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Study area and datasets
We define the study area as the Greater Sydney region in New South Wales, Australia, encompassing all spatial locations for which consistent data are available across tree canopy cover, building footprints, land cover, urban land development projections, and climate projections (Extended Data Fig. 1a). The spatial extent is therefore determined by data availability rather than administrative boundaries and represents the maximum contiguous area over which all datasets could be jointly analyzed.
To integrate datasets with different native resolutions and formats, we discretize the Greater Sydney region into a uniform grid of hexagonal microcells that constitute the unit of analysis (Extended Data Fig. 1b). We construct the grid using the H3 hierarchical spatial indexing system, which is a geodesic discrete global grid designed to support multiscale spatial analysis through hexagonal cells (Brodsky, 2018). Base-resolution H3 hexagons covering the study extent are obtained directly from the input datasets (State Government of NSW and NSW Department of Planning Housing and Infrastructure, 2025), each identified by a unique h3 index, and subsequently aggregated into level-1 microcells by merging each hexagon with its six immediate neighbors sharing a common edge using parent–child relationships defined within the H3 framework. This aggregation produces spatial units with an effective radius of approximately 75 m, yielding a grid of 279,965 microcells covering the analyzed extent of Greater Sydney.
The choice of the level-1 microcell scale reflects both methodological and empirical considerations. At the base-hexagon resolution, proportional measures of tree canopy and built coverage are highly sensitive to fine-scale geometric variation, whereas aggregation to the microcell scale yields more stable and interpretable estimates. The resulting microcells align closely to neighborhood-scale spatial relationships observed between tree canopy cover and near-surface air temperature, while remaining sufficiently fine-grained to capture intra-urban heterogeneity (Ziter et al., 2019). For analytical purposes, land cover, built form, and climate exposure are assumed to be approximately homogeneous within each microcell, which enables consistent spatial integration across datasets with differing native resolutions.
We derive baseline tree canopy conditions from the Greater Sydney Canopy Access 2022 dataset produced by the State Government of NSW and NSW Department of Planning Housing and Infrastructure (2025). This dataset provides vegetation cover metrics in a hexagonal vector grid across the Greater Sydney region and classifies vegetation by height, with tree canopy defined as vegetation exceeding 3 m. Canopy cover is reported as the percentage of each hexagonal cell occupied by tree canopy. Because the dataset is supplied in a hexagonal grid compatible with the H3 base resolution, we calculate tree canopy percentage for each microcell as an area-weighted mean across all constituent base hexagons. These values represent baseline canopy access conditions and serve as the initial state for subsequent analyses.
We characterize baseline urban land development using the ESA WorldCover 2021 dataset (Zanaga et al., 2022). This global land-cover product provides categorical classifications at 10 m spatial resolution, with each pixel assigned to one of 11 mutually exclusive land-cover classes defined under the Food and Agriculture Organization of the United Nations land cover classification system (Di Gregorio, 2005). Among these classes, the “built-up” category identifies areas dominated by buildings, roads, and other impervious urban surfaces. We extract the built-up class and intersect it with the microcells. For each microcell, we calculate the proportion of area classified as built-up by summing the area of built-up pixels within the microcell and dividing by the total microcell area. This proportion represents the observed baseline urban land development state against which future urban land expansion scenarios are downscaled and evaluated.
Future urban land development projections, referred to here as projected built-up area, are obtained from the global 1-km downscaled urban land extent projection dataset developed by Gao and Pesaresi (2021a, 2021b). This dataset provides decadal projections of urban land fractions from 2000 to 2100 under five shared socioeconomic pathways (SSP1–SSP5). In this study, we use projections corresponding to SSP1, SSP2, and SSP5 for decadal periods beginning in 2040. The projections are supplied at a spatial resolution of approximately 1 km and represent the fraction of each grid cell classified as urban land. These projections form the basis for modeling future urban land development trajectories in Greater Sydney and are further downscaled to the microcell level.
Baseline building footprint is characterized using the Microsoft Bing Maps open building footprints dataset for Australia, which provides polygon geometries representing the spatial extent of individual buildings derived from automated extraction of high-resolution satellite imagery (Microsoft, 2018). We align the building footprint layer with the microcell grid and calculate, for each microcell, the total area of building footprints contained within its boundary. This area is expressed as a proportion of total microcell area, yielding a baseline measure of building footprint coverage at the neighborhood scale. These estimates of baseline building footprint are subsequently combined with downscaled projections of urban land development under different SSPs to estimate future building footprint extents within each microcell and to inform upper bounds on feasible tree canopy expansion in future decades.
