhancing
urban ecological environments by mitigating the urban heat island effect, reducing air pollu-
tion, and improving residents” quality of life [2,3]. By delivering ecosystem services such as
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carbon sequestration and oxygen production, urban vegetation significantly contributes to
improved air quality [4]. Research indicates that the composition and spatial distribution of
vegetation profoundly influence urban ecosystem functions [5]. Different vegetation types
offer varying ecosystem services, underscoring the necessity for scientifically informed
vegetation structure planning to maximize ecological benefits [6]. Although urbanization
often leads to a reduction in green spaces, ecologically driven planning and development
strategies can counteract this trend. Initiatives such as the development of urban parks,
greenway networks, vertical greening, and rooftop gardens have effectively expanded
urban green infrastructure, thereby enhancing both environmental quality and residents’
well-being [7].

The urban forest landscape pattern describes the spatial distribution and organization
of trees and vegetation within urban areas. Its structure and characteristics are shaped by
multiple factors, including land use changes, population density, socioeconomic conditions,
and historical context [8,9]. Studies reveal that urban forest composition and structure
evolve with land use transitions, such as shifts from natural forests to plantations, which
not only diminish biodiversity but also alter ecosystem service functions [10].

In recent years, the influence of urban forest landscape patterns on fractional vegetation
cover (FVC) has emerged as a critical research focus [11,12]. FVC refers to the proportion
of land surface covered by green vegetation, typically expressed as a continuous value
ranging from 0 to 1. This metric effectively captures both the spatial density and the
growth status of vegetation. The term “fractional” highlights the proportional nature of
the coverage, rendering FVC a quantifiable and continuous ecological parameter widely
applied in remote sensing analyses. Urbanization-driven changes in forest landscape
patterns affect the distribution and ecological impact of vegetation [13]. Empirical studies
have revealed that an increased urbanization intensity is often associated with marked
alterations in forest landscape morphology, characterized by rising values of the mean edge
area ratio, nearest neighbor distance, and landscape separation index, alongside notable
declines in the landscape type area ratio, maximum aggregation index, and patch number
index [14]. The mean edge area ratio is used to evaluate the morphological complexity
of green space patches; higher values indicate more irregular patch boundaries and a
stronger ecological edge effect. The nearest neighbor distance reflects spatial proximity
among patches, with lower values indicating more clustered distributions that facilitate
species movement and enhance ecological connectivity. Quantitative indicators of green
space—such as vegetation coverage, patch count, and total area—are crucial for assessing
the scale and spatial distribution of urban vegetation resources. Landscape pattern metrics
are instrumental in urban ecological research, as they elucidate the structural influences
of green space on ecological processes and provide a scientific foundation for optimizing
urban green infrastructure and promoting sustainable urban development. A study of
Longquan Mountain Urban Forest Park in Chengdu indicated that FVC first declined
and subsequently rebounded between 2014 and 2021, with recovery closely linked to
government conservation measures [15]. Similarly, an analysis of landscape patterns in
Nanchang’s main urban area demonstrated that urban land expansion negatively affected
forest vegetation cover, highlighting the ecological challenges posed by urbanization [16].

Landsat 8 satellite imagery, with its high spatial resolution and multi-temporal ob-
servational capabilities, has been extensively employed for monitoring and analyzing
the dynamics of urban forest vegetation cover [17]. Research has demonstrated that its
onboard Operational Land Imager (OLI) sensor captures high-precision data across the
visible, near-infrared, and short-wave infrared spectral bands, providing robust support for
the extraction of vegetation indices—such as the Normalized Difference Vegetation Index
(NDVI)—and for conducting spatiotemporal assessments of urban vegetation change [18].
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Numerous empirical studies, including those conducted in Hefei, China, and Chattanooga,
Tennessee, USA, have documented a declining trend in forest cover associated with ur-
ban expansion. These studies further confirm the high classification accuracy of Landsat
8 imagery and its effectiveness in supporting land cover mapping and the development of
related ecological models [19].

Jinhua City, a major regional hub in Zhejiang Province, occupies a strategic location
at the crossroads of east-west and north—south transportation networks [20]. However,
rapid urbanization and the resulting expansion of urban land have significantly impacted
vegetation cover, leading to pronounced changes in the spatial distribution and structure of
urban forests [21]. This transformation not only undermines regional biodiversity but also
diminishes the ecosystem services provided by forested areas. The consequent reduction in
vegetation cover exacerbates the urban heat island effect, threatening urban residents” qual-
ity of life and regional ecological stability. Therefore, evaluating the change trajectories of
urban forests in Jinhua City is vital for scientific green space planning, enhancing ecological
resilience, and addressing urbanization-induced environmental challenges. Optimizing
the forest landscape morphology index system can alleviate ecological pressures, improve
urban environmental quality, and promote sustainable regional development.

