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Abstract 42 

Post-fire recovery capacity can vary substantially within peri-urban forests, 43 

where heterogeneous environmental conditions complicate decisions about when 44 

natural regeneration is sufficient and where active intervention is warranted. We 45 

evaluated spatial variation in long-term natural recovery potential and the effects of 46 

targeted planting in a fire-affected peri-urban forest in Jinyun Mountain, Chongqing, 47 

China. Unmanned aerial vehicle (UAV) multispectral imagery, U-Net classification, 48 

and field observations were integrated to reconstruct post-fire vegetation conditions, 49 

which were used to initialize 100-year LANDIS-II simulations under natural 50 

succession (S1) and spatially targeted planting (S2). A Restoration Potential Index 51 

(RPI), derived exclusively from year-100 S1 outputs, integrated structural recovery, 52 

ecosystem productivity, and community development to identify spatial differences in 53 

modeled natural recovery potential. Recovery potential was strongly heterogeneous 54 

across the burned landscape, while bamboo showed sustained biomass expansion 55 

under natural succession. Targeted planting produced higher simulated aboveground 56 

carbon stocks and earlier biomass and aboveground net primary productivity (ANPP) 57 

breakpoints than natural succession, with estimated advances of approximately 9 and 58 

10 years, respectively. However, scenario differences narrowed during later 59 

succession, and diversity responses were modest and spatially variable. These results 60 

indicate that post-fire restoration in heterogeneous peri-urban forests may benefit 61 

from spatially differentiated management: active planting can be concentrated in areas 62 

with relatively low natural recovery potential, whereas higher-recovery areas may rely 63 
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more strongly on passive succession and continued monitoring. 64 

 65 

Keywords: peri-urban forest; post-fire restoration; succession modeling; LANDIS-66 

II; wildfire 67 

 68 

1 Introduction 69 

Forest ecosystems provide essential ecosystem services, including carbon 70 

sequestration, biodiversity conservation, and climate regulation, and are particularly 71 

important for maintaining ecological functions in rapidly urbanizing regions (Bonan 72 

2008). Increasing wildfire frequency, intensity, and extent under climate change and 73 

human pressures have substantially altered forest structure and ecosystem functioning 74 

(van Lierop et al. 2015; Huang et al. 2021; Heidari et al. 2021). Wildfire disturbance 75 

can directly reduce vegetation cover and biomass and subsequently affect forest 76 

regeneration, soil stability, air quality, and other ecosystem services (Viana-Soto et al. 77 

2020; Alayan et al. 2022). These effects can be particularly consequential in peri-78 

urban forests and wildland-urban interface (WUI) areas, where ecological recovery 79 

occurs close to human settlements and post-fire management must maintain 80 

ecosystem functions while allocating limited restoration resources (Ghermandi et al. 81 

2016; Thompson et al. 2017; Escobedo et al. 2024). Effective post-fire management 82 

of peri-urban forests therefore requires not only an understanding of ecological 83 

succession but also spatially explicit information that can support differentiated 84 

restoration decisions. 85 
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Ecological restoration is commonly defined as the process of assisting the 86 

recovery of ecosystems that have been degraded, damaged, or destroyed (Gerwing et 87 

al. 2022). In post-fire landscapes, however, ecosystem recovery capacity is rarely 88 

spatially uniform. Even within a single fire event, different locations may follow 89 

contrasting successional trajectories because of variation in disturbance severity, 90 

vegetation composition, resource availability, topography, and post-fire management 91 

(Sithole et al. 2018; Blanco-Rodriguez et al. 2023). Consequently, post-fire restoration 92 

typically spans a continuum from passive restoration based primarily on natural 93 

succession to active restoration involving direct human intervention (Alayan et al. 94 

2022). Recent restoration concepts, including Nature-based Solutions (Regos 2026; 95 

Alberti et al. 2026) and future-oriented restoration (FaBRestor) frameworks 96 

(Montemagni et al. 2026), have gradually become important references for restoration 97 

after disturbance, putting forward higher requirements for conforming to the natural 98 

succession process of forests. Passive restoration may be appropriate where surviving 99 

vegetation and site conditions provide sufficient capacity for recovery (White and 100 

Long 2019; Alayan et al. 2022), whereas active intervention may be more justified 101 

where disturbance is severe or natural regeneration is expected to be slow (Mantero et 102 

al. 2024; Rodman et al. 2024). The central restoration question is therefore not simply 103 

whether a burned forest should be restored, but where intervention is necessary, where 104 

natural recovery may be sufficient, and whether the benefits of intervention persist 105 

over time. 106 

Addressing this question requires information that links current post-fire 107 
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conditions with longer-term successional potential. Field surveys provide detailed 108 

information on vegetation composition and structure but are labor-intensive and 109 

spatially limited (Mitri and Gitas 2010). Satellite and airborne remote sensing can 110 

efficiently characterize burned areas and vegetation recovery across broader extents, 111 

but their capacity to resolve fine-scale vegetation structure and species-level patterns 112 

can be limited in heterogeneous forest landscapes (Chen et al. 2022; Sankey et al. 113 

2024). High-resolution unmanned aerial vehicle (UAV) imagery can help bridge this 114 

scale gap by capturing fine spatial variation in post-fire vegetation, while deep-115 

learning approaches can assist in extracting ecologically meaningful vegetation 116 

information from complex imagery (Viana-Soto et al. 2020; Avetisyan et al. 2022). 117 

However, such observations primarily describe current conditions and cannot alone 118 

determine whether a site is likely to recover naturally over decades. Forest landscape 119 

models, including LANDIS-II and LANDIS PRO, provide a complementary approach 120 

by simulating vegetation establishment, growth, dispersal, competition, and 121 

replacement over large spatial and temporal scales. Their usefulness for restoration 122 

planning depends, however, on realistic representation of initial vegetation conditions, 123 

species composition, site characteristics, and model parameterization (Xiao et al. 124 

