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SUMMARY:
This protocol presents a reproducible workflow for multi-scenario land-use projection, carbon storage assessment, and topographic association analysis in the Yixian–Huangshan World Heritage landscape.

ABSTRACT:
Land-use change alters terrestrial carbon storage, yet reproducible workflows for evaluating scenario-based changes remain limited in tourism-oriented World Heritage landscapes. This protocol integrates a custom Markov cellular automaton, four-pool carbon accounting equivalent to the Integrated Valuation of Ecosystem Services and Tradeoffs framework, and an optimal parameters-based geographical detector to assess land-use and carbon-storage changes across Yixian and adjacent areas of Huangshan in southern Anhui, China. China Land Cover Dataset maps from 2005, 2010, and 2015 were used for calibration and out-of-period validation. Four exploratory scenarios—Business As Usual, Tourism Expansion and Development, Ecological Conservation Priority, and Village Revitalization and Activation—were simulated for 2030 and 2050. Validation across 4,632,329 valid pixels yielded an overall accuracy of 96.61%, a Kappa coefficient of 0.850, and a Figure of Merit of 0.107. Baseline carbon storage was 59.505 teragrams of carbon, with forests contributing 95.9%. Projected carbon losses by 2050 ranged from 5.01% under Ecological Conservation Priority to 13.49% under Tourism Expansion and Development. Matched one-at-a-time perturbations supported the same scenario ordering. The optimal parameters-based geographical detector identified slope, relief, and elevation as the strongest assessed topographic associations. The supplied inputs, parameters, outputs, and scripts support reproducibility; however, the scenarios should be interpreted as comparative stress tests rather than calibrated forecasts.

INTRODUCTION:
Terrestrial ecosystems store carbon in vegetation, soil, and dead organic matter, thereby contributing to climate regulation1,2. Land conversion can rapidly alter these stocks; spatially explicit assessment is therefore important for land-use planning and carbon management.

The analytical extent in southern Anhui encompasses extensive subtropical forests, agricultural basins, and areas associated with the Mount Huangshan and Xidi–Hongcun World Heritage properties3,4. Research on cultural-heritage land cover, World Heritage tourism, and traditional-village conservation indicates that ecological condition, visitor pressure, and place identity require integrated consideration in this setting5–7.

Scenario-based land-use models translate observed transitions into spatially explicit projections, and carbon-pool accounting quantifies the consequences of those patterns. Previous studies have combined Patch-generating Land Use Simulation (PLUS) or cellular automaton–Markov (CA–Markov) allocation with the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) framework and the optimal parameters-based geographical detector (OPGD) in China and other landscapes, including recent integrated applications8–20. These studies provide methodological precedents, although the simulator used here is a custom Markov cellular automaton (Markov-CA) implementation rather than PLUS.

Related research has evaluated policy-conditioned carbon trajectories, coupled satellite and land-use models, terrain-sensitive carbon storage, urban and campus applications, soil-carbon management, cropland transitions, national forest mapping, and scale dependence21–34. Collectively, these studies support multi-scenario comparison while demonstrating that conclusions depend on data scale, class transitions, carbon parameters, and modeled policy assumptions. The custom implementation used in the present study provides a transparent workflow in which the transition matrix, scenario multipliers, allocation procedure, carbon-density lookup, sensitivity analysis, and topographic association analysis can be examined within a single reproducible framework. In the present study, the practical value of the custom workflow is that the transition matrix, scenario parameters, pixel-allocation rules, validation, sensitivity analysis, carbon accounting, and topographic association analysis are implemented and documented within a reproducible computational framework. This structure allows the assumptions and intermediate analytical steps used in the scenario analysis to be inspected and reproduced. Because the workflow was not benchmarked directly against PLUS or other CA–Markov implementations, no claim of superior accuracy, efficiency, or predictive performance is made.