Using Jinhua City as the study area, this research integrates multi-source remote
sensing data with landscape ecology theory to systematically investigate the morphological
influence of forest landscape patterns on seasonal variations in urban vegetation cover.
The primary objective is to elucidate how the spatial structural characteristics of forest
patches affect the spatiotemporal distribution of vegetation cover across different seasons.
By quantifying the relationships between landscape metrics and FVC, and assessing the
seasonal influence of each morphological index, the study provides a theoretical founda-
tion and practical guidance for the optimized configuration of forest landscapes and the
enhancement of urban ecological functions.

2. Materials and Methods

2.1. Materials
2.1.1. Study Area

Jinhua City, situated in the central region of Zhejiang Province, spans geographic
coordinates from 119°14’ to 120°46'30” E longitude and 28°32" to 29°41’ N latitude. Its
administrative divisions include Wucheng District, Jindong District, Wuyi County, Pu-
jilang County, Pan’an County, Lanxi City, Yiwu City, Dongyang City, and Yongkang City
(Figure 1). The city is endowed with abundant forest resources and a strong ecological
foundation, characterized by high forest coverage and a wide distribution of both natural
and planted forests, resulting in a diverse and complex forest landscape. Notable forested
areas, such as the Shuanglong Scenic Area, Xianyuan Lake Forest Park, and the surround-
ing mountainous and hilly regions, offer unique ecological advantages. These areas not
only contribute significantly to environmental protection and sustainable development but
also provide a valuable empirical basis for research on forest landscape patterns and their
ecological functions.

Jinhua is located within the central subtropical monsoon climate zone, experiencing
four distinct seasons. Spring is marked by a rapid yet variable rise in temperature, with
precipitation concentrated in late spring and early summer, often accompanied by hail
and strong winds. Summers are hot and prolonged, with high temperatures and frequent
rainfall, occasionally interrupted by droughts. Autumn is brief, cool, and humid, while
winters are cold, dry, and relatively stable in terms of weather conditions.
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Figure 1. Map of the study area location and scope.

As a key innovation and intellectual hub within the Yangtze River Delta region,
and a nationally significant transportation nexus, Jinhua has undergone rapid urban and
economic development in recent years. From 2013 to 2023, the impervious surface area
increased from 920.14 km? to 1107.51 km?, while the gross regional product more than
doubled—from CNY 295.878 billion to CNY 601.127 billion [22,23]. However, this rapid
urbanization has exerted considerable pressure on forest resources, leading to spatial
compression and ecological degradation. The expansion of impervious surfaces and the
concurrent decline in forested areas have significantly impacted urban vegetation cover.



Forests 2025, 16, 1129

50f19

Therefore, a comprehensive investigation into the influence of forest landscape patterns on
seasonal variations in urban vegetation cover in Jinhua holds both scientific importance
and practical relevance for optimizing urban green infrastructure and enhancing ecosystem
service functions.

2.1.2. Data Sources

Google Earth Engine (GEE) is a cloud-based geospatial analysis platform (https:
/ /earthengine.google.com/, accessed on 10 April 2025) developed by Google Inc., Moun-
tain View, CA, USA for processing and analyzing remote sensing data. It integrates a
vast array of open-access geospatial datasets, including multi-source satellite and aerial
imagery, meteorological observations, land surface temperature products, land cover classi-
fications, nighttime light remote sensing data, digital elevation models (DEMs), and various
socioeconomic statistical data [24].

In this study, the spatiotemporal dynamics of FVC in Jinhua City across different
seasons were systematically analyzed using Landsat 8 satellite imagery from 2023. Landsat
8 provides both Thermal Infrared Sensor (TIRS) data, capable of thermal infrared (TIR)
observation, and multispectral data from the OLIL, enabling the comprehensive monitoring
of vegetation conditions. Landsat 8 was selected as the primary remote sensing data source
due to its demonstrated accuracy and widespread application in vegetation cover estima-
tion. The analysis was conducted on the GEE platform, which integrates atmospherically
corrected Landsat 8 surface reflectance (SR) products. This correction effectively minimizes
the influence of atmospheric interference on surface reflectance, thereby enhancing the
reliability of vegetation indices. To ensure the robustness and comparability of vegetation
cover estimates across seasons, all images were manually screened for cloud cover and
quality anomalies. Leveraging high-resolution remote sensing technology, this study effec-
tively revealed the seasonal and spatial distribution patterns of FVC, providing robust data
support for sustainable urban development and ecological management.

