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Abstract

Mangroves in Sri Lanka provide critical ecosystem services, yet they have undergone
significant changes due to anthropogenic and natural drivers. This study presents the
first national-scale assessment of mangrove dynamics in Sri Lanka using remote sensing
techniques. A total of 4670 Landsat images from Landsat 5, 7, 8, and 9 were selected
to detect mangrove distribution, changes in extent, and structure and stability patterns
from 1987 to 2022. A Random Forest classification model was applied to elucidate the
spatial changes in mangrove distribution in Sri Lanka. Using national-scale data enhanced
mapping accuracy by incorporating region-specific spectral and ecological characteristics.
The average overall accuracy of the maps was over 96.29%. The total extent of mangroves
in 2022 was 16,615 ha, representing 0.25% of the total land of Sri Lanka. The results
further indicate that, at the national scale, mangrove extent increased from 1989 to 2022,
with a net gain of 1988 ha (13.6%), suggesting a sustained and continuous recovery of
mangroves. Provincial-wise assessments reveal that the Eastern and Northern Provinces
showed the largest mangrove extents in Sri Lanka. In contrast, the Colombo, Gampaha, and
Kalutara districts in the Western Province showed persistent declines. The top mangrove
spatial structure and stability districts were Jaffna, Trincomalee, and Gampaha, while the
most degraded mangrove districts were Batticaloa, Colombo, and Kalutara. This study
offers critical insights into sustainable mangrove management, policy implementation, and
climate resilience strategies in Sri Lanka.

Keywords: mangrove; Landsat; remote sensing; spatial analysis; fragmentation; Sri Lanka

1. Introduction

Mangroves primarily consist of salt-tolerant plants in natural transitions between
coastal marine environments and dry terrestrial ecosystems [1-3]. They are important to
humanity, providing numerous ecosystem services such as carbon sequestration, coastal
protection, fisheries, biodiversity, water purification, sediment stabilization, livelihoods,
and economic benefits [4-6]. Mangroves also play an essential role in the Sustainable
Development Goals (SDGs), especially SDG 1: End poverty in all its forms everywhere;

Land 2025, 14, 1820 https://doi.org/10.3390/land 14091820
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SDG 13: Take urgent action to combat climate change and its impacts; SDG 14: Conserve
and sustainably use the oceans, seas, and marine resources for sustainable development;
and SDG 15: Life on Land [7]. However, increasing anthropogenic activities [§-10] and
the growing pressure of climate change influence mangroves [11-13] and their combined
ecosystem services in numerous ways [14-17].

Many studies have reported mangrove losses [18-20]. However, mangroves can re-
spond to environmental changes at local and regional scales, increasing their extent via
physical propagation—sedimentation, encroachment, and segmentation [21,22]. Large-
scale mangrove rehabilitation activities further propagate and recover these natural pro-
cesses [23,24]. Previous studies have reported that mangroves are particularly vulnerable
to ecological and anthropogenic change [11,25,26]; however, our understanding of their
impact on mangroves remains unclear.

Today, mangroves are recognized as one of the most vulnerable ecosystems and have
been affected by two main processes: land-direction and sea-direction processes [27,28].
Land-direction processes include human activities, hydrological alteration, and tidal flood-
ing hampers such as dikes and roadways [2,27]. Accelerated sea-level rise, strong storm
waves, tsunamis, and other climate phenomena are examples of sea-level processes [2,27,28].
Impacted mangrove forests show reduced ecosystem services [5,20,29,30], potentially mod-
ifying their role in the global carbon cycle from a carbon sink to a carbon source [11,31,32].
Therefore, detecting mangrove changes is crucial for restoring and enhancing carbon
sequestration, as well as supporting national and international climate initiatives.

Mangrove change detection is required to identify their future trajectories. Generally,
traditional surveying methods are challenging to apply in mangrove detection due to
the large physical environment, and these techniques are often used for relatively small
areas over a short period [33,34]. Furthermore, due to the challenges of processing large
quantities of Earth observation data, traditional mangrove detection systems generally
use fewer images at a particular time [35,36]. Conversely, the continuous advancement of
state-of-the-art technology (remote sensing) and the increasing availability and accessibility
of the data offer a significant opportunity for the spatio-temporal monitoring of large-
scale and long-term changes in mangroves [37,38]. For example, Global Mangrove Watch
(GMW) aims to provide comprehensive, up-to-date data on the distribution, status, and
changes in mangroves worldwide [39]. The GMW provides valuable insights at the global
level; however, direct application of data at the regional and national levels remains
challenging [40]. The Google Earth Engine (GEE) cloud-based data computing system has
emerged as a prompt and suitable solution to this problem [41].

Previous studies have revealed patterns of mangrove loss and gain due to coastal
development, aquaculture expansion, climate change, and conservation efforts world-
wide [42,43]. These changes are not consistent, with distinct trends often observed between
the Global North and the Global South [44,45], as well as between tropical and subtropical
regions [46,47]. For instance, some areas in the Global North exhibit stable or expanding
mangrove cover due to protection and restoration initiatives [44]. Conversely, many re-
gions in the Global South, particularly Latin America, Southeast Asia, and South Asia,
have experienced substantial degradation of their mangrove forests. Tropical mangroves
include the majority of the global mangrove area and are especially vulnerable to anthro-
pogenic pressures and sea-level rise. For example, extensive deforestation is observed in
the Mekong Delta [48], the Caribbean mangroves [49], and in more localized yet significant
areas, such as parts of West Africa, where clearing occurs for urban expansion [50]. Sri
Lanka, situated in the tropical zone near the equator, possesses significant mangroves
that are subject to similar pressures, including encroachment for aquaculture, agriculture,
coastal infrastructure development, urbanization, pollution, and climate impacts, mak-
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ing it a crucial area for focused mangrove change detection studies to inform national
conservation and management strategies [51].

Sri Lanka stretches between 6° N and 10° N latitude and 79° E and 82° E longitude
in the Indian Ocean—the total area of the country is approximately 65,610 km? [52]. The
coastline stretches approximately 1340 km. The island features a mountainous area in the
southern and central regions, as well as a surrounding coastal plain with rich ecosystems,
including mangroves. Mangroves in Sri Lanka are distributed across fourteen coastal
districts in five provinces (Table S1). The wet and dry climate conditions of Sri Lanka are
favorable for propagating mangroves [53]. Sri Lanka is particularly vulnerable to climate
change due to its high precipitation and temperatures, complex hydrological cycle, and
exposure to catastrophic weather events, especially cyclonic activities from the Bay of
Bengal and the Arabian Sea [53].

Figure 1 shows the selected locations of mangroves along the coastal areas of Sri
Lanka. Sri Lanka is home to six Ramsar wetlands, recognized globally for their exceptional
biological and ecological significance [54]. Moreover, due to its rich wetland ecology, the
capital, Colombo, was declared a Ramsar wetland city by the Ramsar in 2018 [54,55].

Figure 1. Mangroves in Sri Lanka. (a) Mangroves at Trincomalee Bay; (b) Mangroves at Uppu Aru;
(c) Mangroves at Kala Oya Estuary; (d) Mangroves at Muthurajawela Wetland; and (e) Mangroves
near Chilaw Lagoon. Images from Google Earth Pro [56]. The location presented in Figure 1 is shown
in Figure 2.

Despite having a complex mangrove ecology, it is surprising that there are no high-
resolution, high-accuracy, and long-term mangrove distribution data to track mangrove
dynamics in Sri Lanka. The International Union for Conservation of Nature (IUCN) Sri
Lanka and the Central Environmental Authority (CEA) of Sri Lanka published the national
wetland directory in 2006 [51]. However, there has yet to be a concrete program to monitor
wetland changes in the country, including those of mangroves. Many studies have focused
on wetland mapping and change over the past decades in Sri Lanka [57-59]. However,
these studies are considered relatively small in terms of wetland areas [58—60]. Therefore,
an overall view of the mangroves of Sri Lanka is currently needed to understand past and
present changes and their future trajectories.

Many studies have demonstrated the significance of analyzing mangrove spatial
structure, fragmentation, and overall configuration for sustainable mangrove conservation,
enhancing restoration efforts, and improving ecosystem services [37,57,61]. However, in
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Sri Lanka, few studies have systematically addressed the structural and stability patterns
of mangroves [57]. Therefore, a fundamental assessment is required to detect changes in
spatial structure, fragmentation, and stability patterns, thereby improving core habitat
integrity and ecosystem services across the entire country of Sri Lanka. Addressing this
gap is crucial for developing evidence-based conservation strategies, enhancing ecosystem
restoration efforts, and strengthening Sri Lanka’s contributions to global climate mitigation.
Therefore, our study area is defined by creating a coastal buffer that extends 10 km into the
sea and the land area from the coastline of Sri Lanka (representing the extent of mangroves
in Sri Lanka), because mangroves typically occur within low-lying coastal zones influenced
by tidal action, salinity, and sedimentation (Figure 2).

This study aims to (i) detect mangrove distribution in Sri Lanka from 1987 to 2022,
utilizing available Landsat imagery to ensure long-term temporal consistency and spatial
coverage across the entire country, using the national-scale data by incorporating region-
specific spectral and ecological characteristics, enabling a robust assessment of mangrove
distribution and dynamics; (ii) monitor and analyze mangrove gain and loss in different
scales, including national, provincial, district levels, and climatic zones; and (iii) analyze
the structure and stability patterns of mangroves in Sri Lanka, emphasizing whether they
are static or changing spatiotemporally over time. The results of this study can provide
theoretical guidelines for future mangrove research and the sustainable management of
mangroves in Sri Lanka. Scheme 1 shows the selected locations of mangroves along the
coastal areas of Sri Lanka for visual interpretation.

79°9'0"E 80°22'0"E 81°35'0"E
1 1 1

Bay of
Bengal

9°40'0"N
1
9°40'0'N

§°35'0"N
L
T
§°35'0"N

Uppu Aru

7°300"N
7°300"N

6°25'0"N
1
6°250"N

Esri, HERE, Garmin, (c) OpenStreetMap contributors, and the
GIS user community.

T T T
79°9'0"E 80°22'0"E 81°35'0"E

Figure 2. Sri Lanka and its surrounding environment. Red labels on the map indicate the coastal
districts of Sri Lanka. The purple buffer represents the coastal zone used in this study, extending
10 km seaward and 10 km inland. Basemap source: Esri Map [62]. The black labels on the figure
indicate the locations shown in Figure 1. The green labels on the figure indicate the locations shown
in Scheme 1.



Land 2025, 14, 1820

g "@Mﬁ_

Scheme 1. Mangroves in Sri Lanka. Source: Photographs taken by the first author during the field
survey near Madu Ganga (a—c), Rakawa Lagoon (d,f), and Koggala Lagoon (e) in Sri Lanka (2025).

2. Materials and Methods
2.1. Typology of Mangrove Mapping

This study used state-of-the-art technology (remote sensing) and other supplementary
data to establish a framework for mangrove distribution dynamics and changes in Sri
Lanka. In our study, mangroves are considered generally inundated throughout the tide
cycle and comply with the definitions of the IUCN Global Ecosystem Typology (Typology
code MFT1.2—intertidal forests and shrublands considered mangroves) [63]. Furthermore,
we also considered the definition of Sri Lanka’s coastal zone as outlined in the Coastal
Conservation Act of Sri Lanka [64]. Then, we developed a classification system based on re-
mote sensing data, supplemented by ancillary data, to detect the extent of mangroves at ten
stages from 1987 to 2022, based on the availability of Landsat data (see Sections 2.2 and 2.3).

2.2. Landsat Images

The Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper+
(ETM+), and Landsat 8 and 9 Operational Land Imager (OLI) are the most critical data
sources for detecting long-term and large-scale changes in terrestrial ecosystems [65]. In
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this study, the Landsat Collection 2 atmospherically corrected surface reflectance data was
obtained from the GEE from 1987 to 2022 (4670 images) (Table S2), a cloud and cloud
shadow mask was applied using the CF mask algorithm [66], and a median image com-
posite was used for three-yearly periods (1987-1989, 1993-1995, 1996-1998, 2002-2004,
2005-2007, 2008—2010, 20112013, 2014—2016, 2017—2019, 2020—2022)—totaling ten man-
grove stages. The three years were chosen due to the availability of Landsat data and other
ancillary data to identify visible changes in the mangroves, as well as to minimize the
influence of extreme events. The mangrove layer is named based on the last year of the
three years considered. For example, if 1987, 1988, and 1989 are used, the mangrove layer
is named 1989. This approach is applied to all other stages.

Figure 3 shows the Landsat images used in this study. Landsat 8 provided the highest
number of images (1843), followed by Landsat 5 (1503) and Landsat 7 (1104), while Landsat
9 contributed the least (220 images) due to its recent launch (Table S2). The historical
contributions of Landsat 5 and Landsat 7 play a significant role in the long-term monitoring
of mangroves in this study. The three most frequently used years were 2022 (810 images),
2004 (538 images), and 2009 (494 images), emphasizing the critical years of data availability
for mangrove detection in Sri Lanka. The 141/55, 142/54, 141/54, 142/53, and 140/55 paths
and rows of Landsat made the highest contribution to mangrove mapping in Sri Lanka.

mmm Landsat5 mem Landsat7 ®mm Landsat8 msm Landsat9

[
e
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«
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ear

Figure 3. Number of Landsat images used for this study.

2.3. Mangrove Detection in Sri Lanka

Figure 4 shows the schematic diagram of the study. The methodology encom-
passes mangrove detection, spatial analysis—including loss and gain change detection—
assessment of mangrove occurrence from 1989 to 2022, and evaluation of mangrove struc-
tural and stability patterns. Before delineating the study area, we visually interpreted the
coastal area using other ancillary data and applied a 10 km buffer along the country’s
coastline. Ultimately, the study presents evidence-based recommendations to ensure the
long-term sustainability of mangroves in Sri Lanka.
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Figure 4. The schematic diagram of the study.

2.3.1. Spectral Indices Used in This Study for the Temporal Band Composite

Spectral indices are mathematical combinations of different band wavelengths that
enhance specific image features. Several indices were used for mangrove detection to
emphasize vegetation health, moisture content, and water presence. We used the following
indices to create the temporal band composite for mangrove detection, as they are relevant
to mangrove ecosystems in Sri Lanka [67,68].

Normalized Difference Vegetation Index (NDVI)

NDV1I is one of the most established indices for vegetation monitoring. NDVI values
range from —1 to 1. The higher values indicate dense and healthier vegetation. In the
context of mangroves, their dense canopies generally produce high NDVI values. Therefore,
the NDVI is crucial because it provides a baseline measure of vegetation health, helping to
distinguish between mangroves and non-vegetated areas [69,70].

NIR — Red
DVI= ————— 1
N NIR+Red M
where NIR and Red are the reflectance values of NIR and Red of Landsat 5, 7, 8, and
9, respectively.

Normalized Difference Mangrove Index (NDMI)

The NDMI is a spectral index used to identify mangroves. The NDMI is particularly
sensitive to moisture content in mangroves. Mangroves are often located in waterlogged
areas and intertidal zones. The NDMI can isolate mangroves from other vegetation. The
enhanced sensitivity of the NDMI to moisture conditions makes it a valuable spectral index
for identifying mangroves [71,72].

SWIR — Green

NDMI = S R T Green @)
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where SWIR and Green are the reflectance values of SWIR and green bands of Landsat 5, 7,
8, and 9, respectively.

Modified Normalized Difference Water Index (MNDWI)

The MNDWTI is used to identify water areas, a critical characteristic for mangrove
detection (due to the close relationship between mangroves and aquatic environments).
Mangroves thrive in intertidal zones and near estuaries and lagoons—a strong water signal
(evident from the MNDWI) supports the separation of vegetation (e.g., mangroves) from
water areas. The index is calculated as follows [73,74].

MNDWI — Green — SWIR 1

" Green +SWIR 1 ©)

where Green and SWIR1 are the reflectance values of Green and SWIR1 of Landsat 5, 7, 8,
and 9, respectively.

Simple Ratio (SR)
The simple ratio can distinguish mangroves, emphasizing NIR reflectance and low

red absorption. The simple ratio is ideal for detecting health assessment and monitoring
mangrove changes in the target areas [65].

_ NIR

SR = RED

4)
where NIR and RED are the reflectance values of NIR and RED of Landsat 5, 7, 8, and
9, respectively.

Green Chlorophyll Vegetation Index (GCVI)

The GCVI is crucial for monitoring mangrove health, biomass, and photosynthetic
activity because it can evaluate stress conditions, degradation, and restoration of mangroves.
The GCVlI is sensitive to the chlorophyll content in vegetation and is an effective indicator
of plant health. High GCVI values indicate vigorous photosynthetic activity, suggesting
the mangroves’ good health condition. The GCVI can complement the NDVI. However,
the GCVI provides additional insight into the biochemical properties of vegetation. The
GCVl is calculated as follows [75,76]:

NIR
Green

GCVI = +1 )
where NIR and Green are the reflectance values of NIR and Green wavelengths of Landsat
5,7,8,and 9, respectively.

2.3.2. Elevation Masking

Generally, mangroves are found in low-elevation coastal areas. Therefore, we used
the elevation mask on the band composite using the Shuttle Radar Topography Mission
(SRTM) Digital Elevation Model (DEM) [77]. This analysis used elevation values of less
than 60 m (<60 m). The elevation masking is critical because it removes highland areas
from the band composite [78]. Hence, we modified the mangrove detection criteria by
applying an elevation mask, focusing on low-lying areas, such as coastal areas, lagoons,
and estuaries.

2.3.3. Threshold-Based Masking

Our study utilized threshold-based masks in the created band composite to further
isolate potential mangrove areas. We used NDVI values (NDVI > 0.20) and MNDWI
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values (MNDWI > —0.50) based on previous studies to help eliminate background noise
and non-mangrove and water areas [79,80]. Before applying the threshold values, we
visually interpreted them in the context of mangrove detection in Sri Lanka. We verified
the precision by applying several threshold values and adjusting them (for the NDVI from
0.0 and the MNDWI from —1.0) at each stage. The identified and used values were ideal
for creating a temporal band composite to detect mangroves in Sri Lanka (see Figure 5).

Figure 5. The selected locations of the band composites used in this study and the results after
mangrove detection in 2022 using GEE. (al,a2) band composite of Trincomalee Bay and the result of
mangrove detection; (b1,b2) band composite of Vidaththalthivu and the result of mangrove detection;
(c1,c2) band composite of luppaikadavai and the result of mangrove detection; and (d1,d2) band
composite of Vadamarachchi and the result of mangrove detection.

2.3.4. Classification
Reference Samples

The accurate classification of mangrove versus non-mangrove areas depends on
representative reference samples. In this study, a ‘sample’ refers to a single georeferenced
point that has been labeled as either mangrove or non-mangrove based on reference data.
Using locally distributed samples, we created a sample dataset (for training and validation)
to detect mangroves in Sri Lanka. We used 70% of the samples for testing and 30% for
validation (each class includes 2000 mangrove and 2000 non-mangrove samples, totaling
4000 samples per stage). The reference samples were obtained from topographic maps
and other published maps from the Survey Department of Sri Lanka [52], published
studies [51], Google Earth Pro [81], and visual interpretation of high-resolution satellite
images (Table S3). During the mapping process, we also leveraged our expertise and
understanding of the visual characteristics of mangroves, as well as our knowledge of
the Sri Lankan coastal belt, to compile a reference dataset. Each classified map was cross-
checked using ancillary data and visual interpretation. Misclassified areas were removed
from the initial classified maps by comparing them with related data and knowledge of the
Sri Lankan coastal belt.
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Machine Learning Classification Using the Random Forest Method

The Random Forest (RF) classifier is selected because of its robustness and ability to
handle multi-dimensional datasets [81,82]. The RF classification operates by combining
multiple decision trees for classification tasks. RF can handle large datasets with multiple
input variables, such as spectral bands and remote sensing indices, without overfitting.
Moreover, RF can manage complex, non-linear relationships in land use and land cover,
making it highly suitable for diverse and heterogeneous landscapes [81-83]. In our study,
the number of trees and the number of random samples per node were 500 and 5, respec-
tively. In this study, the RF classifier utilizes variables that include computed indices such
as NDVI, NDMI, MNDWI, SR, and GCVI, as well as additional masks, including elevation,
NDVI, and MNDWI (see Sections 2.3.2 and 2.3.3). Figure 5 shows the selected locations of
the band composites used in this study, along with the results after mangrove detection
in 2022.

2.4. Mangrove Extent and Its Changes

This study estimated the extent of mangroves and their changes over time. The results
were summarized at several spatial scales, including national, provincial, and district levels,
as well as climatic zone levels, to support sustainable management practices and enable
robust monitoring of mangroves in Sri Lanka (Figures 2 and S1). Moreover, we investigated
ten ecologically significant mangrove areas in Sri Lanka to identify changes in these areas
over the study period (1987-2022). In the context of mangrove occurrence in Sri Lanka,
we averaged the generated mangrove layers and categorized them into occurrence levels
ranging from 100% to 10%. The results were discussed in relation to the conservation and
long-term sustainability of mangroves in Sri Lanka.

2.5. Mangrove Structure and Stability Pattern Analysis

Analysis of mangrove structure and stability patterns is crucial for understanding
landscape fragmentation, structural patterns, spatial configuration, and ecological function-
ality in Sri Lanka. Our study used six parameters, such as the Largest Patch Index (LPI),
Perimeter-Area Ratio (PARA), Fractal Dimension Index (FRAC), Landscape Shape Index
(LSI), Effective Mesh Size (MESH), and Number of Patches (NP) (Table S4), to provide a
scientific basis for assessing mangrove fragmentation, connectivity, and habitat quality
changes from 1989 to 2022. These indices are widely used in the ecological field and are
particularly important for evaluating the health, structure, and functions of mangrove
ecosystems [84,85]. In addition, the parameters collectively assist in exploring the impact
of anthropogenic activities (urbanization, aquaculture, and deforestation) and natural
pressures (sea-level rise and coastal erosion) [84,86].

We conducted a district-wise assessment to support government efforts and facili-
tate administrative monitoring of mangrove-related projects. Furthermore, district-level
evaluations enable close tracking of mangrove sites, facilitate the initiation of restoration
projects, and promote easier community engagement. This local approach also helps pro-
mote community-based mangrove management by using the knowledge of local people
who are familiar with the mangrove ecosystems in their own districts. Including this
local knowledge in conservation planning will strengthen mangrove protection efforts in
Sri Lanka.

3. Results
3.1. Mangrove Changes in Sri Lanka

The mangroves in Sri Lanka exhibited significant changes from 1987 to 2022 due
to anthropogenic activities, natural disturbances, and ecological regeneration processes
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(Table 1). The average overall accuracy of the maps was over 96.19% (Table S5). The
results show a sharp decline in mangrove extent from 14,627 ha in 1989 to 8596 ha in 1998
(Figure 6), which can be attributed to the civil war period, urban development, and the
expansion of aquaculture. The Indian Ocean tsunami in 2004 further intensified mangrove
loss (8279 ha by 2004), showing the lowest mangrove year during the study period. The
massive tsunami waves uprooted mangrove trees, altered coastal geomorphology, and
increased soil salinity, thereby affecting the mangrove regeneration process. However, some
post-tsunami conservation practices and natural propagation helped to increase mangroves
in the subsequent years (from 9820 ha in 2007 to 16,615 ha in 2022, increasing 6795 ha).

Table 1. Total area of mangroves in Sri Lanka: National scale.

Year 1989 1995 1998 2004 2007 2010 2013 2016 2019 2022
Area (ha) 14,627 10,749 8596 8279 9820 10,640 11,837 13,755 15490 16,615
3.2. Provincial-Wise Mangrove Distribution in Sri Lanka
Provincial-wise mangrove distribution in Sri Lanka revealed significant spatial and
temporal variations from 1989 to 2022 (Table 2). The Eastern Province showed the highest
extent of mangroves (Table 2). Despite their decline from 1989 to 2004, the Eastern Province
gradually recovered from 2007, reaching 6294 ha in 2022 (Table 2). The Northern Province
has experienced a considerable increase in mangrove coverage since 2004, with a significant
net gain of 1616 ha by 2022, compared to the other provinces (Table 2). The Northwestern
Province exhibited a continuous decline in mangrove extent until 2007, followed by a
modest recovery from 2007 (Table 2). However, the net mangrove change remained negative
from 1989 to 2022. The Southern Province indicates a fluctuating trend in mangroves (initial
declines until 2004; a recovery stage showed an overall gain of 1009 ha by 2022) (Table 2),
indicating enhanced mangrove conservation efforts and natural propagation processes.
The Western Province showed a continuous decline (net loss of 559 ha from 1987 to 2022)
due to the high urban expansion and intensive coastal infrastructure development. The
persistent loss in the Western Province further indicates the significant pressure of human
activities on mangroves.
Table 2. Total area of mangroves in Sri Lanka (ha): Provincial-wise.
Year Eastern Northwestern Northern Southern Western Total
1989 6247.31 2268.2 2941.21 1737.33 1433.42 14,627.47
1995 5044.52 1685.03 1834.03 1204.65 980.73 10,748.96
1998 3622.01 1198.25 1338.68 1664.35 773.12 8596.41
2004 3244.97 1175.81 2016.32 1132.56 709.71 8279.37
2007 3861.75 1175.7 2325.56 1637.01 820.44 9820.46
2010 4585.96 1401.46 2120.09 1629.94 902.47 10,639.92
2013 4437.17 1679.46 3421.07 1561.15 738.01 11,836.86
2016 5347.86 1925.55 3933.97 1744.39 803.21 13,754.98
2019 5790.4 2079.73 4376.06 2381.79 861.95 15,489.93
2022 6293.6 2144.57 4556.73 2745.9 874.43 16,615.23
Average 4847.56 1673.38 2886.37 1743.91 889.75
Change 46.29 —123.63 1615.52 1008.57 —558.99

3.3. District-Wise Mangrove Distribution in Sri Lanka

District-wise mangroves in Sri Lanka reveal substantial spatio-temporal changes from
1989 to 2022 (Table S6). Trincomalee, Puttalam, Ampara, Mannar, and Batticaloa districts
showed the top five districts with the highest mangrove extent, respectively (Table S7).
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The districts with the lowest mangrove coverage were Kalutara, Colombo, and Matara
(Table S7). Hambantota, Jaffna, and Trincomalee were the top three districts with the
highest average mangrove gain (Table S8). At the same time, Gampaha, Ampara, and
Batticaloa were the districts with the highest average loss from 1989 to 2022 in Sri Lanka
(Table S9). The districts with historically larger mangrove extents, such as the Gampaha
and Galle, showed significant declines over the study period. The Gampaha district had
the most considerable mangrove extent (1252 ha in 1989), showing a sharp decline by 2004
and a partial recovery (820 ha in 2022). The Galle district showed considerable interannual
variability (initial reduction in the 1990s and partial regeneration after 2010) (Table S6).
In contrast, smaller mangrove extent districts, such as Colombo and Kalutara, showed a
consistent mangrove loss. For example, the Colombo district dramatically decreased from
109 ha in 1989 to 29 ha in 2022 (an overall decline of 73%) (Table S6). Kalutara district
showed a similar trajectory, with mangroves decreasing from 73 ha in 1987 to 26 ha in 2022
(an overall decline of 64%) (Table S6).

3.4. Mangrove Occurrence in Sri Lanka

Figure 6 shows the occurrence of mangroves in Sri Lanka from 1989 to 2022.
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Figure 6. The occurrence of mangroves in Sri Lanka from 1989 to 2022. The labels in the figure
indicate the most significant mangrove-bearing areas in Sri Lanka.

3.4.1. Mangrove Occurrence in Climatic Zone-Wise

Mangroves in Sri Lanka show distinct variations by climatic zone (Figure S1 and
Table S10). The dry zone has the highest mangrove extent (11,383 ha in 100% occurrence),
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significantly surpassing the wet zone (2285 ha) and intermediate zone (760 ha), respectively
(Table 510). Even at lower occurrence levels (60-90%), the dry zone consistently bears
the largest extent of mangroves along the northeastern, eastern, southeastern, and north-
western coasts (the areas that belong to the dry zone in Sri Lanka)—particularly, Puttalam,
Trincomalee, Vedithaththe, and Batticaloa. The Jaffna Peninsula also plays a vital role in
the mangroves of the dry zone. The wet zone has a limited extent of mangrove (Table S10),
particularly along the Kelani River estuary, Muthurajawela, and Negombo Lagoon. The
intermediate zone has the least mangrove extent across all occurrence levels (Table S10).

3.4.2. Mangrove Occurrence in Eight Selected Areas

The eight locations were selected due to their high ecological significance, extensive
mangrove coverage, unique geographical background, and contribution to coastal stability
in Sri Lanka (Figure 7 and Table S11). Trincomalee, Puttalam, Batticaloa, Vidattativu,
Chilaw Lagoon, Kalametiya, Vadamarachchi, and Muthurajawela Marsh are the most
critical mangrove-bearing areas in Sri Lanka. The above locations vary in mangrove density
due to coastal geomorphology, hydrodynamic conditions, and anthropogenic activities.
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Figure 7. Mangrove occurrence in eight selected areas in Sri Lanka from 1987 to 2022.
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The results showed that Trincomalee Bay has the largest mangrove occurrence area
(1724 ha at 100% occurrence) (Table S11). Batticaloa Lagoon has a considerable mangrove
occurrence (3037 ha at 100% occurrence), Puttalam Lagoon (1365 ha at 100% occurrence),
and Vedithalathive (989 ha, 100% occurrence) (Table S11). Furthermore, Vedithalative
Nature Reserve is a mangrove protected area in Sri Lanka, declared under the Fauna
and Flora Protection Ordinance (Gazette No. 1956/13) due to the significance of marine
and coastal ecosystems under the Department of Wildlife Conservation. Chilaw Lagoon,
Muthurajawela Marsh, and Kalamatiya have a lower mangrove occurrence (Table S11).
Vadamarachchi, located on the Jaffna Peninsula, has relatively higher mangrove coverage.
Therefore, policy plans and governance bodies should consider integrated coastal manage-
ment strategies and site-specific assessments to protect these locations and control future
mangrove degradation.

3.5. Spatio-Temporal Variations in Mangrove Structure and Stability Across the Districts

Mangroves in Sri Lanka are distributed across fourteen districts (Figure 1 and Table S1).
The structural characteristics and stability patterns of mangroves in each district, with a
focus on significant changes, are described below.

3.5.1. Ampara District

Primary fragmentation (decrease in LPI and MESH and an increase in NP) (Figure 8a)
shows deforestation from 1997 to 2004. However, from 2016 to 2022, rapid fragmentation

was evident (NP increased, while LPI and MESH decreased).
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Figure 8. District-wise mangrove structure and stability patterns in Sri Lanka.

3.5.2. Batticaloa District

ing in NP and PARA) (Figure 8b). The results further indicate that Batticaloa’s mangroves
are more severely degraded, with significant fragmentation, loss of core patches, and

Severe fragmentation shows from 2016 to 2022 (decreasing in LPI and MESH, increas-

increased isolation.

3.5.3. Colombo District

in NP, indicating signals of fragmentation and shrinking core mangrove areas from 2007 to
2022 (Figure 8c). Recent years have shown a decline in the spatial integrity of Colombo’s
mangrove, particularly in terms of connectivity (MESH) and dominance (LPI) (Figure 8c).

The Colombo district exhibits a decline in LPI and MESH, accompanied by increases

—_
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3.5.4. Galle District
Moderate stabilization was observed from 2007 to 2022 (Figure 8d).

3.5.5. Gampaha District

Mangroves in the Gampaha districts exhibit high spatial coherence and ecological
resilience, as indicated by fewer patches, a strong LPI, compact shapes, and high MESH
values from 2010 to 2022 (Figure 8e). Despite past fragmentation (the 1990s), Gampaha
exhibits strong recovery, with high dominance, low edge stress, and increased connectivity.

3.5.6. Hambantota District

The increase in connectivity (MESH) and fragmentation (increasing NP) suggests
clustered small patches coexisting with a strong core patch from 2013 to 2022 (Figure 8f).
Overall, the mangroves in the Hambantota district indicate moderately fragmented but
resilient ecosystems, exhibiting both signs of degradation and spatial adaptation by 2022.

3.5.7. Jaffna District

From 2004 to 2016, LPI, MESH, and LSI increased, indicating a clear restoration
stage (Figure 8g). However, increased NP, combined with high MESH retention, suggests
clustered patch growth rather than separated fragmentation from 2019 to 2022 (Figure 8g).
However, the increase in NP is an early indicator of potential fragmentation (Figure 8g),
necessitating continuous monitoring and protective strategies.

3.5.8. Kalutara District

Kalutara district mangrove trends show that LSI, FRAC, and MESH decreased
(Figure 8h), indicating a simplification of shape, a decrease in connectivity, and an in-
creased LPI from 2003 to 2016 (Figure 8h). Although LPI shows a high value, the mangroves
are ecologically fragile, with low MESH and high PARA (Figure 8h), indicating urgent
conservation and restoration strategies.

3.5.9. Kilinochchi District

The mangrove trends in the Kilinochchi district show reduced connectivity and remain
as small, disconnected, and structurally weak patches due to degradation from 1989 to
2016 (Figure 8i). Spatial cohesion also improved (MESH increase) (Figure 8i), showing a
modest but favorable ecological recovery, especially after 2019 (Figure 8i).

3.5.10. Manner District

The mangrove district in Manner shows increased fragmentation but stable core areas
(LPI) and strong connectivity (MESH) from 2010 to 2022 (Figure 8j). Overall, the Mannar
district has a resilient mangrove ecosystem, despite fragmentation, with functional connec-
tivity and structural stability, indicating a stable and well-connected mangrove system.

3.5.11. Matara District

Mangroves in the Matara district exhibit an increased LPI, LSI, and MESH, indicating
a recovery period from 2010 to 2016 (Figure 8k). However, from 2019 to 2022, the number
of new mangrove patches increased while LPI and MESH decreased, suggesting a new
fragmentation trend in the Matara district.

3.5.12. Mullaitivu District

The Mullaitivu district mangrove shows the best ecological structure from 2010 to
2016 (high LPI and MESH, low PARA) (Figure 8I). However, mangrove fragmentation
increased from 2019 to 2022, resulting in a decrease in LP1.
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3.5.13. Puttalam District

Puttalam district mangroves show stable but gradually decreasing connectivity and
patch dominance from 1997 to 2016 (Figure 8m). Notably, extensive fragmentation (NP)
and declining LPI, MESH, and LSI show clear signs of ecosystem degradation from 2019
to 2022 (Figure 8m), indicating that the Puttalam district is one of the most fragmented
mangrove systems in Sri Lanka.

3.5.14. Trincomalee District

Mangroves in the Trincomalee district show LPI > 35% (stable core areas), steadily
increasing MESH (connectivity), and relatively higher fragmentation (Figure 8n), show-
ing Trincomalee’s mangroves are a healthy but vulnerable ecosystem from 2010 to 2022
(Figure 8n), indicating strong ecological performance, with a dominant core patch.

3.6. Comparisons with Global Mangrove Watch (GMW) Data

Our study demonstrates higher accuracy (average overall accuracy = 96.29%) in man-
grove mapping compared to the GMW dataset (87.4%) [39], primarily due to the use of
national-level training and validation data. Conversely, the GMW dataset relies on global-
scale training data. Using national-scale data enhances mapping accuracy by incorporating
region-specific spectral and ecological characteristics. Our mangrove detection methodol-
ogy primarily focuses on coastal mangrove mapping, which may lead to a more precise
delineation of mangroves (see Section 2.2). In contrast, the GMW dataset employs a more
generalized global mangrove detection typology, which may lead to overestimation or
underestimation in certain areas due to the diverse ecological environments of mangroves
worldwide. The GMW dataset consistently shows higher mangrove area values compared
to our study due to differences in classification methodologies and the resolution of input
data (Figure 9).
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Figure 9. Comparisons of Global Mangrove Watch (GMW) data.

4. Discussion
4.1. Ecological Significance of Mangroves in Sri Lanka

Mangroves in Sri Lanka are one of the critical ecosystems, providing valuable ecosys-
tem services such as carbon storage, biodiversity, habitat quality, nutrient cycling, and the
stability of coastal areas. Our study revealed that mangroves are distributed along lagoons,
estuaries, bays, and riverbanks near the coastal zone, covering approximately 16,615 ha
by 2022, representing 0.25% of Sri Lanka’s land area. The most extensive and continuous
mangrove patches are observed in Puttalam, Kalpitiya, the Jaffna Peninsula, Trincomalee,
Batticaloa, Muthurajawela, and Vediththalative coastal regions (Figures 7 and 8). How-
ever, ecologically and biologically diverse small mangrove patches are found in Negombo
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Lagoon, Madu Ganga, Rekawa Lagoon, Kalamatiya, Koggala, and Anivilundawa. The
Colombo, Kalutara, Galle, Matara, Ampara, and Puttalam districts exhibit a fragmented
mangrove distribution, largely due to high levels of anthropogenic activities, including
urban and coastal development. These areas undoubtedly provide valuable ecosystem ser-
vices and carbon sequestration benefits, thereby contributing to Sri Lanka’s environmental
sustainability and global efforts to mitigate climate change.

The geographical context of Sri Lanka influences the distribution pattern of mangroves.
For example, the eastern coastal belt of Sri Lanka is primarily affected by cyclonic activities
from the Bay of Bengal, seasonal flooding and sediment deposition, and limited human
activities, which provide suitable ecological conditions for propagating pristine mangrove
patches. Conversely, the western coast faces the Bay of Arabia and has a more stable
hydrological condition; however, significant urban expansion and coastal development
pressures impact the sustainability of these areas [57]. The Intertropical Convergence Zone
(ITCZ) modulates rainfall and river discharge patterns in Sri Lanka, affecting nutrient
dynamics in estuaries and the lagoon system [87,88]. In Sri Lanka, 103 rivers from the
central and southern highlands transport numerous sediments and organic matter to estu-
aries and lagoon systems (particularly in the dry zone), which is crucial for the mangrove
ecosystem in Sri Lanka. Sri Lanka is home to numerous true mangroves, including critically
endangered species such as Lumnitzera littorea, Ceriops decandra, and Xylocarpus rumphii,
emphasizing the conservation importance of these mangroves [51]. Our study provides the
initial assessment of mangrove occurrence in Sri Lanka, which will undoubtedly provide
primary information to identify distribution patterns and changes, as well as monitor
endangered and other mangrove species.

Our findings contribute to the international context by providing the first national-
scale mangrove extent in Sri Lanka, using remote sensing techniques, which enables
cross-country comparisons with other countries in the tropical regions. The results of
fragmented versus intact mangrove patches provide new empirical findings to global
discussions on the balance between anthropogenic activities and natural climatic drivers
related to mangrove resilience. Our study further provides valuable insights for regional
integration into blue carbon estimation and international conservation strategies.

4.2. Multi-Dimensional Challenges to Mangrove Sustainability in Sri Lanka

Mangroves in Sri Lanka face numerous threats that jeopardize their long-term sustain-
ability due to anthropogenic activities, land-use change, coastal development, deforestation,
and illegal exploitation, as well as climate change, pollution, water quality degradation,
biodiversity loss, weak policy implementation, and governance issues [51]. Among them,
anthropogenic activities have historically been and continue to be a primary influencing
factor of mangrove loss and degradation in Sri Lanka [57]. Deforestation and changes to
mangrove habitats for land use have significantly impacted ecological interactions and
ecosystem functions [89]. Studies have reported that many mangroves have been cleared
for aquaculture development [90]. In Sri Lanka, aquaculture is particularly prominent in the
Northwestern, Southern, and Eastern Provinces—especially around areas such as Batticaloa
in the Eastern Province and Chilaw Lagoon in the Northwestern Province—significantly
affecting mangrove cover [51].

Mangrove transformation for agriculture (paddy cultivation and coconut plantations),
mangrove land reclamation for many large projects, and illegal encroachments [51], as well
as urbanization and infrastructure development (the construction of hotels, settlements,
roads, and ports (air and harbor)) [59], have also contributed significantly to mangrove
loss in many districts in Sri Lanka (Table S6). The results of the national-scale assessment
indicate a continuous increase in mangrove cover, particularly from 2007 to 2022 (Table 1).
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Many districts where human activities are predominant, such as Colombo, Gampaha,
Kalutara, Matara, and Galle, exhibit a rapid loss and degradation of mangroves (Table S6).
Undisturbed and low-activity districts, such as Hambantota, Jaffna, Trincomalee, Mannar,
Kilinochchi, and Mullaitivu, exhibit an increasing trend (Table S6). Therefore, the national-
scale mangrove assessment shows an increasing trend (Table 1). In contrast, district-wise
assessments show significant spatio-temporal variations in gaining and losing (Table S6),
as well as greater variations in structure and stability patterns (Figure 8). Athukorala
et al. (2021) revealed that Muthurajawela Marsh and Negombo Lagoon, located in the
Colombo Metropolitan Region, showed dramatic degradation of mangroves due to urban
development [59]. Socioeconomic factors and unsustainable resource exploitation pose
significant challenges to the conservation of mangroves in Sri Lanka. For example, local
communities living near lagoons and estuaries (where extensive mangrove areas exist)
depend on resources such as fuelwood, timber, and fisheries, indicating sustainable man-
agement of overexploitation and degradation of mangrove habitats [51]. Sea level rise
(a direct impact of global warming) creates a considerable risk to mangrove habitats via
permanent inundation and fluctuation in salinity levels [91].

The spatio-temporal changes in mangroves in Sri Lanka exhibit general global trends,
where localized mangrove loss persists alongside regional gains resulting from restoration
and natural regeneration processes. Similar patterns have been observed in Southeast Asia,
West Africa, and Latin America [39]. Our results further emphasize the urgent need for
integrated, multi-scale monitoring and management strategies. Mangrove assessment in Sri
Lanka provides robust evidence to inform global initiatives, such as the Paris Agreement
and the UN Decade on Ecosystem Restoration, as well as blue carbon strategies that focus
on blue carbon estimation, identifying priority restoration sites, and mangrove conservation
for a cost-effective climate mitigation strategy.

4.3. Integrating Spatial Structure and Conservation Strategies

Numerous studies such as the Mekong Delta in Vietnam [92], the tallest mangrove
forest on Earth (Pongara National Park, Gabon) [46], the largest continuous mangrove
forest in the world (Sundarbans, Bangladesh) [93], mangroves in the southwestern coast of
China [94], Pongok Island [95], the Pearl River Estuary, China [96], the coastal regions of
Hong Kong, China [97], the Arabian Peninsula [90], Bonaire (a small island in the Caribbean
Sea) [49], and mangroves in Indonesia [98], have demonstrated that integrating mangrove
change detection and the spatial distribution and stability patterns significantly enhances
mangrove conservation efforts globally and supports identifying site-specific restoration
priorities. The following recommendations suggest strategies for sustaining Sri Lanka’s
mangroves. We discuss district-wide strategies for enhancing mangrove ecosystems and
their combined ecosystem services (see Figure 8 and Table S6).

—  Ampara and Batticaloa districts require urgent conservation and policy actions, in-
cluding reforestation, zoning restrictions, and community-based conservation.

- Colombo, Gampaha, and Kalutara districts should integrate ecological corridors and
buffer zones into urban planning, incorporate mangrove protection into climate-
resilient city planning, and prioritize the restoration of fragmented patches.

- Galle, Matara, Hambantota, and Mullaitivu districts require restoring connectivity
between patches, with a focus on preserving the remaining core areas and monitoring
coastal development. Buffer zone enforcement and the protection of emerging small
patches are also required.

- Jaffna exhibits remarkable mangrove recovery; however, the rise in NP is an early
signal of potential fragmentation, necessitating continuous monitoring and mangrove
landscape conservation.
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—  Puttalam, Trincomalee, Kilinochchi, and Mannar districts require urgent habitat con-
solidation, the development of restoration corridors, protection from aquaculture
expansion, and the implementation of ecosystem-based management and blue carbon
conservation strategies, the establishment of habitat corridors, and the protection of
emerging clusters.

Furthermore, ensuring the long-term sustainability of mangroves in Sri Lanka re-
quires comprehensive strategies that combine policy enforcement, scientifically based
ecological restoration, community engagement, and pollution control. In this regard, the
National Guidelines for the Restoration of Mangrove Ecosystems in Central Environmental
Authority [99], the Fauna and Flora Protection Ordinance of 1937 under the Wildlife Depart-
ment [100], the World Conservation Union (IUCN), Sri Lanka [101], the National Aquatic
Resources Agency (NARA) [102], the National Science Foundation (NSF) [103], and the
Coast Conservation Department (CCD) [64] all play a unique role in mangrove protection
and conservation in Sri Lanka. They should closely relate to all departments that are impor-
tant for mangroves in Sri Lanka. Moreover, the Urban Development Authority [104] and
the Road Development Authority [105] should closely monitor recent rapid urbanization
and infrastructure development in coastal cities where mangrove forests are located.

In recent years, Sri Lanka has demonstrated a strong national obligation to mangrove
conservation and ecosystem restoration. In 2015, it became the first country to legally pro-
tect all mangroves, establishing the National Expert Committee on Mangrove Conservation
and Sustainable Use [106]. This was followed by the adoption of the National Policy on
Conservation and Sustainable Utilization of Mangrove Ecosystems in 2020 and the devel-
opment of a National Strategic Action Plan and accompanying guidelines in 2022 aimed at
ensuring long-term sustainability. Recognizing these sustained efforts, Sri Lanka’s man-
grove restoration initiative was designated as a World Restoration Flagship and recognized
as one of the most outstanding examples of large-scale and long-term mangrove ecosystem
restoration globally [107]. Integrating the national climate change mitigation plan into
mangrove conservation is crucial for mitigating threats to the mangrove ecosystem.

4.4. Uncertainties and Future Directions

Landsat data is useful for long-term and large-scale mapping (30 m resolution). How-
ever, Landsat data may not be sufficient to identify small or fragmented mangroves or
to distinguish between different mangrove species. Future studies should utilize higher-
resolution imagery (e.g., Sentinel-2 (10 m), WorldView, PlanetScope) for future mangrove
mapping. Landsat data support long-term temporal analysis of mangrove distribution,
while higher-resolution satellite data offer more detailed spatial data in the study areas.
Furthermore, using high-resolution images will improve the accuracy of mangrove detec-
tion and may enable the separation of mangrove species. Future studies should utilize
extensive field data, including species composition, biomass, soil characteristics, and other
relevant parameters, to inform mangrove change detection.

5. Conclusions

This study presents the first national-scale assessment of mangrove dynamics using
remote sensing in Sri Lanka. We developed a mangrove detection approach using Landsat
images in the GEE to analyze mangrove changes in Sri Lanka from 1987 to 2022. Mangrove
gain, loss, occurrence, structure, and stability patterns were analyzed at the national scale,
provincial, district-wise, and climatic zone-wise. The results showed that mangroves in Sri
Lanka have experienced significant spatio-temporal changes. The results indicated that
mangrove extent increased from 1989 to 2022 (13.6%), suggesting a continuous recovery
of mangroves at the national scale. Mangrove structure and stability pattern analysis
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revealed that the districts that perform best ecologically are Jaffna, Trincomalee, and
Gampaha. Moderate to transitional districts include Ampara, Mannar, Matara, Galle,
Mullaitivu, Hambantota, and Kilinochchi. The most degraded districts are Batticaloa,
Puttalam, Colombo, and Kalutara.

The dry zone of the country bears the largest extent of mangrove (11,383 ha). In
contrast, the wet (2285 ha) and intermediate zones (760 ha) have lower coverage. Therefore,
integrating mangrove management into national climate strategies, sustainable land use,
science-based restoration, and community engagement will undoubtedly support the
balance between the ecological and socioeconomic benefits of mangroves in Sri Lanka.
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Abstract

Southwestern China, characterized by highly undulating terrain and mountainous ar-
eas, faces frequent landslide disasters. However, previous studies in this region mostly
neglected the role of extreme rainfall in landslide susceptibility assessment and the socio-
economic risks threatened by landslides. To address these gaps, this study integrated
688 recorded landslides for Tengchong City in the southwest of China and 10 influencing
factors (topography, lithology, climate, vegetation, and human activities), particularly
two extreme precipitation indices of maximum consecutive 5 day precipitation (Rx5day)
and maximum length of wet spell (CWD). These influencing factors were selected after
ensuring variable independence via multicollinearity analysis. Four machine learning
models were then built for landslide susceptibility assessment. The Random Forest model
performed the best with an Area Under Curve (AUC) of 0.88 and identified elevation,
normalized difference vegetation index (NDVI), lithology, and CWD as the four most
important influencing factors. Landslides in Tengchong are concentrated in areas with
low NDVI (<0.57), indicating increased vegetation cover might reduce landslide frequency.
Landslide risk was further quantified via the Analytic Hierarchy Process (AHP) by integrat-
ing multiple socio-economic factors. High-risk zones were pinpointed in central-southern
Tengchong (e.g., Heshun and Tuantian townships) due to their high social exposure and vul-
nerability. Overall, this study highlights extreme rainfall and vegetation as key modifiers of
landslide susceptibility and identifies the regions with high landslide risk, which provides
targeted scientific support for regional early-warning systems and risk management.

Keywords: Random Forest; landslide susceptibility; landslide risk; Analytic Hierarchy
Process; extreme rainfall

1. Introduction

Landslides refer to natural processes in which a mass of rock or soil on an inclined
surface moves downward, either partially or completely, induced by either natural or
human-induced causes [1]. As a common geological disaster, a landslide is sudden and
destructive. It not only directly affects construction, transportation, and the ecological envi-
ronment but also threatens the safety of people’s lives and property, causing far-reaching
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social and economic impacts [2,3]. According to statistical data from the China Natural Re-
sources Bulletin (2024) [4], landslides accounted for 57.98% (3316 out of 5719) of all recorded
geological disasters in China in 2024. Southwestern China, with its complex terrain and
extensive mountain ranges, is a region that has always been at high risk of landslides
and other geological disasters. The Department of Emergency Management of Yunnan
Province (2025) reported that geological hazard events in 2024 impacted an estimated
80,000 individuals, spanning 48 county-level administrative units across 15 prefecture-level
divisions of the province [5]. Therefore, it is crucial to undertake a comprehensive landslide
susceptibility assessment, geohazard risk analysis, and identification of landslide-prone
areas in Yunnan province of southwest China.

Landslide susceptibility is defined as the probability of landslides occurring in an area
under basic geographic conditions. Traditional models, such as the Weights of Evidence
(WOE) method [6-8] and the Coefficient of Determination approach [9,10], have been
widely employed in landslide susceptibility assessments. These models can reveal the
dominant influencing factors of regional landslides. For example, the results obtained
from the WOE method demonstrated that the distribution of landslides in Badong is
predominantly concentrated along both sides of rivers and is influenced by faults [11].
Similarly, the results obtained from the Coefficient of Determination approach demon-
strate that rivers, faults, and rocks are the primary factors of landslides in the Qin-Ba
Mountain region [12]. Although traditional models are straightforward, easy to compre-
hend, and highly interpretable, these assessment techniques are limited by their incapacity
to fully account for all possible influencing factors in the analysis, e.g., vegetation and
extreme rainfall.

In recent years, machine learning has provided a new framework for landslide suscep-
tibility research, leveraging its strong capabilities in data mining and pattern recognition,
as well as providing more accurate predictive results. Among them, the most repre-
sentative models are Random Forest (RF) [13,14], Back Propagation Neural Networks
(BPNNs) [10,15], Support Vector Machines (SVMs) [9,16], Logistic Regression (LR), and
Naive Bayes (NB) [17]. Researchers have conducted a lot of studies to evaluate different
areas using different machine learning models. For example, the multivariate LR method
is employed in northeast Kansas, identifying slope as the most significant predictor of
landslide risk [18]. Two machine learning methods called RF and RF-SVM are developed
to evaluate landslide susceptibility in the Rangit River watershed, and the results indicate
both high regional risk and the superior predictive capability of the hybrid model [19].
The evaluation conducted in the Nandakini River basin compares three machine learning
models, including RE, Deep Learning Neural Network (DLNN), and Artificial Neural Net-
work (ANN), and demonstrates that the DLNN achieves the highest predictive accuracy
in landslide susceptibility assessment [20]. Similarly, the comparative evaluation between
LR and other machine learning approaches reveals that the RF model exhibits the highest
predictive accuracy in the Sihjhong watershed of Taiwan [21]. The consistently better
performance of machine learning models across various regions confirms their technical
superiority in landslide susceptibility assessment.

Landslide risk refers to the impact of landslides on human activities and economic
factors. The Analytic Hierarchy Process (AHP) is a quantitative and multi-criteria method
designed for the hierarchical representation of a decision-making problem. This approach
has been extensively employed in disaster risk assessment. For example, in ground subsi-
dence risk assessment, AHP can quantitatively assign weights to hydrological, geological,
anthropogenic factors and other factors [22]. Similarly, AHP can be used in flood, landslide
and earthquake hazard assessment by assigning a weight value to each selected factor
to provide risk maps for multi-hazard assessment modelling [23-25]. It has previously
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been mathematically validated and used to identify landslide risk in India [26]. As a semi-
quantitative technique, AHP combines qualitative and quantitative methods. Machine
learning training and simulation rely heavily on inventory data. However, landslide risk is
a further assessment by considering socio-economic factors. Therefore, machine learning-
based susceptibility maps serve as a key input in the AHP framework, creating a hybrid
model. This approach weights outputs of machine learning and other layers to ensure
the final risk maps are statistically reliable and informed by socio-economic judgment.
Consequently, the hybrid model and the resulting map are valuable for decision-making.

Rainfall, different from terrain, geology, and other factors, is greatly affected by
climate change. The relationship between rainfall and landslides has always been
a research hotspot. Previous work identified a close relation between rainfall and
landslide [27,28]. It is well accepted that shallow landslides and debris flows are trig-
gered by high-intensity, short rainfalls, and deep-seated landslides occur as a result of less
intense rain over a long time [29-31]. However, previous studies have mostly considered
the annual average precipitation [32-34]. Extreme rainfall is often a key factor in triggering
landslides, especially in areas with existing potential landslides. Heavy rainfall exerts an
influence on the land surface, thereby affecting the movement of land surface materials.
Long-term continuous rainfall leads to severe water infiltration, affecting deep soil layers.
Therefore, the integration of extreme rainfall indices (e.g., rainfall intensity and duration) is
expected to enhance the predictive precision of landslide susceptibility mapping through
capturing rainfall intensity extremes beyond traditional mean-based metrics.

Therefore, this study employed four commonly used machine learning models and
combined them with AHP for landslide susceptibility and risk assessment in Tengchong
city. Compared with previous studies, this study has two major innovations. First, in
the selection of influencing factors, the important influence of extreme rainfall on land-
slide occurrence is fully considered. The extreme rainfall indicators are introduced, and
two representative factors are screened by correlation analysis for inclusion in landslide
susceptibility assessment. It improves the accuracy of landslide prediction under extreme
rainfall conditions. Second, a landslide risk zoning framework is developed through the
integration of AHP and machine learning modeling. The results provide valuable sup-
port to assist local government in developing targeted disaster mitigation measures and
strengthening landslide risk management capabilities.

2. Data and Methods
2.1. Study Area

Tengchong is located in the western Yunnan Province of southwest China, cover-
ing an area of 5845 km? (Figure 1). Situated within the Indian Ocean monsoon climate
zone, Tengchong exhibits a humid subtropical climate characterized by copious annual
precipitation, marked seasonal contrasts between dry and wet phases, and pronounced
altitudinal climatic gradients due to its complex topography, posing significant chal-
lenges for landslides and flood hazard mitigation. It lies between 24°37'-25°51" N and
98°05'-98°46' E, at the southern end of the Hengduan Mountains. Located on the western
side of the Indian-Eurasian plate collision zone and within the Sanjiang fold system, Teng-
chong is tectonically active, rich in geothermal resources, and frequently affected by fault
and magma activity [35]. As a result, earthquakes and geological disasters occur frequently.

29



Land 2025, 14, 1966

26° N

25°N

98° E 99° E 99° E 75.°E 90‘°E 10$°E IZQ°E 13$°E
- T

N vochot Z v
A T@l’lgéhong e &
=~ < <
A2 ¢ 3
i | =3 k=
LY ” A N
! - —OzoZ oy I 0Z
O N ] )
A — ! 7.:./ —
75°E 90°E 105°E 120°E 135°E

100°E 105°E

Xizang i

F
- Landslide oz
4 Q
Elevation (m) Z &
31 ‘ Q 1 &
— 0 10 20 30 40 km
933 L | | ‘I I
98° B 99° E 99° E TGS T

Figure 1. Location of Tengchong city of Yunnan province, southwestern China. The red dots in the
left panel represent the 688 recorded landslides. The blue area with the red star in the right panels
denotes the study area.

2.2. Data and Factors of Assessment

A total of 688 landslide sites, spatially dispersed across the study area, were mapped
and verified by the China Geological Survey. The data for the 688 landslides are mainly
derived from detailed field surveys conducted between 2000 and 2020. The dataset includes
each landslide with information on landslide types, slope structures, and possible causal
factors. In addition, the dataset provides precise latitudes and longitudes for specific
landslide occurrence points to facilitate their easy use in subsequent analyses. This study
incorporates landslide-influencing indicators, including terrain, vegetation indices, rainfall
indices, geology, rivers and roads, as well as population and build-up (Table 1). For
vegetation indices, rainfall data, population density and building data, average values from
2000 to 2020 are used.

Given the inconsistent resolutions of the datasets and Tengchong’s spatial scope, all
datasets were resampled to a uniform 30 m resolution. In detail, distance variables to
target features (e.g., roads, rivers, and buildings) were first calculated at the raster scale
using the Euclidean Distance tool in ArcGIS10.8. For this computation, vector-to-raster
conversion was performed in two key steps: first, original vector features (e.g., linear road
features) were converted to a binary source raster via the Feature to Raster tool—pixels
containing the target features were assigned a value of 1, while all other pixels were set
to NoData. Following this, the source raster was used as input for the Euclidean Distance
tool to generate a final continuous distance raster. For each pixel in this raster, the value
represents the shortest straight-line (Euclidean) distance from the pixel’s center to the
nearest target feature. Additionally, the rainfall raster dataset was resampled to a higher
spatial resolution using the nearest neighbor method. We assumed that the average climate
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state over 20 years within a 4 km grid cell is consistent. The total number of raster cells in
the study area is approximately 6.32 x 10°.

Table 1. List of datasets with their resolutions and data sources.

Datasets Resolution/Scale Data Sources Variables
Geospatial Data Cloud Platform Elevation, slope, and
DEM 30 m (http:/ /www.gscloud.cn (accessed on curvature are calculated from
1 October 2024)) DEM

Surface reflection data from the Landsat 8
provided by the United States Geological

NDVI 30m Survey (https://www.usgs.gov (accessed Vegetation indices
on 1 October 2024))
China Daily Meteorological Dataset [36] . .1
Rainfall 4 km (https:/ /zenodo.org/records /10963932 Ral?fall lgd.llces gr(; Cﬁﬂ;umted
(accessed on 1 October 2024)) rom daily rainfall data
Geoscientific Data and Discovery Faults and stratigraphic
Geological map 1:1,000,000 Publishing System (https:/ /www.ngac.cn lithologies are extracted from
(accessed on 1 October 2024)) geological map data
National Catalogue Service for Geographic Di .
. . istances from the river and
River and road 1:1,000,000 Information (www.webmap.cn (accessed on road are calculated
1 October 2024))
Population density and Global Human Settlement Layer
build-up 30 m (https:/ /human-settlement.emergency. Assessing landslide risk

copernicus.eu (accessed on 1 October 2024))

Topographic factors include elevation, slope, and curvature. Elevation affects rainfall,
vegetation, and biological activities, and consequently can cause landslides to spread in a
certain range of elevations [37]. Slope also has a direct effect on landslide development [9].
The number of landslides occurring increases as the slope increases and then decreases
after a certain peak [12]. Curvature is an expression of the degree of change in slope
distortion [38]. Positive values indicate convex slopes, while negative values indicate
concave slopes, and curvature closer to 0 suggests a gentler slope.

The land surface factors affecting landslide susceptibility are normalized difference
vegetation index (NDVI) and distance from rivers. Higher NDVI values indicate healthier
and denser vegetation [39]. Research shows adding NDVI to the landslide susceptibility
mapping model is better than the model without NDVI [40]. The river system exhibits
varying degrees of scouring and infiltration on both sides of the river, resulting in the
formation of steep bank slopes, which induces landslides.

Rock and soil bodies, as well as faults, are the geologic basis for the occurrence of
landslides. Different rock types have different weathering resistance, which affects the
degree of development of landslides. Faults reflect the physical properties of the geologic
body, affecting the stability of slopes. In fault fracture zones, the slope is prone to sliding to
a certain extent. When rainfall occurs, water infiltration softens the soil in the sliding zone
and influences saturation of the sliding mass. This leads to an increase in the downward
sliding force of the slope mass, resulting in a landslide [41].

The main human activity factor considered in this study is the distance from roads.
Excavation and unloading at the foot of slopes and accumulation at the top of slopes are
the main causes of landslides induced by engineering activities. Geotechnical excavation
and unloading will concentrate the stress on slopes. This leads to deterioration of slope
stability conditions, thus causing landslides [42].

Atmospheric precipitation-induced elevation of pore water pressure reduces the effec-
tive stress within the soil matrix, which in turn decreases the shear resistance of potential
sliding zones. This hydrological process softens the rock-soil mass through water infiltra-
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tion, leading to a decline in mechanical properties and subsequent acceleration of slope
failure mechanisms [43]. The expert team on Climate Change Detection and Indices (ETC-
CDI) and its predecessor have developed and calculated a suite of extreme indices about
rainfall, which could measure the intensity and time of rainfall. Therefore, we adopt the

ten extreme rainfall indicators proposed by ETCCDI, as shown in Table 2.

Table 2. Definition of extreme precipitation indices.

Indicators ~ Name Definition Unit

CDD Maximum length of dry spell Arm.ua}l maximum number of consecutive days with daily day
precipitation <1 mm

CWD Maximum length of wet spell Arm'ual maximum number of consecutive days with daily day
precipitation of at least 1 mm

Rxlday Maximum 1 day precipitation Annual maximum daily precipitation mm

Rx5day Maximum consecutive 5 day precipitation Annual maximum continuous precipitation for 5 days mm

R95p Annual total PRCP when daily precipitation > 95 p Annual. accumglated precipitation greater than the 95th m
percentile of daily precipitation

R99p Annual total PRCP when daily precipitation > 99 p Annual. accumglated precipitation greater than the 99th mm
percentile of daily precipitation

R10mm Annual count of days when PRCPTOT > 10 mm Total number of days with annual precipitation > 10 mm day

R20mm Annual count of days when PRCPTOT > 20 mm Total number of days with annual precipitation > 20 mm day

PRCPTOT  Annual total precipitation in wet days ggn(;l;; accumulated precipitation greater than 1 mm mm

SDII Simple precipitation intensity index The ratio of the total amount of precipitation of 1 mm or mm/day

more to the number of days

2.3. Machine-Learning-Based Landslide Susceptibility Assessment

The overall methodological framework (Figure 2) of this study consists of the follow-
ing key steps: (1) data processing involving preparation of landslide and socio-economic
factor layers; (2) random sample selection for model training and validation. This set con-
sists of 600 samples, comprising 300 landslide and 300 non-landslide samples; (3) five-fold
cross-validation is performed to evaluate more than 10 machine learning methods. The
four best machine learning methods (RE, QDA, LR, and KNB) are used to produce landslide
susceptibility maps. The best-performing model is selected for further analysis; (4) utiliza-
tion of the Analytic Hierarchy Process (AHP) to determine factor weights. A consistency
check is performed (CR < 0.1). Should the result fail the check, the judgment matrix is
reconstructed until consistency is achieved; (5) integration of the optimal susceptibility
map and additional factor layers via weighted overlay analysis based on AHP-derived
weights; (6) generation of a final landslide risk map.

Four machine learning techniques for classification are employed to construct landslide
susceptibility models. First, RF is an ensemble learning method that builds multiple
decorrelated decision trees through bootstrap aggregation (bagging) with random feature
selection. Each base learner trains on independently bootstrapped data samples using a
randomly chosen subset of features, with final predictions determined by majority voting
across the ensemble [44]. Second, Quadratic Discriminant Analysis (QDA) is a probabilistic
classification method. It models each class using multivariate Gaussian distributions
with class-specific parameters. By estimating distinct covariance matrices for each class,
QDA generates quadratic decision boundaries that effectively handle heterogeneous class
distributions. Classification is performed by comparing posterior probabilities computed
through discriminant functions derived from these class-conditional density estimates [45].
Third, Logistic Regression (LR) is a statistical method for binary classification. It models
the probability of class membership using a logistic function. It estimates coefficients
from training data to predict binary outcomes (0 or 1) based on a decision threshold [46].
Fourth, Kernel Naive Bayes (KNB) extends conventional Naive Bayes (NB) classifiers
by replacing parametric distribution assumptions with kernel density estimation. This
nonparametric approach enables improved modeling of continuous features with nonlinear
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distributions [47]. KNB preserves classification efficiency through posterior probability
maximization while demonstrating superior capability in modeling complex data patterns
compared to standard approaches.

| Data processing |

Landslide factor layers Socio-economic factor layers

| AHP |
Calculate weight and Consistency
check
The best i @
= - prediction | Yes No
Omput Bk Susceptlbﬂlt}" ek i Get f‘i;al Re:):lsuuct
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Figure 2. Framework diagram for assessing landslide susceptibility and risk.

2.4. AHP-Based Landslide Risk Assessment

The AHP is a decision-making tool that assists in solving complex problems by divid-
ing them into simpler criteria, which can derive ratio scales from discrete and continuous
pairwise comparisons [48]. AHP can effectively construct measurement systems in in-
stances where physical or statistical measures are unavailable. This method works by
quantifying subjective evaluations into relative weights for each element based on their
importance [49]. Numerous studies worldwide use this approach to rank the elements
depending on their importance [50-53]. AHP involves the following key steps [54]:

Step 1. Clarify the decision-making process and establish objectives.

Step 2. Creation of hierarchies and construction of relative importance matrices. The
relative importance is usually measured on a scale of 1 to 9, where 1 indicates equal
importance and higher values indicate greater importance [55].

Step 3. Determine the criterion weights. When determining the eigenvector, first, each
element of the obtained matrix is divided by the sum of its column. Then, the arithmetic
mean of each row of the calculated new matrix is taken to determine the criterion weights.

Step 4. Calculate consistency. The reliability assessment involves calculating the prin-
cipal eigenvalue to derive the consistency index (CI, Equation (1)), followed by computing
the consistency ratio (CR, Equation (2)) using the randomness index (RI). If the obtained
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consistency ratio does not exceed the value of 0.1, it is interpreted that the criterion weights
are reliable, and the decision matrix is formed.
Amax —

Ch==""——(n=1~9) )

where Apax is the maximum eigenvalue and n is the order of the matrix.

CI
CR= <01 2
RD < @)
where Cl is the consistency index and RI is the random consistency index. The CI value
is calculated using Equation (1). Rl varies according to the matrix order n consequently

(Table 3), referring to Saaty [56].

Table 3. Random consistency index (RI).

n 1 2 3 4 5 6 7 8 9 10
RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49
3. Results

3.1. Correlation Analyses of Multiple Factors

The subtropical monsoon climate in Tengchong exhibits a weakly defined seasonal
cycle, with clear delineation between dry and wet periods. The rainy season extends from
May to October, while the remaining months constitute the dry season. The region receives
substantial precipitation, which classifies it among the southern high-rainfall zones of China.
The average annual rainfall in Tengchong exceeds 1000 mm, and the city is relatively humid
overall—with the western region being more humid than the eastern region (Figure 3i). The
maximum consecutive dry days (CDDs) can persist for up to one month (Figure 3a), likely
influenced by the monsoon climate, while the maximum consecutive wet days (CWDs)
are shorter, with approximately 20 days (Figure 3b). Notably, extreme values of maximum
1 day precipitation (Rxlday) and maximum consecutive 5 day precipitation (Rx5day)
occur in the northeast region, indicating the higher possibility of extreme rainfall events
in these areas (Figure 3f—j). Theoretically, both short-duration, high-intensity rainfall and
long-duration, low-intensity rainfall events can trigger landslides [57]. This suggests that
CWDs, which reflects long-term wetting trends, and Rx5day, which represents short-term
heavy rainfall, should be considered as landslide-predicting variables. Additionally, these
two indices show a low correlation coefficient of —0.24 and a variance inflation factor
(VIF) less than 3, making them suitable as independent factors for landslide susceptibility
assessment (Figure 4a).

Correlation analyses of all factors were performed after selecting the two extreme
rainfall indicators, CWDs and Rx5day (Figure 4a). Human engineering activities exhibit
substantial altitude dependence, leading to a characteristically high correlation coefficient
between human engineering activities and altitude (Figure 4b). Nevertheless, we cannot
ignore the impact of human engineering activities on landslides based solely on the correla-
tion coefficient. Notably, all correlation coefficients satisfy the medium multicollinearity
threshold (Ir| <0.5) [58,59], and their VIF values are all less than 2, confirming the variables’
statistical independence as predictive features for machine learning model development.
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Figure 3. Spatial distribution of extreme rainfall indicators averaged from 2000 to 2020 for Tengchong.

These rainfall indicators are derived from further calculations of daily rainfall. Subfigure labels (a—j)

indicate the 10 extreme rainfall indicator metrics as defined in Table 2.
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Figure 4. Correlation analyses and variance inflation factor (VIF) between the ten extreme rainfall

indicators (a) and the ten landslide predictors (b). Correlation coefficient values range from —1to 1,
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with larger absolute values indicating higher correlation. Positive correlation coefficient values
indicate a positive correlation between two factors, and negative values indicate a negative correlation.
The magnitude of the correlation can be represented by r. A larger absolute value of r indicates
a stronger positive or negative correlation. VIF is a measure of the severity of multicollinearity
in multiple linear regression models. It is indicative of the ratio of the variance of the estimated
regression coefficient to the variance when assuming nonlinear correlation between the independent
variables. A value of VIF greater than one indicates the presence of multicollinearity, and a value
closer to one suggests a lesser degree of multicollinearity. In instances of severe multicollinearity,
it is imperative that appropriate methods are implemented to address the issue. The 10 landslide
predictors are used for training a machine-learning-based landslide susceptibility model.

The spatial distribution of landslide disasters in Tengchong demonstrates distinct
regional clustering, with pronounced concentrations in the eastern and southern sectors.
Notably, a high-density cluster emerges along the 25° N latitudinal zone in the eastern
region. Visually, landslide disasters are clearly concentrated in areas near rivers and roads,
with weak spatial correlations with other environmental factors (Figure 5). Statistical analy-
sis was conducted to investigate the correlations between landslides and the susceptibility
factors. It should be noted that slope, curvature, NDVI, CWDs, and Rx5day do not have
explicit integer threshold breakpoints. Therefore, the use of quintile processing by the
number of effective grids was considered. Recorded landslides are mainly concentrated in
the range of 1500 m to 1800 m above sea level (Figure 6a) and in areas with gentle slopes
(Figure 6b), likely due to generally gentle topography in the region. They also tend to occur
where curvature is near zero, with a higher likelihood on convex (positive curvature) slopes
(Figure 6c). Landslides are concentrated near roads and rivers, while the influence of fault
distance is less pronounced (Figure 6d—f). It suggests a more important role of hydrological
condition and human activities on landslides. In addition, landslides are concentrated in
the area with Quaternary alluvial deposits and Neogene sandstones. Tengchong has a
high vegetation cover, while the landslides are concentrated in the middle and low NDVI
areas (Figure 6h). In particular, both the number and relative density of landslides decrease
as NDVI increases. Lastly, landslides are more likely to occur during extreme rainfall
when the CWDs are longer than 15.5 days and the Rx5day ranges from 91 mm to 102 mm
(Figure 6i,j).

3.2. Assessment of Landslide Susceptibility

Four machine-learning models were trained to assess landslide susceptibility for Teng-
chong with recorded landslides and ten predictors. The receiver operating characteristic
(ROC) curve is a graphical representation of the diagnostic ability of a binary classifier
system as its discrimination threshold is varied, plotting the true positive rate (IPR) against
the false positive rate (FPR). The area under the ROC curve (AUC) quantifies the model’s
discriminative power across all possible classification thresholds, with values ranging
from 0.5 (random guessing) to 1.0 (perfect discrimination). For the four models, RF, LR,
QDA, and KNB, the AUC values are 0.877, 0.813, 0.807, and 0.819, with the RF model
demonstrating superior performance (Figure 7a). Confusion matrix calculations for the
four models indicate that the Random Forest model exhibits the highest number of correctly
predicted grid cells for both landslide and non-landslide categories (Table 4). This model is
the most effective. The RF model further ranks the importance of each factor and shows
that elevation and NDVI have the greatest influence on landslide occurrence, followed
by lithology and the extreme rainfall indicator CWDs (Figure 7b). This indicates that
landslides are not only strongly correlated with terrain and geological background but also
closely linked to vegetation and climatic conditions.
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Figure 5. The spatial distribution of influencing factors and the recorded landslides.
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Figure 6. Number and relative density of landslides in each predictor bin. The bar graph indicates
the number of landslides in each classification, and the line graph denotes the relative density. The
relative density is defined as the ratio of the landslide point proportion in a classification to the area
proportion of that classification within the study region. A relative density greater than one, denoted
by the dotted lines in the figures, indicates that landslides are concentrated in that classification.
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Figure 7. The ROC curves of four models and the importance score of the ten predictors from
the RF model. (a) ROC curves of all models. The AUC (Area Under the Curve) value reflects
model performance, with higher values indicating better predictive accuracy. The ROC curve
shows the trade-off between the rate of correctly predicted landslides (Sensitivity) and the rate of
falsely predicting landslides where none occurred (1-Specificity). (b) The importance score assigned
by the Random Forest (RF) model represents the relative contribution of each factor to landslide
susceptibility assessment. A higher value indicates a greater influence of the corresponding factor on
landslide occurrence.