Research on topographic and edaphic controls, geomorphic soil-carbon persistence, spatial-scale effects, OPGD applications, Huangshan productivity, landscape metrics, wetlands, and forest carbon further supports a cautious, association-based interpretation of terrain effects35–44. Against this background, the overall goal of the present method is to provide a transparent and reproducible workflow for multi-scenario land-use projection, carbon-storage assessment, and topographic association analysis in the Yixian–Huangshan World Heritage landscape. The workflow uses a custom Markov-CA implementation with InVEST-equivalent four-pool carbon accounting and OPGD, validates the model out of period for 2005–2015, and conducts a 28-run one-at-a-time sensitivity analysis. The accompanying rasters, scenario rules, confusion matrix, environment files, and scripts permit direct inspection and reproduction of the custom simulation workflow. The workflow is intended for applications with compatible categorical land-cover rasters, class-specific carbon-density parameters, and appropriate topographic data, where the objective is comparative scenario assessment rather than precise spatial forecasting.

This study had three objectives: (1) simulate land use for 2030 and 2050 under Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) stress tests; (2) quantify carbon storage using a complete nine-class, four-pool lookup; and (3) assess the individual and joint associations of elevation, slope, northness, and topographic relief with 2015 carbon density8–10. These objectives integrate land-use projection, carbon accounting, and terrain-association analysis within a single reproducible workflow while retaining the distinction between simulated land-use outcomes and statistical associations with topographic variables.

The scenario labels denote comparative assumptions rather than fitted forecasts or encoded statutory plans. Accordingly, the method is most appropriate for reproducible comparison of alternative land-use assumptions and their associated carbon-storage outcomes, rather than for interpreting the resulting maps as calibrated predictions of future land use.

PROTOCOL:
No human participants, animals, or protected species were involved. The analysis used only publicly available remote-sensing products and published carbon-density parameters; therefore, ethics committee approval was not required.

Implement all computational procedures in Python 3.11 within an open and reproducible workflow. Follow seven sections: (1) define the study area; (2) acquire and preprocess the inputs; (3) estimate the transition matrix and initialize the custom Markov-CA; (4) configure the scenarios, sensitivity tests, and future simulations; (5) calibrate and validate the model; (6) calculate carbon storage; and (7) detect terrain associations with OPGD. Follow the complete workflow shown in Figure 1.

[Place Figure 1 here.]

1. Study area

1.1. Define the analysis grid as 117.60–118.38°E and 29.72–30.22°N. Treat the Mount Huangshan and Xidi–Hongcun World Heritage properties as geographical context only; do not interpret the rectangular analytical extent or valid mask as an official administrative or World Heritage boundary3,4.

1.2. Reproject the grid to EPSG:32650 and apply the valid mask to obtain 4,632,329 cells at 30 m resolution, representing 4,169.1 km². Use this extent, which covers Yixian County, adjacent parts of the Huangshan Scenic Area, and northern Xiuning County, for all raster analyses (Figure 2).

[Place Figure 2 here.]

2. Data sources

[bookmark: _GoBack]2.1. Use three input groups: CLCD annual land-cover data, Copernicus DEM GLO-30 terrain data, and a class-specific four-pool carbon-density table. Record the temporal coverage, resolution, provenance, and analytical role of each input in Table 1.

[Place Table 1 here.]

2.2. Extract the 2005, 2010, and 2015 CLCD layers at 30 m resolution. Retain the nine classes: cropland, forest, shrub, grassland, water, snow/ice, barren, impervious, and wetland45.

2.3. Derive elevation, slope, northness, and topographic relief from Copernicus DEM GLO-3046. Assign the complete nine-class carbon-pool values reported in Table 6 of Cheng et al.; do not apply an uncited default or zero-value convention47.

2.4. Reproject all layers to WGS 84 / UTM zone 50N (EPSG:32650) on the common 30 m grid. Use nearest-neighbor resampling for categorical land cover and bilinear resampling for continuous terrain data.

2.5. Apply the same valid mask to every layer before cross-tabulation, validation, carbon accounting, and OPGD sampling.

2.6. Use Python 3.11.9 with numpy 2.4.6, scipy 1.17.1, rasterio 1.4.4, matplotlib 3.11.0, pandas 3.0.3, geopandas 1.1.4, and shapely 2.1.2. Refer to the archived environment files and relative-path scripts for exact reproduction.

2.7. Configure the Markov-CA with a 3 × 3 Moore neighborhood and seed 2023. Initialize an independent seeded generator for each scenario-year and sensitivity run, and use seed 42 for OPGD sampling.

3. Estimate the transition matrix and initialize the Markov-CA model

3.1. Cross-tabulate valid CLCD pixels from 2010 to 2015. For source class i and target class j, calculate .

3.2. Use the resulting 9 × 9 transition matrix for future scenarios. Derive a separate 2005–2010 transition matrix for model validation.