Land use data were obtained from the China Land Cover Dataset (CLCD, https:
//zenodo.org/records /8176941, accessed on 10 April 2025) [25]. This dataset, developed
by a research team from Wuhan University, is based on 335,709 Landsat images processed
within the GEE platform and provides annual land cover information across China. The
team utilized all available Landsat data from GEE to extract spatiotemporal features and
employed a random forest classifier for land cover classification. To enhance spatiotemporal
consistency, they introduced a postprocessing method combining spatiotemporal filtering
and logical inference. According to validation based on 5463 visually interpreted samples,
the forest category in this dataset achieves a producer accuracy of 89% and a user accuracy
of 86%. The primary advantage of the CLCD lies in its 30 m resolution annual land use
classifications, making it highly suitable for fine-scale land cover studies. In this study,
the CLCD dataset was used to extract land use information for Jinhua City in 2023, which
served as the basis for calculating the forest landscape morphology index.

2.2. Methods

The technical framework of this study (Figure 2) comprises the following key steps:
(1) estimation of FVC utilizing the Google Earth Engine (GEE) platform and classification of
FVC levels to elucidate its spatial characteristics across different regions; (2) calculation of
landscape metrics to quantify landscape pattern characteristics; (3) application of Pearson
correlation analysis to evaluate the relationships between seasonal FVC and landscape
metrics; and (4) construction of a random forest (RF) regression model to quantify the
contribution rate of individual landscape metrics to seasonal FVC.
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Figure 2. Research methodology roadmap.

2.2.1. Classification of FVC Levels

The GEE platform was employed to calculate the FVC, aiming to enhance data pro-
cessing efficiency and streamline the traditionally labor-intensive preprocessing workflow.
In contrast, conventional methods using ENVI 5.3 software require the manual download-
ing and correction of remote sensing imagery, alongside reliance on local computational
resources, which significantly hinders the efficient processing of large-scale datasets. GEE,
leveraging a cloud-computing architecture, enables real-time online processing of extensive
multi-temporal remote sensing data while providing abundant free data resources. This
cloud-based infrastructure eliminates the need for manual downloading and preprocessing,
substantially improving the convenience and efficiency of data analysis [26].

In this study, Landsat 8 remote sensing imagery of Jinhua City for the year 2023
was acquired via the GEE platform to calculate FVC. Landsat 8 offers several notable
advantages over Sentinel-2 for calculating seasonal FVC. First, with a continuous data
record since its launch in 2013, Landsat 8 provides a longer temporal span and more
stable time series, making it particularly suitable for monitoring long-term and seasonal
vegetation dynamics [27]. Second, the imagery is distributed by NASA and the USGS
with standardized preprocessing workflows and high radiometric calibration accuracy,
which enhances the precision and consistency of FVC estimations [28]. Moreover, the
global coverage and ease of access to Landsat 8 data facilitate the acquisition of adequate,
high-quality imagery across all seasons within the study area.

For the purposes of this analysis, the year 2023 was segmented into four climatological
seasons: spring (March-May), summer (June-August), autumn (September-November),
and winter (January—February and December). A total of four spring, five summer, four
autumn, and three winter Landsat 8 scenes were utilized. Seasonal composite images
were generated by applying median synthesis to the image collections for each season
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using the GEE platform, thereby producing representative imagery for seasonal vegetation
cover assessment.

The NDVI, a widely adopted remote sensing index for assessing vegetation health
and coverage, was used as the primary indicator due to its strong linear correlation with
vegetation cover [29,30]. The NDVI is computed using the following equation:

NIR — R

DVI=—
NDVI= QiR+ ®r

1)
where NIR represents the near-infrared band value and R denotes the red band value of
the Landsat 8 imagery.

To estimate vegetation cover, the pixel-based dimidiate pixel model—a linear un-
mixing approach—was applied. This model operates under the assumption that each
pixel comprises a mixture of vegetated and bare-soil components, influencing the spectral
reflectance detected by the remote sensing sensor [31]. Within this model, NDVI values
for bare soil (NDVI,;) and fully vegetated areas (NDVly.g) are determined based on the
5th and 95th percentiles of cumulative frequency, respectively [32,33]. The FVC is then
calculated using the following formula:

NDVI — NDVL;

FVC =
NDVIyeg — NDVIo;

(2)

Based on the actual vegetation distribution in Jinhua City, the FVC values were
classified into five distinct levels (Table 1).

Table 1. Classification and interpretation of FVC levels.