Projected climate data are obtained from the coupled model intercomparison project phase 6 (CMIP6) application-ready gridded datasets (Irving et al., 2024). We use daily maximum near-surface air temperature (tasmax) projections for three emissions pathways corresponding to SSP1-2.6, SSP2-4.5, and SSP5-8.5. The datasets are provided at an approximate spatial resolution of 5 km and are generated using a statistical scaling approach that applies projected quantile changes from CMIP6 global climate models to high-quality observational baselines. For temperature, datasets scaled from the Australian gridded climate data (AGCD) observational product are used. A multi-model ensemble comprising eight CMIP6 global climate models is used to characterize uncertainty across climate responses. We extract daily tasmax projections for decadal years spanning 2040 to 2099, with values for 2099 used as a proxy for end-of-century (2100) conditions. Projected temperatures are then assigned to microcells and combined to construct ensemble estimates.
To ensure temporal consistency across datasets that are not observed in the same calendar year, we define a common baseline reference year. All baseline conditions are indexed to the year 2020, even though the underlying datasets are drawn from the closest available observation years spanning approximately 2018 to 2022. Future allocation decisions and regime simulations are subsequently evaluated at discrete decadal time steps from 2040 to 2100, consistent with the temporal resolution at which projected urban land development and climate data are available. All state variables and initial conditions used in the following analyses are indexed relative to this 2020 baseline unless stated otherwise.
Spatio-temporal microcell panel
We transform the baseline microcell dataset into a fully specified spatio-temporal panel suitable for forward-looking analysis under alternative socioeconomic and climate futures. Observed baseline conditions are extended through projections that are internally consistent across space, time, and scenario. For each microcell we estimate future building footprint fractions for multiple decadal time steps under different shared socioeconomic pathways, derived from projected built-up area that is first downscaled from coarser spatial resolutions. In parallel, we assign downscaled and ensemble-averaged projections of daily maximum near-surface air temperature to each microcell for corresponding emissions pathways and target years.
Downscaling projected urban land development
Urban land development projections were represented at three nested spatial scales. Global-scale projections were provided at a 5 km resolution under multiple SSPs. These projections were first downscaled to a 1 km grid using the method described in the source dataset and treated as fixed inputs in this study (Gao & Pesaresi, 2021a, 2021b). The present analysis further downscaled the 1 km projections to a microcell scale defined by approximately 75 m level-1 microcells spatial units covering the Greater Sydney region. All spatial operations were conducted using a consistent geographic coordinate reference system, and areas were computed using geodesic calculations to ensure metric consistency.
Because microcell boundaries do not generally align with the 1 km grid, individual microcells may overlap multiple 1 km grid cells. To accommodate this, each microcell was partitioned into one or more spatially contiguous sub-polygons (pieces), each uniquely associated with a single parent 1 km grid cell. All allocation operations were performed at the piece level, with parent grid membership preserved throughout the allocation process. Final microcell-level values were obtained by aggregating allocations across all pieces belonging to the same microcell.
Let  index 1 km grid cells and  index decadal time steps. Let  denote the fraction of built-up land in grid cell  at the beginning of decade , and let  denote the physical area of grid cell . The decadal increase in built-up area within grid cell  was calculated as
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Only positive values of  were considered. If the projected change was zero or negative, no allocation was performed for that grid cell during the corresponding decade.
For each microcell piece , total area , built-up area at the beginning of decade , , and maximum developable land area  were defined. The remaining developable capacity at the beginning of the decade was given by
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Initial built-up area values  were derived from the ESA WorldCover 2021 dataset by extracting pixels classified as “Built-up” and intersecting them with the microcell geometries (Zanaga et al., 2022). For each microcell, the total area of intersecting built-up pixels was calculated using geodesic area measurements and expressed as a proportion of the total microcell area. These proportions were converted to absolute built-up areas and assigned to all constituent microcell pieces in proportion to their areas.
Microcell pieces were grouped by their parent 1 km grid cell. Let  denote the set of microcells spatially contained within grid cell . All allocation operations were performed independently within each , and no redistribution across grid cell boundaries was allowed.
Within each grid cell and decade, allocation weights were defined based on the built-up area at the beginning of the decade. For microcell , the weight was computed as
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If the denominator was zero, indicating that no microcell piece within the grid cell had existing built-up area, weights were instead defined using remaining developable capacity,
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Weights were normalized to sum to one within each grid cell.
An initial allocation of built-up area to microcell pieces was computed as
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This allocation was subject to a capacity constraint such that . If the initial allocation exceeded available capacity, it was capped at , and the excess amount was recorded as overflow. Total overflow within grid cell  at iteration zero was defined as the sum of excess allocations across all microcell pieces in .
Overflow was redistributed iteratively among pieces with remaining capacity. At iteration , remaining capacity was defined as
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Redistribution weights were proportional to remaining capacity,
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where  denotes the subset of pieces with positive remaining capacity at iteration . Additional allocation at each iteration was computed as the minimum of the proposed share and remaining capacity. Iterations continued until either all overflow was absorbed or no remaining capacity existed within the grid cell.