3.3. Run the simulator as a custom Python Markov-CA implementation; do not invoke PLUS8.

3.4. At each five-year step, take a synchronous snapshot of the starting state. Compute the transition counts from that snapshot.

3.5. Evaluate target classes 1–9 and source classes 1–9 in ascending order. Remove each selected source pixel from further allocation so that it can transition at most once during the five-year step.

3.6. Rank eligible candidate pixels by the start-of-step count of target-class neighbors in a 3 × 3 Moore window plus uniform random jitter from 0 to 0.5.

3.7. Calculate the requested number of pixels for each source-to-target transition as the rounded product of the number of valid pixels in the source class, the corresponding transition probability, and the applicable scaling factor. 

3.7.1. Use a scaling factor of dev for transitions to impervious land and dev × fp for forest-to-impervious transitions; otherwise, use a scaling factor of 1. Cap the requested count at the number of eligible candidate pixels. 

3.7.2. If the requested count is smaller than the eligible candidate count, select the highest-ranked candidates based on the target-class neighborhood score plus the uniform random jitter described above; if the requested count equals the eligible candidate count, select all eligible candidates.

4. Configure scenarios, sensitivity tests, and future simulations

4.1. Apply three parameters to the common transition matrix. Let dev scale expected transitions to impervious class 8, apply fp only to forest-to-impervious transitions, and define af as the per-step probability that cropland without an impervious Moore neighbor converts to forest.

4.2. Set (dev, fp, af) to (1.4, 1.0, 0.005) for BAU, (6.0, 2.0, 0.001) for TED, (0.4, 0.4, 0.025) for ECP, and (2.5, 0.7, 0.012) for VRA. Use Table 2 for the corresponding computational rules, policy narratives, and parameter values.

[Place Table 2 here.]

4.3. Interpret the multipliers as transparent low-, intermediate-, and high-development stress tests around the empirical transition matrix. Do not treat them as coefficients estimated from tourism, village-node, zoning, transport, protected-area, or ecological-redline data.

4.4. Use the policy labels only to describe relative parameter directions. Do not interpret the labels as legal or spatial constraints encoded in the model.

4.5. Treat dev, fp, and af as author-defined exploratory stress-test parameters rather than empirically estimated or calibrated coefficients. The nominal values specify contrasting numerical scenario assumptions for development pressure (dev), forest protection (fp), and afforestation (af); they were not fitted to observed post-2015 land-use change or interpreted as estimates of specific policy effects. Use these nominal values for the primary scenario comparisons and evaluate their robustness using the one-at-a-time sensitivity analysis described below.

4.6. For each scenario, run the nominal 2050 case. Repeat the simulation after multiplying one of dev, fp, or af by 0.5 or 1.5 while holding the other parameters constant.

4.7. Reinitialize seed 2023 for each of the 28 runs. Compare carbon storage, carbon loss, forest share, and impervious share, and report matched-case rankings and the full OAT ranges without treating them as probabilistic confidence intervals.

4.8. Initialize every future simulation from observed CLCD 2015. For impervious allocation, allow cropland to remain eligible across the valid mask and require non-cropland source pixels to border start-of-step impervious cells.

4.9. After class-to-class allocation, convert qualifying cropland to forest independently with probability af. Run three five-year steps for the 2030 projection and seven five-year steps for the 2050 projection.

4.10. Preserve class 0 outside the valid mask. Export every projected map at 30 m resolution.

5. Calibrate and validate the land-use model

5.1. Estimate the calibration matrix from observed 2005–2010 change. Simulate 2015 from observed 2010 using seed 2023.

5.2. Compare the simulated 2015 map pixel by pixel with observed CLCD 2015 within the valid mask. Calculate overall accuracy, Kappa, the 9 × 9 confusion matrix, and FoM for changed cells48.

5.3. Exclude invalid cells from both the numerator and denominator of the validation calculations to prevent outside-mask zeros from inflating agreement.

5.4. Interpret overall accuracy and Kappa jointly with FoM because stable forest and cropland dominate the former metrics, whereas FoM evaluates the smaller changed-cell set. Use the validation results to support regional scenario comparison; do not interpret them as establishing precise change-location forecasting.