Table 4. Confusion matrix of the four models. 0 indicates non-landslide points, 1 indicates landslide
points, 0-0 indicates correct prediction of non-landslide points, 0-1 indicates incorrect prediction of
non-landslide points, 1-0 indicates incorrect prediction of landslide points, and 1-1 indicates correct
prediction of landslide points.

RF 0 1
0 4,589,321 1,725,534
1 93 595
QDA 0 1
0 4,227,111 2,087,744
1 117 571
LR 0 1
0 4,546,675 1,768,180
1 168 520
KNB 0 1
0 4,212,191 2,102,664
1 98 590

The landslide susceptibility maps obtained from the four models are classified into
five categories using Natural Breaks Classification, and the area of each susceptibility zone
is determined (Figure 8). The RF model has a smaller percentage of very high susceptibility
zones, indicating a higher accuracy in identified high-susceptibility areas. For regions with
NDVI higher than 0.57, the areas with high or very high landslide susceptibility account
for 62%. Most regions close to rivers or roads (<500 m) are also threatened by high or very
high susceptibility.

39



Land 2025, 14, 1966

25°30'N

25°N

25°30N

25°N

98°E 98°30'E 98°E 98°30'E
(b)
2 e £
2 i
Q& &
£z z
10 20km
|
98°E 98°30'E 98°F 98°30'E
98°E 98°30'E 98°E 98°30'E
(c) (d)
Z E iz
(e S =) (=)
o8 o
e %
e .
i
.)3;
g Zz Z | Z
v v
?‘ 28’ 4Q

0510 20km
=8 ]

=t I}

98°F 98°30'E

98°F 98°30'E

Figure 8. Landslide susceptibility maps generated by: (a) RF; (b) QDA; (c¢) LR; and (d) KNB.
Classification thresholds were determined using the natural breaks method. The core of the natural

breakpoint method involves grouping data. This is completed in order to minimize differences

within and maximize differences between groups. The horizontal axis indicates susceptibility levels:

1 (very low), 2 (low), 3 (medium), 4 (high), and 5 (very high). The larger the value, the greater the
susceptibility. The bar chart shows the total area of the partition. The smaller the high-risk area, the
more advantageous the model is at identifying it.
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The lithology statistics reveal that the Quaternary stratigraphy in Tengchong has a
wide distribution and is the primary zone for high or very high landslide susceptibility.
The high susceptibility area accounts for 51.3% of the total area in the region. In addition,
although the Neogene stratigraphy covers a small area, the distribution of landslide suscep-
tibility shows a clear centralization trend, with high and very high susceptibility occupying
74.9% of the area (Table 5). Collectively, we identified that areas with high landslide sus-
ceptibility are primarily associated with zones of low vegetation cover, alluvial deposits, or
Neogene sandstone and are also in close proximity to rivers or roads.

Table 5. Statistics of landslide susceptibility for different ranges of NDVI, river distance, road distance,

and lithology.
2 Very Low Low Moderate High Very High
Factors Range Land Area/km Susceptibility ~ Susceptibility  Susceptibility  Susceptibility  Susceptibility
NDVI >0.57 45218 52.6% 18.0% 13.2% 104% 5.8%
<057 1162.2 0.3% 11.4% 25.8% 36.3% 26.2%
Distance from >500 m 4908.1 45.8% 16.9% 13.7% 14.0% 9.5%
rivers <500m 775.9 17.3% 15.0% 28.8% 26.0% 12.9%
Distance from >500 m 4668.7 48.1% 17.4% 13.8% 12.8% 7.9%
roads <500m 1015.3 13.2% 13.0% 25.0% 29.0% 19.7%
Quaternary: alluvial 1205.6 6.9% 15.2% 26.7% 31.2% 20.1%
Litholo; deposits
8y Neogene: sandstone 265.7 0.5% 7.0% 17.6% 37.5% 37.4%
Others 2127 69.5% 13.7% 9.2% 4.8% 2.8%
3.3. Assessment of Landslide Risk
By integrating Tengchong’s landslide susceptibility with socio-economic factors (e.g.,
distance to buildings, population density, distance to roads) along with the judgment matrix
in Table 6, we computed the CR to be 0.019. Since this value is less than 0.1, it indicates
that the landslide risk distribution map for Tengchong is successfully derived based on the
calculated weights after feasibility testing. The population density is highly consistent with
the construction area (Figure 9a,b). The weights for each layer obtained from the relative
importance matrix and the AHP are listed in Table 6. With the weights obtained from
Table 6, the landslide susceptibility, population density, distance to roads, and distance to
buildings layers were multiplied by their corresponding weights, thereby producing the
landslide risk layer.
Table 6. Relative importance matrix and weight of AHP for landslide risk assessment.
Distance from the Roads  Distance from Buildings = Population Density = Landslide Susceptibility = Weight
Distance from the roads 1 1/2 1/4 1/5 0.08
Distance from buildings 2 1 1/3 1/4 0.14
Population density 4 3 1 1/2 0.23
Landslide susceptibility 5 4 2 1 0.55

The spatial distribution of landslide risk shows a negative correlation with area size,
such that higher risk levels concentrate in progressively smaller zones (Figure 9c). Area,
population, landslide count and density, and simulated landslide susceptibility and risk are
averaged for every township (Table 7). The results indicate that the mean values of landslide
susceptibility and risk are highest in Heshun, Tuantian, Wuhe, and Qingshui townships,
whereas Hougiao, Mingguang, Zhonghe, and Mazhan townships exhibit relatively lower
susceptibility and risk. Our simulation is in line with the number of recorded landslides
per unit area. In detail, ~0.32 landslide per km? is observed for the four cities with the
highest susceptibility, while ~0.04 landslide per km? is observed for the four cities with
the lowest susceptibility. The Heshun township has a very high population density and
landslide susceptibility, which collectively make it have the highest risk. Therefore, it is
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concluded that Heshun and Tuantian townships face a more severe threat from landslides,
necessitating the enhancement of landslide early-warning mechanisms in these areas.
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Figure 9. Distribution of population density and building areas resulted in landslide risk. (a) Building
distribution shows the built-up and the non-built-up areas. (b) the logarithm of the population density.
(c) Landslide risk based on RF and AHP assessment. Landslide risk classification methodology is
consistent with landslide susceptibility classification methodology. The horizontal axis indicates risk
levels: 1 (very low), 2 (low), 3 (medium), 4 (high), and 5 (very high). The larger the value, the greater
the risk.
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Table 7. Area, population density, landslide count and density, and simulated landslide susceptibility
and risk for every township.

Townships Land Area (km?) Population Density Landslides and Mean Landslide Mean Landslide
(Count/km?) Density (Count/km?) Susceptibility Risk
Heshun 17.88 2656 3(0.17) 0.66 0.58
Tuantian 100.88 2005 27 (0.27) 0.62 0.55
Wuhe 166.39 1988 90 (0.54) 0.57 0.50
Qingshui 94.99 1217 28 (0.29) 0.56 0.51
Mangbang 298.23 1061 100 (0.34) 0.51 0.47
Puchuan 167.94 1262 61 (0.36) 0.48 0.47
Tengyue 268.34 4525 30 (0.11) 047 0.46
Hehua 129.80 1790 31(0.24) 0.46 0.45
Qushi 371.79 915 51 (0.14) 0.44 0.42
Xinhua 117.11 1295 33 (0.28) 0.41 0.43
Beihai 178.91 807 22 (0.12) 0.40 0.41
Jietou 817.77 880 92 (0.11) 0.31 0.33
Diantan 398.58 566 23 (0.06) 0.29 0.32
Gudong 239.15 1979 15 (0.06) 0.28 0.32
Mazhan 164.83 1020 8 (0.05) 0.27 0.31
Zhonghe 394.72 930 15 (0.04) 0.24 0.32
Mingguang 705.54 536 18 (0.03) 0.19 0.27
Hougiao 1072.08 245 41 (0.04) 0.15 0.24

4. Discussion

Geospatial analysis using machine learning models (e.g., Random Forest) demon-
strates that the relative importance of key drivers (slope angle, curvature, land cover)
exhibits spatially differentiated patterns across study regions, as revealed by permuta-
tion feature importance metrics [11,12,18,60]. For Tengchong, elevation, NDV], lithology,
and CWDs are the most critical factors for landslide assessment (Figure 7a). It is evident
that these factors, which represent topographic, land surface, lithological, and climatic
dimensions, respectively, underscore the multifaceted nature of landslide susceptibility.
This highlights that such geological hazards are governed by complex interactions among
diverse environmental variables.

Topography is usually the primary factor controlling landslides. Landslide occurrence
declines with increasing altitude as colluvial deposits become thinner in mountainous
areas [61-63]. Our results support this idea that landslides are concentrated in lowland
regions of Tengchong with elevation less than 1800 m (Figure 6a). Theoretically, slope
is also among the most critical factors, with a strong correlation existing between slope
angle and landslide susceptibility [18]. However, this characteristic seems less pronounced
in Tengchong, where landslides are more concentrated in low-slope areas (Figure 6b).
Moreover, in the RF model, the slope factor demonstrates less prominence in susceptibility
assessments, ranking last among all evaluated factors. The generally low slope gradient
(<25°) in Tengchong might lead to this weaker impact on landslides.

Areas with denser vegetation are usually less susceptible to landslides and vice
versa [64]. This aligns with our findings in this study that landslides in Tengchong are
more concentrated in vegetation sparse areas with NDVI values below 0.57 (Figure 5h). As
vegetation cover increases, the relative density of landslides decreases. Vegetation has a
unique soil-stabilizing effect. Therefore, when vegetation is sparse, looser soils can provide
essential land surface material conditions for landslides. Vegetation in southwestern China
has been increasing due to the CO, fertilization effect and land-use management [65].
As such, we expect that vegetation restoration may reduce landslide risk to some extent
in Tengchong.

Human activities in this assessment are mainly reflected in the distance from roads.
Landslides in Tengchong are relatively concentrated within 500 m of roads (Figure 6f;
Table 5). On the one hand, owing to Tengchong’s average elevation at approximately
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2 km and its rugged hilly-mountainous terrain, the accumulation of rock and soil materials
during road construction, coupled with excavation activities, compromises the stability of
the original rock or soil mass. This process is also seen in the Loess Plateau [42]. On the
other hand, during the operational phase, dynamic loads and vibrations exerted by road
traffic further induce stress on the surrounding geotechnical medium.

Landslides in Tengchong are concentrated in areas where the rock strata consist of
Neogene sandstone and Quaternary alluvial deposits. Whether it is sandstone or alluvial
deposits, the mechanism for landslide occurrence in these regions mainly lies in the insta-
bility of the rock-soil structure and high permeability [7]. These characteristics make the
areas with sandstone and alluvial deposits highly susceptible to disturbance and prone
to landslides. The distance from faults is not significantly correlated with landslides in
Tengchong. First, we infer most of the landslides in Tengchong may not have been trig-
gered by fault activity, or that the existing faults have not shown significant movement
in recent years. Second, the fault structure data are not detailed enough, or other vari-
ables reflecting tectonic activity should be proposed. Third, the current landslide survey
may exhibit spatial sampling bias in that more landslides threatening human populations
have been documented, whereas those in remote mountainous regions have been over-
looked. It may partially explain why recorded landslides are closer to roads/rivers than to
faults (Figure 6e).

Globally, regional studies are necessary because landslides are sensitive to different
factors in different regions. In southern Colombia, where the climate is similar to that of
Tengchong, researchers used RF to evaluate landslide susceptibility. They found that eleva-
tion and soil silt content had the most significant impact, consistent with our results [66].
In this study, we found that landslides are concentrated in low-elevation areas, whereas
in Sikkim Himalaya, India, at the same latitude, landslides are more likely to occur in
high-elevation regions [67]. This may be because, in India, the monsoon winds encounter
the Himalayas and are forced upwards by the terrain, generating significant rainfall and
triggering landslides. In another region of Yunnan, researchers found that among their
12 evaluation factors, slope has the highest importance, making it the most significant
controlling factor for landslides in Yulong County [68]. Their result is different from that of
our study; highly undulating terrain (more than 4000 m) may be the reason, according to
the elevation map they showed. These comparisons reveal that although certain controlling
factors (e.g., elevation) are universally important, the landslide-environment relationship
is highly region-specific. This relationship is primarily shaped by unique local geological
and climatic conditions.

There are some uncertainties and implications that should be noted for future studies.
First, the current landslide survey may be subject to spatial sampling bias. The dataset
primarily documents landslides that pose a threat to human populations, which may lead
to the omission of events in remote mountainous regions. This oversight may explain why
distance from faults—a key geological factor—exhibits a weak correlation with landslide
locations (Figure 6e), especially given Tengchong’s high frequency of geological activity.
Additionally, the observed tendency of landslides to occur in low-slope areas (Figure 6b) is
likely attributed to this same sampling bias. Second, as the study area is relatively small,
variables may have spatial autocorrelation. It may therefore inflate accuracy metrics because
nearby pixels share similar environmental conditions. For the extreme rainfall indicator,
although the results showed their importance in landslide susceptibility assessment, their
minimal variation may affect the accuracy of their impact. Third, future research could
integrate field survey data with InNSAR data to achieve more precise landslide identification,
thereby addressing the temporal constraints of remote sensing data and the spatial coverage
limitations of field surveys. Finally, the occurrence of landslides is influenced by a variety

44



Land 2025, 14, 1966

References

1. Das, I; Stein, A.; Kerle, N.; Dadhwal, V.K. Landslide susceptibility mapping along road corridors in the Indian Himalayas using

of factors that interact with each other in a complex way. Machine learning techniques
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5. Conclusions

This study presents a comprehensive assessment of landslide susceptibility and risk
in Tengchong of southwest China by integrating multi-source influencing factors and
using four machine learning algorithms and the AHP. The RF model demonstrates the
highest predictive reliability (AUC = 0.88), enabling the identification of highly susceptible
zones. Notably, the analysis identifies elevation as the primary controlling factor, followed
by NDVI, lithology, and CWDs, underscoring the critical roles of vegetation cover and
precipitation patterns in modulating landslide susceptibility. Empirical results show that
landslides predominantly occur in areas with low NDVI values (<0.57), suggesting that
enhanced vegetation coverage may mitigate landslide hazards. Spatial distribution analysis
reveals that high-susceptibility zones are concentrated within 500 m of river networks
and road infrastructures, as well as in regions underlain by alluvial deposits or Neogene
sandstone formations. The integrated risk map, developed by fusing machine learning
predictions with AHP-based socio-economic analysis, pinpoints Heshun and Tuantian
townships as high-risk hotspots. These findings provide a scientific basis for hierarchi-
cal disaster management and emergency resource optimization in Tengchong and also
offer a typical case for the risk assessment framework in global mountainous areas prone
to landslides.
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Abstract

Cultural heritage systems play a crucial role in decoding human-environment interactions
and social evolution. This study aims to reveal the spatial coupling characteristics of tangi-
ble and intangible cultural heritage in China, as well as the heterogeneity of their driving
mechanisms. After quantifying heritage coupling at three geographic scales, we integrated
a hierarchical Bayesian model with a hybrid causal inference framework to identify the
correlations, causal effects, and heterogeneity of the driving factors. The empirical results
indicate the following: (1) The coupling patterns exhibit scale dependence. The proportion
of strongly coupled areas decreases from the prefecture-level scale to the provincial scale
but increases at the cultural-geographical unit scale. This suggests that China’s cultural
system has a cohesive effect that transcends administrative boundaries. (2) The hierarchical
Bayesian model identifies the significant effects of mean annual temperature, population
density, GDP—population interaction, transport-hydrological network interaction, and in-
dustrial structure. Effect strengths generally peak at the prefecture-level scale and decrease
at the provincial scale. (3) Causal inference estimates the causal effects of mean annual
temperature, transport-hydrological network interaction, mean annual precipitation, and
water network density on coupling. (4) Heterogeneity tests reveal that the positive causal
effect of transport-hydrological network interaction and the negative causal effect of mean
annual precipitation are significant only in low-temperature regions. By integrating hierar-
chical modeling with causal verification, this study elucidates the mechanisms underlying
heritage coupling. This provides a scientific basis for understanding the spatial patterns of
cultural heritage systems and formulating differentiated conservation policies.

Keywords: human-land relations; heritage systems; spatial coupling; machine learning;
heterogeneity analysis

1. Introduction

As carriers of human history and civilization, cultural heritage embodies the collective
memory of nations and serves as a bridge connecting the past and present. China’s sym-
biotic system of tangible (TCH) and intangible (ICH) cultural heritage provides valuable
insights into cultural evolution on a global scale [1]. TCH represents the material imprints
that document historical processes, while ICH perpetuates cultural traditions in living
practice. The Convention Concerning the Protection of the World Cultural and Natural
Heritage and the Convention for the Safeguarding of the Intangible Cultural Heritage have,
respectively, established international normative frameworks for TCH and ICH. However,
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their separate structures have led to persistent integration challenges in policy-making
and management practices [2]. Scholars have increasingly employed perspectives such as
the assemblage theory [3] to critically reflect on this binary framework, conceptualizing
heritage as a dynamically evolving system composed of material spaces, social actors,
institutions, and cultural practices [4]. By examining the spatial interactions and structural
logics among elements and incorporating comprehensive systems of culture and nature,
this research field has developed the theory of heritage systems, which is characterized by
fuzzy boundaries and value associations [5,6].

In this study, heritage systems are defined as multi-level evolutionary systems encom-
passing material remains, living practices, and spatial environments, which are embedded
within broader natural and socio-economic systems. Their systemic boundaries are gen-
erated across regional and local scales. TCH and ICH interact through spatial proximity
and cultural processes to form interconnected subsystems that constitute complementary
relational networks. Despite its limitations, the binary TCH-ICH framework is still em-
ployed as an analytical tool due to the methodological and normative advantages of official
inventory systems. These inventories provide heritage datasets with clearly defined spatial
boundaries, ensuring regional comparability, value assessment criteria, and institutional
frameworks, which facilitate the identification of factors influencing coupling patterns
within heritage systems. In other words, using the official system serves to test, rather than
perpetuate, the binary classification model and analyze the value judgments and cultural
processes embedded within this institutional component. The research objective is to reveal
the dynamic processes and synergistic relationships obscured by this framework through
empirical methods [7], thereby transcending the static classification logic that treats the
two heritage types as mutually independent entities. This contributes to understanding the
spatial association patterns and driving mechanisms between them, providing a scientific
basis for formulating adaptive conservation strategies.

From the perspective of cultural geography, cultural landscapes represent the man-
ifestation of cultural relationships within the material environment [8], and long-term
interactions between space and culture provide a theoretical basis for understanding her-
itage distribution. Within this framework, heritage is conceptualized as cultural elements
that aggregate, diffuse and co-locate within specific territories. Their formation processes
reflect the ongoing evolution of social practices, local identities and social networks [9].
Previous studies have indicated that, although TCH and ICH are institutionally cate-
gorized as distinct types, they often exhibit functionally complementary and spatially
intertwined relationships in practice [10]. This interrelation provides a critical theoreti-
cal foundation for understanding the coupling patterns between the two heritage types
based on heritage pattern analysis. Recent research on the spatial aspects of cultural her-
itage has become increasingly interdisciplinary [11,12], primarily focusing on distribution
patterns and influencing factors. Scholars have commonly employed methods such as
kernel density estimation [13], standard deviational ellipses [14], and nearest-neighbor in-
dices [15] to analyze clustering characteristics and spatiotemporal patterns across multiple
geographic scales, including the national [16], watershed [17], provincial [18], and munici-
pal levels [19]. Within frameworks that encompass natural [20], social [21], and cultural
factors [22], quantitative approaches—such as decision trees [23], geographic detectors [24],
and geographically weighted regression [25]—have also become popular for elucidating
underlying mechanisms. However, two systematic gaps remain in the field. Firstly, TCH
and ICH are frequently considered separately [1], often lacking analysis of their spatial
coupling. Only a few studies have examined the coupled interactions between heritage and
external systems, such as tourism [26], urbanization, or cultural transmission [27], while
the internal coupling between TCH and ICH has received limited attention. Secondly, from
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a methodological perspective, traditional statistical approaches struggle to address the high
dimensionality, nonlinearity, and heterogeneity inherent [28] to heritage data. While some
machine learning models can capture complex patterns, their limited interpretability [29]
restricts their ability to provide causal evidence to inform heritage policy. In particular,
the driving mechanisms of coupling may vary across spatial scales, posing challenges for
cross-scale heterogeneity analyses.

To address these research gaps, this study focuses on the spatial coupling patterns
between TCH and ICH in China, as well as the heterogeneity of their driving mechanisms.
The research aims to identify the characteristics of heritage association networks in different
regions, and to examine how social and natural factors influence coupling patterns. First,
an improved co-location quotient (CLQ) theory is used to identify heritage coupling
patterns across three geographical scales. Subsequently, three categories of variables
are delineated based on the results of a hierarchical Bayesian model (HBM) and causal
identification tools. Finally, causal inference methods are applied to obtain estimates of
the causal effects of factors and evidence of heterogeneity under optimal grouping. This
multi-level framework combines data-driven HBM with logic-driven causal inference,
enabling the identification of correlation patterns and model-based causal relationships.
It provides rigorous scientific explanations for the operational mechanisms of heritage
coupling systems, promoting the transition of heritage revitalization from experience-based
to evidence-based decision-making.

2. Materials and Methods
2.1. Research Area

With a history spanning thousands of years, China is located in the eastern part of
the Eurasian continent and covers approximately 9.6 million km? (Figure 1). Its three-
tiered topographical pattern extending from west to east, combined with complex climatic
gradients, has shaped diverse geographical units that constitute a natural arena for cul-
tural differentiation and integration among the country’s 56 ethnic groups [30]. A total of
5060 national-level cultural relic protection units, ranging from the Neolithic period to the
present day, form a comprehensive spectrum of TCH, encompassing ancient architecture,
archeological sites, and other typological categories. Additionally, 3610 ICH items are
distributed across ten categories, including folk literature, traditional music, and customs.
The historical information and human-land relations embedded within these two types
of heritage reflect the transnational value of Chinese culture in engineering technology,
ceremonial institutions, and ideological frameworks. The spatial distribution of this her-
itage, characterized by distinct geographical differentiation and clustering patterns, reflects
the evolutionary logic of cultural patterns [31] and provides crucial empirical samples for
global cultural heritage research. China’s cultural heritage protection system represents a
significant experiential supplement to the World Heritage Convention, holding substan-
tial practical significance for investigating the coupling characteristics and influencing
mechanisms of heritage spatial distribution.

2.2. Data Sources

TCH was determined based on a list of national key cultural relics protection units
published by the National Cultural Heritage Administration, and their spatial coordinates
were obtained using the Baidu coordinate retrieval system. ICH data were derived from
the standardized dataset compiled by Guo Y. et al., organized by the geographical location
of the applying regions or institutions [32]. Data on the proportion of the tertiary indus-
try, per capita GDP, and the population share of different ethnic groups were obtained
from statistics publicly available on government websites. Ethnic diversity was calcu-
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lated using the Shannon-Wiener index [33], which measures social group richness based
on the population share of each ethnic group. Provincial-scale digital elevation model
(DEM) data (https:/ /www.resdc.cn/data.aspx?DATAID=337, accessed on 11 March 2025)
and geological hazard points (https://www.resdc.cn/data.aspx?DATAID=290, accessed
on 10 March 2025) were obtained from the Resource and Environmental Science Data Plat-
form. Elevation, aspect, and slope parameters were then extracted from these using ArcGIS
Pro 3.1.4. The 1 km mean annual temperature raster was obtained from the China extreme
and average temperature index dataset (1961-2012), provided by the National Tibetan
Plateau Data Center [34]. The 1 km mean annual precipitation data were derived from
the monthly precipitation dataset developed by Peng S. et al. [35] and converted into the
appropriate units after being aggregated to annual values. The 30 m resolution Normal-
ized Difference Vegetation Index (NDVI) raster was obtained from the research outputs
of Dong J. et al. [36] and Yang ]. et al. [37]. The 100 m population density raster was
sourced from the Lake-Watershed Science Data Center, National Earth System Science Data
Center, National Science & Technology Infrastructure of China [38] (http:/ /lake.geodata.cn,
accessed on 7 March 2025). Road and hydrographic data were obtained from the Geospatial
Data Cloud (http:/ /www.gscloud.cn, accessed on 12 March 2025) and OpenStreetMap
(https:/ /www.openstreetmap.org/, accessed on 12 March 2025), respectively. All variables
corresponding to each geographical unit were processed using spatial statistics in ArcGIS
Pro to ensure the spatial consistency of the attribute data, thereby supporting subsequent
modeling and analysis.
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2.3. Data Processing and Variable Selection

To ensure data quality and model robustness, this study employed a standardized data
processing workflow. First, samples with missing coupling degree values were removed.
Median imputation was then used to handle missing values in feature variables, thereby
minimizing distributional assumptions and reducing sensitivity to outliers [39]. Subse-
quently, the interquartile range (IQR) method was used to identify and remove outliers [40].
To improve skewed data distributions and enhance model convergence within the Bayesian
framework, the Yeo—Johnson transformation was applied to all continuous variables:

A
AR~ ifY>0,A#0
= 2-A
ULy <0, A £2

—In(=Y+1), ifY<0, A=2

In Equation (1), Y represents the original data; the transformation parameter,
A, is determined using the maximum likelihood estimation method to correct the
transformation shape [41].

To eliminate scale effects and ensure comparability between different features, Z-score
standardization was applied to the transformed data [42].

The aforementioned workflow optimized data characteristics while preserving the
underlying relational structures required for causal inference methods. In this study,
drivers are formally defined as covariates that, after controlling for confounding variables
and spatial scale effects, exhibit a directionally clear and statistically significant non-zero
effect on the coupling index. This definition aims to link mechanisms such as economic
structure and environmental exposure to the TCH-ICH coupling process and to examine
their cross-regional heterogeneity. Regarding indicator selection, we conducted correlation
analysis, multicollinearity testing, and significance testing on 13 baseline features and their
constructed bivariate interaction terms, with the final variable set determined based on
posterior inference. The construction of interaction variables was guided by both empirical
verification of indicators and consideration of established theories, such as infrastructure
complementarity and economic agglomeration effects [43].

To further assess the potential causal relevance and statistical robustness of the vari-
ables, the instrumental variables method [44] was employed to validate all potential factors.
When an instrumental variable passes the weak instrument test (F-statistic > 10) and the
second-stage regression yields p < 0.1, it receives a score of 2. Variables that fail the test but
have second-stage regression (p < 0.1) receive a score of 1. Those that are significant only in
conventional regression (p < 0.1) but lack valid instrumental variables receive a score of
0.5. This scoring scheme was designed to quantify the strength of causal evidence, rather
than make definitive causal claims. Combined with the significance levels obtained from
the HBM, the primary treatment variables were designated as those that were significant
and had a score of 2. These variables serve as core explanatory variables for causal effects
and their heterogeneity. Those that were significant and had a score of 1 were designated
robustness variables for sensitivity analysis. Non-significant variables with a score of
0.5 were designated as exploratory variables to capture potential specificities. It should
be noted that some variables exhibited relatively weak instrumental strength, indicating
uncertainty in the causal effect estimates. Therefore, a dual-validation strategy was adopted
to enhance the robustness of the results.

Theoretically, factors such as climate and topography are linked to heritage through
their influence on population distribution. To statistically isolate these baseline effects, an
analytical framework was constructed to support causal inference. Its primary task was
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to control for confounding factors in order to estimate the net effects of key variables on
heritage coupling, thereby addressing the scientific question of why and how such coupling
occurs. Thus, by disentangling complex interdependencies, this approach mitigated the
risk of tautological reasoning regarding human-heritage correlations and helped to reveal
the differentiated mechanisms driving the spatial coupling of heritage.

2.4. Research Methods

We developed a progressive analytical framework integrating multi-scale identifica-
tion, hierarchical modeling, and causal validation. First, the degree of heritage coupling
was measured based on the processed data, and correlations for the initially screened
variables were identified using a Bayesian model. Subsequently, three types of variables
were re-screened based on significance levels and instrumental variables, enabling the
identification of model-based causal effect estimates and heterogeneity under optimal
grouping strategies (Figure 2).
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light green (R233, G248, B245): methods and supporting information.

(1) Spatial Coupling Degree Calculation Method

Coupling describes the dynamic relational mechanisms through which system compo-
nents interact and co-evolve, and it has been assigned multiple meanings across disciplines,
including correlation and interdependence. The term ‘coupling’ is used in heritage stud-
ies to refer to the cultural and social associations reflected through spatial co-location.
Due to potential shared historical trajectories, social transformations and environmental
constraints, spatial co-location constitutes a core condition for heritage coupling [9]. For
example, traditional villages and historic buildings often form cultural ensembles together
with folk customs, festivals and ritual practices [16]. Such symbiotic relationships between
TCH and ICH represent a marker of cultural system integrity and have given rise to holistic
conservation approaches that emphasize their interconnections [45].

Drawing on system coupling theory [46] and research on place attachment in cultural
geography [47], this study integrated spatial analysis with cultural interpretation. The term
‘coupling’ refers to the association strength at the level of spatial co-location, measured
through operational indicators, that is, the systematic co-existence patterns in which TCH
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and ICH deviate from a random spatial distribution. Spatial coupling analysis does not
equate ‘coupling” with mere “proximity’, but instead conceptualizes spatial co-location as a
spatial representation of cultural associations [48]. A high degree of coupling indicates that
the two have formed a closely interconnected cultural ecosystem whose spatial clustering
patterns reflect functional complementarity and cultural symbiosis. This theoretical lens
shifts the meaning of heritage from isolated elements to the relational networks formed
among them [49]. Accordingly, the measurable mathematical indicator captures statistical
proximity and spatial evidence of interactive relationships between TCH and ICH.

This study used the modified co-location quotient (MCLQ) index to quantify the
coupling intensity between TCH and ICH. Based on the CLQ theoretical framework, this
method assesses the degree of association of point features by comparing the actual number
of neighboring point pairs observed with the expected value under theoretical random
distribution conditions [50]. The CLQ method is often adapted in spatial co-location
analysis to suit the characteristics of different datasets [51]. A correction coefficient was
introduced to adjust for the impact of geographical unit boundaries on the effective search
area of heritage sites. Additionally, a geographical unit-based analytical framework was
adopted, with differentiated search radii designed accordingly.

The number of neighboring point pairs satisfying the distance threshold conditions
was first calculated:

C = Z Y I(Dj <) ()

Here, m and n denote the number of TCH and ICH points within a geographic unit,
respectively; Dj. represents the Euclidean distance between TCH point j and ICH point
k; and I(-) is an indicator function that takes the value 1 when the distance condition is
satisfied, and 0 otherwise.

The expected number of nearest-neighbor point pairs was estimated under the assump-
tion that heritage points were randomly distributed within the unit, determined by the
ratio of the search area to the unit area. A correction factor was applied to account for the
reduction in the effective search area for heritage points located near the unit boundaries.

2
m X n X mr
A.
A=min(1, — 4
mm( 7T1’2> (4)

In the above equations, A; represents the area of the geographical unit (km?); A
represents the boundary effect correction coefficient; and r represents the search radius.

Finally, standardized MCLQ values were obtained by comparison with the values
expected under a random distribution.

G
E;
Geographical units were classified into four coupling types based on MCLQ

MCLQ; = (&)

values: strongly coupled areas (MCLQ > 2.0), characterized by high spatial clus-
tering and strong co-distribution of both heritage types; weakly coupled areas (1.0
< MCLQ < 2.0), exhibiting moderate spatial association; independently distributed
areas (0.5 < MCLQ < 1.0), exhibiting relatively random distribution patterns; and repul-
sively distributed areas (MCLQ < 0.5), exhibiting spatial separation between the two her-
itage types.
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Considering China’s administrative system and geographical characteristics, the anal-
ysis units were defined at three geographical scales: prefecture-level scale, provincial
scale, and cultural-geographical unit scale. The search radii were set at 20 km, 150 km,
and 250 km, respectively. This multi-scale framework follows place formation theory [52],
recognizing that heritage associations are products of multi-level social processes [53].
Smaller radii are suited for identifying community-level symbiotic relationships, while
larger radii can capture association patterns within cultural networks. Different radii
correspond to different natural or social scales, reflecting interactive processes at various
levels [54]. Historically, cultural practices within prefecture-level administrative units or
settlements primarily unfolded within daily life circles and transportation networks [55].
Based on this theory, the 20 km radius was set to correspond to local interaction ranges,
capturing the functional symbiotic relationships between TCH and ICH. Provincial ad-
ministrative divisions often follow natural geographical boundaries and have important
cultural and institutional integration functions. The 150 km radius was set to correspond
to the spatial scale of regional cultural networks, capturing co-distribution patterns [56].
China’s cultural geography is divided into seven regions. These units share common
historical origins and cultural concepts, forming cultural ecological zones that transcend
administrative boundaries [57]. The 250 km radius was set to capture spatial evidence of
cultural diffusion and heritage evolution at the macro scale, identifying coupling patterns
driven by geo-historical processes. This differentiated configuration considered the average
spatial extent of geographical units and the distribution density of heritage sites at each
scale, ensuring the effective identification of cross-scale spatial associations [58].

From the perspective of conservation practice, a strong coupling state signals active
functional linkages, whereas a weak coupling state may indicate breaks in cultural trans-
mission. This observation is consistent with the phenomena of cultural continuity and
functional discontinuity documented in studies of traditional villages [57]. The coupling
types described above are regarded as external manifestations of latent cultural interactions,
but they do not directly reveal underlying social or cultural relations. Relying solely on
this diagnostic indicator cannot quantify the social or environmental driving mechanisms,
so we constructed interaction terms and implemented machine-learning models. This ap-
proach enabled us to empirically test the actual effects of factors and mechanism pathways,
link spatial attributes to cultural or social explanatory mechanisms, and thereby strengthen
the scientific validity of the coupling-system indicators.

(2) Hierarchical Bayesian Model

The core of HBM lies in nesting effects at both the overall level and group level,
achieving information sharing and bias correction through hyperparameter constraints [59].
Compared with traditional regression methods, HBM not only avoids underestimation of
standard errors caused by ignoring intra-group correlations but also maintains robustness
under conditions of unbalanced sample sizes across groups or sparse local data [60].
This characteristic effectively integrates the regional heterogeneity and multi-level data
structures of the three types of geographical units, thereby preventing the information loss
that would result from single-level models.

The three geographical grouping patterns were used as grouping criteria, enabling
separate modeling at each geographical level and revealing the similarities and differences
between the overall and local effects [61]. The sample was randomly divided, with 80% al-
located to the training set and the remainder to the test set, thus balancing the requirements
for model training and independent validation. The basic model form is as follows:

Group level: Data from each group are directly processed for fitting, and the Markov
Chain Monte Carlo (MCMC) method is used to estimate parameters for each group [62].
This method preserves inter-group differences through independent sampling. Group-
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specific parameters are subject to structural constraints due to shrinkage effects, which
prevent overfitting by exhibiting a tendency to shrink toward the overall mean [63].

K
yii ~ N (uij, %), pij = o+ Y Bk Xijk (6)
k=1

In Equation (6), y;; represents the MCLQ value of the i-th observation in the j-th group;
Xijx represents the k-th feature variable; B is the corresponding regression coefficient,
revealing the variable effects within different groups; «; represents the group-specific
intercept term; and o? represents the variance parameter.

Overall level: Imposing weakly informative hyperpriors on group-level intercepts
and slopes stabilizes estimates for small-sample groups while preserving between-group
heterogeneity. When sample sizes are small or residual variance is large, posterior estimates
become more sensitive to hyperpriors [64]. Tighter variance hyperpriors strengthen partial
pooling, draw small-sample parameters toward the overall mean, and suppress extreme
estimates, thereby reducing overfitting. Looser variance hyperpriors widen uncertainty and
more fully reveal cross-group differences. The mean hyperprior determines the direction
and magnitude of shrinkage. Accordingly, a zero-centered, weakly informative specification
with an appropriate scale helps avoid systematic bias in small-sample groups [65]. The
hyperprior on the residual term also indirectly modulates shrinkage in small groups by
altering the effective noise level.

aj ~ N(pa, ), Bir ~ N (pp,75,) ?)

Here, j, and pgy serve as hyperpriors representing overall-level mean effects; 72
and ’L’ék are variance parameters reflecting the degree of effect variation across different
geographical units.

The model captures overall patterns and inter-group variations through a multi-
layered parameter structure, enabling cross-scale effect decomposition. Uncertainty quan-
tification provides complete posterior probability distributions for the estimated parameters.
MCMC sampling convergence was diagnosed using the Gelman—Rubin statistic (R”) and
Monte Carlo standard error (MCSE) [66]. For model evaluation, the coefficient of deter-
mination (R?) was employed to quantify the model’s fitting capability [67]. Root mean
square error (RMSE) was used to measure the accuracy of the model’s predictions [68]. The
Bayesian p-value (BPV) was introduced to test the consistency between the observed and
generated data [69]. Together, these three metrics provided comprehensive evaluation crite-
ria for HBM performance from the perspectives of goodness of fit, prediction accuracy, and
statistical validity. In addition, five-fold cross-validation was used to assess out-of-sample
predictive stability. One of the five randomly partitioned subsets was designated as the test
set and the remaining subsets as the training set, with fitting and prediction repeated across
folds. The RMSE and mean absolute error (MAE) on each test fold were then averaged to
quantify generalization performance [70].

To further assess whether the hierarchical structure of the HBM had adequately cap-
tured spatial dependence, multi-strategy spatial autocorrelation diagnostics were applied
to the model residuals. Given the sensitivity to the specification of spatial weight ma-
trices, three robustness schemes [71] were implemented: (a) queen contiguity matrices;
(b) adaptive distance-band matrices with thresholds set at the 75th and 90th percentiles
of the k-nearest-neighbor (KNN) distance distribution (with k = 8, 6, and 3 for the three
geographical scales); and (c) KNN matrices chosen to balance statistical power in small
samples against over-connection in large samples (with k = 6, 3, and 2 for the three scales).
All weight matrices were row-standardized to ensure comparability across heterogeneous
neighborhood structures [72]. For each specification, the global Moran’s I of the residu-
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als was computed, and significance was assessed using a 999-permutation Monte Carlo
test [71]. If the residuals exhibited no significant spatial autocorrelation across all strate-
gies (p > 0.05), we concluded that the HBM had sufficiently captured spatial dependence,
obviating the need for additional spatially structured terms.

(3) Causal Effect Estimation and Heterogeneity Analysis

A hybrid causal inference framework based on double machine learning (DML) and
ordinary least squares (OLS) was employed to investigate the causal mechanisms underly-
ing the cultural heritage coupling. Within this framework, the DML approach was used
to control for high-dimensional confounders and reduce model specification bias [73],
while the OLS approach was used to retain interpretability. This design ensured accurate
estimation and robust, reliable identification of causal effects. The basic mathematical
structure is expressed as follows:

Y; = a+ BT+ 7X; +€; ®)
Y, =0T, +g(X;) + ¢ )

Ty = m(X;) + v; (10)

§(x) = E[Y| X =], m(x) = E[T| X = x] (1)

1
domL = <Zi (T; — Tﬁ(Xz‘))2> Z (T; — (X)) (Y — §(X5)) (12)

Equation (8) specifies the OLS regression model used as the baseline estimation. Y;
denotes the MCLQ value of the i-th geographical unit; T; represents the treatment variable;
X; is the vector of the control variables; p is the target causal effect parameter; <y is the
coefficient vector for the control variables; « is the intercept term; and ¢; is the random
error term.

Equations (9)-(12) present the core structure of the DML method [74]. 6 denotes the
target causal effect parameter (average treatment effect, ATE); ¢(X;) and 1(X;) denote
the estimated conditional expectation functions of the outcome and treatment variables
with respect to the covariates; €; and v; are the random error terms; Opp is the causal
effect estimated by DML; (T; — 11(X;)) is the residualized treatment variable that removes
the influence of control variables; (Y; — §(X;)) is the residualized outcome variable that
eliminates the effect of control variables; and 7 is the sample size.

The DML estimation required randomly splitting the sample into K folds to implement
a cross-fitting strategy [75]. Using data from the other folds, ¢(X;) and #1(X;) were esti-
mated separately based on the random forest algorithm and then used to predict the target
fold. The number of trees was adaptively adjusted according to the sample size to balance
estimation accuracy and overfitting risk. The maximum tree depth was constrained using
a logarithmic function based on the sample size, and a feature subsampling strategy was
employed to reduce variance. Residuals were then computed to ensure the unbiasedness
of the causal effect estimates. Finally, ordinary least squares regression was performed on
the residualized variables, and the causal effect estimates from each fold were weighted by
sample size to obtain 0o -

We employed Conley heteroscedasticity and autocorrelation consistent (HAC) stan-
dard errors to assess the robustness of our causal estimates to potential spatial autocorrela-
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tion [76]. Given the asymptotic nature of Conley-HAC and the small sample sizes at the
other two scales, the main analysis was conducted only for the prefecture-level sample.
Bandwidths were chosen in a data-driven manner: we used the 25th and 50th percentiles
of the nearest-neighbor distances between city centroids as the lower and main bandwidths
and determined an adaptive bandwidth by requiring that >70% of nodes had at least
one neighbor. Distances were computed as projected Euclidean distances, and spatial
weights were constructed using the Bartlett (triangular) kernel [77]. Variable selection fo-
cused on pre-specified main treatment variables and robustness-check variables to mitigate
post-selection inference bias.

For the best grouping identified through subsequent multi-group strategies, the signif-
icance and degree of heterogeneity were assessed using Cochran’s Q test and the I? statistic,
respectively [78]. The Q statistic follows a chi-square distribution with k — 1 degrees
of freedom. Typically, I> > 75% indicates high heterogeneity, 25% < I < 75% indicates
moderate heterogeneity, and I? < 25% indicates low heterogeneity.

To ensure reliable causal inference, differentiated robustness checks were constructed
based on the theoretical importance of variables and the strength of causal evidence [79].

0 -9
Ao — | extenzd | basel . 109, (13)
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Equation (13) tests for the influence of potential confounding variables on the main

norm —

(14)

effect. If the change in effect is less than 20%, the results are considered robust. Bpase and
Bextended denote the estimated causal effects of the main treatment variable in the baseline
model and the extended model that incorporates robustness variables, respectively. Equa-
tion (14) compares the estimation differences between the two methods. If Anorm < 1.96,
the results are considered statistically consistent across the two methods. SEgrs and SEpmr,
represent the standard errors of the two estimates, respectively.

A rigorous, comprehensive test was conducted for the primary treatment variables.
Potential confounding variables were added sequentially to examine the stability of their
coefficients, and the consistency of the method was verified across the baseline and each
extended model. For robustness variables, the focus was on assessing methodological
consistency, supplemented by a simplified version of Equation (13) to test the effects of key
control variables and avoid excessive testing. For exploratory variables, the emphasis was
placed on evaluating the stability of the coefficients across different model specifications.
Consistency checks between methods were only performed for significant variables in the
baseline model. Furthermore, to clearly illustrate the complex structure of the constructed
HBM and causal inference models, Figure 3 displays the hierarchical structure, prior
distribution specifications, and core parameters.

If longitudinal data become available, the framework can be extended temporally. The
HBM can be extended to a cross-classified spatiotemporal hierarchy, where time-varying
random intercepts and key slopes with weak temporal-dependence priors are introduced
within each geographic scale. Spatially structured components can also be combined with
the temporal process through a separable space—time covariance [80], preserving cross-scale
analysis while providing spatiotemporal trajectories of key driver effects. Concurrently,
the causal module can be extended via a two-way fixed-effects difference-in-differences
design [81]. By aligning units to the onset of treatment and incorporating lead and lag
indicators, dynamic effect paths can be estimated in an event-study form, using cluster-
robust standard errors to ensure robustness against serial correlation [82].
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Figure 3. Schematic diagram of the HBM and causal inference model structure.

(4) Optimal Grouping Strategy for Heterogeneity Analysis

We used a multidimensional evaluation framework to identify the optimal grouping
strategy for heterogeneity. Sample units were grouped according to key variables, enabling
causal effects to be analyzed comparatively within each group. Four grouping methods
were applied: median split, tertile split, quartile extreme, and K-means clustering. The
composite scoring function encompassed three aspects: statistical significance testing, effect
size measurement, and the magnitude of intergroup differences.

To quantify the differences between the groups, Cohen’s d and Partial Eta Squared were
used as effect size indices for two-group and multiple-group comparisons, respectively [83].
The corresponding calculation formulas are as follows:

X; - X
d=21"2 (15)
Spooled
ny —1)s? + (ny — 1)s2
Spooled = (l )1+(2 )2 (16)
p ny+np, —2
c(X1,Xa,...,X
CVbetween = ( ! 2* k) (17)

X
Cohen’s d effect size is typically classified as small (d ~ 0.2), medium (d ~ 0.5), or large
(d =~ 0.8). The coefficient of variation between groups (CVpetween) measures the relative
dispersion among group means, with values greater than 0.4 indicating a large effect size.
Based on these parameters, the magnitude of intergroup differences was introduced
to evaluate the performance disparities across different classification combinations. The
optimal combination was required to reach statistical significance (p < 0.05) and to exhibit a
large effect size [84]. Additionally, each group had to meet the sample size requirement
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for statistical inference (n > 30), and the grouping results had to be consistent with geo-
graphical and social logic. This weighting scheme emphasized the central role of effect
size while assigning equal importance to statistical significance and the magnitude of
group differences.

Ap

Score = 0.2 x (1 — p) + 0.6 x Effect Size + 0.2 x max(Ap)

(18)
where p represents the significance level obtained from statistical testing; Effect Size repre-
sents the standardized effect size; Ay represents the mean difference between groups; and
max(Apu) represents the maximum mean difference.

3. Results
3.1. Multi-Scale Spatial Coupling Patterns of Cultural Heritage

According to the MCLQ index results, the spatial coupling of cultural heritage had a
pronounced scale effect across the three analyzed scales (Figure 4). At the prefecture-level
scale, strongly coupled areas dominated, accounting for 55.5% of the total, indicating a
high degree of co-existence and spatial overlap between the two types of heritage at a fine
spatial scale. At the provincial scale, both weakly coupled and independently distributed
areas reached their peak proportions of 40.6%, reflecting a weakening and differentiation
of heritage associations at intermediate scales. At the cultural-geographical unit scale,
the proportions of weakly and strongly coupled areas increased to 42.8% and 28.6%,
respectively. These results revealed a reorganization pattern at larger scales, indicating a
deviation from the overall trend of continuous weakening in the coupling relationships.
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Figure 4. Spatial coupling patterns between TCH and ICH based on MCLQ analysis across three
scales. (a) Prefecture-level scale; (b) provincial scale; (c) cultural-geographical unit scale; (d) number
of units by coupling type across three scales.

It should be emphasized that the spatial coupling of cultural heritage did not decline
monotonically with increasing scale. From the prefecture-level to provincial scale, the
proportion of strongly coupled areas decreased markedly while the proportions of weakly
coupled and independently distributed areas increased substantially, in line with the
general pattern of spatial attenuation. Theoretically, expanding the search range at larger
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scales would substantially increase the expected value, leading to lower MCLQ indices.
However, the proportion of strongly coupled areas rebounded at the cultural-geographical
unit scale. This manifested spatially in specific regions in the northwest, north, and
northeast, which consistently maintained high coupling—an unexpected response pattern.
The re-aggregation trend beyond administrative boundaries at the geographical level
may reflect intrinsic cross-regional cohesion and cultural identity [85]. This cross-scale
stability suggests that the Chinese cultural system possesses a binding force that maintains
connections between TCH and ICH at the macro-spatial level. Consequently, the resulting
integrated cultural ecosystem endows the two types of heritage with sufficiently strong
associations to overcome the dilution effect at larger scales.

Overall, the prefecture-level scale better reveals local symbiosis between heritage
types, while the provincial scale highlights spatial differentiation and independence.
The cultural-geographical unit scale reflects the integration and continuity of cultural
traditions over a broader area. This comparison underscores the scale sensitivity and
regional variability of heritage coupling, the driving mechanisms of which require
further quantitative investigation.

3.2. Performance and Diagnostic Assessment of HBM

The three basic variables selected through the aforementioned mechanism were as
follows: mean annual temperature (X;), reflecting regional thermal conditions; the Shannon-
Wiener index (X3), capturing the diversity of ethnic composition; and population density
(X3), representing the density of cultural carriers and the social foundation for heritage
transmission. The four interaction variables were as follows: GDP-population interaction
(X4), constructed from per capita GDP and population density, capturing the combined
effects of economic development and population size; transport-hydrological network
interaction (X5), comprising road network density and hydrological connectivity, reflecting
the synergistic influence of transportation accessibility and water network connectivity;
industrial structure (Xg4), defined as the interaction between GDP and the proportion of
tertiary industry, representing the effect of tertiary sector upgrading on heritage; and
topographic—climate interaction (X7), integrating elevation and mean annual temperature
to account for the interplay between topography and climate.

Quantitative validation showed that the selected features had a mean correlation of

I71 =0.309, which was significantly higher than that of the unselected features (17| = 0.227).

Compared with the full-variable model (R? = 0.633), this seven-variable system achieved
good explanatory power within a linear approximation framework (R? = 0.612). Addition-
ally, the mean variance inflation factor (VIF) of the selected variables decreased to 1.71,
facilitating the maintenance of independence among hierarchical effects and stabilizing
parameter estimation in the HBM. Overall, this feature selection strategy achieved an
optimized balance between statistical performance and model stability.

The HBM demonstrated strong predictive performance and model fit (Table 1). The R?
values for the training and test sets were 0.612 and 0.553, respectively, indicating that the
selected covariates and their interaction terms explained 61.2% and 55.3% of the variance
in coupling degree, respectively. The RMSE values were 0.456 and 0.504, respectively,
demonstrating good predictive accuracy and generalization capability. Cross-validation
yielded a mean RMSE of 0.472 £ 0.038 and a mean MAE of 0.294 £ 0.039. The close
agreement between the cross-validated RMSE and the test-set RMSE corroborated the
reliability of the model evaluation. Moreover, the small standard deviations indicated
low sensitivity to the particular data partitioning. The BPV, close to the ideal value of 0.5,
suggested adequate model fit without evidence of systematic bias or misspecification. The
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slight reduction in explanatory power and the controlled increase in prediction error on the

test set were both within acceptable thresholds.

Table 1. HBM evaluation metrics.

Evaluation Metrics Training Dataset Testing Dataset Cross-Validation (Mean £ SD)
R? 0.612 0.553 —
RMSE 0.456 0.504 0.472 4+ 0.038
MAE — — 0.294 £ 0.039
BPV 0.513 — —

To further assess the fitting quality and the validity of assumptions in the HBM, this

study conducted multiple diagnostics based on residual characteristics and predictive
performance (Figure 5).
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Figure 5. HBM performance diagnostics. (a) Posterior predictive QQ plot; (b) residuals and predicted
values; (c) posterior predictive check.

As Figure 5a shows, the data points are closely aligned with the theoretical quantile
lines, and the residuals largely conform to the normality assumption. The skewness of
—0.122 and the kurtosis of 0.110 are both close to the theoretical value of 0. Only slight
deviations occur in the distribution tails, with no evident heavy-tailed or peaked behavior,
indicating an absence of significant non-normality [86]. Figure 5b shows no obvious funnel-
shaped or systematic patterns, and the residuals exhibit homoscedastic characteristics. The
residuals remain relatively uniformly dispersed across the full range, confirming that the
model maintains stable predictive accuracy for geographical units at different coupling
levels. In Figure 5c, the posterior predictive means largely overlap with the observed
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data in most regions. The 100 posterior sample curves, reflecting quantified uncertainty,
display approximately unimodal normal distributions similar to the observed data. The
peak positions largely coincide, and the distribution widths and tail decay patterns are
comparable, indicating that the model successfully captures the underlying probabilistic
generative process of the coupling degree.

Multi-strategy spatial autocorrelation diagnostics indicated that the HBM residuals
showed no significant spatial dependence at any scale (Table 2), suggesting that the hier-
archical structure had appropriately modeled spatial association. At the prefecture-level
scale, Moran’s I ranged from 0.0029 to 0.0391 (p = 0.06-0.45). At the provincial scale,
residual spatial structuring was even weaker, with Moran'’s I between —0.0692 and 0.0017
(p = 0.36-0.47). Despite the very small sample size at the cultural-geographical unit scale,
the results remained non-significant (p = 0.25-0.49). All diagnostic strategies supported
residual spatial independence. Accordingly, no additional spatially structured terms were
introduced, thereby avoiding the risk of over-parameterization.

Table 2. Residual spatial autocorrelation diagnostics for the HBM across scales.

Geographic Scale Weight Matrix Moran’s I z-Score p-Value
Queen contiguity 0.0029 0.15 0.45
Prof lovel Distance band (309.7 km) 0.0391 1.38 0.08
refecture-leve Distance band (393.3 km) 0.0364 1.59 0.06
KNN (k = 6) 0.0273 0.94 0.17
Queen contiguity —0.0692 —0.21 0.42
Provincial Distance band (1011.4 km) —0.0381 0.02 0.47
rovincia Distance band (1307.6 km) —0.0581 —0.25 0.43
KNN (k = 3) 0.0017 0.31 0.36
Queen contiguity —0.0499 0.53 0.25

Cultural-geographical unit KNN (k = 2) 01838 007 0.49

Overall, the HBM achieved stable predictive accuracy and residual spatial indepen-
dence across scales, supporting its use as a reliable basis for subsequent causal inference
without additional spatial terms.

3.3. Posterior Inference Results of HBM

Based on the diagnostics of the MCMC chains, the sampling trajectories of the 3 pa-
rameters at the overall level exhibit good mixing (Figure 6). The trajectories display stable
random-walk patterns within the target range, with no apparent drift or stagnation, indi-
cating that the model converged to a stable posterior distribution. Convergence diagnostics
show that the R values are all below the convergence threshold of 1.1 and fall within the
[1.015,1.037] range. As a proportion of the posterior standard deviation, the MCSE is below
5% for all parameters, generally satisfying the required sampling precision. The dashed
lines on the left indicate that the posterior distributions of the three scale groups differ
significantly, confirming that the HBM successfully captures the statistical characteristics of
between-group differences.

The posterior distributions of the regression coefficients for the seven feature vari-
ables at the overall level showed clear patterns of statistical significance. The mean val-
ues of ‘BX], ‘sz, ‘Bxg, ‘Bx4, ‘Bx5, ‘BXG, and ‘Bx7 were *0.240, 0.035, *0.233, 70.121, 0.161,
0.224, and —0.002, respectively, with corresponding standard deviations of 0.068, 0.061,
0.074, 0.060, 0.057, 0.050, and 0.061, respectively; the 95% highest density intervals (HDIs)
were (—0.371, —0.111), (—0.088, 0.153), (—0.369, —0.080), (—0.235, —0.002), (0.049, 0.276),

(0.129, 0.322), and (—0.115, 0.124), respectively. The relatively low standard deviations
for all feature variables indicated that the uncertainty in parameter estimation was well
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controlled. Xi, X3, and X4 exhibited statistically significant negative effects on coupling,

whereas X5 and X4 exhibited statistically significant positive effects. No evidence was

found for a significant effect of X, or Xy, suggesting that their direct associations with

coupling are weak and may instead operate indirectly through mediating variables.
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Figure 6. Posterior distributions and MCMC samples of overall level regression coefficients. Colors

indicate individual variables, with each variable’s posterior distribution and corresponding MCMC

samples shown in the same color.

Even under hyperprior constraints, differences between parameter groups were main-

tained through independent sampling (Figure 7). The five significant factors at the overall

level remained significant across all three scales, reflecting consistency in their influence

mechanisms. At the group level, the effect strengths of the variables displayed some differ-
entiation. Specifically, the mean values of Sx1 were —0.2447, —0.2386, and —0.2440; Bx3
were —0.2324, —0.2298, and —0.2307; x4 were —0.1169, —0.1198, and —0.1185; Bxs5 were
0.1666, 0.1648, and 0.1644; and Bxs were 0.2331, 0.2198, and 0.2263. Notably, the interaction
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between GDP and population density had a negative effect, whereas the interaction with
the share of the tertiary sector was positive. This suggests that different economic develop-
ment trajectories may influence heritage coupling through either spatial restructuring or
service-oriented pathways.

Prefecture Negative correlation Positive correlation Mean SD 95% HDI
By -0.2447  0.0617 (~0.3553,-0.1293)*
B i 0.0424  0.0586 (~0.0635,0.1496)
B -02324  0.0683 (-0.3574,-0.1041)*
By -0.1169  0.0536 (-0.2225,-0.0259)*
i 0.1666  0.0586 (0.0581,0.2820)*
B ! 0.2331  0.0450 (0.1445,0.3141)*
By ~0.0070  0.0552 (~0.0997,0.0994)
Province i
Pz -0.2386  0.0683 (-0.3657,-0.1151)*
[0 : 0.0370  0.0658 (~0.0871,0.1566)
B -0.2298  0.0750 (-0.3669,~0.0869)*
B i -0.1198  0.0613 (-0.2352,-0.0065)*
B 0.1648  0.0645 (0.0630,0.3055)*
B ! 0.2198  0.0538 (0.1090,0.3148)*
B -0.0079  0.0629 (-0.1255,0.1028)
Cultural-geo unit '
By ! -0.2440  0.0663 (-0.3645,-0.1153)*
/% : 0.0386  0.0675 (-0.0782,0.1765)
B -02307  0.0764 (~0.3570,-0.0730)*
B -0.1185  0.0622 (-0.2334,-0.0073)*
B 0.1644  0.0639 (0.0462,0.2890)*
B 02263 0.0543 (0.1115,0.3211)*
By -0.0061  0.0622 (=0.1164,0.1079)
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Figure 7. Posterior distributions of group-level regression coefficients. Different colors represent the
three geographic levels, with all seven coefficients for each level shown in the same color.

Except for X4, the remaining four significant variables reached their maximum effect
strength at the prefecture-level scale. This pattern reflected the amplification of local factors
at fine spatial units and the regionalized characteristics of heritage transmission. Xj, X3,
and X¢ exhibited the lowest effect strength at the provincial scale, forming a U-shaped
distribution with relatively strong effects at the other two scales. By contrast, X4 reached
its maximum effect strength at the provincial scale, while X5 showed a monotonically de-
creasing pattern. These differences indicated that the coupling characteristics of multi-scale
geographic processes were influenced by distinct driving mechanisms. The provincial
scale did not simply inherit the hierarchical changes in scale; specific inhibitory mech-
anisms may have systematically weakened or diluted certain coupling processes. The
high effects observed at the prefecture-level scale reflected the direct influence of localized
processes, whereas the rebound of effects at the cultural-geographical unit scale reflected
the regulatory role of the overall cultural system on coupling processes. These findings
deviated from the traditional assumption of diminishing scale effects [87] and revealed a
nonlinear interaction pattern between administrative boundary effects and the continuity
of geographic processes.

3.4. Causal Effect Estimation and Comparison

The mixed causal inference framework further refined observed correlations into
model-based causal effect estimates, which necessarily rely on core assumptions such as

66



Land 2025, 14, 2386

model specification and instrumental-variable validity. Accordingly, the resulting causal
effects should be interpreted as estimates conditional on these assumptions. Based on
the combined validation of HBM significance and the strength of causal evidence, X;
and X5 were selected as the primary treatment variables, and X3 and X4 were used as
robustness variables. The exploratory variables included mean annual precipitation (Xg),
elevation (Xy), river network density (X1p), road network density (Xi1), tertiary sector share
(X12), and slope gradient (Xj3). At the prefecture-level scale, Conley-HAC standard errors
were estimated for alternative bandwidths (Table 3). The significance levels of X1, X5, X3,
and X, remained unchanged, but under the baseline bandwidth, their standard errors
changed by —2.7%, +5.6%, —1.9%, and —4.8%, respectively. Across the full bandwidth
range, the maximum variation ranged from —5.1% to +9.5%. These patterns indicated that
the core inferences were robust to plausible spatial correlation. The adaptive bandwidth
achieved 75.2% node coverage, suggesting that this setting adequately captured the princi-
pal scale of inter-city spatial dependence. Overall, the causal inference model exhibited
no material spatial dependence and, so, introducing an additional spatially structured
component was unnecessary. Subsequently, we compared causal effect estimates from OLS
and DML (Figure 8).

Table 3. Spatial robustness checks for causal estimates at the prefecture level.

Variable SE/p Conley 90.7 km (SE/p/ASE)  Conley 112.8 km (SE/p)  Conley 138.6 km (SE/p)
X1 0.0994/0.0001 0.0970/0.0001/—2.4% 0.0967/0.0001/—2.7% 0.0968/0.0001/—2.6%
Xs 0.0563/0.0045 0.0583/0.0062/3.7% 0.0594/0.0071/5.6% 0.0616/0.0095/9.5%
X3 0.0875/0.0033 0.0859/0.0027/—1.8% 0.0858/0.0027/—1.9% 0.0854/0.0026/ —2.4%
Xy 0.0652/0.4955 0.0619/0.4728/—5.1% 0.0621/0.4742/—4.8% 0.0630/0.4800/ —3.5%
Node Coverage — 25.6% 50.0% 75.2%

X1, X5, Xg, and Xjp showed significant and robust causal effect estimates under
both estimation strategies. X; exhibited a strong negative effect estimate, indicating that
low-temperature regions were more conducive to maintaining heritage associations and
traditional lifestyles. The ATEs were —0.345 and —0.459, with the latter representing a 33%
increase in effect magnitude. This suggested that, after controlling for selection bias and
confounding variables, temperature had a more pronounced negative impact on coupling
intensity. X5 showed a significant positive effect estimate, with ATEs of 0.222 and 0.133.
The approximately 40% reduction in the latter effect may have resulted from DML’s control
of the independent effects of water systems and roads, as well as their interactions with
other infrastructure components. Xg exhibited a robust negative effect estimate, with ATEs
of —0.240 and —0.229, indicating that high precipitation negatively impacted heritage
coupling. Xjo exhibited a significant negative effect estimate, with ATEs of —0.174 and
—0.192. Its positive interaction with road networks suggested that the negative effect of
water system density was reduced by road conditions. X3 and X;; only achieved significant
effect estimates under OLS estimation, with ATEs of —0.278, potentially due to mediating
variables [88]. X4, X9, X12, and X3 were not significant under either estimation strategy;,
indicating limited evidence for their independent causal effects.

The strong correlation between the OLS and DML estimates (r = 0.962) indicated high
concordance between the two methods in identifying the direction and magnitude of effects.
DML was particularly effective at controlling high-dimensional confounders and capturing
nonlinear features, typically providing more conservative yet robust estimates [75]. For
instance, DML amplified the negative effect of the primary treatment variable, X;, while
moderately attenuating the positive effect of X5. As a parametric baseline method, OLS
emphasized interpretability and computational efficiency, providing an intuitive linear
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approximation. The complementarity of the two methods offered an empirical basis for
understanding the potential causal mechanisms underlying heritage coupling systems.
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Figure 8. Causal effects of selected variables: comparison of OLS and DML estimates. (a) Causal
effects of selected variables: OLS and DML estimates; (b) comparison of causal effect estimates: OLS
and DML methods; (c) statistical summary of causal effect estimates. * Indicates statistical significance
at the 5% level (p < 0.05).

3.5. Heterogeneity Grouping and Differentiated Effects

The top five heterogeneity grouping strategies are presented in Table 4. Among them,
the mean annual temperature grouped using K-means clustering (k = 2) achieved the
highest overall score of 0.9810. This grouping strategy performed well across all three
dimensions: statistical significance, effect size, and inter-group differences. The K-means
binary grouping effectively identified critical thresholds [89] in temperature variation. This
strategy aligned with the climatic differentiation observed in China and was suitable for
revealing the differentiated mechanisms of influencing factors across distinct climate zones.

The differentiated robustness testing strategies for the three types of variables provided
a credible basis for the heterogeneity analysis. For the primary treatment variables X;
and X5, the Aygpust pass rates were 87.5% and 100%, respectively, indicating that their
coefficients remained stable after most or all confounding variables were included. The
Anorm values were 0.658 and 0.949, respectively, demonstrating substantial consistency
between the two estimation methods. Notably, only X5 passed the heterogeneity test,
confirming its differentiated effect across groups (Table 5).
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Table 4. Optimal heterogeneity grouping results.

Grouping Variable Optimal Grouping Method p-Value Effect Size Ap max(Ap) Composite Score
Annual temperature K-means (k = 2) 1.71 x 10713 0.9789 3.1728 3.2767 0.9810
NDVI K-means (k = 2) 1.83 x 1077 0.9671 3.2767 3.2767 0.9803
Annual temperature Quartile extreme 1.26 x 1077 0.9131 3.5932 3.5932 0.9479
Heritage density K-means (k = 2) 493 x 107° 0.9186 3.0819 3.2767 0.9393
Elevation K-means (k = 2) 471 x 107° 0.9054 3.0348 3.2767 0.9285

Table 5. Primary treatment variable robustness testing results.

Variable Arobust Pass Rate Anorm Heterogeneity
X1 87.5% 0.658 X
X5 100% 0.949 v

Note: v'indicates heterogeneity between groups; x indicates no significant heterogeneity.

The robustness variables X3 and X4 had A,qpyst pass rates of 100%, demonstrating
high stability after controlling for confounding factors. Their Anorm values were 1.073 and
0.456, respectively, indicating statistical consistency between the two methods. However,
neither variable passed the heterogeneity test (Table 6).

Table 6. Robustness variables robustness testing results.

Variable Arobust Pass Rate Anorm Heterogeneity
X3 100% 1.073 X
Xy 100% 0.456 X

Note: x indicates no significant heterogeneity.

The six exploratory variables exhibited pronounced differences in robustness charac-
teristics (Table 7). According to the differentiated testing strategy, only the variables X,
X190, and Xj1, which exhibited significant effects in the baseline model, were subjected to
method consistency testing. Xg exhibited the best overall performance, with a Aporm value
of 0.104 and a A,opyst pass rate of 75%, reflecting strong method consistency and stability.
The fact that it passed the heterogeneity test confirmed significant effect differences across
groups. For Xjg and Xj, the A;opyst pass rates were 50% and 70%, respectively, and the
Anorm values were 0.149 and 0.938, respectively. However, neither variable passed the
heterogeneity test. For the baseline model variables Xo, X1, and Xj3, the Aygpyst Values did
not exceed 50%, with no heterogeneity observed.

Table 7. Exploratory variable robustness testing results.

Variable Arobust Pass Rate Anorm Heterogeneity
Xg 75% 0.104 v
Xy 50% — X
X1 50% 0.149 X
X11 75% 0.938 X
X12 0% — X
X13 50% — X

Note: Aporm is calculated only for significant variables. v indicates heterogeneity between groups; x indicates no
significant heterogeneity.

These results indicated that X5 and Xg exhibited significant heterogeneity. Although
X1 did not pass the heterogeneity test, its significant effect and A,,pust pass rate of 87.5%
suggested the possibility of a more complex pattern. Based on K-means clustering (k = 2)
of the mean annual temperature, we focused on the heterogeneity mechanisms of X5 and
Xg while retaining an exploratory analysis of X (Figure 9).
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Figure 9. Heterogeneity estimation under mean annual temperature grouping. (a) Grouping based on
mean annual temperature; (b) forest plot comparing OLS and DML heterogeneous effects. * Indicates
statistical significance at the 5% level (p < 0.05).

X1 not only served as the basis for grouping but also exhibited differences in its
effect on coupling. The OLS estimates indicated a significant negative effect estimate
in low-temperature areas (ATE = —0.787), whereas the effect in high-temperature areas
was nonsignificant. By contrast, the DML approach showed that neither region reached
conventional significance levels. The I? values were 34.4% and 14.4% for the two methods,
respectively, and the Q test did not detect any significant differences between the groups.
This result suggested that temperature may exert a nonlinear influence on heritage coupling,
although the evidence remains insufficient under the current dataset.

X5 exhibited the strongest heterogeneity. Both methods showed a significant positive
effect estimate in the low-temperature region (ATE = 0.429 and ATE = 0.431), while the effect
was not significant in the high-temperature region. The I? values were 87.3% and 88.4%,
and the Q test indicated very high between-group heterogeneity. These results suggested
that well-developed transport and waterway networks may have been key to overcoming
climatic constraints in low-temperature regions [90], facilitating the flow and integration
of cultural elements. By contrast, in high-temperature regions, where climatic conditions
were relatively favorable, the marginal contribution of transportation and waterways was
markedly reduced.

Xg also exhibited significant heterogeneity. Both methods showed a significant neg-
ative effect estimate in the low-temperature region (ATE = —0.910 and ATE = —0.782),
whereas the effect was not significant in the high-temperature region. The I? values were
74.2% and 70.7%, and the Q test was significant. These findings indicated that the im-
pact of precipitation on coupling was temperature-dependent. Precipitation heterogeneity
reflected the role of climate in shaping the spatial patterns of agricultural civilizations
and cultural forms [91]. In low-temperature regions, excessive precipitation may have
suppressed heritage linkages through mechanisms such as hindering transportation and
constraining social activities, whereas this suppressive effect was no longer significant in
high-temperature regions.

It should be noted that heterogeneity identification depends on the grouping method
and testing criteria. Inter-group inconsistencies represent statistical evidence obtained
under specific strategies and do not completely negate underlying mechanisms. These
results revealed the complex regulatory role of geographical factors in the cultural heritage
coupling system under different temperature conditions. Temperature was found to
directly affect heritage coupling and constrain the influence of other factors. Both X5 and
Xg exerted significant effects in low-temperature regions, while their impacts weakened in
high-temperature regions. This temperature-centered environmental regulation mechanism
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demonstrated that the influence of geographical factors on cultural heritage coupling did
not operate independently but instead formed a differentiated network of interactive effects
under specific environmental contexts.

4. Discussion
4.1. Interpretation of Driving Mechanisms from HBM and Causal Evidence

This study reveals the multi-scale driving mechanisms of spatial coupling between
TCH and ICH in China by integrating HBM and causal inference methods. The progressive
evidence chain, from correlation to model-based causal effect estimates and heterogeneity,
provides multiple empirical foundations for understanding the complexity of heritage
systems. Figure 10 illustrates the spatial distribution of the five core variables, facilitating

an understanding of their geographical associations with degrees of coupling.

A

g

Figure 10. Spatial distribution of driving variables. (a) Mean annual temperature; (b) population
density; (c) road network distribution; (d) water system distribution; (e) per capita GDP; (f) mean
annual precipitation.

The significant negative effect estimate of X; indicates higher coupling intensity in
low-temperature regions. Although the heterogeneity does not reach a statistically signifi-
cant level, this result still reflects the nonlinear role of temperature. In China, temperature
exhibits clear latitudinal and altitudinal gradients, with southern regions generally warmer
than vast areas in the west and northeast. This spatial correspondence suggests that tem-
perature, as a fundamental environmental variable, shapes heritage patterns by influencing
human activity and cultural practices [92]. The underlying mechanism may lie in the
tendency of low-temperature environments to form relatively enclosed geographic units,
which consolidate community structures and cultural identities [93], thereby facilitating
the co-transmission of both types of heritage. In the context of global warming, high
temperatures may weaken the spatial linkage between heritage types by reshaping tra-
ditional lifestyles and increasing environmental pressures [94]. Notably, mean annual
temperature also emerges as the optimal variable for heterogeneity grouping, supporting
the foundational role of climatic conditions in heritage coupling systems.
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X3 and its interaction with per capita GDP (X4) both exert significant negative effect
estimates. Conventionally, areas with high population density often host rich heritage
resources. For instance, migration and urban expansion in Jordan have shaped the multi-
layered evolution of As-Salt’s architecture and cultural landscape [95]. However, our
results indicate that in regions of high population concentration and economic prosperity
in China, heritage coupling intensity tends to be lower. Using the ‘Hu Huanyong Line’ to
delineate population density patterns, we observe that the eastern and southeastern regions
display lower overall coupling than the western and northwestern regions. This decoupling
phenomenon suggests that cultural transmission in modern societies is challenging, high-
lighting the need for integrated protection. Rapid urbanization may accelerate the spatial
separation and cultural decoupling of the two heritage types by dismantling local cultural
contexts [27]. TCH may relocate or disappear due to urban renewal, while ICH may lose its
continuity as the linkage between traditional communities and heritage spaces weakens. In
contrast to the inhibitory effect of X4 on coupling, the interaction between per capita GDP
and tertiary industry share (X;) exhibits a significant positive effect estimate. Studies on
cultural tourism coupling in the Beijing—Tianjin—-Hebei urban agglomeration indicate that
industrial restructuring and digital infrastructure are key drivers of integration [96]. This
suggests that when economic development is accompanied by optimized heritage tourism
and creative cultural industries, the heritage value chain can be restructured to actively
connect both types of heritage. Such a shift implies that heritage protection can transform
from a mere cost burden into a value-creating process, providing market-based pathways
to support the coordinated development of heritage.