The total allocation to microcell piece  during decade  was obtained by summing allocations across all iterations. Built-up area was updated at the end of each decade according to
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Updated values were then aggregated across all pieces belonging to the same microcell to obtain microcell-level built-up areas and were used as inputs for the subsequent decadal allocation step.
For each grid cell and decade, the procedure conserves total allocated built-up area up to the limit imposed by microcell-level developable capacity. If the sum of remaining capacities within a grid cell was insufficient to absorb the projected increase , the unallocated remainder was discarded and not transferred to neighbouring grid cells. The resulting outputs consist of decadal trajectories of built-up area at the microcell scale that preserve the spatial and temporal structure of the 1 km urban projections while enforcing microcell-specific capacity constraints.
Estimating future building footprint
This step uses the decadal microcell built-up land fractions produced by the preceding downscaling algorithm as inputs and translates them into SSP-specific trajectories of building footprint fraction. Let microcells be indexed by  and decadal time steps by . Let  denote the building footprint fraction in microcell  at the beginning of decade , consistent with the notation used in the canopy allocation framework. Let  denote the built-up land fraction in microcell  at the beginning of decade  under socio-economic pathway s ∈ {SSP1, SSP2, SSP5} where  for  is taken directly from the microcell scale downscaled urban land development outputs. Observed building footprints provide the initial condition , and observed baseline built-up land provides . We enforce the physical constraint  for all .
To update building footprints as built-up land expands or contracts, we represent local development intensity through a footprint density ratio computed from the previous decade,
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where  is a small threshold that avoids instability when built-up land is negligible. The density ratio is bounded to [0, 1] and can be interpreted as the share of built-up land occupied by building footprints in microcell  at the previous decade.
For each pathway , we initialise  and , then propagate  sequentially for all available projected decades. At each decade, we compare the new built-up fraction  to the previous value  and update footprints according to three cases.
If built-up land remains unchanged within tolerance, building footprints are carried forward unchanged:
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If built-up land decreases, footprints contract proportionally to preserve the previous decade density:
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If built-up land increases, we distinguish between microcells that have previously exhibited non zero building footprint and those that have not. Define an indicator  that equals 1 if  for any , and 0 otherwise. For microcells with development history , expansion follows the microcell’s own realized density and Equation (11) is applied unchanged, using  computed from the microcell’s previous decade state.
For microcells that experience built-up land expansion without any prior building footprint history , the density ratio cannot be inferred locally. In these cases, we estimate a neighbourhood density using the H3 adjacency structure. Let  denote the set of microcells within H3 grid distance  of microcell , excluding  itself, and let  denote the maximum search radius. We identify the smallest radius r* ∈ {1, …, R}
for which at least one neighbor  satisfies . The neighbourhood density is then defined as the mean of neighbour densities at that radius,
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If no neighbors with  exist within , we assign a conservative default density . Newly developing microcells are then updated as
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with  given by Equation (12) when neighborhood information exists and by  otherwise. After each update,  is bounded to [0, 1] and the constraint  is enforced.
The procedure is applied independently under SSP1, SSP2, and SSP5, ensuring that pathway specific differences in building footprints arise solely from differences in the downscaled built-up land trajectories. For transparency, we record diagnostic metadata at each decade indicating whether  was carried forward, derived from the microcell’s own density, inferred from neighborhood density, or assigned using the default density, together with the neighborhood radius used for inference. These diagnostics support auditing of when footprint estimates rely on local history versus spatial borrowing during newly developing phases.
Downscaling and ensembling climate projections
Daily maximum near-surface air temperature projections, tasmax, are downscaled from gridded CMIP6 application-ready datasets to the microcell scale and subsequently combined into multi-model ensemble estimates. The procedure preserves the native daily temporal resolution of the climate projections while providing spatially explicit temperature time-series for each microcell in the study area.
Projected tasmax values are provided at an approximate spatial resolution of 5 km. To assign these projections to microcells, we adopt a centroid-based nearest-neighbor sampling approach. Each microcell is represented by its geometric centroid, and daily temperature values are assigned by selecting the tasmax value from the nearest climate grid cell to that centroid for each day. Formally, for microcell  and day , the assigned temperature is given by
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where  denotes the daily maximum temperature of the climate grid cell closest to the centroid of microcell . No spatial interpolation or sub-grid averaging is applied. Consequently, microcells located within the same climate grid cell receive identical daily temperature values, and no artificial spatial variability is introduced beyond that resolved by the climate data. This procedure is applied independently for each climate model, emissions pathway, and target year, producing model-specific daily temperature time-series at the microcell level.