FvC Level
FVC < 30% Very Low Coverage
30% < FVC < 45% Low Coverage
45% < FVC < 60% Moderate Coverage
60% < FVC <75% High Coverage
75% < FVC Very High Coverage

2.2.2. Calculation of Landscape Metrics

In this study, the land use types in Jinhua City for the year 2023 were classified into four
categories: cropland, forest, water, and impervious surface. The respective areas for each
category were 2965.67 km? for cropland, 7315.83 km? for forest, 151.73 km? for water, and
1107.51 km? for impervious surface. In this study, the selection of landscape metrics was
guided by criteria of representativeness, ecological significance, and data reliability. A total
of nine forest landscape indices were selected, including class area (CA), total edge (TE),
percentage of landscape (PLAND), largest patch index (LPI), landscape shape index (LSI),
patch density (PD), edge density (ED), area-weighted mean shape index (AWMSI), and
patch cohesion index (COHESION) [34-36]. Collectively, these indices form the analytical
framework for evaluating the spatial configuration of urban forest landscapes.

(1) CA represents the total area of all forest patches and is calculated as follows:

CA =

n
aj x 10,000 (3)
=1

where g is the area of the jth forest patch (in m?). The value is divided by 10,000 to convert
the unit from square meters to hectares.
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(2) TE denotes the total perimeter of all forest patches and is computed as follows:
n
TE=Y pj 4)
j=1

where p; is the perimeter of the jth forest patch.
(8) PLAND measures the proportion of the total landscape occupied by forest patches:

Y14
PLAND = % x 100 (5)
where A is the total landscape area. The result is multiplied by 100 to express the value as a
percentage.
(4) LPI quantifies the percentage of the landscape occupied by the largest forest patch:

max(ay, - ,ay)

LPI = x 100 (6)

where max (ay, - - -, a,) is the area of the largest forest patch.
(5) LSI evaluates the complexity of patch shapes across the landscape:

1S] — 0.25TE @)
VA
(6) PD reflects the number of forest patches per 100 hectares:
PD = % % 10,000 x 100 )

where 1; is the number of forest patches. The result is scaled to units of number per 100 hectares.
(7) ED measures the total edge length of forest patches per hectare of landscape:
Ly

Lk=1% . 10,000 )

ED =
A

where ¢ is the edge length of the kth patch.
(8) AWMSI quantifies the average complexity of patch shapes, weighted by patch area:

" 1 0.25p; aj
AWMSI = Y [’”( A )] (10)
=L VE \L=g
(9) COHESION assesses the physical connectedness of forest patches:
Y p -1
COHESION = |1 — y,]—lp” [1 - 1} x 100 11)
i1 Pij X \/Tjj VA

The result is multiplied by 100 to express the index as a percentage, with higher values
indicating greater connectivity and aggregation.

2.2.3. Pearson Correlation Analysis

In this study, a 1500 m x 1500 m fishnet grid was generated across the study area using
ArcGIS 10.7. Grids containing incomplete or fragmented landscape boundaries were ex-
cluded, resulting in a total of 4667 valid sampling units. For each grid cell, the mean values
of FVC and corresponding landscape metrics were extracted. Pearson correlation analysis
was then employed to evaluate the relationships between forest landscape morphological
characteristics and seasonal variations in FVC.
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The Pearson correlation coefficient is fundamentally a linear correlation measure
widely used in statistical analysis to quantify the linear relationship between interval
variables [37,38]. For two given samples, X = (x1, X2, ..., xz) and Y = (y1, Y2, - . ., Yn), the
Pearson correlation coefficient is calculated as follows:

y = ?:1 (xi - Y) (]/i - y) (12)
VEL (6~ 2P (i~ )

In the formula, X and ¥ represent the sample mean values of X and Y, respectively,

while x; and y; denote the variable values of the two samples. The absolute value of
the Pearson correlation coefficient r indicates the strength of the correlation between the
independent and dependent variables. The range of values can be used to quantify the
degree of correlation between the independent and dependent variables [39].

2.2.4. RF Regression Model

RF regression is an ensemble learning method based on decision trees that performs
regression tasks by constructing a multitude of decision trees and aggregating their predic-
tions to generate a final output [40,41]. Compared to traditional multiple linear regression,
RF regression offers several notable advantages. First, it exhibits strong resistance to noise
and robustness against data imperfections, such as missing values and outliers, which often
compromise the performance of conventional regression models. Second, RF algorithms
are capable of automatically identifying and ranking the importance of predictor variables,
thereby facilitating the selection of key influencing factors. In contrast, traditional mul-
tiple regression typically relies on manual variable selection and is more vulnerable to
multicollinearity among predictors. Furthermore, RF regression excels in handling high-
dimensional datasets and effectively mitigates the risk of overfitting, a challenge commonly
encountered in traditional regression models due to the “curse of dimensionality.” Given
these advantages, this study employs the RF regression model to quantitatively examine
the relationship between landscape metrics and FVC. A corresponding modeling workflow
was developed and illustrated to provide a systematic and reproducible framework for the

analysis (Figure 3).
Independent variable | RF construction
CA PD 3 Training set 1 —» Decision tree 1 —»
TE ED Training set 2 % Decision tree 2 -
— Averagin
PLAND || AWMSI A
Training set n-1 —» Decision tree n-1 —»
LPI COHESION N Training -
sample
LSI Training setn > Decision treen
Dependent variable . . .
L A quantitative model of the relationship between
LST forest landscape patterns and LST