6. Calculate carbon storage

6.1. For each valid pixel, assign the four class-specific carbon-pool densities listed in Table 3. Sum the four pool densities to obtain the total carbon density in Mg C ha⁻¹.

[Place Table 3 here.]

6.2. Multiply the total carbon density by the 0.09 ha pixel area. Convert the resulting Mg C values to Tg C.

6.3. Apply this lookup calculation as the algebraic equivalent of the InVEST Carbon Storage formulation. Do not apply a sequestration-rate, valuation, or economic module9,47.

7. Detect topographic associations with OPGD

7.1. Use 2015 carbon density as the response variable and elevation, slope, northness, and topographic relief as the explanatory factors. Sample 200,000 valid pixels using seed 42.

7.2. For each explanatory factor, test 2–15 quantile intervals. Retain the discretization that produces the maximum q-value.

7.3. Calculate analytic F-test p-values and permutation p-values using 999 permutations. Calculate the permutation p-value as p = (exceedances + 1) / 1000.

7.4. Combine the optimized strata for each pair of explanatory factors to calculate the interaction results. Interpret all factor and interaction outputs as spatial associations rather than causal effects10.

REPRESENTATIVE RESULTS:
Spatial distribution and temporal dynamics of land use
The analytical workflow, study extent, and primary input datasets are summarized in Figure 1, Figure 2, and Table 1, respectively. Figure 1 presents the seven-step workflow used for land-use projection, validation, carbon accounting, and topographic association analysis. Figure 2 shows the location and analytical extent of the study area. Table 1 summarizes the temporal coverage, spatial resolution, provenance, and analytical role of the primary spatial and tabular datasets. Comparison of simulated 2015 with observed CLCD 2015 across 4,632,329 valid pixels yielded OA = 96.61%, Kappa = 0.850, and FoM = 0.107. Agreement was dominated by stable forest and cropland, whereas the change-focused FoM indicated limited accuracy in reproducing the locations of change. The validation therefore supports comparative scenario analysis rather than precise spatial forecasting. Supplementary Table 1 (worksheet S3), provides the validation metrics, change hits, misses, false alarms, and complete confusion matrix. The archive contains the validation raster and the exact script used for the calculation.

Across the 28 sensitivity runs, every matched perturbation preserved the ranking ECP > BAU > VRA > TED. Carbon-loss ranges were 4.22–5.86% for ECP, 6.87–8.55% for BAU, 6.99–9.61% for VRA, and 10.45–15.84% for TED. The BAU and VRA ranges overlap; therefore, interpretation is limited to matched-case ordering rather than complete separation of the OAT ranges. Full sensitivity results are provided in Supplementary Table 1 (worksheet S4), and Supplementary Figure 1. The 2010–2015 operational matrix, provided in Supplementary Table 1 (worksheet S1), showed retention probabilities of 98.23% for forest, 94.66% for cropland, and 99.43% for impervious land. The largest off-diagonal transitions were cropland to impervious land (3.39%), cropland to forest (1.71%), and forest to cropland (1.71%). Over the same period, forest cover decreased from 87.63% to 86.27%, whereas cropland increased from 10.99% to 11.92% and impervious land increased from 1.08% to 1.50%. Figure 3A,B presents the observed 2010 and 2015 land-use patterns, respectively, and Figure 4 presents the corresponding change classes without inferring drivers that were not included in the analysis.

[Place Figure 3 here.]

[Place Figure 4 here.]

Terrain characteristics and topographic heterogeneity
Within the valid mask, elevation ranged from 82.3 to 1,830.3 m (mean, 388.0 m), slope from 0 to 87.3° (mean, 22.4°), northness from −1 to 1, and topographic relief from 3.2 to 1,398.2 m (mean, 230.0 m). Relief was defined as the local elevation range within a circular neighborhood of 450 m radius, implemented with a 31 × 31-pixel footprint. Figure 5A–D shows elevation, slope, northness, and topographic relief, respectively. These layers characterize spatial terrain variation; any corresponding ecological mechanism is treated as a hypothesis rather than a causal result35–44.

[Place Figure 5 here.]

