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ABSTRACT: Multi-jurisdictional carbon modelling for coastal zone management and rural development
planning is constrained by data sovereignty barriers that prevent collaborative analysis across
administrative boundaries. A novel FedProx-PLUS-InVEST framework was developed to enable privacy-
preserving land-use simulations and carbon storage assessments using federated learning. The framework
was validated in the Batticaloa Lagoon watershed, Eastern Sri Lanka, where three scenarios were simulated:
Business as Usual, Rapid Rural Economic Expansion, and Ecological Protection. Model accuracy
approaching centralised training performance was achieved while maintaining complete data locality across
the participating jurisdictions. Carbon storage projections revealed that carbon neutrality targets require
stringent mangrove protection measures, with the Ecological Protection scenario achieving a net carbon
gain relative to the baseline (+2.4%), demonstrating the highest carbon sequestration potential among the
three scenarios evaluated. This framework represents the first coupling of federated learning with PLUS-
InVEST modelling, addressing critical gaps in collaborative regional planning where sensitive land-use
data cannot be centralised. This approach enables multi-stakeholder environmental planning for coastal
zone management and rural development in Sri Lanka and other data-scarce regions of the Global South
without exposing proprietary datasets, facilitating coordinated climate adaptation strategies across
institutional and political boundaries in Sri Lanka. The methodology provides a replicable template for
privacy-preserving ecosystem service modeling in data-sensitive contexts globally.
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1. Introduction

Terrestrial ecosystem carbon storage plays a critical role in global carbon emission management and
climate change responses [1]. Land use change is closely related to terrestrial ecosystems, and studying the
relationship between land use and ecosystem service carbon storage under future climate change can
optimise regional ecosystem service functions and formulate sustainable social and economic development
policies [1]. The continuous increase in CO2 greenhouse gas is one of the main reasons affecting global
climate warming, threatening human survival and development [1]. Terrestrial ecosystem carbon storage
can effectively reduce carbon emissions, which is considered an economically feasible and environmentally
friendly way to mitigate the greenhouse effect and climate change [1]. In the context of achieving carbon
peak and carbon neutralisation targets [2], understanding the impact of land use and land cover change on
regional carbon reserve variation holds great significance for regional ecosystem preservation and
socioeconomic sustainable development [2]. Land-use patterns shift to accommodate economic
development, cropland protection, and ecological conservation objectives, placing pressure on terrestrial
carbon sinks [3].

Accurate land-use forecasting requires granular local planning data, including zoning plans,
infrastructure blueprints, and socioeconomic surveys [1]. Spatially explicit economic models usually
describe human activities and ensuing land-use dynamics at a resolution that is too coarse to understand
how they affect many biophysical processes, including ecosystem service supply [3]. The technical
challenge of forecasting future land use and land cover change patterns and their influence on regional
carbon budgets is essential for sustainable development and requires multisource environmental data [4].
Traditional carbon storage estimation methods, including field surveys, vorticity correlation methods, and
remote sensing inversion, face limitations in large-scale and long-term time series studies and cannot
dynamically capture the spatial and temporal patterns and evolution of carbon storage [5]. Model-based
carbon reserve estimation methods compensate for the shortcomings of traditional methods by offering
large amounts of information, sustainability, and high cost performance [6].

Most land use and land cover change simulations are based on model results that are not fully consistent
with the actual situation [7]. The carbon density data adopted in studies are often static and may lead to
inaccurate results, as carbon density data change dynamically with changes in precipitation, temperature,
biomass, and seasonal alternations [1]. Existing studies cannot provide an effective evaluation at the city
level in large-scale research, and because carbon storage involves the economy, society, and complex,
changeable ecosystems, it is difficult for a single model to capture the process by which climate change
affects regional carbon storage [1].

Existing prediction studies only simulate the future based on current development, and the impact of
climate change is unclear [1]. The CA model does not set a mechanism to restrict metacell state
transformation and cannot simulate multiple land-use types [8]. The CLUE-S model ignores the probability
problem of disadvantaged land use types in the allocation process, leading to large prediction errors, and is
mostly applied to small-scale studies [8]. The FLUS model, while better, struggles to simulate the spatial
and temporal dynamics of multiple land use types at the patch level [8].