Figure 3. Process of RF regression model.
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The Scientific Platform Serving for Statistics Professionals (SPSSPRO) is an online
data analysis platform designed to offer convenient analytical services for statisticians,
university faculty and students, market researchers, and scientific investigators [42]. In
this study, the RF regression algorithm available on the SPSSPRO platform was employed
to quantify the relative contribution of various landscape metrics to seasonal variations
in FVC. The analysis was based on the seasonal mean values of FVC and corresponding
landscape morphology indices within each grid cell.

The RF regression algorithm calculates feature importance in two primary steps:
feature contribution assessment and importance normalization [43,44]. Initially, node
splitting within each decision tree minimizes the mean square error (MSE) during model
training. By aggregating the decrease in MSE for each feature across all decision trees,
the contribution of individual features to the model is evaluated, a process referred to
as mean decrease in impurity. Subsequently, the Permutation Importance method is
employed, wherein the values of a feature are randomly shuffled, and the resulting change
in the model’s prediction error is observed. A larger increase in error indicates a greater
influence of the feature on model predictions. Feature importance is then computed using
these two methods and normalized to facilitate ranking, thereby identifying key variables
and enhancing the interpretability of the model. In this study, feature importance was
used to assess the contribution rate of the urban forest landscape morphology index to
seasonal FVC.

The main parameters of the RF regression model were configured as follows: random
shuffling of the data was enabled to enhance the model’s generalization capability, and 70%
of the total samples were allocated to the training set. Cross-validation was not employed.
Node splitting was based on the MSE criterion, with all available features considered
during each split. The minimum number of samples required to split an internal node was
set to 2, while each leaf node contained at least 1 sample with no minimum sample weight
constraint, ensuring a balance between model complexity and learning capacity. A total of
100 decision trees were constructed using bootstrap sampling with replacement; however,
Out-of-Bag (OOB) error estimation was not activated. This parameter configuration was
designed to achieve a trade-off between computational efficiency and model accuracy.

Model performance was evaluated using two widely adopted regression metrics: the
MSE and Mean Absolute Error (MAE). The MSE emphasizes larger prediction errors by
squaring them, making it more sensitive to outliers and useful for diagnosing overfitting to
high-error samples. In contrast, the MAE measures the average absolute deviation between
predicted and actual values, offering a more robust and interpretable assessment of overall
prediction bias. These two indicators were used to quantitatively assess the predictive
accuracy of the RF model on the test dataset, thereby enabling a comprehensive evaluation
of its fitting performance and generalization ability. Notably, both metrics are inversely
correlated with prediction accuracy—lower values indicate higher model performance.

3. Results
3.1. Spatiotemporal Distribution of FVC

The FVC was estimated using the pixel dichotomy model applied to Landsat imagery
of Jinhua City. Seasonal FVC average values (Table 2) and distributions (Figure 4) for the
year 2023 were subsequently derived. The results indicate that the highest average FVC
was observed in summer (0.67), while the lowest occurred in winter (0.50). Among the four
seasons, winter exhibited the greatest spatial variation in mean FVC across the study area,
with an extreme difference of 0.36, whereas spring showed the smallest variation, with a
difference of 0.18. At the administrative level, Pan’an County recorded the highest seasonal
mean FVC in summer (0.80), while Jindong District registered the lowest in winter (0.35).
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Table 2. Seasonal FVC average values of Jinhua in 2023.

City Spring Summer Autumn Winter
Jinhua 0.65 0.67 0.65 0.49
Wucheng 0.67 0.67 0.63 0.48
Jindong 0.58 0.57 0.56 0.35
Wuyi 0.73 0.74 0.69 0.50
Pujiang 0.74 0.73 0.71 0.58
Pan’an 0.67 0.80 0.79 0.71
Lanxi 0.63 0.62 0.60 0.43
Yiwu 0.56 0.55 0.54 0.35
Dongyang 0.64 0.66 0.67 0.54
Yongkang 0.58 0.61 0.59 0.43

(a)Spring }N\ (b)Summer )N\

LT KM
0 10 20 40

(d)Winter ) N

Figure 4. The seasonal FVC distribution maps of Jinhua in 2023.