Multi-scenario land-use projections
The common transition matrix and scenario parameters summarized in Table 2 produced distinct aggregate trajectories using the numerical land-cover class identifiers provided in Supplementary Table 2. Figure 6 presents the observed and projected shares of forest, cropland, and impervious surfaces, whereas Figure 7A–D shows the BAU, TED, ECP, and VRA spatial projections for 2030, respectively, and Figure 7E–H shows the corresponding projections for 2050. By 2050, forest cover was projected to comprise 78.0% under BAU, 74.6% under TED, 80.3% under ECP, and 78.2% under VRA; the corresponding impervious shares were 6.3%, 17.6%, 2.8%, and 9.0%. Relative to observed 2015, projected impervious expansion was approximately 202 km² under BAU, 675 km² under TED, 57 km² under ECP, and 317 km² under VRA. These values are stress-test outputs rather than fitted forecasts. Projected changes are spatially clustered because candidate ranking uses target-class neighborhood counts and non-cropland conversion to impervious land is limited to edge cells. The model includes no transport-corridor, village-node, protected-area, ecological-redline, or statutory-planning layer; therefore, apparent alignment with specific infrastructure or regulated zones does not represent an encoded effect.

[Place Figure 6 here.]

[Place Figure 7 here.]

Carbon storage dynamics under multi-scenario projections
Application of the complete four-pool lookup in Table 3 yielded 59.505 Tg C for 2015, equivalent to a mean density of 142.73 Mg C ha−1. Forest accounted for 57.04 Tg C (95.9%), whereas cropland accounted for 2.37 Tg C (4.0%). Impervious land made a small but nonzero contribution because the adopted source assigns this class 9.28 Mg C ha−1. Within the forest class, soil, aboveground, belowground, and dead-organic pools represented 53.5%, 33.8%, 10.9%, and 1.8% of total carbon, respectively31–34,44,47. All scenarios yielded lower carbon storage in 2050 than in 2015. Projected storage was 54.895 Tg C under BAU (a 7.75% loss), 51.475 Tg C under TED (13.49%), 56.523 Tg C under ECP (5.01%), and 54.540 Tg C under VRA (8.34%). The ECP–TED difference was 5.048 Tg C. These contrasts result from the imposed numerical parameters and do not estimate the effects of named policies. Figure 8A presents total carbon storage in 2015 and the scenario projections for 2030 and 2050; Figure 8B presents the corresponding mean carbon densities; Figure 8C presents carbon loss by 2050 relative to the 2015 baseline; and Figure 8D shows the relationship between projected forest share and carbon loss. The values are deterministic scenario outputs rather than replicate-based estimates.

[Place Figure 8 here.]

Topographic associations with the spatial heterogeneity of carbon storage
The OPGD factor detector ranked slope first (q = 0.557), followed by topographic relief (q = 0.460), elevation (q = 0.352), and northness (q = 0.003), as shown in Figure 9A. With 999 permutations, the permutation p-value for each factor was 0.001, the minimum attainable value; analytic F-test p-values were also below 0.001. The complete factor- and interaction-detector statistics, including optimized discretization intervals and analytic and permutation p-values, are provided in Supplementary Table 3. Statistical significance is distinguished from effect size: the association with northness was negligible in practical terms, and all q-values represent associations within the four assessed terrain variables rather than causal effects10,40. All factor pairs yielded interaction q-values greater than the larger of their individual q-values. The strongest interactions were slope ∩ relief (q = 0.628), elevation ∩ slope (q = 0.618), and elevation ∩ relief (q = 0.510), as shown in Figure 9B. These values indicate stronger stratified associations for paired factors but do not establish a geomorphological mechanism because soil, climate, forest age, management, and accessibility were not modeled. 

[Place Figure 9 here.]

Overall outcomes
Figure 10A–D summarizes the principal outcomes of the workflow: projected forest share, total carbon storage, the ranking of topographic associations, and the key quantitative indicators, respectively. The 2015 analytical baseline contained 59.505 Tg C. Across the four exploratory parameter sets, projected losses by 2050 ranged from 5.01% to 13.49%, and all matched sensitivity cases preserved the ranking ECP > BAU > VRA > TED. Slope and relief showed the strongest assessed terrain associations. Given FoM = 0.107 and the omission of explicit planning, socioeconomic, and climate layers, the results support comparative regional assessment rather than deterministic spatial prediction. 

[Place Figure 10 here.]