The patch-generating land use simulation model has a high precision in land simulation, which can add
future factors to limit the prediction of land change, to explore the impact of climate change [1]. The
advantage of the PLUS model over other models is that it identifies the drivers of land expansion and
landscape dynamics, enabling prediction of patch evolution under different land-use scenarios [1]. The
PLUS model integrates the Markov Chain, land expansion analysis strategy, and cellular automata model
of multiple random patch seeds [1]. The PLUS model applies a new land expansion analysis strategy to
better explore the causal factors of land use change while being able to accurately simulate patch-level
changes in multiple types of land use and has achieved good results in prediction studies [8]. Among them,
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the InVEST model has simple data, convenient operation, and accurate simulation, which can simulate the
spatial and temporal distribution of carbon storage on a large scale [1]. This model has been widely used
by foreign scholars in many countries and important regions and has shown strong applicability in research
in China [1]. The InVEST model carbon module divides carbon storage into four parts [1]:

Scholars have combined the model with land simulation models such as CA-Markov, Markov-CLUE-
S, FLUS, and PLUS to explore the future distribution of carbon storage [1]. The coupled SSP-RCP-PLUS-
InVEST model was constructed to simulate land use change under different scenarios, analyse the degree
of influence of driving factors on different regions, and explore the spatio-temporal evolution and spatial
correlation of carbon storage [1]. A coupled system dynamics model integrated with a patch-generating
land use simulation model was devised to simulate land use and land cover changes under diverse future
scenarios using multisource environmental data, and the InVEST model was employed to quantify carbon
storage in terrestrial ecosystems [4]. An integrated framework combining the System Dynamics model,
Patch-generating Land Use Simulation model, and Integrated Valuation of Ecosystem Services and
Tradeoffs model was developed, enabling a closed-loop analysis of driving forces, spatial simulation, and
ecological feedback [8]. The PLUS-InVEST-GeoDetector model was used to analyse the spatiotemporal
predictions and drivers of carbon storage [7].

However, existing prediction studies only simulate the future based on current development, and the
impact of climate change is unclear. Many scholars cannot provide an effective evaluation of the city-level
scale in large-scale research [1]. Because carbon storage involves economic society and the ecosystem is
complex and changeable, it is difficult for a single model to reveal the process of the impact of climate
change on regional carbon storage [1]. Most studies have focused on formulating different land
development strategies to mitigate adverse impacts, while fewer have discussed the effectiveness of these
strategies [9]. Revealing the coordination relationship between land use and land cover and carbon storage
under diverse climate scenarios is crucial for climate change adaptation in topographically complex regions
[7]. There is no general, global, computationally tractable tool for downscaling coarse land-use changes to
the spatial scale appropriate for understanding landscape and ecosystem changes across different land-
system scenarios [3].

In many developing regions of the Global South, including Sri Lanka, multi-jurisdictional
environmental planning is constrained by fragmented governance structures, where land-use data are
distributed across multiple administrative authorities with varying data standards, institutional mandates,
and regulatory frameworks. These data sovereignty barriers prevent collaborative analyses across
administrative boundaries, thereby limiting the effectiveness of regional environmental planning. The
Batticaloa Lagoon watershed in Eastern Sri Lanka exemplifies this challenge, with nine Divisional
Secretariat divisions, one municipal council, two urban councils, and six Pradeshiya Sabhas (local
government authorities), each holding jurisdiction over portions of the watershed. This fragmented
governance structure creates institutional barriers to centralised data collection and coordinated
environmental planning, motivating the need for privacy-preserving collaborative approaches.

In this study, we developed a FedProx-PLUS-InVEST framework to enable privacy-preserving land-use
simulation and carbon storage assessment using federated learning. The framework was validated in the
Batticaloa Lagoon watershed in Eastern Sri Lanka, a mangrove-rich region characterised by fragmented
governance across multiple administrative jurisdictions. Three policy scenarios were simulated: Business as
Usual, Rapid Rural Economic Expansion, and Ecological Protection. The study objectives are to develop the
FedProx-PLUS-InVEST framework, validate its performance in a multi-jurisdictional context, and simulate
carbon storage trajectories under three policy scenarios to inform coastal zone management and rural
development planning in Sri Lanka’s Eastern Province. This framework provides a replicable approach for
data-scarce regions of the Global South, where administrative fragmentation and data sovereignty concerns
impede centralised modelling. This framework represents the first coupling of federated learning with PLUS-
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InVEST modelling, introducing federated cellular automata for privacy-preserving multi-jurisdictional
carbon modelling. This approach enables multi-stakeholder environmental planning without exposing
proprietary datasets, facilitating coordinated climate adaptation strategies across institutional and political
boundaries while maintaining complete data locality across the participating jurisdictions.