3.2. Classification of FVC

To investigate the spatiotemporal dynamics of FVC, the calculated FVC values were
categorized into distinct FVC levels (Figure 5). Subsequently, the areas corresponding to
each FVC level were quantified, and their seasonal distributions were analyzed (Figure 6).

Seasonal variations in the areal distribution of FVC classes exhibited distinct spatial
patterns. In spring, summer, and autumn, the rank order of FVC categories was very high
coverage > high coverage > moderate coverage > very low coverage > low coverage. In
contrast, during winter, the distribution shifted to:very low coverage > very high cover-
age > moderate coverage > low coverage > high coverage. The proportion of each FVC
class varied markedly between seasons. In spring, areas classified as very high coverage
accounted for the largest share (48.6%), followed by high coverage (20.6%), moderate
coverage (12.5%), low coverage (7.7%), and very low coverage (10.6%). In summer, very
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high coverage further increased to 50.6%, with the remaining classes comprising 25.2%,
10.5%, 5.2%, and 8.5%, respectively. In autumn, very high coverage declined slightly to
44.8%, while the other classes constituted 25.4%, 14.4%, 6.5%, and 9.0%. In winter, overall
vegetation cover decreased substantially: very high coverage dropped to 22.3%, while very
low coverage increased to 23.9%; the proportions of the remaining classes were 16.2%,
20.0%, and 17.7%, respectively.

(a)Spring

(b)Summer

N
[ — S V| 1L 1KM
0 10 20 40 g 0 10 20 40

I Very Low Coverage B Very Low Coverage

- Low Coverage - Low Coverage

[] Moderate Coverage [ Moderate Coverage

[ High Coverage [ High Coverage

B vy High Coverage B Very High Coverage
(c)Autumn

N
A (d)Winter N }N\
L 1K™ /
0 10 20 40 LT KM
3 0 10 20 40

I vy Low Coverage B Very Low Coverage
[ Low Coverage [ Low Coverage
[] Moderate Coverage [ Moderate Coverage
[ High Coverage [ High Coverage
I very High Coverage B Very High Coverage

Figure 5. The seasonal FVC classification of Jinhua in 2023.

O Very Low Coverage [0 Low Coverage [] Moderate Coverage [] High Coverage [ Very High Coverage
100.0%
22.3%
80.0%
° 48.6% 50.6% 44.8%
g 16.2%
g 60.0%
o 20.0%
& 9 25.4%
40.0% 20.6% =
o ° 25.2%
2 17.7%
[
< 12.5%
20.0% 0 10.5% 14.4%
7.7% 55% 6.5% 23.9%
10.6% 8.5% 9.0%
0.0%
Spring Summer Autumn Winter
SEASON

Figure 6. The proportion of area covered by different FVC levels across seasons in 2023.
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The seasonal average FVC across different land use types (Table 3) followed the order
forest > cropland > water > impervious surfaces. Among these, forests exhibited the highest
average FVC in summer, reaching 0.79, whereas water recorded the lowest average FVC
in winter, at only 0.01. From a seasonal perspective, the FVC of forested areas displayed
clear temporal variation, with values ranked in the order of summer > spring > autumn >
winter, indicating pronounced seasonal dynamics in vegetation cover.

Table 3. Seasonal average FVC of different land use types.

Land Use Type Spring Summer Autumn Winter
Cropland 0.53 0.60 0.59 0.37
Forest 0.77 0.79 0.76 0.63
Water 0.04 0.05 0.02 0.01
Impervious surfaces 0.14 0.15 0.13 0.12

3.3. Pearson Correlation Analysis of Seasonal FVC and Landscape Metrics

The spatial distribution of nine landscape metrics in the study area was de-
rived using Fragstats 4.2 software (Figure 7). The indices—CA, PLAND, LPI, and
COHESION—exhibited relatively high values across most regions, indicating their strong
capacity to characterize the forest landscape pattern. In contrast, the spatial distributions of
PD, TE, LSI, ED, and AWMSI were more uniform, reflecting higher spatial homogeneity
across the study area.
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Figure 7. Spatial distribution of landscape metrics in 2023.
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Pearson correlation analysis was conducted to explore the relationship between sea-
sonal FVC and landscape metrics (Table 4). The results indicate that all landscape mor-
phology indices are significantly correlated with seasonal FVC (p < 0.01). Specifically, CA,
PLAND, LPI, and COHESION demonstrated significant positive correlations with FVC,
suggesting that larger forest core areas, higher landscape proportions, stronger patch domi-
nance, and greater connectivity contribute to increased vegetation cover. Conversely, TE,
LSI, PD, ED, and AWMSI showed significant negative correlations with FVC, implying that
more fragmented and complex landscape configurations are associated with reduced FVC.