FIGURE AND TABLE LEGENDS:
Figure 1. Reproducible workflow for multi-scenario land-use projection, carbon storage assessment, and topographic association analysis. The seven-step workflow comprises (1) input preparation and preprocessing using China Land Cover Dataset (CLCD) maps, Copernicus Digital Elevation Model (DEM) GLO-30 data, and the carbon-density table; (2) estimation of transition probabilities by pixel cross-tabulation; (3) parameterization of the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios; (4) Markov cellular automaton (Markov-CA) simulation using a 3 × 3 Moore neighborhood; (5) out-of-period validation using overall accuracy (OA), Kappa, and Figure of Merit (FoM); (6) carbon accounting using an Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)-equivalent four-pool lookup; and (7) optimal parameters-based geographical detector (OPGD) analysis. The workflow produces scenario-specific land-use maps, carbon-storage trajectories, and assessments of topographic associations.

Figure 2. Study extent of the Yixian–Huangshan landscape in southern Anhui, China. Location of the analytical extent within Anhui Province, China, with the study area indicated by the red rectangle. The topographic variables used in the association analysis are presented in Figure 5.

Figure 3. Observed land-use patterns in the Yixian–Huangshan landscape in 2010 and 2015. China Land Cover Dataset (CLCD) maps showing the spatial distribution of nine land-use classes within the analytical extent. (A) Observed land use in 2010. (B) Observed land use in 2015. Land-use classes comprise cropland, forest, shrub, grassland, water, snow/ice, barren land, impervious surfaces, and wetland.

Figure 4. Observed land-use change in the Yixian–Huangshan landscape from 2010 to 2015. The map shows the spatial distribution of stable forest, forest loss, forest gain, and newly developed impervious surfaces between the 2010 and 2015 China Land Cover Dataset maps. White areas represent locations not classified into these four displayed change categories.

Figure 5. Topographic variables used in the association analysis. Spatial distributions of the four topographic variables across the analytical extent: (A) elevation, expressed in meters; (B) slope, expressed in degrees; (C) northness, expressed on a scale from −1 to 1; and (D) topographic relief, expressed in meters. These variables were used in the optimal parameters-based geographical detector analysis of their individual and joint associations with 2015 carbon density.

Figure 6. Observed and projected shares of major land-use classes under four scenarios. The percentage of the study area occupied by forest, cropland, and impervious surfaces is shown for the observed years 2005, 2010, and 2015 and for projections to 2030 and 2050 under the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios. Bars represent the modeled share of the total study area for each land-use class; error bars are not applicable because the values are deterministic scenario outputs rather than replicate-based estimates.

Figure 7. Projected spatial distribution of land use under four scenarios in 2030 and 2050. Projected land-use patterns under the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios. (A–D) BAU, TED, ECP, and VRA projections, respectively, for 2030. (E–H) BAU, TED, ECP, and VRA projections, respectively, for 2050. Land-use classes comprise cropland, forest, shrub, grassland, water, snow/ice, barren land, impervious surfaces, and wetland. All scenario simulations were initialized from the observed 2015 CLCD map; therefore, cells with no simulated land-use transition retain their 2015 land-use class and baseline spatial pattern. 

Figure 8. Projected carbon storage and its relationship with forest cover under four land-use scenarios. (A) Total carbon storage in 2015 and projected for 2030 and 2050 under the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios, expressed in teragrams of carbon (Tg C). (B) Mean carbon density for the corresponding years and scenarios, expressed in megagrams of carbon per hectare (Mg C/ha). (C) Percentage loss in total carbon storage by 2050 relative to the 2015 baseline for each scenario. (D) Relationship between projected forest share of the study area in 2050 and percentage carbon loss relative to 2015 for each scenario. Values are deterministic scenario outputs; error bars are not applicable.

Figure 9. Topographic associations with 2015 carbon density identified using the optimal parameters-based geographical detector. (A) Factor-detector q-statistics for elevation, slope, northness, and topographic relief. The respective q-values are 0.3518, 0.5571, 0.0031, and 0.4600; permutation tests yielded p = 0.001. (B) Interaction-detector q-values for pairwise combinations of the four topographic variables. Larger q-values indicate stronger statistical associations with the spatial distribution of 2015 carbon density. OPGD, optimal parameters-based geographical detector.