To characterize uncertainty across climate responses, we construct a multi-model ensemble using eight CMIP6 global climate models. For each emissions pathway and target year, daily tasmax projections from all models are combined at the microcell level, producing model-aligned daily temperature time-series for each spatial unit. For subsequent modelling, we use only the ensemble mean of daily maximum temperature. This ensemble mean is aggregated across all days in a given year to obtain a single annual average daily maximum temperature for each microcell, emissions pathway, and target year. 
 Adaptation regime design
We adopt a structured experimental design that separates exogenous future conditions from endogenous procedural choices, and further distinguishes between normative prioritization, allocation timeline, and budget availability. This separation is essential for identifying when and how lock-ins emerge, and for avoiding conflation between uncertainty, values, and policy intervention. In the regime framework, SSP–RCP scenarios define external conditions that shape the decision space for adaptation, rather than choices that can be revised or shifted by local decision makers. Justice principles, allocation timelines, and total canopy budgets, by contrast, represent policy constraints on budget availability that structure how adaptation unfolds within those external conditions.
Exogenous futures and constrained decision spaces
We represent future climate and urban development conditions using three coupled SSP–RCP scenarios: SSP1–2.6, SSP2–4.5, and SSP5–8.5. These scenarios jointly determine two time-varying constraints on adaptation. First, they determine trajectories of urban land development, which are downscaled to the microcell level and translated into projected building footprint fractions. As built-up land expands, the feasible space for tree canopy contracts, and previously established canopy may be lost when built expansion exceeds local capacity. These changes directly affect the maximum attainable canopy fraction in each microcell at each decade. Second, SSP–RCP scenarios determine projected heat exposure through decadal estimates of annual mean daily maximum near-surface air temperature. These projections do not influence feasibility directly, but they condition priority under the prioritarian justice principle by identifying which neighborhoods are most exposed to heat at each decision point.
Crucially, SSP–RCP scenarios define exogenous trajectories of climate and urban development. They evolve independently of local adaptation actions and cannot be altered by reallocating canopy. Their role in the analysis is to progressively reshape the physical and climatic context within which adaptation decisions are made, thereby influencing the consequences and reversibility of those decisions. Lock-in is therefore not attributed to the choice of an SSP–RCP, but to how procedural decisions interact with the constraints those futures impose.
Procedural choices: justice principles and allocation timelines
Within each SSP–RCP scenario, we model adaptation as a sequence of decadal decisions about where and when to allocate tree canopy. Two distinct types of procedural choice structure this sequence.
The first is normative prioritization, represented by three justice principles: utilitarian, sufficientarian, and prioritarian. These principles determine how available canopy resources are distributed across microcells within a given decade, conditional on the current state of the system and the remaining feasible capacity. Justice principles are held fixed within each model run, reflecting sustained normative commitments rather than ad hoc reallocations.
The second is temporal sequencing, represented by alternative allocation timelines that determine how a fixed total canopy budget is distributed over time. We define four distinct allocation timelines that describe how the total available tree canopy is deployed across the planning horizon: a linear timeline with uniform allocation over time, an early-heavy timeline that front-loads allocation, a late-heavy timeline that defers allocation to later decades, and a mid-heavy timeline that concentrates allocation around mid-century (Extended Data Fig. 2a). We evaluate cumulative allocations at discrete decadal time points, reflecting the temporal resolution at which allocation outcomes are analyzed in this study and excluding intermediate years that are not explicitly assessed (Extended Data Fig. 2b). Total budget availability varies across a wide range of cumulative levels, while maintaining the same timeline shapes. Once allocated, the canopy is assumed to persist in subsequent periods, so that cumulative allocation at any point reflects all prior allocations and the sequential structure of decisions over time.
Each timeline specifies the timing of budget availability across decades, independent of where those resources are ultimately allocated. By separating allocation timelines from normative prioritization, we isolate the procedural effects of early versus delayed commitment while holding justice principles constant. Such distinction is central to the analysis of lock-in. Because canopy allocation is cumulative and subject to feasibility constraints that evolve over time, early allocations influence not only current outcomes but also the marginal effectiveness and feasibility of future allocations. Allocation timelines therefore govern when commitments are made and how rapidly the decision space contracts, even when later decision makers face the same justice principles and nominal budget availability.
Budget availability as an intervention constraint
In addition to allocation timelines and prioritization, we vary the total cumulative canopy budget available by 2100 across a wide range of values, from 25 million to 4 billion square meters of tree canopy. Total budget represents a policy-relevant intervention parameter that constrains the upper bound of achievable canopy expansion over the planning horizon, but does not constitute a regime in itself. For a given regime shape, changing the total budget scales the magnitude of decadal allocations without altering their temporal profile (Extended Data Fig. 2a).