Table 4. Seasonal FVC and forest landscape indices Pearson correlation coefficients.

Landscape Indices Spring Summer Autumn Winter
CA 0.842 0.826 0.799 0.731

TE —0.113 —0.092 —0.072 —0.120
PLAND 0.842 0.826 0.799 0.731
LPI 0.838 0.820 0.793 0.730

LSI —0.352 —0.321 —0.305 —0.346

PD —0.354 —0.324 —0.324 —0.368

ED —0.113 —0.092 —0.072 —0.120

AWMSI —0.088 —0.070 —0.041 —0.072
COHESION 0.656 0.662 0.643 0.558

The strength of correlations between the landscape metrics and FVC varied season-
ally. CA, PLAND, and LPI exhibited very strong correlations with FVC during spring
and summer, while maintaining strong correlations in autumn and winter. COHESION
displayed a strong correlation with FVC in spring, summer, and fall, but weakened to a
moderate level in winter. In contrast, the LSI and PD consistently showed weak correlations
with FVC across all seasons. TE, ED, and AWMSI exhibited very weak correlations with
FVC throughout the year, suggesting that these indices contribute minimally to seasonal
variations in vegetation cover.

3.4. Contribution Rate of Landscape Metrics to Seasonal FVC

To evaluate the predictive performance of the RF regression model across different sea-
sons, two key metrics—MSE and MAE—were employed for quantitative analysis (Table 5).
The results indicate that the model achieved its highest performance during the summer,
exhibiting the lowest MSE and MAE values among all seasons, thereby reflecting the small-
est prediction error and the highest model reliability. Overall, the RF regression model
maintained consistently low prediction errors throughout the year, demonstrating its strong
predictive accuracy and robustness across seasonal variations.

Table 5. Evaluation of the predictive effect of RF regression model.

Season Dataset MSE MAE
Spring Test set 0.010 0.071
Summer Test set 0.009 0.070
Autumn Test set 0.011 0.082
Winter Test set 0.017 0.105

The RF regression model was applied to analyze the contributions of landscape metrics
to seasonal FVC in Jinhua City (Figure 8).

In spring, the PLAND for forests reached 45.4%, indicating a widespread distribution
across the region. However, the CA accounted for only 34.3%, suggesting that despite high
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overall coverage, forests were predominantly distributed as small or scattered patches,
lacking large contiguous areas.
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Figure 8. The contribution rate of the forest landscape morphology index to FVC.

During summer, the CA of forests increased substantially to 40.3%, surpassing the
PLAND value of 23.5%. This shift reflects not only a broader spatial extent but also a
more concentrated patch distribution. The LPI rose to 14.0%, signifying the presence of
large core forest patches that substantially contributed to overall vegetation cover. This
concentration of large patches enhanced spatial cohesion. Meanwhile, the LSI accounted
for 5.0%, indicating moderate morphological complexity with low fragmentation.

In autumn, forest PLAND and CA were measured at 37.9% and 31.8%, respectively,
demonstrating that forest cover remained substantial and relatively concentrated, though
some patch fragmentation persisted. The LPI represented 8.7%, highlighting the domi-
nance of large forest patches, while COHESION reached 6.5%, suggesting good spatial
connectivity and a relatively intact ecological function among forest patches.

In winter, the CA declined to 29.0%, and PLAND decreased to 22.4%, reflecting
a reduction in forest cover, primarily concentrated in contiguous patches with fewer
scattered fragments. Notably, COHESION increased to 20.3%, signifying enhanced spatial
connectivity and improved ecological coherence of forest patches. The LPI also increased
to 16.0%, indicating that large forest patches remained dominant. PD accounted for just
5.6%, suggesting lower fragmentation during the winter months.

A comprehensive analysis across all seasons indicates varying contributions of the nine
landscape metrics to FVC. Among these, CA and PLAND demonstrated the most significant
contributions to FVC, followed by COHESION and LPI. In contrast, PD, AWMSI, LSI, TE,
and ED showed relatively low contributions. It is noteworthy that synergistic interactions
may exist among these landscape indices, potentially influencing their collective impact on
FVC. Further investigation is required to elucidate these combined effects.
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4. Discussion

This study investigates the spatial and temporal dynamics of FVC across four
seasons—spring, summer, autumn, and winter—in Jinhua City during 2023. The results
indicate that the seasonal average FVC follows the order summer > spring > autumn >
winter. In terms of spatial distribution, areas with very high and high vegetation coverage
collectively accounted for over 69% of the total area during spring, summer, and autumn,
while this proportion dropped significantly to 38.5% in winter, highlighting a marked
seasonal variability. Pearson correlation analysis revealed that forest landscape indices
including CA, PLAND, LPI, and COHESION exhibited significant positive correlations
with FVC across all seasons. This suggests that increases in the patch size, area share,
maximum patch dominance, and spatial connectivity of forested areas contribute positively
to vegetation cover. Conversely, TE, LSI, PD, ED, and AWMSI were significantly negatively
correlated with FVC, implying that greater landscape complexity and fragmentation tend
to suppress vegetation cover.