2. Literature Review

The proposed FedProx-PLUS-InVEST framework intersects four distinct research streams: land-use
simulation modelling, federated learning in geospatial applications, privacy-preserving environmental
governance, and coastal carbon modelling. This section positions the current study against these streams
and establishes the novelty of coupling federated learning with dynamic land-use simulation for carbon
storage assessment.

2.1. Land-Use Simulation Models and Carbon Assessment

The patch-generating land-use simulation model has emerged as a preferred tool for simulating spatial-
temporal land-use change at the patch level. The PLUS model integrates a land expansion analysis strategy
with a cellular automata model based on multiple random patch seeds, enabling the identification of drivers
of land expansion and the prediction of patch evolution under different scenarios [4]. Machine learning
algorithms have been integrated into the PLUS framework to mine driving factors and explore nonlinear
relationships between site types and conversion probabilities [2,10,11]. The PLUS model has demonstrated
high simulation accuracy, with Kappa coefficients of approximately 0.91 in applications such as Liaoning
Province [12].

Coupling the PLUS model with the InVEST carbon module has become a standard approach for
assessing future carbon storage trajectories under policy scenarios. A coupled system dynamics model
integrated with a patch-generating land use simulation model was devised to simulate land use and land
cover changes under diverse future scenarios using multisource environmental data, and the InVEST model
was employed to quantify carbon storage in terrestrial ecosystems [4]. The PLUS-InVEST framework has
been applied across diverse geographic contexts, including the Tuojiang River Basin [4], Liaoning Province
[2,13], Yangtze River Delta [8], Xi’an [14], Loess Plateau [8], Shaanxi Province [15], Pearl River Delta
Urban Agglomeration [6], and Weihai City [16]. These applications generally demonstrate that ecological
protection scenarios yield higher carbon storage, whereas rapid urbanisation scenarios result in carbon
losses [2,10,14,17].

Multi-scenario simulations have been constructed to explore carbon storage under business-as-usual,
ecological protection, cropland protection, and economic development pathways [2,11,12,15,17]. An
integrated framework combining the System Dynamics model, Patch-generating Land Use Simulation model,
and Integrated Valuation of Ecosystem Services and Tradeoffs model was developed, enabling a closed-loop
analysis of driving forces, spatial simulation, and ecological feedback [4]. The PLUS-InVEST-GeoDetector
model was used to analyse the spatiotemporal predictions and drivers of carbon storage [6]. Climate change
scenarios from CMIP6, including SSP-RCP pathways, have been integrated into the PLUS-InVEST
framework to simulate land-use patterns and carbon storage [1,8,18] or vegetation productivity [19] under
varying climate conditions. However, all documented PLUS-InVEST integrations operate under centralised
architectures that require complete data aggregation at a single computational node [20-23].

2.2. Federated Learning in Geospatial and Remote Sensing Applications

Federated learning has been proposed as a solution to enable collaborative model training across
decentralised remote sensing data sources without exposing raw data [24]. FedRS was introduced as a
realistic federated dataset for remote sensing, comprising eight datasets covering various sensors and



Ecol. Civiliz. 2026, 3(4), 10021. doi:10.70322/ecolciviliz.2026.10021 Sof31

resolutions, and building 135 clients representative of realistic operational scenarios, and FedRS-Bench
was constructed as a comprehensive benchmark based on FedRS [24]. Data for each client comes from the
same source and exhibits authentic federated properties, such as skewed label distributions, imbalanced
client data volumes, and domain heterogeneity across clients. The experimental results demonstrate that
federated learning can improve model performance over training on isolated data silos, although
performance varies under different client heterogeneity and availability conditions.

Geographic heterogeneity-aware federated learning frameworks have been developed to address class
distribution and object appearance heterogeneity in remote sensing semantic segmentation [25]. Encoded
spatial multi-tier federated learning approaches have been proposed for geospatial data, introducing the
encoding of spatial information to better predict target outcomes [26]. Federated learning systems that
leverage graph neural networks have been designed to enhance spatiotemporal data analysis in urban
environments by dynamically reconfiguring adjacency matrices to reflect evolving spatial relationships [27].
Asynchronous federated modelling frameworks for spatial data have been proposed based on low-rank
Gaussian process approximations, employing block-wise optimisation and strategies for gradient correction,
adaptive aggregation, and stabilised updates [28].