2017; Zhou et al. 2018).  125 

A further challenge is translating long-term ecological trajectories into 126 

restoration priorities that can be used in practice. Model outputs such as biomass, 127 

productivity, and species composition can reveal ecological change but do not directly 128 

indicate where passive restoration may be sufficient or where active intervention 129 
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should be prioritized. Spatially explicit restoration planning therefore requires 130 

approaches that synthesize multiple dimensions of recovery into interpretable 131 

information capable of supporting decisions about intervention intensity and location 132 

(Busbridge et al. 2021; Rudge et al. 2022). This challenge is particularly relevant in 133 

heterogeneous peri-urban forests, where management resources must be allocated 134 

across landscapes that simultaneously contribute to urban ecological functions and 135 

experience spatially variable disturbance and regeneration conditions. Combining 136 

fine-scale ecological observations with succession modeling may therefore help move 137 

post-fire assessment beyond descriptions of current condition toward evaluation of 138 

relative long-term natural recovery potential and the expected benefits of intervention. 139 

In this study, we examined a fire-affected peri-urban forest landscape in Jinyun 140 

Mountain, Chongqing, China. UAV multispectral imagery and U-Net semantic 141 

segmentation were used to characterize post-fire vegetation, while field observations 142 

and local floristic information were integrated to construct a field-informed species-143 

level spatial initialization for the LANDIS-II landscape succession model. We then 144 

simulated 100-year post-fire succession under a natural-succession scenario and a 145 

spatially targeted planting scenario. Based exclusively on the natural-succession 146 

simulation, we developed a Restoration Potential Index (RPI) integrating structural 147 

recovery, ecosystem productivity, and community development to characterize spatial 148 

variation in long-term natural recovery potential. We addressed three questions: (1) 149 

How does long-term natural recovery potential vary spatially across a heterogeneous 150 

peri-urban mountain forest? (2) How can this spatial variation inform the allocation of 151 
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passive and active post-fire restoration? and (3) Does spatially targeted planting 152 

accelerate ecosystem recovery relative to natural succession, and are these benefits 153 

sustained over long successional periods? By addressing these questions, we aim to 154 

provide a spatially explicit basis for differentiated post-fire restoration and 155 

management in heterogeneous peri-urban forest ecosystems. 156 

 157 

2 Methods 158 

2.1 Study area and workflow 159 

Jinyun Mountain National Nature Reserve is located on the northern edge of the 160 

central urban area of Chongqing, southwestern China, and forms an important peri-161 

urban ecological buffer for this mountainous city. The region has a humid subtropical 162 

monsoon climate, with a mean annual temperature of 13.6 °C and mean annual 163 

precipitation of 1,611.8 mm (Wang et al. 2023). Vegetation is dominated by 164 

subtropical evergreen broad-leaved forest, and the reserve supports high plant 165 

diversity and provides multiple ecosystem services to the surrounding urban area, 166 

including water conservation, climate regulation, air-quality regulation, and 167 

recreation. 168 

A major wildfire began in Hutou Village, Jinyun Mountain, on 21 August 2022 169 

and lasted for approximately five days. Approximately 1,400 ha were affected. The 170 

present study focused on the burned landscape within Jinyun Mountain, and the study 171 

boundary was delineated through preliminary interpretation of Sentinel-2 imagery 172 

(Fig. 1). 173 
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Fig. 1 Location of the Jinyun Mountain study area and its spatial relationship to Chongqing’s 

central urban area 

 174 

The workflow comprises three components: (1) UAV- and field-based 175 

characterization of post-fire vegetation and topographic conditions; (2) LANDIS-II 176 

simulation of long-term forest succession and assessment of spatial natural recovery 177 

potential; and (3) comparison of natural succession and spatially targeted planting 178 

(Fig. 2). 179 
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Fig. 2 Integrated study workflow 

 180 

2.2 Post-fire vegetation and topographic data 181 

Multispectral UAV imagery was acquired across the study area in May 2024 182 

using a DJI Mavic 3M equipped with a multispectral imaging system. The imagery 183 

was processed in DJI Terra to generate a digital orthophoto mosaic (DOM), digital 184 

surface model (DSM), normalized difference vegetation index (NDVI), and three-185 

dimensional oblique photogrammetric products. These datasets were subsequently 186 

used to characterize post-fire vegetation conditions and derive topographic variables 187 

for landscape-model initialization. 188 

2.2.1 Land cover and vegetation classification 189 

NDVI was first used to delineate the major land-cover conditions within the 190 

burned area. Following site-specific thresholds previously established using the same 191 

Jinyun Mountain post-fire UAV dataset (Li et al. 2026), three broad land-cover 192 
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categories were identified: combustion residues (0.25 < NDVI < 0.74), healthy 193 

vegetation (NDVI > 0.74), and bare ground (NDVI < 0.25) (Cui et al. 2024). This 194 

classification was used to separate vegetated areas from severely burned or non-195 

vegetated surfaces. 196 

Within vegetated areas, a U-Net semantic segmentation model was used to 197 

delineate the spatial distribution of three major vegetation groups: trees, bamboo, and 198 

ferns (Li et al. 2026). The model achieved an overall accuracy (OA) of 84.02%, mean 199 

precision of 84.21%, mean recall of 82.30%, macro-averaged F1 score (Macro-F1) of 200 

83.11%, and mean intersection over union (mIoU) of 71.43%. The resulting 201 

vegetation map was subsequently used as spatial context for model initialization. 202 