Varying total canopy budgets serves two purposes. Substantively, it allows us to examine adaptation outcomes under both resource scarcity and relative abundance. Analytically, it provides a critical test of procedural lock-in. If lock-in were driven solely by insufficient resources, increasing total budgets would eliminate or substantially weaken it. By contrast, persistence of lock-in effects across high-budget regimes indicates that early procedural commitments, rather than scarcity alone, constrain future choices.
Sequential implementation and experimental design
Each model run is defined by a unique combination of SSP–RCP scenario, justice principle, allocation timeline, and total canopy budget. Starting from observed baseline canopy conditions in 2020, the system is updated sequentially at decadal decision points (2040, 2050, 2060, 2070, 2080, 2090, and 2100; Extended Data Fig. 2b). At the beginning of each decade, feasible canopy bounds are updated based on projected building footprints and land-use-specific canopy limits, and any forced canopy losses are applied. The decade-specific canopy budget is then allocated according to the selected justice principle, yielding the canopy state carried forward to the next decision point.
All runs share identical spatial units, feasibility constraints, and state update rules. Differences in outcomes therefore arise solely from differences in exogenous futures, normative prioritization, allocation timeline, and budget availability. This factorial design enables direct comparison of adaptation regimes  with identical cumulative resources but different sequencing, and of justice principles operating under identical external conditions. Lock-in is identified not as an assumed property of any single regime, but as an emergent feature of sequential decision making under evolving constraints.
Operationalization of justice theories
We operationalize three justice principles for allocating tree canopy, including utilitarian, sufficientarian, and prioritarian, within a common analytical framework. All three logics operate over the same spatial units, state variables, feasibility constraints, and temporal updating structure, and differ only in the rule used to prioritize allocations across microcells. This shared structure enables direct comparison of justice logics without confounding differences in physical constraints or system dynamics.
Let microcells be indexed by  and decadal time steps by . Let  denote the tree canopy fraction in microcell  at the beginning of decade ,  denote microcell area, and  denote the building footprint fraction. Canopy allocation is subject to biophysical and land-use constraints common to all justice logics. Canopy cannot exceed available non-built land, given by , and is further constrained by land-use-specific structural limits. Each microcell is assigned a dominant land-use category, and the maximum observed baseline canopy fraction in 2020 within that category defines an empirical upper bound . The feasible canopy fraction at time  is therefore
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If existing canopy exceeds this bound due to built expansion, canopy loss is enforced prior to allocation. Let
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denote the canopy fraction after any enforced loss. All allocations described below operate on  and respect the remaining feasible capacity .
At each decade, a fixed canopy area budget  is available for allocation. Canopy added during decade  is denoted , and canopy fractions are updated consistently across all justice logics as
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with the resulting distribution serving as the initial condition for the subsequent decade.
Utilitarian 
We operationalize utilitarian justice as an efficiency-based allocation principle in which canopy resources are distributed to maximize aggregate daytime cooling across the urban system. Under this interpretation, justice is defined in terms of total welfare: each unit of canopy is allocated to the location where it yields the greatest marginal reduction in daytime temperature anomaly per unit area, subject to the feasibility constraints defined above.
To represent marginal cooling benefits, we draw on the empirically estimated canopy–temperature relationship reported by Ziter et al. (2019), which quantifies nonlinear and scale-dependent interactions between tree canopy and daytime summer air temperature using mobile measurements in Madison, Wisconsin. We reproduce the reported 90 m neighborhood-scale response using the original data and model specification and extract the partial effect of canopy cover while holding other covariates constant. This yields a smooth empirical response  defined over canopy fractions , where more negative values indicate greater cooling. Because Madison and Greater Sydney differ in climate, vegetation composition, urban form, and background meteorology, we do not interpret this relationship as a transferable predictor of absolute temperature change. Instead, the reproduced response is treated as an empirical summary of the nonlinear canopy–cooling relationship identified in that study and is used solely to rank relative marginal cooling benefits across locations with different baseline canopy levels.
For numerical optimization,  is approximated by a low-dimensional polynomial surrogate. This approximation serves only as a numerical device that enables marginal cooling to be evaluated at arbitrary canopy fractions during optimization; its coefficients are not interpreted physically, and allocation outcomes do not depend on their exact values. To eliminate numerical artefacts introduced by polynomial fitting, we enforce a monotone non-increasing envelope on the fitted response. Let  denote the polynomial approximation. Evaluated on a dense grid , the response used in optimization is defined as
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with linear interpolation used for intermediate values. This construction ensures that increasing canopy fraction never increases the temperature anomaly score. The resulting function  is used only to evaluate relative cooling gains and is not interpreted as a transferable predictor of absolute temperature change.