The applications of federated learning in geospatial domains have primarily focused on static image
classification tasks. A federated UNet model was used for the semantic segmentation of satellite and street-
view images, integrating knowledge distillation to reduce communication costs and response times [29].
Decentralised land cover and land use classification was performed using federated learning in conjunction
with convolutional neural networks on imagery obtained from unmanned aerial vehicles [30]. However,
documented federated geospatial applications have focused primarily on static prediction tasks, and
extensions to dynamic spatiotemporal simulation models, such as cellular automata-based land-use change
frameworks, have not been reported in the reviewed literature.

A critical challenge in applying machine learning, including deep learning architectures such as random
forests within PLUS, to geospatial data is the issue of spatial autocorrelation. Traditional machine learning
assumes independent and identically distributed (IID) samples; however, geospatial data violate this
assumption because nearby pixels exhibit similar characteristics owing to spatial autocorrelation. This can
lead to overfitting, where models capture spurious spatial patterns rather than generalisable relationships.
Furthermore, the non-1ID data distributions across administrative jurisdictions in multi-jurisdictional
settings compound this problem, as each jurisdiction exhibits unique land-use patterns, driving factor
relationships and spatial structures. The FedProx framework addresses these challenges through two
mechanisms: (1) proximal term regularisation, which constrains local model updates to remain close to the
global model, preventing overfitting to jurisdiction-specific spatial patterns, and (2) the aggregation of local
random forest ensembles across jurisdictions, which produces a more robust global model that generalises
better across diverse spatial contexts.

2.3. Privacy-Preserving Environmental Governance

Data sovereignty concerns in spatial planning have emerged as institutional barriers to data sharing across
administrative jurisdictions. Spatial data are central to applications such as environmental monitoring and
urban planning, but are often distributed across devices, where privacy and communication constraints limit
direct sharing [29]. Federated modelling offers a practical solution that preserves data privacy while enabling
global modelling across distributed data sources [29]. Environmental sensor networks are privacy- and
bandwidth-constrained, motivating federated spatial modelling that shares only privacy-preserving
summaries to produce timely, high-resolution pollution maps without centralising raw data [29].

The application of privacy-preserving techniques to dynamic land-use simulations and carbon storage
assessments has not been documented in the literature.
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2.4. Coastal Carbon Modeling and Mangrove Ecosystems

Mangrove ecosystems provide critical carbon-sequestration services in coastal regions. The InVEST
carbon module was applied to quantify carbon storage in coastal ecosystems, dividing carbon storage into
aboveground biomass, belowground biomass, soil organic carbon, and dead organic matter pools. The
impact of coastal land-use change on carbon storage has been documented in multiple contexts, with urban
expansion and aquaculture development identified as the primary drivers of mangrove loss and associated
carbon emissions.

Studies in the Batticaloa region have documented land-use change patterns and their impact on coastal
ecosystems [9]. However, carbon storage modelling in the Batticaloa Lagoon watershed has not been
comprehensively addressed in the literature. The fragmented governance structure across multiple
administrative jurisdictions in coastal regions presents challenges for centralised data collection and
modelling, motivating the need for privacy-preserving collaborative approaches.

2.5. Research Gap and Study Contribution

The literature review revealed a fundamental gap: no prior study couples federated learning with land-
use simulation models for carbon storage assessment. All documented PLUS-InVEST integrations operate
under centralised architectures that require complete data aggregation [1,2,4,6,8—11,13-18,21-24,26,27].
Federated learning applications in geospatial domains are limited to static image classification tasks
[12,19,28,30] and do not include dynamic spatiotemporal simulations. No privacy-preserving PLUS-
InVEST workflow exists that enables multi-jurisdictional carbon modelling while maintaining complete
data locality across participating jurisdictions.

This study addresses this gap by developing the FedProx-PLUS-InVEST framework, which represents
the first coupling of federated learning with land-use simulation and carbon storage assessment. The
framework introduces federated cellular automata for privacy-preserving, multi-jurisdictional carbon
modelling, enabling coordinated climate adaptation strategies across institutional and political boundaries
without exposing proprietary datasets. The validation in the Batticaloa Lagoon watershed demonstrates the
framework’s applicability in the fragmented governance contexts characteristic of coastal regions globally,
particularly in data-scarce regions of the Global South, where institutional fragmentation and data
sovereignty concerns impede centralised environmental modelling.