2.2.2 Topographic factors extraction and classification 203 

Slope, aspect, and slope position were derived from the UAV-based DEM and 204 

DSM in ArcMap. Slope was classified into four categories according to the Forestry 205 

Industry Standards of the People's Republic of China and local site conditions: gentle  206 

(0 ≤ slope < 14°), steep (14 ≤ slope < 34°), abrupt (34 ≤ slope < 44°), and 207 

hazardous (slope ≥ 44°). Aspect was classified as shady, semi-shady, or sunny, and 208 

slope position was classified as valley, ridge, lower slope, middle slope, or upper 209 

slope. These variables were subsequently combined to characterize spatial variation in 210 

site conditions relevant to species establishment and growth. 211 

 212 

2.3 LANDIS-II spatial initialization and scenario design 213 

The LANDIS-II landscape modeling framework (Scheller et al. 2007) was used 214 
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to simulate the long-term dynamics of post-fire forest succession under contrasting 215 

restoration scenarios. 216 

2.3.1 Species composition and spatial initialization 217 

The U-Net classification described above was used to identify the spatial 218 

distribution of major post-fire vegetation groups, including surviving trees, bamboo, 219 

and ferns. In tree-dominated areas, field vegetation surveys were conducted in 220 

September 2024 to record the locations and dominant identities of surviving plant 221 

species. These observations provided the primary reference for species assignment. 222 

Six species were represented in the tree-dominated areas: Pinus massoniana, 223 

Pterocarya stenoptera, Quercus fabri Hance, Castanopsis fargesii, Schima superba, 224 

Machilus nanmu. Because field observations consisted of discrete sampling locations, 225 

species-specific patches were manually delineated in ArcGIS by integrating the field 226 

records with canopy characteristics, vegetation texture, and spatial continuity visible 227 

in the high-resolution UAV orthophotos. A vegetation distribution map from the 228 

surrounding Jinyun Mountain area, the Flora of Jinyun Mountain, Chongqing, and 229 

relevant local floristic literature (Wang et al. 2023) were used as supplementary 230 

references during interpretation. Finally, the reconstructed species-composition map 231 

was converted into the initial-community input required by LANDIS-II (Fig. 3a).  232 

2.3.2 Site type delineation 233 

Topographic heterogeneity was incorporated into model initialization by 234 

combining slope, aspect, and slope position. Spatial overlay analysis was conducted in 235 

ArcMap, and areas sharing the same combination of the three variables were assigned 236 
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to the same site type (Zhang et al. 2025). A total of 38 site types occurred within the 237 

study area (Fig. 3c, Table S1, Online Resource 1). These site types were subsequently 238 

used to assign species-specific establishment and growth conditions in the LANDIS-II 239 

Biomass Succession model. 240 

2.3.3 Treatment of severely disturbed and non-vegetated areas 241 

Only spatial units designated as valid succession areas were included in the 242 

LANDIS-II simulations (Gao et al. 2015). Bare ground and combustion residue cells 243 

were distinguished during model initialization. Bare ground cells were assigned zero 244 

initial vegetation biomass. Combustion residue cells were initialized with a sparse 245 

fern functional group (cohort age = 0 yr; biomass = 50 g m-2) to represent incipient 246 

herbaceous regeneration without assuming established woody vegetation.  247 

2.3.4 Simulation scenario design 248 

Two restoration scenarios were developed: 249 

Natural succession scenario (S1) represented post-fire succession under the 250 

reconstructed initial vegetation conditions without additional restoration intervention. 251 

Vegetation dynamics proceeded according to the establishment, growth, biomass 252 

accumulation, dispersal, competition, and replacement processes represented in the 253 

LANDIS-II Biomass Succession model. Outputs from S1 were used to characterize 254 

long-term natural recovery trajectories and to derive the Restoration Potential Index 255 

(RPI) for long-term natural recovery potential. 256 

Targeted planting scenario (S2) represented active restoration through spatially 257 

targeted planting in areas identified as having relatively low natural recovery 258 
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potential. Active planting represents a widely applied human-assisted strategy for 259 

accelerating post-fire forest recovery, particularly in severely disturbed areas where 260 

natural regeneration is limited (Rodman et al. 2024; Marsh et al. 2026). Intervention 261 

areas were defined from the RPI derived from S1 together with the corresponding 262 

post-fire vegetation and site conditions.  263 

Targeted planting was implemented at simulation year 0 by assigning the RPI-264 

defined intervention cells to restoration-specific initial-community classes. Each of 265 

the six selected tree species was introduced as a 3-year-old cohort. Initial cohort 266 

biomass was set to 800 g m-2 for Pterocarya stenoptera, Schima superba, Pistacia 267 

chinensis, and Ulmus parvifolia, and to 850 g m-2 for Phoebe zhennan and 268 

Cyclobalanopsis glaucoides. The corresponding restoration communities also retained 269 

a 3-year-old fern cohort with an initial biomass of 150–200 g m-2, representing 270 

targeted planting within an existing post-fire regenerating vegetation matrix rather 271 

than complete replacement of the initial vegetation. Outside the intervention areas, the 272 

initial-community assignments used in S1 were retained unchanged. Planting intensity 273 

was therefore represented through cohort presence and initial cohort biomass rather 274 

than explicit stem density.  275 

Six locally appropriate tree species were selected for planting (Table S5, A1a-f). 276 

Species selection considered (1) suitability for local site conditions; (2) documented 277 

occurrence or application in regional forest restoration; and (3) functional traits 278 

relevant to post-fire recovery, including tolerance of environmental stress, post-279 

disturbance establishment, and contribution to longer-term forest development. S1 280 
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and S2 used the same spatial domain, site-type classification, ecoregion map, model 281 

structure, and environmental parameterization; they differed primarily in the initial-282 

community assignments within the targeted intervention areas (Fig. 3b). 283 

 284 

 