Figure 10. Summary of projected land-use and carbon-storage outcomes and topographic associations. (A) Projected forest share of the study area in 2030 and 2050 under the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios; the dashed line indicates the 2015 baseline forest share. (B) Total carbon storage in 2015 and projected for 2030 and 2050 under the four scenarios, expressed in teragrams of carbon (Tg C). (C) Ranking of elevation, slope, northness, and topographic relief according to the q-statistics obtained using the optimal parameters-based geographical detector (OPGD), with larger q-values indicating stronger statistical associations with 2015 carbon density. (D) Summary of key quantitative indicators, including baseline carbon storage and density, projected 2050 carbon-loss range, difference in carbon storage between the ECP and TED scenarios, validation metrics, and the strongest assessed topographic association. OA, overall accuracy; FoM, Figure of Merit; Mg C/ha, megagrams of carbon per hectare.

Table 1. Primary spatial and tabular datasets used in the analytical workflow. The table summarizes the temporal coverage, native spatial resolution, source or persistent identifier, and analytical role of the China Land Cover Dataset (CLCD), Copernicus Digital Elevation Model (DEM) GLO-30, class-specific carbon-density parameters, and study-area analysis extent. Carbon-density values are expressed in megagrams of carbon per hectare (Mg C ha−1). 

Table 2. Computational rules and parameter values for the four land-use scenarios. The table summarizes the implemented computational rules, policy narratives, and parameter values for the Business As Usual (BAU), Tourism Expansion and Development (TED), Ecological Conservation Priority (ECP), and Village Revitalization and Activation (VRA) scenarios. Policy narratives describe the intended interpretation of each scenario and are not encoded spatial constraints. dev, impervious-development multiplier; fp, forest-to-impervious susceptibility multiplier; af, isolated-cropland afforestation fraction per simulation step.

Table 3. Carbon-density parameters for the nine China Land Cover Dataset land-use classes used in carbon accounting. Aboveground, belowground, soil, dead organic, and total carbon-density values are provided for each China Land Cover Dataset (CLCD) land-use class. Total carbon density represents the sum of the four carbon pools. All carbon-density values are expressed in megagrams of carbon per hectare (Mg C ha−1). Values were obtained from Cheng et al.47, Table 6.

SUPPLEMENTARY FILES:
Supplementary Figure 1. One-at-a-time sensitivity analysis of 2050 carbon storage under the four land-use scenarios. (A) Nominal 2050 carbon storage and the full OAT sensitivity range for BAU, TED, ECP, and VRA. Points indicate nominal scenario values, and vertical ranges indicate the minimum and maximum carbon-storage values obtained by multiplying one of dev, fp, or af by 0.5 or 1.5 while holding the other parameters constant. (B) Change in 2050 carbon storage relative to the corresponding nominal scenario value following 0.5× and 1.5× perturbations of dev, fp, and af. Values above zero indicate greater carbon storage than the nominal case, and values below zero indicate lower carbon storage. The ranges represent deterministic one-at-a-time parameter perturbations and are not probabilistic confidence intervals.

Supplementary Table 1. Land-use transition matrix, scenario parameterization, model validation, and one-at-a-time sensitivity-analysis results. The workbook contains four worksheets: S1, the 2010–2015 operational land-use transition matrix; S2, parameter values, implemented rules, and interpretation boundaries for the four scenarios; S3, the 9 × 9 confusion matrix and associated model-validation results; and S4, nominal and one-at-a-time sensitivity results obtained by varying dev, fp, and af by 0.5× and 1.5× while holding the other parameters constant. Sensitivity ranges represent deterministic parameter perturbations and are not probabilistic confidence intervals.

Supplementary Table 2. Land-cover class identifiers used in the computational workflow. The table lists the numerical class identifiers and corresponding land-cover classes used in the raster analyses. Class 0 denotes NoData outside the valid study-area mask; classes 1–9 denote cropland, forest, shrub, grassland, water, snow/ice, barren, impervious, and wetland, respectively.

Supplementary Table 3. OPGD factor- and interaction-detector results for 2015 carbon density. The table reports optimized q-statistics, numbers of discretization intervals, analytic F-test p-values, and permutation p-values based on 999 permutations for elevation, slope, northness, and topographic relief. Pairwise interaction results report the interaction q-statistic, individual factor q-statistics, and interaction classification. The reported statistics represent spatial associations and do not establish causal effects.