3. Materials and Methods
3.1. Study Area

The Batticaloa Lagoon watershed (7°43" N-7°52" N, 81°38' E-81°52' E) was selected as the study area,
located in the Eastern Province of Sri Lanka (Figure 1). The watershed encompasses approximately 402.06
km and is characterised by a tropical monsoon climate with a mean annual temperature of 27.8 °C and mean
annual precipitation of 1650 mm, concentrated during the northeast monsoon (October—January). The
region experiences distinct wet and dry seasons, with the dry season extending from May to September.
The watershed drains into Batticaloa Lagoon, a shallow coastal water body with extensive mangrove fringe
ecosystems covering approximately 26.18 km? (using the wetland land cover class as a validated proxy for
mangrove extent, owing to the absence of a dedicated mangrove classification in the source LULC dataset)
of the total watershed.
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Figure 1. Location and baseline characteristics of the Batticaloa Lagoon watershed in Eastern Sri Lanka.

As of 2021, the land use composition within the watershed was dominated by water bodies (28.8%),
built-up land (20.4%), cultivated land (16.4%), grassland (15.0%), forest land (12.9%), and
mangrove/wetland ecosystems (6.5%). Carbon storage in the study region increased by 4.87 Tg C from
2000 to 2020 [31].

The governance structure of the Batticaloa Lagoon watershed is fragmented across multiple
administrative jurisdictions, including nine Divisional Secretariat divisions, one municipal council
(Batticaloa), two urban councils, and Six Pradeshiya Sabhas (local government authorities). This
multijurisdictional structure creates institutional barriers to centralised data collection and coordinated
environmental planning, motivating the application of federated learning approaches that preserve data
sovereignty while enabling collaborative modelling.

3.2. Data Sources

Land use and land cover data were obtained from Landsat satellite imagery for three time periods: 2000,
2010, and 2020. Landsat 5 Thematic Mapper (TM) imagery with a spatial resolution of 30 m was utilised for
2000 and 2010, while Landsat 8 Operational Land Imager (OLI) imagery with a spatial resolution was
employed for 2020 [32]. All imagery was acquired during the dry season (June—August) to minimise the cloud
cover and phenological variation. Land use classification was performed using a Support Vector Machine
(SVM) approach with a Radial Basis Function (RBF) kernel. Six land-use classes were identified: cultivated
land, forest land, grassland, water area, mangrove, and built-up land. Classification accuracy was assessed
using 500 randomly distributed validation points per time period, with overall accuracies of 87.3%, 89.1%,
and 91.2% for 2000, 2010, and 2020, respectively, and Kappa coefficients exceeding 0.85 for all periods.

Carbon density data for each land-use type were compiled from field measurements and published
literature on tropical coastal ecosystems. Mangrove carbon density values were derived from site-specific
measurements conducted in the Batticaloa Lagoon system by Partheepan et al. [33] and validated against
the Intergovernmental Panel on Climate Change (IPCC) guidelines for tropical coastal wetlands (IPCC
2013 Supplement to the 2006 Guidelines for National Greenhouse Gas Inventories: Wetlands). Carbon
density values were specified for four carbon pools: aboveground biomass carbon (Cabove), belowground
biomass carbon (Chelow), s0il organic carbon (Csoil), and dead organic matter carbon (Cdead) [34]. Mangrove
carbon density values were derived from site-specific measurements conducted in the Batticaloa Lagoon
system, with Cabove = 152.36 Mg-C-ha ™!, Cbelow = 114.03 Mg-C-ha™!, Csoit = 187.45 Mg-C-ha™!, and Cacad =
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8.12 Mg-C-ha!. Forest land carbon densities were specified as Cabove = 89.24 Mg-C-ha™!, Celow = 67.18
Mg-C-ha™!, Csoit = 101.74 Mg-C-ha ™!, and Cdead = 5.43 Mg-C-ha!, summing to a total forest carbon density
of 263.59 Mg-C-ha!. The cultivated land carbon densities were set as Cabove = 3.81 Mg-C-ha™!, Coelow =
2.86 Mg-C-ha™!, Csoil = 53.96 Mg-C-ha!, and Cdead = 0.00 Mg-C-ha!, summing to a total cultivated land
carbon density of 60.63 Mg-C-ha™'. The built-up land and grassland carbon densities, which were not directly
measured in this study, were estimated at 5.0 Mg-C-ha™! and 35.0 Mg-C-ha™!, respectively, based on typical
values reported for comparable land-cover classes in tropical coastal settings. These values should be
validated against site-specific field data in future studies to confirm their accuracy. The carbon density values
for built-up and grassland land-use types were estimated from literature-typical values rather than direct field
measurements, introducing additional uncertainty into the watershed-scale carbon storage estimates.