Given current feasible canopy levels, the total cooling gain available in microcell  if filled to capacity is
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and the remaining plantable canopy area is . We define marginal cooling efficiency as cooling gain per unit canopy area,
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Canopy is allocated greedily in descending order of  until the budget  is exhausted or no remaining capacity exists. Because the utilitarian objective is additive across microcells and represents marginal benefit per unit area, this procedure yields the utilitarian optimum under the adopted response shape and constraints. Throughout, the canopy–temperature function is used only to compare relative cooling benefits under alternative allocations, and resulting canopy distributions should be interpreted as efficiency-maximizing outcomes under a utilitarian justice principle rather than as predictions of realized air temperatures.
Sufficientarian 
We operationalize sufficientarian justice as a threshold-oriented allocation rule for tree canopy, in which priority is given to ensuring that all neighborhoods attain an adequate minimum level of canopy cover before additional resources are allocated elsewhere. The sufficientarian logic is informed by the 3-30-300 rule, and in particular by its emphasis that neighborhoods should achieve approximately 30% tree canopy cover as a baseline condition for urban livability (Browning et al., 2024; Konijnendijk, 2023). Because the 3-30-300 rule is articulated using indicators and spatial units that differ from our microcell representation, we do not impose a fixed 30% target directly. Instead, we adopt the normative structure of the rule by operationalizing sufficiency as the progressive reduction of canopy shortfall in low-canopy neighborhoods toward a common minimum level that is determined endogenously by resource and feasibility constraints.
Given the post-loss canopy state  and feasible maximum , the sufficientarian allocator distributes the available budget  by progressively raising the lowest-canopy microcells first, independent of cooling efficiency or heat exposure. Allocation proceeds according to a progressive filling (water-filling) rule widely used in max–min fairness problems (Bertsekas & Gallager, 2021; Radunovic & Le Boudec, 2007). Operationally, a target canopy level  is identified such that canopy in each microcell is increased toward . The canopy increment is given by
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subject to the area canopy budget constraint
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The value of  is determined endogenously at each decade so that the available canopy budget is fully utilized whenever sufficient remaining capacity exists. If the canopy budget is insufficient to raise all microcells to a common level, it is fully absorbed by the lowest-canopy microcells. If the canopy budget exceeds remaining capacity, all microcells saturate at their feasible maxima.
Prioritarian 
We operationalize prioritarian justice as a heat-exposure-weighted allocation rule in which priority is given to neighborhoods facing higher thermal exposure. Under this interpretation, justice assigns greater moral weight to improvements in worse-off conditions. Here, “worse off” is defined operationally as higher projected daytime heat exposure, represented by the annual mean daytime air temperature anomaly . The prioritarian allocation uses  solely to establish priority ordering; it does not enter the allocation magnitude directly.
Given the post-loss canopy state  and feasible maximum , the available canopy budget  is allocated by ranking microcells in descending order of  and serving hotter microcells first. To ensure equitable treatment among microcells experiencing similar heat exposure, allocation proceeds in groups with approximately equal , referred to as heat bands.
For each heat band, the allocator first determines whether the remaining canopy budget is sufficient to fill all microcells in the band to their feasible canopy limits. If sufficient, canopy is added until  for all microcells in the band. If insufficient, the remaining canopy budget is distributed uniformly across the band by applying a common canopy fraction increment , capped by each microcell’s remaining capacity. The resulting increment is
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where  is chosen such that the total canopy area added across the band matches the remaining budget as closely as possible. Once this partial-band allocation is completed, the budget for decade  is exhausted.
Although the prioritarian allocation rule depends only on heat exposure ordering, we evaluate the thermal implications of the resulting canopy distributions using the same canopy–temperature response function employed in the utilitarian analysis. This ensures that cooling outcomes remain directly comparable across justice logics while keeping the prioritarian allocation rule itself strictly defined by concern for the most heat-exposed neighborhoods.
Regime shift and lock-in analysis
We conceptualize lock-in as an emergent property of sequential allocation decisions under evolving feasibility constraints, in which early procedural choices shape the regime of the system and progressively constrain the outcomes achievable under alternative decision rules. In this study, lock-in is defined as the cumulative divergence between a realized trajectory and the counterfactual trajectory that would have emerged under a different procedural rule from the outset. This perspective draws on path-dependence theory, where early commitments restructure future option sets (Unruh, 2000), and on analyses of infrastructure and carbon lock-in that highlight how long-lived spatial allocations generate inertia in socio-technical systems (Seto et al., 2016). Methodologically, we adopt an adaptation regimes perspective, evaluating how decision options evolve through time and how shifting actions perform under progressively tightening constraints (Haasnoot et al., 2020; Haasnoot et al., 2013).