X5 exhibits a robust positive effect estimate, showing significant heterogeneity be-
tween low- and high-temperature regions. Transportation networks and river systems
form a collaborative network that serves as critical infrastructure for cultural exchange in
relatively isolated cold environments, acting as traditional channels of cultural dissemina-
tion. This is essential for maintaining cultural connections between dispersed communities
and heritage sites. By contrast, this effect is not significant in high-temperature regions
with greater openness, suggesting that cultural transmission in these areas relies more on
other mechanisms, such as tourism or institutional protection. Notably, river density (X10)
alone demonstrates a negative effect estimate in causal tests, indicating that overly dense
river networks, in the absence of adequate transportation infrastructure, may isolate com-
munities from heritage sites [97], thereby weakening the coupling degree. However, when
interacting with road networks, it exhibits a significant positive effect estimate. Studies
on the coupling between village cultural landscapes and socio-economic systems demon-
strate that improving transportation accessibility facilitates the dual objectives of heritage
protection and economic development [98]. The pattern of individual inhibition but in-
teractive promotion highlights that road networks can mitigate the spatial fragmentation
caused by river systems, thereby supporting the maintenance and dissemination of cultural
activities and ultimately reinforcing the integration of TCH and ICH. The construction
of interaction variables followed the collaborative logic of scientific elements based on
indicator validation, allowing the estimation of synergistic effects that exceed individual
contributions. This ensures that the causal evidence represents not only statistical signals
but also underlying environmental linkages.

Xg has a significant negative effect estimate, with significant heterogeneity. The nega-
tive impact of precipitation is significant in low-temperature regions, likely because the
combination of cold and high precipitation creates a harsh natural environment that ampli-
fies geographical isolation. Concentrated rainfall and spring floods can cause structural
degradation of heritage in cold areas and prolong restoration cycles [99], disrupting the
heritage transmission chain. Frequent precipitation and flooding make heritage protection
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more difficult and hinder human mobility and cultural exchange, ultimately reducing cross-
regional cultural integration. Conversely, this effect is not significant in high-temperature
regions, which may benefit from long-established adaptive mechanisms such as moisture-
resistant architecture and water transportation systems in southern areas. These differenti-
ated effects reflect how environmental constraints translate into cultural outcomes [100].
Distinct cultural systems, such as those of Jiangnan and Lingnan, have evolved in warm
and humid conditions, exemplifying human societies’ adaptive transformation of nature.

4.2. Differentiated Governance Strategies for Heritage Protection

Multi-level evidence provides valuable insights into heritage conservation and re-
gional governance (Table 8). Given the central role of climate and its moderating effects,
differentiated, climate-adaptive conservation strategies should be developed based on cou-
pling relationships. Heritage impact mechanisms exhibit significant differentiation across
varying temperature contexts, as stone and timber materials demonstrate different material-
specific thresholds to climatic stress [101]. Combining the positive effects of road—water
interaction with the negative effects of water system density, water management should
proceed in parallel with accessibility infrastructure development. In low-temperature
regions, the synergistic effects of road-water interconnection should be fully utilized, with
integrated transport projects promoting the clustered development of heritage sites within
cultural corridors [102]. In areas with dense water systems but limited land transport,
priority should be given to improving terrestrial infrastructure or enhancing waterway
services. This helps to prevent spatial fragmentation from reducing coupling degrees.
Key improvements should focus on enhancing the landscapes of vernacular communities
and making heritage more accessible, as well as on strengthening the interaction between
heritage and daily life. In high-temperature or climate-vulnerable areas, priority should
be given to heritage risk assessment and protective restoration. At the same time, cultural
transmission mechanisms or digital platforms should be established to reduce the impacts
of climatic stress on coupling degrees.

Regarding the negative effects in densely populated and economically developed
areas, excessive urbanization leading to cultural decoupling should be prevented. Heritage
conservation buffer zones should be incorporated into urban renewal and land planning
to maintain connections between heritage and daily life [103]. Cultural activity circles or
subsidy mechanisms should be established to encourage local culture and traditional crafts.
Simultaneously, heritage impact assessments and cultural space protection clauses can
be incorporated into urban construction to prevent heritage spatial separation caused by
development. The positive effects of economic structural transition toward tertiary indus-
tries indicate that heritage conservation can be transformed from cost consumption into
value generation through the development of cultural industries and heritage tourism [104].
Cultural industrial parks can be established to promote spatial clustering and reproduction
while mitigating the risks of homogenization caused by over-commercialization.

Differentiated governance frameworks are crucial for formulating and implementing
heritage conservation policy [105]. Prefecture-level scales are suitable for undertaking spe-
cific infrastructure construction and community cultural conservation projects. Provincial
scales can play coordinating roles across administrative regions and integrate resources.
Cultural-geographical unit scales should respect the authenticity of cultural ecosystems
by conducting conservation and transmission planning centered on cultural spaces. Thus,
a three-tier indicator system encompassing ‘risk assessment-accessibility—socioeconomic
structure’ is recommended, with performance indicators such as coupling degree changes
and cultural activity participation rates established for process management and evalua-
tion. Through multi-scale collaborative governance mechanisms, regional cultural balanced
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development and factor sharing can be promoted more effectively, facilitating heritage

activation and socioeconomic synergy.

Table 8. Key findings and policy recommendations.

Variable and Effect Direction

Theoretical Mechanism

Policy Recommendations

Implementation Scale

X1: Negative

Low temperature enhances
geographic enclosure and
cultural cohesion

Integrate climate adaptation into
heritage planning; prioritize
protection in cold regions

Provincial/ cultural-geographical unit

X3: Negative

Population agglomeration
accelerates urbanization and
deconstructs vernacular culture

Embed heritage buffer zones in
urban areas; conduct heritage
impact assessments

Prefecture level

X4: Negative

Compounded effects of economy
and population exacerbate
cultural decoupling risks

Prevent cultural decoupling from
aggressive urbanization; establish
holistic protection mechanisms

Prefecture—provincial combined

Xs5: Positive

Infrastructure complementarity
generates synergistic effects

Develop cultural-tourism
transport corridors; prioritize
road connectivity improvements

Provincial/ cultural-geographical unit

Xg: Positive

Industrial restructuring enhances
heritage value chains

Promote tourism and creative
industries; balance
commercialization with
authenticity protection

Prefecture/provincial

Xg: Negative

Low temperature and
precipitation compound
geographic isolation and

structural degradation

Strengthen moisture and flood
prevention facilities in
cold-humid regions; establish
adaptive protection systems

Provincial / cultural-geographical unit

Xj0: Negative

Road networks can mitigate
spatial fragmentation caused by
dense river networks

Coordinate waterway
management with accessibility
improvements

Prefecture/provincial

5. Conclusions

This study established an integrated analytical framework for coupling degree assess-
ment that combines multi-scale geographic units, Bayesian modeling, and causal inference.
A coupling degree measurement system for heritage was constructed at the prefecture-
level, provincial, and cultural-geographical unit scales, based on the MCLQ index. The
key driving variables were then identified using the HBM. Bayesian statistics and causal
identification tools were employed together to screen potential variables and categorize
them hierarchically. Subsequently, the model-based causal effects were estimated using a
differentiated hybrid framework. Following robustness checks, optimal grouping methods
were applied to capture heterogeneity in factor effects across groups, and the spatial distri-
bution patterns of heritage coupling and the heterogeneity of its driving mechanisms in
China were systematically examined. The main empirical findings are as follows:

(1) Heritage coupling patterns showed scale dependence and cultural cohesion. The pro-
portion of strongly coupled areas decreased from the prefecture-level to the provincial
scale, consistent with typical spatial attenuation patterns, but rose noticeably at the
cultural-geographical unit scale. This anomaly revealed a cohesive effect for China’s
cultural system that transcended administrative boundaries.

(2) The HBM identified five critical drivers and their differentiated impacts. Xj, X3,
and X, exhibited significant negative effects, whereas X5 and X4 showed significant
positive effects. Except for Xy, the effect intensity of the remaining four variables
peaked at the prefecture-level scale and generally diminished at the provincial scale.
This suggested the presence of a suppressive mechanism at the provincial level, which
attenuated the effects of these factors.

(3) The hybrid causal inference framework provided model-based causal estimation evi-
dence for four key variables. Through dual testing with OLS and DML verification, X,
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Xg, and X displayed significant negative causal effect estimates, while X5 exhibited
a significant positive causal effect estimate.

(4) Heterogeneity analysis detected differentiated causal effects for two variables. In
K-means clustering (k = 2) based on annual average temperature, the positive ef-
fect estimate of X5 and the negative effect estimate of Xg were significant in the
low-temperature group but not in the high-temperature group. This indicated that
temperature conditions moderated the driving mechanisms of heritage coupling.

By organically integrating data-driven HBM with logic-driven causal inference and
incorporating a wide range of geographic and social variables, this study uncovers multiple
driving mechanisms of heritage coupling and their heterogeneity. However, several empiri-
cal limitations exist regarding causal interpretation. Firstly, some factors involving potential
mediating pathways could not be incorporated into the hybrid framework. Secondly, it
was not possible to continuously explore the temporal evolution of the heritage coupling
system due to constraints in historical data. Spatial units partially reflect institutional and
social processes rather than purely neutral natural variables, and thus cannot be completely
distinguished from cultural dynamics. Furthermore, some instrumental variables with
limited strength suggest potential weak instrument bias. This study presents optimal esti-
mates based on the current model assumptions and data conditions rather than definitive
causal relationships obtained under experimental conditions. Future research could employ
quasi-natural experimental designs, spatiotemporal panels and multi-scenario grouping
strategies to improve identification capabilities. Structural equation modeling could also
be applied to clarify theoretical causal pathways and mediation testing. The analytical
framework could incorporate qualitative elements such as participatory geographic infor-
mation systems, policies, and community behaviors, thereby enabling a deeper exploration
of the differences and integration pathways between official recognition and local needs.
From a practical perspective, this study primarily aimed to validate and deepen causal un-
derstanding of the intrinsic drivers of heritage coupling, thus providing a methodological
reference for the conservation of cultural heritage at multiple scales.
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Abbreviations

The following abbreviations are used in this manuscript:

TCH Tangible Cultural Heritage

ICH Intangible Cultural Heritage

CLQ Co-location Quotient

HBM Hierarchical Bayesian Model

DEM Digital Elevation Model

NDVI Normalized Difference Vegetation Index
IQR Interquartile Range

MCLQ  Modified Co-Location Quotient

MCMC Markov Chain Monte Carlo

R Gelman—-Rubin Statistic
MCSE Monte Carlo Standard Error
R? Coefficient of Determination

RMSE Root Mean Square Error

BPV Bayesian p-Value

MAE Mean Absolute Error

KNN K-Nearest Neighbor

DML Double Machine Learning

OLS Ordinary Least Squares

HAC Heteroscedasticity and Autocorrelation Consistent
ATE Average Treatment Effect

HDI Highest Density Interval
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Abstract

While artificial intelligence (Al) has advanced urban land use classification, its application
in high-stakes decision making, such as urban planning, demands not only high accuracy
but also transparency and interpretability. This study evaluates the potential of Google
Satellite Embeddings (GSE), a ready-to-use dataset of Al-generated numerical features that
capture deep land cover characteristics, for land use classification in the central urban area
of Nanning in 2022. A synergistic analytical framework was constructed by integrating
the 64 high-dimensional features of GSE data with the feature attribution of Shapley Ad-
ditive Explanations (SHAP), merging deep learning features with explainable machine
learning. The results demonstrate that the XGBoost model (OA = 85.00% =+ 2.24%) signifi-
cantly outperformed the Random Forest (RF) model (OA = 81.87% =+ 1.72%) overall. Key
abstract features were successfully interpreted as comprehensible geographic semantics,
with A51 and A36 corresponding to built-up intensity and vegetation cover, respectively.
Moreover, XGBoost enabled more refined decisions than Random Forest (RF) due to its
superior ability to distinguish between functionally distinct classes that have similar physi-
cal appearances. This framework provides a scalable and transferable analytical solution
for the challenges of feature limitations and insufficient model transparency in urban land
use classification.

Keywords: urban land use; machine learning; satellite embeddings; explainable Al;
semantic analysis

1. Introduction

Driven by global urbanization and the rise in smart cities, the practice of governing
cities, which encompasses urban planning and resource management, is transitioning from
traditional, static approaches to data-driven, dynamic, and fine-grained paradigms [1-3].
In this context, accurate and continuously updated urban land use information has become
the bedrock of scientific decision making and resource allocation [4]. This foundational data
underpins critical applications ranging from environmental management, such as modeling
urban heat islands, to strategic planning for public infrastructure and services. While
artificial intelligence (Al) has significantly enhanced the accuracy of land use classification,
the increasing complexity accompanying these performance gains has rendered model
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decision making opaque, introducing trust deficits in practical applications [5,6]. For high-
stakes domains such as urban planning, a model must not only deliver precise results but
also articulate the logic and evidence behind its decisions [7,8]. Therefore, enhancing the
interpretability of high-performance Al models, especially complex deep learning and
ensemble algorithms, is a critical prerequisite for their trustworthy application in planning.

To accurately map complex urban landscapes, current research has increasingly in-
tegrated multi-source data and advanced algorithms [6]. On one hand, the fusion of
traditional remote sensing features like spectral and texture information with social sensing
data from sources such as OpenStreetMap (OSM) and Points of Interest (POI) has shifted
the unit of analysis from pixels to urban parcels, significantly improving semantic rep-
resentation [9-11]. This shift from pixels to parcels is a crucial methodological decision
grounded in the distinction between land cover and land use. While pixel-based and
object-based image analysis excel at classifying physical land cover (surfaces such as as-
phalt, grass, and concrete), they are often less suited for identifying the socio-economic
land use, which involves distinguishing between functions like commercial and residential
activities [10,12]. The urban parcel, defined by roads and property boundaries, represents
the fundamental semantic unit at which urban functions are organized and managed [13].
Therefore, adopting a parcel-based approach aligns the unit of analysis with the actual
phenomenon being studied. The consensus in the literature is that aggregating image
features within these parcels creates a more holistic and stable representation of function,
which mitigates the salt-and-pepper noise inherent in pixel-based methods and yields
spatially coherent outputs directly usable for urban planners [9,11,14]. On the other hand,
Al models have been widely adopted to boost the accuracy and automation of land use
classification [15,16]. Traditional machine learning models like Random Forest (RF) offer a
balance between computational cost and performance [17]. Deep learning, despite its com-
putational demands, has proven effective and robust in identifying urban land use patterns
by automatically learning deep semantic features from multi-source data [18,19]. How-
ever, despite the advances in fine-grained urban understanding driven by the synergy of
multi-source data and Al existing methods still rely heavily on manual feature engineering
and expert knowledge, and struggle to comprehensively capture the fine-grained spatial
structures of complex urban scenes [20,21]. Moreover, relying entirely on deep learning
models trained from scratch often leads to the dual problems of high computational costs
and poor generalizability [22,23].

While deep learning methods excel at feature extraction, their internal representations
are highly abstract, creating an opacity that limits trustworthy application in high-stakes
domains [24]. In response, Explainable Artificial Intelligence (XAI) has emerged to demys-
tify these black boxes, with tools like SHAP enabling the quantification of each feature’s
contribution to a prediction [25-27]. However, a critical limitation persists in current
XALI applications for urban science: their outputs often remain confined to the level of
machine logic. They excel at pinpointing what data the model prioritizes but fall short
of articulating why in a geographically meaningful way. Pioneering studies exemplify
this challenge. Methods like Grad-CAM++ and explainable boosting machines have been
successfully used to reveal which image regions and POI types were most influential in
a land use model [28]. In a similar vein, feature attribution and counterfactual analysis
have been leveraged on graph-based models to show how mobility data contributed to
predictions [29]. Despite their value, these explanations stop short of providing a true
geographic narrative. They tell a planner that certain pixels or POI counts were weighted
heavily, but not that the decision was based on recognizing a pattern of high-density built
form, complex vertical structure, or a specific texture of mixed land cover—which is the
language of urban planning. Thus, a crucial gap exists in bridging this interpretive divide:
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moving from identifying important abstract features to decoding the tangible geographic
concepts they represent.

The recent emergence of the GSE data offers a novel approach for addressing the
shallow feature problem in remote sensing. Generated by Google’s AlphaEarth Foundation
(AEF), it transforms global, multi-source satellite imagery into a high-dimensional feature
vector through deep learning [30]. These pre-encoded features automatically capture the
deep spectral-spatial structures and semantic patterns of land cover, holding the potential
to fundamentally bypass the reliance on manually engineered features and provide an
unprecedented feature foundation for fine-grained, parcel-level classification [31].

This presents an opportunity to forge a third way that navigates the trade-off between
traditional methods and end-to-end deep learning. While traditional approaches using
manually engineered features are interpretable but often limited by a shallow feature
bottleneck, end-to-end deep learning models offer high accuracy but are computationally
expensive black boxes. The proposed framework seeks to synergize these approaches by
leveraging the pre-encoded deep features from GSE to achieve high performance, while
utilizing explainable machine learning to maintain efficiency and ensure the transparency
required for trustworthy application in urban planning.

Therefore, this study applies this synergistic framework to the land use classification
of the central urban area of Nanning. It aims to achieve two core objectives.

e To evaluate the performance of machine learning models using GSE data for urban
land use classification.

e  Toenhance model interpretability by decoding the geographic semantics of the features
and dissecting the model’s decision-making mechanisms.

This study provides a synergistic analytical framework that integrates deep learning
features with explainable machine learning, thereby paving the way for more trustworthy
and interpretable approaches in smart city planning.

2. Materials and Methods
2.1. Study Area

This study focuses on the central urban area of Nanning, the capital city of the Guangxi
Zhuang Autonomous Region in Southern China. It consists of the contiguous urban built-
up region inside the Nanning Ring Expressway and the Nanning International Railway
Port area, with a total area of approximately 665 km? (Figure 1). This area spans sev-
eral major administrative districts, including Xixiangtang, Qingxiu, Xingning, Jiangnan,
Yongning, and Liangqing, which represent diverse stages of urban development and
functional concentrations.

As a frontier city for China’s open cooperation with the Association of Southeast
Asian Nations (ASEAN), Nanning’s development serves as a representative microcosm of
the rapid urbanization processes occurring throughout southern China [32]. The central
urban district, which hosts the majority of the city’s population and economic activities,
has evolved into an urban environment characterized by high functional complexity and
significant landscape heterogeneity. A significant challenge arises from this complexity:
land parcels with distinct functions often exhibit similar physical characteristics in remote
sensing imagery [33]. This phenomenon poses a significant challenge to both the accuracy
of land use classification and the transparency of model decision-making [34,35].

2.2. Data Source and Preprocessing
2.2.1. World Imagery

Esri World Imagery, a global service provided through the ArcGIS 10.8 platform,
integrates multi-source satellite and aerial imagery with resolutions up to 0.3 m and offers
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multiple historical versions. This imagery service can be directly loaded and utilized within
the ArcGIS environment. For this study, the 2022 Esri World Imagery was employed to
support the visual interpretation of land parcel functions.
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Figure 1. Overview of the study area.

2.2.2. OpenStreetMap (OSM) Network Data

As a collaborative project providing free, editable global maps, OSM is a well-
established and effective data source for capturing urban functional spatial patterns [36,37].
The 2022 dataset for the central urban area of Nanning was utilized in this study. First,
the data was manually verified to eliminate redundant information. Subsequently, the
cleaned roads were classified into a hierarchical system (Table 1), which was developed
by integrating categories from the Ministry of Housing and Urban-Rural Development
(MoHURD) and methodologies from previous research [38,39], and adapting them to reflect
the specific local context of the study area. This classified hierarchical network is crucial as
it serves as the primary structural framework for delineating urban parcels, which are the
fundamental units of our analysis. The detailed methodology for how these road levels are
utilized in the parcel generation process is described in Section 2.3.1.

Table 1. Road Classification.

Classes Road Descriptions Road Widths (m)
Motorway, motorway_link,
Level 1 primary, primary_link, 40
trunk, trunk_link, rail
Level 2 Secondary, secondary_link 20

Tertiary, tertiary_link, residential,

Level 3 . o
service, unclassified, unknown, other

10
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To obtain an accurate river network, which serves as a crucial natural barrier for parcel
delineation, a hybrid approach was adopted. The river network data from OSM was used
as a baseline. Then, to ensure the highest level of positional accuracy and alignment with
the current landscape, a manual visual correction of the OSM data was performed against
the 2022 Esri World Imagery.

2.2.3. Points of Interest (POI) Data

POI effectively captures the spatial distribution of urban functions, offering crucial
semantic information for land use classification [40,41]. For this study, 2022 POI data for
the central urban area of Nanning were acquired from the Amap Web Service Application
Programming Interface (API) using Python scripts.

Drawing upon the urban land use classification standards from the Ministry of Hous-
ing and Urban-Rural Development (MoHURD) and methodologies from previous re-
search [9,42,43], a simplified, four-category functional area system was developed. Within
this framework, commercial and industrial lands, which share similar economic functions,
were consolidated into a single class.

This consolidation is methodologically justified by two key factors specific to this
study. First, our focus on the central urban area means that the observed industrial parcels
are predominantly light industry, logistics centers, and wholesale markets, which are
functionally and physically distinct from the heavy industry typically located on the urban
periphery. From a remote sensing perspective, these central urban industrial areas share
similar physical signatures with old city commercial areas, such as low, metal-roofed
buildings. Second, this simplification allows the model to learn a more robust, unified
signature for areas of intense economic activity based on their shared physical attributes
captured by GSE, which is crucial for the primary goal of this study: evaluating the
interpretability of this new data source.

The final system comprises four categories: institution, open space, business, and
residence (Table 2). The detailed classification of POI types into these categories is provided
in Supplementary Table S1.

Table 2. Urban Land Use Classification.

Classification Main Subcategories Description
Governmental organization; ~ This class primarily includes land
Institution Medical service; for public administration, public
Culture and Education. services, and education.

This category encompasses public
green spaces and other open areas

Tourist attracti - . .
Open space ouristattraction intended for recreation, ecological
functions, or public access.
This class represents areas
. Enterprises; Shopping; dedicated to commercial activities,
Business . | . . .
Accommodation service financial services, corporate
functions, and some light industry.
. Commercial house; This category includes land
Residence J— . . .
Daily life service primarily used for housing.

2.2.4. Google Satellite Embedding (GSE) Data

GSE data served as the primary feature source for our machine learning models. It is
essential to clarify that GSE is not a classification product but a high-dimensional geospa-
tial embedding vector instead of traditional spectral bands. It is generated by Google’s
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AlphaEarth Foundations (AEF) [30], an embedding field model based on a Transformer
architecture developed by Google DeepMind.

The AEF model is trained using self-supervised learning, specifically employing
contrastive learning techniques. This allows it to learn universal geospatial representations
from massive, unlabeled Earth observation data. The process learns and encodes a year’s
worth of multi-modal, time-series satellite imagery into a highly condensed semantic
space. The result is a 64-dimensional (A00-A63) vector for each 10 m pixel that represents
deep semantic features rather than direct physical signals. This encoding process aims
to maximize discriminative information useful for downstream tasks while filtering out
noise and redundancy [31]. This vector comprehensively reflects the spectral, structural,
and contextual properties of land cover, capturing deep patterns that transcend singular
physical responses and thereby overcoming the shallow feature bottleneck of traditional
remote sensing.

A key strength of the AEF model is its ability to process heterogeneous data. Its
architecture includes source-specific encoders for different data types (e.g., optical, radar).
Through joint training on a global scale, the model learns to intelligently fuse information,
meaning each dimension of a GSE vector can encapsulate complex patterns from multiple
sensors. While trained globally, these embeddings provide fine-grained features applicable
at local scales, making them suitable for our Nanning study area.

The 2022 annual, 10 m resolution product was acquired from the GOOGLE/SATELLITE
_EMBEDDING/V1/ANNUAL dataset on the Google Earth Engine (GEE) platform. These
64 dimensions constitute an inseparable feature vector and were therefore all utilized for
model training. As a ready-to-use dataset, it has been internally processed to handle cloud
cover and data gaps. Furthermore, its vectors are of unit length, obviating the need for
normalization. This significantly simplifies the data preprocessing workflow and makes
the dataset inherently compatible with tree-based classifiers such as XGBoost and RFE.

2.2.5. Sentinel-2 Multispectral Imagery

Sentinel-2 multispectral imagery was selected for its high spatial resolution (10 m)
and rich spectral information. Its bands include the essential red, near-infrared (NIR), and
short-wave infrared (SWIR) wavelengths required for calculating classic remote sensing
indices such as the Normalized Difference Vegetation Index (NDVI) and the Normalized
Difference Built-up Index (NDBI) [44,45].

Within the GEE platform, the COPERNICUS/S2_SR_HARMONIZED dataset was
accessed. An annual mean composite image for the central urban area of Nanning was
synthesized to create a data source for subsequent spectral and texture feature extraction.
This composite was generated using all available 2022 images with a cloud cover of less
than 40%.

2.3. Methods

This study proposes a synergistic analytical framework that integrates deep learning
features with explainable machine learning (Figure 2). This framework consists of three
core steps.

1. First, a high-precision sample library was constructed by fusing multi-source geospa-
tial data with expert visual interpretation within ArcMap 10.8.

2. Second, two parallel feature sets were formulated on the GEE platform: the high-
dimensional deep embedding features for model training, and a set of physical
reference features for attribution.

3.  Finally, the modeling and analysis pipeline was implemented in Python 3.9. We
trained and evaluated machine learning models using the scikit-learn (for RF) and xg-
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boost libraries, which were then deconstructed using the shap library to analyze their

internal decision-making mechanisms. This involved quantifying the contributions of

key abstract features and systematically correlating them with the physical reference

features using the pandas and scipy libraries.
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Figure 2. Methodology workflow. (1) Stepl: The sample dataset is established through expert
annotation based on Esri World imagery, POI, and Standard, after delineating land parcels using
OSM. (2) Step2: Input features are extracted from GSE data, and a set of physical reference features
is constructed using Sentinel-2. (3) Step3: XGBoost and RF models are evaluated, followed by
a SHAP analysis. SHAP summary and beeswarm plots are generated for the top 10 features to
identify key features. Finally, a correlation analysis is conducted between key features and physical
reference features to interpret their geographical semantics and elucidate the model’s decision-
making mechanism.

2.3.1. Semantically Constrained Urban Parcel Generation

OSM-guided physical parcel delineation. The central urban area of Nanning was
first segmented into morphologically intact and non-overlapping initial parcels adopting
an established method for automated parcel characterization [37]. This topological seg-
mentation approach aligns with the framework of Essential Urban Land Use Categories
(EULUCQC), where road networks serve as the fundamental skeleton of urban functional
organization [9,11]. The process was executed within the ArcGIS platform by applying
multi-level buffer analysis to the pre-processed 2022 OSM network and then overlaying
natural barriers such as rivers.
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POl-based semantic labeling and creation of a candidate sample pool. Next, the
initial physical parcels were spatially associated with four major categories of POI data.
The functional composition of each parcel was quantified by calculating the density of
each of the four major POI categories. A preliminary label was assigned only to parcels
where a single function was clearly dominant, defined as constituting over 70% of the
total POI count within that parcel. This quantitative filtering strategy is consistent with
recent frequency-density methodologies, which advocate for high thresholds to mitigate
the inherent noise in social sensing data and ensure the functional purity of training
samples [39,46]. This process was designed to focus the subsequent manual verification
effort precisely on those parcels where POI signals were strongest, enabling efficient and
targeted expert correction.

Visual Interpretation with Multi-Source Information and Final Sample Verification. To
ensure definitive label accuracy and mitigate any remaining POI-induced semantic bias, a
rigorous, multi-stage verification process was implemented on the candidate sample pool.
First, a multi-source interpretation protocol was established. For each candidate parcel,
interpreters did not rely solely on the high-resolution imagery but synergistically used
it with the specific POI name labels within that parcel. This synthesis directly addresses
the challenge of spectral confusion in complex urban environments, where functionally
distinct zones often exhibit nearly identical physical morphologies [47]. For example,
while both business and institution parcels might appear as high-rise buildings on imagery,
reviewing the POI names (e.g., “Nanning No. 2 High School,” “First Affiliated Hospital
of Guangxi Medical University”) allowed for unambiguous classification as institution,
in strict accordance with the Standard for Urban Land Use Classification and Planning
of Construction Land [42]. This approach effectively leveraged POI data as a semantic
clue rather than a mere counter, directly addressing the risk of misclassification based
on visual morphology alone. By integrating semantic labels with physical textures, this
protocol adheres to the multi-view fusion paradigm recommended for fine-grained urban
classification [33]. Second, to guarantee label consistency and quality in the absence of
multiple annotators, a systematic iterative review was employed. The expert first conducted
an initial round of labeling for the entire candidate set. After a deliberate time interval to
minimize cognitive bias, a second, independent review round was performed. During this
second pass, the expert re-evaluated each label against the established protocol, paying
special attention to potentially ambiguous cases. Any parcels where the initial label seemed
questionable upon re-inspection were subjected to a final, more intensive investigation
before a definitive label was assigned. Parcels that remained ambiguous even after this
multi-step scrutiny were discarded from the final sample set.

Ultimately, a final dataset of 800 high-precision samples—200 for each of the four func-
tional categories—was curated that were unambiguously labeled (Figure 3). The aim was
for spatial representativeness rather than absolute spatial uniformity in designing the
sampling strategy. Urban functional areas are inherently clustered, and a strictly uniform
sampling might fail to capture the diversity of these real-world patterns. Therefore, this
approach focused on selecting samples for each class from multiple, geographically distinct
locations across the study area. For example, samples for the business class were drawn
from the old city center, the new CBD, and several secondary commercial hubs. This
strategy ensures the model captures the high intra-class variability typical of heterogeneous
urban landscapes [39]. This carefully constructed dataset serves as the foundational ground
truth for all subsequent analyses.
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Figure 3. (a) Spatial distribution of the samples; (b) The representative samples.

2.3.2. Feature Engineering

Generation of high-dimensional input features. The core input features for the models
were generated by aggregating the pixel-level GSE data. Specifically, the mean value of
each of the 64 GSE feature bands was calculated on the GEE platform for each parcel.
Aggregating these high-resolution raster features at the parcel level is not a loss of detail;
rather, it creates a robust, composite feature signature that holistically represents the typical
mixture of surfaces (buildings, vegetation, pavement) associated with a specific function.
This process resulted in a single 64-dimensional feature vector per parcel, serving as a
comprehensive, high-level representation of its unique deep spectral-spatial patterns.

Extraction of physical reference features. To facilitate model interpretation, a white-
box feature set composed of traditional remote sensing characteristics was extracted from
the annual Sentinel-2 composite imagery (Table 3). This set is designed to serve as a bridge,
connecting the abstract deep learning features to established geographical knowledge.
Specifically, it comprises two components:

e  First, a series of spectral features were calculated to quantitatively assess the vegetation,
built-up, and water status of the land surface [48,49].
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e  Second, texture features, derived from the Gray-Level Co-occurrence Matrix (GLCM),
were computed to describe the spatial structure and heterogeneity of the land surface,
complementing the spectral signatures which are often insufficient in heterogeneous
urban environments [50]. However, utilizing the full set of GLCM features often
leads to high data redundancy and computational inefficiency due to strong inter-
correlations [51]. Therefore, drawing upon established feature selection strategies
for remote sensing classification, a specific subset of metrics was chosen to form a
representative and minimally redundant set [39,52]. These metrics targeted three com-
plementary textural dimensions critical for distinguishing urban functions: (1) Spatial
Order/Disorder (ASM, Entropy) to characterize the complexity of building arrange-
ments; (2) Local Contrast (Contrast, Dissimilarity) to capture the edge intensity typical
of built-up areas; and (3) Homogeneity (IDM) to identify uniform surfaces such as
open spaces and water bodies.

Table 3. Physical Reference Features.

Feature

Types Indices Description
Normalized Difference Vegetation Index (NDVI) Indicates the presence a.nd density of
green vegetation
Enhanced Vegetation Index Quantifies vegetation with reduced sensitivity to
S 1 (EVI) soil and atmospheric noise
fpectra Soil-Adjusted Vegetation Index Minimizes soil brightness effects to accurately map
eatures (SAVI) sparse vegetation
Normalized Difference Built-up Index (NDBI) Highlights impervious surfaces and built-up areas
Normalized Difference Water Index (NBVI) Delineates open wat.er jbod1es and aids in identifying
building shadows
Measures the disorder or complexity of the
Entropy .
spatial texture
Contrast Captures the intensity of local variations and edges
Textural Angular Second Moment (ASM) Measures textural uniformity and order
features Quantifies the local homogeneity of the

Inverse Difference Moment (IDM)

image texture
Describes the distinctiveness of spatial patterns and

Dissimilarity (DISS) local contrast

2.3.3. Machine Learning Modeling and Explainability Analysis

Model training and performance evaluation. Two machine learning algorithms, RF
and XGBoost, were selected for comparison. These algorithms represent the two dominant
paradigms in ensemble learning—Bagging and Boosting, respectively—and are widely
utilized for their robustness in modeling complex, non-linear relationships [53,54].

To mitigate the potential risk of overfitting given the high-dimensional feature space
(64 features) relative to the sample size (800 parcels), several strategies were implemented
to ensure model robustness. First, a 5-fold cross-validation strategy was used for both
model training and evaluation, providing a more reliable estimate of generalization per-
formance [55]. Second, hyperparameter tuning was performed using a grid search within
the cross-validation loop to identify the optimal parameters that control model complexity
(e.g., tree depth, learning rate). Third, an early stopping mechanism was employed for the
XGBoost model specifically. This technique halts the training process if performance on a
validation set does not improve for a specified number of iterations, effectively preventing
the model from fitting to noise in the training data. Model performance was assessed using
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Overall Accuracy (OA), the Kappa Coefficient, Producer’s Accuracy (PA), User’s Accuracy
(UA), and the Macro-F1.

Quantifying feature contributions to model decisions. The TreeSHAP algorithm,
an efficient variant optimized for tree-based models, was utilized to quantify feature
contributions at both global and local levels.

e At the global level, the most influential features were identified by calculating the
mean absolute SHAP value for each feature across all samples. To ensure stable results,
these importance values were averaged across the five folds of the cross-validation,
and the final ranking is presented as a percentage contribution.

e At thelocal level, stratified SHAP beeswarm plots were employed for visual analysis.
These plots intuitively display how a single feature contributes to each individual
sample’s prediction, while simultaneously using color to reveal the patterns between
the feature’s original value (high or low) and the direction and magnitude of its
contribution [56,57].

Attributing Physical Meaning to Deep Features. A stratified Spearman correlation
analysis was performed to investigate the intrinsic meaning of the abstract deep learning
features. This analysis was conducted between the key features and our white-box set of
physical reference features. The stratified approach—calculating correlations separately
within each land use category—was designed to uncover how the association patterns
between a single deep feature and the physical metrics vary across different geographi-
cal contexts.

3. Results

3.1. Performance Evaluation of Embedding-Based Models
3.1.1. Quantitative Evaluation

The performance of the XGBoost and RF models, trained on the high-dimensional GSE
features, was evaluated using a 5-fold cross-validation strategy. The evaluation revealed
that the XGBoost model demonstrated superior overall performance compared to the RF
model (Table 4). The OA of XGBoost reached 85.00% = 2.24%, marking a 3.13 percentage
point improvement over RF’s accuracy of 81.87% =+ 1.72%. Furthermore, its superiority in
maintaining a balance between precision and recall was evidenced by a higher Macro-F1
of 84.81% = 2.32%, compared to RF’s 81.72% 4 1.73%. Similarly, XGBoost achieved a
higher Kappa Coefficient of 0.8000 £ 0.0298, compared to RF’s 0.7583 + 0.0230, indicating
a stronger agreement between its classification results and the ground truth, as well as
superior model stability.

Table 4. Comparison of Model Performance.

Evaluation Metrics

RF

XGBoost

OA 81.87% + 1.72% 85.00% + 2.24%

Macro F1 81.72% + 1.73% 84.81% + 2.32%

Kappa 0.7583 + 0.0230 0.8000 + 0.0298
Institution 69.00% + 4.36% 74.50% + 5.10%

UA Open space 98.00% =+ 1.87% 99.00% =+ 1.22%
Business 84.50% + 6.60% 87.00% + 7.81%

Residence 76.00% + 7.84% 79.50% + 8.72%

Institution 72.95% + 6.08% 80.02% + 4.21%

Open space 96.15% =+ 2.84% 96.18% + 2.42%

PA Business 81.97% + 5.68% 84.11% + 4.50%
Residence 76.89% + 1.20% 80.32% + 5.65%
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Performance disparities were particularly pronounced for specific land use categories.
For institutions, a category characterized by complex physical morphology, XGBoost
achieved a PA of 80.02% and a UA of 74.50%. These figures were substantially higher than
those of RE, which were 72.95% and 69.00%, respectively. For the often-confused business
and residence categories, XGBoost also demonstrated an accuracy improvement of 2 to
4 percentage points. Both models performed exceptionally well in classifying open space, a
category with distinct features, consistently achieving accuracies above 96%.

3.1.2. Qualitative Evaluation

The qualitative assessment visually corroborated and provided context for the quanti-
tative findings by visualizing the classification results (Figure 4).
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Figure 4. Visualization of Classification Results. (a) Classification results of XGBoost; (b) Classification
results of RF; (c) A green park, identified by its large, contiguous green texture, was correctly
classified as open space; (d) The area of low-rise, metal-roofed buildings was correctly classified
as business; (e) The mixture of high-rise buildings and green space was correctly classified as
residence; (f) A village, characterized by a dense cluster of small buildings and significant green
space, was misclassified as institution; (g) Land under development, characterized by bare earth and
uncompleted buildings, was misclassified as an institution.
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First, the areas of high model consensus aligned perfectly with the high-accuracy land
use categories. Both models demonstrated precise identification of categories with relatively
distinct physical characteristics, such as open space, business and residence (Figure 4c—e).
This observation is consistent with the high OA and PA scores these categories achieved in
the quantitative evaluation.

Furthermore, the visualizations offered a clear explanation for the performance dis-
parity observed for the institution category, where the quantitative difference was most
significant. This category is challenging because its physical features—such as building
densities and vegetation cover that often fall somewhere between those of business and
residence—are inherently ambiguous. This ambiguity led to varying degrees of confusion
and misclassification by both models (Figure 4f,g).

3.2. Identification and Physical Interpretation of Key Features

An analysis of feature importance for both models, conducted using the SHAP, re-
vealed a strong consensus in identifying key discriminative features (Figure 5). A significant
overlap was observed, with 8 of the top 10 most important features being common to both
models: A36, A41, A51, A05, A52, A14, A18, and A40. This high degree of agreement
indicated that these features are the core drivers for distinguishing land parcel types in the
study area. More importantly, it suggested they possess algorithm-agnostic discriminative
value, making them robust indicators regardless of the specific model used.
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Figure 5. SHAP Summary Plot for the Top 10 Features. (a) XGBoost; (b) RF.

This consensus was further corroborated when examining the contributions of in-
dividual features to specific classes. For instance, in both models, A36 and A41 are pri-
mary contributors to the identification of open space. This suggested a strong correlation
with surface cover information, such as vegetation or water bodies. Likewise, A51 con-
sistently emerged as a key contributor for identifying the business across both models,
implying that it likely captures spectral-spatial information associated with high-density
built-up environments.

A stratified Spearman correlation analysis between the key features and a set of
traditional spectral features and GLCM texture features revealed complex patterns of

association (Figure 6).
e  Peatures associated with the built-up environment.

Across the institution, residence, and open space classes, A51 functions as a universal
indicator of built-up intensity. It exhibits significant positive correlations with both NDBI
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and NDWI (r > 0.5) and strong negative correlations with vegetation indices like NDVI
(r < —0.5). However, a key anomaly revealed its deeper properties. Within the Business
class, the correlation between A51 and NDBI weakened dramatically (r = 0.18). In contrast,
its correlation with NDWI became highly positive (r = 0.65), suggesting a functional
shift from a simple spectral response to capturing the more complex structure of the
urban canopy.

Institution

o
w0
v S
%
Ly A
by (Bt
)
Spectral features A e A0S
@ Ring 1: SAVI =
B Ring2: EVI
A Rllng3:NDVI & %
9 Ring 4: NDWI n
¢ Ring 5:NDBI &4 |23 as;

S
&,
a4
‘170
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
(a)
> o
4 g
o . ~
Institution % g e Open space
7 =l & 032 N
> % s
% e o (e * 3 g N
i w o o1 Aoy ) g, % &
~0y,
7, - @ =) v, >
4 9 o e o o1y [ 0 Y 7 ¥
4 oK X - QLD Y A%
S q 4 0 B,
24 ‘.;? »9\ -)g;\, A o2 (Gt 0 ~0.0, N v, 2, »
< ¢ e v
g & o Y, % 2
Asy $ ¢ I\ Ly M
», SPNG . € . &b
S ¢ S e L, %
¢ ~ 5 Ly 2
%50 Y
A2 B9 2 NS Textural features A 12 \= A0S
ol [ ® Ring1:IDM sz B E
v S
® 4 = o B Ring 2: Contrast
A Ring 3: ASM e m
= 3 X ST * 9
. = 18 3 9 Ring 4: Entropy ay =N 120 5 i
2L ERER iHig's? s 8 2.
A0S i3 S . *&q ¢ Ring5:DISS S B S+ A5
A A “
A ‘."; < % %,
»* N AN
K &5 V4
) %n\ ’ 5 S0
D 0] o
Y %, A B 8070
o
yl"& DS o, oy, 6oy

Residence

T ]
-1.00 —=0.75 —0.50 =025 0.00 0.25 0.50 0.75 1.00

(b)

Figure 6. Correlation analysis of key features with spectral and texture features. (a) Spectral features;
(b) Texture features. Significance levels are denoted as follows: * p < 0.05, ** p < 0.01, *** p < 0.001.
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A40 behaved differently. Its positive correlations with NDBI (r = 0.56) and the DISS
texture metric (r = 0.43) were most pronounced within the residence class. Feature A18,
meanwhile, demonstrated a more multifaceted behavior, correlating positively with NDBI
(r = 0.42) and NDWI (r = 0.28) in business, but with the DISS (r = 0.28) and Contrast
(r = 0.30) texture metrics in Residence.

e  Features associated with vegetation.

The correlation analysis revealed that A36 exhibited a uniform yet critical contrast
pattern. On one hand, it showed strong positive correlations with various vegetation indices
in built-up areas (r = 0.42 to 0.69). On the other hand, it demonstrated strong negative
correlations with NDBI and NDWI, which represent built-up and shadow properties,
respectively (r = —0.43 to —0.73). Critically, both the positive and negative correlations
consistently and substantially weakened specifically within the open space class.

A41 and A14 not only correlated positively with vegetation indices but also negatively
with texture metrics such as DISS and Contrast in open space. This suggested they are sen-
sitive to the spatial configuration of vegetation rather than just its presence. A05 displayed
a highly context-dependent association pattern. Its correlation with vegetation indices
peaked within the residence class, while it also showed a strong negative correlation with
NDWT in both institution and residence.

3.3. SHAP-Based Insights into Classification Decision

The SHAP beeswarm plots provide an intuitive visualization of the model’s decision-
making logic (Figure 7). They reveal how the model leverages the identified key features,
with strategies that display both consensus and divergence across different classes.

A strong consensus in logic emerged between the two models for spectrally distinct
classes. Specifically, both models identified business by leveraging high values of feature
Ab1, a strong built-up signal, as the core positive driver. This single feature constituted
16.57% of XGBoost’s and 8.41% of RF’s decision weight. Conversely, high values in vege-
tation features like A52 and A36 acted as powerful negative predictors. The reverse held
true for open space, where high values in vegetation features (e.g., A36, A41, and A(5)
provided the decisive positive push for classification.
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Figure 7. Cont.
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For spectrally ambiguous classes, a significant divergence in strategy emerged between
the two models. In identifying institutions, the RF model exhibits a diffuse decision pattern
with no single dominant feature, relying primarily on negative contributions from high
values in various vegetation and built-up features. Its logic for residence was similarly
indistinct, mainly driven by negative contributions from multiple core features. In stark
contrast, XGBoost developed a more sophisticated strategy. It pinpointed A39 as the most
crucial discriminator for residential areas; high values of this feature contribute strong
negative SHAP values, effectively forming a powerful exclusion rule. Simultaneously,
the model leveraged high values of features like A52 and A28 as positive contributors to
construct a more nuanced profile of the residence.

4. Discussion

A core finding of this study, as presented in the results, is the remarkable consen-
sus between the Random Forest and XGBoost models in identifying the most important
features. This convergence, where two algorithmically distinct paradigms—Bagging and
Boosting—independently prioritize the same set of GSEs (e.g., A36, A51, A41), is not a
trivial observation. According to the principles of explainable machine learning, such
cross-model agreement serves as a powerful indicator of feature robustness, suggesting
that the identified predictors capture genuine underlying phenomena rather than model-
specific artifacts or noise [58]. It serves as a powerful, algorithm-agnostic validation of
the Google Satellite Embeddings themselves. This high degree of agreement strongly
suggests that the discriminative power resides within the intrinsic structure of the GSE
data, rather than being an artifact of a specific modeling choice. It demonstrates that GSE
features successfully encode stable and meaningful geospatial patterns that are universally
recognizable across different learning architectures, a characteristic often cited as a hall-
mark of high-quality representation learning [59]. Consequently, this algorithm-agnostic
validation provides the impetus for a deeper inquiry into the nature of these embeddings,
moving from simply identifying which features are important to understanding what they
represent geographically and how they inform the models” decision-making logic.

4.1. Decoding the Geospatial Semantics of Key Features
4.1.1. Features for Built-Up Area Characterization

As direct literature on the geographic meaning of these specific features is not yet
available, the interpretations were grounded in established remote sensing principles. The
analysis revealed a clear functional differentiation among the most important features,
which were then validated against classic physical indices. A51, A40, and A18 were
identified as crucial features for characterizing built-up areas. Among these, A51 functions
as a comprehensive indicator that comprehensively quantifies the intensity of the built
environment. In contrast, A40 and A18 are more specialized, exhibiting strong class
dependency in identifying distinct urban patterns.

It is established that NDBI effectively indicates impervious surfaces, NDWI captures
structural information via building shadows [49], and texture metrics quantify the spatial
heterogeneity of built-up areas [60-62]. The correlation analysis revealed that A51 is
strongly correlated with indices from all three categories. It confirms that A51 is not
a single-dimensional metric but a composite feature simultaneously encoding spectral,
structural, and textural information, thereby providing a holistic quantification of built-up
intensity. A critical insight emerges from the behavior of A51 in complex commercial
districts: while its correlation with NDBI weakened, its strong association with NDWI
persisted. This indicates that A51 is not merely a proxy for NDBI; rather, it is a versatile
feature whose representational focus can shift from surface spectral properties to urban
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canopy structure. Consequently, A51 can be conceptualized as an adaptive composite
indicator capable of adaptively adjusting its focus. The inherent flexibility enables a
comprehensive and dynamic quantification of built-up intensity, explaining why XGBoost
can extract rich contextual information from this single feature to achieve high accuracy.
This interpretation is corroborated by recent research applying GSE to urban air quality; A51
was identified as a dominant predictor for SO2 concentrations, explicitly linking this feature
to the capture of industrial land-use characteristics [63]. The view that A51 effectively
encodes high-intensity urban morphologies is supported by this external validation.

In contrast to the broad applicability of A51, A40 and A18 exhibit pronounced class
dependency. A40 precisely characterizes the spatial patterns unique to residential areas
through its positive correlations with both NDBI and texture metrics. Meanwhile, A18
plays a more multifaceted role; it is sensitive to both the building-shadow complexes in
business districts and the spatial textures of residential areas. This suggests that A18 is
instrumental in identifying transitional built-up patterns between these two distinct types.

4.1.2. Features for Vegetation Characterization

A36, A41, Al4, AO5, and A52 were identified as key indicators for vegetation char-
acterization. Clear functional differentiation exists within this group: A36 serves as a
fundamental metric for overall surface greenness, while the remaining features specialize
in identifying specific spatial patterns of green spaces.

Vegetation indices such as NDVI, EVI, and SAVI are the established standards for quan-
tifying surface vegetation cover [48,64], whereas NDBI and NDWI characterize impervious
surfaces and building shadows, respectively [49]. Correlation analysis identifies A36 as a
fundamental feature exhibiting strong positive correlations with vegetation indices and
simultaneous strong negative correlations with both NDBI and NDWI. These relationships
collectively validate its role as a universal quantitative indicator of surface greenness.

The fundamental nature of A36 is particularly illuminated by its behavior within the
open space class, where its correlations with all other indices uniformly weaken. This
attenuation is observable in both its positive correlations with vegetation indices and its
negative correlations with built-up and shadow indices. This phenomenon aligns with
the V-I-S model framework [65], attributing the weakened correlation to the compositional
nature of open space. Unlike the homogeneous gradient typical of residential areas, open
space represents an aggregation of spectrally extreme endmembers—such as dense vegeta-
tion and bare soil [66,67]. Specifically, within residential areas, which consist of a mixed
and continuous gradient of endmembers [68,69], the value of A36 moves in a predictable,
linear fashion with physical indices. For instance, as a parcel’s green coverage increases, its
A36 value rises in tandem with NDVI. In this context, A36 faithfully tracks the gradual shift
in the land cover mix. The open space category, in contrast, is not a smooth gradient but
rather an aggregation of spectrally distinct parcels from the extremes of the V-I-S feature
space, where a single park, for instance, can be a composite of vegetation, bare ground, and
plazas [70]. Within this class, the tight, linear relationship between A36 and physical indices
like NDVI dissolves. When these spectrally distinct parcels are analyzed as a single group,
their data points do not form a continuous trend but rather cluster at opposite ends of the
feature space. This high intra-class heterogeneity, characterized by a lack of intermediate
values, violates the assumptions of linearity inherent in standard correlation metrics, lead-
ing to a statistical dilution of the correlation coefficient [71]. Consequently, this observation
validates A36 as a fundamental metric for overall surface greenness, distinguishing it from
indicators that merely serve as proxies for semantic land use categories.

Specific features capture distinct vegetation configurations. A41 is sensitive to dense,
homogeneous vegetation, effectively combining a strong vegetation signal with high spatial
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uniformity. In contrast, A14 responds primarily to the texture of low, uniform vegetation
such as grasslands, thereby directly encoding low spatial heterogeneity. The role of A05 is
particularly sophisticated; it encodes the physical signature of high greenness with min-
imal shadow—a characteristic corroborated by its correlations with vegetation indices
and NDWI within residential areas. This capability allows AO5 to precisely identify pat-
terns of open green spaces interspersed among buildings. Finally, A52 functions as a
subtle indicator of background vegetation, providing the supplementary information re-
quired to differentiate parcels that are spectrally similar yet distinct in their fine-grained
vegetation details.

4.2. Deconstructing the Model’s Hierarchical Decision Logic
4.2.1. Convergent Strategies for Distinct Classes

For physically distinct classes such as business and open space, the decision
logic of both models largely converged, grounded explicitly in the previously decoded
physical attributes.

Both models utilized feature A51, which represents high built-up intensity, as the
core positive predictor for identifying business. Concurrently, high values in vegetation
features, such as A36 and A52, served as strong negative predictors, establishing a clear
dual-confirmation mechanism. Conversely, the identification of open space relied heavily
on core vegetation features, particularly A36 and A41, with decision logic centered on the
direct quantification of vegetation abundance. In particular, XGBoost exhibited exceptional
focus, with the combined contribution of these key vegetation features alone reaching
78.54% for this class. This underscores the model’s capacity to isolate core discriminative
information, thereby constructing an efficient and reliable decision pathway.

4.2.2. Divergent Strategies for Ambiguous Classes

The models’ decision strategies diverged significantly when distinguishing between
spectrally similar classes prone to confusion, specifically residence and institution.

The approach of the RF model appeared comparatively passive and inefficient. This
behavior can be interpreted through the lens of bagging algorithms operating on highly
collinear data. Because Random Forest builds each tree independently on a bootstrap sam-
ple of data and features, correlated predictors can dilute importance, leading to a democracy
of many weak features rather than a clear directive from a few strong ones [72,73]. This
theoretical trait manifested clearly in our results. Its identification of institution relied
primarily on negative contributions from several core features (A36, A41, A05, A51), rep-
resenting a strategy of elimination lacking strong positive predictors. Similarly, its logic
for residence was indistinct, characterized by a diffuse pattern with no single dominant
feature. This reliance on a combination of weak, competing signals resulted in ambiguous
decision boundaries.

In stark contrast, XGBoost developed a more sophisticated and proactive non-linear
strategy, which aligns with the sequential, error-correcting nature of boosting algo-
rithms [74]. By building trees sequentially to correct the errors of the previous ones,
XGBoost can learn complex feature interactions and dependencies. For institution, it
learned a refined comparative exclusion rule, using feature A40 (residential texture) to
effectively exclude residence. However, the model’s core breakthrough lay in its classifi-
cation of residence. It discovered a specialist feature—A39—which exhibited powerful
local discriminative ability despite its low global importance. This discovery provides a
powerful illustration of the limitations of global feature importance metrics and highlights
the explanatory power of local, instance-based methods like SHAP [75]. While global
rankings might dismiss A39 as irrelevant, its targeted, high-impact role in specific decision
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paths is a crucial mechanism that only local explanations can uncover. Leveraging this,
the model learned a potent exclusion rule: when a parcel exhibited the unique pattern of
A39, it generated a strong negative SHAP value, leading to decisive exclusion from the
residential class.

In summary, XGBoost’s performance advantage stems from its ability to discover
highly specific features for complex classification tasks and to construct sophisticated,
targeted decision strategies based on them. This observation aligns with comprehensive
comparative studies in remote sensing, which indicate that gradient boosting frameworks
frequently outperform bagging ensembles when navigating complex, non-linear feature
spaces [76]. This strategic evolution from RF’s broad, diffuse logic to XGBoost's precise, hi-
erarchical targeting provides a deep mechanistic explanation for its superiority in handling
high-dimensional, collinear remote sensing data.

4.3. Deconstructing the Mechanisms Behind XGBoost’s Superior Performance

Feature selection in RF models, which typically relies on metrics such as information
gain, is susceptible to collinearity—a vulnerability that often dilutes the importance of
correlated features [77]. In contrast, XGBoost leverages regularization terms and a gradient
boosting mechanism to learn effectively from groups of highly correlated features [54,76,78].
This capability was evident in the superior performance of XGBoost on GSE data, partic-
ularly in distinguishing between complex, spectrally similar classes such as institution
and residence.

A spearman correlation analysis on the 64 input features was conducted to investigate
whether the algorithm’s advantage stems from its capacity to handle high-dimensional mul-
ticollinearity. Analysis revealed that 23.9% of all feature pairs exhibited moderate-to-high
correlation (absolute coefficient > 0.5) (Figure S1), confirming significant multicollinearity
within the dataset. Such multicollinearity is likely an intrinsic property of deep learning em-
beddings, where features are learned to be rich yet redundant, capturing overlapping facets
of identical underlying geographic patterns. This decision was critical because the 64 fea-
tures (AO0-A63) constitute a dense and indivisible holistic representation. These features
are highly coupled, meaning individual dimensions are not independently meaningful.
The full feature set was deliberately retained without applying dimensionality reduction
techniques such as Principal Component Analysis (PCA), as doing so would disrupt their
collective semantic structure. This methodological choice aligns with emerging practices
in the application of AEF embeddings, which advocate for retaining the full feature set to
preserve the integrity of the learned representation and allow the model to handle feature
selection internally [63].

Given the characteristics of the dataset, the performance gap between RF and XGBoost
can be attributed to their inherently different learning mechanisms. The Bagging-based
parallel architecture of RF tends to disperse its discriminative power when encountering
highly correlated features (e.g., A36 and A41). In such cases, the model distributes im-
portance across multiple redundant predictors, which weakens the clarity of its decision
boundaries. As a result, RF’s internal logic especially for ambiguous classes such as resi-
dence becomes obscured, leading the model to rely on combinations of weak signals for
passive exclusion rather than decisive classification. This behavior is consistent with the
SHAP interpretability patterns discussed in Section 4.2.

Conversely, XGBoost’s sequential boosting mechanism transforms the challenge of
collinearity into an advantage through hierarchical learning [45]. The process is iterative:
the model first employs general-purpose features, such as A51 (representing built-up
intensity), for a coarse-grained classification of simpler samples. It subsequently focuses on
the prediction errors, or residuals, from this initial stage. This enables the identification
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and prioritization of specialist features, such as A39, which are not globally dominant but
are crucial for correcting specific misclassifications. Through this progression from broad
classification to precise correction, XGBoost constructs a significantly more sophisticated
non-linear strategy than RF [76,78]. This hierarchical learning mechanism provides the
fundamental algorithmic basis for its superior performance and precision.

4.4. Major Contributions

First, it establishes a novel synergistic framework that forges a practical third way
for trustworthy land use classification. As highlighted in the Introduction, current urban
analytics faces a fundamental dilemma: traditional methods suffer from a shallow feature
bottleneck limiting their capacity to capture complex urban morphology [20,21]. Conversely,
while end-to-end deep learning models offer superior feature learning capabilities, they
typically demand massive annotated datasets and substantial computational resources to
train from scratch [79]. Moreover, their inherent opacity creates a significant trust deficit
that explicitly hinders their adoption in high-stakes policy-making, where explainability
is often a legal or ethical requirement [80]. Our framework navigates this trade-off by
integrating ready-to-use deep learning embeddings (GSE) with XAl This strategy aligns
with the emerging paradigm of Deep Feature Extraction in remote sensing [63], which
leverages the generalization power of large-scale pre-trained foundation models without
the computational cost and opacity of full network training. The framework demonstrates
that competitive performance (OA = 85.00%) can be achieved using a single, globally
consistent embedding source, effectively solving the dual challenges of feature limitation
and model opacity. Crucially, the remarkable consensus between the RF and XGBoost
models in identifying key discriminative features serves as powerful, algorithm-agnostic
validation that GSE data effectively encodes intrinsic patterns for urban land use.

Second, it pioneers a systematic methodology for bridging the gap between machine
logic and domain logic in urban Al. A critical epistemic limitation of current XAI appli-
cations, as noted earlier, is that their explanations often remain confined to identifying
what data is prioritized without articulating why in a geographically meaningful way.
Most existing studies applying explainability techniques in urban science have focused
primarily on producing feature importance rankings [81,82]. The work advances this by
decoding the tangible geographic semantics of abstract features. For example, our study
moves beyond prior interpretations that linked A51 to broad categories like industrial
land-use [63], revealing it instead as a more nuanced adaptive indicator of built-up in-
tensity. Furthermore, it validates A36 as a biophysical quantifier of surface greenness by
explaining its seemingly paradoxical correlation loss in open space. This translation of
abstract signals into a planner-centric narrative directly addresses the interpretive divide,
fostering actionable insights beyond what traditional feature ranking can offer.

Third, it delivers deep mechanistic insights into advanced model performance, moving
beyond black-box accuracy metrics. Comprehensive remote sensing studies consistently
show that gradient boosting frameworks outperform bagging ensembles in complex clas-
sification tasks [76]. Our study moves beyond this established finding. We elucidate the
underlying algorithmic mechanisms for XGBoost’s success, specifically within the context
of high-dimensional geospatial embeddings. This analysis validates theoretical expecta-
tions regarding gradient boosting’s handling of multicollinearity [83] but provides novel
empirical evidence in the domain of deep learning features. We reveal XGBoost’s superior
ability to construct a hierarchical decision strategy—using generalist features for broad
classification and then leveraging specialist features (e.g., A39) for fine-grained corrections.
This provides a clear mechanistic explanation for its robustness, offering valuable lessons
for model selection in the era of geospatial foundation models.
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4.5. Limitations

While this study offers valuable contributions, several limitations should be acknowl-
edged as they present avenues for future research.

e  First, a fundamental limitation arises from the trade-off between semantic relevance
and spatial detail. The parcel-based approach, which defines the parcel as the de facto
Minimum Mapping Unit (MMU), is a deliberate choice to align the analysis with the
scale of urban planning. However, this aggregation inevitably results in a loss of intra-
parcel heterogeneity. By assigning a single functional label to each parcel, the model
cannot resolve fine-grained, mixed-use realities, such as ground-floor retail within a
residential building. This limitation is intertwined with the simplified classification
scheme and controlled sample size. for instance, merging commercial and industrial
land overlooks nuanced functional differences. Future work should aim to develop
hybrid models that not only adopt more granular classification hierarchies but also
quantify the degree of functional mixture within each parcel, rather than assigning a
single hard label.

e Second, a key limitation relates to the sample size and its implications for model
complexity and overfitting. The dataset, consisting of 800 high-quality parcels, is
modest relative to the 64-dimensional GSE feature space. This imbalance introduces
the risk of the Hughes phenomenon, where classification accuracy can degrade as
feature dimensionality increases relative to the number of training samples [84]. While
rigorous cross-validation, hyperparameter tuning, and early stopping proactively miti-
gated this limitation, the limited sample size necessarily constrained the complexity of
the classification scheme that could be reliably implemented. This constraint directly
led to decisions such as merging commercial and industrial land into a single class.
Future research with access to larger, more comprehensive ground-truth datasets
would be crucial to validate the findings and explore more granular classification
systems without the heightened risk of overfitting.

e  Third, the practical applicability and transferability of the framework face significant
barriers. The methodology’s performance is highly dependent on the availability
of high-quality auxiliary data, particularly a reliable road network (e.g., from OSM)
for accurate parcel delineation, which may be unavailable in many urban contexts.
Relatedly, the reliance on GSE data inherently lacks direct socioeconomic informa-
tion. While effective for capturing physical patterns, remote sensing data alone often
struggles to distinguish morphologically similar but functionally distinct zones, a gap
that social sensing data is better positioned to fill [10]. Future research could enhance
transferability by exploring fusion with more universally available social sensing
data. Furthermore, the current multi-step workflow requires considerable technical
expertise, posing a challenge for widespread adoption. A critical direction for future
work is therefore to encapsulate this entire process into an automated, user-friendly
tool or cloud-based platform.

e  Finally, regarding interpretability, several nuances must be acknowledged. It is es-
sential to remember that SHAP analysis elucidates model-specific correlations, not
real-world causal mechanisms [75]. Furthermore, the raw outputs of XAI methods
like SHAP, while scientifically robust, can be cognitively overwhelming due to the
high volume of data they present. They do not automatically generate a holistic image
for non-specialists. This aligns with recent critiques in Human-Computer Interaction,
which suggest that algorithmic explanations often require a human-in-the-loop to
bridge the gap between technical feature importance and domain-specific semantic
understanding [85]. Therefore, a critical step, demonstrated in this study, is the re-
searcher’s role in synthesizing these complex outputs into a coherent narrative. Any
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future user-friendly tool based on this framework must not only provide explainability
charts but also include features that guide the user through this interpretive process.

5. Conclusions

This study demonstrates the potential of combining machine learning with GSE
data for land use classification in the central urban area of Nanning. By leveraging the
64-dimensional deep features from GSE, a practical workflow was demonstrated that
offers an efficient alternative to training custom deep learning models from scratch or
relying on traditional hand-crafted feature engineering. The XGBoost model significantly
outperformed the RF model across all metrics. Its OA reached 85.00% =+ 2.24%, and the
Kappa increased from 0.7583 = 0.0230 to 0.8000 £ 0.0298. Notably, a remarkable consensus
emerged between the RF and XGBoost models in identifying key discriminative features,
providing a powerful, algorithm-agnostic validation of the intrinsic information encoded
within GSE data.

A key contribution of this research lies not merely in identifying important features,
but in proposing a systematic method to help decode their tangible geographic semantics.
Through a SHAP-based analysis, the study seeks to move beyond some limits of current
XAl applications by translating abstract deep learning features into a more human-readable,
planner-centric narrative. The ability to connect these abstract features to tangible geo-
graphic concepts like built-up intensity is a valuable step toward making the model’s
decision-making process more transparent and understandable. Furthermore, by decon-
structing the model’s decision logic, the study aimed to provide clearer mechanistic insights
into algorithm performance. The analysis suggests how and why XGBoost may outper-
form its counterparts when dealing with highly collinear data, by highlighting its ability
to identify specialist features and construct sophisticated rules for ambiguous classes
like residence.

The study not only validates the immense potential of GSE as a ready-to-use source
of deep semantic features but also provides a scalable solution for the trustworthy ap-
plication of Al in urban land use. Looking ahead, future work should proceed along
two key directions. First, to enhance practical applicability, the entire workflow could
be encapsulated into an automated, user-friendly tool. This would empower urban plan-
ners and researchers to utilize the framework’s diagnostic capabilities without needing to
navigate the underlying technical complexity. Second, to address the critical question of
generalizability, the spatial transferability of our framework remains to be validated. As
this study was conducted in a single city, future research should involve rigorous inter-city
cross-validation to test the robustness of the model and its semantic interpretations across
diverse urban environments.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence
GSE Google Satellite Embedding
XGBoost Extreme Gradient Boosting
RF Random Forest
XAI Explainable Artificial Intelligence
SHAP Shapley Additive Explanations
OSM OpenStreetMap
POI Points of Interest
AEF AlphaEarth Foundation
ASAN Association of Southeast Asian Nations
MoHURD  Ministry of Housing and Urban-Rural Development
GEE Google Earth Engine
GLCM Gray-Level Co-occurrence Matrix
NIR Near-Infrared
SWIR Short-Wave Infrared
NDVI Normalized Difference Vegetation Index
EVI Enhanced Vegetation Index
SAVI Soil-Adjusted Vegetation Index
NDBI Normalized Difference Built-up Index
NDWI Normalized Difference Water Index
ASM Angular Second Moment
IDM Inverse Difference Moment
DISS Dissimilarity
OA Overall Accuracy
PA Producer’s Accuracy
UA User’s Accuracy
PCA Principal Component Analysis
MMU Minimum Mapping Unit
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Abstract

Climate change increasingly threatens global food security through disrupted precipitation
patterns and extreme weather events, requiring resilient systems for assessing agricul-
tural vulnerability. This study developed and compared machine learning approaches for
predicting cropland vulnerability using Earth Observation data, operationalized through
NDVI anomalies as a defensible biophysical metric. We employed both a dual-stream
deep learning architecture and a Random Forest model to predict 2023 NDVI anomalies
across Bangladesh croplands using a 22-year time series (2001-2023) of MODIS vegetation
indices, ERAS climate variables, and static environmental covariates. A spatially aware
block cross-validation strategy ensured rigorous, independent performance evaluation.
Results demonstrated that the Random Forest model (R? = 0.70, RMSE = 197.03) substan-
tially outperformed the deep learning architecture (R? = 0.02, RMSE = 357.57), explaining
70% of cropland stress variance and enabling early detection of vulnerable areas three
months before harvest. Feature importance analysis identified recent climate variables,
March precipitation, February NDVI, and vapor pressure deficit as primary vulnerability
drivers. Spatial analysis revealed distinct vulnerability patterns, with Natore and Magura
districts exhibiting elevated stress consistent with 2023 drought conditions, threatening
the productivity of the region’s critical irrigation-dependent rice cultivation. These find-
ings demonstrate that simpler, interpretable models can sometimes outperform complex
architectures while providing useful information for early warning systems and precision
targeting of climate adaptation interventions.

Keywords: crop vulnerability; NDVI-anomaly; deep learning; random forest; geospatial
analysis; Bangladesh

1. Introduction

Climate change threatens global food security through intensifying extreme weather
events, shifting precipitation patterns, and rising temperatures that disrupt agricultural
systems worldwide [1]. Deltaic and low-lying agricultural regions face compounded risks
from sea-level rise, increased flooding frequency, and soil salinization, with smallholder
farming communities experiencing disproportionate vulnerability due to limited adap-
tive capacity [2,3]. Due to this, robust vulnerability assessment frameworks are essential
for targeting climate adaptation investments and safeguarding food production in these
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high-risk environments [4]. Bangladesh illustrates this vulnerability paradigm, where 70%
of the population depends on agriculture within a landscape characterized by monsoon
variability, cyclone exposure, and accelerating coastal salinization [5,6]. Recent decades
have witnessed declining crop yields in southern districts due to saltwater intrusion, while
erratic rainfall disrupts traditional planting cycles across diverse agro-ecological zones [7].
These climate-induced stresses directly threaten the livelihoods of 16 million farming
households and national food self-sufficiency targets [8]. Despite this acute vulnerability,
traditional assessment approaches employ composite indices aggregating socio-economic
and biophysical indicators that lack temporal granularity and operate at coarse spatial
resolutions inadequate for precision intervention planning [9]. Earth Observation tech-
nologies enable vegetation monitoring through indices like NDVI, but most applications
focus on yield estimation rather than vulnerability quantification [10]. Machine learning
advances, particularly deep learning architectures processing spatio-temporal data, offer
potential for capturing dynamic climate-vegetation interactions, though interpretability
remains a critical barrier for policy adoption [11,12]. To operationalize agricultural vul-
nerability, defined by the IPCC as the degree to which systems are susceptible to climate
impacts through exposure, sensitivity, and adaptive capacity [13], defensible metrics for
spatial assessment are required. NDVI anomalies, standardized deviations from long-term
vegetation norms, provide an objective Earth Observation (EO)-based proxy for cropland
sensitivity to climatic perturbations, distinguishing stress response from baseline produc-
tivity [14,15]. Negative anomalies correlate with drought-induced crop failures and food
insecurity events, validating their utility as vulnerability indicators in agricultural mon-
itoring systems [16,17]. This study developed and compared machine learning models
to predict 2023 NDVI anomalies across Bangladesh croplands using 22-year satellite and
climate time series. We employed both deep learning and Random Forest approaches with
spatially aware validation, then identified key biophysical drivers through interpretability
analysis. Specifically, we tested two hypotheses: (H1) spatially aware machine learning
models exhibit distinct predictive performances for 2023 cropland NDVI anomalies, with
one model demonstrating significantly superior accuracy; and (H2) interpretability analysis
of the best-performing model identifies a coherent set of key biophysical drivers of cropland
vulnerability, offering strategic guidance for targeted agricultural adaptation strategies.
Our framework generated a national-scale cropland vulnerability map at 250 m spatial
resolution, comparing a novel deep learning architecture against a traditional machine
learning baseline to provided information that is relevant for early warning systems and
climate adaptation planning.

Conceptual Framework

Agricultural vulnerability to climate change, as defined by the Intergovernmental
Panel on Climate Change (IPCC), encompasses the degree to which agricultural systems are
susceptible to adverse effects of climate variability, determined by their exposure, sensitiv-
ity, and adaptive capacity [1]. Traditional vulnerability assessments often rely on composite
socio-economic indices, yet Earth Observation (EO)-based metrics offer objective, spatially
explicit alternatives for quantifying biophysical vulnerability at scale [18,19]. In this study,
we operationalize cropland vulnerability through NDVI anomalies calculated as Z-scores,
which represent standardized deviations from long-term vegetation norms. Unlike abso-
lute NDVI values that merely indicate instantaneous vegetation greenness or productivity,
NDVI anomalies capture the magnitude and direction of departure from expected con-
ditions, thereby directly reflecting cropland sensitivity and stress response to climatic
perturbations [14,15]. This anomaly-based framework aligns with established vulnerability
science that emphasizes temporal deviation metrics as robust proxies for system stability,
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resilience, and adaptive capacity under environmental stressors [20,21]. Empirical evidence
demonstrates that negative NDVI anomalies correlate strongly with drought-induced crop
failures, yield reductions, and food insecurity events across diverse agricultural systems,
validating their utility as vulnerability indicators [16,17,22]. By computing Z-scores from
a 22-year baseline (2001-2022), our approach accounts for local climatic variability and
phenological patterns, enabling identification of cropland areas exhibiting abnormal stress
in 2023 that deviate significantly from historical norms. This methodological approach
distinguishes vulnerability, defined as sensitivity to environmental change from simple
productivity assessments, providing a defensible EO-based metric grounded in both IPCC
conceptual frameworks and agricultural monitoring literature [23].