Supplementary Note 1. Panel-by-panel descriptions, data sources, and interpretation notes for the manuscript figures. The note identifies the content and underlying data source for individual figure panels and provides information concerning shared spatial extents, duplicated information, and interpretation of the displayed variables.

Supplementary Data Archive (zipped). The archive contains 26 analysis-ready GeoTIFF files, boundary files, metadata, results, scripts, figures, workbooks, exact computational environment files, a README file, and SHA-256 checksums.

DISCUSSION:
Across the four stress tests, carbon storage declined as simulated transitions altered the proportions of high- and lower-density land-cover classes. TED produced the greatest decline, whereas ECP produced the smallest. A critical step in applying the protocol is therefore the configuration and interpretation of the dev, fp, and af parameters. Because the scenario differences arise from these imposed values, they represent conditional model responses rather than observed effects of tourism development, village revitalization, or ecological regulation. By 2050, projected carbon storage under TED was 5.048 Tg C lower than under ECP. Under the adopted lookup, converting one hectare of forest to impervious land reduces the assigned stock by 149.32 Mg C, whereas conversion from cropland to impervious land reduces it by 38.45 Mg C. These accounting contrasts explain the strong influence of simulated forest conversion on total storage. However, reliance on literature-derived values without local calibration introduces uncertainty into the absolute estimates.

Another critical step is the derivation and discretization of the terrain variables used in OPGD. Topographic relief was associated with carbon density after optimized discretization (q = 0.460). Relief was defined as the local elevation range within a circular neighborhood of 450 m radius, implemented with a 31 × 31-pixel footprint. High-relief cells may coincide with steep, forested terrain, but OPGD cannot distinguish among terrain, accessibility, land-use history, soil, management, and other correlated explanations. Paired terrain strata produced stronger q-values than individual factors, particularly for slope ∩ relief (q = 0.628). This pattern is descriptive rather than mechanistic. Similarly, the small q-value for northness (0.003) does not demonstrate that contrasts in solar radiation are weak; testing this explanation requires radiation, microclimate, vegetation, and field measurements.

The method supports regional hypothesis generation: limiting simulated forest conversion, moderating impervious expansion, and increasing cropland-to-forest transition preserve more assigned carbon. Site-specific prescriptions require additional evidence. For modification of the workflow toward decision-focused applications, incorporate verified protected-area, ecological-redline, transport, parcel, and village-node layers, together with assessments of stakeholder participation, ecosystem-service trade-offs, incentives, restoration costs, cultural services, livelihoods, and biodiversity49–56. These extensions are important because the current protocol does not encode such spatial or socioeconomic constraints. The broader literature also indicates that plant storage strategies, forest structure, non-tree vegetation, tourism behavior, and built-environment life-cycle effects require analyses distinct from the present land-cover accounting57–61.

Several limitations define the appropriate use and interpretation of the method. These include literature-derived carbon densities without local field calibration, potential CLCD classification error, a simplified custom Markov-CA, a change-focused validation FoM of 0.107, non-fitted stress-test parameters, and a single-seed stochastic assessment. Additional limitations are the one-factor-at-a-time design rather than probabilistic uncertainty analysis, omission of planning, socioeconomic, accessibility, soil, forest-age, and climate-change layers, and non-causal OPGD associations. These limitations mean that the workflow is appropriate for comparative regional scenario assessment but does not provide deterministic spatial forecasts, locally calibrated carbon inventories, or causal estimates of policy effectiveness.

With respect to existing and alternative approaches, the significance of the protocol lies in integrating land-use simulation, four-pool carbon accounting, validation, sensitivity testing, and terrain-association analysis within a reproducible workflow while retaining explicit limitations on interpretation. Troubleshooting and modification should focus particularly on the steps that most strongly affect downstream interpretation: land-cover preprocessing and masking, transition and scenario parameterization, model validation, carbon-density assignment, and terrain discretization.

The workflow can be applied to comparative assessment of alternative land-use trajectories and to identifying spatial associations that warrant further investigation, while site-specific applications require additional locally verified evidence. Priorities for future research include collecting local carbon measurements, comparing alternative allocation models and random seeds, fitting parameters to independent drivers, and propagating classification, parameter, and climate uncertainty. These developments would extend the present workflow beyond comparative stress testing and provide a stronger basis for evaluating land-use and carbon-storage outcomes under additional sources of uncertainty.
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