To isolate this effect, we construct controlled regime shift experiments across all combinations of justice principles and allocation timelines. Each experiment compares three trajectories. The first is a baseline no-shift regime, in which a fixed adaptation regime governs all allocation decisions from 2040 to 2100. The second is a target no-shift counterfactual regime, in which an alternative procedural decision rule is applied over the entire horizon. The third is a shifted regime, in which the system follows the baseline adaptation regime up to a specified shifting year and then adopts the target adaptation regime for all subsequent decisions. Shifting decisions are implemented at decadal decision points s ∈ {2040, 2050, 2060, 2070, 2080, 2090}. Because allocations made at decade s determine the system state observed in the subsequent decade, the effects of shifting are manifested in t ∈ {2050, 2060, 2070, 2080, 2090, 2100}.
At the moment of shifting, past allocations are treated as sunk, and the remaining canopy budget is reallocated across the remaining decades according to the allocation timeline of the target adaptation regime. This reproduces the sequential decision logic implemented in the simulation code, where allocation timelines are dynamically replanned conditional on prior commitments.
Lock-in is measured as the cumulative divergence between the realized shifted trajectory and the corresponding no-shift counterfactual trajectory. For a given system state metric  (e.g., canopy evenness or built-weighted canopy evenness), the lock-in cost associated with shifting at year  is defined as the integrated difference between trajectories over time,
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where  is the state under the shifted regime and  is the corresponding counterfactual state under the target regime. This quantity is expressed in percentage-point years, capturing both the magnitude and persistence of divergence. This formulation allows lock-in to be evaluated consistently across all regime transitions, canopy budgets, and SSP–RCP scenarios.
Analytical decomposition of adaptation lock-in
We examine how sequential decisions reshape the structure of the decision space through time to explain why delayed shift generates persistent divergence between adaptation regimes. Adaptation lock-in arises because each allocation modifies both the distribution of existing canopy and the spatial configuration of remaining feasible capacity, thereby conditioning the options available to subsequent decisions.
In our framework, lock-in is not driven by exogenous constraints alone, but by the interaction between evolving feasibility conditions and the cumulative effects of prior allocations. Early decisions establish spatial commitments that cannot be strategically withdrawn within the model, while feasibility constraints evolve independently through urban development and land-use limits. Together, these processes produce a path-dependent system in which later decision rules operate on an inherited and increasingly structured landscape.
All calculations use the same microcell state variables and feasibility constraints defined in Equations (15) to (17). At each decision decade , the maximum feasible canopy fraction in microcell  is  (Equation (15)). If built expansion reduces feasibility below the realized canopy level, canopy is reduced to the post-loss state  (Equation (16)) prior to allocation. The system is then updated by allocating increments , and the canopy state is propagated forward (Equation (17)).
We characterize adaptation lock-in using two complementary components: (i) regime-shift-based divergence diagnostics and (ii) evolving feasibility conditions that structure the decision space.
Regime shift experiments and lock-in diagnostics
To examine how evolving feasibility conditions shape persistent effects under procedural change, we conduct one-shift experiments that emulate a single mid-course policy shift at a chosen decision decade. This design follows the adaptation regimes tradition, which evaluates how shifting actions perform as conditions evolve and option spaces progressively change (Haasnoot et al., 2020; Haasnoot et al., 2013). In each experiment, we fix an SSP–RCP scenario, which defines the exogenous climate and urban development trajectories and hold the total cumulative canopy budget  constant over the 2040–2100 horizon. We then define a baseline adaptation regime, defined by a justice principle and an allocation timeline, which governs allocations from 2040 up to the shifting year. From the shift year onward, allocations follow a target adaptation regime, again defined by a justice principle and an allocation timeline. Shifting is evaluated at year s. Differences between shifted outcomes and their corresponding no-shift counterfactual trajectories are interpreted as evidence of adaptation lock-in arising from sequential commitments under evolving feasibility conditions.
Let  denote the canopy fraction produced by simulating the system under the baseline adaptation regime up to shifting year , then under the target adaptation regime thereafter, using the same feasibility updates (Equations (15) to (17)). To isolate procedural effects from changes in total resources, we hold the total canopy budget  fixed and replan only the remaining budget after the shift across the remaining decades according to the target regime logic. This reproduces the shifting logic in the code: past expenditure implied by the baseline adaptation regime is treated as sunk, and the remaining allocation timeline is rescaled over the remaining planning horizon.
For each target adaptation regime, we also simulate a no-shift counterfactual regime , in which the target procedural decision rule is applied over the entire horizon. We then evaluate the effects of shifting using three complementary diagnostics, all normalized by a fixed scalar . In the main specification, , which expresses mismatches as a share of the total canopy budget and yields dimensionless values that are comparable across budgets.
Metric 1, unattainable shortfall at 2100. We first quantify the extent to which divergence is driven by binding feasibility constraints at the end of the planning horizon. While shifting may generate differences relative to the target regime, not all such differences are structurally irreversible. This metric isolates the portion of the target shortfall that cannot be closed even if all remaining feasible capacity at 2100 were fully utilized. Define the target shortfall in canopy area as
	