2. Materials and Methods

The assessment of agricultural vulnerability in Bangladesh was conducted through a
multi-stage, data-driven methodology, employing both a dual-stream deep learning archi-
tecture and a Random Forest model. The approach integrated spatio-temporal satellite data
and advanced model interpretability routine to achieve the study’s objectives. The datasets
utilized in this study were generated using Google Earth Engine (GEE). Temporal climate
data, spanning from 2001 to 2023, included monthly precipitation derived from CHIRPS
(UCSB-CHG/CHIRPS/PENTAD), mean 2 m air temperature and total precipitation from
ERAS5 Daily (ECMWE/ERA5/DAILY), and surface solar radiation and volumetric soil
water from ERA5-Land Daily Aggregated (ECMWEF/ERA5_LAND/DAILY_AGGR). These
climate variables were aggregated into monthly composites for each year and exported
as multi-band GeoTIFFs. Concurrently, monthly Normalized Difference Vegetation In-
dex (NDVI) data for the same period was processed from the MODIS Terra Vegetation
Indices 16-Day Global 250 m product (MODIS/006/MOD13Q1), with monthly compos-
ites generated by averaging available 16-day images. Static environmental features were
also sourced, soil clay, sand, and pH content from OpenLandMap (OpenLandMap/SOL),
and elevation from SRTM 90 m (CGIAR/SRTM90_V4), from which slope and aspect
were subsequently derived. All datasets were consistently clipped to the administrative
boundary of Bangladesh (FAO/GAUL/2015/level0), ensuring a unified spatial extent for
subsequent analysis.

2.1. Data Preparation

The basic step here involved the preparation and alignment of different raster datasets
from 2001 to 2023. Initially, a binary cropland mask was derived from the 2021 ESA
WorldCover land cover map. Pixels classified as ‘Cropland’ (value 40) were assigned a value
of 1, delineating the specific agricultural areas for analysis. Subsequently, all multi-temporal
MODIS Normalized Difference Vegetation Index (NDVI) and climate rasters, alongside
static environmental variables (e.g., elevation, slope, soil properties), were uniformly
reprojected and resampled to a common spatial resolution and extent. The 250 m resolution
and projection of the MODIS Terra Vegetation Indices product (MODIS/006/MOD13Q1)
served as the reference grid for this alignment process. This ensured consistent spatial
resolution and pixel-wise correspondence across all input features.

To ensure all datasets were appropriately aligned to the common 250 m analysis grid,
a dual-resampling strategy was employed based on data type. For all datasets represent-
ing continuous variables including the MODIS NDVI time series, the coarser-resolution
ERAS5 climate data, and the static topographic features, we used bilinear interpolation.
This method calculated new pixel values from a distance-weighted average of the four
nearest neighboring pixels, producing a smooth surface that is a standard and reasonable
approximation for spatially continuous phenomena like vegetation greenness and climatic
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gradients. While this did not create new fine-scale climate information, it was a necessary
preprocessing step for pixel-level model integration. On the other hand, for the initial
processing of categorical data, specifically the land cover map from which the binary crop-
land mask was derived, nearest neighbor resampling was used. This technique assigned
the value of the single closest source pixel to the destination pixel without any averaging,
which was critical to preserve the discrete nature and integrity of the land cover classes
(e.g., ‘cropland’, ‘forest’, “‘water”) and prevent the creation of artificial, meaningless class
values. This two-pronged approach ensured that both continuous and categorical datasets
were handled correctly and accurately aligned for the final analysis.

The target variable for the predictive models was formulated as the NDVI Anomaly
for 2023, calculated as a Z-score representing the deviation from the pixel’s historical norm.
For each cropland pixel, the mean and standard deviation of the annual NDVI values
from 2001 to 2022 were computed. The 2023 NDVI Anomaly was then calculated using
Equation (1).

NDV I3 — Mean x001-2022)

NDVI(anomoly, 2023) — (1)

StdDev(5001-2022)

This approach defined vulnerability as a significant negative deviation from normal
vegetation health, providing a more robust and scientifically grounded target.

The scaler was fitted exclusively on the training data derived from our spatially aware
split to strictly prevent any data leakage. This same fitted scaler was then consistently
applied to transform both the training and validation sets, ensuring that no information
from the validation set influenced the training process or model evaluation.

2.2. Deep Learning Model Architecture and Training

To rigorously assess model performance and prevent overly optimistic results due to
spatial autocorrelation, we implemented a spatially aware block hold-out strategy. The
entire study area was first divided into a 10 x 10 grid. A random 20% of these spatial
blocks were held out to form the validation set, with the remaining 80% of blocks used for
training. This ensured complete spatial independence between the training and validation
data. Furthermore, to contextualize the performance of the dual-stream deep learning (DL)
model, we trained a Random Forest (RF) regresso as a baseline model on the exact same
training and validation data splits. All pixels within the training blocks containing valid
(non-NalN) data were used to fit the models, and the final performance was evaluated on
all valid pixels from the held-out validation blocks.

2.3. Temporal Stream

This component was designed to capture the long-term historical dynamics of veg-
etation health and climatic stressors. A Gated Recurrent Unit (GRU) layer processed the
time series of NDVI and climate data for each pixel. The hidden state /; of the GRU at
time t was computed as

ht = GRU(Xt, ht—l) (2)

where, x; represented the concatenated NDVI and climate features at time ¢, and was a
60-dimensional vector (12 monthly NDVI + 48 monthly climate features). i;_1; was the
hidden state from the previous time step.

This GRU-based temporal modeling approach was conceptually inspired by multi-
scale fusion techniques in graph representation learning, such as those introduced in
the MSF-GCN framework [11], where information from multiple structural and feature
channels is adaptively integrated.

To ensure a robust predictive model free from data leakage, the input features and the
target variable were strictly separated in time. The input features for the temporal stream
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consisted of a 22-year time series spanning from 2001 to 2022, while the model’s prediction
target was the independently derived 2023 NDVI anomaly. No data from the year 2023
was included in the input feature set.

The temporal structure for the GRU was organized by year. For each of the 22
years in the time series, a 60-dimensional feature vector was constructed. This vector
comprised the 12 monthly NDVI values and monthly climate variables for that specific
year. Therefore, the final input tensor provided to the temporal stream had a shape of
(number of samples, 22, 60), where 22 represented the annual time steps processed by the
GRU. This explicit structure ensured the model learned from historical annual patterns to
make its future prediction.

2.4. Static Environmental Covariate Stream

This stream was developed to incorporate the influence of static, time-invariant en-
vironmental characteristics at each pixel’s specific location. The architecture used a fully
connected (Dense) layer to process a vector of static features such as soil properties and
topographic data for each pixel independently. This allowed the model to learn the relation-
ship between these site-specific static conditions and the temporal dynamics of vegetation
health before this information was fused with the output of the temporal GRU stream. The
output, s, from this stream was computed as shown in Equation (3).

s = ReLU(Ws-Xstatic + bs) ©)

where, W; and bs represented learned weights and biases, and ReLU was the Rectified
Linear Unit activation function.

2.5. Fusion and Output

The final hidden state from the temporal stream (/1 finul) and the output from the Static
Environmental Covariate Stream s were concatenated f = [h Finals s| to form a comprehen-
sive feature vector. This fused representation was then passed through an additional Dense
hidden layer and a final Dense output layer, which predicted the 2023 NDVI value.

2.6. Training and Map Generation

The model was compiled using the Adam optimizer and trained for 20 epochs with a
batch size of 256. Specifically, EarlyStopping was configured to monitor the validation loss,
halting training if no significant improvement was observed over a specified number of
epochs (patience = 5, min_delta = 0.001). Crucially, this callback also ensured that the model
weights from the epoch with the best validation performance were restored, guaranteeing
that the final model utilized for inference represented its optimal generalization capability.
This adaptive approach effectively mitigated overfitting to the training data and provided
a robust, data-driven justification for the ultimate training duration, rather than relying on
a fixed, arbitrary epoch count.

Mean Squared Error (MSE) was employed as the primary loss function during training.
To provide a comprehensive assessment of model performance, Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and the coefficient of determination (R?) were
also calculated for both training and validation datasets.

After model training, a national-scale map of predicted agricultural vulnerability
was generated. The trained model was applied to the entire aligned dataset (all pixels
in Bangladesh), producing a 2D prediction map of 2023 NDVI values. Subsequently, this
prediction map was multiplied by the cropland mask. This masking operation effectively
set all non-cropland pixels to a no-data value (—9999), so that the final map exclusively
represented vulnerability within agricultural areas. The resulting vulnerability map was
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saved as a georeferenced raster. To identify the key environmental drivers influencing
the model’s predictions of cropland vulnerability, some model interpretation techniques
were employed.

2.7. Feature Importance Analysis

To interpret the trained Random Forest model and identify the key environmental
drivers of cropland vulnerability, we conducted a feature importance analysis. While
computationally intensive methods like SHAP (SHapley Additive exPlanations) were
initially considered, they proved infeasible due to severe memory constraints encountered
when processing the large-scale dataset. As a robust and efficient alternative, we utilized
the model’s built-in feature importance attribute, which is based on the Gini Importance
(or Mean Decrease in Impurity) criterion. For a regression task, the impurity of a node was
measured by the variance of the target values within it. The importance of a feature was
then calculated by how much it reduced this variance each time it was used to split a node.

The decrease in impurity, Ai, for a split at node t was defined by Equation (4).

left right
Ai(t) = Var(t) - [(Nzt\h ) Var (hepr) + (NtN t )Var(tright>] @)

where Var(t) was the variance of the target values in node t, Ny was the number of samples

in that node, and t),f; and t,;¢,; were the left and right child nodes resulting from the split.
The total importance for a single feature was the sum of these variance reductions across
all splits that used that feature, averaged over all trees in the forest. Thus, this method
provided a global ranking of all input features, allowing for a clear interpretation of the
primary factors influencing the model’s predictions.

3. Results

The initial step in the analysis involved the precise delineation of agricultural areas
within Bangladesh. Utilizing the 2021 ESA WorldCover land cover map, a binary cropland
mask was generated Figure 1a. This mask, with dimensions of 2619 x 2071 pixels, identified
a total of 1,044,974 pixels as cropland.

Cropland Mask and Elevation Map of Bangladesh
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Figure 1. (a) Cropland Mask (2021) and (b) Elevation Map of Bangladesh.

This constituted a considerable area of the total land area within the study region,
providing a focused spatial extent for subsequent vulnerability assessments. The visual
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representation of this mask, clipped to the national boundary, clearly illustrated the distri-
bution of agricultural lands across the country as seen in Figure 1a.

The initial phase of the study involved the preparation and alignment of diverse
spatio-temporal datasets to create a unified input for the deep learning model. A total of
23 annual MODIS NDVI rasters (2001-2023), 23 annual climate rasters (2001-2023), and
6 static environmental rasters were successfully aligned to a common 250 m resolution
grid, matching the extent and projection of the ESA WorldCover 2021 land cover map. This
process was carried out to ensure that pixel-wise correspondence across all input features
remained the same. The target variable, representing the 2023 NDVI values, exhibited
a mean of approximately (0.4852) with a standard deviation of (0.1711). A representa-
tive visualization of the aligned static data, specifically the elevation map of Bangladesh,
confirmed the successful integration of these diverse geospatial layers (Figure 1b).

The deep learning model for crop vulnerability estimation was trained over 20 epochs,
and its learning progression was evaluated by monitoring the training loss and validation loss.

The model’s learning progression is detailed in Figure 2a,b. The training process
utilized an early stopping protocol to prevent overfitting, which concluded training after
7 epochs as the validation loss plateaued. Figure 2a shows the Mean Squared Error (MSE)
for both training and validation datasets, demonstrating rapid initial learning followed
by convergence. Figure 2b illustrates the progression of Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE), providing a more interpretable view of the model’s
predictive error throughout the training.

(a) Model Training History: Loss (MSE) (b) Model Training History: Additional Metrics
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Figure 2. Model Training and Validation History for the Dual-Stream Deep Learning Model. (a)
Mean Squared Error (MSE) loss per epoch. (b) Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE) per epoch.

The process began with a very high initial training loss (MSE) of ~267,067 and a
validation loss of ~130,639, indicating the model started with a large predictive error.
Unlike a smooth descent, the learning curves in Figure 2a exhibited considerable volatility.
The validation loss reached its lowest point of ~127,854 early in the training at epoch 1.
In subsequent epochs, while the training loss continued to decrease, the validation loss
failed to improve further, instead fluctuating and ending at ~133,315. This divergence,
where the model improved on the training data but not on the unseen validation data,
was a classic sign of overfitting. The large and persistent gap between the training and
validation loss curves suggested that the model, while fitting to the training data, struggled
to find a robust, generalizable pattern applicable to the spatially independent validation
set. This outcome confirmed the poor predictive performance indicated by the R? of 0.02
and demonstrated the model’s difficulty with this specific prediction task.
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3.1. Model Performance and Baseline Comparison

To rigorously evaluate the model and contextualize its performance, we compared the
dual-stream Deep Learning (DL) model against a Random Forest (RF) regressor baseline.
Both models were trained and evaluated on the exact same spatially independent training
and validation sets. The final performance metrics, calculated on the held-out validation
blocks, are summarized in Table 1.

Table 1. Performance Metrics on Spatially Blocked Validation Data.

Model MAE RMSE R2
Deep Learning 47.90 357.57 0.02
Random Forest 14.53 197.03 0.70

The results summarized in Table 1 clearly showed that the Random Forest (RF) model
significantly outperformed the dual-stream Deep Learning model. The RF model achieved a
robust R? of 0.70, indicating it explained 70% of the variance in the validation data, whereas
the DL model only achieved an R? of 0.02. This performance gap was further reflected in
the error metrics, where the RF model’s Mean Absolute Error (MAE) of 14.53 and Root
Mean Squared Error (RMSE) of 197.03 were substantially lower than those of the DL model.

To provide a comprehensive understanding of the contributions of different feature
streams, ablation studies were conducted on the initial dual-stream Deep Learning (DL)
architecture. Two ablated models were trained, a ‘temporal-only” model, which utilized
only the GRU-processed temporal features, and a ‘static-only” model, which relied solely on
the static environmental variables. The results from these ablation experiments, alongside
the performance of the full DL model and the Random Forest (RF) model, are summarized
in Table 2.

Table 2. Validation Performance of Deep Learning Model Ablation Studies.

Model Validation R? Validation Loss (MSE)  Validation MAE Validation RMSE

Full DL Model 0.02 (N/A, assumed high) (N/A, assumed high) (N/A, assumed high)
Temporal-Only Ablation 0.0002 129,643.34 32.618 360.060
Static-Only Ablation 0.0278 126,070.01 72.765 355.063
Random Forest Model 0.70 38,822.02 14.535 197.033

(Note: The R? = 0.02 for the full DL model implies very high error values for its MAE/RMSE). (N/A: Not
Available, as the model’s poor R? score made these error metrics uninformative).

The full DL model demonstrated poor predictive performance with an R? of 0.02 on the
validation set. The ablation studies further illuminated the limitations of this architecture.
The temporal-only model achieved a Validation MAE of 32.62 and RMSE of 360.06, while
the static-only model yielded a validation MAE of 72.77 and RMSE of 355.06. These metrics
indicated that neither feature stream, when used in isolation, significantly improved the
model’s overall poor performance. The low R? of the full DL model, combined with
the modest performance of its ablated versions, reinforced the conclusion that this deep
learning architecture, in its current implementation, was not adequately capturing the
complex relationships within the dataset. This comprehensive investigation ultimately led
to our decision to prioritize the Random Forest model, which demonstrated substantially
superior performance with an R? of 0.70, for the final vulnerability mapping and analysis.

The superior accuracy of the Random Forest is visually confirmed in the “Predictions
vs. Actual” plot in (Figure 3), where the model’s predictions align closely with the 1:1 line,
demonstrating a good positive correlation with the true values.
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Random Forest: Predictions vs Actual
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Figure 3. Random Forest Model: Predictions vs. Actual Values on the Spatially Blocked Validation Set.

Beyond its predictive power, a key advantage of the Random Forest was its inter-
pretability. A feature importance analysis was conducted to identify the primary drivers of
cropland vulnerability (Figure 4).
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Figure 4. Random Forest Model: Feature Importance Summary.
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The analysis revealed that recent climatic conditions and vegetation health were the
most influential factors, as shown in Figure 4. Primarily, precipitation in March of the
most recent year (‘yr_4_precip_month_3") emerged as the single most important predictor
with an importance score of 0.05342. This was followed closely by NDVI from February
of the same year (‘yr_4_NDVI_month_2") at 0.05073, and Vapor Pressure Deficit (VPD)
from March of the prior year (‘yr_3_vpd_month_3") at 0.04760. The consistent appearance
of recent climate and vegetation variables among the top predictors highlighted the criti-
cal role of short-term environmental dynamics in determining crop stress. This obvious
feature hierarchy offered useful information, indicating that monitoring hydrological and
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atmospheric conditions during months preceding growing is key for vulnerability assess-
ment. Due to the comparatively better performance as well as interpretation of individual
coefficients, this model was selected for creating the final national-scale vulnerability maps.

After establishing the superior performance and interpretability of the Random Forest
model, it was used to generate the final, spatially explicit crop vulnerability map for all
of Bangladesh (Figure 5a). The model performed inference on the complete dataset of
over one million valid cropland pixels, integrating the full temporal sequence of climate
and NDVI data with the static environmental features. A descriptive statistical analysis
of the generated map, which represents vulnerability as a Z-score anomaly, revealed a
median vulnerability score of approximately 0.74. This positive median suggested that
the central tendency for cropland health in 2023 was slightly above the historical average.
The distribution of vulnerability scores showed a moderate spread, with an interquartile
range (the range between the 25th and 75th percentiles) of 0.74 (from 0.36 to 1.10). This
proved that while a majority of cropland performed near or better than average, significant
local variations in vulnerability existed across the landscape. The full range of predicted
vulnerability for cropland pixels spanned from a minimum of —0.63 (at the 5th percentile)
to a maximum of 1.81 (at the 95th percentile). To facilitate easier interpretation and visual
comparison, this map was subsequently rescaled to a normalized range of 0 to 1, where
0 represents the lowest vulnerability and 1 represents the highest (Figure 5b). A preliminary
visual analysis of the generated maps (Figure 5) revealed distinct geographical patterns of
crop vulnerability that align with known agro-ecological zones and stressors.

Crop Vulnerability Maps of Bangladesh (Random Forest Model)
(a) Predicted Vulnerability (b) Rescaled Vulnerability (0-1)
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Figure 5. Predicted Crop Vulnerability Map of year 2023, Bangladesh.

3.2. Geographical Analysis of Crop Vulnerability

To further investigate the spatial patterns of crop vulnerability, a district-level analysis
was conducted using the Random Forest model’s predictions. The continuous vulnera-
bility map was overlayed on the district boundaries of the country (Figure 6A,B) for a
comprehensive understanding of the vulnerability profile across the districts.

The vulnerability scores derived from this analysis represented by the Z-scores, quan-
tified the deviation of 2023 conditions from historical cropland health baselines per district
(Figure 7). Positive values indicated that a district experienced conditions worse than its
historical average during 2023, signifying heightened crop vulnerability. These districts,
as seen in Natore (+1.21) and Magura (+0.89), represented regions where environmental
stressors, management challenges, or climatic anomalies have pushed cropland conditions
beyond their typical resilience thresholds. On the other hand, negative values denoted con-
ditions more favorable than the historical norm, suggesting either improved agricultural
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management, beneficial climatic conditions, or effective adaptation measures. Districts with
such negative scores, such as Dinajpur (—2.27) and Faridpur (—2.16), demonstrated good
performance relative to their historical baselines. However, this interpretation requires
careful contextualization with a negative score does not necessarily indicate absolute agri-
cultural security, but rather relative improvement compared to a potentially challenging
historical average.

Predicted District-Level Crop Vulnerability Map of Bangladesh (2023)
Analysis by Random Forest Model
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Figure 6. Predicted District-Level Crop Vulnerability Map of Bangladesh (2023) (A) Original vulnera-
bility raster (B) Reclassified vulnerability based on mean Z-scores overlayed on the districts.
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Figure 7. District-Level Crop Vulnerability in Bangladesh (2023): Interpreting Z-Score Anomalies for
the top 30 most vulnerable districts.
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To explain the key biophysical drivers of crop vulnerability identified by the model,
a feature importance analysis was conducted using Gini Importance (as detailed in
Section 2.7). The results, summarized in Figure 8, indicated that while dynamic climatic
and vegetation variables were the dominant predictors, static environmental factors also
contributed measurably to the model’s predictions. Among the static drivers, soil composi-
tion variables such as ‘soil_clay’ (importance: 0.00023) and “soil_ph’ (importance: 0.00012)
emerged as the most important static determinants of vulnerability, closely followed by
elevation (importance: 0.00022).

Static Feature Importances - Random Forest
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Figure 8. Feature Importance Summary of the Static Drivers in Predicting Vulnerability.

Topographic features like slope with importance (0.000115) and aspect, represented by
aspect_sin (0.00026) and aspect_cos (0.00020) also contributed. The importance of aspect
was comparable to key soil parameters such as clay content (0.00023) and pH (0.00012),
though both topography and soil remained less influential than the dominant temporal
climate—vegetation variables. This highlighted the combined role of inherent landscape
and soil characteristics in shaping long-term agricultural resilience, complementing the
immediate impacts of climatic fluctuations.

4. Discussion
4.1. Model Performance and Interpretability Trade-Offs

This study revealed a critical finding that challenges prevailing assumptions in agricul-
tural vulnerability modeling, the simpler Random Forest (RF) model substantially outper-
formed the more complex dual-stream deep learning (DL) architecture, achieving an R? of
0.70 compared to 0.02 for the DL model. This result aligned with recent comparative studies
in environmental prediction, where Hengl et al. [12] demonstrated that ensemble tree-based
models frequently matched or exceeded deep learning performance for spatial prediction
tasks involving heterogeneous environmental covariates. Similarly, Maxwell et al. [24]
found that Random Forest models outperformed convolutional neural networks for land
cover classification when training data were limited or spatially clustered, a condition
analogous to our spatially blocked validation approach. The superior performance of RF
in our study likely stemmed from its inherent ability to handle non-linear relationships
and feature interactions without requiring the massive sample sizes typically needed for
deep learning convergence [25]. Our ablation studies further illuminated this limitation,
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revealing that neither the temporal (R? = 0.0002) nor static (R? = 0.0278) streams contributed
meaningfully to predictive accuracy when isolated, suggesting fundamental architectural
limitations rather than data quality issues. This finding contrasted with successful applica-
tions of LSTM and GRU architectures in crop yield prediction [26,27] where longer time
series (>30 years) and higher temporal resolution (daily) data facilitated effective temporal
pattern learning. The interpretability advantage of RF proved equally significant, as feature
importance analysis directly identified effective drivers of recent precipitation, NDVI, and
vapor pressure deficit without requiring computationally prohibitive post hoc explanation
methods like SHAP, which proved infeasible at our scale. However, the superior predictive
performance of RF must be interpreted within the broader conceptual framework of how
vulnerability is operationalized, particularly given our deliberate focus on biophysical
sensitivity as the measurable dimension of the IPCC vulnerability framework.

4.2. Comparison with Composite Vulnerability Indices and EO-Based Approaches

To comprehensively compare our methodology with existing approaches, we began
by positioning our operationalization of vulnerability within the classical IPCC framework.

4.2.1. Conceptual Positioning of Biophysical Sensitivity Within the IPCC
Vulnerability Framework

Our operationalization of vulnerability through NDVI anomalies deliberately focuses
on the biophysical sensitivity component of the classical IPCC vulnerability framework,
which defines vulnerability as a function of exposure, sensitivity, and adaptive capacity [13].
This methodological choice requires explicit justification given its conceptual restrictions.
Sensitivity, the degree to which a system is affected by climate stimuli represents the most
directly observable dimension through Earth Observation data, as vegetation stress re-
sponses manifest measurably in spectral indices [28]. However, this approach inherently
excludes adaptive capacity (socio-economic resources, institutional support, technological
access) and partially captures exposure (climatic hazard intensity) without accounting for
differential human exposure pathways [29,30]. This limitation is not merely technical but
conceptual as by isolating biophysical sensitivity, we measure potential vulnerability rather
than realized vulnerability, which emerges from the interaction of all three dimensions [31].
Turner et al. [19] demonstrated that communities with identical biophysical sensitivity
exhibit vastly different outcomes based on adaptive capacity, while Eakin and Luers [32]
showed that focusing solely on sensitivity risks misidentifying vulnerable populations
where high adaptive capacity buffers climate impacts. This inherent conceptual restriction
means our map highlights areas of potential biophysical stress but does not fully account
for existing coping mechanisms or adaptive capacities at the local level. Consequently, a
region appearing “vulnerable” on our map might in reality be highly resilient due to robust
irrigation infrastructure, well-functioning credit markets, or diversified livelihood portfo-
lios [33], while another appearing “resilient” might be highly susceptible to minor stress
due to lack of adaptive resources, high debt burdens, or limited market access [34]. This
distinction is critical for avoiding misinterpretations in policy and resource allocation strate-
gies. For instance, our identification of Natore district as highly vulnerable (vulnerability
score +1.21) reflects biophysical cropland stress but does not indicate whether local farmers
possess drought-resistant seed varieties, access to supplemental irrigation, or off-farm
income sources that might substantially mitigate actual livelihood impacts [35]. Conversely,
districts with moderate biophysical vulnerability scores might harbor highly vulnerable
sub-populations such as landless laborers, female-headed households, or marginal farmers
whose socio-economic marginalization amplifies their susceptibility to even modest crop
stress [36,37]. Therefore, our framework provides a necessary but partly insufficient vulner-
ability assessment a biophysical foundation that identifies where climate stress is occurring
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but requires integration with socio-economic data to determine who is most affected and
why, as advocated by the vulnerability science community [38,39]. This conceptual posi-
tioning shapes how we must interpret the spatial patterns discussed in Section 4.4 and
highlights the importance of the uncertainties examined in Section 4.3.

4.2.2. Methodological Comparison with Traditional Approaches

Traditional composite vulnerability indices, such as the Livelihood Vulnerability In-
dex (LVI) employed by Hahn et al. [40] and Alam et al. [41] in Bangladesh, aggregated
socio-economic indicators (income diversity, social networks, institutional access) with
biophysical factors (water availability, land degradation) using equal or expert-assigned
weights. While these frameworks captured multidimensional vulnerability, they suffered
from three critical limitations our approach addressed, (1) reliance on infrequent house-
hold surveys that are temporally static, (2) coarse spatial resolution (typically district or
sub-district level) that masked within-region heterogeneity, and (3) subjective weighting
schemes that reduced reproducibility [39]. Our NDVI anomaly-based approach provided
objective, annually updatable, moderate-resolution (250 m) vulnerability estimates, though
admittedly at the cost of excluding socio-economic dimensions. This trade-off mirrored the
evolution in drought monitoring, where standardized indices like the Standardized Precip-
itation Evapotranspiration Index (SPEI) [42] and satellite-based Vegetation Health Index
(VHI) [43] increasingly complemented rather than replaced socio-economic assessments.
Recent integrated frameworks, such as the spatial drought risk model by Meza et al. [44],
demonstrated the potential of combining EO-derived hazard layers with socio-economic
exposure data, an approach our biophysical vulnerability map could readily support. In par-
ticular, our findings corroborated regional studies identifying precipitation variability and
vapor pressure deficit as primary cropland stressors in South Asian deltaic systems [44,45],
while extending spatial coverage beyond previous sub-national assessments [46]. Having
established the conceptual positioning and methodological advantages of our approach,
we now turn to examining the specific uncertainties inherent in our data sources and
modeling choices, and critically, how these uncertainties might quantitatively affect the
spatial vulnerability patterns we observed.

4.3. Model Uncertainties and Spatial Scale Considerations

Several sources of uncertainty warranted acknowledgment in interpreting our results,
with each potentially exerting quantifiable effects on the observed spatial vulnerability
patterns. First, the ERA5 climate reanalysis data, while providing consistent spatial cov-
erage, exhibited documented biases in representing localized precipitation extremes and
monsoonal dynamics in complex topography [47]. These systematic biases could lead to
a substantial underestimation of actual precipitation deficits in flood-prone northeastern
districts during extreme monsoon events [47], potentially causing our model to misclassify
genuinely stressed areas as moderately vulnerable or even resilient. Conversely, ERA5’s
smoothing of localized convective rainfall could overestimate drought severity in districts
that experienced isolated but intense precipitation events not captured at the 0.25° reanaly-
sis resolution [48]. Second, the bilinear resampling of coarse-resolution climate data (0.25°
ERAD5, approximately 27.5 km) to the 250 m MODIS grid, while necessary for model integra-
tion, did not create genuine fine-scale climate information and may have introduced spatial
autocorrelation artifacts [49]. This resampling assigns identical climate values to all 250 m
pixels within each 27.5 km ERAS5 cell, potentially masking the fine-scale microclimatic
gradients in temperature and precipitation that exist across topographic features, water
bodies, or urban-rural transitions, a known limitation when using coarse-resolution climate
data in high-resolution ecological applications [50,51]. Such homogenization could cause
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our model to miss localized vulnerability hotspots where terrain-induced climate varia-
tions create stress conditions not represented in the coarser input data. Third, the 250 m
MODIS resolution, though adequate for national assessment, likely obscured field-level
heterogeneity critical in smallholder systems where plot sizes averaged 0.5 hectares [52,53].
Each 250 m pixel (6.25 hectares) can encompass over a dozen typical smallholder plots in
Bangladesh. Consequently, our vulnerability scores represent spatial averages that could
mask severe stress affecting a substantial minority of farms within a pixel while others
remain unaffected, a fundamental constraint of moderate-resolution data for heterogeneous
systems [54]. This averaging effect may substantially underestimate peak vulnerability in
heterogeneous landscapes where stress is spatially clustered at sub-pixel scales, a known
consequence of scale mismatch in agricultural remote sensing [55]. The spatially blocked
validation strategy, while mitigating spatial autocorrelation bias, may have inadvertently
penalized the DL model if vulnerability patterns exhibited strong spatial structure that
RF could exploit through localized feature interactions [56]. While this methodological
choice could have inflated the apparent gap [57], preliminary analysis with random cross-
validation suggested the core finding of RF superiority was robust. Finally, our 2001-2022
baseline period encompassed significant land use transitions, including expansion of dry-
season irrigation and crop intensification [58], potentially shifting the reference conditions
against which 2023 anomalies were calculated. This temporal non-stationarity could sys-
tematically bias vulnerability estimates, as the baseline ‘normal” vegetation condition no
longer reflects current management intensity. In districts experiencing rapid agricultural
transformation, this could theoretically shift anomaly scores by a notable margin. Future
iterations may incorporate higher-resolution climate products (e.g., CHIRPS at 5 km) and
Sentinel-2 imagery (10 m) to address scale mismatches, alongside ground-truth validation
datasets to quantify prediction uncertainties through ensemble approaches [59] and other
advanced methodologies outlined for Earth science applications [60].

With these uncertainty sources and their potential magnitudes explicitly identified,
we can now interpret the observed spatial vulnerability patterns with appropriate caution,
recognizing where our estimates may be most reliable and where they require validation.

4.4. Spatial Patterns and Agro-Ecological Contextualization

The spatial distribution of cropland vulnerability revealed by our Random Forest
model exhibited patterns consistent with known agro-ecological stressors in Bangladesh,
though these patterns must be interpreted through the lens of the uncertainties and concep-
tual limitations discussed in Sections 4.2.1 and 4.3. Districts with elevated vulnerability
scores during the 2023 dry season, such as Natore (+1.21) in the northwest and Magura
(+0.89) in the southwest, correspond to regions historically characterized by intensified
drought conditions and groundwater depletion. This spatial alignment is corroborated
by previous regional assessments; importantly, Shahid and Behrawan [61] identified the
northwestern Barind Tract including Natore as a critically drought-prone zone with declin-
ing groundwater tables that directly threaten irrigation-dependent Boro rice cultivation.
However, the magnitude of vulnerability in these districts should be interpreted with
awareness of the spatial resolution’s impact discussed in Section 4.3. The 250 m resolution
means our map may not capture intra-district variability, potentially homogenizing condi-
tions where specific smallholder farms might be experiencing substantially higher stress
than the pixel average, particularly in areas with heterogeneous soil drainage or uneven
irrigation access. Furthermore, as highlighted in Section 4.2.1, these biophysical vulnera-
bility scores do not account for adaptive capacity; Natore’s actual livelihood vulnerability
may be substantially lower if farmers have adopted stress-tolerant varieties or possess
diversified income sources [32,33]. On the other hand, districts exhibiting pronounced
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negative vulnerability scores, such as Dinajpur (—2.27) and Faridpur (—2.16), demonstrated
high biophysical resilience. This resilience was achieved despite seasonal forecasts for the
2023 monsoon indicating below-normal to near-normal rainfall and a heightened risk of
drought conditions for these regions [62], suggesting the probable presence of effective
buffering factors such as irrigation infrastructure or adaptive agricultural practices. Yet,
as discussed in Section 4.3, the apparent resilience of these districts could be influenced
by ERA5 biases, which might smooth over localized extreme events not fully captured by
our reanalysis input data [63,64]. Additionally, the conceptual limitation emphasized in
Section 4.2.1 applies here because even if biophysical conditions were favorable, vulnerable
sub-populations within these ‘resilient” districts such as landless laborers or marginal farm-
ers might still face severe livelihood impacts due to socio-economic marginalization and
gendered inequalities, which our vegetation-based metric cannot detect [36,37]. The strong
predictive importance of March precipitation and February NDVI in our model reflected
the critical role of pre-monsoon moisture availability for dry-season crop establishment,
a relationship extensively documented for Boro rice and other Rabi crops in South Asian
agricultural systems [45,65]. However, the temporal resampling of climate data to monthly
aggregates (Section 4.3) may have masked sub-monthly variability critical for specific
phenological stages [66], meaning our model might miss vulnerability driven by brief
but intense dry spells occurring within otherwise “normal” monthly precipitation totals.
Interestingly, coastal districts did not uniformly exhibit high vulnerability scores despite
well-documented salinity intrusion concerns [67]. This pattern requires careful interpreta-
tion as NDVI anomalies primarily capture moisture-driven vegetation stress rather than
salinity stress, which may manifest differently in spectral signatures [68]. Consequently, our
map might underestimate vulnerability in coastal areas where salinity degrades soil fertility
and crop quality without necessarily reducing canopy greenness to the same degree as
drought stress [69]. This suggests that the 2023 growing season may have experienced suffi-
cient freshwater availability, that farmers successfully adopted salt-tolerant varieties [70], or
that our biophysical metric is insufficiently sensitive to salinity-specific stress a hypothesis
requiring ground-truth validation through household surveys, soil salinity measurements,
and yield data. The 250 m MODIS resolution (Section 4.3) further complicates coastal
interpretation, as salinity intrusion often creates sharp spatial gradients at sub-pixel scales.
Severely affected areas may represent only a fraction of a pixel and thus be masked in our
averaged vulnerability scores, a known limitation of moderate-resolution data for detecting
fine-scale environmental stressors [54,55]. These spatial patterns, interpreted through the
explicit consideration of uncertainty sources and conceptual limitations, provide a founda-
tion for designing operational early warning systems, though such systems must integrate
our biophysical vulnerability layer with socio-economic data to achieve comprehensive
risk assessment.

4.5. Implications for Early Warning Systems and Adaptive Management

The demonstrated capability of the Random Forest model to predict cropland vulner-
ability with 70% explained variance using readily available satellite and reanalysis data
presented significant opportunities for operational early warning systems in Bangladesh,
though the conceptual and methodological considerations discussed in Sections 4.2—4.4
shape how such systems should be designed and interpreted. Unlike traditional composite
indices requiring extensive field surveys, our approach enabled near-real-time vulnerability
assessment within weeks of data availability, a temporal advantage critical for timely inter-
vention deployment [71]. The identification of recent climate variables (particularly March
precipitation and February-March vapor pressure deficit) as primary drivers suggested
that vulnerability forecasts could be generated as early as mid-growing season, providing
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a 2-3 month lead time for targeted support measures including supplemental irrigation
allocation, crop insurance payouts, or input subsidy distribution [72,73]. This predictive
window aligned with operational drought early warning systems implemented in East
Africa, where satellite-based vegetation monitoring triggered anticipatory humanitarian
response [74,75]. However, operationalizing our findings requires explicit acknowledgment
of the uncertainties quantified in Section 4.3 and the conceptual limitations outlined in
Section 4.2.1. Early warning systems based solely on our biophysical vulnerability layer risk
misallocating resources if they do not account for adaptive capacity heterogeneity, directing
irrigation support to districts with high biophysical stress scores but robust existing infras-
tructure would be less effective than targeting areas with moderate stress but limited coping
resources [33,35]. To address this, operational systems should integrate our 250 m vulnera-
bility maps with spatially explicit socio-economic data such as poverty rates, credit access,
irrigation coverage, and market connectivity to generate composite risk indices that capture
both biophysical exposure and social vulnerability [76,77]. Such integration would ad-
dress the “necessary but insufficient” nature of our assessment emphasized in Section 4.2.1.
Furthermore, the 250 m spatial resolution of our vulnerability maps exceeded the adminis-
trative granularity of most existing agricultural support programs in Bangladesh, which
typically operated at upazila (sub-district) level, enabling more precise targeting of vulner-
able farming communities. However, as discussed in Section 4.4, the 250 m resolution still
obscures field-level heterogeneity critical for smallholder systems, potentially missing a
significant portion of peak vulnerability occurring at sub-pixel scales, a known limitation
when applying moderate-resolution data to heterogeneous smallholder landscapes [53].
Operational systems should therefore treat our maps as first-stage screening tools that iden-
tify priority upazilas or unions for ground-truthed assessments, rather than as definitive
vulnerability assignments at the pixel level, following best practices for integrating remote
sensing into decision-support framework [10,78]. Combining our moderate-resolution
national coverage with targeted high-resolution (10 m Sentinel-2) assessments in flagged
priority areas would balance scalability with precision [78]. The model’s interpretability
clearly attributing vulnerability to specific climatic and environmental factors facilitates
communication with non-technical stakeholders including extension officers and farmer
organizations, addressing a critical barrier to machine learning adoption in agricultural
policy [79]. The explicit feature importance rankings (March precipitation, February NDVI,
vapor pressure deficit) provide functional entry points for adaptation planning enhancing
water storage capacity for pre-monsoon irrigation, promoting early-maturing varieties to
avoid late-season moisture stress, or expanding weather-indexed insurance tied to these
specific predictors [80,81]. However, communicating the uncertainty bounds discussed in
Section 4.3 such as the potential for significant underestimation of precipitation deficits and
systematic bias from temporal non-stationarity is equally critical to prevent over-confidence
in specific vulnerability estimates. Probabilistic vulnerability forecasts incorporating these
uncertainty ranges, rather than deterministic maps, would better support risk-informed
decision-making [82]. Finally, the strong performance of the simpler Random Forest model
over complex deep learning (Section 4.1) has important implications for system sustain-
ability and scalability. RF models require minimal computational resources for retraining
and inference, enabling deployment on standard computing infrastructure accessible to
national agricultural agencies, whereas deep learning architectures would necessitate the
specialized hardware and expertise outlined in comprehensive reviews of the field [60].
This computational accessibility, combined with the model’s interpretability and the ready
availability of MODIS and ERAS5 data, positions our approach as a viable operational tool
for resource-constrained contexts, provided that users understand its scope as a biophysi-
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cal sensitivity assessment requiring socio-economic complementation for comprehensive
vulnerability mapping.

5. Conclusions

This study addressed a critical gap in agricultural vulnerability assessment by de-
veloping and comparing machine learning approaches for predicting cropland stress in
Bangladesh, a nation facing acute climate risks to food security. In direct response to
our primary objective, we successfully generated a national-scale, moderate-resolution
(250 m) cropland vulnerability map for 2023 using 22-year satellite and climate time series
data. Our comparative analysis definitively demonstrated that the Random Forest model
substantially outperformed the dual-stream deep learning architecture, achieving an R?
of 0.70 versus 0.02 on spatially independent validation data. This finding challenged
prevailing assumptions favoring deep learning complexity and revealed the continued
relevance of interpretable ensemble methods for heterogeneous environmental prediction
tasks, particularly when training data exhibited spatial structure and sample sizes were
constrained relative to feature dimensionality. Addressing our second objective, feature im-
portance analysis of the superior Random Forest model identified recent climatic variables,
specifically March precipitation, February NDVI, and March vapor pressure deficit as the
primary biophysical drivers of cropland vulnerability. This finding validated our NDVI
anomaly-based operationalization of vulnerability as a defensible Earth Observation metric
sensitive to short-term climate perturbations, while also revealing that static environmental
factors (soil properties, topography) played secondary but measurable roles. The spatial
patterns of predicted vulnerability aligned with documented agro-ecological stressors,
with northwestern districts (Natore, Magura) exhibiting elevated stress consistent with
2023 drought conditions, while northern and central districts (Dinajpur, Faridpur) demon-
strated resilience linked to favorable precipitation patterns. The practical implications of
these results extend across multiple domains of agricultural policy and climate adaptation
planning in Bangladesh. First, the demonstrated accuracy and efficiency of the Random
Forest approach established a viable framework for operational early warning systems,
enabling near-real-time vulnerability assessment within weeks of satellite data availability,
a temporal advantage over traditional survey-based indices requiring months to compile.
The 2-3 month lead time provided by identifying March precipitation and February-March
vegetation conditions as key predictors created feasible windows for deploying individual-
ized approaches, including supplemental irrigation allocation in high-vulnerability districts,
expedited crop insurance claim processing, and strategic distribution of drought-resistant
seed varieties for subsequent planting seasons. Second, the 250 m spatial resolution of our
vulnerability maps exceeded the administrative granularity of existing agricultural support
programs, enabling precision targeting of vulnerable farming communities within districts
rather than uniform interventions across heterogeneous landscapes. This spatial precision
could substantially improve the cost-effectiveness of adaptation investments by concen-
trating resources in genuinely stressed areas while avoiding unnecessary expenditures in
resilient zones. Third, the model’s interpretability, transparently linking vulnerability to
specific, measurable climatic and environmental factors facilitated communication with
extension services, farmer organizations, and policymakers who require understandable
justifications for resource allocation decisions rather than opaque algorithmic predictions.
From a methodological perspective, this study contributed a reproducible framework inte-
grating freely available Earth Observation data (MODIS, ERA5, CHIRPS) with open-source
machine learning tools, enabling replication across other climate-vulnerable agricultural
regions in South Asia and beyond. The rigorous spatially aware validation strategy em-
ployed here should serve as a standard for future agricultural prediction studies to avoid
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inflated performance claims arising from spatial autocorrelation. However, several impor-
tant limitations warrant emphasis. Our NDVI anomaly approach captured biophysical
vulnerability dimensions while excluding socio-economic factors (adaptive capacity, mar-
ket access, institutional support) that critically modulate actual food security outcomes,
the 250 m resolution, though improved over district-level indices, remained coarse relative
to smallholder plot sizes and the reliance on reanalysis climate data introduced docu-
mented biases in representing localized precipitation extremes. Future research should
prioritize integration of household-level socio-economic surveys with higher-resolution
satellite imagery (Sentinel-2 at 10 m) and ground-truth yield measurements to develop
truly comprehensive vulnerability assessments bridging biophysical and human dimen-
sions. In conclusion, this study demonstrated that simpler, interpretable machine learning
models can outperform complex deep learning architectures for agricultural vulnerability
assessment when appropriately designed and validated, while simultaneously providing
the transparency necessary for operational deployment in policy contexts. The resulting
vulnerability maps and identified climatic drivers offer immediately workable information
for Bangladesh’s agricultural adaptation planning, with broader methodological lessons
for climate-vulnerable food systems globally.

6. Limitations

While NDVI anomalies provide a spatially explicit and objective proxy for biophys-
ical cropland vulnerability, this approach inherently focuses on vegetation health as an
indicator and does not directly capture the socio-economic dimensions of vulnerability,
including farmer adaptive capacity, market access, credit availability, or institutional sup-
port system [19,33]. NDVI-based assessments represent a proxy for crop stress rather than
direct measurements of yield loss or food insecurity, as the relationship between vegetation
indices and actual harvest outcomes can be modulated by crop type, management practices,
and post-harvest factors [54,78]. Additionally, NDVI saturation in densely vegetated areas
and sensitivity to atmospheric conditions, soil background, and sensor characteristics may
introduce uncertainties in anomaly detection, particularly in heterogeneous agricultural
landscapes [4]. The 250 m spatial resolution of MODIS data, while suitable for national-
scale assessments, may not capture field-level variability critical for smallholder farming
systems that dominate Bangladesh’s agricultural landscape [53]. Future research should
integrate household-level socio-economic data, higher-resolution imagery, and ground-
truth yield measurements to develop comprehensive vulnerability frameworks that bridge
biophysical and human dimensions of climate risk [23].

A further limitation concerns the absence of formal uncertainty quantification and
sensitivity analysis in our modeling framework, which restricts assessment of result robust-
ness. Our reliance on ERA5 climate reanalysis products introduces inherent uncertainties
from model assimilation processes, spatial interpolation, and parameterization schemes
that may not fully capture localized extreme events or microclimatic variations [48,83]. The
temporal resampling strategy employed to align multi-source datasets, while methodologi-
cally necessary, potentially propagates uncertainties through aggregation and may mask
sub-monthly climate variability critical for crop phenological stages [66,84]. Furthermore,
the Random Forest model’s sensitivity to hyperparameter configurations and the spatial
block cross-validation strategy’s dependence on block size selection warrant systematic
sensitivity analyses to establish confidence intervals around predictions [56,85]. Future im-
plementations may incorporate ensemble modeling and data assimilation approaches [86],
along with systematic sensitivity testing of input data quality, temporal aggregation meth-
ods, and model parameterization [87], to provide probabilistic vulnerability estimates with
quantified confidence bounds.
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Abstract

In karst mountainous areas where high-dimensional features coexist with extremely limited
sample sizes, accurate landslide susceptibility mapping remains challenging. To address
this issue, we propose an ensemble framework termed the Triple-Source Probabilistic
Fusion Bidirectional Long Short-Term Memory network (TSPF-BiLSTM). The approach was
tested in Sangzhi County, Hunan Province, by integrating three base learners—Random
Forest (RF), LightGBM, and AdaBoost. Their raw outputs were first calibrated using five-
fold Platt scaling to generate posterior probabilities on a unified scale. A bidirectional LSTM
was then employed to perform deep nonlinear fusion of these cross-model probability
features. Using a total of 618 landslide and 618 non-landslide samples (split into training
and testing sets), the TSPF-BiLSTM model achieved a mean AUC of 0.9525 (£0.0115) under
ten-fold cross-validation, outperforming not only the individual base learners but also
standalone deep learning models (CNN and Transformer). The frequency ratio in the very
high susceptibility zone reached 3.97, significantly exceeding all benchmark models and
confirming its superior capability in high-risk area identification. Multi-model importance
analysis identified NDVI, elevation, and annual rainfall as the dominant regional landslide
predisposing factors. Within the specific ranges of NDVI 0-0.686, elevation 155-462 m,
and annual rainfall 1273.6-1301 mm, landslide frequency ratios consistently exceeded 1.96.
The proposed framework, with its probability-level fusion and embedded regularization
mechanisms, effectively mitigated overfitting despite the small sample size, providing a
robust technical solution for geological hazard risk identification and prevention in the
data-scarce karst terrain of the Wuling Mountains.

Keywords: Sangzhi County; landslide susceptibility; probabilistic fusion; bidirectional
LSTM; karst mountains

1. Introduction

Landslides are among the most widespread and destructive natural hazards in moun-
tainous regions worldwide, posing persistent and severe threats to human life, infras-
tructure, and sustainable development [1]. To facilitate proactive risk management and
mitigation, Landslide Susceptibility Assessment (LSA) has emerged as a fundamental tool
that predicts the spatial probability of landslide occurrence by analyzing relationships
between historical landslides and various conditioning factors such as geology, topogra-
phy, and land use [2]. The evolution of LSA methodologies illustrates a clear trajectory
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from conventional statistical analysis toward advanced computational intelligence and,
increasingly, multidisciplinary integration.

Early LSA research extensively employed statistically based models. Reichenbach
et al. provided a systematic review of techniques, including logistic regression and fre-
quency ratio, establishing a solid foundation for the field [1]. However, the performance
of statistical models is highly sensitive to analysis scale and data quality. For instance,
Polykretis et al. demonstrated that a more detailed analysis scale (e.g., 20 m grids) yields
significantly higher accuracy and predictive capability for logistic regression models com-
pared to regional scales [3]. Yang et al. further quantified the impacts of landslide spatial
representation (point vs. polygon) and raster resolution, finding that finer resolutions
and polygon representation generally lead to improved model performance [4]. These
studies collectively underscore the critical challenges of scale effects and data uncertainty
in model construction.

To overcome the limitations of traditional statistical methods, Machine Learning (ML)
and Deep Learning (DL) algorithms have been widely adopted. Initial research focused
on comparing model performance in specific case studies; for example, Lee et al. showed
that an Artificial Neural Network outperformed logistic regression in Inje, Korea [5].
Subsequent research has advanced toward more complex architectures and integration
with physical principles. Liu et al. proposed an innovative physics-informed data-driven
framework for the Three Gorges Reservoir Area, using the Scoops3D model to guide
non-landslide sample selection before applying Random Forest, which improved the AUC
by 20.1% [6]. Wang et al. introduced a landslide density-based Bidirectional Long Short-
Term Memory model with multichannel input and an optimized sampling strategy for
seismically active mountainous regions, emphasizing the importance of extracting high-
dimensional geospatial features and ensuring model generalization [7]. Xia et al. developed
a KNN-GCN model for slope-unit-based mapping that incorporates spatial correlations
between units [8].

Despite the proliferation of models, significant challenges remain unresolved. First,
many advanced ML/DL models operate as “black boxes” lacking interpretability, which
limits their credibility for critical engineering decisions. In contrast, physics-informed
methods such as limit equilibrium are theoretically more acceptable [9]. Beyond the
landslide domain, interpretable modeling frameworks have also been developed in related
geohazard fields. For instance, in deformation monitoring, Mohamadi et al. proposed an
interpretable causality model for complex subsidence based on PS-InSAR cross-heading
orbit analysis, which successfully distinguishes contributions of different factors to surface
deformation [10]. Such cross-domain methodological insights offer valuable references for
enhancing the transparency of LSA models. Second, models often exhibit strong regional
dependency; their performance depends heavily on the specific study area, data quality,
and feature selection methods, hindering application across diverse geological settings [11].
Third, most LSA models are static, unable to effectively incorporate dynamic triggering
factors such as rainfall or seismic activity [12]. Recent advances in spatiotemporal data
mining provide new opportunities for dynamic modeling. Mohamadi et al. integrated
PS-InSAR time series with space-time cubes and emerging hot spot analysis to identify
anomalous spatiotemporal patterns (new cold spots and new hot spots) preceding building
collapses, achieving a 97% detection rate [13]. This methodology can be adapted to LSA
for capturing precursor deformation patterns related to landslide initiation. Fourth, a
particularly pressing issue is the “few-shot” predicament: acquiring large-scale, high-
quality landslide inventories is costly and challenging, especially in remote and hazardous
mountainous terrain, often resulting in a scarcity of labeled samples [14]. Conventional
data-driven methods are prone to overfitting under such conditions, compromising model
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robustness and generalization. Recent research has explored the meta-learning paradigm
to address this challenge. The core idea is to enable models to learn how to learn, allowing
rapid adaptation to new tasks with only a handful of samples. By learning generalizable
knowledge from related tasks, this approach offers a promising solution to the few-shot
learning problem in LSA [14,15].

In exploring the integration of dynamic factors, recent studies have analyzed the
role of soil hydrodynamic parameters, which are governed by profound physical mecha-
nisms. When soil water content exceeds field capacity and approaches saturation, water
replaces air in soil pores, generating positive pore water pressure. This effectively “lifts”
soil particles, reducing frictional resistance on slopes. Furthermore, vegetation not only
provides mechanical reinforcement through root systems but also actively extracts soil
moisture via transpiration. The hydrological benefit of vegetation is mainly attributed to
the suction generated by transpiration, which lowers soil water content and pore water
pressure, thereby increasing soil shear strength. Research indicates that transpiration-
induced suction maintained by vegetation can significantly improve slope stability under
extreme rainfall; this hydrological effect is crucial under different rainfall patterns, and
vegetation removal would make soil more susceptible to reaching a saturated state [16].
Integrating these physical mechanisms with data-driven models is essential for enhancing
model interpretability.

Although hybrid models combining Convolutional Neural Networks and Bidirec-
tional Long Short-Term Memory networks (e.g., CNN-BiLSTM-AM) are recognized as
high-performing deep learning architectures due to their ability to extract spatial features
and mine temporal dependencies [17,18], no single “best” method exists for LSA. Model
performance depends critically on the specific study area’s geo-environmental context, data
quality, feature selection methods, and strategies for handling few-shot conditions [17].
Therefore, further elucidating model generalizability, parameter sensitivity, and adapt-
ability under few-shot scenarios is essential for enhancing the scientific contribution of
any study.

These universal challenges are acutely relevant for Sangzhi County, Zhangjiajie—a
region characterized by complex geology, concentrated rainfall, and significant human
activity, leading to high landslide hazard risk. However, its landslide inventory is relatively
limited, making it a typical few-shot study area. Tailored susceptibility research addressing
its specific geo-environmental context while balancing accuracy, interpretability, and few-
shot adaptability is notably lacking. Therefore, this study aims to develop an interpretable
landslide susceptibility assessment model for Sangzhi County that integrates the strengths
of physical mechanism understanding and machine learning. The model seeks to address
the black-box limitation and regional dependency of current approaches, explore the
influence mechanisms of key dynamic triggering factors, and enhance model robustness
and generalization in few-shot scenarios by exploring meta-learning or similar strategies.
The ultimate goal is to provide a scientific, accurate, and practical decision-support tool for
landslide risk management in this area.

2. Study Area and Data
2.1. Study Area

Sangzhi County is located on the north-western margin of Hunan Province and
administratively belongs to Zhangjiajie City (as shown in Figure 1). It lies between
109°41'-110°46' E and 29°17'-29°84’ N and forms an elongated east-west strip roughly 104
km long and 51 km wide, covering 3474 km?. Situated in the core of the Wauling Mountains,
the terrain tilts from north-west to south-east and is classified as medium- to high-relief
mountains. The highest point is the summit of Cape Mountain in the Badagongshan massif
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(1898.4 m a.s.l.), whereas the lowest point is the Liuyangxi valley floor (154 m a.s.l.), giving
a maximum relief of 1744 m. The bedrock consists mainly of slate and sandstone of the
Triassic and Silurian systems, with relics of the older Sinian sequence. The climate is
humid subtropical monsoon, with a mean annual temperature of 16.6 °C and mean annual
precipitation of 1440.9 mm, placing the county among the three rainstorm centers of Hunan.
Forest resources are abundant: woodland occupies 79.2% of the total area, the standing
timber volume is about 18.86 million m?, and the forest cover reaches 76.2%. A dense
drainage network is formed by the Lishui and Loushui Rivers together with more than 410
tributaries. The Badagongshan National Nature Reserve harbors large tracts of pristine
evergreen broad-leaved forest and rich flora and fauna, serving as a key ecological barrier
in the middle Yangtze region.
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Figure 1. Overview map of the study area.

2.2. Data
2.2.1. Landslide and Non-Landslide Sample Preparation

Landslide locations (1 = 206) were interpreted from historical archives and high-
resolution Google Earth imagery and are concentrated in the central and southern parts
of the county. To create a balanced dataset, a 30 m buffer was centered on each landslide
centroid, and two additional points were randomly placed inside the buffer; together
with the centroid, this yielded three positive samples per landslide. The 30 m buffer
radius was selected based on the typical size of landslide initiation zones reported in the
literature (e.g., diameters ranging from 10 to 50 m), ensuring that sampled points remain
within the landslide-affected area while capturing intra-zone variability in topographic and
environmental conditions. Negative samples were generated by randomly distributing
618 points at least 1 km away from any landslide polygon, a distance chosen to exclude
latent or unmapped failures and to reduce spatial autocorrelation, thereby decreasing noise
and improving model discrimination. The 206 landslides were then randomly split into
144 for training (~70%) and 62 for testing (~30%). Accordingly, the positive samples from
the training landslides (432 samples) and an equal number of randomly selected negative

https://doi.org/10.3390/1land 15040579
134



Land 2026, 15, 579

samples formed the training set. In comparison, the remaining positive (186) and negative
(186) samples constituted the testing set, approximately representing a 7:3 split ratio. The
final inventory contains 618 positive and 618 negative samples in total.

2.2.2. Environmental Factors

Thirteen environmental predictors were selected for landslide-susceptibility modeling:
elevation, slope, aspect, distance to roads, distance to faults, distance to rivers, mean
annual rainfall, lithology, land-use type, topographic wetness index (TWI), NDVI, soil
type, and vegetation type. Descriptions of evaluation-factor datasets are shown in Table 1.
All covariates were resampled to 30 m resolution, yielding 3,799,219 grid cells across the
county (Figure 2).

Table 1. Description of evaluation-factor datasets.

ID Factor Name (Unit) Abbrev. Natlv.e Resamp} ed Data Source Period/Year
Resolution Resolution
Chinese
Normalized Difference Ecosystem
1 Vegetation Index (-) NDVI 30m 30m Research 2019
Network
p  Vegetation Functional VFG 30 m 30 m CASEarth 2020
Group (-)
3 Elevation (m) DEM 125 m 30m T? 58 ﬁ%lé(g/ls 20062011
4 Slope angle (°) Slope 12.5m 30m TZA 55 z AD]E(E/IS 20062011
5 TWI TWI 125 m 30 m T? 58 11?1%]%(13/(15 2006-2011
6 Slope aspect (-) Aspect 12.5m 30 m TZA 5S i?)l]ﬁ\)/[s 2006-2011
the 1:1,000,000
7 Soil type Soil shp 30 m Soil Map of 1995
China
. Qinghai-Tibet
8 Mean a?;ﬁ; rainfall Rain 1km 30 m Plateau Data 202;2222
Centre
9 Distance to river (m) DistRiv Shp 30m ?f;gastgge;gg?; 2024
10 Distance to fault (m) DistFau 1:200’000._ 30 m 1:2.00 k 2022
scale mapping geological map
11 Lithology (-) Litho 1:200,000- 30m 1:200 k 2022
scale mapping geological map
Wuhan
12 Land-use type (-) LU 30 m 30m University 2021
dataset
13 Distance to road (m) DistRoad Shp 30 m %p;élftgge;ggil)) 2024
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Figure 2. Grading chart of evaluation factors.

2.2.3. Topographic and Topographic Wetness Factors

Topography directly governs slope stability: elevation modulates lithostatic stress and
groundwater flow; steeper slopes increase gravitational driving forces; aspect controls solar
irradiance and rainfall redistribution, thereby altering rock/soil mechanical properties;
TWI quantifies potential surface saturation, with mid-range values frequently coinciding
with high landslide densities. In this study, elevation, slope, and aspect data were derived
from NASA'’s 12.5 m-resolution DEM product provided by Japan’s ALOS satellite, collected
between 2006 and 2011 (Figure 2a—d).

2.2.4. Climatic and Hydrological Factors

Rainfall is the main external trigger, raising pore-water pressure and reducing shear
strength. River undercutting at the toe of slopes further decreases stability; therefore,
distance to rivers was included. Mean annual rainfall for 2018-2022 (native 1 km) was
downscaled to 30 m by kriging [19], and river networks were extracted from OpenStreetMap
(updated 2024) (Figure 2ef).

2.2.5. Vegetation Characteristic Factors

Vegetation enhances slope stability through root reinforcement and evapotranspiration-
induced suction. Vegetation type ranks rooting strength (trees > shrubs > herbs), whereas
NDVTI indicates canopy density; higher NDVI generally implies denser cover and greater
mechanical reinforcement. The vegetation functional group (vegetation type) data (30 m)
were obtained from the CASEarth land cover product [20], and the NDVI layer (30 m) was
acquired from the Chinese Ecosystem Research Network [21].
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2.2.6. Geological and Soil Factors

Lithology, distance to faults, land-use type, and soil type control shear strength,
permeability, and surface loading. Alternating hard/soft beds and intensely fractured fault
zones promote failure, whereas land-use changes alter infiltration and loading. Lithology
and faults were digitized from the 1:200,000 geological map; land use was taken from the
30 m CLCD product [22]; soil type was vectorized from the 1:1,000,000 Soil Map of China.

2.2.7. Human Activity Factor

Road construction alters original topography, redistributes in-situ stress, and induces
dynamic loading; inadequate drainage further raises groundwater levels. Distance to roads
was therefore adopted as the anthropogenic predictor, with road networks extracted from
OpenStreetMap (updated 2024) (Figure 2m).

3. Materials and Methods

3.1. General Workflow
3.1.1. Data Acquisition and Preprocessing

Historical landslide inventories, a 12.5 m resolution DEM, 1 km rainfall grids, 1:200,000
geological maps, and OpenStreetMap road and river layers were systematically compiled
for Sangzhi County. All layers were projected to a common coordinate system and resam-
pled to 30 m to generate a standardized raster stack.

3.1.2. Figures, Tables, and Schemes

High-resolution Google Earth imagery was visually interpreted to delineate 206 land-
slide scarps. A balanced sampling strategy was then applied: two additional points were
randomly generated within a 30 m buffer around each scarp centroid, yielding three posi-
tive samples per slide; 618 negative points were randomly placed >1 km away from any
landslide polygon, resulting in 618 positive and 618 negative samples (n = 1236).

3.1.3. Factor Screening and Importance Analysis

Multicollinearity was first diagnosed using Pearson correlation and variance inflation
factor (VIF); thirteen factors with VIF < 5 were retained. Their relative importance was sub-
sequently assessed through information gain, entropy weight, Random Forest, LightGBM,
and AdaBoost to identify the dominant drivers of landsliding.

3.1.4. Model Development and Performance Evaluation

A Triple-Source Probabilistic Fusion Bidirectional LSTM (TSPE-BiLSTM) framework
was proposed. Posterior probabilities from Random Forest, LightGBM, and AdaBoost were
calibrated by five-fold Platt scaling and concatenated into a six-dimensional vector. This
vector was fed into a 4-layer bidirectional LSTM with attention and residual connections for
deep nonlinear fusion. The proposed TSPF-BiLSTM model was compared with five baseline
models, including Random Forest (RF), LightGBM (LGB), AdaBoost (ADA), Convolutional
Neural Network (CNN), and Transformer. Performance was quantified with AUC, accuracy,
Fl-score, and recall under ten-fold cross-validation to ensure robustness.

3.1.5. Susceptibility Mapping and Validation

The optimal model was applied to each 30 m pixel to produce a landslide-susceptibility
index. Natural-break classification divided the county into five classes (very low, low, mod-
erate, high, and very high). Frequency-ratio analysis and spatial overlay with historical
landslides were used to validate the model’s ability to identify high-hazard zones, provid-
ing a scientific basis for risk reduction and land-use planning in Sangzhi County.
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3.2. Machine-Learning Algorithms
3.2.1. Random Forest (RF)

RF uses Bootstrap resampling to generate multiple training subsets; each subset grows
a CART decision tree, and node splitting is performed only within a randomly selected
feature subset. The final prediction is obtained by majority vote (or averaging), while
the out-of-bag (OOB) error provides an unbiased estimate of generalization performance.
The ensemble is inherently robust to high-dimensional, small-sample, and missing-data
scenarios [23].

3.2.2. LightGBM (LGB)

Within the GBDT framework, LGB employs histogram-based gradient boosting: con-
tinuous features are first discretized into k bins, and optimal splits are searched on the
histogram. A depth-limited leaf-wise growth strategy, combined with exclusive feature
bundling (EFB) and one-sided gradient sampling (GOSS), markedly reduces memory foot-
print and computation time. The algorithm handles categorical features directly without
one-hot encoding while maintaining competitive accuracy [24].

3.2.3. AdaBoost

AdaBoost sequentially trains a series of weak classifiers; at each iteration, the weights
of misclassified samples are increased, and the weighted error of the base learner is com-
puted. The final strong classifier is formed by weighted majority voting. The method is
simple to implement, requires minimal parameter tuning, resists over-fitting as iterations
increase, and can be combined with any weak learner, offering high versatility [25].

3.2.4. CNN

Convolutional Neural Networks (CNNs) employ convolutional layers that apply
sliding filters to extract local patterns through hierarchical feature learning, making them
particularly effective for spatial feature extraction [26]. In this study, we implement a CNN
architecture comprising two convolutional layers (kernel size 1 x 3, with batch normal-
ization and ReLU activation), an adaptive max-pooling layer, and two fully connected
layers for landslide susceptibility classification. Key parameters include: hidden size = 64,
dropout rate = 0.3, and Adam optimizer (learning rate = 0.001, weight decay = 1 x 10~%).

3.2.5. Transformer

The Transformer architecture, built upon self-attention mechanisms, processes input
sequences in parallel and captures long-range dependencies without recurrence, revo-
lutionizing sequence modeling [27]. Our implementation utilizes a single Transformer
encoder layer with multi-head attention (8 heads), a feed-forward network (dimension =
256), and two fully connected layers. Critical parameters include: embedding dimension =
128, dropout rate = 0.1, and Adam optimizer (learning rate = 0.001, weight decay = 1 x
107%).

3.3. Triple-Source Probabilistic Fusion Bidirectional LSTM (TSPF-BiLSTM)

TSPF-BiLSTM is a probability-level, end-to-end ensemble learning framework that
performs second-stage nonlinear deep fusion of posterior probabilities generated by hetero-
geneous base learners for landslide susceptibility prediction tasks. The network architecture
comprises three sequentially connected modules, as illustrated in Figure 3.
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Figure 3. Architecture of the proposed model.

3.3.1. Triple-Source Probability Generation

To capture multi-dimensional characteristics of landslide susceptibility, three het-
erogeneous base learners were independently trained with the following core parameter
configurations: Random Forest with 300 decision trees, a maximum depth of 11, a fixed
number of features randomly selected as candidates at each split, and the Gini index as the
split criterion; LightGBM with 280 boosting rounds, a learning rate of 0.01, a maximum
depth of 5, gradient-based one-side sampling to improve training efficiency, and infor-
mation gain as the split criterion; AdaBoost with 1200 weak classifiers, a learning rate of
0.01, decision stumps (maximum depth of 1) as base learners, and iterative sample weight
adjustments to focus on difficult-to-classify instances. Posterior probabilities from each base
learner were calibrated using 5-fold Platt Scaling to mitigate probability distribution biases
arising from structural differences among models. The three sets of calibrated probabilities
(for each class) were concatenated into a 6-dimensional feature vector, serving as input for
the subsequent fusion model.

https://doi.org/10.3390/1land 15040579
139



Land 2026, 15, 579
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where superscripts pRF+, pRF— denote positive/negative class probabilities. Calibration
guarantees that the three base learners share a common probability scale and supplies an
unbiased input for subsequent deep fusion.

3.3.2. Bidirectional LSTM with Attention and Residual Fusion

The 6-D vector is reshaped into a sequence of length 1 with 6 channels, then fed into a
4-layer bidirectional LSTM. The forward and backward hidden states of the bidirectional
LSTM are concatenated to form the final hidden state representation:

hi = Bi-LSTM(P, Oigm), H = [h 7 hey] € R?® o)

where h ™ and h* ¢ represent the forward and backward LSTM hidden states at time step t,
respectively, and [;] denotes vector concatenation. With time steps T = 1, we obtain hidden
states HERB*1%2% where B is the batch size.

The LSTM output passes through an additive attention mechanism (256 — 256 — 1,
Tanh + Softmax) to generate attention weights, and the weighted sum produces the context
vector. A linear transformation (256 — 256) is applied to the attention output as a residual,
and both are concatenated into a 512-D fusion vector.

3.3.3. Decision Output Layer

After passing through a fully connected layer with ReLU activation, the vector c is
regularized by Dropout (p = 0.5) to mitigate overfitting under small-sample conditions.
This dropout rate has been widely adopted in landslide-susceptibility assessments and con-
sistently shown across diverse small-scale datasets to offer a robust compromise between
preserving model capacity and enhancing generalization, before the softmax layer outputs
the final class probabilities:

y = softmax(Wqut - ReLU(Wg - ¢ + bg.) + bout) 3)

A dropout rate of 0.5 has been widely validated in landslide susceptibility assess-
ments, achieving an optimal balance between preserving model capacity and enhancing
generalization, particularly suitable for small-scale dataset scenarios.

Training configuration: Adam optimizer (learning rate 0.001, weight decay 0.0001),
batch size 32, 200 epochs, cross-entropy loss, and ReduceLROnPlateau scheduler.

3.4. Entropy-Weighting Model

Entropy weighting uses information entropy to quantify indicator dispersion. En-
tropies are computed column-wise on the normalized indicator matrix; a higher entropy
indicates greater disorder and a smaller weight. Difference coefficients are derived as
(1 — entropy), normalized to objective weights, and multiplied by the standardized data
to produce composite scores. The procedure is entirely data-driven, eliminates subjective
judgment, and is often coupled with TOPSIS for multi-criteria evaluation [28].

3.5. Information-Gain Model

Information gain employs Shannon entropy to measure dataset purity. For feature
A, gain is defined as AH = H(S) — H(S| A); a larger gain indicates a stronger ability to
reduce uncertainty, so the criterion is used for decision-tree splitting. The metric is simple,
interpretable, and can guide tree growth or serve as a filter-based feature selector to improve
subsequent modeling efficiency [29].
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4. Results
4.1. Multicollinearity Diagnosis and Feature Selection
4.1.1. Pearson Correlation Matrix Screening

In the present study, pairwise Pearson correlation coefficients were computed for
all thirteen environmental predictors. As illustrated in Figure 4, no absolute correlation
exceeded 0.8, indicating the absence of severe linear multicollinearity; consequently, all
variables were retained for subsequent analysis.

Pearson Correlation Matrix of Features
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Figure 4. Pearson covariance index plot.

4.1.2. Variance-Inflation-Factor (VIF) Refinement

To further exclude potential multicollinearity, VIF was calculated for each predictor
(Figure 5). All VIF values were <5, well below the customary warning threshold of 10 and
the stricter cut-off of 10; the maximum VIF was only 1.7, the minimum 1.1, and the mean
1.42 £ 0.17. The low VIFs indicate strong independence among the predictors; therefore,
all 13 environmental factors were retained for subsequent contribution-rate analysis.

4.1.3. Analysis of the Contribution Rates of the Five Models

Figure 6a—e compares the importance ranks returned by five algorithms. Cross-model
consensus shows that rainfall and elevation are the top two drivers of landsliding in
Sangzhi County (Figure 6). Random Forest assigns the highest weights to elevation (0.186),
rainfall (0.164), NDVI (0.111) and lithology (0.095); AdaBoost emphasizes rainfall (0.210)
and elevation (0.150), followed by distance to faults (0.110) and slope (0.130); LightGBM
ranks elevation (0.149), NDVI (0.142), rainfall (0.144) and aspect (0.110) as most influential;
Entropy identifies NDVI (0.154), rainfall (0.151), and elevation (0.149) as the key contribu-
tors, with aspect (0.137) following closely; Information Gain highlights TWI (0.173) and
NDVI (0.153), with rainfall (0.149) and aspect (0.143) next.
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Figure 6. Contribution rate of evaluation factors of different models.
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Despite minor differences, the consistent primacy of rainfall and elevation underlines
their key roles: rainfall directly controls soil saturation, pore-water pressure, and rock/soil
strength, while elevation integrates relief, hydrology, and human activity intensity, indi-
rectly reflecting slope stability. High ranks for slope and NDVI across algorithms further
confirm the importance of topography and vegetation cover.

4.2. ROC-Curve-Based Accuracy Assessment
4.2.1. Comparative Analysis of Model Performance and Stability

The ROC curve synthetically evaluates the discriminative performance of a binary
classifier by plotting the true-positive rate (TPR) against the false-positive rate (FPR) at con-
secutive decision thresholds [30]. In this study, ten-fold cross-validation (10-Fold CV) was
adopted to assess the performance of six models—Random Forest (RF), LightGBM (LGB),
AdaBoost, Convolutional Neural Network (CNN), Transformer, and TSPF-BiLSTM—and
the corresponding ROC curves are shown in Figure 7. The area under the curve (AUC)
was computed, yielding mean values of 0.9403 £ 0.0129, 0.9003 & 0.0237, 0.8394 £ 0.0323,
0.8693 £ 0.0237, 0.8563 £ 0.0231, and 0.9525 £ 0.0115 for RF, LGB, AdaBoost, CNN, Trans-
former, and TSPF-BiLSTM, respectively. During the 10-fold CV, the original dataset was
randomly divided into ten mutually exclusive subsets; nine subsets were used for train-
ing, and the remaining one for validation. This procedure was repeated ten times, and
the mean and standard deviation of the performance metrics were calculated to estimate
model stability and generalization capability. Examination of 95% confidence intervals
(derived from the mean AUC and standard deviation) shows that TSPF-BiLSTM not only
achieves the highest mean AUC (0.9525) but also possesses the narrowest interval, indi-
cating excellent stability and generalization. The RF model exhibits high discriminative
performance (AUC = 0.9403) with a narrow confidence interval, reflecting robust and
consistent outcomes. The LGB model delivers a mean AUC of 0.9003 with a moderate
confidence interval, denoting acceptable stability. The CNN and Transformer models yield
mean AUCs of 0.8693 and 0.8563, respectively, with comparable interval widths, suggesting
moderate performance and generalization. AdaBoost yields the lowest mean AUC (0.8394)
and the widest confidence interval, signifying substantial performance fluctuations and
limited generalization. Overall, within the landslide-susceptibility models constructed in
this study, the Triple-Source Probabilistic Fusion BiLSTM framework demonstrates the
best comprehensive performance, combining the highest discriminative accuracy with the
most robust estimates; RF also shows exceptionally strong and stable performance, while
LGB, CNN, and Transformer offer acceptable to moderate results, and AdaBoost performs
relatively poorly under the present experimental setting.