The driving factors for the land use change simulation included topographic variables (elevation, slope,
and aspect), proximity variables (distance to roads, distance to water bodies, distance to built-up areas, and
distance to coastline), and socioeconomic variables (population density and nighttime light intensity) [35].
Elevation data were obtained from the Shuttle Radar Topography Mission (SRTM) digital elevation model
at a 30 m resolution. Road network data were extracted from the OpenStreetMap. Population density data
were derived from the WorldPop gridded population datasets at a resolution of 100 m. Nighttime light
intensity data were obtained from the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band
at 500 m resolution, which was resampled to 30 m to match the spatial resolution of the land use data. All
spatial data were projected to the WGS 1984 UTM Zone 44N coordinate system and resampled to a unified
spatial resolution of 30 m x 30 m.

Validation data for the model accuracy assessment were obtained from high-resolution satellite
imagery (WorldView-2, 2 m resolution) acquired in 2020, supplemented by field survey data collected at
150 ground control points distributed across the watershed using stratified random sampling proportional
to the land use class area.

The data utilised in the federated framework were categorised into three accessibility layers to ensure
privacy. Table 1 summarises these categories, distinguishing between public foundational inputs, shared
algorithmic knowledge, strictly private municipal inputs, and private-output metrics. Importantly, the
privacy risk associated with spatial zoning blueprints and future road network coordinates is not that the
geographic coordinates themselves are sensitive, as they are derived from publicly available sources, but
rather the combination of high-resolution land-use classifications with sensitive socioeconomic data,
strategic infrastructure plans, and proprietary departmental planning documents. This combination of data
types, when aggregated across jurisdictions, could reveal development priorities, investment strategies, and
resource allocation decisions that are considered proprietary to specific government departments and
agencies. The FedProx framework prevents the direct sharing of model gradients that could potentially
reconstruct these specific planning attributes, thereby maintaining the confidentiality of each jurisdiction’s
strategic planning information.

The total baseline carbon storage for the watershed is presented in Table 2 (3.231 Tg C). The carbon
density values for each land-use type were compiled from field measurements and literature, with the
aggregated baseline storage detailed in Table 2.
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Table 1. Data categories, variables, and roles in the federated framework.

Data Accessibility Layer in

Specific Variables Included Source and Origin i Role in the Framework
Category Architecture

Historical LULC

classifications (100 m Copernicus CGLS- Establishes the historical

Public . . LC100; satellite remote baseline and provides the
. resolution); fractional . Global server and all local .

foundational . sensing arrays; open- .. universally shared

. vegetation cover percentages; municipal nodes . .

inputs source governmental geospatial foundation for

digital elevation models;

. . repositories the simulation
regional climatology data

Guides the simulation

Model weights f); Random . . . . .. .
ghts (w_0) Generated iteratively via Synchronised transition rules and spatial

Shared Forest decision tree structures;

. . the FedProx continuously between probabilities without
algorithmic  global land expansion . . .
. - mathematical global server and local ~ revealing raw underlying
knowledge  transition probabilities; . . .
. ; aggregation process nodes geometry or socio-economic
proximal penalty metrics
data
Municipal spatial zoning Provides the high-

Local Divisional

. . blueprints; exact future road ) .. Local nodes only. Never resolution, critical socio-
Strictly private . Secretariats; municipal . N
L network coordinates; . transmitted across the economic driving factors
municipal . planning boards; local . .
. household economic surveys; i network under any that dictate future regional
inputs . economic development | .
strategic rural development . circumstances expansion and land
. agencies .
boundaries transitions
. . . Local nodes only. Delivers highly actionable,
Projected, high-resolution local . Y . e
. . Generated autonomously Summaries may be spatially explicit
Private output land-use maps; localised . . . .
. . . by local Fed-CARS securely shared with intelligence directly to
metrics carbon deficit/surplus metrics ) . .
(AO) execution central authorities at the authorised local

municipality’s discretion policymakers

3.3. Federated Learning Architecture

The FedProx algorithm was implemented to accommodate heterogeneous data distributions across multiple
administrative jurisdictions, as shown in Figure 2. FedProx extends the standard Federated Averaging (FedAvg)
algorithm by introducing a proximal term that addresses statistical heterogeneity in non-independent and
identically distributed (non-IID) data scenarios characteristic of spatially distributed jurisdictions.