(a) Initial species and functional group composition used for S1 
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(b) Initial species and functional group composition used for S2 

 

(c) Delineation of 38 site types 

Fig. 3 LANDIS-II spatial initialization and site-type classification. Three-digit site-285 
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type codes represent the corresponding combination of slope class, aspect class, and 286 

slope-position class; the complete coding scheme is provided in Table S1 287 

 288 

2.4 LANDIS-II parameterization and simulation settings 289 

Simulations were conducted using LANDIS-II Core version 8.0 290 

(http://www.landis-ii.org) with the Biomass Succession extension version 7.0 291 

(https://landis-ii-foundation.github.io/Extension-Biomass-Succession/). Model inputs 292 

included the initial community data, ecoregion map, core species parameter file, and 293 

species and ecoregion specific Biomass Succession parameter files. 294 

The core species file specified longevity, age at sexual maturity, effective and 295 

maximum seed-dispersal distances, vegetative reproduction probability, minimum and 296 

maximum sprouting ages. These parameters were compiled from published ecological 297 

literature and local floristic information (Zhou et al. 2018). The complete core 298 

parameter set for the species and functional groups represented in the simulations is 299 

provided in Table 1. 300 

The 38 site types defined by slope, aspect, and slope position were treated as 301 

ecoregions (Pauli et al. 2015; Marcon et al. 2019). Species-specific establishment 302 

probabilities (ProbEstablish), ANPPmax, and Biomassmax were parameterized using 303 

a literature-informed and topography-adjusted approach based on published 304 

ecological information, local floristic records, field-observed species–site 305 

associations, and relative suitability across slope, aspect, and slope-position classes. 306 

Full parameterization rationale and the complete species × site-type parameter 307 
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matrix are provided in Supplementary Methods S1 and Table S2, respectively. 308 

ProbEstablish values were constrained between 0 and 1, with higher values indicating 309 

greater relative establishment suitability. Maximum ANPP (ANPPmax) and 310 

aboveground biomass (Biomassmax) were likewise varied among site types, whereas 311 

mortality probability was held constant among site types for each species. Regional 312 

background climate and soil conditions were held constant because the analysis 313 

focused on fine-scale topographic variation within the study landscape.  314 

 315 

Table 1 Core species parameters used in the LANDIS-II simulations. 316 

Species or 

functional 

group 

Longevity 

(yr) 

Sexual 

maturity 

(yr) 

Effective 

dispersal 

distance 

(m) 

Maximu

m 

dispersal 

distance 

(m) 

Vegetative 

reproduction 

probability 

Minimum 

sprouting 

age (yr) 

Maximu

m 

sprouting 

age (yr) 

Pinus 

massoniana 
120 15 150 350 0.4 1 3 

Pterocarya 

stenoptera 
100 10 50 200 0.4 2 4 

Quercus 

fabri Hance 
350 25 20 100 0.6 3 6 

Castanopsis

 fargesii 
200 30 20 100 0.6 3 6 

Schima 

superba 
180 20 50 200 0.4 2 4 

Machilus 

nanmu 
220 25 50 300 0.4 3 6 

Bamboo 60 4 5 20 0.8 1 2 

Fern 20 1 3 10 0.8 0 1 

Ulmus 
parvifolia 

150 12 100 300 0.5 1 3 

Phoebe 
zhennan 

300 25 50 300 0.5 3 6 
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Pistacia 
chinensis 

Bunge 

200 15 100 350 0.4 2 5 

Cyclobalan
opsis 

glaucoides 

350 25 20 100 0.6 3 6 

 317 

LANDIS-II simulations were conducted over 100 years using a 10-year 318 

succession time step. Preliminary simulations were performed at spatial resolutions of 319 

30 and 10 m, and the 10-m resolution was retained because it better represented the 320 

fine-scale heterogeneity captured by the UAV-derived vegetation and topographic data 321 

while remaining computationally feasible. 322 

To account for stochasticity in species establishment, dispersal, and succession, 323 

each scenario was simulated independently three times using different random-324 

number seeds while all other model settings and parameters were held constant. 325 

Outputs from the three replicates were averaged for subsequent analyses. 326 

 327 

2.5 Restoration Potential Index 328 

LANDIS-II generated spatially explicit outputs of total biomass, species-specific 329 

biomass, aboveground net primary productivity (ANPP), and species composition. 330 

Pixels outside the valid simulation domain or with missing outputs were excluded, 331 

whereas zero-biomass cells within the simulation domain were retained as valid 332 

severely disturbed or early-successional states. 333 

The Restoration Potential Index (RPI) was calculated exclusively from year-100 334 

outputs of the natural succession scenario (S1) to characterize relative spatial 335 
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differences in modeled long-term natural recovery capacity and to support the 336 

identification of priority areas for targeted intervention (S2). The index integrated 337 

three complementary attributes of simulated ecosystem recovery (Wang et al. 2010; 338 

Zhang et al. 2018): structural recovery (SRI), represented by total biomass; functional 339 

recovery (FRI), represented by ANPP; and community structure development (CSI), 340 

represented by species richness and the relative biomass contribution of the late-341 

successional indicator species Castanopsis fargesii. Detailed calculations of the three 342 

components are provided in Table 2. The baseline RPI was calculated as: 343 

RPI=(0.4×SRI)+(0.4×FRI)+(0.2×CSI)
 (1) 