	
	(25)


and the remaining addable area at 2100 under the shifted outcome as
	
	
	(26)


The unattainable component is then
	
	
	(27)


A positive value indicates that, even with full use of remaining capacity, the target distribution cannot be reached because feasible space has been exhausted or eliminated. This metric therefore captures lock-in that arises from hard feasibility limits rather than from procedural sequencing alone.
Metric 2, Premature commitment at the shift moment. We next quantify how early allocations shape the inherited system state at the moment of shifting. Shifting can generate persistent divergence because the baseline regime may allocate canopy to locations that the target rule would not have prioritized, creating sunk distributional commitments. Let  denote the pre-shift decade. Premature commitment is defined as
	
	
	(28)


This metric measures the canopy area allocated above the target counterfactual prior to the shift. Because canopy cannot be directly withdrawn within the model, except through forced losses induced by feasibility contraction, such over-allocation constrains subsequent reallocation and can propagate divergence even when sufficient aggregate capacity remains.
Metric 3, Regime shift irreversibility at 2100. We measure the aggregate divergence between the shifted regime and the target counterfactual at the end of the planning horizon,
	
	
	(29)


A positive value indicates that, even after adopting the target procedural rule at , the final distribution differs from what would have been achieved if the target rule had been applied from the outset. This metric summarizes the cumulative effects of both early commitments and feasibility constraints on the final spatial configuration.
Across all shift years, justice principles, adaptation regimes, canopy budgets, and SSP–RCP scenarios, these three metrics provide a structured account of adaptation lock-in. Metric 1 isolates divergence that is structurally unattainable due to binding feasibility constraints, Metric 2 captures premature spatial commitments inherited from earlier decisions, and Metric 3 summarizes the cumulative divergence that persists to the end of the horizon. Together, they characterize lock-in as the outcome of sequential commitments interacting with evolving constraints, consistent with broader analyses of limited back-adjustment capacity in climate action systems (Le Quéré et al., 2026). To interpret the sources of divergence identified by these diagnostics, we next examine how sequential allocation reshapes the structure of the decision space over time.
Decision space contraction and spatial constraints
We first quantify how the feasible option space evolves under sequential allocation. The remaining feasible canopy capacity in microcell  at decade  is
	
	
	(30)


From , we then compute three decision space contraction metrics, reported for each decade , SSP–RCP scenario, justice principle, allocation timeline, and canopy budget.
Total remaining capacity. The total remaining feasible canopy area is
	
	
	(31)


Declines in  indicate contraction of the feasible option space available to future decision makers, whether due to built expansion, land use limits, or saturation from prior allocations.
Forced canopy losses. Built expansion can invalidate previously achieved canopy levels by reducing  below existing canopy. The enforced loss in microcell  at decade  is
	
	
	(32)


where  denotes the realized canopy fraction immediately before applying feasibility updates for decade , consistent with the sequential update in Equations (15) to (17). Forced loss captures an irreversible mechanism that is external to procedural choice: once canopy is removed because feasibility contracts, recovery must compete with future canopy budgets and remaining capacities and may be impossible where feasibility remains binding.
Remaining capacity concentration. Even when aggregate remaining capacity is nonzero, later correction can be limited if remaining capacity is concentrated in a small subset of microcells. We therefore characterize the distribution of {} using the Gini coefficient as
	
	
	(33)


Higher  indicates that remaining feasible action becomes increasingly uneven across space, which restricts the set of achievable distributions and increases the risk that mismatches cannot be corrected in the locations where the alternative procedural rule would prioritize intervention.
These diagnostics describe how the decision space is progressively structured by prior allocations and external constraints. Importantly, they do not define lock-in directly, but characterize the conditions under which lock-in emerge
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