To further explore the relative importance of these landscape metrics, a RF regression
model was employed. The results showed that the contribution of landscape indices to
seasonal FVC varied, with CA and PLAND consistently ranking as the top two contributors.
These findings are in line with the correlation analysis and can be attributed to the fact that
forests, as high-coverage vegetation types, contribute extensively to regional greenness.
Larger CA values indicate broader vegetation-covered areas, enhancing ecological connec-
tivity and landscape-level greenness [45,46]. Similarly, higher PLAND values suggest a
more continuous and aggregated forest landscape, which reduces land surface exposure
and fragmentation, thereby supporting ecosystem stability and vegetation growth [47,48].
COHESION and LPI ranked third and fourth in importance, respectively. COHESION
reflects the degree of spatial connectivity among forest patches, which is crucial for main-
taining ecological processes and system resilience, thereby promoting sustained vegetation
growth [49]. The LPI represents the area proportion of the largest forest patch, and larger
contiguous patches typically provide more stable habitats and favorable hydrothermal
conditions conducive to higher vegetation cover [50]. In contrast, the contributions of PD,
AWMS], LSI, TE, and ED were relatively lower. Although these indices are valuable in de-
scribing landscape configuration and edge complexity, their direct influence on vegetation
cover appears to be more limited in this context.

The main findings of this study provide valuable scientific insights for urban forest
planning and management. Previous research has demonstrated that expanding urban
forest areas is an effective strategy for increasing urban FVC [51]. Generally, higher pro-
portions of urban forest coverage are associated with greater FVC [52,53]. However, due
to constraints on urban land and high construction density, expanding forested areas
is increasingly challenging [54]. Thus, optimizing the spatial layout of existing forests
emerges as a more practical and efficient solution. Pearson correlation and RF regression
analyses suggest that prioritizing large, compact, and highly aggregated forest patches can
significantly enhance urban FVC.

Although this study has produced meaningful findings, certain limitations remain.
Future research should focus on two key improvements: (1) Incorporating the fishing net
division method to construct irregular grid cells for evaluating the impact of different grid
configurations on seasonal FVC dynamics. (2) Investigating the nonlinear relationship
between landscape metrics and seasonal FVC, with a particular emphasis on identifying
potential influence thresholds. These advancements are expected to improve the scientific
basis for urban forest planning and provide more precise decision-making support for
optimizing FVC.
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5. Conclusions

This study, grounded in multi-source remote sensing data and landscape ecology
theory, focuses on Jinhua City to analyze seasonal variations in FVC. Using the GEE plat-
form, FVC was calculated and classified into different coverage levels. A forest landscape
morphology index system was constructed based on nine representative indices. Pearson
correlation analysis was employed to examine the relationships between seasonal FVC and
landscape metrics, while the RF regression model was applied to quantify the contributions
of each index to seasonal FVC.

This study revealed that in Jinhua, areas classified as very high coverage and high
coverage collectively accounted for more than 69% of the total area during spring, summer,
and autumn, whereas this proportion declined sharply to 38.5% in winter. All landscape
metrics exhibited significant correlations with seasonal FVC. Specifically, CA, PLAND, LP],
and COHESION were significantly and positively correlated with FVC, indicating that
larger and more cohesive forest patches contribute to higher FVC. Conversely, TE, LSI, PD,
ED, and AWMSI were significantly and negatively correlated with FVC, reflecting that more
fragmented and irregular forest landscapes tend to inhibit FVC. Nine landscape metrics
contributed differently to FVC. Among them, CA and PLAND were the most influential,
followed by COHESION and LPI. In contrast, PD, AWMSI, LSI, TE, and ED exhibited
relatively low contributions to FVC.

This study provides a scientific basis for understanding the influence mechanisms
of landscape metrics on seasonal FVC in Jinhua City. It also offers valuable insights for
optimizing landscape indices and managing FVC in similar urban environments. Moreover,
the integration of multi-source remote sensing data with landscape metrics demonstrates
strong generalizability and applicability for assessing FVC in different urban contexts.
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