SRI and FRI were assigned weights of 0.40 and CSI a weight of 0.20 to place 344 

greater emphasis on structural and functional recovery while retaining community 345 

development as a complementary component. Because these weights were 346 

ecologically informed rather than empirically estimated, a sensitivity analysis was 347 

conducted using four alternative weighting schemes: equal weighting 348 

(0.333/0.333/0.333), structural emphasis (0.50/0.30/0.20), functional emphasis 349 

(0.30/0.50/0.20), and community emphasis (0.30/0.30/0.40). Each alternative RPI 350 

surface was subjected to the same spatial processing as the baseline RPI. Robustness 351 

was evaluated using pixel-wise Spearman rank correlations and by comparing the 352 

spatial overlap of the lowest-ranked 5%, 10%, and 20% of RPI cells using the Jaccard 353 

index and the proportion of baseline priority cells retained under each alternative 354 

weighting scheme (Table S3). 355 

To reduce pixel-scale variability while preserving broader spatial patterns, the 356 
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year-100 RPI surface was spatially smoothed in ArcGIS using the median within a 357 

circular neighborhood of three cells in radius. The smoothed baseline RPI was 358 

initially classified into four classes using the Jenks natural-breaks method, with class 359 

breaks at approximately 0.34, 0.45, and 0.50. For management interpretation and 360 

graphical clarity, the two intermediate classes were subsequently merged, resulting in 361 

three recovery-potential zones: low (RPI < 0.34), moderate (0.34 ≤ RPI < 0.5), and 362 

high (RPI ≥ 0.5). Areas with relatively low RPI were used to identify priority 363 

intervention areas under S2. 364 

The RPI was therefore interpreted as a model-derived, endpoint-based relative 365 

spatial prioritization metric for comparing long-term natural recovery capacity under 366 

S1, rather than as an absolute measure of restoration success. 367 

 368 

Table 2 Definition and calculation of the Restoration Potential Index (RPI) 369 

components based on year-100 outputs of the natural-succession scenario (S1) 370 

Component Calculation Definition 

SRI SRI=
B-Bmin

Bref-Bmin
 

 

Where B is the total biomass of the 

current pixel, Bmin is the minimum 

value of the source data, and Bref 
is the 

75th percentile of the total biomass 

distribution. 

FRI FRI=
ANPP-ANPPmin

ANPPref-ANPPmin
 

 

Where ANPP is the annual net primary 

productivity of the current pixel, 

ANPPmin is the minimum value of the 

source data, ANPPref is the 75th 

percentile of the ANPP distribution. 
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CSI CSI=0.6S+0.4P 

 

Where S is the species richness index,  

S=
Nspecies

8
, Nspecies denotes the number of 

the eight species or functional groups 

represented in the S1 species pool with 

biomass > 0; P is the proportion of total 

biomass contributed by Castanopsis 

fargesii, which was used as a late-

successional indicator species based on 

its documented role in mature evergreen 

broad-leaved forests and its 

classification as a dominant late-

successional canopy species in Jinyun 

Mountain. 

Note: For SRI and FRI, values exceeding the 75th-percentile reference were capped 371 

at 1, thereby constraining both indices to the range 0–1. The 75th percentile was 372 

used as an internal relative reference to reduce the influence of extreme upper-tail 373 

values rather than as an ecological threshold. 374 

 375 

2.6 Scenario comparison and statistical analysis 376 

Changes in total biomass and ANPP were evaluated separately for S1 and S2 377 

using the decadal simulation outputs. A one-breakpoint piecewise linear regression 378 

was fitted to each trajectory in R using the segmented package. Breakpoints and the 379 

slopes before and after each breakpoint were estimated from the fitted curves. 380 

Because the trajectories were based on model outputs generated at 10-year intervals, 381 

the fitted breakpoint years were interpreted as descriptive estimates of shifts in 382 

simulated recovery rates rather than as exact transition times or inferential estimates. 383 

Biomass-weighted community diversity was quantified using the Shannon-384 

Wiener index (H’): 385 
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H'= -∑Pi ln(Pi)S

i=1

 (2) 

where S is the number of species or functional groups with non-zero biomass, 386 

and Pi is the proportion of total biomass contributed by species or functional group ݅.  387 

Forest carbon stock was estimated from simulated aboveground dry biomass. 388 

Carbon storage was calculated using the carbon fraction (CF) of dry biomass for each 389 

species (Table S4), obtained from authoritative forest carbon accounting references 390 

(State Forestry Administration of China 2014): 391 

C=B×CF×0.01 (3) 

where C represents carbon stock (t C·ha⁻¹), B represents aboveground dry 392 

biomass output from LANDIS-II(g·m⁻²), and CF represents the carbon fraction of dry 393 

biomass. The factor 0.01 converts biomass from g m-2 to t biomass ha-1, which was 394 

subsequently multiplied by the species-specific carbon fraction to obtain carbon stock 395 

(t C ha-1). 396 

 397 

3 Results 398 

3.1 Baseline post-fire vegetation conditions 399 

Approximately 21 months after the August 2022 wildfire, ferns and bamboo 400 

accounted for 45.04% and 16.09% of the study area, respectively, whereas surviving 401 

trees accounted for 6.39%. Combustion residues remained widespread (25.85%), and 402 

bare ground accounted for 6.67% of the landscape. The spatial distribution of 403 

vegetation was highly heterogeneous, with ferns and bamboo forming extensive 404 

patches and surviving trees occurring in more spatially restricted clusters (Fig. 4). 405 
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These previously characterized land-cover and vegetation patterns were used as the 406 

empirical baseline for reconstructing the initial vegetation conditions of the 407 

succession simulations. 408 

 

Fig. 4 Baseline post-fire land-cover and vegetation conditions used for LANDIS-II 

initialization, based on the UAV classification previously reported by Li et al. (2026) 