4.2.2. Base Learner Contribution Analysis Based on Attention Weights

To explicitly characterize the contributions of the three base learners within the TSPF-
BiLSTM fusion framework, we analyze the self-attention weights generated during forward
propagation. The additive attention mechanism, applied after the bidirectional LSTM layer,
dynamically assigns importance weights to the hidden representations derived from the
probability outputs of the base models. Similar interpretable attention mechanisms have
been successfully applied in landslide susceptibility mapping studies, demonstrating their
capability to quantify input contributions and enhance model interpretability [31]. Across
ten-fold cross-validation, the mean attention weights—interpreted as the relative focus of
the model on each base learner’s output during the fusion process—are quantified as fol-
lows: Random Forest: 0.4025 £ 0.2189 (approximately 40.2%), LightGBM: 0.2359 + 0.0830
(23.6%), AdaBoost: 0.3617 4= 0.2004 (36.2%). These results suggest that Random Forest
receives relatively higher average attention weights in the fusion process, with AdaBoost
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also receiving substantial attention. At the same time, LightGBM contributes stably but
to a lesser extent. The observed standard deviations, particularly for Random Forest and
AdaBoost, reflect the adaptive nature of the attention mechanism, which modulates fo-
cus according to input-specific characteristics. It should be noted that attention weights
indicate the model’s focus on different base learner outputs during dynamic fusion, and
their representation of feature importance is not entirely equivalent to direct measures
such as Gini impurity. This dynamic weighting effectively harnesses the complemen-
tary strengths of each base learner—Random Forest’s robustness with high-dimensional
features, AdaBoost’s focus on challenging samples, and LightGBM'’s efficiency in gradient-
based optimization—thereby enhancing the overall discriminative performance and gen-
eralization ability of the integrated framework. The explicit quantification of attention
weights elucidates the internal fusion mechanism and offers interpretable evidence of how
probability-level integration improves model stability and prediction accuracy in landslide
susceptibility mapping under data-scarce conditions.

ROC Curve (10-Fold Cross-Validation)
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Figure 7. ROC curves of the six models under ten-fold cross-validation.

4.3. Multi-Metric Comparison of Recall, F1-Score, ACC, and Precision Across Six Models

Although the ROC-based analysis indicates that the TSPF-BiLSTM model achieves
a significantly higher AUC than its competitors, relying solely on AUC may provide
an incomplete assessment—particularly under the imbalanced landslide-present versus
landslide-absent conditions typical in regional susceptibility studies [32]. The AUC reflects
the overall discriminative capacity of a classifier; however, when class prevalence is skewed,
it can overestimate the true ability to detect the minority class and may conceal deficiencies
in identifying critical high-risk locations [33,34]. To obtain a more holistic appraisal, we
therefore supplement AUC with accuracy (ACC), recall, precision, and the F1-score, all
derived from the ten-fold cross-validation averages (Figure 8).
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Figure 8. Performance metrics comparison of the six models.

ACC can be disproportionately influenced by correct classifications of the majority
class in imbalanced datasets, potentially creating a “high-accuracy illusion” that masks poor
performance on the minority class of interest [35]. Among the six models, TSPF-BiLSTM
attains the highest ACC (0.8795 £ 0.0186), followed by RF (0.8673 + 0.0180) and LightGBM
(0.8156 £ 0.0320). CNN (0.7719 + 0.0254) and Transformer (0.7759 % 0.0308) perform
moderately, whereas AdaBoost records the lowest ACC (0.7557 £ 0.0328), revealing a
marked shortfall in overall classification performance.

Recall (sensitivity) measures the proportion of true landslide pixels correctly identified.
It was introduced as one of the core evaluation metrics in this study because it directly
reflects the model’s coverage of actual landslide areas; a higher recall can effectively
reduce blind spots in geological hazard assessment caused by missed detections [36].
TSPF-BiLSTM again achieves the highest recall (0.8932 4= 0.0301), demonstrating enhanced
detection of high-risk locations. RF shows a competitive recall of 0.8868 £ 0.0238, while
LightGBM follows with 0.8479 £ 0.0281. Transformer (0.7798 + 0.0524), CNN (0.7509 +
0.0528), and AdaBoost (0.7945 £ 0.0353) exhibit lower recall values, implying a less robust
capability to capture complex landslide signatures, particularly where false negatives are
critical.

Precision indicates the reliability of positive predictions. TSPF-BiLSTM yields the
highest precision (0.8711 % 0.0349), followed by RF (0.8554 £ 0.0357), suggesting both
models make fewer false-positive errors. LightGBM (0.7984 £ 0.0437), Transformer
(0.7745 £ 0.0324), CNN (0.7874 £ 0.0451), and AdaBoost (0.7402 £ 0.0449) show progres-
sively lower precision, reflecting a higher tendency to incorrectly label stable areas
as susceptible.

The F1-score harmonizes precision and recall, offering a single metric for performance
under class imbalance [37]. TSPF-BiLSTM yields the best F1-score (0.8812 4 0.0178), indicat-
ing a well-balanced trade-off between omission and commission errors. RF achieves a close
second with 0.8700 = 0.0159. LightGBM (0.8217 £ 0.0284), Transformer (0.7762 £ 0.0335),
CNN (0.7666 + 0.0278), and AdaBoost (0.7652 % 0.0275) lag substantially behind.

Collectively, TSPF-BiLSTM delivers the best results on all four complementary metrics,
achieving the highest ACC, Recall, Precision, and F1-score. RF performs robustly across all
metrics, closely following TSPF-BiLSTM in multiple categories. LightGBM follows with
acceptable but lower performance, while CNN, Transformer, and AdaBoost yield the weak-
est overall scores, with AdaBoost consistently at the bottom. These findings confirm that
the proposed fusion strategy, which synergizes dynamic weight adjustment with sequence-
aware learning, can effectively enhance generalization in complex geological environments.
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In the following section, frequency-ratio analysis over the very-high susceptibility zone is

used to further validate the model’s ability to localize historical landslide pixels.

4.4. Landslide-Susceptibility Mapping of the Six Models

The trained RF, LGB, AdaBoost, CNN, Transformer, and TSPF-BiLSTM models were
applied to every 30 m pixel in Sangzhi County (3,799,219 cells) to estimate landslide
occurrence probability. The resulting probability surfaces were imported into ArcGIS

10.7 and classified into five susceptibility levels—very low, low, moderate, high, and very
high—using the natural breaks method. The susceptibility maps produced by the four
algorithms are presented in Figure 9.
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Figure 9. Evaluation plot of susceptibility for the 6 models.
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Figure 10(a) and (b) illustrate the predicted distribution of susceptibility classes across

the entire study area and within the known landslide inventory for each model, respectively.

Figure 10c presents the key evaluation metric, the Landslide Frequency Ratio (FR), where a

higher value indicates a greater ability of the model to concentrate known landslides into

high-susceptibility zones.

(a) Percentage of study area pixels

1.0 5
] RF
0.9 4 AdaBoost
1 LGB
03 g8 CNN
- 1 Transformer
o TSPF-BILSTM
0.6
1 S
0.5 S
1 b
0.4 o o ©
(=) . 1
032 - o g g S
o o S o =
1 o S &2 0N [ o2 N
S s =S8—n b s .- m-
0.2 4 as Cpssz 3 ° = s
4 ; =
0.1 3 2 a
] o9 =3 =
= =1
0'0 T T T T T
Very low Low Moderate High Very high
(b) Percentage of landslides pixels
1.0
RF
0.9 AdaBoost
LGB -
0.8 CNN 5
07 Transformer 8
.1 . < <
TSPF-BILSTM 2%
0.6 BN
S
0.5
0.4 - 3
=1
&
0.3 _ _ 3
Q oy
i v OS )
021 s g =
s 255 [855 o
.1 S S d o
0 ss fll 3335 2 k= B S
colCao =1
0'0 T T T T T
Very low Low Moderate High Very high
(¢) Frequency ratio 5
4.0 1 ® i
RF -
35 AdaBoost @
LGB
CNN
3.0 Transformer n
TSPE-BILSTM | &
2.5 &
2.0+
52 g
1.5 1 J @ B il L
o~ —
1.0 2 20 e
S <l S
g. ﬁc
054 o & _°58%8 3
e S Sles
SoS=2 =
Spc®o o
0.0 T T T T T
Very low Low Moderate High Very high

Figure 10. Overview of the classification of susceptibility areas for different models.
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Analysis of the figures reveals distinct performance differences among the models.
The TSPF-BiLSTM model shows a unique pattern in Figure 10a, with its predictions heav-
ily concentrated in the “Very Low” susceptibility class. However, within the landslide
inventory depicted in Figure 10b, the distribution shifts decisively, concentrating in the
“High” and “Very High” classes, similar to other models. This contrast suggests strong
discriminatory power. This is confirmed in Figure 10c, where TSPF-BiLSTM achieves
the highest Frequency Ratio (3.97) in the “Very High” susceptibility class, significantly
outperforming all others, demonstrating its superior efficacy in identifying the highest-risk
zones where landslides actually occur.

In contrast, the Transformer model shows a strong tendency to classify the vast
majority of pixels as “Very High” susceptibility in both Figure 10a,b, yet it yields the lowest
FR (1.43) for this class in Figure 10c, indicating a significant prediction bias. The RF and
LGB models demonstrate robust, similar FR performance in Figure 10c, particularly in the
“Very High” class (3.81 and 3.35, respectively), making them strong benchmarks. The CNN
model exhibits the most distinct FR peak in the “High” susceptibility class. The AdaBoost
model shows intermediate performance across all figures.

In conclusion, the TSPF-BILSTM framework demonstrates a significant advantage in
accurately delineating areas at very high risk of landslides, offering a more reliable tool for
landslide susceptibility mapping.

5. Discussion
5.1. Superiority of the TSPF-BiLSTM Probabilistic-Fusion Framework in Karst Mountains

The TSPF-BiLSTM model achieved a mean AUC of 0.9525 with a standard deviation
of 0.0115 under ten-fold cross-validation, substantially outperforming all baseline models
(Random Forest: 0.9403 £ 0.0129; LightGBM: 0.9003 + 0.0237; AdaBoost: 0.8394 4= 0.0323;
CNN: 0.8693 =+ 0.0237; Transformer: 0.8563 4 0.0231). Its narrow confidence interval
reflects excellent stability across different data splits—a particularly valuable characteristic
given the limited sample size (618 samples per class) in the study area.

This superior performance stems from the framework’s multi-level architecture. First,
Platt-Sigmoid calibration transforms the raw outputs of three heterogeneous base learn-
ers into posterior probabilities on a unified scale, effectively mitigating the confidence-
distribution shifts commonly encountered in ensemble methods. Second, the bidirectional
LSTM layer with attention mechanism and residual connections performs deep nonlinear
fusion of the calibrated probability vectors, capturing complex probabilistic interactions
that simple linear weighting cannot represent. Attention-weight analysis (Section 4.2.2)
revealed that the model dynamically leverages the complementary strengths of each base
learner: Random Forest received the highest average attention (40.2%), reflecting its robust-
ness to high-dimensional features; AdaBoost received substantial attention (36.2%) for its
ability to focus on difficult samples; and LightGBM contributed stably (23.6%), providing
efficient gradient-based optimization. Third, a dropout rate of 0.5 balances model capacity
with the limited sample size, effectively preventing overfitting.

The practical significance of this improved performance is evident in the frequency-
ratio analysis. Within the very-high susceptibility zone, the TSPF-BiLSTM model achieved a
frequency ratio of 3.97, substantially higher than Random Forest (3.81) and LightGBM (3.35).
This indicates that the model not only classifies accurately but also concentrates predicted
high-risk areas more precisely where historical landslides have actually occurred—a crucial
characteristic for practical hazard management.

In contrast, the Transformer model classified 76% of the study area as very-high
susceptibility yet yielded the lowest frequency ratio (1.43) for that class, revealing clear
over-prediction bias likely resulting from the mismatch between its high model capacity
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and insufficient regularization for small datasets. The CNN model showed a distinct
performance peak in the high-susceptibility class rather than the very-high class, suggesting
that its local feature extraction may not fully capture regional-scale landslide drivers.
AdaBoost alone performed the poorest overall (AUC = 0.8394, ACC = 0.7557), consistent
with its known sensitivity to noise and outliers in imbalanced datasets.

5.2. Relationship Between Model Differences and Landslide Probability

The six models exhibit distinct prediction patterns (Figure 9), but these differences are
not arbitrary—they reflect varying sensitivities to the environmental factors controlling
landslide occurrence. The TSPF-BiLSTM framework, through probabilistic fusion, effec-
tively captures consensus among base learners while suppressing individual biases. Its
highest frequency ratio in the very-high class demonstrates that the fused output aligns
more closely with the spatial distribution of historical landslides.

The over-prediction bias of the Transformer model warrants further analysis. Its
tendency to classify most areas as very-high susceptibility likely stems from the self-
attention mechanism overfitting to noise patterns in the small dataset when processing
high-dimensional features, resulting in overly generous decision boundaries. The CNN
model’s peak in the high-susceptibility class rather than the very-high class may indicate
that its convolutional kernels primarily extract local topographic features while failing to
fully integrate regional-scale climatic and geological controls. These differences further
underscore the necessity of ensemble strategies that integrate multiple perspectives; the
TSPF-BiLSTM framework achieves this integration at the probability level, generating a
more balanced and physically plausible susceptibility map.

5.3. Identification of Dominant Predisposing Factors and Landslide Response Mechanisms

Multi-model contribution analysis (Section 4.1.3) consistently identified NDVI
(Table 2), elevation (Table 3), and annual rainfall (Table 4) as the three most important
predisposing factors, with mean contribution rates of 0.152, 0.147, and 0.136, respectively.
Frequency-ratio validation further quantified their influence:

Table 2. Landslide distribution and frequency ratio for different NDVI classes.

NDVI Pixel Count Area Ratio  Landslide Landslide Frequency
Class (%) Pixel Count  Ratio (%) Ratio
0-0.494 30,438 0.008 4 1.9 2.424
0.494-0.686 91,226 0.024 15 7.3 3.032
0.686-0.8 282,766 0.074 44 21.4 2.870
0.8-0.862 1,356,789 0.357 88 42.7 1.196
0.862-1 2,038,000 0.536 55 26.7 0.498

Table 3. Landslide distribution and frequency ratio for different elevation classes.

Elevation Pixel Count Area Ratio  Landslide Landslide Frequency
Class (m) (%) Pixel Count  Ratio (%) Ratio
155-462 968,843 0.255 124 60.2 2.361
462-658 1,111,989 0.293 62 30.1 1.028
658-871 890,423 0.234 15 7.3 0.311
871-1143 594,633 0.157 4 1.9 0.124
1143-1826 233,416 0.061 1 0.5 0.079
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Table 4. Landslide distribution and frequency ratio for different rainfall classes.

Rainfall Pixel Area Ratio  Landslide Landslide Frequency
Class (mm) Count (%) Pixel Count  Ratio (%) Ratio
1214.5-1273.6 637,332 0.168 59 28.6 1.707
1273.6-1301 922,259 0.243 98 47.6 1.960
1301-1328.8 1,130,027 0.297 37 18 0.604
1328.8-1361.4 827,306 0.218 11 5.3 0.245
1361.4-14109 282,295 0.074 1 0.5 0.065

NDVI 0-0.686: Frequency ratios of 2.424-3.032, indicating that areas with sparse or
low vegetation cover are substantially more susceptible to landsliding.

Elevation 155-462 m: Containing 60.2% of historical landslides with a frequency ratio
of 2.361, reflecting the concentration of slope instability at moderate elevations where
human activity and natural processes intersect.

Annual rainfall 1273.6-1301 mm: Frequency ratio of 1.960, confirming that areas
receiving intermediate-to-high rainfall are most prone to failure.

These intervals align well with records from geologically similar karst areas in northern
Guizhou and southeastern Chonggqing, providing a quantitative basis for cross-regional
landslide zoning within the Wuling Mountains karst belt and supporting the regional
applicability of the identified drivers.

It is important to clarify that elevation is a static topographic attribute and should
not be misinterpreted as a triggering factor. The primary triggering mechanism in this
region is rainfall, which directly controls soil saturation and pore-water pressure dynamics.
However, the current study employed mean annual rainfall—a long-term climatic average—
rather than event-based rainfall data. While this captures spatial climatic patterns, it does
not represent the short-term, transient processes that actually initiate slope failure. Similarly,
the analysis did not include direct measurements of soil pore-water pressure or key soil
hydraulic parameters such as field capacity and permanent wilting point, which govern
the transient hydrological response of slopes to rainfall.

5.4. Methodological Considerations and Limitations

Several methodological issues warrant discussion. First, all environmental predictors
were resampled to a uniform 30 m resolution before analysis. The original resolutions varied
considerably: DEM (12.5 m), NDVI and land use (30 m), and rainfall (1 km). Resampling to
30 m preserved the detail of fine-resolution layers while downscaling coarse layers through
kriging (for continuous variables) or nearest-neighbor assignment (for categorical variables).
This standardization ensured spatial consistency and avoided scale-induced artefacts, as
confirmed by multicollinearity diagnosis (all VIF < 5). Nevertheless, downscaling rainfall
through kriging introduces some uncertainty that future work could address through
multi-scale feature extraction techniques.

Second, the excellent performance metrics (AUC = 0.9525, F1 = 0.8812) were ob-
tained through within-area training and testing (70/30 split). While this demonstrates
strong internal consistency within the study region, it does not guarantee transferability
to other areas. The regional dependency of machine learning models—discussed in the
Introduction—remains a fundamental challenge requiring external validation in geologi-
cally similar areas.

Third, despite its strong performance, the current framework does not incorporate
direct measurements of soil pore-water pressure or key hydraulic parameters such as field
capacity and permanent wilting point. These parameters govern the transient hydrological
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response of slopes to rainfall and are essential for representing the physical processes that
lead to slope failure.

5.5. Future Research Directions

The limitations identified above point toward several important directions for future
research:

Integration of dynamic triggering factors: Moving beyond static and averaged factors
to incorporate event-based rainfall intensity and duration data would capture the transient
processes that actually initiate landslides. Ideally, this would be complemented by real-time
or satellite-derived soil moisture information (e.g., from Sentinel-1) to model pore-water
pressure dynamics directly. Furthermore, fusing dynamic rainfall data with time-series
NDVI data and leveraging the powerful temporal prediction capability of deep learning
can realize the upgrade from static susceptibility assessment to dynamic hazard prediction,
which requires the systematic collection of landslide point datasets with temporal attributes
as the core verification data for model training and optimization.

Incorporation of soil hydraulic parameters: Including field capacity, permanent wilt-
ing point, and other soil hydraulic properties would substantially enhance the physical
basis of susceptibility assessments, enabling the model to better represent infiltration and
saturation processes.

Cross-regional validation and transfer learning: Systematic external validation in
neighboring catchments with similar geology is needed to assess model generalizability.
Techniques such as transfer learning or domain adaptation—and potentially the meta-
learning paradigm mentioned in the Introduction—could enable few-shot adaptation to
new areas with limited data.

Multi-scale feature fusion: Developing architectures that can simultaneously process
predictors at their native resolutions would better preserve scale-specific information and
reduce uncertainty introduced by resampling.

Enhanced interpretability: While attention-weight analysis provided insight into the
fusion process, applying techniques such as SHAP or LIME to generate local explanations
for individual predictions would further bridge the “black-box” gap and build trust in
model outputs for practical applications.

Introduction of vegetation-related characteristic factors: Combined with the regional
characteristics of abundant vegetation resources and extensive bamboo distribution in
Sangzhi County, the core karst area of the Wuling Mountains, plant-related evaluation
factors such as Forest Canopy Height (FCH) and Above-Ground Biomass (AGB) can be
introduced into the model in the future. Bamboo has a strong slope-stabilizing effect due
to its developed root system and light-plant mass, which is an important vegetation type
for landslide prevention and control in the study area. Quantitative research on the root
distribution and slope-stabilizing mechanism of bamboo and other typical vegetation will
become a key research direction, and the development of relevant research needs to be
based on the systematic collection of measured vegetation data.

Addressing these directions would progressively transform static susceptibility maps
into more dynamic, physically grounded hazard-forecasting tools, ultimately support-
ing real-time early-warning systems and adaptive land management in vulnerable karst
mountain regions.

6. Conclusions

This study developed and validated a novel landslide-susceptibility assess-
ment framework—the Triple-Source Probabilistic Fusion Bidirectional LSTM (TSPF-
BiLSTM)—specifically designed for data-scarce environments. The framework integrates
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posterior probabilities from three heterogeneous base learners (Random Forest, LightGBM,
AdaBoost) through Platt-Sigmoid calibration and a bidirectional LSTM with attention and
residual connections for deep nonlinear fusion.

Validated in the karst terrain of Sangzhi County, Hunan Province, using a total of
618 landslide and 618 non-landslide samples (split into training and testing sets), the
TSPF-BiLSTM model achieved superior performance across all evaluation metrics: the
highest AUC (0.9525 £ 0.0115), the highest F1-score (0.8812 £ 0.0178), and the highest
frequency ratio in the very-high susceptibility class (3.97). These results demonstrate that a
probability-level fusion framework with appropriate regularization can effectively enhance
model stability and generalization even under severe sample-size constraints.

Multi-model feature importance analysis, supported by five independent techniques,
consistently identified elevation, annual rainfall, and NDVI as the dominant predisposing
factors controlling landslide occurrence in the study area. Frequency-ratio validation
further pinpointed the highest-risk intervals: NDVI 0-0.686 (FR = 2.424-3.032), elevation
155-462 m (FR = 2.361), and annual rainfall 1273.6-1301 mm (FR = 1.960). These intervals
align well with records from geologically similar karst areas, providing a quantitative basis
for cross-regional landslide zoning within the Wuling Mountains karst belt. Notably, NDVI,
as a key vegetation factor, also reflects the close correlation between vegetation coverage
and landslide susceptibility in the study area, laying the foundation for subsequent in-depth
research on the slope-stabilizing effects of typical vegetation such as bamboo.

It is important to distinguish between predisposing factors and triggering mechanisms.
Elevation is a static topographic attribute and should not be considered a triggering factor.
The primary triggering factor in this region is rainfall, which governs pore-water pressure
dynamics and slope saturation. The current study used mean annual rainfall as a spatial
proxy, which captures climatic patterns but does not represent event-scale processes. This
distinction frames the most important direction for future work: the integration of dynamic
triggering factors, particularly event-based rainfall intensity and duration, along with direct
or indirect measurements of soil pore-water pressure and key hydraulic parameters such as
field capacity and permanent wilting point. Fusing dynamic hydrometeorological data with
time-series vegetation-monitoring data and combining deep learning’s temporal prediction
capability will further improve the model’s dynamic hazard prediction ability, for which
the collection of time-attributed landslide inventory data is an essential prerequisite.

The TSPF-BiLSTM framework offers a robust modelling paradigm for landslide sus-
ceptibility mapping in sample-limited karst mountainous areas. Its outputs can be applied
to guide practical mitigation measures in Sangzhi County, including resident relocation
planning, terraced farmland optimization, and low-risk land development. Given the
abundant vegetation resources and extensive bamboo distribution in the study area, the
research results also provide a scientific basis for the selection of slope-stabilizing vegeta-
tion and the formulation of ecological control measures for landslides. By simultaneously
delineating high-risk zones requiring intervention and low-susceptibility areas suitable for
urban expansion and agricultural allocation, this approach effectively bridges disaster risk
reduction with regional development planning—offering tangible value for formulating
sustainable development strategies in vulnerable mountainous regions.
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Abstract

Aligning urban morphology with carbon emission intensity categories is essential for
advancing sustainable urban development and achieving dual carbon objectives. This
study utilizes data from 336 Chinese cities across 2010, 2015, and 2020 to construct
multi-dimensional morphological indicators. Spectral clustering categorizes cities into four
distinct classes: high-emission intensity, medium-emission ecological, medium-emission
developmental, and low-emission. An integrated gradient boosting framework, combined
with SHAP and PDP interpretability tools, identifies key morphological drivers and their
nonlinear contributions to class assignments. Results demonstrate that morphological
features exert nonlinear and threshold-dependent effects on carbon emission intensity
category assignments, exhibiting substantial spatial heterogeneity across urban clusters.
Core drivers, such as economic density and the landscape shape index, follow distinctly
different decision pathways in each category. Furthermore, morphological factors produce
non-additive interactive effects that generate region-specific shifts in classification probabil-
ity. Through this classification-oriented approach, the study provides policymakers with a
systematic and readily interpretable reference to inform the formulation of context-specific
low-carbon spatial planning strategies.

Keywords: urban morphology; carbon emission intensity; interpretable machine learning;
nonlinear effects; spectral clustering

1. Introduction

Driven by the dual imperatives of the global climate crisis and the sustainable develop-
ment agenda, the carbon reduction performance of cities, as key sources of emissions, has
become a focal point of international attention. Cities serve as engines of economic growth,
contributing over 60% of global greenhouse gas emissions and consuming more than
78% of energy. By 2050, the global urban population is projected to increase by 2.5 billion
people, with nearly 90% of this growth concentrated in Asia and Africa. As one of the
countries experiencing the fastest urbanization globally, China’s dramatic evolution of
urban spatial structures has driven economic development while simultaneously creating
severe challenges including ecological space compression, intensified resource consump-
tion, and rising carbon emissions [1,2]. Traditional urban development models, whether
characterized by uncontrolled sprawl or a simplistic pursuit of compactness, struggle to
adequately address the complex challenges of climate change and carbon reduction tar-
gets [3,4]. Therefore, moving beyond binary qualitative judgments of urban morphology as
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‘good’ or ‘bad’ to deeply explore the complex relationships between its multi-dimensional
characteristics and carbon emission intensity holds critical theoretical and practical urgency
for formulating precise, efficient, and spatially adaptive low-carbon urban planning and
management policies.

Urban morphology, referring to the structure, pattern, and three-dimensional char-
acteristics of urban physical spaces, is widely recognized as a key adjustable variable
influencing urban carbon metabolism processes [5-7]. Existing research has accumulated
rich findings from multiple dimensions. At the theoretical framework level, scholars have
systematically elaborated on how urban morphology affects urban thermal environments,
air quality, and carbon metabolism by altering surface energy balance, material flows,
and human activity patterns [8-10]. Sharifi (2019), from the perspective of resilient cities,
demonstrated that macro-scale morphological characteristics (such as polycentricity and
connectivity) may indirectly improve environmental performance by enhancing system
adaptability and resilience [11]. In terms of empirical research, substantial work has fo-
cused on revealing associations between specific morphological indicators and individual
environmental elements. For instance, the positive correlation between building density,
floor area ratio, and urban heat island intensity (UHI) has been confirmed by multiple
studies [12,13], while green space ratio and blue-green space connectivity have been shown
to play positive roles in mitigating heat island effects and improving air quality [14-16].
With advances in remote sensing and geographic information system (GIS) technologies,
research on the environmental effects of urban three-dimensional morphology, such as
building height, sky view factor, and surface roughness, has become increasingly sophisti-
cated, revealing the important role of vertical dimensions in regulating wind environments
and solar radiation reception [17,18].

Despite these fruitful achievements, the existing literature still contains several gaps that
require deepening and integration when explaining the complex geographical relationship
between urban morphology and carbon emission intensity. First, most studies rely on tradi-
tional econometric models such as linear regression and correlation analysis, which assume
stable, homogeneous linear relationships between variables [19]. However, urban systems, as
typical complex adaptive systems, likely exhibit nonlinear, threshold, and saturation effects
in the interactions among their internal elements [20]. For example, the ecological benefits
of green space areas may only become significant after reaching a certain threshold, while
increased building density may reduce per capita energy consumption through intensive
effects in the initial stage but produce negative effects beyond a critical point due to obstructed
ventilation and aggravated heat accumulation [21,22]. Such nonlinear mechanisms have not
been adequately revealed and quantified in the existing research dominated by linear thinking.
Second, existing studies often focus on single or several morphological indicators, lacking
a comprehensive analytical framework that can systematically integrate multi-dimensional
characteristics of urban development scale, spatial pattern, and socio-economic density. Ur-
ban ecological environments result from multi-dimensional interactions between natural
substrates and artificial built environments, and fragmented analyses may overlook key
interactive responses and synergistic effects [23].

Third, conventional urban classification schemes frequently rely on administrative
boundaries, economic aggregates, or demographic thresholds, which often obscure intrinsic
spatial configurations and their distinct associations with emission patterns [24]. Such
predefined categorization methods may introduce arbitrary boundaries and overlook latent
morphological heterogeneity within broadly defined city groups. To address this limita-
tion, this study adopts a data-driven clustering approach grounded in multi-dimensional
morphological indicators. Unlike traditional typologies, this methodology allows urban
spatial categories to emerge empirically from observed physical configurations, thereby
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establishing a more coherent alignment between spatial form and carbon emission intensity
category assignment. The application of spectral clustering further accommodates complex
feature relationships and yields balanced category distributions, providing a structured
foundation for subsequent classification modeling. This morphology-driven framework
offers a complementary perspective to existing urban typologies, facilitating differentiated
spatial governance strategies tailored to distinct form—emission trajectories.

Fourth, while spatial form constitutes a critical adjustable variable, carbon emission
intensity is concurrently shaped by socio-economic, technological, and institutional fac-
tors. Economic structure, particularly industrial composition and regional energy intensity,
remains a primary determinant of emission trajectories [25]. Technological advancement
and energy efficiency improvements consistently demonstrate mitigating associations with
carbon output [26]. Demographic characteristics, including population density and ur-
banization levels, influence baseline energy demands and transportation networks [27].
Furthermore, regional climate conditions and policy interventions introduce contextual
variability in urban emission performance [28]. Acknowledging these multi-dimensional
drivers is necessary for isolating the specific contribution of urban morphology. By incor-
porating these factors as control variables in the analytical framework, the study can more
systematically attribute variations in emission category assignment to spatial form rather
than confounding socio-economic or technological shifts. Finally, methodologically tradi-
tional models have limited capabilities in handling high dimensionality, collinearity, and
complex interactions, making it difficult to accurately capture and explain nonlinear and
non-additive relationship structures among variables. Although some scholars have begun
applying Geodetector to detect spatial differentiation [29-31], or using machine learning
methods such as Random Forest for prediction [32], how to deeply integrate powerful
machine learning predictive capabilities with result interpretability to clearly elucidate
the independent contributions, nonlinear marginal effects, and interaction mechanisms
of various morphological factors on carbon emission intensity remains a cutting-edge
challenge facing current research.

To systematically address these challenges, this study employs data from 336 prefecture-
level cities (excluding Taiwan Province, Hong Kong SAR, and Macao SAR) in China for
2010, 2015, and 2020, yielding a total of 1008 samples. Based on this dataset, the study aims
to construct an analytical system integrating multi-dimensional urban landscape pattern
(urban morphology) indicators and adopt an innovative dual-interpretability machine
learning framework to reveal their nonlinear influence mechanisms on carbon emission
intensity. Specifically, the study will first construct a comprehensive morphological indica-
tor system covering multi-dimensional characteristics. Subsequently, spectral clustering
will be employed to classify national cities into different types based on morphological
characteristics to identify their underlying heterogeneity. On this basis, this study will con-
struct and optimize a gradient boosting model, combined with a SHAP (Shapley Additive
exPlanations) and partial dependence plot (PDP) interpretability framework [33]. While
SHAP quantitatively decomposes the global contribution and importance ranking of each
morphological feature, PDPs are explicitly utilized to visualize the average marginal effects
and nonlinear response trajectories of these features on carbon emission intensity. This
dual approach addresses the interpretability challenges of traditional ‘black-box” models:
it maintains robust predictive performance while enabling the identification of critical
thresholds and variations in influence patterns. This offers a detailed perspective on how
specific morphological changes relate to carbon dynamics, extending beyond conventional
feature ranking.

The potential contributions of this study lie in the following three aspects:
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First, at the theoretical level, this study extends existing understanding by challenging
the assumption that simplifies the relationship between urban morphology and carbon
emission intensity into linear connections. By employing a classified modeling perspective,
it empirically characterizes the prevalent nonlinear responses and context-dependent
threshold effects between the two. This perspective shifts the focus from mere prediction
of continuous values to identifying key morphological pathways associated with carbon
emission intensity variations, offering deeper insights into the complex nonlinear dynamics
in urban systems.

Second, at the methodological level, this study addresses the trade-off between predic-
tive performance and interpretability in continuous variable regression modeling. By inte-
grating the gradient boosting tree model with the SHAP-PDP interpretability framework, a
robust analytical framework is constructed. This method enhances model generalization
while quantifying the differentiated contributions of various morphological features to car-
bon emission intensity levels and their nonlinear influence patterns, providing a valuable
methodological reference for related research.

Third, at the practical level, based on the above theory and methods, the study
conducts empirical analysis on national urban samples. The research conclusions offer
evidence to identify key morphological factors and their potential threshold ranges that
could be considered for regulation to support low-carbon goals in different types of cities.
This provides scientific evidence for national and local governments to implement typified,
differentiated territorial spatial planning and targeted low-carbon urban management.

2. Study Area and Data Sources
2.1. Study Area

China was selected as the research subject primarily based on its typicality and global
reference significance. China is undergoing the largest and fastest urbanization process
in world history, encompassing various urban types from high-density megacities to nu-
merous small- and medium-sized cities at different development stages, forming a highly
representative ‘natural experimental field” in the global urban development spectrum.
This extreme spatial heterogeneity provides a rich sample foundation for systematically
exploring the complex nonlinear relationship between urban morphology and carbon emis-
sion intensity. Compared with Western cities that have completed urbanization, Chinese
cities exhibit greater uniqueness and complexity, as spatial morphological evolution and
carbon reduction pressures coexist and interact during rapid industrialization and urban-
ization [34]. This makes the influence mechanisms identified in the Chinese context not only
capable of providing scientific evidence for promoting ecological civilization construction
and precise spatial planning under the ‘dual carbon” goals but also offering important
empirical experience and strategic insights for other developing countries currently in
rapid urbanization, with certain international promotion value.

To ensure the completeness and comparability of the research data, this study excluded
cities with severe missing data during sample selection, ultimately identifying 336 cities
as the study area. Geographically, China exhibits pronounced altimetry and topographical
heterogeneity, characterized by a three-step descending terrain gradient. The western region
is dominated by high-altitude plateaus and mountainous systems, the central zone comprises
transitional basins and hills, and the eastern region features low-lying plains and coastal belts.
This complex altimetry fundamentally constrains urban spatial expansion, infrastructure
layout, and land-use continuity, thereby generating a highly varied morphological landscape
that serves as the critical geographical foundation for this study.
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2.2. Data Sources and Preprocessing
2.2.1. Data Sources

This study integrated spatial and statistical data from multiple sources. Land use data
(with a resolution of 1 km) were obtained from the Resource and Environment Data Cen-
ter of the Chinese Academy of Sciences (https://www.resdc.cn/, accessed on 1 December
2023). Urban landscape pattern metrics were calculated using Fragstats 4.2 software. Pop-
ulation and economic output data were derived from the China City Statistical Yearbook
(https:/ /data.cnkinet/, accessed on 1 January 2022). Carbon emissions data were from
the China City Greenhouse Gas Working Group (https://www.cityghg.com/, accessed on
1 January 2024). This dataset provides detailed carbon emissions data for various Chinese
cities and has been widely used in previous studies. Given that the dataset is currently only
updated to 2020, and to ensure consistency across all data sources, the study period is limited
to 2010, 2015, and 2020, yielding a total of 1008 samples. All indicators were standardized to
ensure comparability in both statistical definition and spatial coverage across years, forming
a consistent panel dataset that supports the subsequent analysis of nonlinear relationships
between urban form and carbon emission intensity.

2.2.2. Urban Morphological Calculations

The characteristic variable system constructs a multi-dimensional urban morphological
indicator framework, mainly including the following three categories. The first category is
scale characteristics, with the core indicator being the proportion of built-up area, used for the
basic measurement of urban land development intensity and spatial expansion, which has
been widely applied to characterize urbanization levels and their ecological environmental
effects [35]. The second category is spatial morphological characteristics, drawing on mature
landscape ecology principles and index systems [36] which aim to quantify the pattern at-
tributes of urban two-dimensional space. Among them, patch density (PD) and mean patch
area (AREA_MN) jointly reflect the degree of spatial fragmentation and average patch scale.
Largest patch index (LPI) represents the dominance of dominant patches. Landscape shape
index (LSI) and mean shape index (SHAPE_MN) describe the complexity and irregularity
of patch outlines. Edge density (ED) reflects boundary length per unit area. Aggregation
index (Al), clumpiness (CLUMPY), cohesion index (COHESION), and effective mesh size
(MESH) measure spatial aggregation states and landscape connectivity from different per-
spectives. Split index (SPLIT) reflects the degree of landscape division. Indicators in the
spatial morphological characteristics dimension provide standardized analytical tools for
understanding the impact of spatial configuration on ecological processes [37]. The third
category is density characteristics, including people density and economic density, calculated
respectively as the ratio of urban population and secondary and tertiary industry added value
to urban area. These two indicators are key variables characterizing the spatial agglomeration
intensity of socio-economic activities, crucial for understanding the impact of human activities
on resources and the environment [38,39].

Given the high dimensionality and potential multicollinearity among the initial land-
scape metrics, we conducted a systematic variable screening process to reduce redundancy
prior to modeling. Pairwise correlation analysis was first performed, and variables with
correlation coefficients exceeding 0.7 were flagged. Subsequently, a variance inflation factor
(VIF) test was applied, and indicators with VIF > 10 were sequentially excluded to ensure
statistical independence. This screening process reduced the initial 18 morphological indica-
tors to 14 core variables (listed in Table 1), which adequately capture the multi-dimensional
attributes of urban spatial configuration while strictly controlling for multicollinearity.
These selected indicators were then standardized and incorporated into subsequent analy-
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ses. Variable definitions are shown in Table 1, and the descriptive statistics are provided in
Table Al of Appendix A.

Table 1. Urban morphological indicators.

Category Metric Name Definition
Scale Proportion of Built-Up Area Urban land proportion
Shape PD Urban patch density
LPI Largest urban patch index
ED Urban edge density
LSI Urban landscape shape index
AREA_MN Mean urban patch area
SHAPE_MN Mean urban patch shape index
CLUMPY Urban clumpiness index
COHESION Urban patch cohesion index
MESH Urban effective mesh size
SPLIT Urban splitting index
Al Urban aggregation index
Density People Density Ratio of the urban population to the urban area size

Ratio of the total output value of the secondary

Economic Density and tertiary industries to the urban area size

2.2.3. Carbon Emission Intensity Assessment

The core dependent variable of this study is carbon emission intensity, quantified
using carbon dioxide emissions per unit of gross domestic product (GDP). This indica-
tor is a key comprehensive measure for assessing the carbon production efficiency and
low-carbon development level of regional or urban economic systems [40]. Its core value
lies in combining the scale effect of economic activities with the absolute level of carbon
emissions, directly revealing the coupling relationship between economic growth and
carbon emission pressure, and thus being widely used in international comparisons and
policy evaluations [41].

Conceptually, this indicator relates closely to the idea of decoupling in sustainability
research. It measures the extent to which economic growth can be separated from resource
use and environmental impact, with a specific focus on carbon emissions [42,43]. A decline
in carbon emission intensity signals improvements in economic structure, production
technology, or management practices that enable greater economic output with lower
carbon inputs [44]. Compared to total emissions, this intensity measure offers a more
equitable basis for comparing cities at different stages of development, as it controls for
differences in economic scale [45]. It is also more directly linked to the efficiency and
pattern of economic development than per capita emissions. For these reasons, carbon
emission intensity has become a widely used benchmark for evaluating whether urban
development pathways are consistent with low-carbon and sustainability goals.

For predictive modeling, the continuous emission intensity was operationalized as
a binary classification (high- vs. low-carbon categories). This transformation is method-
ologically grounded in three considerations. First, urban carbon intensity typically exhibits
a pronounced right-skewed distribution with extreme high-value outliers, which can
destabilize continuous regression and exacerbate overfitting. Second, in the absence of
universally mandated policy thresholds, the sample median provides a statistically neutral
benchmark to objectively differentiate relatively efficient from inefficient urban systems.
Third, median-based dichotomization yields a balanced class distribution, which enhances
machine learning robustness by mitigating majority-class bias and ensuring consistent sen-
sitivity in detecting morphological drivers across both categories. This approach preserves
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essential distributional characteristics while aligning the analytical framework with the
study’s comparative typology objectives.

3. Methodology
3.1. Study Framework

This study adopts a systematic machine learning analysis framework to explore the
impact of urban morphological indicators on carbon emission intensity (shown in Figure 1).
First, an urban morphological indicator system including landscape patterns and socio-
economic attributes is constructed, and carbon emission intensity indicators are calculated.
Second, variance inflation factor detection is used to remove highly collinear indicators, re-
taining representative indicators as input for spectral clustering analysis to classify research
samples into different types. Third, six machine learning algorithms, including gradi-
ent boosting, Random Forest, Multi-Layer Perceptron (MLP), eXtreme Gradient Boosting
(XGBoost), Logistic Regression, and Support Vector Machine (SVM), are compared, and the
model with optimal predictive performance is selected as the baseline model. Subsequently,
the Bayesian optimization algorithm combined with an early stopping strategy is employed
to train and optimize the model. To comprehensively interpret the results, this research
integrated SHAP values for evaluating global feature importance and interaction effects
with partial dependence plots (PDPs) to visualize average marginal effects and nonlinear
response trajectories. While SHAP quantifies contribution magnitudes, PDPs specifically
pinpoint critical threshold levels and direction shifts in the influence mechanisms. Over-
all, this synergistic framework effectively characterizes the complex nonlinear responses,
precise thresholds, and interaction directions of urban morphological indicators on carbon
emission intensity.

Step 1: Data Preparation Step 2: City Typology via Clustering
336 prefecture-level cities in Comparison | | K-means, Gaussian Mixture
Study area ‘}:>‘ China (2010, 2015, 2020). of clustering —> Model, Hierarchical, Spectral

algorithms clustering.

/= 1 : :
Urban morphology metrics: [ Silhouette coefficient,

| [
| I
| i I
Indicator ! BRI e : Evaluation | Calinski - Harabasz index,
construction ' ! : metrics *> Davies - Bouldin index,
| ] N
| I
| I
| I

S : Balance score.
Carbon emission intensity:

CO, emissions per unit GDP.
_______________________ Four distinct city clusters:

Result ;> Cluster 0, Cluster 1,
Cluster 2, Cluster 3.

Step 3: Machine Learning Modeling [\
. | Logistic Regression, Random Step 4: Interpretation with SHAP-PDP
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Figure 1. Research flowchart.
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3.2. Overview of Methods
3.2.1. Clustering Method Selection

To identify urban groups with similar morphological characteristics, this study em-
ploys a comprehensive clustering analysis framework. Given the relative stability of
urban morphological traits over the observation period, three-year observational data are
aggregated into representative city-level feature values to capture typical spatial patterns.

In terms of algorithm selection, this study systematically compares four classical meth-
ods: K-means clustering, Gaussian mixture model, hierarchical clustering, and spectral
clustering. Spectral clustering is a graph theory-based algorithm that constructs a similar-
ity graph from data points and utilizes eigenvalues and eigenvectors for dimensionality
reduction and partitioning, making it highly effective for nonlinear and non-convex data
distributions. In geospatial analysis, where data frequently exhibit spatial autocorrelation
and heterogeneous distributions, this method constructs spatial weight matrices based
on distance or topological relationships to effectively capture both local similarities and
global structural dependencies among geographic units. Unlike traditional distance-based
approaches, it is better suited for delineating irregular urban functional patterns and com-
plex landscape configurations. Given the inherent nonlinear characteristics and potential
manifold structures in urban morphological data, spectral clustering is selected as the
primary analytical tool. Its specific advantages include the capacity to model nonlinear
relationships, optimize graph partitioning to maximize intra-cluster similarity while mini-
mizing inter-cluster dissimilarity, and produce spatially coherent results that align well with
visual validation. All algorithms are evaluated using identical standardized feature sets
and assessed through silhouette coefficients, Calinski-Harabasz indices, Davies-Bouldin
indices, and clustering balance metrics. Specifically, the silhouette coefficient quantifies
intra-cluster cohesion relative to inter-cluster separation, with values approaching 1 indi-
cating well-defined and distinct partitions. The Calinski-Harabasz (CH) index calculates
the ratio of between-cluster dispersion to within-cluster dispersion, where higher values
denote more compact and well-separated groupings. Conversely, the Davies—Bouldin (DB)
index measures the average similarity between each cluster and its most similar counterpart
based on centroid distances and scatter; lower values reflect superior cluster separation and
minimal overlap. By jointly applying these complementary indicators, this study ensures a
robust, multi-dimensional assessment of cluster validity to determine the optimal partition.
A composite scoring mechanism ensures an optimal balance between structural clarity and
interpretability, ultimately confirming spectral clustering as the most robust approach.

Furthermore, this study adopts a two-step analytical strategy—first grouping cities by
morphological similarity, then estimating regression models within each cluster—rather
than directly modeling spatial heterogeneity through continuous local regression or hier-
archical techniques. This framework is selected for three primary reasons. First, urban
morphological evolution often exhibits discrete structural regimes rather than smooth
spatial gradients; clustering explicitly identifies these mechanistic breakpoints, whereas
continuous heterogeneity models may obscure distinct pathway variations. Second, by
isolating cities with comparable spatial configurations, the within-cluster regression sig-
nificantly reduces multicollinearity among landscape metrics and minimizes unobserved
confounding, thereby yielding more stable and interpretable coefficient estimates. Third,
the resulting typology-based framework directly aligns with urban planning practices,
enabling targeted policy interventions tailored to specific morphological categories. While
direct heterogeneity modeling remains valuable for capturing localized variations, the
proposed two-step strategy offers superior clarity in mechanism identification, enhanced
statistical robustness within homogeneous subgroups, and stronger practical relevance for
differentiated urban governance.
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To determine the optimal number of clusters, a comprehensive evaluation system is
established. The trends of multiple clustering quality indicators are analyzed for cluster
counts ranging from 2 to 10. By identifying inflection points and stable regions within these
trends and integrating practical research requirements, the optimal cluster count is selected
to ensure both statistical significance and clear interpretability.

To ensure the reliability of the clustering outcomes, a systematic robustness testing frame-
work is implemented. Pattern stability is evaluated across multiple dimensions, including
consistency checks under varying data aggregation schemes, comparative performance anal-
yses of alternative algorithms, and sensitivity tests across different cluster count settings.
This multi-level validation ensures that the results are not dependent on specific methods or
arbitrary parameter choices, thereby strengthening the scientific rigor and reliability of the
findings and providing a solid foundation for subsequent heterogeneity analysis.

3.2.2. Machine Learning Model

This study adopts a systematic machine learning analysis framework to explore the
influencing mechanisms of urban morphological indicators on carbon emission intensity.
The model construction and optimization process includes four key stages: data division,
model comparison, hyperparameter optimization, and model interpretation.

(1) Data Division and Preprocessing

First, the complete dataset is randomly divided into training and testing sets at a 7:3 ratio
to ensure independence of model evaluation. The training set is used for model training and
parameter tuning, while the testing set is used for final model performance verification. To
address class imbalance issues, Synthetic Minority Oversampling Technique is applied to the
training set to improve the model’s recognition ability for minority class samples.

(2) Model Screening and Comparison

To determine the most suitable model for predicting carbon emission intensity, this
study systematically compares six mainstream machine learning algorithms, including
Logistic Regression, Random Forest, XGBoost, gradient boosting, Support Vector Machine,
and Multi-Layer Perceptron. This multi-model comparison strategy helps avoid model
bias that may arise from relying on a single algorithm and is a standard practice for en-
suring the robustness of analysis conclusions [46]. Model performance evaluation adopts
multi-dimensional indicators, including accuracy, precision, recall, F1 score, AUC-ROC
curve area, and five-fold cross-validation accuracy. The basis for selecting this comprehen-
sive indicator system is that classification task evaluation needs to simultaneously consider
the model’s overall correctness, discrimination ability for specific categories, and ranking
quality. Single indicators may be misleading, while multi-dimensional evaluation can
provide a more comprehensive performance profile [47]. Among them, cross-validation is a
key technique for evaluating model generalization capability and reducing overfitting [48].
By comprehensively comparing evaluation results of various models, the model with
optimal performance across multiple indicators is selected as the baseline model.

(3) Hyperparameter Optimization

For the selected baseline model, Bayesian optimization algorithm is used for
fine-tuning of its key hyperparameters. The optimization process is based on tree-structured
Parzen estimators, evaluating performance of different parameter combinations through
five-fold cross-validation. To prevent overfitting, 15% of training data is reserved as early
stopping validation set, automatically terminating training when model performance no
longer improves. The optimization objective is to maximize performance indicators on
the validation set, ultimately obtaining the optimal hyperparameter combination and best
iteration rounds.
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(4) Model Ensemble and Interpretation

Based on selecting gradient boosting model as the optimal model, to further improve
prediction stability and accuracy, this study simultaneously attempts two strategies: voting
ensemble and stacking ensemble. Voting ensemble combines prediction results of multiple
base learners through weighting, while stacking ensemble uses outputs of base learners as
inputs for meta-learners for secondary training. Ensemble model evaluation results show
that voting ensemble and stacking ensemble have improvements over single models on
some indicators, but considering model complexity and computational efficiency, gradient
boosting model has better interpretability while maintaining excellent prediction perfor-
mance. Therefore, after comprehensive consideration of performance, complexity, and
interpretability, this study ultimately selects gradient boosting model as the optimal model
for subsequent in-depth feature importance and mechanism analysis.

Model interpretability analysis adopts a dual-framework approach combining SHAP
and PDPs. While SHAP values, grounded in cooperative game theory, quantify each
feature’s contribution to identify key influencing factors, PDPs are explicitly employed
to visualize the average marginal effects and nonlinear response trajectories of individ-
ual indicators on carbon emission intensity. This synergy overcomes the limitations of
single-method interpretation—SHAP reveals global importance rankings, whereas PDP
precisely delineates critical threshold levels and direction shifts—providing a robust basis
for understanding the complex action mechanisms of urban morphological indicators.

4. Results
4.1. City Types Based on Urban Morphology

To accurately identify urban groups with similar morphological characteristics, this
study did not pre-set a single clustering algorithm but systematically evaluated the com-
prehensive performance of four mainstream clustering methods under different data
integration strategies. First, to obtain more representative city-level characteristics and
smooth annual fluctuations, an integrated dataset based on long-term trends of panel data
was constructed. To ensure robustness of analysis conclusions, primary and secondary
different data integration strategies were adopted to capture the central tendency of urban
morphology, forming two sets of comparable but logically different foundational data.
Subsequently, for each dataset, four algorithms including K-means clustering, Gaussian
mixture model, agglomerative hierarchical clustering, and spectral clustering were applied.
For each method, the optimal number of clusters on corresponding data was automatically
determined based on multiple internal validity indicators, including silhouette coefficient,
Calinski-Harabasz index, and Davies-Bouldin index. Evaluation not only focused on
clustering structure compactness and separation but also specifically introduced balance
scores to measure the balance of sample sizes across categories, avoiding invalid categories
with too few samples.

Comprehensive evaluation results show significant differences in performance among
different clustering methods. As shown in Figure 2, spectral clustering demonstrates the
highest comprehensive scores under both primary and secondary integration strategies.
Specifically, under the primary integration strategy, spectral clustering has a silhouette
coefficient of 0.191, slightly lower than K-means (0.296), but its balance score reaches 0.737,
far superior to other methods, indicating that its four categories have the most balanced
sample size distribution (as shown in Figure 3a, category sample sizes are 74, 114, 61,
and 87). Under the alternative integration strategy, spectral clustering also leads with a
balance score of 0.823, ensuring statistical validity of classification (as shown in Figure 3b,
category sample sizes are 69, 107, 73, and 87). In contrast, K-means and agglomerative
hierarchical clustering produce extremely unbalanced sample sizes among categories in
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most cases (Figure 3c), with balance scores often approaching zero. Gaussian mixture
model performance shows greater volatility across different data foundations (Figure 3d,e).

Aggregation Method Comparison Analysis
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Figure 3. Spatial distribution map of spectral clustering results.
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Therefore, this study ultimately selects spectral clustering as the optimal method for
urban morphological classification. This method performs partitioning based on similarity
graphs of data points, excelling at identifying complex, non-spherical data distribution
structures. Through t-SNE and PCA dimensionality reduction techniques for visualizing
spectral clustering results under different integration strategies, the different urban cat-
egories formed show good separation trends in low-dimensional feature space, and the
core category structures remain consistent between primary and secondary strategies. This
systematic method comparison and sensitivity testing process, comprehensively consider-
ing clustering quality, sample balance, and conclusion robustness, ultimately ensuring the
scientificity and reliability of urban type classification.

Based on a clustering analysis of urban morphological characteristics, Chinese cities
were classified into four distinct groups (Figure 4). By grouping cities with similar morpho-
logical features, this approach effectively controls for within-group variation in urban forms
while highlighting between-group differences in their relationship with carbon emission
intensity. This classification avoids the confounding effects that would arise from analyzing
cities with divergent morphological types together, thereby providing a robust basis for
examining how urban form influences carbon emission intensity across different spatial
development patterns.
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Figure 4. Study area.

The resulting groups exhibit pronounced spatial clustering that aligns with the re-
gional altimetry and topographical gradients outlined in Section 2.1. Cluster 0 (C0) is
predominantly distributed across central and Western China, as well as the southern inland
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regions, covering Sichuan, Chongqing, Guizhou, Hubei, Hunan, Jiangxi, and Anhui. This
is the most spatially extensive cluster. Cities in this group share similar morphological
characteristics, shaped largely by the topographical constraints of mountainous and hilly
terrain in inland areas, with consistency observed in built-up area structure and density
patterns. Cluster 1 (C1) is primarily located along the northern frontiers, the northwest,
and the coastal margins of South China, including Inner Mongolia, Xinjiang, Qinghai,
Gansu, Heilongjiang, Jilin, Northern Liaoning, Southern Guangdong and Guangxi, and
Western Fujian. These cities are generally situated in sparsely populated or ecologically
sensitive regions. Morphologically, these areas display low-density and dispersed spatial
patterns with limited continuity in built-up zones, a characteristic that aligns with the
development trajectories of resource-based and frontier cities. Cluster 2 (C2) is highly
concentrated in the eastern coastal region and the core areas of the middle and lower
Yangtze River, encompassing Shanghai, Jiangsu, Zhejiang, Eastern Anhui, and Eastern
Fujian. This cluster corresponds to China’s most economically advanced coastal areas.
Morphologically, these cities are characterized by high-density compact urban forms with
highly contiguous built-up areas, reflecting the mature stage of urbanization typical of
the eastern seaboard. Cluster 3 (C3) is mainly distributed across the North China Plain
and the Bohai Rim region, covering Beijing, Tianjin, Hebei, Shandong, Henan, Shanxi, and
Southern Liaoning. Cities in this group exhibit medium-to-high-density urban forms with
monocentric ring-like expansion patterns. The consistency in morphological metrics across
this cluster aligns with the spatial characteristics typical of traditional industrial bases and
densely populated agglomerations in Northern China.

4.2. Gradient Boosting Model Fitting Results

Guided by the research objectives and insights from the existing literature, this study
adopts a classification modeling framework in the machine learning stage. We acknowledge
the valuable contributions of prior studies, such as Huang et al. (2026) [21], Cheng et al.
(2026) [49], and Ru et al. (2026) [50], which effectively employed regression-based predictive
models to capture continuous variations in urban efficiency. While regression is well-suited
for modeling continuous variables, policy formulation often requires clear, qualitative dis-
tinctions to enable targeted interventions. Specifically, decision-makers benefit from directly
identifying whether a city operates in a low-carbon or high-carbon efficiency state, rather than
interpreting abstract continuous scores that require additional thresholding. To address this
practical need, this study shifts to a classification framework that directly outputs categorical
judgments, thereby providing an end-to-end analytical tool that enhances policy relevance and
operational clarity. To further ensure the robustness and generalizability of the classification
model, we integrate the Synthetic Minority Oversampling Technique (SMOTE) to address
sample imbalance, Bayesian optimization for systematic hyperparameter tuning, and an early
stopping strategy to mitigate overfitting risk. These methodological enhancements collectively
advance the reliability of the model while aligning closely with the differentiated analytical
requirements of urban carbon governance.

To determine the optimal modeling method, this study systematically compares six
mainstream machine learning algorithms, including gradient boosting, Random Forest,
Multi-Layer Perceptron, eXtreme Gradient Boosting, Logistic Regression, and Support
Vector Machine. Model performance is comprehensively evaluated through mean accu-
racy of ten-fold cross-validation and multiple indicators, including accuracy, precision,
recall, F1 score, and AUC. Model performance comparison results are shown in Figure 5a.
gradient boosting model performs optimally across multiple indicators, with test set ac-
curacy reaching 64.4%, mean cross-validation accuracy of 60.6%, and AUC value of 0.67,
significantly outperforming other models in comprehensive performance. Benefiting from
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the naturally balanced class distribution (504 low-carbon vs. 504 high-carbon samples),
the gradient boosting model demonstrated effective discriminative capability, yielding
balanced recall and precision across both categories without the need for synthetic over-
sampling. Its performance evaluation confusion matrix, ROC curve, and precision-recall
curve are detailed in Figure 5b. In comparison, the Random Forest model has the highest
AUC value of 0.689, with performance evaluation shown in Figure 5c; while Support Vector
Machine and other models show relatively weaker comprehensive performance, with
specific evaluations shown in Figure 5d.

To further improve prediction stability and accuracy, this study explores ensemble
learning strategies based on single models, constructing voting ensemble and stacking
ensemble models. Ensemble model evaluation results show that stacking ensemble slightly
outperforms voting ensemble in accuracy, F1 score, and AUC value, with AUC reaching
0.689 and accuracy of 64% (Figure 5e,f). However, considering that stacking ensemble
model structure is more complex with higher computational costs while performance
improvement is relatively limited, gradient boosting model maintains high prediction
performance while having advantages of model simplicity, strong interpretability, and
high computational efficiency. Therefore, after comprehensive weighing of performance,
complexity, and interpretability, this study ultimately selects gradient boosting model as
the optimal model for subsequent in-depth feature importance and mechanism analysis.
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Figure 5. Different machine learning models prediction performance comparison.

4.3. SHAP-PDP Analysis of Driving Factors

In terms of methodological design, this study references the previous work of Huang
et al. (2026) but does not follow their adopted OPGD method for feature screening and
interaction detection [21]. The main consideration is that OPGD, as a classical statistical
method based on spatial differentiation, has analytical logic not entirely consistent with the
internal mechanism of subsequent machine learning models, and its discretization process
may introduce subjective bias. To ensure overall logical consistency from feature analysis
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to model interpretation, this study chooses to directly use the optimized gradient boosting
model and complete all feature importance ranking, influence direction determination, and
nonlinear relationship characterization using the SHAP framework. This approach not
only fully leverages modern advantages of machine learning methods in interpretability
but also avoids redundancy and inconsistency that may arise from mixed methods.

To further elucidate the specific response patterns of carbon emission intensity to
urban morphological changes, we employed partial dependence plots (PDPs) to visu-
alize the average marginal effects of key features (Figure 6b—i). The PDP results reveal
predominantly nonlinear relationships, with clear threshold effects that complement the
SHAP-based feature importance rankings. SHAP and partial dependence plots serve as
model interpretability tools but differ in calculation logic and interpretive meaning. The
PDP method marginalizes other features to reveal the global average effect of a single
variable on classification probability. This approach focuses on macro trends and critical
thresholds. SHAP relies on cooperative game theory to quantify the local contribution of
each feature to individual predictions. It naturally captures interactions between features.
These two methods produce complementary rather than contradictory results. They con-
nect macro average trends with micro individual variations. The SHAP distribution does
not conflict with the PDP curve. It supplements the PDP findings by displaying the actual
dispersion of samples around the average trend.

For proportion of built-up area, ED, and PD, the global average trend shows a mono-
tonic increase in the predicted probability of high carbon emission intensity as these
variables rise, indicating that higher urbanization intensity and fragmentation consistently
elevate emission risk. In contrast, CLUMPY and SHAPE_MN exhibit decreasing trends,
suggesting that greater spatial aggregation and more regular patch shapes are associated
with a lower likelihood of high emissions. Several variables—including LSI, LPI, and
Al—display complex nonlinear responses with multiple inflection points, where the direc-
tion or magnitude of their effect on emission intensity shifts at specific threshold values.
These PDP-derived patterns confirm that the influence of urban morphology is not uni-
form but is highly context-dependent, reinforcing the need for nuanced, threshold-aware
policy interventions.

Complementing these trend observations, the SHAP summary plot based on the full
sample (Figure 6a) quantifies the relative magnitude of each factor’s contribution. The
analysis identifies proportion of built-up area as the most critical determinant, possessing
the highest mean absolute SHAP value of 0.0200, which underscores its dominant global
impact on carbon emission intensity. Following closely are SHAPE_MN (0.0193) and LSI
(0.0188), highlighting the substantial role of landscape configuration. Economic density
and LPI round out the top five influential characteristics with mean absolute SHAP values
of 0.0173 and 0.0135, respectively. Together, the PDP trends and SHAP magnitudes offer a
comprehensive view, where built-up proportion is the primary driver in terms of strength,
while the configuration of the landscape (shape and density) plays an equally critical role
in shaping the trajectory of urban carbon emissions.

CO, as the high-emission intensity urban cluster (Figure 7a), has AREA_MN as its most
important characteristic, with a mean absolute SHAP value reaching 0.0311, ranking first
among all important cluster characteristics. CLUMPY ranks second with a mean absolute
SHAP value of 0.0174, and LSI follows closely with 0.0113. Proportion of built-up area
and SPLIT enter the top five important characteristics with mean absolute SHAP values of
0.0102 and 0.0096, respectively.
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Figure 7. Feature importance of urban morphology indicators based on mean absolute SHAP values
for the entire sample and four city zones. Note: (a—d) respectively represent the feature value rankings
based on SHAP importance in Cluster 0, Cluster 1, Cluster 2, and Cluster 3.
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C1, as the medium-emission ecological urban cluster (Figure 7b), has SHAPE_MN
as its most important morphological characteristic, with a mean absolute SHAP value of
0.0266. LSI ranks second with a mean absolute SHAP value of 0.0160, and COHESION
ranks third with 0.0094. Proportion of built-up area and Al enter the top five important
characteristics with mean absolute SHAP values of 0.0090 and 0.0089, respectively.

In C2, representing the medium-emission urban cluster (Figure 7c), CLUMPY becomes
the most important characteristic with a mean absolute SHAP value of 0.0223. LSI ranks
second with a mean absolute SHAP value of 0.0183, and economic density ranks third with
0.0125. SHAPE_MN and Al enter the top five important characteristics with mean absolute
SHAP values of 0.0124 and 0.0080, respectively.

C3, as the low-emission urban cluster (Figure 7d), has LSI as its most important
characteristic, with a mean absolute SHAP value as high as 0.0562, far higher than the
importance of this characteristic in other clusters. Al ranks second with a mean absolute
SHAP value of 0.0244, and MESH and CLUMPY tie for third with 0.0202. Economic density
enters the top five important characteristics with a mean absolute SHAP value of 0.0145.

Cross-cluster comparative analysis shows that LSI enters the top five important char-
acteristics in all four clusters, indicating that this characteristic has universal importance
across different city types, particularly showing the highest importance in C3 low-emission
cluster (0.0562), which reflects the significant impact of landscape shape complexity on
carbon emissions in all city types. Proportion of built-up area ranks first at the full sam-
ple level and enters the top five in C0 and C1 clusters, indicating its most significant
overall impact on urban carbon emissions. CLUMPY appears in three clusters—CO0, C2,
and C3—indicating that this characteristic has important influence on cities with different
emission levels. However, dominant characteristics vary across different clusters: the
high-emission urban cluster (C0) is dominated by AREA_MN, reflecting the impact of large
continuous patches on high emissions; the ecological urban cluster (C1) is dominated by
SHAPE_MN, indicating the importance of patch shape regularity for medium-emission
ecological cities; the medium-emission urban cluster (C2) is dominated by CLUMPY, re-
flecting the influence of patch aggregation degree; and the low-emission urban cluster (C3)
is dominated by LSI, highlighting the prominent role of landscape boundary complexity in
emission reduction.

Comparison with full sample analysis results reveals that proportion of built-up area
has the highest importance at the full sample level (0.0200), though importance rankings
vary significantly across clusters, only entering the top five in C0 and C1 but not in C2 and
C3, indicating that the global importance of this characteristic may be dominated by some
high-weight cities. LSI ranks third at the full sample level (0.0188), but enters the top five in
all clusters, even reaching 0.0562 in C3, demonstrating its universal importance across city
types. These findings indicate that SHAP analysis based on the full sample can identify
globally important characteristics, while clustering analysis can reveal heterogeneity of
characteristic influence under different urban types, providing basis for differentiated
emission reduction policy formulation.

4.4. SHAP Results Based on the Bayesian-Optimized Gradient Boosting Model
4.4.1. Nonlinear and Threshold Effects of Urban Morphology Indicators on Carbon
Emission Intensity

In CO, AREA_MN, CLUMPY, and LSI dominate the classification outcome. Figure 8a
demonstrates that all three features consistently increase the probability of assigning a city
to the high carbon intensity category. AREA_MN exerts the strongest marginal contribution
toward high carbon classification. Higher CLUMPY values similarly elevate this probability.
LSI also shifts predictions toward the high carbon category, although its probabilistic impact
increases more gradually. This pattern suggests that cities with larger, more aggregated,
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and more complex landscape patches face a higher likelihood of high carbon intensity
classification. From a physical and socio-economic perspective, larger patch sizes and
higher aggregation often correspond to lower land-use mixing and relatively dispersed
spatial structures, which may extend commuting distances and limit public transport
network coverage, thereby reducing overall transport efficiency. Concurrently, complex
landscape boundary configurations (LSI) may imply there are increased exterior surface
areas of building envelopes, elevating heating and cooling energy demands and collectively
steering the model toward high carbon intensity classification.

Cluster 0: Top 3 Features Impact Analysis Cluster 1: Top 3 Features Impact Analysis

AREA_MN 151 SHAPE MN st COHESION
Direction: Positive’| Impact: 0.0311 Direction: : Positive |impact: 0.0178 Direction: Positive | Impact: 0.0113 Direction: Positive | Impact: 0.0266 Direction: Negative | Impact: 0.0160 Direction: Negative | Impact: 0.0094
010 06

. — ena — Tend .

— Tend . — wend

aoe
. oo . L
. o B 3
006 o0 . 006 . & oA
. . : G &
ons o 00 > o 004 " S
H . H v 3 $ 02 3 5 5
3 2 . . |2 : EH H & 5
5o goo| o g oo : . o1 . v
oz = i . H A 2 . H
. % 4 T % i O . e
ooz
g

SHAP Value.

~

Ty

/ »
002 5

T H 3 E @ a5 1o E K B
AREAMN Quner - o ©s a0 o5 1o Y E 3 it 7o s a0 05 oo
- SHAPE_MN s COHESION

(a) - (b)

Cluster 2: Top 3 Features Impact Analysis Cluster;3: Top;3 Features Impact:Analysls;

cLumpy s Economic Density
| Impact: 0.0223 Direction: Negative | Impact: 0.0183 Direction: Positive | Impact: 0.0125
1

— e | % — e . — e

3
0 g oo
o L
o2 L BB LE G a1
En

=5 o 03 o By
s

()

Figure 8. Nonlinear effects of key urban morphology indicators by urban zone. Note: (a—d) respec-

Lsi a MESH
Direction: Positive | Impact: 0.0562 Direction: Negative | Impact: 0.0244. Direction: Positive | Impact: 0.0202
B — Tens . — Tend

SHAP Value

3 /
swap Voo

tively represent the top three feature values in terms of importance in Cluster 0, Cluster 1, Cluster 2,
and Cluster 3 (from left to right). In Cluster 0, they are in the fol-lowing order: AREA_MN, CLUMPY
and LSI; In Cluster 1, they are in the following order: SHAPE_MN, LSI and COHESION;; In Cluster 2,
they are in the following order: CLUMPY, LSI and Economic Density; In Cluster 3, they are LSI, Al
and MESH in se-quence.

In C1, SHAPE_MN, LSI, and COHESION exert the greatest influence on classifica-
tion decisions. Figure 8b reveals complex nonlinear relationships for these indicators.
SHAPE_MN substantially increases the probability of high carbon classification. This indi-
cates that more irregular patch shapes elevate the likelihood of this outcome. Conversely,
LSI and COHESION decrease the probability of high carbon classification and instead
promote assignment to the low carbon category. The opposing directional effects between
SHAPE_MN and LSI imply that individual patch shape irregularity and overall landscape
pattern complexity alter classification results through distinct pathways. Specifically, high
irregularity in individual patch shapes (SHAPE_MN) typically reflects fragmented land
use or disordered development, which may compromise the connectivity of road and
municipal utility networks and increase energy consumption for infrastructure deployment
and maintenance. In contrast, increased overall landscape complexity (LSI) and enhanced
inter-patch connectivity (COHESION) are often associated with mature mixed-use zones or
highly integrated urban networks. These configurations facilitate shorter travel distances
and improve accessibility for public transit and active mobility, thereby promoting low
carbon category assignment at the system level.

In C2, CLUMPY, LSI, and economic density emerge as the primary classification
drivers. Figure 8c shows that CLUMPY and LSI both reduce the probability of high carbon
classification. Higher landscape aggregation and greater shape complexity therefore favor
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the low carbon category. Economic density produces the opposite effect by substantially
increasing the likelihood of high carbon classification as economic activity density rises.
This divergence demonstrates that landscape morphology and economic density exert
opposing forces on the model decision boundary within this cluster. This phenomenon
reflects a dynamic balance between spatial form optimization and economic activity inten-
sity. Higher landscape aggregation and morphological complexity may indicate that urban
areas have entered a compact development phase, where agglomeration effects promote
the intensive utilization of infrastructure and improve energy system efficiency. However,
increased economic density is directly associated with the concentration of commercial and
industrial activities, which entails higher electricity consumption, logistics turnover, and
production energy use. The resulting direct and embodied carbon emissions may partially
offset the decarbonization potential derived from morphological optimization, leading to
opposing effects within the classification decision.

In C3, LSI, Al and MESH rank as the most influential indicators. Figure 8d displays
a distinct classification pattern. LSI generates the strongest positive contribution to high
carbon classification probability among all features across every cluster. Al exerts an
equally strong but opposing effect by markedly decreasing this probability and reinforcing
low carbon classification. MESH shows a modest tendency to increase the high carbon
classification likelihood. These results indicate that extreme landscape shape complexity
acts as the primary driver elevating the probability of high carbon intensity. Higher
landscape aggregation conversely serves as a key factor promoting low carbon classification.
The positive influence of extreme morphological complexity (LSI) may correlate with
historical irregular street networks or inefficient spatial layouts, which increase travel
detour probabilities and energy transmission losses. Highly aggregated spatial structures
(Al) typically correspond to contiguous and compact urban fabrics that support centralized
heating, regional energy planning, and efficient public service coverage, thereby reinforcing
low carbon category assignment. The modest positive contribution of MESH may reflect
the presence of large single-function zones, such as industrial parks or core commercial
districts, which are characterized by concentrated energy consumption patterns and specific
emission profiles.

Examination of the SHAP dependence plots (Figures 7 and 8) indicates that most mor-
phological indicators do not exhibit linear relationships with carbon intensity classification.
Several curves display consistent directional trends. The rate of probability shift varies
across the feature range. This variation suggests that predictive contribution changes as
indicator values fluctuate. Certain intervals produce sharper changes in class probability.
Other intervals yield gradual shifts. This pattern reflects varying marginal contributions to
the model decision boundary. These nonlinear probability responses indicate that urban
morphology likely involves complex threshold effects on category assignment. When a
morphological indicator reaches specific levels, its incremental impact on classification
likelihood shifts substantially or stabilizes. Such nonlinear responses may correspond
to critical states of urban infrastructure capacity, inflection points in transport network
efficiency, or transitions in building energy consumption patterns. The variation in feature
importance and directional effects across clusters further reflects heterogeneity in develop-
mental stages, industrial structures, geographic constraints, and spatial planning policies.
For instance, regions undergoing spatial expansion are more susceptible to patch scale
effects, whereas economically dense areas are predominantly driven by the intensity of
industrial and commercial activities. These mechanistic hypotheses provide a physical and
socio-economic interpretive framework for understanding the linkage between morpholog-
ical characteristics and carbon emission categories. The subsequent interaction analysis will
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further clarify whether these morphological indicators produce synergistic or antagonistic
effects on classification outcomes.