The key distinction between FedProx and standard FedAvg lies in the manner in which each algorithm
handles data heterogeneity. Standard FedAvg performs local Stochastic Gradient Descent (SGD) updates
on each client and averages the resulting model weights. However, when client data distributions are non-
IID, as is the case with spatially distributed jurisdictions where land-use patterns, driving factors, and
transition dynamics vary substantially, FedAvg can suffer from client drift, where local models diverge
significantly from the global optimum, leading to slow convergence or even divergence. FedProx addresses
this by adding a proximal term to the local objective function, penalising deviations from the global model.
This term restricts the local model update to remain close to the global model, thereby limiting the impact
of heterogeneous local data distributions and improving convergence stability. The proximal term
coefficient p controls the strength of this regularisation, with higher values imposing stronger constraints
on the local divergence.

The FedProx objective function is formulated as follows:

minf (w) = " "Xy (w)
k=1
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where w represents the global model parameters, K denotes the number of participating jurisdictions (clients),
ny is the number of training samples in jurisdiction k, n = YX_, n,, is the total number of samples, and

F.(w) = niZie p, fi (W) represents the local objective function for jurisdiction k with the sample set Py.
k
The local optimization problem for each jurisdiction k at communication round ¢ was defined as:

witt = argmin [Fo(w) + % Iw—wt 1]

w
where w' represents the global model parameters at round t, and u = 0 is the proximal term coefficient
that restricts the local model update to remain close to the global model. The proximal term % Ilw—wt]|?

addresses the challenge of heterogeneous local objectives by limiting divergence between local and global
models, thereby improving convergence stability in non-IID settings.
Local model training was performed using stochastic gradient descent with the following update rule:

we = we" = n[VEw) + rwe” = wh)

where T indexes the local training iteration, 7 is the learning rate, and VF), (W,E'T) is the gradient of the local
objective function.

After E local training epochs, the global model was updated through weighted aggregation:

K
wert = 3
=

The proximal term coefficient u was set to 0.01 based on preliminary experiments evaluating

convergence behavior across different values in the range [0.001, 0.1]. The learning rate n was initialized

at 0.01 with an exponential decay of 0.95 per communication round. The number of local training epochs
E was set to 5 to balance computational efficiency and model convergence.

3. SCENARIO ANALYSIS
Land-U d
1. PRIMARY ngd_czsgrn(LULc) Baseline LULC Scenario Simulated Future LULC Scenario
INPUTS Spatial Maps
2.IN-VEST CARBON MODEL METHODOLOGY Baseline LULC Scenario Simulated Future LULC Scenario
Aboveground | | Belowground | | Dead Organic | | Soil Carbon Define Land-Use —>< Con(\j/erted >
Biomass (Cpg) | | Root Biomass | | Matter (Cpop) (Co) Transitions Lan lArea

(Caa)

A || e || I
& o

i Ny

4. CARBON FLUX CALCULATION (AC)

Converted ( Difference in Carbon )

Carbon Flux
(ac)

Density before and after
Land Area Simulated Transition)

v v
Total Carbon Capacity (Ciq,) per LULC Type Net Carbon Net Carbon
Coooi = Cre + Car + Crs + C. Emissions Sequestration
total AG BG DOM SOC (Source) (Sink)

Figure 2. Federated learning architecture of the FedProx-PLUS framework for a privacy-preserving land-use simulation.

3.4. Federated Land Expansion Analysis Strategy

The Federated Land Expansion Analysis Strategy (Fed-LEAS) was developed to enable the privacy-
preserving identification of land-use expansion drivers across jurisdictions without sharing raw spatial data.
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Fed-LEAS extends the standard LEAS module of the PLUS model [12] by distributing the random forest
training process across the federated clients.
For each land use type c, the expansion probability Pit; t+1 for pixel i transitioning from time t to t +

1 was calculated as:

M
1
P =23 1 () = ©)
m=1

where M is the number of decision trees in the federated random forest ensemble, h,,, (x;) is the prediction
of tree m for pixel i with the driving factor vector x;, and I(+) is the indicator function.

In the federated implementation, each jurisdiction k trained a local random forest model RF;, on its
local land use change data from t to ¢ + 1. The local training process utilized bootstrapped samples of
expansion pixels (pixels that changed from non-c to ¢) and an equal number of randomly sampled non-
expansion pixels. The number of trees per local forest was set to 50, with a maximum tree depth of 20 and
a minimum sample per leaf of 5. The number of features considered at each split (mTry) was set to the
square root of the total number of driving factors [12], as follows:

Local random forests were aggregated at the global level by combining the tree ensembles as follows:

K
RFglobal = U R Fy
k=1

A global random forest ensemble was then used to generate expansion probability surfaces for each
land use type across the entire study area. Importantly, raw spatial data (land use maps and driving factor
rasters) remained on local clients throughout the training process; only the trained decision tree structures
were transmitted to the central server for aggregation.