 409 

3.2 Long-term biomass trajectories under natural succession 410 

Under S1, the eight species and functional groups exhibited contrasting biomass 411 

trajectories over the 100-year simulation (Fig. 5). Fern biomass increased rapidly 412 

during early succession, reached its highest level during the middle successional 413 

period, and subsequently declined. Pinus massoniana and Pterocarya stenoptera 414 

similarly showed rapid early biomass accumulation followed by gradual declines after 415 

reaching mid-successional peaks. The broad-leaved tree species Quercus fabri, 416 

Castanopsis fargesii, Schima superba, and Machilus nanmu also generally reached 417 
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their highest biomass during the middle successional period and declined to varying 418 

degrees thereafter. Among these species, M. nanmu and C. fargesii retained 419 

comparatively higher biomass during later succession, although neither exhibited 420 

continued late-stage biomass accumulation. In contrast, bamboo was the only 421 

functional group to show sustained biomass increase throughout the simulation, 422 

reaching approximately 7,000 g m-2 by 2124. Thus, the S1 simulation indicated 423 

persistent bamboo expansion alongside declining or stabilizing biomass of the major 424 

tree species during later succession. 425 

Fig. 5 100-year species biomass trajectories under natural succession 

 426 

Cell-level biomass distributions further illustrated substantial heterogeneity in 427 

successional responses (Fig. 6a). During the earlier simulation stages, P. massoniana, 428 

P. stenoptera, and ferns showed relatively high biomass across many cells, whereas 429 

several broad-leaved tree species developed broader biomass distributions during the 430 

middle successional period. By the later stages, biomass distributions of most tree 431 

species shifted downward to varying degrees, while bamboo maintained high biomass 432 
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values across a substantial proportion of the simulated landscape. These spatial 433 

distributions were consistent with the temporal trajectories shown in Fig. 5 and 434 

indicated that later succession was characterized by persistent bamboo biomass rather 435 

than a uniform shift toward increasing dominance of late-successional tree species. 436 

 437 

(a) Distribution of simulated aboveground biomass among the eight species or functional 

groups at six representative stages of succession (2034, 2044, 2064, 2084, 2104, and 2124) 
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(b) Classification of species and functional groups according to early biomass growth rate 

and long-term biomass stability. Dashed lines separate the four response groups: stable slow-

growers, stable fast-growers, variable slow-growers, and variable fast-growers 

Fig. 6 Species biomass dynamics and successional response characteristics under S1 

 438 

To further compare successional response strategies, species and functional 439 

groups were characterized according to early biomass growth rate and long-term 440 

biomass stability (Fig. 6b). Bamboo combined a high early growth rate with the 441 

greatest long-term stability, consistent with its sustained biomass increase throughout 442 

the simulation. Ferns showed a comparatively low early growth rate but relatively 443 

high long-term stability, reflecting their persistence across succession despite 444 

declining biomass after the middle stage. P. massoniana and S. superba showed lower 445 

long-term stability, consistent with their stronger late-stage biomass declines. P. 446 



 29 

stenoptera and Q. fabri exhibited relatively high early growth but greater temporal 447 

variability. By comparison, M. nanmu and C. fargesii combined relatively rapid early 448 

biomass accumulation with greater long-term stability than several other tree species.  449 

 450 

3.3 Spatial variation in long-term natural recovery potential 451 

The year-100 RPI revealed pronounced spatial heterogeneity in modeled natural 452 

recovery capacity under S1 (Fig. 7). Following spatial smoothing and Jenks 453 

classification, the original four RPI classes were consolidated into three management-454 

oriented recovery-potential zones. Low-recovery-potential areas (RPI < 0.34) were 455 

concentrated in more strongly disturbed portions of the landscape and showed 456 

comparatively limited recovery of vegetation structure, productivity, and community 457 

development under natural succession. Moderate-recovery-potential areas (0.34 ≤458 

RPI < 0.50) generally occurred in areas characterized by mixed pioneer vegetation 459 

and surviving trees, representing intermediate long-term recovery capacity. High-460 

recovery-potential areas (RPI ≥ 0.50) were more frequently associated with patches 461 

containing greater surviving vegetation cover and comparatively favorable site 462 

conditions, indicating stronger modeled capacity for long-term natural recovery. Low-463 

RPI areas were therefore identified as priority intervention zones for the targeted 464 

planting scenario (S2). 465 
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Fig. 7 Spatial variation in modeled long-term natural recovery potential under S1. The 

year-100 RPI surface was smoothed using a three-cell-radius circular median filter and 

initially classified into four classes using Jenks natural breaks. The two intermediate 

classes were combined to produce three management-oriented zones: low (RPI < 0.34), 

moderate (0.34 ≤RPI < 0.50), and high (RPI ≥ 0.50) natural recovery potential. 

Representative 2024 field photographs from locations falling within the three modeled 

recovery-potential zones are shown for spatial context 

 466 

Sensitivity analysis showed that the spatial ranking of RPI was highly robust to 467 

alternative component weights, with Spearman correlations ranging from 0.967 to 468 

0.997 relative to the baseline weighting scheme (Table S3). Across the alternative 469 

schemes, 96.3–97.7% of the baseline lowest-ranked 5% of cells, 96.5–99.5% of the 470 

lowest-ranked 10%, and 92.3–99.0% of the lowest-ranked 20% were retained. These 471 

results indicate that the major spatial pattern of restoration prioritization was not 472 

strongly dependent on the selected component weights. 473 
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3.4 Effects of targeted planting on long-term recovery outcomes 474 