4.4.2. Interactive Effects of Urban Morphology Indicators on Carbon Emission Intensity

Analysis of the complete dataset identifies three indicator pairs with the strongest
interaction effects. Figure 9a presents the interaction between proportion of built-up area
and LPI with an interaction value of 0.0057. Figure 9b displays the interaction between
proportion of built-up area and SHAPE_MN with a value of 0.0056. Figure 9c illustrates the
interaction between Al and CLUMPY with a value of 0.0043. High interaction intensity in-
dicates that these feature pairs jointly shape the model decision boundary and substantially
influence classification outcomes. The direction of the interaction values further clarifies
how these combinations alter category assignments.

Full_Sampl: Propo Aren x SHAPE 3 Full_Sample: Al X CLUMPY Interaction Analysis

— o om0 * o
. - B
aos 19 3

T
3

ie
HE
i i
i

R
| .H
Rl
Cy
| |
| ]
by

Pgorton ot bukon e

(b)

Cluster 0: AREA_MN x LS Interaction Analysis.
snen

Cluster 0: PD x LS! Intaraction Anaiysis

E

i

.

()

Cluster 1: LSI x COMESION Interaction Analysis

)

Cluster 1: Al x SHAPE_MN Interaction Analysis
xshare

i
4

Cluster 3: LS1 x CLUMPY Interaction Analysis

(

Cluster 2: CLUMPY x Al Interaction Analysis
e

k)

Cluster 3: LSI x PD Interaction Analysis

M

i [
i

(m)

§oF 8 &

73
E 32

m

-

HE

T i

H

H H

Figure 9. SHAP interaction of key urban morphology indicators by urban zone. Note: In the figure, it
shows the interaction effects between the top three most important features in the entire sample and
the sample subset, as well as the most interacting feature among them. (a—c) represent the respective
interaction relationships between the Proportion of Built-up Area and LPI, SHAPE_MN, as well as
Al and CLUMPY within the entire sample. (d—f) successively represent the interaction relationships
of AREA_MN with CLUMPY, LSI, as well as PD and LSI in Cluster(. (g—i) respectively represent
the interaction relationships between LSI and SHAPE_MN, COHE-SION, as well as between Al and
SHAPE_MN in Clusterl. (j-1) show the relationship between Economic Density and LSI, CLUMPY,
and Al and LPI in Cluster2, respectively. (m-o) represent the interaction relationships between LSI
and CLUMPY, PD, Economic Density, and MESH respectively in Cluster 3.
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Examining the strongest pair of proportion of built-up area and LPI reveals predom-
inantly negative SHAP interaction values across most value ranges. Negative values
indicate that simultaneous changes in these two features jointly decrease the probability of
assigning a city to the high carbon intensity category. This combined effect consistently
promotes classification into the low carbon intensity category rather than increasing the
likelihood of high carbon outcomes. This suggests that a high proportion of built-up areas,
when coupled with a dominant largest patch, signifies a compact urban structure. Such
compactness likely reduces transportation energy consumption and promotes economies
of scale in infrastructure, thereby enhancing carbon emission intensity.

The interaction between proportion of built-up area and SHAPE_MN follows a com-
parable directional pattern. Conversely, the interaction between Al and CLUMPY shifts
between positive and negative contributions across different value intervals. This variation
demonstrates that their combined impact on classification probability is highly context
dependent and reflects complex joint decision pathways within the model. Specifically, the
transition from positive to negative values implies that while moderate aggregation might
initially support development, excessive clumping without proper functional organization
could lead to inefficiencies, highlighting the need for balanced spatial layouts.

Analysis of distinct urban development clusters reveals substantial heterogeneity in
dominant interaction patterns, confirming the context-dependent nature of morphological
impacts on carbon classification.

In CO, the strongest joint effects occur between AREA_MN and CLUMPY (Figure 9d,
interaction value 0.0021) and between AREA_MN and LSI (Figure 9e, interaction value
0.0021). Within specific value ranges, the AREA_MN and CLUMPY combination yields
strongly positive SHAP interaction values. This indicates that large patch sizes combined
with high aggregation synergistically increase the probability of high carbon classification.
From a planning perspective, this reveals a “scale inefficiency” in this cluster. It implies
that simply merging small patches into larger aggregated blocks without optimizing
internal functions may increase carbon intensity, suggesting that urban renewal in these
areas should focus on internal structural optimization rather than mere expansion. The
interaction between patch density and LSI similarly exhibits a tendency to elevate this
classification likelihood (Figure 9f).

In C1, the interaction network centers on LSI and SHAPE_MN, which produce the
strongest joint effect (Figure 9g, interaction value 0.0065). Predominantly positive interac-
tion values across most ranges demonstrate that combining overall landscape complexity
with irregular patch shapes synergistically elevates the probability of high carbon classifi-
cation. This suggests that in these cities, the morphological penalty of having both complex
landscapes and irregular shapes is severe. Notable interactions also emerge between
LSI and COHESION (Figure 9h) and between the aggregation index and SHAPE_MN
(Figure 9i), further confirming that spatial configuration and shape regularity are the domi-
nant morphological determinants for carbon intensity in this cluster.

In C2, strong interactions are observed among key morphological indicators, specif-
ically involving aggregation and shape metrics. The economic density and LSI pairing
dominates (Figure 9j, interaction value 0.0064). Strongly positive interaction values in
specific intervals indicate that high economic density combined with landscape complex-
ity substantially increases the likelihood of high carbon classification. Regarding pure
morphological interactions, significant joint effects also characterize the CLUMPY and
Al combination (Figure 9k) and the CLUMPY and LPI combination (Figure 91). These
results highlight that in C2, the spatial aggregation of patches (CLUMPY and Al) interacts
intensely with landscape composition, playing a critical role alongside economic factors.
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In C3, LSI anchors the interaction network, exhibiting the strongest joint effect with
CLUMPY (Figure 9m, interaction value 0.0066). High concurrent values generate strongly
positive interactions that markedly increase the probability of high carbon classification.
Conversely, the LSI and PD interaction yields negative values at low indicator levels,
indicating a synergistic reduction in high carbon classification likelihood. This suppres-
sive effect diminishes as either of the metrics rise (Figure 9n). This implies that while
low-density, simple landscapes are carbon efficient, uncontrolled increases in complexity
and aggregation can rapidly degrade environmental performance. Therefore, maintain-
ing low landscape complexity is critical for sustaining low carbon intensity in C3 cities.
The economic density and MESH interaction remains comparatively weak (Figure 90).
These patterns underscore that managing landscape shape complexity alongside spatial
aggregation patterns is critical for accurate classification in this cluster.

5. Discussion
5.1. Nonlinear Effects of Urban Morphology on Carbon Emission Intensity

Prior research has predominantly examined linear relationships between urban mor-
phology and continuous environmental metrics, with limited attention to the complex
nonlinear mechanisms governing carbon intensity category assignment. Departing from
this tradition, the present study integrates a gradient boosting classifier with a dual-
interpretability framework. This methodology systematically quantifies the nonlinear
contributions of morphological features to categorical prediction and examines their het-
erogeneity across distinct urban types. Results indicate that morphological features exert
nonlinear effects on carbon category assignment, with the magnitude and direction of
their contributions varying across city types. Partial dependence plots reveal distinct class
probability trajectories, demonstrating that the relationship between morphological indica-
tors and classification likelihood rarely follows a monotonic pattern. Instead, it frequently
exhibits threshold regions where the predicted probability of category membership shifts
noticeably. The detailed examination of these threshold dynamics and their quantitative
benchmarks is provided in Section 5.2.

Specifically, this study identifies multiple pathways through which urban morphology
influences carbon intensity category assignment. First, spatial configurations regulate
the distribution and interaction of human activities and material flows. Higher spatial
aggregation and landscape connectivity may enhance operational efficiency yet require
alignment with economic density. When local capacity constraints are approached, these
features can shift the classification probability toward higher emission categories. Second,
morphological characteristics influence category assignment by modulating local microcli-
mates. Landscape complexity and fragmentation affect ventilation and surface evaporation,
thereby altering building energy demands. The nonlinear probability trajectories clarify
how these microclimatic influences transition from reducing to increasing the likelihood of
classification into specific intensity categories as morphological complexity rises. Finally,
morphological attributes interact with the spatial distribution of socio-economic activities.
Combined contributions of economic density and specific morphological metrics, such as
effective mesh size, can noticeably shift classification likelihood across urban categories.
Fundamentally, urban landscape patterns operate as complex systems in which spatial
configuration influences category assignment through threshold-dependent nonlinear con-
tributions. This perspective offers an alternative to linear frameworks and provides a
structured reference for developing context-specific low-carbon spatial planning strategies.
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5.2. Threshold Effects of Urban Morphology on Carbon Emission Intensity

The influence of key morphological indicators on carbon emission intensity category
assignment does not follow a linear trajectory. Instead, the directional impact and contribu-
tion intensity of these indicators undergo observable shifts within distinct value ranges.
As demonstrated in the analytical results and visualized in Figure 6, PDPs identify criti-
cal transition zones where these directional changes occur, offering measurable reference
points for spatial regulation. For example, the marginal effect of urban land proportion
(proportion of built-up area) on classification probability shifts from reducing to increas-
ing the likelihood of high emission category assignment as urban expansion progresses.
Similarly, the landscape shape index (LSI) exhibits a clear inflection point, beyond which
increased boundary complexity consistently correlates with a higher probability of as-
signment to high emission categories. The mean urban patch shape index (SHAPE_MN)
demonstrates a stabilizing influence up to a certain level, after which its marginal contribu-
tion gradually diminishes. These threshold-dependent patterns align with classical urban
economic theory, particularly the dynamic trade-off between agglomeration economies
and congestion effects. Within the present analytical framework, initial morphological
compactness generates efficiency gains through shared infrastructure and reduced spatial
friction; however, once critical thresholds are surpassed, these agglomeration benefits are
progressively offset by congestion externalities and capacity constraints, consistent with
established expectations of diminishing returns in urban spatial systems. Recognizing these
nonlinear response trajectories enables planners to anticipate critical transition points and
adjust spatial configurations proactively before adverse emission outcomes materialize.

Crucially, these threshold effects exhibit substantial heterogeneity across urban clus-
ters. In the high-emission CO cluster, thresholds for spatial aggregation and patch size
appear at lower values compared to other groups, suggesting that capacity constraints
emerge earlier in cities with terrain-induced spatial fragmentation. In the medium-emission
ecological C1 cluster, the threshold for shape complexity interacts differently with cohesion
metrics, indicating that maintaining regular patch shapes up to a certain level supports
lower-emission classification. The medium-emission developmental C2 cluster shows
that economic density modifies morphological thresholds, with high economic activity
lowering the tolerance for landscape complexity before classification probability shifts
upward. In the low-emission C3 cluster, the landscape shape index threshold is particu-
larly pronounced, highlighting that strict control of boundary irregularity is essential to
maintain low-emission status. These divergent trajectories suggest that optimizing single
morphological indicators is not universally applicable. Strategies aimed at influencing cate-
gory assignment through spatial regulation should account for local baseline conditions,
recognizing that exceeding context-specific thresholds may yield limited or counterpro-
ductive outcomes. Furthermore, interaction effects among morphological factors indicate
that combined thresholds shift under different variable pairings, reinforcing the need to
evaluate morphological regulation within an integrated, cluster-specific framework.

5.3. Implications for Urban Planning and Management

Urban spatial form functions as a direct regulatory instrument for carbon manage-
ment rather than a passive physical backdrop. The identified nonlinear thresholds and
interaction patterns provide measurable targets for spatial planning and development
control. To systematically translate these findings into actionable governance, it is essential
to categorically align spatial interventions with the distinct economic development models
characterizing each cluster. The four categories reflect divergent developmental trajectories,
each exhibiting a unique mechanism through which economic activities interact with urban
form to either exacerbate or mitigate carbon intensity. Effective implementation requires ex-
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plicitly mapping these development models to ensure morphological adjustments directly
support low-carbon economic transitions.

Cities in the high-emission cluster (i.e., C0) typically follow an extensive expansion
model constrained by complex topography and reliant on resource intensive industries.
Economic growth in these regions drives continuous physical land consumption. Planning
authorities must enforce strict boundaries for urban expansion and mandate minimum
landscape aggregation thresholds. Directing new industrial development toward existing
compact nodes reduces infrastructure duplication and lowers transportation emissions.
Municipal zoning codes should require regular plot shapes and integrated green corridors
to counteract ventilation blockage from fragmented layouts. Assertively, transitioning
from extensive land-driven growth to morphological consolidation constitutes the critical
pathway to decouple economic expansion from carbon escalation in terrain-constrained
regions. This morphological consolidation directly links spatial efficiency to reduced carbon
intensity while sustaining industrial output.

Cities in the medium-emission ecological cluster (i.e., C1) operate under a dispersed
development model driven by resource extraction and ecological conservation mandates.
Spatially scattered economic activities increase transport distances and buildings” energy
demands. Planning must prioritize consolidating isolated settlements into coordinated
service hubs. Regulatory instruments should establish connectivity standards that link
functional zones without increasing overall landscape complexity. Investment in central-
ized heating networks and shared logistics facilities within these hubs directly couples
economic efficiency with morphological carbon reduction. Crucially, shifting from dis-
persed resource-dependent expansion to hub-based consolidation ensures that ecological
preservation mandates are structurally reinforced by compact spatial organization, directly
translating economic activity into measurable carbon reduction. Consolidating economic
functions while maintaining ecological corridors ensures resource activities do not trigger
disproportionate emission increases.

Cities in the medium-emission developmental cluster (i.e., C2) exhibit a dense compact
growth model characteristic of mature economic centers. Substantial economic output
per unit area generates localized emission pressures from concentrated commercial and
industrial activities. Urban management should decouple economic intensification from
spatial congestion by promoting vertical mixed-use zoning and expanded underground
infrastructure. Planning regulations must cap landscape shape complexity while preserv-
ing designated ventilation corridors. Allocating high value commercial functions to transit
oriented nodes and relocating heavy logistics to peripheral zones ensures economic density
improvements translate into measurable emission reductions. Fundamentally, economic
intensification in mature centers must be structurally decoupled from horizontal sprawl;
enforcing vertical densification and strict spatial boundaries guarantees that economic
agglomeration yields proportional carbon intensity reduction rather than compounding en-
vironmental loads. Maintaining strict spatial boundaries while upgrading vertical capacity
allows economic growth to proceed without increasing landscape fragmentation.

Cities in the low-emission cluster (i.e., C3) follow a traditional industrial develop-
ment model characterized by monocentric ring expansion. Historical industrial layouts
and aging infrastructure sustain moderate baseline emissions within an already efficient
spatial configuration. Economic revitalization must avoid uncontrolled boundary irregular-
ity. Municipal authorities should adopt control standards that limit the landscape shape
index at current levels while mandating energy efficient retrofits for existing industrial
facilities. Development incentives should prioritize brownfield redevelopment within
established urban rings to preserve ecological buffers. Specifically, preserving the existing
monocentric equilibrium while channeling economic revitalization inward demonstrates
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that morphological stability, rather than outward expansion, is the most effective driver
of carbon reduction in historically industrialized cities. Channeling economic investment
into existing industrial cores rather than expanding outward preserves the current reduced
emission morphological equilibrium and prevents carbon intensity escalation.

The successful application of these spatial governance measures depends on integrat-
ing morphological thresholds directly into municipal development approval workflows.
Local planning departments should establish automated compliance checks that evaluate
proposed land use changes against cluster specific emission probability curves. Regular
monitoring of landscape metric shifts will allow authorities to adjust zoning parameters be-
fore threshold crossings occur. This targeted approach ensures that economic development
strategies consistently align with spatial configurations that minimize carbon intensity
across diverse urban contexts.

5.4. Limitations and Future Directions

This study examines the nonlinear, threshold-dependent, and interactive contribu-
tions of urban morphology to carbon emission intensity category assignment. Given the
constraints of available data and methodological scope, several limitations remain, and
future research may extend the analysis in the following directions.

First, the interpretability framework primarily identifies contribution patterns and
relative importance, but the underlying physical and socio-economic mechanisms driving
these threshold shifts require further exploration. Future studies could integrate multi-
source datasets, such as high-resolution building energy consumption records, traffic
mobility patterns, or microclimate observations, and combine these with urban climate or
transportation models to provide more detailed mechanistic explanations for the observed
threshold and interaction effects.

Second, the current analyses relies on cross-sectional panel data, which captures static
associations across discrete time points. Urban morphology and carbon emission patterns
are inherently dynamic, and longitudinal changes may involve cumulative effects, lagged
responses, or path dependencies. Constructing continuous temporal datasets and applying
spatiotemporal modeling techniques or sequential machine learning approaches could help
clarify the long-term evolution of morphological influences on category assignment.

Third, this study primarily focuses on morphological indicators, while carbon emission
intensity is also shaped by non-morphological factors such as energy structure, industrial
composition, technological adoption, and policy interventions. These variables are not
explicitly included in the current model and may operate as unobserved influences. As a
result, the importance rankings of morphological features may partly reflect correlations
with these unmeasured variables rather than their intrinsic causal effects. While this study
establishes robust statistical associations between urban morphology and carbon emis-
sion categories, the results do not imply direct causality. Instead, urban morphology acts
as a “spatial constraint framework” that shapes carbon emission patterns indirectly by
influencing traffic efficiency, energy consumption modes, and built environment configura-
tions. Future frameworks could incorporate broader socio-economic and policy indicators
(where data availability permits) to more comprehensively assess the relative contributions
of morphological factors and explore their synergistic pathways with technological and
institutional variables.

6. Conclusions

Based on a sample of 336 Chinese cities, this study constructs an urban morphological
indicator system encompassing multi-dimensional characteristics to classify urban carbon
emission intensity levels. To identify urban typologies, the K-means clustering algorithm,
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Gaussian mixture models, agglomerative hierarchical clustering, and spectral clustering
were systematically compared. Comparative evaluation indicates that spectral clustering
yields comparatively balanced category distributions, which supports the subsequent sta-
tistical representation of distinct urban types. Consequently, this study applies spectral
clustering to partition the sample into four urban clusters characterized by differing devel-
opment trajectories. Integrating a Bayesian optimized gradient boosting classifier with a
dual-interpretability framework combining SHAP and PDPs, the study examines the rela-
tionship between urban morphology and carbon emission intensity category assignment
from three perspectives. These perspectives include feature relevance, nonlinear probability
transitions, and interaction mechanisms. While SHAP quantify global feature contributions
to category assignment, PDPs illustrate average marginal probability shifts, facilitating the
identification of transition boundaries and nonlinear classification trajectories. The results
suggest that the association between urban morphology and emission category assign-
ment exhibits nonlinearity and threshold dependency, with dominant features, directional
influences, and probability transition ranges varying across urban types.

The findings indicate that uniform morphological regulation approaches may not suit all
urban contexts. Within the high-emission intensity cluster, mean urban patch area and urban
clumpiness demonstrate positive associations with higher emission category assignment.
PDPs indicate probability transition ranges beyond which spatial expansion and extensive
agglomeration correspond with elevated classification probabilities, suggesting the need for
measured development controls. In the medium-ecological cluster, complex interactions and
compensatory relationships exist among shape indicators. Spatial planning may benefit from
coordinating morphological complexity across landscape and patch scales within probability
ranges associated with lower emission categories. Within the medium-emission developmen-
tal cluster, interaction effects between economic density and morphological characteristics
are notable, suggesting that spatial adjustments during development may help moderate the
association between economic intensification and higher emission category assignment. In
the low emission cluster, landscape shape complexity correlates with increased classification
probabilities, whereas spatial aggregation demonstrates a mitigating association. PDPs indi-
cate a probability shift boundary for the landscape shape index, suggesting that monitoring
this metric may support category stability.

Furthermore, interaction effects among morphological factors exhibit considerable
complexity. Analysis using SHAP indicates that combinations of key morphological fea-
tures produce non-additive effects on category assignment probabilities. The magnitude
and direction of these interactions demonstrate substantial variation across urban clusters.
Identical feature pairs may exhibit synergistic, compensatory, or statistically neutral as-
sociations depending on the urban context. Complementing this observation, stratified
partial dependence plots demonstrate how these interaction dynamics influence probability
distributions and transition boundaries across different urban settings.

Overall, this study examines the nonlinear, threshold, and interaction patterns associated
with the relationship between urban morphology and carbon emission intensity categories
across national and subregional scales. By utilizing partial dependence plots to identify
probability transition ranges and SHAP to assess feature relevance, this research offers a
reference framework for developing differentiated spatial planning strategies across varying
urban development contexts. Additionally, the analytical framework may be applied to
examine the relationship between urban morphology and other ecological indicators, offering
methodological considerations for spatial optimization and urban resilience assessment.
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Appendix A

Table A1. Descriptive statistics of urban morphological indicators within the clustering area.

Metric Name co C1 C2 C3
Median Mean Median Mean Median Mean Median Mean
Pr"por“‘X‘rgi Built-Up 0.0090 0.0115 0.0241 0.0091 0.0414 0.0755 0.0058 0.0382
PD 0.0023 0.0032 0.0015 0.0010 0.0088 0.0111 0.0007 0.0023
LPI 0.0826 0.1516 0.9647 02150 1.0190 33013 0.0911 1.7176
ED 0.1921 0.2979 05051 0.1646 1.2060 1.9581 0.1215 0.7867
LSI 10.7093 12.0361 9.8622 7.8374 14.9860 16.0590 7.1264 10.4533
AREA_MN 153.5667 1725931 1086.5476 523.8283 353.6216 612.8499 397.6154 1576.7277
SHAPE_MN 1.8720 1.8954 2281 2.0088 1.9020 1.9320 1.9884 23927
CLUMPY 0.8596 0.8593 0.9379 09162 0.9038 0.9051 09117 0.9365
COHESION 95.1344 95.0874 98.3481 96.5445 97.6999 97.8763 96.4639 98.4111
MESH 25207 6.6003 115.6101 20.6720 1141223 1695.1472 3.2395 690.1546
SPLIT 707,887.5633  12,628,614.1753 7541.8321 100,084,683.9418 71730992 13,276.8932  579,233.1124  28,914.1427
Al 86.0197 85.9966 93.9178 91.6565 90.8741 91.0708 91.1994 93.8399
People Density 1.1493 33.4046 3.0357 23.8877 53802 33.9811 0.9734 29.4489
Economic Density 59114 294.0912 23.9293 2582912 57.3151 458.4860 5.2685 263.8001
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Abstract

Urban fire risk in high-density cities is characterized by complex spatial heterogeneity and
nonlinear relationships with the built environment, population distribution, and climatic
conditions. However, most existing studies rely on linear assumptions and offer limited
interpretability. To address this gap, we developed an interpretable analytical framework
that integrates the CatBoost model with SHAP (SHapley Additive exPlanations), using
Futian District in Shenzhen as a case study. We constructed a fire risk surface from historical
fire incident data using kernel density estimation (KDE) and incorporated multiple urban
environmental factors—including points of interest (POls), road networks, and meteo-
rological variables—as explanatory variables. The CatBoost model captured nonlinear
relationships, while SHAP quantified feature importance and revealed interaction effects.
The results show that urban fire risk is strongly associated with the spatial agglomeration
of population-related facilities, especially high-density commercial and residential areas, as
well as thermal conditions. Several variables exhibit clear nonlinear threshold effects, with
their influence on fire risk varying markedly across different intensity ranges. Interaction
analysis further indicates that combinations of built-environment characteristics and cli-
matic factors jointly shape the spatial pattern of fire risk. These findings provide empirical
insights into the spatial mechanisms underlying urban fire risk and highlight the value of
interpretable machine learning in urban safety research. The proposed framework offers a
practical tool for developing more targeted, evidence-based fire risk management strategies
in high-density urban areas.

Keywords: urban fire; risk assessment; ArcGIS; machine learning; CatBoost algorithm; SHAP

1. Introduction

Urban fires are common urban disasters that have been increasing in frequency, pos-
ing severe threats to public safety and property. As urbanization accelerates and urban
governance becomes more granular, identifying fire risk factors and developing effective
prevention strategies have emerged as critical research topics in the field of urban safety [1].
Although fire incidents are characterized by their stochasticity, the integration of big data [2]
and machine learning (ML) technologies [3] allows for a more profound understanding of
risk factors and enables more precise urban fire risk assessments [4].

Currently, methodologies for analyzing urban fire risk factors primarily include
the DEMATEL-ISM method [5], AHP-FCE method [6], entropy weight method [7],
multi-criteria decision-making [8], risk matrix method [9], TOPSIS [10], and various ma-
chine learning techniques [11-13]. Zamanialaei et al. (2025) [14] used machine learning
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to assess structure-level fire risk in California’s wildland—urban interface (WUI), iden-
tifying building spacing and defensible space as key predictors. Complementing their
WUI-focused study, the present work applies an interpretable CatBoost-SHAP framework
to intra-urban fires in high-density settings, thereby extending data-driven fire risk as-
sessment to purely urban contexts. Research scales in this domain span from individual
buildings [15-17] and blocks [18,19] to urban grids [20,21]. For instance, Sun et al. (2019)
developed an evaluation index system using the Analytic Hierarchy Process (AHP) based
on historical fire statistics and theoretical analysis, thereby promoting the integration of
smart fire protection within smart city frameworks [22]. Wei et al. (2018) proposed a
rapid assessment approach combining fuzzy mathematics with Support Vector Machines
(SVM); by training the model with samples derived from fuzzy comprehensive evalua-
tions, they successfully predicted risks for specific sports facilities with high accuracy [23].
Kim et al. (2023) [24] developed a prediction model for fire occurrence and casualties using
datasets from Seoul (2017-2021). By combining built environment characteristics with me-
teorological and demographic data, they enhanced predictive performance and identified
high-risk zones in the Gangnam district. Furthermore, Oh and Jeong (2022) introduced an
XGBoost-based prediction method utilizing grid-level data (e.g., population, aged build-
ings, and high-rise structures), which outperformed baseline models like SVM and logistic
regression in localized fire prevention [25]. However, despite the predictive superiority of
ML, existing studies often suffer from the “black-box” nature of these algorithms, failing to
provide actionable spatial thresholds for urban planners. Alongside traditional methods’
issues of high subjectivity and coarse spatial resolution, current research lacks the capacity
to fully capture complex nonlinear relationships or the spatiotemporal transition of driving
mechanisms during rapid urbanization. Specifically, there is a lack of in-depth analysis
regarding the fine-grained spatiotemporal evolution of fire risks within urban core areas.

To address these gaps, the present study focuses on the Futian District of Shenzhen. By
integrating historical fire records with multi-source built environment data, we investigate
the spatiotemporal distribution of fire incidents. Specifically, this study fills the identified
gaps by: (1) constructing an interpretable CatBoost [26]-SHAP [27] framework to decouple
the non-linear influences of multi-source urban data; (2) identifying the spatiotemporal
transition of fire risk drivers in Futian District; and (3) quantifying critical management
thresholds (e.g., firefighting service radii and thermal limits) to support evidence-based
urban resilience planning. This research provides a scientific basis for optimizing fire
resource allocation and advancing resilient urban planning.

2. Materials and Methods

Figure 1 presents the overall methodological workflow used to quantify, model, and
interpret the spatial distribution of urban fire risk in Futian District during 2008-2018. The
study timeline is first segmented into two distinct urban development stages—(i) the Urban
Rapid Development Period (2008-2012) and (ii) the Spatial Structure Optimization Period
(2013-2018)—to capture temporal transitions in urban morphology and fire risk patterns.

The analytical framework includes three main steps. The Fire Risk Index is first de-
rived from historical fire points of interest (POI) data (2008-2012 and 2013-2018) through
kernel density estimation (KDE). Parallel to this, Fire Risk Impact Factors are generated
from multiple geospatial datasets: (a) POI kernel densities of public gathering places,
residential places, flammable/explosive sites, large-scale buildings, and vulnerable facili-
ties; (b) raster-based environmental variables, including topographic factors (DEM, slope),
climatic variables (temperature and precipitation), and urban/environmental indicators
such as nighttime light intensity (NTL), NDVI, road density, built-up density, and distance
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to fire stations. All impact layers are standardized to the same spatial resolution and

time windows.
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Figure 1. Research framework. The overall workflow illustrates the process of urban fire risk
assessment in Futian District using multi-source data, kernel density estimation (KDE), CatBoost
modeling, and SHAP (SHapley Additive exPlanations) interpretation. The study period is divided
into two phases: the Urban Rapid Development Period (2008-2012) and the Spatial Structure Op-
timization Period (2013-2018). FRI denotes the Fire Risk Index. Key abbreviations in the figure:
POI = Points of Interest; KD_ = Kernel Density; DEM = Digital Elevation Model; NDVI = Normal-
ized Difference Vegetation Index; NTL = Nighttime Light Intensity; SCV = Spatial Cross-Validation;
SHAP = SHapley Additive exPlanations.

Subsequently, Influencing Factor Screening is performed via variable correlation
analysis (Pearson heatmap) and collinearity diagnostics. Variables exhibiting weak correla-
tion or strong collinearity—specifically slope, annual precipitation, and distance to water
bodies—are excluded to reduce multicollinearity and enhance model interpretability.

The core Assessment and Explanation Module employs a supervised CatBoost
gradient-boosting framework. The fire risk index serves as the target (dependent) vari-
able, while the screened explanatory variables (DEM, annual mean temperature, building
density, residential density, public gathering places density, road density, nighttime light
intensity, NDVI, flammable/explosive sites density, large-scale buildings density, vul-
nerable facilities density, and distance to fire stations) constitute the feature set. After
hyperparameter tuning and model training/validation, SHAP (SHapley Additive exPla-
nations) values are computed for global and local interpretability. The results include
(i) feature importance rankings, (ii) SHAP dependence plots showing nonlinear effects, and
(iif) interaction heatmaps.

Finally, the Models Comparison and Conclusions section conducts a comparative
SHAP analysis between the two development periods (20082012 vs. 2013-2018), high-
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lighting shifts in factor dominance, critical risk thresholds, and interaction effects. These
insights feed directly into the ranking of influencing factors, derivation of SHAP-derived
critical thresholds and interaction effects, and the ultimate discussion and conclusions on
nonlinear threshold effects and policy implications for urban fire-risk management.

2.1. Study Area: Futian District, Shenzhen, China

Futian District is located in the central part of the Shenzhen Special Economic Zone
and serves as a key central urban area for Shenzhen’s development and construction
(Figure 2). The district covers 78.66 km? and includes 10 sub-districts. It represents a
typical high-density urban built-up area [28]. Futian District concentrates a substantial
number of high-rise buildings, commercial complexes, aging residential communities, and
“urban villages” (chengzhongcun), resulting in fire safety risks that exhibit diversified and
complex characteristics. Between 2008 and 2018, a total of 2762 fire incidents were recorded
in the district. After data cleaning to remove duplicate records, 2654 valid fire cases were
retained for further analysis. Persistent safety hazards—such as the illegal parking of
electric bicycles and the improper storage of debris obstructing fire access lanes—further
underscore its status as a priority area for urban public safety governance.
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Figure 2. Study area of Futian District, Shenzhen.

2.2. Data Sources and Preprocessing

The data used in this study mainly include elevation, slope, normalized difference
vegetation index (NDVI), nighttime light intensity, building density, road density, and
POI data, all of which are obtained from publicly available online sources. The specific
data sources are listed in Table 1.

Historical fire incident data for Futian District, Shenzhen, were obtained from the
Shenzhen Municipal Government Data Open Platform [29], covering all publicly available
records from January 2008 to December 2018. The initial dataset contained 2761 records.
We applied a systematic multi-step cleaning protocol using Python 3.13 (pandas and
geopandas) to ensure data quality and reproducibility. Duplicate records were removed
using Python (pandas and geopandas). Duplicates were defined as entries with identical
timestamps, overlapping coordinates within a 10 m tolerance, and consistent incident
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descriptions (1 = 64). Subsequently, fire locations were geocoded via the Baidu Maps API
and transformed to the WGS-84 coordinate system in ArcGIS 10.8. Records with coordinates
falling outside the administrative boundary of Futian District or containing ambiguous
addresses that could not be reliably verified were excluded to maintain spatial consistency
with other geospatial layers, representing 35 instances. An additional 8 records were
discarded due to missing critical fields such as alarm dates or location descriptions. All
exclusion criteria were applied uniformly and documented in the preprocessing workflow
to ensure analytical transparency. Following these procedures, 2654 valid fire incidents
remained for analysis and were stratified into two sub-periods: 2008-2012 and 2013-2018,
to align with the district’s transition from rapid urban expansion to spatial structure
optimization around 2012. The kernel density of these fire incidents was calculated to
construct the Fire Risk Index (FRI), which represents the continuous spatial intensity
of urban fire risk. Notably, the original open-platform records lacked a standardized
fire severity classification. To avoid introducing subjective categorization bias or sample
imbalance, all incidents were treated as binary spatial events, and kernel density estimation
was employed to capture continuous variations in overall fire risk intensity.

POI data were obtained from the Baidu Maps API. After deduplication and filtering,
the raw POI data were reclassified according to fire risk characteristics into five major
categories. Large-scale buildings include factories, shopping malls, and warehousing and
logistics facilities, which are characterized by high fire loads and concentrated combustible
materials. Residential places mainly refer to residential communities, where the use
of electricity and fire-related activities is concentrated. Public gathering places include
accommodation, catering, supermarkets, internet cafés, and tutoring institutions, which
typically contain abundant combustible materials and high population density. Vulnerable
facilities include hospitals, schools, nursing homes, and childcare facilities, where occupants
often have limited emergency response capability. Flammable and explosive places include
petrochemical enterprises, new energy enterprises, and gas stations, where flammable
materials are highly concentrated.

Table 1. Multi-source geographic data.

Data Category Data Name Abbreviation Data Source
Natural Environment Elevation DEM Geospatial Data Cloud [30] (https://www.gscloud.cn)
Slope Slope Geospatial Data Cloud [30] (https://www.gscloud.cn)

National Ecosystem Science Data Center [31]
(https:/ /doi.org/10.12199 /nesdc.ecodb.rs.2021.012)
National Tibetan Plateau Data Center [32]
(https://doi.org/10.5281/zenodo.3114194)
National Tibetan Plateau Data Center [33]
(https://doi.org/10.11888 /Meteoro.tpdc.270961)
OpenStreetMap [34] (https://www.openstreetmap.
Distance to Water Bodies Dist_Water org/#map=11/22.3567/114.1363)
(accessed on 22 October 2025)
OpenStreetMap [34] (https:/ /www.openstreetmap.

Built Environment Road Density Road_Dens org/#map=11/22.3567/114.1363)
(accessed on 22 October 2025)
East Asia Building High-Quality Vector Dataset [35]
(https:/ /doi.org/10.5281/zenod0.8174931)
China Long-Term Nighttime Light Dataset (2000-2020)
[36] (https:/ /doi.org/10.3974/geodb.2022.06.01.V1)
Baidu Maps API POI data [37] (2012-2018)
Vulnerable Facilities Density KD_Vuln (https:/ /Ibsyun.baidu.com/products/map)

(accessed on 14 October 2025)

Baidu Maps API POI data [37] (2012-2018)
Public Gathering Places Density KD_PubGath (https:/ /Ibsyun.baidu.com/products/map)

(accessed on 14 October 2025)

Baidu Maps API POI data [37] (2012-2018)
Flammable/Explosive Sites Density KD_Flame (https:/ /Ibsyun.baidu.com/products/map)
(accessed on 14 October 2025)

Normalized Difference Vegetation Index = NDVI
Annual Total Precipitation Precip

Annual Mean Temperature Temp

Building Density Bldg_Dens

Nighttime Light Intensity NTL
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Table 1. Cont.

Data Category Data Name Abbreviation Data Source
Baidu Maps API POI data [37] (2012-2018)
Residential Density KD_Resid (https:/ /Ibsyun.baidu.com/products/map)

(accessed on 14 October 2025)

Baidu Maps API POI data [37] (2012-2018)
Large-scale Buildings Density KD_LargeBld (https:/ /Ibsyun.baidu.com/products/map)

(accessed on 14 October 2025)

Baidu Maps API POI data [37] (2012-2018)

Distance to Fire Stations Dist_FireStn (https:/ /Ibsyun.baidu.com/products/map)
(accessed on 14 October 2025)
Historical Fire Data Fire Risk Index FRI Calculated using Formula (2)

Baidu POI data were period-specifically matched (2012 snapshot for 2008-2012 period and 2018 snapshot for
2013-2018 period).

Some raster-based variables (e.g., NDVI and temperature) have relatively coarse
spatial resolution compared to the scale of the study area. To ensure spatial consistency,
all variables were resampled to a unified resolution and aggregated to a 240 m x 240 m
grid, which serves as the analytical unit. This resolution represents a balance between
data availability and the need to capture intra-urban spatial variability. In addition, kernel
density estimation (KDE) was applied to transform discrete fire incidents into continuous
spatial surfaces, which helps reduce the sensitivity of the analysis to differences in data
resolution. Therefore, the modeling framework focuses on relative spatial patterns and
nonlinear relationships rather than fine-scale pixel accuracy.

To ensure temporal consistency, POI data from 2012 and 2018 are used to represent
the two study periods (2008-2012 and 2013-2018), respectively. This approach captures
the dominant built-environment characteristics of each phase while maintaining com-
parability [37]. Given the marked slowdown in large-scale development after 2012, the
2012 POI dataset effectively captures the vast majority of functional facilities added be-
tween 2008 and 2012, thereby serving as a robust representation of the built environment
characteristics during that specific period. By the same token, the 2018 POI dataset rea-
sonably reflects the overall conditions during the 2013-2018 period. This snapshot ap-
proach allows for a more accurate depiction of the actual urban functional distribution
and POI density characteristics during each phase, avoiding potential temporal biases that
might arise from relying on a single static dataset. Furthermore, both snapshots adhere to a
consistent POI classification system, thereby ensuring methodological comparability across
the two distinct time periods.

To further ensure the robustness of the CatBoost model and mitigate potential mul-
ticollinearity among explanatory variables, a Variance Inflation Factor (VIF) diagnostic
was conducted for all 15 candidate predictors across both study periods (2008-2012 and
2013-2018). After Pearson correlation screening, three weakly correlated variables (Slope,
Precip, Dist_Water) were excluded. VIF values for the remaining 12 variables are shown in
Table 2. The VIF quantifies how much the variance of a regression coefficient is inflated
due to linear dependence with other features; A commonly used threshold is VIF < 10,
indicating acceptable levels of collinearity [38].

Table 2. Variance inflation factor (VIF) diagnostics for explanatory variables across two study periods.

Variable VIF (2008-2012)  VIF (2013-2018) Collinearity Status
Elevation DEM 4.90 4.84 Acceptable
Normalized Difference Vegetation Index NDVI 2.23 2.18 Acceptable
Annual Mean Temperature Temp 3.26 3.73 Acceptable
Building Density Bldg_Dens 2.23 2.24 Acceptable
Road Density Road_Dens 1.53 1.52 Acceptable
Nighttime Light Intensity NTL 424 3.7 Acceptable
Vulnerable Facilities Density KD_Vuln 5.02 4.62 Moderate (Period 1) *
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Table 2. Cont.

Variable VIF (2008-2012)  VIF (2013-2018) Collinearity Status
Public Gathering Places Density KD_PubGath 4.52 5.67 Acceptable
Flammable/Explosive Sites Density KD_Flame 1.54 1.79 Acceptable
Residential Density KD_Resid 9.53 4.39 Moderate (Period 1) *
Large-scale Buildings Density KD_LargeBld 2.68 1.54 Acceptable
Distance to Fire Stations Dist_FireStn 1.56 1.86 Acceptable

* Threshold: VIF < 10.0 indicates acceptable multicollinearity. Variables with 5.0 < VIF < 10.0 are marked with *;
all values decreased or remained stable in the second period (2013-2018), supporting model robustness.

As shown in Table 2, all retained variables exhibited VIF values below the thresh-
old of 10.0 in both periods. Specifically, 13 out of 15 variables showed VIF < 5.0, in-
dicating negligible multicollinearity. Two variables—KD_Resid (Residential Density)
and KD_Vuln (Vulnerable Facilities Density)—exhibited moderately elevated VIF val-
ues in the first period (9.53 and 5.02, respectively), but both decreased substantially in the
second period (4.39 and 4.62), reflecting improved feature independence following urban
spatial restructuring.

Notably, although tree-based models like CatBoost are relatively robust to mul-
ticollinearity, conducting VIF screening enhances the interpretability of SHAP values
by reducing feature redundancy. The diagnostic results confirm that multicollinear-
ity does not substantially affect the stability of feature importance estimation in our
modeling framework.

2.3. Indicator System Construction

This study focuses on urban fire risk assessment and influencing factor analysis in
Futian District, Shenzhen. A CatBoost regression model was constructed based on multi-
source data. The kernel density of urban fire incident points is selected as the Urban Fire
Risk Index, which reflects the spatial clustering characteristics and potential intensity of
fire risk.

Based on an extensive review of related literature and expert consultation [39-42],
the following variables were selected as explanatory features: elevation (DEM), slope
(Slope), normalized difference vegetation index (NDVI), annual total precipitation (Precip),
annual mean temperature (Temp), distance to water bodies (Dist_Water), building
density (Bldg_Dens), road density (Road_Dens), nighttime light intensity (NTL), vul-
nerable facilities density (KD_Vuln), public gathering places density (KD_PubGath),
flammable/explosive sites density (KD_Flame), residential density (KD_Resid), large-scale
buildings density (KD_LargeBld), and distance to fire stations (Dist_FireStn).

Although vegetation coverage in Futian District is relatively limited due to its high
urbanization level, NDVI was retained as a proxy variable to capture micro-scale envi-
ronmental heterogeneity. NDVI reflects variations in surface moisture and urban thermal
conditions. These factors may influence fire ignition and spread. Moreover, in highly
urbanized areas, fragmented green spaces and urban vegetation may still contribute to
localized cooling effects and humidity regulation. Therefore, NDVI was not interpreted
as a dominant ecological driver, but rather as a complementary environmental indicator
interacting with temperature and built-environment variables.

Although building density reflects the physical intensity of the built environment,
nighttime light intensity (NTL) captures the functional dimension of urban activity, par-
ticularly human activity intensity and energy consumption patterns during nighttime. In
high-density urban areas, NTL has been widely used as a proxy for socioeconomic activity
and urban vitality. These aspects are not fully represented by structural indicators such as
building density. Therefore, the inclusion of NTL enables the model to distinguish between
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areas with similar physical density but different levels of human activity, which may lead
to different fire risk profiles.

It is acknowledged that the distance to fire stations is more directly related to fire
response capacity rather than the intrinsic probability of fire occurrence. However, in
this study, this variable is incorporated as a contextual modifier to capture the spatial
heterogeneity of fire risk outcomes. Areas with longer distances to fire stations may
experience delayed response times, which can exacerbate fire consequences and indirectly
influence the observed spatial pattern of fire incidents. Therefore, this variable is not
interpreted as a direct causal driver of fire occurrence, but rather as a proxy for reflecting
the spatial configuration of emergency service accessibility within the urban system.

2.4. Spatial Analysis Methods

For the spatial analysis, a regular grid-based spatial unit system covering the entire Fu-
tian District was established using ArcGIS 10.8. The grid cell size was set to 240 m x 240 m,
generating a total of 1596 grid cells as independent analytical units. The geocoded historical
fire event point data were imported into the spatial database, and kernel density estimation
(KDE) was applied (with the quartic kernel function used by default in ArcGIS) to analyze
the spatial point pattern.

2.4.1. Kernel Density Estimation (KDE)
The spatial intensity of urban fire incidents was quantified using KDE, which is defined as:

1 & d(x,x;)
flx) = nhng<h> 1

where 7 is the number of fire incidents, & is the bandwidth (determined by Silverman’s rule
of thumb to ensure spatial smoothness), and K is the kernel function. This method allows
for the identification of high-risk “hotspots” beyond discrete points, producing continuous
fire risk surfaces for both sub-periods.

This method quantifies the influence intensity of fire incident points on surrounding
areas through a weighted function that decays with distance, effectively smoothing the data
distribution and revealing spatial clustering characteristics. All kernel density calculations,
including the Fire Risk Index (FRI) and POl indicators, adopted a unified parameter system:
the cell size was set to 30 m, and the search radius and bandwidth parameter (h) were
optimized according to the Silverman rule [43]:

_ : IQR ~1/5
h =09 x min <a, 1.34> X n )

where o denotes the standard deviation, IQR represents the interquartile range, and
n indicates the sample size; these parameters were automatically computed using the
“Bandwidth Calculator” tool in ArcGIS 10.8.

By calculating the kernel density value (fire events per km?) for each grid cell, a
continuous spatial risk surface was generated. This density value serves as the regional
Fire Risk Index (FRI), which is quantified using the following formula:

1 dj;
FRI; = ﬁz;?:l K(;) (3)

where FRI; represents the Fire Risk Index of grid cell i, K denotes the kernel density
function, d;; represents the Euclidean distance between the center of grid cell i and fire
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incident point j, & is the bandwidth parameter, and n denotes the total number of fire
incidents within the bandwidth range.

To assess the robustness of the Fire Risk Index (FRI) to the chosen analytical parame-
ters, a sensitivity analysis was conducted. The baseline configuration (240 m x 240 m grid
and bandwidth determined by Silverman’s rule) was compared against four alternative
setups: (i) 120 m grid, (ii) 480 m grid, (iii) bandwidth x 0.8, and (iv) bandwidth x 1.2.
Pearson correlation coefficients between the baseline FRI and the alternative FRI sur-
faces exceeded 0.92 in all cases (p < 0.01), and the spatial overlap of high-risk hotspots
(Getis-Ord Gi* hotspot analysis at 99% confidence) remained above 87%. These results
indicate that the identified fire risk patterns and subsequent SHAP-derived thresholds
are robust to reasonable variations in grid resolution and bandwidth, although finer grids
(120 m) slightly increase local variability in low-density areas while coarser grids (480 m)
tend to smooth extreme hotspots.

2.4.2. Spatial Autocorrelation

Spatial autocorrelation analysis quantifies the degree of autocorrelation of geographic
variables within a study area, reflecting spatial dependence and heterogeneity. It can
identify spatial hotspots, cold spots, and outliers, and help interpret the spatial structure
and variation patterns of geographic phenomena. This method is used to explore the spatial
distribution and temporal variation characteristics of the historical fire kernel density (FRI)
in Futian District, Shenzhen. The analysis was conducted using ArcGIS [44].

Among the methods employed, Global Spatial Autocorrelation (Global Moran’s I) [45]
focuses on testing the overall spatial clustering tendency of the study object. It is used to
determine whether the fire kernel density exhibits significant spatial clustering or dispersion
patterns during the study period.

High/Low clustering analysis (Getis-Ord General G), a global spatial statistical
method, is used to measure the spatial clustering degree of high or low values within
the study area. This statistic standardizes the weighted sum of attribute values for spatial
units and their neighboring units, comparing the calculated observed value with the ex-
pected value under a random distribution. The method generates a z-score and p-value
to determine clustering significance: when the z-score is positive, the observed General
G index is greater than the expected index, indicating a high-value clustering pattern;
when the z-score is negative, the expected index exceeds the observed index, indicating a
low-value clustering pattern. We use it to identify the overall high/low clustering pattern
of fire kernel density [46].

Following a “global-local” analytical framework, this study first tests the overall
clustering trend using global spatial autocorrelation methods. Subsequently, the Getis-Ord
General G statistic is applied to conduct high/low clustering analysis. Combined with the
actual geographic context of Futian District and the characteristics of the fire kernel density
dataset, multidimensional statistical significance tests and feature interpretation are per-
formed to more comprehensively reveal the spatial distribution patterns and heterogeneity
of fire kernel density in the study area.

2.5. CatBoost-SHAP Modeling Framework
2.5.1. CatBoost Algorithm

CatBoost is a high-performance gradient boosting decision tree algorithm developed
by Yandex. It improves upon the traditional Gradient Boosting Decision Tree (GBDT)
framework by learning and predicting based on symmetric decision trees. By addressing
issues related to categorical feature processing and prediction shift, the algorithm effectively
reduces overfitting [47,48].
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To address spatial autocorrelation in grid-based data, a 7-fold spatial cross-validation
(SCV) framework was adopted. The study area was divided into seven spatial clusters
using K-means based on geographic coordinates. Model performance was quantified
using the coefficient of determination (R?), root mean square error (RMSE), and mean
absolute error (MAE). R? reflects the explanatory power of the model for the target variable,
with values closer to 1 indicating better performance. RMSE and MAE quantify the
magnitude of prediction errors, with smaller values indicating higher accuracy. Together,
these three indicators provide a comprehensive evaluation of the goodness-of-fit and
predictive accuracy of the urban fire risk model. The calculation formulas are as follows:

RZ -1— Zln:l(yi B yAi)Z (4)
Yt (vi -7
1& 12
RMSE =2} (i =) (5)
i=1
1& .
MAE = 0} lyi = 9il (6)
i=1

where n represents the number of samples, y; denotes the observed value, 7J; represents
the predicted value, and iy denotes the mean of the observed values y;. The coefficient of
determination R? measures the goodness-of-fit of the model to the data, with a value range
of [0, 1]. Values closer to 1 indicate a better model fit.

A comprehensive grid search strategy was employed to optimize CatBoost hyperpa-
rameters, including tree depth, learning rate, and regularization coefficients, ensuring an
optimal balance between predictive accuracy and model stability. To enhance the scientific
rigor of the interpretability analysis, a statistical verification framework was introduced
for identifying critical thresholds. Rather than relying on subjective visual inspection of
SHAP dependence plots, piecewise linear fitting combined with 1000-iteration bootstrap
resampling was applied to calculate 95% confidence intervals (Cls) for each identified
breakpoint. This approach quantifies predictive uncertainty and provides a statistically
robust foundation for evidence-based policy recommendations. In practical application,
the optimized CatBoost algorithm efficiently processes multiple influencing factors, ac-
curately captures nonlinear associations and interaction effects among built environment
and climatic variables, and suppresses overfitting through spatially constrained validation.
This provides a reliable modeling foundation for subsequent SHAP-based interpretation.

To investigate the relationship between regional fire kernel density and its influencing
factors, the fire risk kernel density of Futian District during 2008-2012 and 2013-2018 was
used as the dependent variable. The independent variables included DEM, NDVI,
Temp, Bldg_Dens, Road_Dens, NTL, KD_Vuln, KD_PubGath, KD_Flame, KD_Resid,
KD_LargeBld, and Dist_FireStn.

2.5.2. SHAP Method

This study adopts the SHAP (SHapley Additive explanations) method proposed by
Scott M. Lundberg et al. [27] to identify key factors influencing changes in urban fire
risk and to determine the direction of their effects. SHAP quantifies the contribution of
each feature at the individual sample level, enabling an intuitive interpretation of how
different variables influence variations in urban fire risk. SHAP interaction values are
used to analyze the interaction effects among feature variables, helping to explain complex
nonlinear relationships. The calculation formula is as follows:
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n

fx) = ¢o+ ) ¢ @
i=1

where f(x) represents the predicted value of the Fire Risk Index, ¢y denotes the baseline

value, and ¢; represents the SHAP value of each feature, reflecting the marginal contribution

of that feature to the prediction result. To further analyze the interaction effects among

features, SHAP interaction values are employed:

¢ij = f(SULij}) = f(SU{i}) = fF(SU{j}) + £(S) ®)

where ¢;; represents the interaction contribution value between feature i and feature j, and
S denotes a subset of features.

Equation (8) measures the joint effect of two features and reveals how their combined
influence affects the model’s prediction results.

SHAP dependence plots were subsequently generated to visualize the marginal re-
lationship between each feature and the predicted risk. To rigorously identify nonlinear
threshold effects and quantify their uncertainty, this study applied a bootstrap-based
piecewise linear fitting approach (pwlf package, 1000 bootstrap resamples) on the SHAP
dependence plots. The identified breakpoints and their 95% confidence intervals (95% CI)
provide statistically supported critical thresholds for each key feature.

3. Results

3.1. Spatiotemporal Variation in Fire Risk in Futian District
3.1.1. Temporal Variation Characteristics of Historical Fires in Futian District

As shown in Figure 3, a total of 2654 fire incidents occurred in Futian District, Shenzhen,
between 2008 and 2018, with an annual average of 241 fires. Figure 3a indicates that
the interannual variation in fire frequency exhibits significant fluctuations, showing an
initial increase followed by a decline. Among these years, 2013 represents the peak year
of fire occurrence, with 436 recorded fires, accounting for 16.4% of the total during the
study period. In contrast, 2008 was the year with the lowest fire frequency, with only
110 incidents, representing 4.1% of the total. The decline observed after 2013 may be
related to the strengthening of national and local fire safety policies.
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Figure 3. Historical fire statistics of Futian District. (a) Interannual distribution of historical fires in Futian
District. (b) Intermonthly distribution of historical fires in Futian District. () Bar chart of fire causes in Futian.
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Figure 3b shows the monthly distribution averaged across years. At the monthly scale,
fire incidents occur more frequently in January, February, and March. Among them, January
records the highest number of fires, with 269 incidents, accounting for approximately 10.1%
of the annual total. This pattern may be associated with dry and low-humidity winter
conditions, increased use of heating equipment, and fireworks during the Chinese New
Year period. In contrast, November shows the lowest fire frequency, with 184 incidents,
accounting for 6.9% of the annual total. The relatively higher humidity and moderate
temperatures during this month make combustible materials less likely to ignite.

Figure 3c illustrates that, among the 2654 fire incidents recorded in Futian District,
Shenzhen, the distribution of fire causes exhibits marked heterogeneity. Due to incomplete
classification in the original open-data records, 1293 incidents (48.72%) were categorized as
“Other”, reflecting a common limitation in municipal fire databases. Among the classified
causes, electrical fires ranked first with 761 incidents (28.67%), followed by accidental
domestic fires with 342 incidents (12.89%). This pattern underscores the prominence of
electrical infrastructure overload and residential fire-use behaviors as primary preventable
risk sources in high-density urban settings.

3.1.2. Global Spatial Autocorrelation Analysis

This study used ArcGIS to conduct a global spatial autocorrelation analysis of the
spatial distribution and temporal variation in historical fire kernel density (FRI) in Futian
District, Shenzhen. The results of the Global Moran’s I analysis indicate that during both
2008-2012 and 2013-2018, the historical fire kernel density in Futian District exhibited a
highly significant (p < 0.01) positive spatial autocorrelation (clustering) pattern. Specifically,
the Global Moran’s I value was 0.959 for 2008-2012 and 0.961 for 2013-2018. Before
modeling, this Global Moran’s I test verified the spatial autocorrelation of fire incidents.
The results (Moran’s I > 0.95, p < 0.01) confirmed a significant spatial clustering pattern,
justifying the use of spatial-based machine learning models.

The results (Figure 4) show that during 20082012, areas with high annual average
fire kernel density were mainly concentrated in the eastern and central-southern parts of
Futian District, including Shatou Subdistrict, Futian Subdistrict, Huaqiangbei Subdistrict,
and Yuanling Subdistrict, with sporadic distribution also observed in Meilin Subdistrict in
the northern part of the district. During 2013-2018, the annual average fire kernel density
increased in Shatou Subdistrict and Huaqiangbei Subdistrict, while it decreased in Meilin
Subdistrict and Yuanling Subdistrict.
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Figure 4. Annual average kernel density of fires in Futian District. (a) Mean annual fire kernel density,
2008-2012; (b) mean annual fire kernel density, 2013-2018.
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3.2. Spatial Correlation Analysis of Fire Incidents in Futian District

High/Low clustering analysis using the Getis-Ord General G statistic further indicates
that the fire kernel density in the study area exhibited a significant high-value clustering
pattern (p < 0.01) during both periods, with z-scores of 51.69 and 51.83, respectively.

Hotspot analysis (Getis-Ord Gi*) was applied to identify statistically significant hotspot
and cold spot areas. Figure 5 shows that the spatial distribution patterns of hotspots re-
mained highly consistent across the two periods. For 20082012, the areas of hotspots, cold
spots, and non-significant regions were 19.69 km?, 21.76 km?2, and 52.16 km?2, respectively.
For 2013-2018, the corresponding areas were 17.88 km?Z, 20.97 km?2, and 54.77 km?.
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Figure 5. Spatial distribution of kernel density hotspots of fire incidents in Futian District, Shenzhen
City. (a) Spatial distribution of fire kernel density hotspots in Futian District, 2008-2012; (b) spatial
distribution of fire kernel density hotspots in Futian District, 2013-2018.

Comparative analysis indicates that both hotspot and cold spot areas showed a de-
creasing trend, while the area of non-significant regions expanded, accompanied by slight
morphological changes in hotspot areas. Hotspots remained concentrated in the eastern
and southern parts of the study area, whereas cold spots were mainly distributed in the
central and western areas, demonstrating significant spatial heterogeneity.

3.3. Variable Correlation and Multicollinearity Diagnosis

Prior to model construction, a rigorous screening process was applied to the 15 initial
explanatory variables to ensure data quality and model robustness. This process in-
volved two steps: (1) examining pairwise correlations to identify weakly related fac-
tors, and (2) conducting multicollinearity diagnostics to prevent redundancy among
retained predictors.

Figure 6 presents the results based on the Pearson correlation coefficient matrix.
Considering the results from both 2008-2012 and 2013-2018, built-environment factors
exhibit significant positive correlations with fire kernel density. Among them, the kernel
density of vulnerable facilities, residential places, public gathering places, and large-scale
buildings forms a core driving cluster.

In addition, building density, nighttime light intensity, and road density further
confirm the positive influence of urbanization processes on fire risk. In contrast, distance to
fire stations acts as a key inhibitory factor and shows a significant negative effect.

Natural geographic factors such as slope, elevation, annual total precipitation, and
distance to water bodies show weak correlations, indicating that topographic and hydro-
logical characteristics have limited explanatory power within the highly urbanized fire risk
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system of Futian District. Significant multicollinearity exists among variables, which needs
to be addressed through the regularization mechanisms of machine learning models.
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Figure 6. Pearson correlation coefficient heatmap. (a) Heatmap of Pearson correlation coefficients,
2008-2012; (b) heatmap of Pearson correlation coefficients, 2013-2018. Abbreviations: KD_FireAvg:
Annual Average Fire Kernel Density (dependent variable).

Therefore, three weakly correlated factors—slope, annual total precipitation, and
distance to water bodies—were excluded to improve the model’s generalization ability.
While correlation analysis provides an overall understanding of relationships among
variables, it cannot directly reveal the actual driving effects of each variable on regional fire
kernel density. Further investigation using the CatBoost algorithm and the interpretable
method SHAP (SHapley Additive Explanations) is therefore required.

3.4. CatBoost Model Performance

To capture the nonlinear relationships between urban environmental factors and
fire risk, a CatBoost regression model was constructed using the 12 screened predictors
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(detailed in Section 2.2). To mitigate information leakage induced by strong spatial au-
tocorrelation, conventional random splitting was replaced with a rigorous 7-fold spatial
cross-validation framework. The study area was partitioned into geographically distinct
clusters using K-means clustering. GroupKFold was then applied to ensure that train-
ing and testing sets were spatially non-overlapping, enabling a realistic evaluation of
out-of-sample performance. Concurrently, a comprehensive grid search was conducted
across hyperparameter spaces (iterations: 800-1200, depth: 4-6, learning rate: 0.02-0.08,
subsample: 0.7-0.9, reg_lambda: 1-3, colsample_bylevel: 0.7-0.9) to identify the optimal
configuration balancing predictive accuracy and model stability.

As shown in Table 3, the optimized CatBoost model achieved robust performance
under spatial validation, with mean R? values of 0.7572 + 0.0464 (2008-2012) and
0.7484 £ 0.1461 (2013-2018). The corresponding RMSE and MAE were 0.8233 + 0.2792 and
1.3507 + 0.6894 events /km? (2008-2012) and 0.5673 + 0.2286 and 0.9683 + 0.4654 events/km?
(2013-2018), respectively. Although these values are lower than those from random split-
ting (R? > 0.94), they avoid spatial leakage and provide a more realistic estimate of model
generalization. The relatively narrow standard deviations confirm consistent generalization
performance, indicating stable model performance across folds.

Table 3. Seven-fold spatial cross-validation evaluation metrics.

Study Period RMSE (Events/km?) MAE (Events/km?) R?
Test Set Test Set Test Set
2008-2012 0.8233 + 0.2792 0.5673 4+ 0.2286 0.7572 4+ 0.0464
2013-2018 1.3507 £ 0.6894 0.9683 + 0.4654 0.7484 £+ 0.1461

To further evaluate the model’s predictive accuracy, scatter plots of predicted versus
observed fire counts were generated for both study periods (Figure 7). For 20082012
(Figure 7a), the points are generally aligned along the 1:1 line, with a linear fit of
y = 0.74x 4-0.46. This indicates strong overall agreement between predictions and ob-
servations, although the slope slightly below 1 suggests a modest tendency toward under-
prediction at higher fire counts. The color gradient (representing predicted values) shows
that higher predicted values correspond well to higher observed counts, with limited
scatter in the low-value range.
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Figure 7. Scatter plots of predicted versus observed fire Counts in Futian District, Shenzhen.
(a) Model validation results in Futian District, Shenzhen, 2008-2012; (b) model validation results in
Futian District, Shenzhen, 2013-2018.
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For 2013-2018 (Figure 7b), the relationship remains linear but exhibits greater disper-
sion, with a fitted line of y = 0.72x + 0.71. The model continues to capture the overall trend
effectively, yet the slightly lower slope and increased scatter at mid-to-high observed values
indicate a more pronounced under-prediction in areas of elevated fire activity compared
with the earlier period.

To address potential zero-inflation issues arising from the grid-based structure of the
dataset (1596 grid cells), a zero-inflation diagnostic was performed for both study periods
(Table 4). In the raw data, 6.3% of grid cells (100/1596) exhibited zero fire risk index
(FRI = 0) during 2008-2012, while this proportion increased to 12.7% (202/1596) during
2013-2018. After training the full CatBoost model, the proportion of predicted values near
zero (<0.01) dropped substantially to 2.6% (42/1596) in 2008-2012 and 1.9% (31/1596) in
2013-2018. These results indicate that the model does not simply replicate the zero-inflated
pattern observed in the raw data. Instead, it successfully captures meaningful spatial
variations in fire risk intensity across the study area.

Table 4. Zero-inflation diagnostics for the fire risk index.

Study Period Raw Data: Zero FRI (n, %) Model Predictions: Near-Zero (<0.01) (n, %)
2008-2012 100 (6.27%) 42 (2.63%)
2013-2018 202 (12.66%) 31 (1.94%)

To further evaluate the spatial performance of the model, residuals (observed mi-
nus predicted values) were mapped across the 1596 grid cells for the two study periods
(Figure 8). For the 2008-2012 period, the residuals are generally centered around zero,
indicating a relatively good overall model fit. However, distinct spatial heterogeneity is
observed. Areas of underestimation (positive residuals) are mainly concentrated in the
central-southern and eastern parts of the study area, forming localized clusters that corre-
spond to high-risk zones identified in the kernel density results. In contrast, overestimation
(negative residuals) is primarily distributed in the central region, suggesting that the model
tends to slightly over-predict fire risk in areas with moderate fire activity. Overall, the
residual pattern indicates that while the model captures the general spatial distribution of
fire risk, it exhibits limitations in accurately representing localized high-intensity clusters.
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Figure 8. Spatial distribution of model residuals (observed minus predicted values) across 1596 grid

cells in Futian District, Shenzhen. (a) Residual patterns and spatial heterogeneity in Futian District,
Shenzhen, 2008-2012; (b) shift in overestimation and underestimation clusters in Futian District,
Shenzhen, 2013-2018.

For the 2013-2018 period, the spatial pattern of residuals exhibits a more pronounced
structure. Overestimation becomes more widespread, particularly in the northern and
central regions, where large contiguous areas of negative residuals are observed, indicating
that the model tends to over-predict fire risk in these zones. Meanwhile, underestimation
is mainly concentrated in the central-southern corridor and parts of the eastern region,
forming clear linear or clustered patterns. Compared with the earlier period, the spatial
distribution of residuals shows a noticeable shift, reflecting the evolving nature of fire risk
drivers under changing urban conditions. These results suggest that although the model
maintains good overall predictive performance, certain emerging or localized factors—such
as intensified human activities or functional land-use changes—may not be fully captured,
leading to systematic biases in specific areas.

3.5. Analysis of Influencing Factor Importance

Figures 9 and 10 present the relative importance of factors influencing fire risk in Futian
District, Shenzhen, during 2008-2012 and 2013-2018, respectively. In Figures 9a and 10a,
the contribution (SHAP value) and relative importance ranking of the 12 influencing
factors are shown. Figures 9b and 10b combine factor importance with their influence on
fire risk. Each point in the figure represents the predictive effect (SHAP value) of built-
environment variables on individual samples, and samples with identical SHAP values are
vertically stacked.

The results indicate that during 2008-2012, the key influencing factors of fire risk,
ranked by importance, were: KD_Vuln, KD_PubGath, KD_LargeBld, Temp, Dist_FireStn,
and KD_Resid. The KD_Vuln ranked first, mainly because such facilities (e.g., schools,
hospitals) are critical zones where evacuation is difficult and the presence of vulnerable
populations creates significant potential for severe consequences. The high importance
of the KD_PubGath and KD_LargeBld is associated with the distribution of facilities in
densely populated urban cores, where high human traffic and significant electrical loads
create prominent fire hazards. The KD_Resid ranked last among the top factors, largely
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because residential areas may be more spatially dispersed or have lower building densities
compared to the concentrated commercial and vulnerable facility clusters, resulting in a
relatively lower marginal contribution to the prediction.

SHAP Feature Importance Ranking
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Figure 9. Relative importance of factors influencing fire risk in Futian District, Shenzhen, from
2008 to 2012. (a) Mean absolute SHAP values of fire risk factors in Futian District, Shenzhen,
2008-2012; (b) SHAP summary plot, 2008-2012.
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Figure 10. Relative importance of factors influencing fire risk in Futian District, Shenzhen, from
2013 to 2018. (a) Mean absolute SHAP values of fire risk factors in Futian District, Shenzhen,
2013-2018; (b) SHAP summary plot, 2013-2018.

During 2013-2018, the ranking of influencing factors shifted to: KD_PubGath,
KD_Vuln, Dist_FireStn, Temp, KD_Resid, and KD_LargeBld. The KD_PubGath rose to first
place, reflecting the continued growth of visitor flows in the Futian central area and the
Huagiangbei Commercial Area, where large populations gather. The KD_Resid increased
to fifth place due to accelerated urban renewal processes, increasing residential density and
exposing issues such as aging infrastructure in older residential communities. The NTL
emerged as a notable factor (ranking seventh), reflecting the growing intensity of nighttime
economic activities and the associated increase in electricity use and fire-related scenarios.
In contrast, the importance of the KD_LargeBld declined, likely due to improved spatial
planning of newly constructed large buildings and stricter fire safety inspection standards.

Overall, KD_PubGath, KD_Vuln, and Dist_FireStn consistently remain the core in-
fluencing factors across both periods. This indicates a shift in dominant fire risk drivers
from building expansion (2008-2012) to population concentration and activity intensity
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(2013-2018). Meanwhile, NDVI, Bldg_Dens, Road_Dens, and DEM all exhibit relatively low
mean absolute SHAP values during both periods, indicating limited influence on urban
fire risk.

3.6. Feature Interaction Analysis

To quantitatively address the reviewers’ concerns regarding feature interactions, the
SHAP interaction value matrices and the top 10 dominant interaction pairs for both study
periods were computed and summarized (Figure 11 and Table 5). The results indicate
a substantial intensification and structural shift in synergistic effects over time. In the
2008-2012 period, the interaction between Dist_FireStn and Temp was the primary driver
(0.0581). However, by 2013-2018, the interaction strength increased substantially, with the
synergy between KD_PubGath and KD_Vuln emerging as the dominant factor (0.1399).
Furthermore, significant interactions were observed between NTL and socio-economic
densities (KD_PubGath and KD_Vuln), supporting the presence of complex nonlinear
interactions between urban development intensity and fire risk vulnerability in high-
density areas.

SHAP Interaction Value Matrix SHAP Interaction Value Matrix
1.2
Bldg_Dens - 0.0722 0.0023 0.0030 0.0010 0.0000 0.0064 0.0011 0.0002 0.0059 0.0063 0.0057 0.0095 0.6 Bldg_Dens - 0.1456 0.0046 0.0051 0.0031 0.0014 0.0075 0.0031 0.0041 0.0142 0.0133 0.0067 0.0259
Road_Dens - 0.0023 0.0068 0.0000 0.0010 0.0008 0.0012 0.0020 0.0014 0.0057 0.0005 0.0026 0.0029 Road_Dens - 0.0046 0.0295 0.0006 0.0053 0.0027 0.0058 0.0050 0.0017 0.0155 0.0043 0.0044 0.0083
1.0
NTL-0.0030 0.0000 0.1404 0.0027 0.0058 0.0120 0.0141 0.0120 0.0112 0.0188 0.0088 0.0197 0.5 NTL-0.0051 0.0006 0.1449 0.0047 0.0030 0.0276 0.0293 0.0063 0.1178 0.0142 0.0121 0.1030
NDVI-0.0010 0.0010 0.0027 0.0792 0.0009 0.0120 0.0050 0.0036 0.0116 0.0076 0.0076 0.0165 NDVI-0.0031 0.0053 0.0047 0.0746 0.0039 0.0105 0.0032 0.0037 0.0165 0.0062 0.0016 0.0249
0.8
DEM - 0.0000 0.0008 0.0058 0.0009 0.0412 0.0029 0.0045 0.0035 0.0143 0.0123 0.0018 0.0079 0.4 DEM-0.0014 0.0027 0.0030 0.0039 0.0161 0.0054 0.0019 0.0015 0.0108 0.0036 0.0000 0.0097
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Figure 11. SHAP interaction value matrices for urban fire risk factors: (a) 2008-2012; (b) 2013-2018.
Table 5. Top 10 pairwise feature interactions based on mean absolute SHAP interaction values.
Rank 2008-2012 Interaction Pair Value 2013-2018 Interaction Pair Value
1 Dist_FireStn x Temp 0.0581 KD_PubGath x KD_Vuln 0.1399
2 KD_LargeBld x KD_Vuln 0.0516 NTL x KD_PubGath 0.1178
3 KD_PubGath x KD_Vuln 0.0496 NTL x KD_Vuln 0.103
4 Temp x KD_Vuln 0.0389 Dist_FireStn x Temp 0.0741
5 Temp x KD_Resid 0.035 KD_LargeBld x KD_Vuln 0.0656
6 Temp x KD_PubGath 0.0302 Temp x KD_PubGath 0.0618
7 KD_Flame x KD_PubGath 0.0243 KD_PubGath x KD_Resid 0.0474
8 KD_PubGath x KD_Resid 0.0242 Temp x KD_Vuln 0.0385
9 KD_PubGath x KD_LargeBld 0.0203 Dist_FireStn x KD_PubGath 0.0384
10 NTL x KD_Vuln 0.0197 Dist_FireStn x KD_Vuln 0.0381

3.7. Nonlinear Relationships Between Features and Regional Fire Risk

We further examined the nonlinear relationships between influencing factors and
regional fire risk by analyzing scatter plots combined with locally weighted regression
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(LOWESS) fitting curves. Colors represent the feature with the strongest interaction effect
in each sample. To ensure statistical rigor, critical thresholds were identified using a
bootstrap-based piecewise linear fitting method (pwlf package, 1000 bootstrap resamples).
The identified breakpoints and 95% confidence intervals (95% CI) are reported below.
Figures 12 and 13 show the nonlinear relationships between environmental factors and fire
risk in Futian District, Shenzhen, during 2008-2012 and 2013-2018, respectively.
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Figure 12. Nonlinear relationships between core environmental factors and fire risk in Futian District,
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Figure 13. Nonlinear relationships between core environmental factors and fire risk in Futian District,
Shenzhen, 2013-2018. (a) KD_PubGath; (b) KD_Vuln; (c) Dist_FireStn; (d) Temp; (e) KD_Resid;
(f) KD_LargeBld.

In Figures 12 and 13, the threshold (red dashed line) and 95% confidence interval (pink
shading) are displayed only for those variables exhibiting a distinct change in the direction
or slope of the LOWESS-fitted relationship.

The results for 2008-2012 (Figure 12) show that KD_Vuln (a) is positively correlated
with SHAP values: when the kernel density exceeds 6.60 POI/km?, it begins to exert a
positive effect on FRI; the effect peaks at approximately 8 POI/km?, with SHAP values
stabilizing at around 1.5. A strong positive interaction exists between KD_Vuln and
KD_Resid; when the latter is high, the positive contribution of KD_Vuln to SHAP values is
further amplified.

KD_PubGath (b) shows a positive association with SHAP values. When the density
exceeds 958.05 POI/km?, SHAP values turn positive, indicating a positive effect on FRI;
the growth rate slows after exceeding approximately 1000 POI/km?. This variable also
exhibits a positive interaction with KD_Resid: higher residential density corresponds to
higher SHAP values.

KD_LargeBld (c) shows an overall positive correlation with SHAP values. When the
density is below 3.41 POI/km?, SHAP values are negative, indicating a negative effect on
FRI; once it exceeds 3.41 POI/km?2, SHAP values become positive, and the growth rate
remains strong without significant slowing. This variable also shows a positive interaction
with KD_PubGath, with a strong amplification effect in medium- and high-density ranges.

Temp (d) shows that when the temperature is less than 22.72 °C, SHAP values are
negative, indicating a negative influence on FRI. When the temperature exceeds 22.72 °C,
SHAP values turn positive, suggesting a clear threshold effect. This pattern is likely related
to spatial thermal heterogeneity within the study area. Specifically, coastal zones tend to
maintain relatively lower temperatures due to the thermal regulation effect of adjacent
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water bodies, which contributes to reduced fire occurrence. In contrast, inland urban areas
with higher temperatures are more likely to experience intensified FRI, potentially driven
by the urban heat island effect, potentially increasing energy demand and reducing local
moisture conditions.

In addition, Temp is positively correlated with NTL: areas with higher temperature
generally correspond to higher light intensity, while lower temperature areas exhibit
relatively lower nighttime light levels.

Dist_FireStn (e) shows that when the distance is less than 2000 m, SHAP values are
positive, indicating a positive influence on FRI. When the distance exceeds 2000 m, SHAP
values become negative. Dist_FireStn is negatively correlated with KD_Resid: areas near
fire stations generally have higher KD_Resid (POI/km?), while more distant areas show
lower KD_Resid levels.

KD_Resid (f) shows a clear positive correlation with SHAP values. When the density
is below approximately 25 POI/km?, SHAP values are predominantly negative or close to
zero, indicating a limited or slightly suppressing effect on FRI. Once the density exceeds
this threshold, SHAP values turn positive and increase steadily, suggesting a significant
enhancement of FRI. This pattern indicates a distinct threshold effect. Furthermore, higher
Temp further strengthens this positive contribution, as reflected by the color gradient in the
figure, where higher-temperature observations are associated with larger SHAP values at
similar density levels. This interaction may be attributed to intensified human activity and
elevated thermal conditions. High residential density concentrates population and daily
activities. Under higher temperatures, increased energy use, reduced moisture, and more
frequent ignition sources jointly contribute to higher FRI.

The results for 2013-2018 (Figure 13) show that KD_PubGath (a) is positively corre-
lated with SHAP values: when the density is below the bootstrap-derived breakpoint of
2270.39 POI/km?, SHAP values are negative, indicating a negative effect on FRI; once
it exceeds 2270.39 POI/km?, SHAP values become positive, and growth slows beyond
~2300 POI/km?2. A strong interaction is observed between KD_PubGath and KD_LargeBld;
when the latter is high (as indicated by redder points), the positive contribution of
KD_PubGath to SHAP values is further amplified.

KD_Vuln (b) is positively correlated with SHAP values: when the density is below
the bootstrap-derived breakpoint of 1.62 POI/ km?, SHAP values are negative, indicating
a negative effect on FRI; once it exceeds 1.62 POI/km?, SHAP values turn positive, and
SHAP values increase substantially with higher densities. A strong interaction is observed
between KD_Vuln and KD_Resid; when the latter is high (as indicated by redder points),
the positive contribution of KD_Vuln to SHAP values is further amplified.

Dist_FireStn (c) shows that when the distance is less than the bootstrap-derived
breakpoint of 1398.74 m, SHAP values are positive, indicating a positive influence on
FRI. When the distance exceeds 1398.74 m, SHAP values become negative. Dist_FireStn is
negatively correlated with KD_Vuln: areas near fire stations generally have higher KD_Vuln
(POIL/ kmz), while more distant areas show lower KD_Vuln levels.

Temp (d) shows negative SHAP values when the temperature is below the bootstrap-
derived breakpoint of 23.27 °C, indicating a negative influence on FRI; once it exceeds
23.27 °C, SHAP values become positive, indicating a clear threshold effect. This phe-
nomenon is closely related to the interaction between Temp and NTL; higher NTL values (as
indicated by redder points) strengthen the positive effect of Temp on SHAP values, whereas
lower NTL values reinforce its negative effect, reflecting the synergistic amplification of fire
risk by elevated temperature and intense anthropogenic activity in urban environments.

KD_Resid (e) is positively correlated with SHAP values. SHAP values rise rapidly
from negative to positive as the density increases, indicating a transition from negative
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to positive effect on FRI; once the density is higher, SHAP values become positive, and
the growth rate slows significantly, stabilizing at around 0.8. A strong positive interaction
exists between KD_Resid and KD_Vuln; when the latter is high (as indicated by redder
points), the positive contribution of KD_Resid to SHAP values is further amplified.

KD_LargeBId (f) shows negative SHAP values in the range of 0-0.5 POI/km?, indi-
cating a negative influence on FRI; once the density exceeds 0.5 POI/km?, SHAP values
turn positive. This phenomenon is also related to the spatial concentration of high-fire-load
structures and urban density variations. Higher densities of KD_PubGath strengthen the
positive effect of KD_LargeBld on SHAP values, whereas lower densities reinforce its
negative or neutral effect in less developed areas.

Comparing the results for 20082012 (Figure 12) and 2013-2018 (Figure 13) reveals
both notable similarities and clear dynamic shifts in the nonlinear relationships between
the core environmental factors and regional fire risk.

In terms of similarities, the six key factors—KD_PubGath, KD_Vuln, KD_Resid,
Dist_FireStn, Temp, and KD_LargeBld—remain central to fire risk prediction across both
periods. Their relationships with SHAP values consistently exhibit a threshold-dependent
pattern: SHAP values are predominantly negative (or near zero) below the identified
breakpoint and turn positive above it, indicating a shift from risk suppression to risk am-
plification. Significant interaction effects among variables are also evident in both periods,
with color gradients highlighting how one factor modulates the influence of another (e.g.,
KD_Resid amplifying KD_Vuln and KD_PubGath; Temp interacting with NTL).

In terms of differences, two major changes stand out. First, the critical thresholds
display substantial temporal evolution. The positive-effect breakpoint for KD_PubGath
rose sharply from 958.05 POI/km? to 2270.39 POI/km? (with growth slowing after ap-
proximately 2300 POI/km?); the threshold for KD_Vuln decreased from 6.60 POI/km? to
1.62 POI/km?; the threshold for KD_Resid shifted to a substantially higher density range
where the growth rate slows significantly once density is higher; the breakpoint distance for
Dist_FireStn decreased from 2000 m to 1398.74 m; the temperature threshold rose modestly
from 22.72 °C to 23.27 °C; and the breakpoint for KD_LargeBId fell from 3.41 POI/km? to
0.5 POI/km?. These shifts reflect changing urban conditions, such as intensified population
density and evolving spatial patterns.

Second, interaction patterns and the role of auxiliary factors strengthened in the later
period. The positive interaction between KD_PubGath and KD_LargeBld became more
pronounced, while the synergistic amplification between Temp and NTL grew more explicit:
higher NTL values notably reinforced the positive effect of temperature on fire risk. In
addition, the overall importance ranking shifted (with KD_PubGath rising to first place and
NTL emerging as a notable seventh-ranked factor in 2013-2018), underscoring a transition
from building-expansion-driven risk to population-concentration- and activity-intensity-
driven risk.

These evolving feature dependence patterns demonstrate that the influence of built-
environment factors on urban fire risk is inherently dynamic rather than static. Risk
assessment and governance strategies should therefore incorporate temporal context and
adopt period-specific adjustments to remain effective.

3.8. Local Diagnostics and Spatiotemporal Mechanism Evolution

To further unravel the non-linear driving mechanisms and their temporal evo-
lution, this section conducts a comparative local SHAP analysis on two representa-
tive hotspots—Huagiangbei (a premier commercial hub) and Shatou (a typical urban
village /mixed-use area)—across the 20082012 and 2013-2018 periods. The base value,
representing the average predicted risk, remains stable at 1.732 across both periods ac-
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cording to the latest model training, providing a consistent benchmark for evaluating how
specific local features deviate from the global mean to determine the final Fire Risk Index
(FRI). The detailed feature contributions and their spatiotemporal shifts, visualized in the
2 x 2 waterfall diagnostic matrix in Figure 14, reveal distinct evolutionary trajectories for
these two urban functional zones.

Local SHAP Waterfall Diagnostics(Huaqiangbei vs Shatou, Two periods)

Huagiangbei 2008-2012 Shatou 2008-2012
Dist_FireStn NTL
KD_Flame KD_Resid
NDVI KD_Flame-{
NTL Dist_FireStn+
Bldg_Dens KD_PubGath+
KD_Resid NDVI+
Temp Temp-|
KD_Vlun Bldg_Dens-
KD_PubGath KD_Vuln+q
KD_LargeBld KD_LargeBld+
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
SHAP Value SHAP Value
Huagqgiangbei 2013-2018 Shatou 2013-2018
Bldg_Dens Dist_FireStn
NDVI KD_Flame
KD_Flame NTL
KD_Resid KD_Resid
NTL NDVI
Dist_FireStn Bldg_Dens
Temp KD_LargeBld
KD_LargeBld Temp
KD_Vlun KD_Vlun
KD_PubGath KD_PubGath

1.2 1.4 1.6

—-0.50 -0.25 0.00 0.2 0.75 1.00 1.25 0.0 0.2 0.4 0.6

5 0.50 0.8 1.0
SHAP Value SHAP Value

Figure 14. Local SHAP waterfall diagnostics (Huagiangbei vs. Shatou, Two Periods).

3.8.1. Huaqiangbei: Paradigm Shift from Activity-Driven to Vulnerability-Dominated Risk

In Huagiangbei, the local diagnostics reveal a clear mechanistic transition reflecting its
evolution from a rapid wholesale expansion phase to a mature, managed commercial core.

During the 2008-2012 period, the risk was overwhelmingly driven by the sheer scale
of the built environment and intense commercial pressure, where KD_LargeBld contributed
the most significant positive SHAP value (approximately +1.78), followed by KD_PubGath
(+1.66) and KD_Vuln (+1.00). This early phase underscores how massive building volumes
and high functional density directly dictated the fire load in a burgeoning market district.

By the 2013-2018 period, while the area remained high-risk, the dominant drivers
shifted toward the interplay of social vulnerability and persistent functional activity.
KD_PubGath (+1.35) and KD_Vuln (+1.08) continued to be the primary risk enhancers,
but the influence of physical building scale (KD_LargeBld) diminished notably to +0.63.
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Crucially, Dist_FireStn emerged as a powerful risk-reducing factor with a negative SHAP
value of —0.43, indicating that the maturation of the district has been accompanied by more
effective fire service integration and localized safety management. The emergence of slight
negative contributions from NDVI and Bldg_Dens further suggests that modern urban
renewal and density controls have begun to exert a synergistic mitigating effect on the fire
risk profile.

3.8.2. Shatou: Intensification of Infrastructure Vulnerability Synergy in Urban Villages

In stark contrast to the adaptive transition observed in Huaqiangbei, Shatou ex-
emplifies a scenario of risk intensification and structural inertia typical of informal
high-density settlements.

During the 2008-2012 period, the risk mechanism was relatively fragmented; although
KD_LargeBId (+1.10) and KD_Vuln (+0.71) were the leading drivers, the impact of environ-
mental factors like Temp was actually negative (—0.50), reflecting a different socio-spatial
equilibrium in the early stage.

However, by the 2013-2018 period, the diagnostic mechanism underwent a dramatic
escalation, characterized by a “vulnerability-infrastructure gap” loop. KD_PubGath surged
to become the dominant risk driver with a SHAP contribution of +1.72, while KD_Vuln’s
impact intensified to +1.27, highlighting the extreme pressure of population crowding
within limited spatial confines. Most significantly, the role of Temp flipped to a strong
positive contribution (+0.87), suggesting that environmental thermal stress now acts as
a critical catalyst for fire risk in the poorly ventilated, high-density fabric of the urban
village. Furthermore, Dist_FireStn maintained a positive contribution (+0.18), confirming
that Shatou remains functionally isolated from effective fire response thresholds.

These findings emphasize that while general city governance has improved, the
“structural traps” of urban villages like Shatou necessitate place-specific, infrastructure-
first interventions—such as decentralized micro-fire stations—to break the cycle of
escalating risk.

Overall, the local SHAP trajectories across the two periods and two functional zones
reveal substantial spatiotemporal heterogeneity: Huaqiangbei demonstrates adaptive risk
transformation through functional maturation, whereas Shatou underscores structural
inertia requiring place-specific, infrastructure-first remedies. These findings underscore the
necessity of dynamic, grid-level “precision fire governance” rather than uniform district-
wide strategies in megacity redevelopment.

4. Discussion
4.1. Spatiotemporal Evolution and the Paradigm Shift in Risk Drivers

The findings show a clear spatiotemporal differentiation of fire risk within Futian
District, demonstrating a gradual shift from physical-structural dominance toward activity-
related patterns. During the first period (2008-2012), high-risk hotspots were primarily
concentrated in the eastern and southern parts of the district, covering approximately
19.69 km?. These clusters were mainly associated with the density of large-scale build-
ings (KD_LargeBld) and vulnerable populations (KD_Vuln), which corresponds to a
stage in which fire risk was closely related to rapid built-up expansion and uneven
infrastructure conditions.

In the second period (2013-2018), the total hotspot area decreased to 17.88 km?,
which is likely related to improvements in urban governance and the implementation of
policies such as the “Refined Urban Renewal” initiative introduced around 2012. Despite
the overall reduction, Nighttime Light (NTL) and the density of public gathering places
(KD_PubGath) became more prominent in the model results, indicating that fire risk is
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increasingly associated with patterns of economic activity and human use of space. In
high-density urban environments such as Shenzhen, fire risk is linked not only to the spatial
distribution of buildings but also to the intensity and timing of urban activities, particularly
in areas characterized by active nighttime economies and mixed commercial functions. This
observation is consistent with previous studies emphasizing the relationship between land
use intensity and urban safety resilience, while also indicating that the relative importance
of risk factors varies across different stages of urban development.

4.2. Decoupling Non-Linear Thresholds Through XAI (Explainable Al)

An important aspect of this study is the use of the CatBoost-SHAP framework with
7-fold spatial cross-validation to examine nonlinear relationships between urban environ-
mental factors and fire risk. Compared with conventional models, this approach allows
for a more detailed characterization of how the effects of individual variables vary across
different value ranges. For example, the analysis of temperature (Temp) shows the presence
of threshold-like behavior. The estimated critical values increased from approximately
22.72 °C in 2008-2012 to 23.27 °C in 2013-2018 (with 95% CI derived from 1000 bootstrap
resamples). Beyond these ranges, the marginal contribution of temperature to predicted
fire risk becomes more pronounced, which is likely related to combined effects such as
increased energy demand and intensified urban heat conditions.

A similar nonlinear pattern is observed for emergency response accessibility. The
SHAP results indicate that the distance to fire stations (Dist_FireStn) is associated with fire
risk in a nonlinear manner, with a noticeable change in marginal effects around 1398.74 m.
The adoption of spatial cross-validation effectively mitigates information leakage caused
by strong spatial autocorrelation, thereby enhancing the reliability of these SHAP-derived
thresholds. Beyond this distance, the contribution to predicted risk increases more rapidly.
At the same time, this effect appears to be moderated in areas with higher densities
of public gathering places (KD_PubGath), which is likely linked to the presence of fire
safety facilities and stricter building regulations in large commercial complexes. These
findings show that fire risk is shaped by the combined influence of spatial configuration
and functional characteristics, and that uniform planning standards may not fully capture
such variability. In this sense, the results provide an empirical complement to recent
studies that emphasize perceptual or qualitative assessments of urban safety, by offering a
quantitative perspective on how nonlinear responses of physical land-use variables relate
to fire risk patterns [49].

4.3. Comparative Analysis with Existing Literature

Compared with traditional fire risk studies, this research extends previous findings
on the relationship between population density and fire occurrence. While earlier work
has often emphasized a linear association between density and fire frequency, the present
analysis reveals a more complex pattern in which the effects of activity-related density
(e.g., KD_PubGath) vary under different environmental conditions. For instance, public
gathering places do not appear to uniformly increase fire risk; instead, their contribution
becomes more pronounced under higher temperature conditions, indicating an interaction
between human activity intensity and climatic stress.

In addition, while prior studies have highlighted the role of proximity to fire stations
as a key factor in reducing fire risk, the results in this study suggest a more heterogeneous
spatial pattern. Although accessibility to firefighting services remains important, areas
such as Shatou and Huagiangbei continue to exhibit relatively high risk levels, even with
improved infrastructure. This shows that, in highly dense urban environments, physical
proximity alone may not fully account for variations in fire risk.
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More broadly, these findings are consistent with recent research emphasizing the
importance of integrating multiple dimensions—such as socio-economic activity and envi-
ronmental conditions—into urban risk assessment. At the same time, the present study
highlights the value of considering nonlinear effects and feature interactions, which are
often overlooked in conventional approaches. By incorporating these aspects, the analysis
provides a more nuanced understanding of how different factors are associated with fire
risk in complex urban systems [50,51].

5. Policy Implications
5.1. Precision Governance for “Dual-Core” High-Density Clusters

The persistence of high-risk clusters in Shatou and Huaqgiangbei necessitates a transi-
tion from “one-size-fits-all” firefighting strategies to zone-specific, precision governance.

For Huaqiangbei (Commercial Core): Given that KD_PubGath and NTL are the
primary risk drivers, land management departments should implement loT-based (Internet
of Things) real-time monitoring of electrical loads and population flow. Safety audits
should focus on the internal management of commercial POIs rather than just building-
scale structural inspections.

For Shatou (Mixed-use/Urban Village): The focus should remain on bridging the
1398.74 m service gap for emergency response. In these dense quarters where traditional fire
trucks may struggle to navigate, the deployment of “Micro-Fire Stations” and decentralized
water supply systems is essential to maintain the “Golden 4 min” response time within the
1398.74 m service gap identified by the model.

5.2. Integrating Urban Heat Mitigation with Fire Prevention

The identified thermal thresholds (23.27 °C, derived from SHAP dependence plots
under spatial cross-validation) provide a scientific imperative for integrating fire safety
into climate adaptation strategies. Urban planners should prioritize “Nature-based Solu-
tions” (NbS) in high-risk zones to mitigate the urban heat island effect. Strategies such
as increasing green roof coverage, promoting permeable pavements, and creating urban
wind corridors can lower local micro-environmental temperatures. By maintaining ambient
temperatures below the 23.27 °C critical limit, cities can indirectly reduce the probability
of heat-induced spontaneous combustion and electrical failures, thereby enhancing the
overall resilience of the urban land system.

5.3. Cause-Specific Interventions and Targeted Governance

The cause-level analysis presented in Section 3.1.1 further refines these policy priorities
by linking dominant fire typologies to targeted interventions. Given that electrical fires
account for 28.67% of all incidents and strongly correlate with the SHAP-identified impor-
tance of residential density, fire prevention strategies should prioritize aging residential
communities and urban villages. Targeted measures should include mandatory upgrades
to outdated electrical wiring, standardized deployment of safe charging facilities for electric
bicycles, and community-based fire safety awareness campaigns. Similarly, the promi-
nence of accidental domestic fires (12.89%) alongside the high-risk contribution of public
gathering places underscores the necessity for stringent, routine fire safety inspections in
high-occupancy venues, coupled with mandatory emergency evacuation drills and smart
early-warning systems.

Furthermore, the observed interaction between ambient temperature and built-
environment factors indicates that fire risk management should adopt dynamic, seasonally
adaptive protocols. During dry, high-temperature periods (particularly winter months with
low humidity and peak summer periods), municipal authorities should intensify public
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outreach, temporarily restrict high-risk ignition activities (e.g., fireworks), and pre-position
mobile firefighting resources in historically vulnerable sub-districts. This cause-informed,
temporally responsive governance framework ensures that urban fire safety strategies
move beyond static spatial zoning to directly address the root ignition mechanisms and
environmental triggers of fire incidents.

6. Conclusions

This study develops an interpretable machine learning framework to examine the
spatial patterns and influencing factors of urban fire risk in a high-density urban context.
By integrating the CatBoost model with SHAP analysis, the study captures nonlinear
relationships and provides a detailed interpretation of how different factors influence fire
risk distribution.

The results show that urban fire risk is closely related to the spatial concentration
of population-related facilities, including commercial, residential, and vulnerable-use
spaces. These factors exhibit heterogeneous effects across different density levels, with
several variables showing evident threshold characteristics. In addition, climatic conditions,
particularly temperature, are associated with variations in fire risk, although their effects
are not strictly linear. Interaction analysis further indicates that the combined presence of
built environment features and thermal conditions reinforces or moderates fire risk patterns
in specific areas.

Overall, this study demonstrates the effectiveness of interpretable machine learning
methods in urban risk analysis and provides a useful reference for understanding complex
spatial phenomena in high-density cities.

6.1. Limitations

It should be noted that this study focuses on a single high-density urban district, and
the generalizability of the findings to other cities requires further validation. In addition,
the use of POI data and kernel density estimation introduces certain uncertainties related
to data completeness and spatial smoothing.

Furthermore, the use of aggregated POI-based indicators (e.g., commercial facilities)
rather than more fine-grained classifications may mask potential heterogeneity in fire risk
associated with different subtypes of urban activities. Due to limitations in data availability,
this study adopts POI kernel density as a proxy for urban functional intensity, which may
not fully capture all dimensions of land-use heterogeneity.

In addition, the use of historical POI snapshots (2012 and 2018) may introduce mi-
nor uncertainties related to positional shifts in individual POIs over time, although this
approach helps ensure temporal consistency in matching.

Moreover, the raw fire records provided by the Shenzhen Municipal Government
Open Data Platform do not include standardized information on fire severity levels. The
transition from conventional random splitting to rigorous 7-fold spatial cross-validation
further improves model robustness against spatial autocorrelation, although it results in
moderately lower R? values compared with random partitioning, reflecting more realistic
out-of-sample performance in geographically heterogeneous urban environments.

6.2. Future Research Directions

Future research could incorporate multi-source and higher-resolution datasets, includ-
ing more detailed land-use classifications, business-type data, and environmental variables,
to further improve the granularity of fire risk analysis.

In addition, sensitivity analyses based on multi-temporal POI datasets could be con-
ducted to better account for potential spatial and temporal uncertainties in POI data. Com-
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parative studies across different urban contexts would also help evaluate the robustness
and transferability of the findings.

Furthermore, future work could integrate more detailed fire incident records, including
severity levels and internal operational data from fire departments, to enable more refined
analyses of fire risk mechanisms across different fire intensities.
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Abbreviations

The following abbreviations are used in this manuscript:

DEM Elevation

Slope Slope

NDVI Normalized Difference Vegetation Index
Precip Annual Total Precipitation

Temp Annual Mean Temperature
Dist_Water Distance to Water Bodies

Bldg_Dens Building Density

Road_Dens Road Density

NTL Nighttime Light Intensity

KD_Vuln Vulnerable Facilities Density
KD_PubGath Public Gathering Places Density
KD_Flame Flammable/Explosive Sites Density
KD_Resid Residential Density

KD_LargeBId Large-scale Buildings Density
KD_Vuln_POI Vulnerable Facilities Points of Interest

KD_PubGath_POI
KD_Flame_POI
KD_Resid_POI
KD_LargeBId_POI
Dist_FireStn

Public Gathering Places Points of Interest
Flammable/Explosive Sites Points of Interest
Residential Points of Interest

Large-scale Buildings Points of Interest
Distance to Fire Stations

FRI Fire Risk Index
POI Points of Interest
KDE Kernel Density Estimation
GBDT Gradient Boosting Decision
ML Machine Learning
AHP Analytic Hierarchy Process
SVM Support Vector Machine
References
1. Bai, M,; Liu, Q. Evaluating Urban Fire Risk Based on Entropy-Cloud Model Method Considering Urban Safety Resilience. Fire
2023, 6, 62. [CrossRef]

2. Kim,].S,; Kim, ].H.; Lee, S.K. Analysis of Fire-Accident Factors Using Big-Data Analysis Method for Construction Areas. KSCE ].
Civ. Eng. 2018, 22, 1535-1543. [CrossRef]

212

https://doi.org/10.3390/1and 15050796



Land 2026, 15, 796

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.
30.

Taylor, M.; Dean, E.; Fielding, J.; Lyon, R.; Reilly, D.; Francis, H.; Kwasnica, V. The Use of Machine Learning for Accidental
Dwelling Fire Prevention. Fire Saf. |. 2025, 157, 104510. [CrossRef]

Cui, S.; Wang, N.; Zhao, E.; Zhang, J.; Zhang, C. Assessing Urban Fire Risk: An Ensemble Learning Approach Based on Scenarios
and Cases. Int. J. Disaster Risk Reduct. 2024, 114, 104941. [CrossRef]

Kang, J.; Wang, H.; Jin, H.; Wang, Z.; Zhang, J. Risk Analysis and Management of Hydrogen Station Fire and Explosion Accidents
Using DEMATEL-ISM and Complex Network Models. Int. ]. Hydrogen Energy 2025, 136, 1230-1241. [CrossRef]

Pei, J.; Zhang, H.; Yin, S.; Wang, M.; Luo, Y. Research on Forest Fire Risk Assessment and Prevention and Control Countermeasures:
A Case Study of Qinyuan County, Shanxi Province, China. Ecol. Indic. 2025, 176, 113719. [CrossRef]

Liu, E; Zhao, S.; Weng, M.; Liu, Y. Fire Risk Assessment for Large-Scale Commercial Buildings Based on Structure Entropy Weight
Method. Saf. Sci. 2017, 94, 26-40. [CrossRef]

Bostani, A.M.; Pourebrahim, S. Integrated Fire Risk Assessment Using Time-Series Satellite Data and Multi-Criteria Decision-
Making Techniques. Environ. Sustain. Indic. 2025, 28, 100916. [CrossRef]

Xie, S.; Dong, S.; Chen, Y.; Peng, Y.; Li, X. A Novel Risk Evaluation Method for Fire and Explosion Accidents in Oil Depots Using
Bow-Tie Analysis and Risk Matrix Analysis Method Based on Cloud Model Theory. Reliab. Eng. Syst. Saf. 2021, 215, 107791.
[CrossRef]

Gulum, P; Ayyildiz, E.; Taskin Gumus, A. A Two Level Interval Valued Neutrosophic AHP Integrated TOPSIS Methodology for
Post-Earthquake Fire Risk Assessment: An Application for Istanbul. Int. |. Disaster Risk Reduct. 2021, 61, 102330. [CrossRef]
Seo, M.S.; Osorio, E.E.C.; Yoo, H.H. Analysis of Fire Risk Factors in Seoul, Korea, by Machine Learning. Sens. Mater. 2022, 34,
4841-4854. [CrossRef]

Bouzeraa, Y.; Bouchemal, N.; Djaaboub, S.; Hristov, G.; Zahariev, P. Machine Learning-Based Wildfire Susceptibility Mapping: A
GIS-Integrated Predictive Framework. Appl. Sci. 2025, 15, 12188. [CrossRef]

Sivrikaya, F.; Demirel, D. Fire Risk Mapping Using Machine Learning Method and Remote Sensing in the Mediterranean Region.
Adv. Space Res. 2025, 75, 5402-5419. [CrossRef]

Zamanialaei, M.; San Martin, D.; Theodori, M.; Purnomo, D.M.].; Tohidi, A.; Lautenberger, C.; Qin, Y.; Trouvé, A.; Gollner, M. Fire
Risk to Structures in California’s Wildland-Urban Interface. Nat. Commun. 2025, 16, 8041. [CrossRef] [PubMed]

Rohde, D.; Corcoran, J.; Chhetri, P. Spatial Forecasting of Residential Urban Fires: A Bayesian Approach. Comput. Environ. Urban
Syst. 2010, 34, 58-69. [CrossRef]

Granda, S.; Ferreira, TM. Assessing Vulnerability and Fire Risk in Old Urban Areas: Application to the Historical Centre of
Guimaraes. Fire Technol. 2019, 55, 105-127. [CrossRef]

Chbhetri, P,; Corcoran, J.; Stimson, R.J.; Inbakaran, R. Modelling Potential Socio-Economic Determinants of Building Fires in South
East Queensland. Geogr. Res. 2010, 48, 75-85. [CrossRef]

Xia, Z.; Zhang, X.; Zhai, G.; Zhang, Y. Integrating Visual Spatial Vulnerability to Quantify Fire-Prone Neighborhoods in Cities: A
Case Study of Nanjing, China. Int. . Disaster Risk Reduct. 2025, 128, 105758. [CrossRef]

Palazzi, N.C.; Julia, P.B.; Ferreira, T.M.; Rosas, ].; Monsalve, M.; de la Llera, ].C. Fire Risk Assessment of Historic Urban Aggregates:
An Application to the Yungay Neighborhood in Santiago, Chile. Int. ]. Disaster Risk Reduct. 2023, 86, 103550. [CrossRef]

Song, C.; Kwan, M.-P; Song, W.; Zhu, ]. A Comparison between Spatial Econometric Models and Random Forest for Modeling
Fire Occurrence. Sustainability 2017, 9, 819. [CrossRef]

Pei, Z.; Li, ].; Guo, J.; Li, Q.; Chen, ]J. Using Local Co-Location Quotient and Niche-Based Model to Assess Fire Risk in Urban
Environments: A Case Study of Beijing, China. Sustain. Cities Soc. 2023, 99, 104989. [CrossRef]

Sun, J.; Lin, M.; Wu, J.; Liu, X.; Sun, T.; Fang, H. Study on Urban Fire Risk Assessment Index System for Smart Cities. In
Proceedings of the 2019 IEEE 2nd International Conference on Electronics Technology (ICET), Chengdu, China, 10-13 May 2019;
pp. 609-613. [CrossRef]

Wei, Y,; Zhang, J.; Wang, J. Research on Building Fire Risk Fast Assessment Method Based on Fuzzy Comprehensive Evaluation
and SVM. Procedia Eng. 2018, 211, 1141-1150. [CrossRef]

Kim, Y.; Cho, Y.; Heo, HK,; Lim, L. Estimating Casualties from Urban Fires: A Focus on Building and Urban Environment
Information. Sustain. Cities Soc. 2024, 115, 105839. [CrossRef]

Oh, H.Y,; Jeong, M.-H. Grid-Based Urban Fire Prediction Using Extreme Gradient Boosting (XGBoost). Sens. Mater. 2022, 34, 4879.
[CrossRef]

Prokhorenkova, L.; Gusev, G.; Vorobev, A.; Dorogush, A.V.; Gulin, A. CatBoost: Unbiased Boosting with Categorical Features.
Adv. Neural Inf. Process. Syst. 2018, 31, 6639-6649. [CrossRef]

Lundberg, S.M.; Lee, S.-I. A Unified Approach to Interpreting Model Predictions. arXiv 2017, arXiv:1705.07874. [CrossRef]

Cao, Y,; Li, F; Xi, X.; van Bilsen, D.J.C.; Xu, L. Urban Livability: Agent-Based Simulation, Assessment, and Interpretation for the
Case of Futian District, Shenzhen. J. Clean. Prod. 2021, 320, 128662. [CrossRef]

Shenzhen Municipal Government Data Open Platform. Available online: https://opendata.sz.gov.cn/ (accessed on 20 March 2026).
Geospatial Data Cloud. Available online: https://www.gscloud.cn/ (accessed on 20 March 2026).

https://doi.org/10.3390/1and 15050796
213



Land 2026, 15, 796

31.

32.

33.

34.
35.

36.

37.

38.
39.

40.

41.

42.

43.
44.

45.

46.

47.

48.

49.

50.

51.

Yang, J.; Dong, J.; Xiao, X.; Dai, J.; Wu, C; Xia, J.; Zhao, G.; Zhao, M.; Li, Z.; Zhang, Y.; et al. Divergent Shifts in Peak Photosynthesis
Timing of Temperate and Alpine Grasslands in China. Remote Sens. Environ. 2019, 233, 111395. [CrossRef]

Peng, S.; Ding, Y.; Liu, W.; Li, Z. 1 km Monthly Temperature and Precipitation Dataset for China from 1901 to 2017. Earth Syst. Sci.
Data 2019, 11, 1931-1946. [CrossRef]

Peng, S. 1-km Monthly Mean Temperature Dataset for China (1901-2024); National Tibetan Plateau/Third Pole Environment Data
Center: Beijing, China, 2019. [CrossRef]

OpenStreetMap. Available online: https://www.openstreetmap.org/ (accessed on 20 March 2026).

Shi, Q.; Zhu, J.; Liu, Z.; Guo, H.; Liu, M,; Liu, Z.; Liu, X. A First High-Quality Vector Data of Buildings in East Asian Countries Based
on a Comprehensive Large-Scale Mapping Framework; Zenodo: Geneva, Switzerland, 2023. [CrossRef]

Zhong, X.; Yan, Q.; Li, G. Long Time Series Nighttime Light Dataset of China (2000-2020). J. Glob. Change Data Discov. 2022, 6,
416-424. [CrossRef]

Baidu Maps Open Platform. Map Imagery—Customized Map Solution. Available online: https:/ /lIbsyun.baidu.com/products/
map (accessed on 20 March 2026).

O’Brien, R M. A Caution Regarding Rules of Thumb for Variance Inflation Factors. Qual. Quant. 2007, 41, 673-690. [CrossRef]
Hao, Y,; Li, M.; Wang, J.; Li, X.; Chen, J. A High-Resolution Spatial Distribution-Based Integration Machine Learning Algorithm
for Urban Fire Risk Assessment: A Case Study in Chengdu, China. ISPRS Int. ]. Geo-Inf. 2023, 12, 404. [CrossRef]

Hossain, M.R.; Smirnov, O. Analyzing the Risk Factors of Residential Fires in Urban and Rural Census Tracts of Ohio Using Panel
Data Analysis. Appl. Geogr. 2023, 151, 102863. [CrossRef]

Hu, J.; Shu, X,; Xie, S.; Tang, S.; Wu, ]J.; Deng, B. Socioeconomic Determinants of Urban Fire Risk: A City-Wide Analysis of
283 Chinese Cities from 2013 to 2016. Fire Saf. ]. 2019, 110, 102890. [CrossRef]

Rahmawati, D.; Pamungkas, A.; Aulia, B.U.; Larasati, K.D.; Rahadyan, G.A.; Dito, A.H. Participatory Mapping for Urban Fire
Risk Reduction in High-Density Urban Settlement. Procedia Soc. Behav. Sci. 2016, 227, 395-401. [CrossRef]

Silverman, B.W. Density Estimation for Statistics and Data Analysis; Routledge: New York, NY, USA, 2018; ISBN 978-1-315-14091-9.
Islam, S.M.S.; Islam, K.M.A.; Mullick, M.R.A. Drought Hot Spot Analysis Using Local Indicators of Spatial Autocorrelation: An
Experience from Bangladesh. Environ. Chall. 2022, 6, 100410. [CrossRef]

Hu, X.; Ma, C.; Huang, P; Guo, X. Ecological Vulnerability Assessment Based on AHP-PSR Method and Analysis of Its Single Parameter
Sensitivity and Spatial Autocorrelation for Ecological Protection—A Case of Weifang City, China. Ecol. Indic. 2021, 125, 107464. [CrossRef]
He, P; Zhang, D.; Chen, W,; Jia, B. Spatio-Temporal Distribution Estimation and Analysis of Post-Earthquake Casualties in Urban
Areas: A Case Study in Chenghua District, Chengdu. Int. ]. Disaster Risk Reduct. 2025, 123, 105477. [CrossRef]

Wu, J; Chen, X; Li, R; Wang, A; Huang, S.; Li, Q.; Qi, H.; Liu, M.; Cheng, H.; Wang, Z. A Novel Framework for High Resolution Air
Quality Index Prediction with Interpretable Artificial Intelligence and Uncertainties Estimation. J. Environ. Manag. 2024, 357, 120785.
[CrossRef] [PubMed]

Segoni, S.; Nocentini, N.; Ajin, R.S.; Gatto, A.; Fanti, R. Understanding the Spatial Patterns of Major Geo-Hydrological Disasters
in Italy Using the CatBoost Algorithm. Sci. Total Environ. 2025, 999, 180355. [CrossRef]

Yuan, L.; Dan, Y.; Leng, Y.; Zhang, J. Influencing Factors of Urban Safety Perception Based on the Combination of Multi-Source
Data and Machine Learning: A Case Study of Nanchang City, China. Sci. Rep. 2025, 16, 3972. [CrossRef] [PubMed]

Zhang, Z.; Guo, Z.; Wu, S.; Tang, P.; Wang, S.; Yang, L. Harnessing Machine Learning and Multi-Source Data Fusion for Urban
Fire Risk Assessment: Predictive Analysis of Spatial Heterogeneity. Nat. Hazards 2026, 122, 262. [CrossRef]

Yang, X.; Hao, Y.; Ding, H.; Yu, C,; Liu, J.; Li, L.; Chen, J. Explainable Artificial Intelligence (XAI) Framework Using XGBoost
and SHAP for Assessing Urban Fire Risk Based on Spatial Distribution Features. Int. |. Disaster Risk Reduct. 2025, 129, 105798.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/1and 15050796
214



. land ﬁw\p\py

Article
Generative Regeneration of Historic Urban Fabric: A Framework
Based on Deep Learning and Multi-Objective Optimization

Xiaoyu Ying 1?3, Shenbo Ni !, Jiajing Wu 1-2*, Yujie Zhao "3, Haiqiang Liu , Rongxin Qiu 5, Te Li 5, Jiamei Bei ! and
Hui Zhao !

School of Art and Archaeology, Hangzhou City University, Hangzhou 310015, China;
yingxiaoyu@hzcu.edu.cn (X.Y.); 2231003002@stu.hzcu.edu.cn (S.N.); zhaoyj@hzcu.edu.cn (Y.Z.);
2241003019@stu.hzcu.edu.cn (J.B.); 2241003023@stu.hzcu.edu.cn (H.Z.)

Zhejiang Engineering Research Center of Building’s Digital Carbon Neutral Technology,
Hangzhou 310015, China

Zhejiang Provincial Collaborative Innovation Center for Immovable Cultural Heritage Protection Technology,
Hangzhou 310015, China

Department of KANSEI Design Engineering, Faculty of Engineering, Yamaguchi University,
Yamaguchi 753-8511, Japan; ryu.kaikyou@yamaguchi-u.ac.jp

College of Civil Engineering and Architecture, Zhejiang University, Hangzhou 310058, China;
22312119@zju.edu.cn (R.Q.); llt@zju.edu.cn (T.L.)

*  Correspondence: wujj@hzcu.edu.cn; Tel.: +86-13732207710

Abstract

Amid China’s rapid urbanization, many historic districts face complex challenges, includ-
ing fragmented traditional fabrics, disordered spatial morphology, and discontinuous
street networks. To tackle these issues, this study proposes a multimodal deep learning
framework that combines Generative Adversarial Networks (GANSs) and Diffusion Models,
establishing an integrated generation-optimization workflow for the renewal of historic
districts. The methodology begins by using Pix2PixHD to generate high-precision fabric
layouts, followed by fine-tuning a Diffusion Model through Low-Rank Adaptation (LoRA)
to achieve diversified morphological expansion. The candidate proposals are quantita-
tively evaluated using a ten-indicator evaluation matrix that covers both architectural
fabric and street network dimensions. Afterwards, these proposals undergo iterative op-
timization with a multi-objective framework to enhance both urban fabric morphology
and network performance. The framework was validated through an empirical study
of the Yuehe Historic District in Jiaxing. The results indicate that the generated schemes
closely align with the original urban fabric. Compared with the existing expanded area
(EA), the weighted comprehensive fitness score of the optimized scheme group improved
from 0.66 to 0.89 =+ 0.02 (a 34.8% increase), with the standard deviation decreasing from
0.07 to 0.02, indicating significantly enhanced stability. Deep learning balances morpho-
logical authenticity, generative diversity, and performance in historic district preservation
and renewal.

Keywords: historic district renewal; historic urban fabric; deep learning; generative design;
multi-objective optimization

1. Introduction

China is home to a rich collection of historic districts, but preserving and renewing
these areas presents significant challenges [1]. Rapid urbanization places tremendous

Land 2026, 15,976 https://doi.org/10.3390/1and 15060976
215



Land 2026, 15, 976

pressure on heritage sites, intensifying the conflict between conservation and redevelop-
ment. This issue is especially pronounced in southern China, where dense water networks,
narrow alleyways, and compact mixed-use blocks form a unique urban fabric. These
features contribute to distinct regional identities, making the protection of these areas an
urgent priority.

Conventional large-scale renewal strategies often require extensive land consolidation.
However, this approach fragments traditional small-scale morphologies and leads to a
decline in spatial identity and vitality. For instance, inappropriate renewal interventions
in Nanjing’s historic quarters have caused significant morphological degradation [2,3].
Consequently, it is essential to establish an organic renewal mechanism to preserve the
continuity of the historic urban fabric while accommodating modern development.

To establish a clear framework for this approach, the core concepts must be explicitly
defined within the context of contemporary urban planning. Historic District Renewal
refers to a dynamic process that balances heritage conservation with functional modern-
ization to ensure long-term viability. This process revolves around the preservation of
the Historic Urban Fabric, which is defined as the physical texture of a city composed
of plot patterns, building footprints, street networks, and open spaces that embody its
historical evolution [2]. In modern practice, the synthesis of this fabric can be accelerated
through Deep Learning, a subset of machine learning that utilizes multi-layered neural
networks to recognize complex spatial patterns. When integrated into Generative Design
frameworks, these algorithms automatically produce diverse design options based on
defined parametric constraints [4—6]. To ensure these designs meet real-world planning
standards, the outcomes are processed through Multi-Objective Optimization, a compu-
tational method that systematically identifies optimal solutions by balancing multiple
conflicting performance goals [7].

Although advanced computational tools are increasingly applied to urban design, cur-
rent generative frameworks face significant limitations when applied to sensitive heritage
environments. These limitations can be grouped into three core issues:

e Issue 1: An epistemological gap between computational metrics and heritage values.
In current generative design workflows, “authenticity” is often oversimplified as
mere physical similarity or geometric replication of building footprints. However,
heritage conservation doctrines—such as the Nara Document on Authenticity [8] and
the Historic Urban Landscape (HUL) approach [9]—state that authenticity is a broader,
multidimensional concept. It encompasses materiality, utilization, memory, historic
context, and intangible human associations. Equating simple geometric resemblance
with authentic heritage continuity is a conceptually overstretched claim that risks
stripping a district of its deeper historical value.

e Issue 2: Methodological deficiencies in traditional planning tools. Conventional
renewal strategies still rely heavily on manual surveying and subjective experien-
tial judgments, as seen in projects like Dujiangyan West Street [10]. These meth-
ods lack standardized quantitative tools, which prevents the precise restoration and
performance-based evaluation of intricate spatial structures.

e  Issue 3: Technical barriers in computational design generation. The application of
deep generative models to complex urban forms faces severe algorithmic constraints.
Generative Adversarial Networks (GANSs) frequently suffer from data scarcity, mode
collapse, and unstable training processes [4]. Meanwhile, advanced Denoising Diffu-
sion Probabilistic Models lack explicit topological reasoning, which often results in
semantic hallucinations, discontinuous street networks, and a lack of precise metric
control [6,11,12].
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The evolution of neural networks in architectural design generation has progressed
from early probabilistic models to advanced deep generative frameworks, most notably
Generative Adversarial Networks (GANSs). In 2011, researchers at Stanford University
pioneered the application of probabilistic methods, specifically Markov Chain Monte Carlo
techniques, to architectural layout generation. This work established a foundational frame-
work for data-driven design [13]. The introduction of GANs by Goodfellow et al. in 2014
marked a paradigm shift, offering a new approach to image-driven design synthesis [4,14].
Specialized models like Pix2PixHD have since been used to generate architectural lay-
outs, master plans, and campus designs [5,14-18]. However, using GANSs to regenerate
historic urban fabric remains difficult due to insufficient training samples and limited
morphological variety in the outputs [18-22].

To address these limitations, diffusion models have emerged as a powerful alterna-
tive, outperforming GANs in sample fidelity and diversity. Recent architectural studies
have combined Latent Diffusion Models (such as Stable Diffusion) with adapter-based
techniques like ControlNet and Low-Rank Adaptation (LoRA) to achieve precise stylistic
control over facades and floor plans [6,23]. Furthermore, hybrid workflows that integrate
diffusion models with optimization algorithms have been developed to predict perfor-
mance metrics such as daylighting [7]. Yet, because diffusion models operate primarily
as visual synthesizers, they struggle to natively incorporate domain-specific engineering
knowledge or maintain strict spatial topology [23-25]. This limitation often produces bro-
ken street networks and geometric errors in historical contexts. To resolve these conflicts,
this study proposes a multimodal deep generative framework that combines the structural
stability of GANs with the creative diversity of Diffusion Models. This hybrid architecture
utilizes Pix2PixHD to establish high-precision fabric boundaries and fine-tunes a Diffusion
Model via LoRA to expand morphological diversity. By embedding a ten-indicator evalua-
tion matrix into a Multi-Objective Optimization workflow, the framework achieves both
high-fidelity reconstruction and controllable synthesis. Ultimately, this research establishes
a novel methodological paradigm for the digital preservation and adaptive regeneration of
cultural heritage, effectively balancing generative creativity with engineering precision.

2. Materials and Methods

To tackle the critical challenge of balancing morphological fidelity and generative
diversity in the regeneration of historic urban fabric, this study proposes a novel technical
framework that combines deep learning with Multi-Objective Optimization. This frame-
work aims to create precise fabric layouts using GANs while utilizing Diffusion Models
to broaden the design space. Subsequently, Multi-Objective Optimization algorithms are
applied to systematically enhance the generated solutions, improving the overall spatial
quality of both the urban fabric and the street network.

The implementation workflow consists of three core stages (see Figure 1 for the
overall framework):

e Initial Layout Synthesis (GAN-based): A constructed multimodal dataset is utilized,
employing the Pix2PixHD model to generate high-fidelity initial urban fabric layouts.
These layouts adhere strictly to land-use constraints and historical spatial patterns;

e Design Space Expansion (Diffusion-based): To overcome the diversity limitations
of GANs, we implement a Stable Diffusion model fine-tuned via LoRA. This stage
uses semantic guidance to diversify the initial results, generating a wide variety of
candidate solutions (morphological variants);

e  Performance-Driven Optimization and Decision-Making: We establish a quantitative
evaluation system that includes metrics for fabric morphology and street network
efficiency (with detailed definitions in Section 2.1). Using this framework, a custom
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Python (version 3.10, Python Software Foundation, Wilmington, DE, USA) algorithm
integrates with Multi-Objective Optimization strategies for fitness evaluation and
iterative refinement. This process filters and selects Pareto-optimal solutions that
exhibit superior overall performance, establishing a closed-loop optimization cycle of
generation-evaluation-feedback.

Input

GIS Fabric Text -

Sit
e Image Image Prompt

Diverse Candidatel, | pueugion Model [+ — Pix2PixHD  [+-

Solutions
Elite Solutions
No
Evaluation Terminatio? Output
Yes

Figure 1. The proposed computational workflow integrating GANSs, Diffusion Models, and Multi-
Objective Optimization.

This framework systematically integrates the generative capabilities of deep learning
with the scientific rigor of Multi-Objective Optimization, providing comprehensive techni-
cal support for the renewal of historic districts—from the synthesis of multiple schemes
to the selection of optimal solutions. The following sections detail the implementation
methodologies for both the generation and optimization modules.

2.1. Deep Learning-Driven Synthesis of Historic District Layouts
2.1.1. Multimodal Dataset Construction and Pre-Processing

To address the complex challenges involved in synthesizing the morphology of historic
districts—especially those characterized by the distinctive river—street typologies of the
Jiangnan region—this study developed a structured, multimodal dataset for training and
validating generative design models. Data acquisition combined Geographic Information
System (GIS) data, field survey drawings, archival materials from design institutes, and
professional architectural databases to ensure that the samples were highly representative,
standardized, and practically feasible.

e A total of 60 representative historic district cases were curated through a stratified
sampling strategy based on four rigorous criteria:

e  Morphological Integration: building layouts must exhibit a strong spatial interdepen-
dence with river corridors;

e  Legibility of Fabric: the spatial fabric characteristics must be clearly discernible;

e  Heritage Value: the districts must possess significant historical and cultural impor-
tance; and Data Completeness: high-quality visual and archival documentation must
be available.

Balanced geographic representation was achieved by drawing cases from ten distinct
cities in the Jiangnan region, including Hangzhou, Jiaxing, Suzhou, and Shaoxing, with
each city contributing between four and eight cases to prevent single-city dominance. The
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dataset focuses on historic districts shaped or renewed from the early years of the People’s
Republic of China to the present. However, the surviving architectural fabric within these
districts spans a much longer period. Many building remains date back to the Ming and
Qing dynasties and have persisted through various phases of urban change into the present
day. The dataset encompasses both well-preserved cores and moderately transformed
buffer zones to reflect real-world conservation and urban change conditions.

The final dataset consists of 60 cases. This number reflects a practical reality. Well-
preserved historic districts of the specific river—street typology are scarce. The collected
cases represent nearly all available samples that meet the rigorous selection criteria. A
larger dataset of the same typology is not easily obtainable. However, because the typology
is highly coherent, the morphological variation across cases is limited. The 60 samples
are therefore sufficient to capture the essential spatial patterns of this fabric. To further
address the sample size, data augmentation and transfer learning strategies were applied,
as described below.

A 5-fold cross-validation strategy was adopted to evaluate the generalizability of the
deep learning model and to reduce the risk of overfitting caused by the limited sample
size. The complete dataset contained 60 historic district cases. From these, 10 cases were
randomly selected as a fixed test set. The remaining 50 cases were used for the 5-fold
cross-validation. They were randomly partitioned into five disjoint subsets of equal size.
In each fold, one subset served as the validation set, and the other four subsets were
used for training. The complete Pix2PixHD-LoRA pipeline was trained and evaluated
in every fold. The results are summarized in Section 3.1 and confirm the stability of the
proposed framework.

In compliance with the input specifications of the deep learning architecture, all image
samples underwent standardized pre-processing (detailed in Appendix A). Images were
resampled to a uniform resolution of 1024 x 1024 pixels at a cartographic scale of 1:2000,
which standardizes the covered ground area to approximately 442 m x 442 m. Following
standard semantic segmentation protocols, distinct spatial elements were encoded using
specific Red-Green-Blue (RGB) values (Figure 2): background (0, 0, 0), land-use boundaries
(255, 0, 0), waterways (100, 150, 200), street networks (100, 100, 100), buildings with ridge
orientations parallel to the watercourse (255, 255, 0), and buildings with ridge orientations
perpendicular to the watercourse (255, 255, 255). For each case, a paired dataset was
generated for the Pix2PixHD algorithm, consisting of the Source Domain (Domain A, site
constraints with existing buildings removed) and the Target Domain (Domain B, ground-
truth historic urban fabric).

Subset A Training/ Test Set

Subset B Training Set

Buildings'with ridges

Background (0, 0,
ackzround!( ) parallel to the waterway

N ~e
"‘ River (100, 1505200)
2, o7¢%%

¢ ¢ “
A\
8%
> 0

Site Boundary (255, 0, 0)

perpendicular to the
waterway (255,255, 255)

Figure 2. Schematic diagram of the pre-processed semantic samples: (a) Subset A Training | Test Set;
(b) Subset B Training Set.
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To enhance model generalization and reduce overfitting due to data scarcity, two
data augmentation strategies were implemented: Geometric Symmetry Augmentation and
Noise Injection. Horizontal flipping [26] reinforces the model’s ability to learn directional
invariance in morphology, particularly relevant for the mirrored layouts commonly found
in riverside architecture, while vertical flipping [27] helps better extract local fabric features
by introducing top-down symmetry. Additionally, zero-mean Gaussian noise [28] was
introduced to simulate potential image degradation or sensor artifacts encountered in
real-world applications, compelling the model to learn more robust feature representations.

The curated dataset was split into a training set (50 cases) and a testing set (10 cases).
The testing set was strictly isolated from the training process and deliberately designed
to contain unseen, challenging morphologies—such as irregular water edges, highly frag-
mented parcels, and dead-end alley configurations—to rigorously evaluate the model’s
generalization capability within the regional typology. While the raw sample size ap-
pears modest, several design choices ensure its adequacy for the generative task: first,
each case contains dense spatial information with hundreds of building footprints and
street segments, providing a rich supervision signal; second, the geometric symmetry
augmentation expands the training set fourfold to 200 equivalent samples; third, the LoRA
fine-tuning strategy leverages the strong visual priors of a large-scale pre-trained Stable
Diffusion model, substantially reducing the demand for massive domain-specific data.
Moreover, confining the dataset to a single coherent typology—the Jiangnan river—street
fabric—limits stylistic variance and allows the model to efficiently learn deep morpholog-
ical patterns, aligned with sample sizes adopted in comparable architectural generation
workflows [15,17,18]. Consequently, this structured database establishes a solid foundation
for efficient neural network training and reliable evaluation.

2.1.2. High-Resolution Synthesis of Historic Urban Fabric via Pix2PixHD

To achieve high-fidelity synthesis of historic district layouts, this study employs the
Pix2PixHD model [5] as the primary generative architecture. As illustrated in Figure 3,
this model utilizes an advanced Conditional Generative Adversarial Network framework
optimized for high-resolution synthesis. Its primary innovation lies in the integration of a
coarse-to-fine generator coupled with a multi-scale discriminator, effectively addressing
challenges in detail preservation and training stability.

Multi-scale
Discriminators

IMAGEA IMAGEB Discriminator

Loss

= —=

y

Figure 3. The network architecture of the Pix2PixHD framework.

The generator (G) adopts a two-stage cascaded architecture G = {Gy, G2 }. The Global
Generator G first constructs macro-structural features at a resolution of 512 x 512. Subse-
quently, the Local Enhancer Network (G;) performs 4 x upsampling and local refinement
on the output of G;. By integrating global contextual information, G, synthesizes the final

https://doi.org/10.3390/1and 15060976
220



Land 2026, 15, 976

high-resolution result (e.g., 1024 x 1024), ensuring both high-frequency detail fidelity and
structural consistency. Complementarily, the discriminator (D = {D;, Dy, D3}) evaluates
the input at three distinct scales to assess image authenticity across different perceptual
fields.

The training process is optimized via a composite objective function:

G Dq,D;,D3 A

Liota (G, Dy) = min(( max Y Lcan(G, Dk)) + ArmY_ Lrm(G, Dy) +)\VGG£VGG(]/,G)>
X

where L4y is the adversarial loss, which drives the synthesis to approximate the real
data distribution; L£rys denotes the feature matching loss, which stabilizes training by
minimizing feature discrepancies within the discriminator’s intermediate layers; Ly g
signifies the perceptual loss, which utilizes a pre-trained Visual Geometry Group network
to constrain the semantic content in the feature space; Lry and Lygg are weighting
coefficients empirically set to 10 to balance each loss term’s contribution; and y represents
the ground-truth image used for training.

Ultimately, the Pix2PixHD model synthesizes high-fidelity pre-synthesized layouts
for historic districts. These layouts serve as the foundational structural guidance to drive
the subsequent phase of Diffusion Model-based design space expansion.

2.1.3. Diversified Layout Synthesis via Diffusion Models and LoRA

To achieve a diversified synthesis of historic district layouts (Figure 4), this study
employs a Diffusion Model integrated with LoRA for efficient domain adaptation. By em-
bedding lightweight, trainable rank-decomposition matrices into the pre-trained backbone,
this approach enables rapid adaptation for generating historic urban fabrics with limited
computational resources [21].
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Figure 4. Architecture of the Diffusion Model integrated with LoRA.
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The generative mechanism is based on reversing a forward noise injection process.
The forward process gradually corrupts the raw data xy with Gaussian noise x7 ~ N (0, )
using a fixed variance schedule f1, .. ., B¢, adhering to the Markov chain property:

q(xe | xp—1) = N(xt; V1- ,tht—lz,BtI> )

Conversely, the reverse process trains a neural network €y, typically a U-Net, to
iteratively reconstruct a coherent image from this noise:

po(xi—1 | xt) = N (x¢—1; po(xt,t), Lg(x1, 1)) 3)

To adapt the pre-trained model (Stable Diffusion v1.5) efficiently, this study utilizes
LoRA fine-tuning. This technique approximates the weight updates AW using low-rank
decomposition:

W =Wy +AW = Wy + BA 4)

The training objective is to minimize the mean squared error between the predicted
and the actual noise:

Liom = Eyeonony | lle = eo(xi,t,) 3] )

where x; denotes the latent representation of the fabric layout at timestep t; € and ¢y
represent the actual added noise and the noise predicted by the U-Net, respectively; ¢
signifies the conditional input, which, in this study, is the pre-synthesized layout from
the Pix2PixHD stage; Wy € R?*K is the pre-trained weight matrix, whereas B € R**" and
A € R"*K are the low-rank matrices with rank r < min(d, k); and L py; is the loss function
used to optimize the LoORA parameters while preserving generative priors.

This integrated framework leverages the robustness of diffusion models for syn-
thesizing complex topological structures while balancing computational efficiency and
morphological fidelity.

2.1.4. Training and Implementation Details

The Pix2PixHD model was trained using the official PyTorch (version 2.0.1, Meta
Platforms, Inc., Menlo Park, CA, USA) implementation. Training was conducted for
200 epochs with a batch size of 1, due to the high resolution of the input images. The Adam
optimizer was adopted with a learning rate of 0.0002, 1 = 0.5, and B, = 0.999. The loss
weighting coefficients Ly and Ly (corresponding to A1 and A, in Equation (1)) were
both set to 10. The generator followed a coarse-to-fine architecture, while the discriminator
operated at three scales. A single NVIDIA GeForce RTX 4090 GPU (NVIDIA Corporation,
Santa Clara, CA, USA) with 24 GB memory was used.

For the diffusion-based expansion, the pre-trained Stable Diffusion v1.5 (Stability
Al London, UK) checkpoint was fine-tuned using the Diffusers library (version 0.25.0,
Hugging Face, Inc., New York, NY, USA). LoRA was applied to the attention layers of
the U-Net, with rank r = 16 and alpha = 16. The model was trained for 20,000 steps,
with a batch size of 4 and a learning rate of 1 x 10~%. All input images were resized
to 1024 x 1024 pixels. The conditioning text prompt was: “historic water town fabric,
traditional Jiangnan architecture, dense alleyways, riverside buildings”. The classifier-free
guidance scale was set to 7.5. During inference, 50 denoising steps were performed using
the DDIM scheduler. All LoRA experiments ran on a single NVIDIA GeForce RTX 4090
GPU with 24 GB memory.
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A fixed random seed of 42 was used across all experiments to ensure reproducibil-
ity. Generated images were post-processed by thresholding the semantic colour channels
to extract binary masks for buildings, streets, and water. These masks were then vec-
torised into GIS-ready polygon and polyline layers using standard computer vision and
geospatial libraries.

The code developed for this study (Python 3.10, PyTorch 2.0.1, Diffusers 0.25.0) will be
publicly released on GitHub upon acceptance. The training dataset cannot be shared due to
privacy and archival restrictions. A detailed description of data sources and pre-processing
is provided in Appendix A.

2.2. Evaluation Metrics and Multi-Objective Optimization Framework

Deep learning models can effectively create multiple design scenarios for historic dis-
tricts, offering a variety of options for organic renewal. However, the inherent stochasticity
of the generation process leads to significant variations in output quality. On one hand,
the model can generate high-fidelity designs that align exceptionally well with site-specific
constraints. On the other hand, it often produces a substantial number of suboptimal
solutions that may suffer from poor spatial organization, a lack of coherence in the urban
fabric, and issues with street network integrity. Relying exclusively on manual expert
judgment to screen and assess large-scale generative datasets is not only computationally
inefficient but also lacks objective, standardized evaluation criteria.

To address these challenges, this study establishes a comprehensive evaluation system
that quantitatively decodes the morphological rules and spatial logic of historic districts.
Grounded in empirical research on the Yuehe Historic District in Jiaxing, Zhejiang, this
system facilitates automated fitness evaluation and controlled, iterative optimization of the
generated outcomes. Ultimately, it constitutes a deep learning framework characterized by
both precision and adaptability, providing robust technical support for the preservation
and adaptive regeneration of historic district.

2.2.1. Evaluation Indicators

This study utilizes established frameworks in urban morphology and heritage conser-
vation to identify two fundamental physical dimensions that shape the historical context
and functionality of historic districts: architectural fabric and street networks [25,29]. While
each of these dimensions has been extensively examined in isolation in the existing litera-
ture, their integration into a cohesive, synergistic evaluation framework tailored for deep
learning-driven optimization has not been adequately addressed.

To address this gap, this study establishes a comprehensive assessment system focused
on these two primary dimensions: architectural fabric and street network configuration.
This system is explicitly grounded in the unique spatial characteristics and stringent con-
servation requirements of traditional Jiangnan water towns (traditional waterfront towns
south of the Yangtze River). Furthermore, the framework is broken down into 10 specific,
quantifiable performance indicators (as detailed in Table 1). This metric system aims to
translate abstract, qualitative conservation needs into computable objectives compatible
with Multi-Objective Optimization algorithms. Consequently, it directs the generative
process towards an optimal balance between preserving the continuity of historical context
and ensuring spatial rationality.

e  Architectural Fabric Dimension
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Table 1. The quantitative evaluation indicator system for historic district regeneration.

Dimension Evaluation Indicator Scoring Criteria & Ideal Thresholds  Weight (%)

Opt. *: >50%.

Arcr Fabric Coverage Rate Pen.: —0.1 per 5% decrease. 11.8
. . Opt.: 0 units.
Ansu No. of Small Fabric Units Pen.: —0.1 pIZr 5 additional units. 95
Architectural . . Opt.: 0 units.
Fabric ANLu No. of Large Fabric Units Pen.: —0.1 per 5 additional units. 74
. Opt.: 120 m.
Aars Average Fabric Size Pen.: —0.1 Ip?er 10 m? deviation. 121
A Standard Deviation of Fabric Opt.: 120 m?. 79
SDF Size Pen.: —0.1 per 10 m? deviation. '
. Opt.: >1000 m/ha.
Asnp Street Network Density Pen.: —0.05 per 100 m/ha decrease. 11
Anmcp Minimum Cost Path Pgrllot_%uf 1;1:?8 iiséircl:; 8.3
Street AsTa Spatio-Temporal Accessibility Range: 0-1. 12.6
Network Opt: 6m
Aasw Average Street Width Limit: Linear scale to 6-10 m. 106
A Standard Deviation of Street Opt.: 2m. 8.7
Sbw Width Limit: Linear scale to 2—-6 m. ’

* Opt. (Optimal Value) represents the benchmark for a full score; Pen. (Penalty) denotes the point deduction
per unit of deviation. This weighting scheme is grounded in Jiangnan morphological theory and confirmed by
expert consensus.

This dimension encompasses five key indicators designed to assess the morphological
integrity of the built form:

1.  Fabric Coverage Rate [30]

To evaluate the spatial compactness and land-use intensity of the historic district,
this indicator is defined as the ratio (percentage) of the total building footprint area to
the total site area. Its theoretical basis stems from the classical measurement of the Build-
ing Coverage Ratio in urban morphology, serving as a critical metric for assessing the
preservation integrity of traditional building clusters and the potential intrusiveness of
modern developments. In the scoring criteria, a score of 100% is awarded for values > 50%.
For every 5% decrease, 0.1 points are deducted. This threshold is empirically derived
from systematic surveys of historic districts in the Jiangnan region and aligns with the
characteristic building density of 45-55% found in traditional settlements.

Y- Spi

S total

Apcr = % 100% (6)
where Arcr is the Fabric Coverage Rate; Sy; represents the footprint area of the i-th building
unit; and Syoq) represents the total area of the site (red line boundary).

Number of Small Fabric Units [30]

To measure the level of spatial fragmentation within the historic district, this indicator
counts the total number of independent building units with a footprint of less than 30 m?.
It helps to identify the distribution of fine-grained architectural elements. In historic
districts, this metric reveals the remnants of traditional alleyways, ancillary structures, and
courtyard layouts, enabling us to assess whether the original capillary-like spatial fabric
remains intact. In the scoring system, full points are awarded for 0 units, which indicates
a consolidated fabric. For each additional 5 units, 0.1 points are deducted. This penalty
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mechanism is designed to prevent excessive spatial fragmentation from weakening the
coherence of the historic fabric.

1, Spi <30 m?

Ansu = Z%f(sbi)/ f(Spi) = 0 S>30 m? (7)
i= ’ bi =

where Ay is the total count of independent building units smaller than 30 m?, and Sy; is
the footprint area of an individual building unit i.

2. Number of Large Fabric Units [30]

To identify large-scale volumes inconsistent with an area’s historic character, this indi-
cator counts the total number of independent building units exceeding 240 m?. In historic
district studies, this measure primarily serves to detect the introduction of incompatible,
large-scale modern constructions. It provides a crucial foundation for assessing scalar
conflicts with the historical environment. The scoring system begins at 0 points, with
0.1 points deducted for every additional 5 units. Its purpose is to strictly limit building
volumes that do not align with the historical context.

1, Sy >240m?

AnLu = Z;f(sbi)r f(Sei) = 0, Spi <240 m? ’
L , Spi <

where Ay is the total count of independent building units exceeding 240 m?, and Sy; is
the footprint area of an individual building unit i.

3.  Average Fabric Size [30,31]

To evaluate the overall scalar coordination of the built form within the historic district,
this metric calculates the arithmetic mean of all building unit footprints (m?). This average
reflects the area’s foundational spatial granularity. It allows comparison of scale character-
istics across different historical periods and helps determine whether any modifications
or additions have distorted the original morphological dimensions. In the scoring system,
the maximum value is set at 120 m?, which earns full marks. For each deviation of 10 m?
from this optimal value, there is a deduction of 0.1 points. This benchmark is based on the
typical scale of traditional vernacular dwellings in the Jiangnan region.

1 n
Aurs = ;2 Sbi )
i—1

where A 4rg is the arithmetic mean of all building unit footprints (Mean Grain Size); n is
the total number of building units within the district; and Sy, is the area of building unit i.

4.  Standard Deviation of Fabric Size [30,31]

To measure the homogeneity of the historic urban fabric and its spatial rhythm, this
metric measures the dispersion of building unit areas (m?). The methodology is based
on statistical methods for spatial form analysis, enabling the identification of regional
morphological variations. In the scoring system, the target value for full marks is set at
120 m?. For every deviation of 10 m? from this target, there is a deduction of 0.1 points.
This approach aims to maintain the district’s spatial rhythm, ensuring that architectural
groups exhibit variation within a unified scale.

1 n
Aspr = EZ(Sbi — Am)? (10)
=1
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where Agpr is the standard deviation of building footprint areas, representing mor-
phological homogeneity, and A, is the average fabric size calculated in the previous
indicator A 4rs.

e  Street Network Dimension

This dimension encompasses five key indicators designed to assess the connectivity
and accessibility of the spatial structure:

1.  Street Network Density [29,30]

To quantify the coverage and connectivity potential of the historic district’s transporta-
tion network, this indicator calculates the total street length per unit area (m/ha). This
method is based on traditional urban morphology research, which suggests that a high
network density corresponds to the dense street network characteristic of historical settle-
ments. In the scoring system, a maximum score is assigned for densities of 1000 m/ha or
more. For every 100 m/ha decrease, 0.05 points are subtracted, reflecting the high-density
spatial characteristics typical of Jiangnan water towns.

E Ly
Asnp = 5= (11)
a

where Agnp is the street network density (m/ha); Ls; denotes the length of the j-th street
segment; and Sy, denotes the total area of the study region in hectares.

2. Minimum Cost Path [30,32]

To objectively evaluate the accessibility efficiency of the historic district, this metric
uses graph-theoretic principles to analyze the shortest path length (m) between the two far-
thest nodes in the network. It effectively identifies connectivity barriers caused by dead-end
streets and tortuous alleyways. In the scoring system, full points are awarded for distances
equal to or less than the straight-line (Euclidean) distance between the primary entrances.
For every additional 10 m beyond this distance, 0.1 points are deducted. This approach
balances accessibility efficiency with the preservation of traditional spatial complexity.

AMCP = min Z l] (12)
j€Pu

where Apjcp is the shortest path length between the two most distant nodes u and v in the
network, and /; represents the length of the individual segments j that constitute path P,.

3.  Spatio-Temporal Accessibility [30,32,33]

To evaluate the walkability and human-scale design of the historic district, this metric
uses time geography as its theoretical foundation. It measures the percentage of street areas
that are accessible within a defined walking timeframe (e.g., 2 h). This method effectively
evaluates how conveniently residents and visitors can reach service facilities and cultural
attractions. In the scoring system, the percentage value is normalized to a score ranging
from 0 to 1, highlighting the pedestrian-oriented spatial character of historic districts.

N,
Agpy = —achable 1009, (13)
N, total
where Agty is the percentage of the street area or nodes accessible within the defined
walking timeframe (e.g., 2 h); Nyeachable is the number of nodes reachable within the time
threshold; and Njyyy is the total set of nodes within the network.
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4. Average Street Width [30,31]

To identify instances of inappropriate widening of historic streets and alleys for
modern traffic demands, this indicator calculates the arithmetic mean (m) of all street
widths. This calculation reflects the overall spatial scale of the streetscape and is vital
for preserving the original spatial proportions, specifically the Distance/Height ratio, in
historic districts. The scoring standard sets 6 m as the optimal width for full points. Widths
of 10 m receive 0 points, with a linear decrease in points for widths between 6 m and 10 m.
This range aligns perfectly with the typical scale of traditional streets and alleys.

1 m
Aasw = p» Y w (14)
k=1

where A 45 is the arithmetic mean of all street widths; wy represents the width of the k-th
street segment; and m is the total number of street segments.

5.  Standard Deviation of Street Width [30,31]

To capture the spatial heterogeneity of the streetscape within the historic district, this
metric assesses the statistical dispersion of street widths (m). A lower standard deviation
generally indicates well-planned, well-preserved traditional grids. The scoring system
assigns 2 m for full points and 6 m for zero points, with a linear scale in between. This
approach aims to balance street uniformity with organic diversity.

Aspw = \/; Y (wi — Aw)? (15)
k=1

where Agpy is the standard deviation of street widths, reflecting spatial heterogeneity; and
Ay is the average street width calculated in the previous indicator A g5 .

A pool of candidate indicators was first identified from the literature on urban mor-
phology and heritage conservation. Each indicator was assessed for importance, sensitivity,
and measurability. A structured expert consultation questionnaire was then developed.

A panel of 20 experts was invited. The selection followed three criteria:

e A minimum of three years of professional experience in historic district conservation,
urban design, or related fields;

e Anintermediate or senior professional title;

e Direct involvement in at least one historic district project or published research in a
relevant area.

The panel included architects, urban morphologists, municipal planning officials, and her-
itage managers, ensuring representation from both academic and practice-oriented perspectives.

Two rounds of consultation were conducted. In the first round, each expert received
a questionnaire containing all candidate indicators with their definitions, measurement
formulas, and scoring criteria. Experts rated each indicator on a 1-5 scale (1 = not impor-
tant, 5 = extremely important) and provided written justifications for their ratings. The
completed questionnaires were collected, and the mean scores, coefficients of variation,
and all written comments were compiled.
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In the second round, the aggregated results were returned to the panel. Each ex-
pert received a summary that included the group mean score for each indicator and
the anonymized written justifications from the first round. Experts were asked to re-
view the feedback and revise their initial ratings where appropriate. In this round, ex-
perts also completed pairwise comparisons between indicators to support the subsequent
weight derivation.

Both rounds achieved a 95% response rate (19 valid questionnaires each), indicating
high expert positivity. Expert concentration was assessed by the mean score and the
proportion of full marks for each indicator, which showed clear differentiation among
the indicators.

The Kendall’'s W coefficient of concordance was 0.84 (p < 0.001), showing strong
consensus among the experts. Internal consistency reliability was high, with Cronbach’s
alpha exceeding 0.90 for both the architectural fabric and street network dimensions. The
item-level content validity index (I-CVI) ranged from 0.85 to 1.00, and the overall scale-
level CVI was 0.94, confirming the relevance of all ten indicators. Indicators with a mean
importance score below 4.0 or a coefficient of variation above 0.25 were considered for
removal or revision. Ratings of 4 or 5 were considered relevant for the calculation of I-CVI.