At simulation year 100, S2 yielded higher simulated aboveground carbon stocks 475 

than S1, with the largest positive differences concentrated primarily within the 476 

targeted planting areas (Fig. 8a). Under S1, the mean Shannon-Wiener diversity index 477 

(H’) was 0.5645, indicating relatively low biomass evenness among the eight species 478 

and functional groups. Under S2, the maximum H’ remained broadly comparable with 479 

that of S1, but its spatial distribution was more continuous and homogeneous (Fig. 480 

S1). Positive changes in H’ occurred mainly within or near targeted planting areas, 481 

whereas slight decreases occurred in some steep-slope and ridge locations (Fig. 8b). 482 

Thus, targeted planting produced clear spatial gains in carbon stock but comparatively 483 

modest and spatially variable changes in community diversity. 484 

The simulated biomass and ANPP trajectories also differed between scenarios 485 

(Fig. 8c, d). The fitted biomass and ANPP breakpoints occurred at approximately 45 486 

and 46 years under S1 and at approximately 36 and 35 years under S2, respectively, 487 

corresponding to estimated advances of approximately 9 and 10 years under targeted 488 

planting. S2 also showed a steeper early recovery trajectory despite its lower initial 489 

ANPP. However, differences between the two scenarios narrowed during the middle 490 

and later stages of succession, and both trajectories became progressively less steep. 491 

These patterns indicate that the clearest effects of targeted planting occurred during 492 

earlier succession, whereas its relative advantage diminished over longer successional 493 

periods. 494 
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Fig. 8 Effects of targeted planting on long-term ecological outcomes and recovery 

trajectories. (a) Difference in aboveground carbon stock (S2−S1) at simulation year 100; (b) 

difference in Shannon–Wiener diversity index H’ (S2−S1) at simulation year 100; (c) 

simulated total aboveground biomass trajectories under S1 and S2 with segmented regression 

fits; and (d) simulated ANPP trajectories under S1 and S2 with segmented regression fits. 

Vertical dashed lines indicate estimated breakpoints 

 495 

 496 
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4 Discussion 497 

4.1 Integrating fine-scale observations and succession modeling supports 498 

restoration decisions in peri-urban forests 499 

Scientific understanding of post-fire restoration, regeneration, and succession 500 

often requires complementary observational and modeling approaches (Li et al. 2025). 501 

UAV and deep-learning methods have been widely applied to forest disturbance 502 

monitoring and vegetation feature recognition (Peris-Llopis et al. 2024; Wang et al. 503 

2025; Wassner et al. 2025), while LANDIS-II is well established for simulating long-504 

term landscape vegetation dynamics (Wang et al. 2010; Luo et al. 2016). Compared 505 

with single-method approaches (Sankey et al. 2017; Chen et al. 2022; Koutsias et al. 506 

2024), the integrated framework used here provided two complementary advantages. 507 

First, high-resolution UAV imagery, U-Net classification, and field observations 508 

provided a finer empirical basis for reconstructing initial post-fire vegetation 509 

conditions for LANDIS-II. Second, the RPI translated long-term succession outputs 510 

into spatially explicit information on relative natural recovery potential, thereby 511 

linking ecological simulation with restoration prioritization.  512 

This integration may be particularly useful in peri-urban forests, where 513 

ecological recovery takes place within heterogeneous landscapes subject to both 514 

natural disturbance and intensive management demands. Rather than applying 515 

uniform restoration across the burned area, spatial assessment of natural recovery 516 

potential allows management effort to be concentrated where intervention is most 517 

likely to be needed, while reducing unnecessary intervention in areas capable of 518 



 34 

stronger natural recovery. With appropriate local calibration, the general workflow 519 

may therefore be transferable to other disturbance-prone peri-urban forest systems. 520 

 521 

4.2 Temporal and spatial succession patterns reveal constraints on natural 522 

recovery 523 

The simulations showed that ferns and bamboo were prominent components of 524 

early post-fire recovery, consistent with secondary-succession processes in which 525 

rapidly establishing vegetation can expand quickly after disturbance (Tang 2010). 526 

Long-term succession under S1 further showed sustained bamboo biomass 527 

accumulation throughout the simulation period. Bamboo species commonly combine 528 

clonal reproduction with efficient use of above- and below-ground resources, which 529 

can contribute to persistent competitive advantages in subtropical forests (Song et al. 530 

2017). Similar interactions between bamboo expansion and tree regeneration have 531 

been reported in disturbed tropical and subtropical forests (Ferreira et al. 2020; da 532 

Silva et al. 2020; da Silva et al. 2024). In our simulations, Machilus nanmu and 533 

Castanopsis fargesii retained comparatively greater long-term biomass stability than 534 

several other tree species, but both declined after reaching mid-successional biomass 535 

peaks. Thus, their relative stability should not be interpreted as continued late-stage 536 

biomass increase. The contrasting trajectories of bamboo and tree species are 537 

consistent with the possibility that persistent bamboo expansion may constrain longer-538 

term tree recovery (da Silva et al. 2024). Where such expansion conflicts with 539 
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restoration objectives, adaptive measures such as selective thinning or rhizome 540 

control may warrant consideration. 541 

Spatial pattern is increasingly recognized as an important component of 542 

landscape-scale forest restoration planning (Rudge et al. 2022; Peris-Llopis et al. 543 

2024; Reyes-Cedeno et al. 2025). The year-100 RPI revealed pronounced spatial 544 

heterogeneity in modeled natural recovery potential, reflecting differences in long-545 

term structural recovery, productivity, and community development across the 546 

landscape. This is consistent with previous studies showing that post-fire recovery 547 

varies substantially along environmental and disturbance gradients (Blanco-Rodriguez 548 

et al. 2023). Building on this heterogeneity, the RPI integrated structural (SRI), 549 

functional (FRI), and community (CSI) components into a single spatially explicit 550 

prioritization metric. Low-RPI areas showed comparatively limited modeled natural 551 

recovery and were therefore prioritized for targeted intervention (Mantero et al. 2024; 552 