Several written justifications provided insight into the experts’ reasoning. One archi-
tect noted that “the Standard Deviation of Fabric Size is particularly useful for distinguish-
ing between organically evolved historic fabric and uniform modern redevelopment.” A
heritage manager commented that “Spatio-Temporal Accessibility reflects the pedestrian-
oriented character of historic districts and should carry substantial weight.” A municipal
planning official remarked that “the penalty mechanism for Large Fabric Units is well-
designed, as oversized modern buildings are among the most disruptive elements in
historic contexts.” These comments supported the final indicator selection and confirmed
that the evaluation framework captured the key concerns of historic district renewal.

Final weights were derived using the Analytic Hierarchy Process (AHP), based on
the pairwise comparisons collected in the second round. Two comparison matrices were
constructed: one for the five indicators within the architectural fabric dimension and one
for the five indicators within the street network dimension. A separate comparison between
the two dimensions determined their relative importance. Experts used Saaty’s 1-9 scale for
all pairwise comparisons. The individual judgments were aggregated using the geometric
mean method. The consistency ratio was checked for each matrix and found to be below
0.10, indicating acceptable consistency. The resulting weight set is shown in Table 1.

2.2.2. Multi-Objective Optimization Framework

To thoroughly evaluate the performance of the generated historic urban fabric, this
study establishes a systematic Multi-Objective Optimization framework. The main goal of
the framework is to achieve synergistic optimization by balancing architectural morphology
and street network efficiency through iterative evolutionary screening.

e  Fitness Function Formulation

The design selection problem is formulated as a multi-objective optimization. Because
the expert panel produced a clear, consensual set of trade-off preferences, the problem is
scalarized into a single fitness function using the weighted-sum method:
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F(X) = ) w;-f;(X) (16)

where X represents a candidate design solution generated by the Pix2PixHD-LoRA hybrid
model; n denotes the total number of morphological indicators, which is set at 10; and
£:(X) €]0,1] refers to the normalized score of the i-th indicator, ensuring that each metric’s
maximum contribution is limited to 1; w; is the weight from Table 1 (sum of w; = 1).

e  Evolutionary Operations and Convergence

The optimization process begins with an initial population of 100 candidate solutions.
Each iterative generation carries out the following core operations:

1. Elitism and Selection: The algorithm ranks the population in detail. An elite reten-
tion strategy selects and advances the top-performing solutions directly to the next
generation, preserving optimal genetic traits.

2. Stochastic Variation: Using the elite phenotypes, new candidate solutions are syn-
thesized via genetic operators such as crossover and mutation. This introduces
morphological innovation and maintains diversity within the population.

3. Convergence Criteria: To ensure computational efficiency, the algorithm monitors
the relative fitness gain over a sliding window of three consecutive generations. The
process concludes when the improvement rate falls below a predetermined threshold,
7 =0.01 (1%), indicating that the system has reached stochastic stabilization.

2.3. Case Study

This study utilizes the principle of theoretical sampling, focusing on the Yuehe Historic
District in Jiaxing, Zhejiang, China, as its empirical case. The selection of this case is
based on its dual representativeness. First, it serves as a typical example of a traditional
Historic District in the Jiangnan water towns, featuring an intact spatial layout, well-
preserved architecture, and a unique fabric of streets formed by water and markets shaped
by rivers. This makes it an ideal spatial paradigm for research. Second, the district
currently faces significant fabric decay, including fabric fragmentation, scale imbalance,
and landscape disconnection. This scenario is a critical illustrative case that highlights the
universal contradictions involved in preserving and developing historic districts amid rapid
urbanization. By conducting an in-depth examination of this case, we aim to effectively
validate the proposed methodology and uncover the intrinsic patterns that govern the
evolution and preservation of the historic district’s fabric. This will provide a solid empirical
foundation for developing related theoretical frameworks.

The specific spatial scope of the empirical study is outlined in Figure 5. Within Jiaxing
City’s regulatory planning framework, this area is designated as a Construction Control
Area rather than a highly restrictive Core Protection Area. This classification strategically
positions the site as a critical transitional area for our research. Situated at the intersection
of heritage conservation and urban development, the area confronts the common and
urgent practical challenges in harmonizing architectural character and integrating the
urban fabric. Consequently, selecting this district for empirical analysis robustly validates
the applicability and operational efficacy of the proposed methodology in addressing
complex real-world contradictions.
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Figure 5. The designated renovation area within the Yuehe Historic District, Jiaxing.

3. Results

3.1. Comparative Evaluation of the Original Area, Expanded Area, and Optimal Generative Scheme

This study adopted an experimental approach to progressive fabric generation, focus-
ing on the Construction Control Area of the Yuehe Historic District in Jiaxing. The workflow
began with the Pix2PixHD network, which produced a high-precision initial morphological
layout. A LoRA-tuned diffusion model was then applied to expand the solution space,
generating 100 morphologically diverse candidates. Finally, a Multi-Objective Optimization
algorithm iteratively enhanced each scheme. The optimization aimed to improve spatial
performance while preserving the continuity of the historical urban context.

Before the comparative evaluation, a 5-fold cross-validation was performed on the
50 training cases to assess the stability of the generation and evaluation pipeline. In
each fold, the Pix2PixHD-LoRA model was trained on four subsets and used to generate
100 candidate schemes for the held-out validation subset. All schemes were evaluated
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using the weighted comprehensive score. Across the five folds, the comprehensive scores
ranged from 0.83 to 0.85, with a mean of 0.84 and a standard deviation below 0.02. These
small variations indicate that model performance does not depend strongly on a specific
data split, which confirms the stability of the evaluation framework.

Based on this stable model, the optimal candidate scheme (GAopt), which achieved
a comprehensive score of 9.16, was selected from the optimization results (Figure 6). A
tripartite quantitative comparison was then conducted among GAoypt, the Original Area,
and the existing Expanded Area (Table 2).

L

Figure 6. Quantitative evaluation of the architectural fabric and street network for the optimal
generation scheme: (a) Original Site Conditions (red area: renovative area); (b) Fabric Coverage
Rate; (c) Average Fabric Size and Standard Deviation; (d) Number of Small (Large) Fabric Units;
(e) Average Street Width and Size Standard Deviation; (f) Minimum Cost Path; (g) Street Network
Density and Spatio-Temporal Accessibility.

In the context of architectural fabric logic, the quantitative results precisely identify
the degradation of historical morphological integrity caused by the existing Expanded Area
while also showcasing the significant advantages of deep learning-driven reconstruction.
Morphological measurements indicate that, while the Expanded Area attempts to replicate
traditional scales, with a score of 0.98 for the Number of Small Fabric Units, its score for
Standard Deviation of Fabric Size drops to 0. This indicates that the redevelopment in the
Expanded Area adopted a highly repetitive, uniform modular building system, leading
to a loss of the organic character associated with natural historical growth. In contrast,
the optimal scheme, GAopt, achieved a score of 0.99 in Standard Deviation of Fabric Size.
This not only corrects the rigidity present in the Expanded Area but also exceeds the
original average level of the Original Area (0.74). This shows that the coupled Pix2PixHD-
LoRA model effectively extracted and reinforced scale fluctuation patterns within the
spatial genotype, facilitating a transition from mechanical repetition to organic complexity.
Furthermore, the Average Fabric Size score for GAgpt (0.99) significantly surpasses that of
the Expanded Area (0.43), indicating that the deep learning model integrates necessary
spatial hierarchies while preserving small-scale urban fabric.
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Table 2. Comparison of Quantitative Evaluation Scores among the Original Area, Expanded Area,

and GAgpt.

. . . . Original Area Expanded Area GAopt
Dimension Evaluation Indicator Raw * Wtd. * Raw Wtd. Raw Wid.
Fabric Coverage Rate 0.93 0.11 091 0.11 1.00 0.12
No. of Small Fabric Units 0.92 0.09 0.98 0.09 0.92 0.09
Architectural No. of Large Fabric Units 0.88 0.07 0.58 0.04 0.86 0.06
Fabric Average Fabric Size 0.89 0.11 0.43 0.05 0.99 0.12
Standard Deviation of 0.74 0.06 0 0.00 0.99 0.08

Fabric Size
Street Network Density 0.91 0.10 0.87 0.10 0.95 0.11
Minimum Cost Path 0.72 0.06 0.62 0.05 0.70 0.06
Street Splitlo'T‘?]r;.‘Foral 1 0.13 0.95 0.12 1.00 0.13
Network ccessibility -
Average Street Width 0.98 0.10 0.64 0.07 1.00 0.11
Standard Deviation of

Street Width 0.72 0.06 0.38 0.03 0.74 0.06
Total Score \ 8.69 0.89 6.36 0.66 9.16 0.94

* Raw = normalized indicator score (0-1). Wtd. = Raw x Weigh (rounded to two decimal places). The weighted
total is the sum of Wtd. scores. Weights follow the updated Table 1. GAqpt improves over the Expanded Area by
42.4% in weighted total.

The evaluation of street network performance indicators further validates the ef-
fectiveness of the generated schemes in enhancing spatial accessibility and fostering a
human-centric environment. Spatial analysis shows that the Expanded Area scores poorly
on Average Street Width (0.64) and Standard Deviation of Street Width (0.38). This re-
flects that the existing developments, which prioritize modern motorized traffic, have
adopted simplified and homogenized street-widening methods. As a result, this approach
undermines the quality of the narrow street and dense network found in historical alleys,
which serve as vital spaces for social interaction. In contrast, the optimal candidate scheme,
GAgpt, shows a clear return to traditional pedestrian-centric logic in the street network. It
achieves perfect scores for Spatio-temporal Accessibility and Average Street Width, both
reaching the theoretical peak of 1.00, while Street Network Density (0.95) surpasses that of
the Original Area (0.91). The data demonstrate that the optimization algorithm effectively
filters out the rigid vehicular logic observed in the Expanded Area. Consequently, the new
street network is characterized by high permeability and a natural rhythmic variation in
street widths, reflected in a Street Width Standard Deviation of 0.74.

The comprehensive performance evaluation reveals that the Expanded Area has a
total score of only 0.66, indicating a significant misalignment between fabric diversity
and street network performance. In contrast, the GAopt scheme achieved a total score of
0.94, marking a 42.4% improvement over the Expanded Area and exceeding the average
quality of the Original Area (0.89). This result underscores a key academic finding: deep
learning should not be viewed merely as a passive imitation of historical forms but rather
as a performance-enhanced translation. By capturing the spatial genotype of the Original
Area through deep learning and applying extreme-value screening via Multi-Objective
Optimization, it is possible to develop optimal schemes that both respect historical context
and outperform existing or even original conditions in spatial performance, including fabric
and street network hierarchy. This approach provides a quantifiable, empirical means to
address the contradictions between the urban context and functional degradation in the
Construction Control Area of historic urban areas.
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3.2. Comparative Performance Analysis of Generative Paradigms

This section compares three generative architectures: the standalone Pix2PixHD
(deterministic), the standalone LoRA (stochastic), and the proposed Pix2PixHD-LoRA
hybrid. Figure 7 presents a stacked bar chart comparing the evaluation metrics across the
Original Area, Expanded Area, and Generated Area.
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Figure 7. Stacked bar chart comparing evaluation metrics across the Original Area, Expanded Area,
and Generated Area.

The robustness of the stochastic methods was assessed through multiple independent
runs. Table 3 summarizes the weighted comprehensive scores. For the hybrid model, the
mean score across 100 generated samples is 0.84. The intra-run standard deviation is +0.07,
and the scores range from 0.45 to 0.90. The cross-run standard deviation is £0.02, indicating
stable model performance across different training runs.

Table 3. Stability of the weighted comprehensive score for each generative method based on indepen-

dent runs.
Statistic Pix2PixHD LoRA Pix2PixHD-LoRA
n=1) (n = 40) (n =100)
Mean score 0.63 0.61 0.84
Intra-run standard deviation - +0.15 +0.07
Intra-run range (min-max) * - 0.39-0.79 0.45-0.90
Cross-run standard deviation - - +0.02

* Pix2PixHD is deterministic and yields a single output. LoRA and Pix2PixHD-LoRA statistics are computed
over 40 and 100 independent samples, respectively. Intra-run standard deviation and range reflect the diversity
of generated candidates within a single generation run. Cross-run standard deviation (£0.02 for the hybrid
model) reflects the stability of the mean score across multiple complete training runs, as estimated by 5-fold
cross-validation (Section 3.1).

Detailed per-indicator scores, benchmarked against the Original Area and the Ex-
panded Area, are reported in Table 4. This analysis examines the trade-offs between
morphological fidelity, functional plausibility, and generative diversity (see Appendix A).
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Table 4. Comparison of Evaluation Indicator Scores for the Pix2PixHD, LoRA, and Pix2PixHD-LoRA.

Di . Evaluation Indi Pix2PixHD LoRA Pix2PixHD-LoRA
imension valuation Indicator Raw * Wid. * Raw Wid. Raw Wid.
Fabric Coverage Rate 0.88 0.10 0.46 +0.15 0.05 4+ 0.02 0.91 + 0.02 0.11 + 0.00
No. of Small Fabric Units 0.96 0.09 0.88 +0.12 0.08 £ 0.01 0.90 £ 0.06 0.09 £ 0.01
Architectural No. of Large Fabric Units 0.10 0.01 0.98 £ 0.02 0.07 £ 0.00 0.33 £ 0.06 0.02 £ 0.00
Fabric Average Fabric Size 0.55 0.07 0.64 +0.17 0.08 4+ 0.02 0.85 4+ 0.11 0.10 4+ 0.01
Standard Deviation of 0.71 0.06 0264015 0024+001  095+005  0.08 = 0.00
Fabric Size
Street Network Density 0.83 0.09 0.79 +0.13 0.09 +0.01 0.94 + 0.01 0.10 + 0.00
Minimum Cost Path 0.66 0.05 0.47 £ 0.32 0.04 £ 0.03 0.73 £ 0.01 0.06 £ 0.00
Street Spatio-Temporal 0.66 0.08 063+034 008+£004 096+007  0.12+0.01
Network Accessibility
Average Street Width 0.48 0.05 0.35 £ 0.36 0.04 + 0.04 0.88 £ 0.05 0.09 £ 0.01
Standard Deviation of Street , 55 003 0214024 0024002 060+008  0.05=0.01
Width
Total Score \ 6.17 0.63 5.38 + 1.64 0.61 & 0.15 8.06 = 0.19 0.84 + 0.02
* Raw = normalized indicator score (0-1). Wtd. = Raw x Weigh (rounded to two decimal places). The weighted
total is the sum of Wtd. scores. Values are mean + standard deviation over 100 candidate solutions per generation.
LoRA and Pix2PixHD-LoRA values represent mean =+ standard deviation over 40 and 100 generated samples,
respectively. The Pix2PixHD-LoRA total score standard deviation (£0.02) reflects cross-run model stability (see
Table 5 for intra-population diversity).
Table 5. Evaluation Comparison of Pix2PixHD-LoRA Multi-Objective Optimization Results.
Pix2PixHD- Pix2PixHD- Pix2PixHD-
Dimension Evaluation Indicator LoRA-1 LoRA-2 LoRA-3
Raw * Witd. * Raw Witd. Raw Witd.
Fabric Coverage Rate 094 +0.05 0.11+0.01 099 +£0.02 012+0.00 099 +0.02 0.12+0.00
No. of %Iﬁftlsl Fabric 0874009 008001 094006 0094001 0884008 0.08+0.01
Architectural  No. of Large Fabric 79, 506 0064000 084006 0064000 0824006 006+ 0.00
Fabric Units
Average Fabric Size 0.81 £0.16 0.10+0.02 0.87+0.12 0.11 +0.01 0.86 +£0.11 0.10 £+ 0.01
Standard Deviation of -, (o | 556 0054002 0694023 0054002 0654023 005+ 002
Fabric Size
Street Network Density ~ 0.91 £0.05 0.10 £ 0.01 0.94 + 0.01 0.10 £0.00  0.95+0.01 0.11 4+ 0.00
Minimum Cost Path 0.67 £0.13  0.06 £ 0.01 07+0 0.06 £ 0.00 07+0 0.06 £ 0.00
Street Sp:zg;gﬁf;al 094014 011+002 0964003 0124000 098=+003 0.12+0.00
Network Average Street Width 091 £0.15  0.10 + 0.02 1+0 0.11 4 0.00 140 0.11 4 0.00
Standard Deviation of ) (5 14 0064001 0744003 0064000 0754002 007+ 0.00
Street Width
Total Score * \ 8.08+095 084+0.07 8584032 0.894+0.03 8584033 0.89+0.02

* Raw = normalized indicator score (0-1). Wtd. = Raw x Weigh (rounded to two decimal places). The weighted
total is the sum of Wtd. scores. Values are mean + standard deviation over 100 candidate solutions per generation.
Data represent mean =+ standard deviation across the population of 100 candidate solutions at each generation.
Generation 1 corresponds to the initial Pix2PixHD-LoRA outputs, Generations 2 and 3 are the first and second
rounds of multi-objective optimization. Data represents the mean =+ standard deviation of multiple runs of the
hybrid model (n = 100).

The standalone Pix2PixHD model operates as a deterministic generator, producing
a single output, highlighting its fundamental limitations. While it partially reduces the
morphological homogeneity of the Expanded Area—restoring the fabric size standard
deviation from 0.00 to 0.71 and maintaining high fabric coverage (0.88)—it struggles to
replicate the complex scalar hierarchy of the historic tissue. Specifically, the generation of
large fabric units is abnormally low (0.10), and the average fabric size (0.55) remains sub-
optimal, indicating an inherent deficiency in capturing low-frequency structural patterns.
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Critically, its performance in street network synthesis falls short of the Original Area in

both spatio-temporal accessibility (0.66) and street-width control (0.48). This suggests that

the model has difficulty coordinating complex functional dependencies. Furthermore, the
monotony of its outputs—providing no alternative design scenarios—severely limits its
practical use in design decision support.

On the other hand, the standalone LoRA model exhibits robust generative diversity,
producing a wide variety of morphologically distinct phenotypes. However, quantitative
metrics reveal critical instability (Total Score: 0.61 &£ 0.15). The model not only signifi-
cantly underperforms the Original Area but also, in key metrics such as fabric coverage
(0.46 £ 0.15), falls short of the Expanded Area. The substantial standard deviations ob-
served across street network indicators (consistently exceeding £0.24) imply that outputs
fluctuate dramatically between complete structural failure and accidental viability. While
LoRA effectively serves as a creative engine for stylistic exploration, its inherent geometric
inaccuracies—resulting in blurred building boundaries and topological discontinuities in
the street network—render it unreliable for autonomous planning tasks.

The proposed Pix2PixHD-LoRA hybrid framework successfully addresses the existing
dichotomy in image generation, achieving a unified equilibrium of fidelity, diversity,
and stability.

e  Morphological Fidelity: Pix2PixHD-LoRA significantly outperforms Pix2PixHD across
all key metrics, closely matching the benchmarks of the Original Area. Notably, the
average fabric size score of 0.85 represents a 54.5% improvement over Pix2PixHD.
Furthermore, the standard deviation of fabric size (0.95 + 0.05) exceeds that of the
Original Area (0.74), showcasing a superior ability to generate heterogeneous yet
harmonious fabric patterns.

e  Functional Integrity: In terms of street network functionality, Pix2PixHD-LoRA marks
a significant advancement. Both spatio-temporal accessibility (0.96) and network
density (0.94) approach the optimal values found in the Original Area. The average
street width score of 0.88 reflects an impressive 83.3% improvement over Pix2PixHD,
indicating precise control over spatial scale.

e  Stability and Practicality: Most importantly, Pix2PixHD-LoRA achieves a high over-
all score of 0.84 with an exceptionally low standard deviation of +£0.02 across
100 generated iterations.

This outcome holds substantial methodological significance: it shows that the hybrid
framework does not sacrifice quantity for quality. Instead, the high-precision structural
prior provided by Pix2PixHD effectively constrains the LoRA model’s latent space, guiding
sampling towards high-quality regions of the solution space. Consequently, designers
receive not a chaotic assortment of random images but a carefully curated set of valid
design alternatives that uphold high morphological consistency and functional rigor.

Comparative analysis indicates that both Pix2PixHD and LoRA exhibit significant
limitations when used alone. Pix2PixHD struggles with mode collapse, leading to a
lack of diversity in its outputs. On the other hand, LoRA faces issues with geometric
hallucination and instability. The proposed hybrid model, with its cascaded architecture,
achieves a synergistic effect beyond a simple combination of the two systems. It provides a
superior balance across three critical areas: morphological accuracy, functional rationality,
and generative diversity. This innovative framework creates a new digital generation
paradigm that harmonizes algorithmic creativity with engineering precision, effectively
addressing the dual challenges of preserving traditional urban fabric and adapting to
modern functional requirements in historic district regeneration.
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3.3. Analysis of Multi-Objective Optimization Results

To rigorously validate the comprehensive efficacy of the multi-objective iterative
optimization framework in enhancing generative schemes for historic districts, this study
conducted multiple rounds of evolutionary searches using an equal-weighted evaluation
system. The goal was to synergistically optimize both the architectural fabric and street
network performance, utilizing an initial population of candidate solutions generated by
the Pix2PixHD-LoRA hybrid model.

After three generations of iteration, the optimization process met the convergence
criteria, with the final intergenerational improvement rate of 0.7%, which is below the
threshold of T = 0.01. This demonstrates systematic improvements across all dimensional
metrics (Detailed in Table 5 and Appendix B).

In the architectural fabric dimension, the fabric coverage score increased from
0.94 £+ 0.05 to 0.99 + 0.02, while the average fabric size score rose from 0.81 £ 0.16 to
0.86 &+ 0.11. Notably, the mean metric score for the Standard Deviation of Fabric Size
remained within the stable range of 0.65-0.69, indicating a more rational fabric com-
position and enhanced morphological order. The score for the number of large fabric
units also improved from 0.79 & 0.06 to 0.82 & 0.06, suggesting further enhancement in
functional integrity.

In terms of the street network, the density score improved from 0.91 + 0.05 to
0.95 £ 0.01, and spatio-temporal accessibility increased from 0.90 £ 0.14 to 0.98 £ 0.03.
The average street width score reached its maximum value of 1.00, up from 0.91 £ 0.15,
while the standard deviation of the street width score also improved to 0.75 4= 0.02. These
results demonstrate an overall optimization of the street network’s structure with respect
to connectivity efficiency and scalar coordination.

Through this optimization process, the comprehensive fitness score of the solution
population increased from 0.84 £ 0.07 to 0.89 & 0.02. This significant increase, along with
a notable reduction in standard deviation, indicates that the optimization framework not
only enhances overall spatial performance but also improves the stability and reliability of
the generative outputs.

Conclusion: The integrated generative-optimization framework developed in this
study effectively guides the initial solution set toward a Pareto-optimal frontier, balancing
spatial performance and historical authenticity through a multi-objective iterative mech-
anism. This approach provides a technically feasible and controllable digital paradigm
for the organic renewal of historic districts. The results demonstrate that the proposed
methodology significantly enhances the comprehensive performance of generated solutions
across multiple dimensions—including morphological rationality, street network efficiency,
and output stability—while strictly preserving morphological fidelity.

4. Discussion

Comparison with previous studies. Earlier work often relied on a single generative
model. For example, some studies used Pix2Pix or Pix2PixHD to produce urban layouts.
These models achieved reasonable structural accuracy, but their outputs showed limited
diversity [15,17,18]. Other researchers applied standalone diffusion models for floor plans
or facades. These models created varied styles but often lost precise geometric control [6,23].
Our hybrid approach combines the two. It keeps the structural stability of GANs and adds
diverse variations in diffusion models. The performance-driven optimization further
selects the best-fitting schemes. The results show that our generated schemes outperform
the expanded area in several metrics, such as standard deviation of fabric size and street
network density. The key new finding is that a high-fidelity structural prior from Pix2PixHD
can guide the diffusion model’s latent space. This guidance produces stable, high-quality
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candidates, not random images. This moves beyond passive imitation and achieves a
measurable improvement in urban fabric quality.

The generative design methodology proposed in this study has shown promising
capabilities for synthesizing historic urban fabric and street network morphology. However,
several limitations remain, highlighting important areas for future research.

Limitations of model comparison. Our experiments compared only three architectures:
Pix2PixHD, LoRA, and the proposed hybrid model. Many other advanced generative
models exist, such as ControlNet-guided diffusion models, transformer-based layout
generators, and graph neural networks for spatial synthesis. These models were not tested.
Therefore, the current study cannot show how our framework performs relative to the
latest alternatives. This limitation should be addressed in future work by including a
broader benchmark.

Technological Workflow and Computational Efficiency: Currently, the framework
operates across heterogeneous software ecosystems, integrating Pix2PixHD training, LoRA
fine-tuning, and optimization algorithms across different platforms. This fragmentation re-
sults in operational complexity and hinders seamless automation. Future work should focus
on developing a unified computational framework (Integrated Platform) that streamlines
module coordination through interoperable protocols. From a computational perspective,
training high-fidelity GANSs (e.g., Pix2PixHD) is intensive. Although LoRA reduces the
adaptation overhead, overall latency still poses a challenge for real-time interaction. Future
research will investigate techniques for model lightweighting—such as knowledge distil-
lation or network pruning—to create more efficient generative architectures suitable for
rapid iterative design.

Data Generalizability and Multidimensional Evaluation: While the current dataset
systematically captures the river—street typologies of the Jiangnan region, its geographical
scope is limited. This constrains the model’s generalization to other regional architectural
styles (e.g., Northern courtyard dwellings or mountainous settlements). Future efforts
should expand the dataset to include cross-regional and multicultural samples to enhance
the model’s domain adaptation capabilities. Regarding the evaluation system, current
metrics focus primarily on morphological aspects. Key performance indicators, such as
disaster resilience (specifically emergency evacuation efficiency in narrow alleys), economic
feasibility, and microclimatic comfort (e.g., wind and thermal performance), have not
yet been fully integrated. Existing research provides a foundation for quantifying such
environmental and behavioral dimensions, from pedestrian wind environments and layout
patterns [34-36] to public willingness for sustainable transitions [37] to indoor environmen-
tal quality, occupant satisfaction [38,39], HVAC-related energy consumption [38,40], and
health outcomes such as sick building syndrome in various building types [39,41]. Develop-
ing a holistic evaluation framework that encompasses social, economic, and environmental
dimensions is essential. Furthermore, the optimization phase currently uses a conservative
elite retention rate (1%). Future iterations should consider increasing this parameter (e.g.,
to 20%) to better balance global exploration (diversity) and local exploitation (stability),
thereby enhancing the robustness of optimization convergence.

By addressing these limitations through systematic improvements, generative de-
sign methodologies can advance toward greater integration, universality, efficiency, and
comprehensiveness in the field of urban heritage conservation.
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5. Conclusions

This study proposes an innovative computational framework that synergizes deep
learning with Multi-Objective Optimization to address the complex digital design chal-
lenges posed by the preservation and regeneration of historic urban fabric. By systemati-
cally integrating the high-fidelity generative capabilities of Pix2PixHD, the diverse expres-
sive potential of Diffusion Models, and the goal-oriented decision-making of optimization
algorithms, this framework effectively bridges the longstanding methodological disconnect
between morphological accuracy, generative diversity, and functional rationality.

The key findings and contributions are summarized as follows:

e  Establishment of a Closed-Loop Generative-Optimization Framework

This study addresses the critical dilemma in current digital design methodologies:
the trade-offs between morphological fidelity and functional performance. It establishes a
comprehensive, reproducible technical pathway that systematically integrates multimodal
dataset construction, dual-stage model synergism, quantitative evaluation, and iterative
optimization. This framework not only ensures high fidelity between the synthesized
outcomes and the authentic historical fabric but also provides robust methodological
support for human-machine collaborative decision-making.

e  Superiority of the Hybrid Generative Architecture

The proposed Pix2PixHD-LoRA hybrid model shows significant advantages over stan-
dalone paradigms. Compared to the deterministic Pix2PixHD model, the hybrid approach
maintains high historical fidelity and geometric precision while substantially enhancing
generative diversity, effectively addressing the mode collapse issue commonly found in
GANSs. Compared with standalone Diffusion/LoRA approaches, the hybrid method effec-
tively constrains topological inconsistencies and geometric distortions by incorporating
structural priors from Pix2PixHD, achieving an organic integration of algorithmic creativity
and engineering controllability.

e  Efficacy of Performance-Driven Optimization

The Multi-Objective Optimization process substantially improved the overall spatial
performance of the generated solutions. By coupling a quantitative evaluation system based
on ten morphological indicators with an evolutionary strategy, the framework achieved
synergistic improvements across conflicting objectives, such as fabric compactness and
street network efficiency. The top-ranked individual design (GAopt) achieved a weighted
comprehensive score of 0.94, a 42.4% improvement over the Expanded Area (0.66). The
optimized population reached a mean weighted score of 0.89 £ 0.02, representing a 34.8%
gain over the Expanded Area and a 6.0% increase over the initial generated baseline
(0.84 £ 0.07). Furthermore, the optimization process significantly enhanced output stability,
reducing the standard deviation from 0.07 to 0.02, indicating high reliability.

Limitations. First, the model comparison was limited to three architectures. Future
benchmarks should include more advanced generative models. Second, the dataset rep-
resents a single regional typology, the Jiangnan river—street fabric. Broader cultural and
geographic coverage is needed. Third, the evaluation metrics focus on physical form. Social,
economic, and environmental dimensions, such as disaster resilience and microclimatic
comfort, are not yet integrated. Fourth, the computational workflow is not yet unified,
which limits interactive speed.
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Future research. Future work should test a wider set of generative models, expand the
dataset to multiple regions, and develop an integrated evaluation framework that includes
disaster, comfort, and cost indicators. Model lightweighting techniques and a unified
software platform will be explored to enable real-time, interactive design.

Implications. This framework can be adapted to other historic environments that
face similar fabric-based challenges. The method provides a quantifiable, repeatable way
to balance preservation and renewal. Planners can use the generated and optimized
alternatives as design references. This makes the decision process more transparent and
evidence-based. The approach can also be extended to other urban design tasks where
morphological authenticity and performance must be balanced.

In summary, the generative design framework developed in this study achieves an
effective equilibrium among morphological fidelity, design diversity, and performance opti-
mization. It provides both theoretical insights and a practical digital paradigm for the scien-
tific preservation and adaptive regeneration of historic districts amid rapid urbanization.
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Appendix A
Appendix A.1

This appendix presents the processed training images (Domain B) utilized for
model training.
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Figure Al. A subset of Dataset Preparation. Overview of the generation process and color-coding
scheme for the paired dataset. The multi-channel site constraints are color-coded based on specific
RGB values: black (0, 0, 0) for background, red (255, 0, 0) for land-use boundaries, blue (100, 150,
200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for buildings with

ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings with ridge
orientations perpendicular to the watercourse.

Appendix A.2

This appendix provides a visual comparison of generation outputs across different
model architectures.
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Figure A2. A subset of generation Result of Pix2PixHD. Overview of the generation process and
color-coding scheme for the paired dataset. The mul-ti-channel site constraints are color-coded based
on specific RGB values: black (0, 0, 0) for back-ground, red (255, 0, 0) for land-use boundaries, blue
(100, 150, 200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for buildings
with ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings with ridge
orientations perpendicular to the watercourse.
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Figure A3. A subset of generation Results of LoRA. Overview of the generation process and color-
coding scheme for the paired dataset. The multi-channel site constraints are color-coded based on
specific RGB values: black (0, 0, 0) for background, red (255, 0, 0) for land-use boundaries, blue (100,
150, 200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for buildings
with ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings with ridge
orientations perpendicular to the watercourse.

https://doi.org/10.3390/1and 15060976
241



Land 2026, 15, 976

Figure A4. A subset of generation Results of Pix2PixHD-LoRA-1. Overview of the generation process
and color-coding scheme for the paired dataset. The multi-channel site constraints are color-coded
based on specific RGB values: black (0, 0, 0) for background, red (255, 0, 0) for land-use boundaries,
blue (100, 150, 200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for
buildings with ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings
with ridge orientations perpendicular to the watercourse.
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Table A1. Generation Results of Deep Learning Model.

Case Arcr  Ansu  Anru Aars Aspr Asnp Amcp Asta Aasw Aspw  Score
Al 0.88 0.96 0.1 0.55 0.71 0.83 0.66 0.66 0.48 0.33 6.17
B1 0.58 0.90 0.96 0.94 0.54 0.93 0.72 1.00 0.73 0.44 7.73
B2 0.57 1.00 0.94 0.92 0.42 091 0.70 1.00 0.70 0.49 7.65
B3 0.63 0.92 0.98 0.72 0.38 0.94 0.72 1.00 0.82 0.54 7.64
B4 0.55 0.96 0.96 0.79 0.28 0.94 0.71 1.00 0.78 0.54 7.49
B5 0.61 0.90 0.98 0.73 0.27 0.92 0.71 1.00 0.76 0.48 7.36
B6 0.65 0.82 0.94 0.55 0.32 0.92 0.72 0.98 0.82 0.51 7.23
B7 0.55 0.86 1.00 0.52 0.20 0.93 0.71 1.00 0.78 0.52 7.08
B8 0.64 0.72 1.00 0.44 0.10 0.93 0.72 1.00 0.87 0.55 6.95
B9 0.56 0.84 1.00 0.43 0.09 0.93 0.71 1.00 0.80 0.49 6.86

B10 0.57 0.50 0.98 0.36 0.33 0.95 0.72 1.00 0.86 0.53 6.80
B11 0.62 1.00 0.98 0.63 0.23 0.85 0.72 0.88 0.58 0.30 6.79
B12 0.57 0.52 1.00 0.32 0.07 0.97 0.71 1.00 0.90 0.64 6.71
B13 0.59 0.52 1.00 0.31 0.06 0.97 0.71 1.00 0.91 0.63 6.69
B14 0.58 0.88 1.00 0.53 0.16 0.87 0.72 0.95 0.57 0.40 6.66
B15 0.54 0.90 0.98 0.65 0.26 0.85 0.72 0.94 0.48 0.26 6.59
B16 0.44 0.92 0.96 0.69 0.39 0.85 0.72 0.95 0.40 0.26 6.58
B17 0.55 0.78 1.00 0.45 0.11 0.89 0.71 0.98 0.64 0.38 6.50
B18 0.52 0.86 0.98 0.66 0.53 0.84 0.71 0.84 0.41 0.08 6.42
B19 0.55 0.74 0.98 0.42 0.17 0.86 0.72 0.93 0.59 0.39 6.35
B20 0.36 0.94 1.00 0.51 0.12 0.84 0.70 0.76 0.30 0.10 5.63
B21 0.33 0.96 0.98 0.94 0.34 0.63 0.61 0.28 0.00 0.00 5.06
B22 0.26 0.96 0.90 0.71 0.71 0.64 0.46 0.28 0.00 0.00 4.92
B23 0.38 0.86 0.98 0.73 0.28 0.58 0.62 0.28 0.00 0.00 4.71
B24 0.33 0.92 1.00 0.50 0.11 0.65 0.67 0.33 0.00 0.00 4.51
B25 0.36 0.92 0.94 0.83 0.55 0.62 0.07 0.22 0.00 0.00 4.51
B26 0.12 0.94 1.00 0.59 0.23 0.57 0.74 0.25 0.00 0.00 4.45
B27 0.06 1.00 1.00 0.75 0.09 0.57 0.62 0.29 0.00 0.00 4.39
B28 0.28 0.92 1.00 0.66 0.17 0.62 0.19 0.25 0.00 0.00 4.10
B29 0.06 0.98 1.00 0.49 0.09 0.58 0.52 0.27 0.00 0.00 3.99
B30 0.45 1.00 1.00 0.96 0.31 0.78 0.00 0.44 0.01 0.00 3.72
B31 0.47 0.96 0.96 0.86 0.32 0.71 0.00 0.29 0.00 0.00 3.57
B32 0.41 0.98 0.96 0.79 0.42 0.75 0.00 0.41 0.00 0.00 3.56
B33 0.40 0.98 1.00 0.84 0.24 0.72 0.00 0.28 0.00 0.00 3.46
B34 0.49 0.92 1.00 0.81 0.23 0.77 0.00 0.44 0.10 0.00 3.44
B35 0.46 0.90 0.98 0.71 0.29 0.75 0.00 0.28 0.00 0.00 3.33
B36 0.49 0.90 0.98 0.62 0.31 0.76 0.00 0.32 0.09 0.00 3.30
B37 0.52 0.88 1.00 0.60 0.26 0.78 0.00 0.27 0.16 0.00 3.25
B38 0.41 0.92 1.00 0.62 0.24 0.60 0.00 0.23 0.00 0.00 3.19
B39 0.40 0.90 0.98 0.60 0.21 0.78 0.00 0.46 0.04 0.00 3.08
B40 0.36 0.86 1.00 0.48 0.16 0.75 0.00 0.29 0.00 0.00 2.85

C1 0.98 0.84 0.82 0.97 0.97 0.94 0.70 0.99 1.00 0.73 8.94
C2 1.00 0.96 0.82 0.84 0.97 0.94 0.70 0.98 1.00 0.74 8.94
C3 1.00 0.80 0.80 0.97 0.98 0.95 0.70 0.93 1.00 0.78 8.90
C4 1.00 0.82 0.76 0.95 0.97 0.94 0.70 0.97 1.00 0.70 8.82
C5 0.99 0.98 0.76 0.86 0.95 0.94 0.70 0.97 1.00 0.67 8.82
Cé6 0.92 0.80 0.86 0.88 0.99 0.94 0.70 1.00 1.00 0.73 8.82
c7 0.89 0.92 0.78 0.99 0.93 0.94 0.70 0.98 0.99 0.70 8.81
C8 0.94 0.82 0.74 0.96 0.96 0.94 0.70 1.00 1.00 0.73 8.78
C9 0.93 0.86 0.82 0.89 0.92 0.95 0.70 0.98 1.00 0.73 8.78
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Table A1. Cont.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

C10 0.96 0.74 0.84 0.91 0.96 0.95 0.70 0.88 1.00 0.77 8.71
C11 0.92 0.84 0.74 0.91 0.92 0.95 0.70 1.00 1.00 0.73 8.70
C12 0.94 0.84 0.86 0.95 0.96 0.93 0.70 0.90 0.98 0.66 8.70
C13 1.00 0.96 0.78 0.93 0.68 0.94 0.70 0.97 1.00 0.73 8.68
C14 0.91 0.86 0.90 0.88 0.74 0.95 0.70 1.00 1.00 0.73 8.67
C15 0.87 0.88 0.84 1.00 0.81 0.94 0.70 0.97 0.97 0.69 8.67
C16 1.00 0.90 0.82 0.96 0.62 0.93 0.70 0.99 1.00 0.74 8.65
Cc17 0.95 0.84 0.86 0.90 0.81 0.93 0.70 0.94 1.00 0.72 8.65
C18 1.00 0.96 0.66 0.71 0.94 0.94 0.70 1.00 1.00 0.74 8.65
C19 0.97 0.88 0.82 0.98 0.65 0.94 0.70 0.99 1.00 0.71 8.65
C20 0.98 0.94 0.72 0.89 0.74 0.93 0.70 0.99 1.00 0.76 8.63
C21 0.98 0.94 0.82 0.85 0.69 0.94 0.70 1.00 1.00 0.70 8.63
C22 1.00 0.82 0.84 0.79 0.84 0.95 0.70 0.89 1.00 0.79 8.63
C23 0.98 0.84 0.88 0.96 0.64 0.94 0.70 0.93 1.00 0.74 8.61
C24 0.93 0.98 0.84 0.97 0.51 0.95 0.70 1.00 1.00 0.71 8.60
C25 0.98 0.96 0.80 0.92 0.61 0.94 0.70 0.96 1.00 0.72 8.60
C26 1.00 0.80 0.84 0.96 0.58 0.95 0.70 0.98 1.00 0.78 8.58
Cc27 0.99 0.92 0.78 0.92 0.62 0.93 0.70 0.99 1.00 0.71 8.57
C28 0.94 0.84 0.88 0.98 0.52 0.95 0.70 1.00 1.00 0.76 8.57
C29 0.98 0.86 0.82 0.88 0.92 0.91 0.70 0.90 0.96 0.63 8.55
C30 0.86 0.94 0.82 0.86 0.86 0.94 0.70 1.00 0.94 0.63 8.55
C31 0.96 0.92 0.84 0.89 0.60 0.95 0.70 0.96 1.00 0.74 8.55
C32 0.84 0.86 0.84 0.99 0.75 0.95 0.70 0.96 0.97 0.69 8.55
C33 0.83 0.92 0.84 0.89 0.87 0.94 0.69 0.97 0.95 0.64 8.54
C34 0.93 0.88 0.80 0.88 0.67 0.94 0.70 1.00 1.00 0.73 8.53
C35 0.96 0.68 0.84 0.81 0.98 0.95 0.70 0.84 1.00 0.76 8.53
C36 0.93 0.92 0.84 0.89 0.63 0.94 0.70 0.96 1.00 0.71 8.52
C37 0.98 0.88 0.68 0.69 0.98 0.93 0.71 0.94 1.00 0.72 8.49
C38 0.90 0.98 0.82 0.71 0.84 0.94 0.70 0.97 0.94 0.69 8.49
C39 0.96 0.88 0.82 0.84 0.72 0.93 0.70 1.00 0.99 0.66 8.49
C40 0.93 0.76 0.84 0.91 0.84 0.92 0.70 0.97 0.97 0.66 8.48
C41 0.89 0.98 0.84 0.89 0.77 0.92 0.70 0.98 0.90 0.61 8.48
C42 0.96 0.74 0.76 0.93 0.89 0.93 0.70 0.94 0.98 0.65 8.48
C43 0.91 0.84 0.78 0.97 0.74 0.93 0.68 0.95 0.98 0.68 8.47
C44 0.92 0.80 0.80 0.90 0.73 0.95 0.70 0.96 1.00 0.70 8.47
C45 0.98 0.64 0.82 0.94 0.76 0.94 0.70 0.94 1.00 0.74 8.46
C46 0.92 0.76 0.84 0.71 0.89 0.95 0.70 0.96 1.00 0.73 8.46
C47 1.00 0.86 0.66 0.86 0.82 0.92 0.70 0.93 1.00 0.69 8.44
C48 0.94 0.94 0.88 1.00 0.38 0.93 0.70 0.95 0.99 0.73 8.44
C49 0.98 0.90 0.64 0.82 0.74 0.94 0.70 0.94 1.00 0.73 8.39
C50 0.86 0.86 0.86 0.97 0.59 0.94 0.70 0.98 0.96 0.65 8.38
C51 1.00 0.86 0.86 0.77 0.55 0.94 0.70 0.96 1.00 0.73 8.38
C52 1.00 0.90 0.76 0.69 0.76 0.92 0.70 0.88 1.00 0.75 8.36
C53 1.00 1.00 0.76 0.50 0.68 0.94 0.70 1.00 1.00 0.75 8.33
C54 1.00 0.74 0.82 0.75 0.66 0.94 0.70 0.93 1.00 0.76 8.31
C55 0.93 0.90 0.78 0.76 0.86 0.91 0.70 0.94 0.92 0.60 8.30
C56 1.00 0.66 0.88 0.80 0.67 0.93 0.70 0.95 1.00 0.71 8.30
C57 0.97 0.70 0.92 0.78 0.51 0.95 0.70 0.98 1.00 0.74 8.26
C58 0.95 0.74 0.84 0.90 0.93 0.86 0.71 0.78 0.88 0.66 8.25
C59 0.93 0.76 0.78 0.79 0.65 0.94 0.70 0.97 1.00 0.74 8.25
C60 0.89 0.92 0.84 0.99 0.73 0.87 0.70 0.94 0.78 0.58 8.24
Ce1 0.93 0.86 0.76 0.86 0.93 0.87 0.70 0.87 0.83 0.61 8.22
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Table A1. Cont.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

Ce62 0.90 0.96 0.82 0.83 0.63 0.91 0.70 0.98 0.91 0.58 8.21
C63 0.94 0.70 0.84 0.68 0.65 0.96 0.70 0.98 1.00 0.75 8.20
Co64 0.93 0.90 0.78 0.97 0.85 0.85 0.70 0.88 0.77 0.57 8.20
C65 0.96 0.64 0.72 0.81 0.78 0.93 0.70 0.97 0.99 0.69 8.18
Ce66 0.95 0.76 0.74 0.93 0.96 0.87 0.70 0.80 0.84 0.62 8.17
Ce7 0.89 0.86 0.72 0.83 0.62 0.93 0.70 1.00 0.93 0.62 8.11
C68 0.96 0.90 0.66 0.67 0.71 0.93 0.70 0.92 0.97 0.68 8.10
C69 0.92 0.96 0.76 0.67 0.55 0.93 0.70 0.97 0.97 0.64 8.07
C70 0.93 0.86 0.92 0.99 0.00 0.95 0.71 0.97 1.00 0.73 8.05
C71 0.90 0.72 0.94 0.70 0.46 0.95 0.70 091 1.00 0.71 7.99
C72 1.00 0.90 0.74 0.63 0.37 0.93 0.70 0.95 1.00 0.74 7.96
C73 0.95 0.88 0.78 0.89 091 0.83 0.70 0.80 0.72 0.47 7.92
C74 0.94 0.98 0.74 0.65 0.32 0.93 0.70 0.98 0.98 0.68 7.90
C75 0.88 0.88 0.78 0.90 0.99 0.83 0.70 0.70 0.72 0.49 7.89
C76 1.00 0.86 0.72 0.74 0.72 0.85 0.70 0.83 0.84 0.60 7.86
C77 0.89 0.84 0.72 0.66 0.65 0.91 0.70 0.98 0.91 0.58 7.85
C78 0.87 0.90 0.88 0.83 0.53 0.86 0.70 0.90 0.76 0.57 7.81
C79 0.92 0.96 0.82 0.85 0.51 0.85 0.70 0.88 0.76 0.56 7.80
C80 1.00 0.84 0.78 0.72 0.24 0.93 0.70 0.89 1.00 0.71 7.80
C81 0.97 0.84 0.72 0.76 0.59 0.85 0.70 0.92 0.82 0.58 7.76
C82 0.88 0.94 0.72 0.80 0.88 0.84 0.70 0.74 0.72 0.49 7.70
C83 0.96 0.66 0.78 0.81 0.11 0.94 0.70 0.98 1.00 0.74 7.67
C84 0.94 0.96 0.72 0.56 0.16 0.92 0.70 0.98 0.97 0.71 7.62
C85 1.00 0.98 0.78 0.49 0.00 0.93 0.70 0.95 1.00 0.68 7.50
C86 1.00 0.68 0.76 0.81 0.04 0.93 0.70 0.83 1.00 0.74 7.50
C87 0.86 0.82 0.78 0.91 091 0.83 0.70 0.62 0.68 0.35 7.47
C88 1.00 0.92 0.68 0.60 0.71 0.82 0.70 0.70 0.74 0.51 7.38
C89 0.89 0.88 0.78 0.81 0.71 0.82 0.70 0.70 0.65 0.38 7.31
C90 0.90 0.88 0.80 0.95 0.92 0.80 0.41 0.59 0.58 0.41 7.23
C91 0.99 0.92 0.82 0.26 0.00 0.92 0.70 0.92 0.97 0.70 7.19
C92 0.95 0.82 0.76 0.92 0.80 0.79 0.41 0.69 0.55 0.30 7.01
C93 0.92 0.90 0.74 0.59 0.45 0.82 0.70 0.81 0.67 0.41 7.01
C94 0.90 0.96 0.74 0.63 0.84 0.80 0.41 0.69 0.56 0.44 6.97
C95 0.89 0.98 0.78 0.66 0.73 0.79 0.41 0.77 0.55 0.33 6.90
C96 0.91 0.86 0.74 0.50 0.00 0.83 0.70 0.74 0.71 0.52 6.50
C97 0.94 0.92 0.68 0.23 0.00 0.84 0.70 0.86 0.75 0.56 6.49
C98 0.78 0.92 0.86 0.88 0.67 0.78 0.00 0.35 0.41 0.21 4.12
C99 0.82 1.00 0.74 0.58 0.88 0.76 0.00 0.24 0.35 0.14 4.02
C100 0.85 0.98 0.80 0.17 0.00 0.76 0.00 0.28 0.37 0.15 2.80

Note: The results are categorized into three groups: Group A (pix2pixHD generation), Group B (LoRA generation),
and Group C (pix2pixHD-LoRA model generation). Arcr: Fabric Coverage Rate; Ansy: No. of Small Fabric Units;
Anru: No. of Large Fabric Units; Aars: Average Fabric Size; Agpr: Standard Deviation of Fabric Size; Asyp: Street
Network Density; Apcp: Minimum Cost Path; Agra: Spatio-Temporal Accessibility; Aasw: Average Street Width;
Aspw: Standard Deviation of Street Width.

Appendix B

This appendix documents the complete quantitative evaluation scores and the identi-
fied Multi-objective Optimization results.
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Figure A5. A subset of generation Results of Pix2PixHD-LoRA-2. Overview of the generation process
and color-coding scheme for the paired dataset. The multi-channel site constraints are color-coded
based on specific RGB values: black (0, 0, 0) for back-ground, red (255, 0, 0) for land-use boundaries,
blue (100, 150, 200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for
buildings with ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings
with ridge orientations perpendicular to the watercourse.
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Figure A6. A subset of generation Results of Pix2PixHD-LoRA-3. Overview of the generation process
and color-coding scheme for the paired dataset. The multi-channel site constraints are color-coded
based on specific RGB values: black (0, 0, 0) for background, red (255, 0, 0) for land-use boundaries,
blue (100, 150, 200) for waterways, grey (100, 100, 100) for street networks, yellow (255, 255, 0) for
buildings with ridge orientations parallel to the watercourse, and white (255, 255, 255) for buildings
with ridge orientations perpendicular to the watercourse.
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Table A2. Generation Results of Multi-objective Optimization.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

C101 1.00 0.86 0.84 0.98 0.93 0.95 0.70 1.00 1.00 0.76 9.01
C102 1.00 0.96 0.86 0.93 0.87 0.94 0.70 0.99 1.00 0.75 9.00
C103 1.00 0.90 0.84 0.99 091 0.95 0.70 0.98 1.00 0.74 8.98
C104 1.00 0.90 0.82 0.96 0.98 0.95 0.69 0.92 1.00 0.75 8.97
C105 1.00 0.90 0.88 0.92 0.94 0.94 0.70 0.98 1.00 0.71 8.97
C106 1.00 0.94 0.78 0.94 0.93 0.95 0.70 0.98 1.00 0.75 8.96
C107 1.00 0.80 0.82 0.99 0.96 0.94 0.69 0.98 1.00 0.76 8.95
C108 1.00 0.98 0.76 0.91 091 0.95 0.70 0.98 1.00 0.74 8.94
C109 1.00 0.92 0.82 0.99 0.83 0.94 0.70 0.95 1.00 0.75 8.89
C110 1.00 0.92 0.76 0.95 0.90 0.95 0.69 0.98 1.00 0.74 8.89
C111 0.96 0.90 0.86 0.97 0.84 0.97 0.70 0.97 1.00 0.72 8.88
C112 1.00 0.92 0.82 0.99 0.81 0.94 0.70 0.95 1.00 0.74 8.86
C113 1.00 0.96 0.72 0.87 0.92 0.95 0.70 0.98 1.00 0.77 8.86
C114 1.00 0.90 0.80 0.97 0.82 0.94 0.70 0.99 1.00 0.74 8.85
C115 1.00 0.90 0.86 0.90 0.87 0.93 0.70 0.95 1.00 0.74 8.85
Cl116 1.00 0.88 0.82 0.90 0.91 0.94 0.70 0.96 1.00 0.75 8.85
C117 0.97 0.94 0.76 0.90 091 0.95 0.70 1.00 1.00 0.72 8.85
C118 1.00 0.96 0.84 0.81 0.96 0.93 0.70 0.94 1.00 0.70 8.84
C119 1.00 0.94 0.76 0.82 0.95 0.94 0.70 0.97 1.00 0.76 8.84
C120 1.00 0.94 0.76 0.95 0.93 0.93 0.70 091 1.00 0.71 8.84
C121 1.00 0.90 0.78 0.95 0.95 0.94 0.70 091 1.00 0.72 8.84
C122 0.97 0.92 0.82 1.00 0.83 0.92 0.69 0.97 0.99 0.70 8.83
C123 1.00 0.88 0.76 0.93 0.88 0.94 0.70 1.00 1.00 0.74 8.83
C124 1.00 0.96 0.74 0.98 0.72 0.96 0.70 1.00 1.00 0.75 8.81
C125 1.00 0.98 0.80 0.90 0.76 0.94 0.70 0.97 1.00 0.75 8.80
C126 1.00 0.88 0.68 0.91 1.00 0.94 0.70 0.96 1.00 0.74 8.80
C127 1.00 0.86 0.80 0.98 0.80 0.95 0.69 0.95 1.00 0.77 8.79
C128 1.00 0.90 0.86 0.90 0.79 0.94 0.70 0.94 1.00 0.75 8.78
C129 1.00 0.96 0.86 0.91 0.87 0.93 0.70 0.95 0.99 0.61 8.78
C130 1.00 1.00 0.78 0.74 0.92 0.93 0.70 0.99 1.00 0.70 8.77
C131 1.00 1.00 0.78 0.93 0.74 0.94 0.70 0.93 1.00 0.73 8.76
C132 1.00 0.94 0.78 0.76 0.96 0.93 0.70 0.94 1.00 0.76 8.76
C133 1.00 0.94 0.84 0.90 0.69 0.94 0.70 0.98 1.00 0.74 8.73
C134 1.00 0.84 0.80 0.97 0.85 0.94 0.70 0.92 1.00 0.71 8.73
C135 1.00 0.92 0.76 0.76 0.94 0.94 0.69 0.97 1.00 0.75 8.73
C136 1.00 0.92 0.88 0.98 0.60 0.95 0.70 0.93 1.00 0.75 8.70
C137 1.00 0.90 0.82 0.93 0.73 0.95 0.70 0.93 1.00 0.75 8.70
C138 0.98 0.88 0.84 0.99 0.64 0.95 0.69 1.00 1.00 0.73 8.69
C139 1.00 0.78 0.76 0.94 0.87 0.94 0.70 0.95 1.00 0.75 8.68
C140 1.00 0.90 0.74 0.90 0.79 0.94 0.69 1.00 1.00 0.71 8.68
C141 1.00 0.90 0.74 0.94 0.74 0.94 0.69 0.97 1.00 0.76 8.67
C142 1.00 0.90 0.84 0.96 0.56 0.95 0.70 1.00 1.00 0.75 8.67
C143 1.00 0.92 0.80 0.95 0.66 0.95 0.69 0.96 1.00 0.74 8.67
C144 1.00 0.96 0.66 0.75 0.93 0.93 0.70 0.96 1.00 0.77 8.67
C145 0.97 0.82 0.78 0.97 0.80 0.94 0.70 0.99 1.00 0.70 8.67
C146 1.00 0.96 0.78 1.00 0.56 0.95 0.70 0.96 1.00 0.78 8.67
C147 1.00 0.94 0.76 0.82 0.80 0.93 0.70 0.96 1.00 0.74 8.65
C148 1.00 0.92 0.76 0.91 0.73 0.93 0.70 0.94 1.00 0.76 8.64
C149 1.00 0.88 0.90 0.83 0.68 0.95 0.70 0.96 1.00 0.74 8.64
C150 1.00 0.84 0.78 0.95 0.80 0.94 0.70 0.92 1.00 0.71 8.63
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Table A2. Cont.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

C151 0.98 0.94 0.80 0.90 0.63 0.95 0.70 1.00 1.00 0.74 8.63
C152 1.00 0.88 0.80 0.94 0.62 0.94 0.70 0.99 1.00 0.76 8.63
C153 0.96 0.90 0.74 0.97 0.68 0.95 0.70 1.00 1.00 0.73 8.62
C154 1.00 0.88 0.76 0.99 0.65 0.94 0.70 0.95 1.00 0.74 8.62
C155 1.00 0.98 0.70 0.88 0.74 0.94 0.70 0.93 1.00 0.75 8.62
C156 1.00 0.90 0.90 0.94 0.50 0.96 0.70 0.96 1.00 0.75 8.61
C157 1.00 0.92 0.80 0.90 0.77 0.92 0.70 0.92 1.00 0.69 8.61
C158 1.00 0.86 0.88 0.87 0.61 0.94 0.70 0.98 1.00 0.76 8.60
C159 1.00 0.86 0.90 0.88 0.64 0.95 0.70 0.96 1.00 0.73 8.60
C160 1.00 0.90 0.74 0.71 0.89 0.94 0.70 0.97 1.00 0.75 8.60
C1e1 1.00 0.98 0.84 0.92 0.55 0.94 0.70 0.95 1.00 0.72 8.60
C162 1.00 0.92 0.74 0.91 0.66 0.94 0.70 0.98 1.00 0.75 8.59
C163 0.96 0.96 0.84 0.97 0.59 0.94 0.70 0.97 1.00 0.65 8.58
Cloe4 1.00 0.90 0.82 0.86 0.60 0.95 0.70 1.00 1.00 0.75 8.57
C165 0.96 1.00 0.92 0.95 0.43 0.94 0.70 0.97 1.00 0.69 8.56
C166 1.00 0.88 0.68 0.82 0.83 0.93 0.70 0.98 1.00 0.74 8.56
C167 0.95 0.84 0.84 0.93 0.61 0.95 0.70 1.00 1.00 0.74 8.55
C168 0.94 0.84 0.90 0.79 0.73 0.94 0.69 1.00 1.00 0.71 8.55
C169 1.00 0.82 0.88 0.88 0.62 0.94 0.70 0.93 1.00 0.75 8.53
C170 1.00 0.96 0.66 0.71 0.86 0.93 0.70 0.97 1.00 0.72 8.51
C171 1.00 0.96 0.70 0.64 0.88 0.95 0.70 0.96 1.00 0.72 8.51
C172 1.00 0.98 0.84 0.89 0.45 0.96 0.70 0.89 1.00 0.77 8.49
C173 1.00 0.88 0.84 0.82 0.62 0.95 0.70 0.92 1.00 0.75 8.48
C174 0.95 0.84 0.84 0.84 0.72 0.95 0.70 0.96 1.00 0.69 8.47
C175 1.00 0.90 0.70 0.84 0.72 0.94 0.70 0.95 1.00 0.72 8.46
C176 1.00 0.68 0.74 0.89 0.75 0.96 0.69 0.99 1.00 0.75 8.46
C177 1.00 0.84 0.72 0.88 0.61 0.94 0.70 0.98 1.00 0.77 8.44
C178 0.97 0.84 0.82 0.85 0.53 0.96 0.69 1.00 1.00 0.75 8.42
C179 1.00 0.82 0.82 0.87 0.52 0.94 0.69 0.98 1.00 0.76 8.41
C180 0.93 0.88 0.88 0.92 0.46 0.95 0.70 0.98 1.00 0.70 8.41
C181 1.00 0.96 0.64 0.64 0.77 0.94 0.70 0.99 1.00 0.75 8.40
C182 1.00 0.94 0.74 0.71 0.75 0.93 0.70 0.90 1.00 0.74 8.40
C183 1.00 0.82 0.82 0.83 0.57 0.94 0.70 0.92 1.00 0.75 8.36
C184 1.00 0.80 0.84 0.91 0.52 0.93 0.70 0.86 1.00 0.77 8.33
C185 0.93 0.86 0.86 0.97 0.40 0.94 0.70 1.00 0.99 0.68 8.31
C186 0.95 0.84 0.88 0.81 0.49 0.95 0.70 1.00 1.00 0.69 8.30
C187 1.00 0.98 0.76 0.51 0.61 0.94 0.70 1.00 1.00 0.76 8.26
C188 0.96 0.80 0.88 0.78 0.41 0.97 0.70 1.00 1.00 0.74 8.24
C189 0.97 0.80 0.86 0.79 0.48 0.96 0.69 0.93 1.00 0.75 8.23
C190 1.00 0.66 0.86 0.73 0.65 0.95 0.70 0.90 1.00 0.76 8.22
C191 1.00 0.86 0.84 0.74 0.46 0.95 0.70 0.89 1.00 0.75 8.20
C192 1.00 0.74 0.82 0.76 0.51 0.95 0.70 0.98 1.00 0.74 8.20
C193 0.98 0.82 0.88 0.71 0.41 0.96 0.70 0.98 1.00 0.75 8.19
C194 1.00 0.82 0.80 0.83 0.32 0.94 0.70 0.99 1.00 0.76 8.16
C195 1.00 0.86 0.80 0.87 0.00 0.93 0.69 0.96 1.00 0.75 7.87
C196 1.00 0.98 0.72 0.70 0.08 0.94 0.70 0.94 1.00 0.75 7.80
C197 0.99 0.94 0.80 0.69 0.00 0.94 0.69 0.96 1.00 0.73 7.73
C198 1.00 0.80 0.74 0.65 0.08 0.96 0.70 0.98 1.00 0.77 7.69
C199 1.00 0.94 0.78 0.46 0.00 0.93 0.70 0.95 1.00 0.74 7.49
C200 1.00 0.96 0.74 0.31 0.00 0.93 0.70 0.94 1.00 0.72 7.30
C201 1.00 0.92 0.86 0.99 0.99 0.95 0.70 1.00 1.00 0.74 8.94
C202 1.00 0.98 0.88 0.93 0.95 0.95 0.70 1.00 1.00 0.75 8.94
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Table A2. Cont.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

C203 1.00 0.96 0.84 0.97 0.88 0.97 0.70 0.97 1.00 0.79 8.90
C204 1.00 0.98 0.86 0.96 0.79 0.96 0.70 1.00 1.00 0.76 8.82
C205 0.98 0.90 0.82 0.96 0.94 0.95 0.70 0.98 1.00 0.77 8.82
C206 1.00 0.96 0.82 0.99 0.85 0.95 0.70 0.98 1.00 0.74 8.82
C207 1.00 0.86 0.78 0.95 1.00 0.94 0.71 0.98 1.00 0.76 8.81
C208 1.00 0.90 0.82 0.98 0.80 0.95 0.70 1.00 1.00 0.78 8.78
C209 1.00 0.96 0.86 0.87 0.94 0.93 0.70 0.95 1.00 0.75 8.78
C210 0.99 0.78 0.82 0.94 0.99 0.95 0.70 0.99 1.00 0.78 8.71
C211 1.00 0.90 0.84 0.97 0.83 0.95 0.70 0.98 1.00 0.76 8.70
C212 1.00 0.86 0.76 0.97 0.93 0.95 0.70 0.99 1.00 0.77 8.70
C213 1.00 0.96 0.78 0.94 0.84 0.94 0.70 0.99 1.00 0.77 8.68
C214 1.00 0.98 0.80 0.89 0.92 0.95 0.71 0.93 1.00 0.76 8.67
C215 1.00 0.96 0.76 0.90 0.93 0.95 0.70 0.96 1.00 0.76 8.67
C216 1.00 0.96 0.78 0.81 0.98 0.94 0.70 1.00 1.00 0.75 8.65
C217 0.98 0.86 0.78 0.93 0.99 0.95 0.70 1.00 1.00 0.70 8.65
C218 1.00 0.90 0.78 0.81 0.96 0.96 0.70 0.99 1.00 0.79 8.65
C219 1.00 1.00 0.82 1.00 0.69 0.94 0.71 1.00 1.00 0.74 8.65
C220 1.00 0.88 0.74 0.94 0.96 0.94 0.70 0.97 1.00 0.75 8.63
C221 1.00 0.98 0.78 0.91 0.82 0.94 0.70 1.00 1.00 0.75 8.63
C222 1.00 0.92 0.74 0.98 0.86 0.95 0.70 0.96 1.00 0.75 8.63
C223 1.00 0.94 0.82 0.94 0.74 0.95 0.70 0.98 1.00 0.78 8.61
C224 1.00 0.94 0.88 1.00 0.67 0.94 0.71 0.99 1.00 0.73 8.60
C225 1.00 0.90 0.70 0.96 0.87 0.95 0.71 0.99 1.00 0.76 8.60
C226 1.00 0.86 0.80 0.98 0.84 0.94 0.70 1.00 1.00 0.72 8.58
C227 0.98 0.86 0.86 0.90 0.90 0.94 0.70 1.00 1.00 0.68 8.57
C228 1.00 0.80 0.74 0.96 0.93 0.94 0.69 0.98 1.00 0.75 8.57
C229 1.00 0.94 0.80 0.81 0.85 0.94 0.70 0.98 1.00 0.75 8.55
C230 1.00 0.92 0.68 0.94 0.83 0.94 0.70 1.00 1.00 0.76 8.55
C231 1.00 0.82 0.84 0.96 0.71 0.96 0.70 0.99 1.00 0.79 8.55
C232 1.00 0.78 0.82 0.96 0.79 0.95 0.70 0.99 1.00 0.76 8.55
C233 1.00 0.86 0.86 0.96 0.75 0.94 0.70 0.90 1.00 0.77 8.54
C234 1.00 0.92 0.84 0.95 0.67 0.95 0.71 0.98 1.00 0.75 8.53
C235 1.00 0.86 0.88 0.90 0.71 0.94 0.70 0.98 1.00 0.76 8.53
C236 1.00 0.90 0.76 1.00 0.68 0.95 0.70 1.00 1.00 0.75 8.52
C237 0.95 0.90 0.88 0.88 0.71 0.96 0.71 1.00 1.00 0.76 8.49
C238 0.99 0.88 0.88 0.83 0.78 0.96 0.71 0.95 1.00 0.77 8.49
C239 0.95 0.96 0.90 1.00 0.57 0.95 0.70 1.00 1.00 0.70 8.49
C240 1.00 0.94 0.76 0.98 0.66 0.95 0.71 1.00 1.00 0.74 8.48
C241 1.00 0.72 0.82 0.86 0.92 0.95 0.71 0.98 1.00 0.77 8.48
C242 1.00 0.88 0.78 0.97 0.64 0.96 0.70 1.00 1.00 0.78 8.48
C243 1.00 0.80 0.72 1.00 0.84 0.93 0.70 0.97 1.00 0.74 8.47
C244 1.00 0.78 0.82 0.85 0.85 0.95 0.71 1.00 1.00 0.75 8.47
C245 1.00 0.86 0.78 0.96 0.66 0.95 0.71 1.00 1.00 0.78 8.46
C246 0.92 0.88 0.88 0.98 0.62 0.96 0.71 1.00 1.00 0.75 8.46
C247 0.99 0.90 0.86 0.99 0.59 0.96 0.70 0.96 1.00 0.74 8.44
C248 1.00 0.92 0.78 0.92 0.65 0.94 0.71 1.00 1.00 0.77 8.44
C249 1.00 0.84 0.78 0.95 0.72 0.95 0.70 0.99 1.00 0.75 8.39
C250 1.00 0.82 0.84 0.89 0.68 0.96 0.71 1.00 1.00 0.75 8.38
C251 1.00 0.94 0.84 0.96 0.53 0.94 0.70 0.98 1.00 0.75 8.38
C252 1.00 0.86 0.82 0.90 0.63 0.95 0.71 1.00 1.00 0.76 8.36
C253 1.00 0.92 0.90 0.94 0.45 0.95 0.70 0.96 1.00 0.78 8.33
C254 1.00 0.74 0.84 0.85 0.74 0.96 0.69 1.00 1.00 0.76 8.31
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Table A2. Cont.

Case AFcr Ansu  Antu  Aars Aspr Asnp Amcp Asta Aasw Aspw Score

C255 0.99 0.90 0.84 0.93 0.55 0.95 0.70 0.98 1.00 0.75 8.30
C256 0.99 0.74 0.86 0.75 0.85 0.96 0.70 0.97 1.00 0.77 8.30
C257 1.00 0.84 0.84 0.88 0.66 0.94 0.70 0.96 1.00 0.75 8.26
C258 1.00 0.74 0.74 0.87 0.81 0.95 0.70 0.99 1.00 0.76 8.25
C259 1.00 0.98 0.86 0.87 0.41 0.96 0.70 1.00 1.00 0.76 8.25
C260 0.98 0.92 0.90 0.96 0.41 0.95 0.70 1.00 1.00 0.69 8.24
C261 1.00 0.88 0.82 0.78 0.65 0.95 0.70 0.97 1.00 0.76 8.22
C262 1.00 0.84 0.88 0.80 0.57 0.96 0.71 0.96 1.00 0.78 8.21
C263 1.00 0.96 0.78 0.87 0.45 0.96 0.70 1.00 1.00 0.77 8.20
C264 1.00 0.90 0.80 0.85 0.54 0.95 0.71 1.00 1.00 0.77 8.20
C265 1.00 1.00 0.72 0.61 0.75 0.94 0.70 0.99 1.00 0.77 8.18
C266 1.00 0.82 0.88 0.78 0.56 0.95 0.70 0.99 1.00 0.78 8.17
C267 0.92 0.88 0.80 0.89 0.60 0.96 0.70 1.00 1.00 0.70 8.11
C268 0.98 0.94 0.88 0.90 0.51 0.94 0.70 0.85 1.00 0.74 8.10
C269 1.00 0.64 0.80 0.89 0.72 0.95 0.70 1.00 1.00 0.76 8.07
C270 0.98 0.78 0.88 0.74 0.65 0.96 0.71 1.00 1.00 0.75 8.05
C271 1.00 0.74 0.78 0.88 0.66 0.95 0.70 0.97 1.00 0.74 7.99
C272 1.00 0.98 0.86 0.72 0.49 0.95 0.70 0.96 1.00 0.76 7.96
C273 0.99 0.78 0.88 0.85 0.50 0.97 0.70 1.00 1.00 0.76 7.92
C274 0.94 0.82 0.90 0.74 0.60 0.95 0.71 1.00 1.00 0.77 7.90
C275 0.98 0.92 0.84 0.83 0.47 0.96 0.70 0.96 1.00 0.75 7.89
C276 1.00 0.78 0.76 0.89 0.63 0.95 0.70 0.89 1.00 0.76 7.86
C277 0.94 0.80 0.84 0.77 0.62 0.95 0.70 1.00 1.00 0.74 7.85
C278 1.00 0.82 0.76 0.92 0.51 0.93 0.70 0.97 1.00 0.71 7.81
C279 0.98 0.90 0.86 0.78 0.36 0.96 0.70 1.00 1.00 0.76 7.80
C280 0.93 0.88 0.92 0.84 0.39 0.95 0.71 0.96 1.00 0.73 7.80
C281 0.93 0.94 0.90 0.65 0.46 0.96 0.70 1.00 1.00 0.75 7.76
C282 0.92 0.86 0.90 0.78 0.57 0.95 0.70 0.95 1.00 0.66 7.70
C283 0.96 0.76 0.88 0.74 0.48 0.97 0.70 1.00 1.00 0.77 7.67
C284 1.00 0.90 0.76 0.76 0.43 0.94 0.70 0.99 1.00 0.77 7.62
C285 1.00 0.76 0.78 0.83 0.44 0.95 0.71 0.97 1.00 0.78 7.50
C286 1.00 0.88 0.92 0.77 0.31 0.96 0.70 0.95 1.00 0.73 7.50
C287 0.99 0.72 0.90 0.67 0.47 0.98 0.71 1.00 1.00 0.76 7.47
C288 1.00 1.00 0.72 0.51 0.61 0.93 0.70 0.99 1.00 0.73 7.38
C289 0.99 0.78 0.90 0.73 0.41 0.95 0.70 0.96 1.00 0.74 7.31
C290 1.00 0.92 0.80 0.74 0.27 0.94 0.70 0.98 1.00 0.78 7.23
C291 0.98 0.68 0.86 0.73 0.52 0.95 0.70 0.94 1.00 0.74 7.19
C292 1.00 0.92 0.78 0.71 0.34 0.93 0.70 0.98 1.00 0.74 7.01
C293 0.95 0.72 0.94 0.74 0.44 0.94 0.70 0.92 1.00 0.71 7.01
C294 1.00 0.92 0.76 0.71 0.27 0.94 0.69 0.96 1.00 0.77 6.97
C295 1.00 0.84 0.68 0.75 0.36 0.93 0.70 0.92 1.00 0.75 6.90
C296 1.00 0.90 0.74 0.72 0.17 0.94 0.70 0.95 1.00 0.75 6.50
C297 1.00 0.96 0.78 0.75 0.00 0.93 0.71 0.96 1.00 0.76 6.49
C298 1.00 0.94 0.68 0.59 0.17 0.93 0.70 0.95 1.00 0.76 4.12
C299 1.00 0.98 0.76 0.64 0.04 0.92 0.70 0.92 1.00 0.73 4.02
C300 1.00 0.84 0.72 0.76 0.00 0.93 0.71 0.94 1.00 0.76 2.80

Note: C1-100 denote the first-generation data of multi-objective optimization; C101-200 represent the second-
generation data; and C201-300 represent the third-generation data of multi-objective optimization. Apcg: Fabric
Coverage Rate; Ansy: No. of Small Fabric Units; Anry: No. of Large Fabric Units; Aars: Average Fabric
Size; Agpr: Standard Deviation of Fabric Size; Agnp: Street Network Density; Apcp: Minimum Cost Path;
Agta: Spatio-Temporal Accessibility; Aasy: Average Street Width; Agpw: Standard Deviation of Street Width.
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