Rodman et al. 2024), whereas moderate- and high-RPI areas retained greater potential 553 

for assisted or passive recovery (White and Long 2019; Alayan et al. 2022; Lin et al. 554 

2024). Accordingly, spatially differentiated restoration may be particularly relevant in 555 

peri-urban forests, where heterogeneous ecological conditions coexist with limited 556 

management resources and a continuing need to maintain forest functions within the 557 

wider urban landscape.  558 

 559 
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4.3 Targeted planting accelerates early recovery but provides diminishing long-560 

term gains 561 

A comparison of S1 and S2 showed that targeted planting accelerated ecosystem 562 

recovery during the early stages of succession by introducing additional tree cohorts 563 

into areas with relatively low natural recovery potential. S2 exhibited higher 564 

simulated aboveground carbon stocks and earlier biomass and ANPP breakpoints than 565 

S1, supporting previous evidence that active planting can promote early post-fire 566 

vegetation establishment and biomass recovery where natural regeneration is limited 567 

(Powers et al. 2013; Marsh et al. 2026). However, the benefits of assisted restoration 568 

were less pronounced over longer successional periods. As succession proceeded, 569 

differences in biomass and ANPP trajectories between S1 and S2 gradually narrowed, 570 

consistent with evidence that the effects of artificial and natural restoration may 571 

converge over time as endogenous ecological processes increasingly influence 572 

vegetation development (Xu et al. 2021). From a resilience perspective, this pattern 573 

suggests that active intervention may be most influential during the earlier stages of 574 

recovery, whereas natural successional processes become increasingly important as 575 

vegetation structure develops (Rodman et al. 2024). 576 

The temporal responses of biomass and ANPP further suggest differences in the 577 

development of structural and functional attributes during succession. Under S1, the 578 

estimated ANPP breakpoint occurred slightly later than the biomass breakpoint, 579 

whereas under S2 the two breakpoints occurred at broadly similar stages. 580 

Nevertheless, the earlier biomass and ANPP breakpoints under S2 indicate that 581 
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targeted planting altered the timing of both structural development and ecosystem 582 

productivity during early succession. This is broadly consistent with previous studies 583 

showing that different dimensions of ecosystem recovery may respond at different 584 

rates following disturbance (Wang et al. 2010; Escobedo et al. 2024). 585 

In practice, restoration decisions should integrate multiple environmental and 586 

socioeconomic factors (White and Long 2019; Rodman et al. 2024; Yue et al. 2025). 587 

The effectiveness of targeted planting is highly context dependent and strongly 588 

influenced by local site conditions, regeneration capacity, species selection, and 589 

management objectives (Mantero et al. 2024; Zhang et al. 2025). The comparatively 590 

modest and spatially variable diversity responses observed under S2 further indicate 591 

that gains in biomass or carbon storage do not necessarily translate into equivalent 592 

improvements in community composition. Targeted planting should therefore be 593 

applied selectively rather than uniformly across the burned landscape, with greater 594 

priority given to areas where modeled natural recovery potential is relatively low. For 595 

post-fire management of peri-urban mountain forests, planting may also need to be 596 

combined with fire prevention, continued monitoring, and adaptive management that 597 

responds to changing successional conditions, including selective management of fire-598 

damaged trees, thinning, or control of dense mid-story vegetation where appropriate 599 

(Busbridge et al. 2021; Yue et al. 2025). 600 

 601 
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4.4 Study Limitations 602 

Several limitations should be considered when interpreting our results. First, 603 

reconstruction of initial vegetation conditions and LANDIS-II parameterization relied 604 

partly on UAV resolution, field coverage, published information, and topography-605 

informed assumptions rather than long-term empirical calibration. Second, the RPI is 606 

a model-derived, relative endpoint-based prioritization metric rather than an absolute 607 

measure of restoration success. Although sensitivity analyses showed that the major 608 

spatial ranking and priority-area patterns were robust to alternative component 609 

weights, the index remains dependent on the selected ecological indicators, 610 

normalization procedures, and model assumptions. Third, climate change was not 611 

simulated, so century-scale trajectories should be interpreted as comparative baseline 612 

scenarios rather than deterministic forecasts. Bamboo was represented as a simplified 613 

functional group, and the magnitude of its simulated long-term expansion should 614 

therefore be interpreted cautiously. Finally, broader transferability requires evaluation 615 

across additional forest types, disturbance regimes, and peri-urban contexts, including 616 

restoration costs and socioeconomic constraints. 617 

 618 

5 Conclusion 619 

Post-fire recovery potential varied substantially across the Jinyun Mountain peri-620 

urban forest. Long-term simulations showed that targeted planting in areas with 621 

relatively low natural recovery potential increased simulated aboveground carbon 622 

stocks and shifted biomass and ANPP trajectories toward earlier recovery, but its 623 
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relative advantage diminished as succession proceeded, while diversity responses 624 

remained modest and spatially variable. These findings support a spatially 625 

differentiated strategy in which active planting is concentrated where modeled natural 626 

recovery capacity is low, whereas greater reliance on passive succession is retained in 627 

areas with stronger recovery potential. Persistent bamboo expansion further highlights 628 

the need for continued monitoring and adaptive management. More broadly, 629 

integrating fine-scale post-fire observations with long-term succession modeling can 630 

provide a practical basis for allocating limited restoration resources in disturbance-631 

prone peri-urban forests while maintaining ecological functions within the wider 632 

urban landscape. 633 

 634 
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