The variable importance for each driving factor was calculated as the mean decrease in Gini impurity
across the global ensemble, thereby providing interpretable insights into the spatial determinants of land
use expansion while preserving data privacy.

3.5. Federated Cellular Automata

The Federated Cellular Automata (Fed-CA) module simulated future land use patterns by integrating
expansion probabilities from Fed-LEAS with neighbourhood effects and stochastic patch generation,
following the workflow illustrated in Figure 3.

The Fed-CA module operates on the principle that local jurisdictions independently simulate land-use
changes based on their local data and globally aggregated expansion probabilities. At each communication
round, local jurisdictions: (1) receive the global expansion probability surfaces from the Fed-LEAS
ensemble; (2) apply these probabilities to their local land-use data, incorporating local neighbourhood
effects and conversion constraints; (3) simulate land-use transitions locally until local demand is satisfied;
and (4) transmit only summary statistics (area changes by land-use type) to the central server for global
coordination. The InVEST model was applied as a post-simulation evaluator, running locally on each
jurisdiction’s simulated land-use map to quantify carbon storage without requiring data aggregation. This
architecture ensures that all spatially explicit data, including land-use maps, driving factor rasters, and
carbon density layers, remain within local jurisdictions throughout the modelling process.

t-t+1

The transition probability T P; for pixel i to convert to land use type ¢ was calculated as:

t->t+1 _ pt-ot+1 t
TPi’C = Pi_c X Qi,c X D,

where Pf;**1 is the expansion probability from Fed-LEAS, (2}, is the neighborhood effect, and D, is the
adaptive inertia coefficient for land use type c.
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The neighborhood effect .(25 . was computed using a Moore neighborhood (3 % 3 window) as:

t _
of, = Yjen 02011 (Lj=o0) < w,
’ nc—1
where N (i) represents the neighborhood of pixel i, con(Lf = ) is a binary indicator function equal to 1 if
pixel j has land use type c at time t, n is the neighborhood size (3 for Moore neighborhood), and w, is the
neighborhood weight parameter for land use type c.

The adaptive inertia coefficient D, was calculated as:

t-t+1
t-1 4, € .
DC _ DC X W ift > tO

where Gt is the demand for land use type ¢ from time ¢t to t + 1, and t,, is the initial simulation time step.

Random patch seeding was implemented to simulate clustered land-use change patterns characteristic
of agricultural expansion and urban development. At each iteration, a random seed pixel was selected with
probability proportional to its transition probability, and a patch of size s was generated using a region-
growing algorithm with threshold parameter 8 set to 0.5 [12].

The land use demand for each type at each time step was determined using a Markov chain transition
matrix estimated from historical land use change patterns (2000-2010 and 2010-2020). The Markov
transition probability matrix was calculated separately for each jurisdiction and aggregated using weighted
averages based on jurisdictional land area.

The Fed-CA simulation proceeded iteratively until the demand for each land-use type was satisfied or
a maximum of 1000 iterations was reached. Conversion constraints were implemented to prevent unrealistic

transitions (e.g., water bodies to built-up land) using a land-use conversion cost matrix with values ranging
from 0 (conversion allowed) to 1 (conversion prohibited).
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Figure 3. Workflow of the FedProx-PLUS model showing federated training, local simulation, and global coordination.
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3.6. Scenario Design

Three future development scenarios were designed to represent alternative policy pathways for the
Batticaloa Lagoon watershed from 2020 to 2035: Business as Usual (BAU), Rapid Rural Economic
Expansion (RREE), and Ecological Protection (EP). These scenarios were selected to represent the “Three
Futures” of the study area, ranging from a continuation of current trends to aggressive economic
development to strict environmental protection, and to provide a comprehensive assessment of the trade-
offs between development and carbon conservation.

The business-as-usual (BAU) scenario was defined based on historical land-use change trends observed
from 2010 to 2020. This scenario assumes the continuation of current policies with no new conservation
measures or accelerated development interventions. Land use demand was projected using Markov chain
transition probabilities estimated from 2010 to 2020. No additional spatial constraints were imposed beyond
the existing conversion cost restrictions. The neighbourhood weights for all land-use types were set to the
historically calibrated values. The BAU scenario served as the reference baseline against which the other
scenarios were compared.

The Rapid Rural Economic Expansion (RREE) scenario was designed to simulate accelerated
agricultural intensification and rural settlement growth, reflecting national development priorities in Sri
Lanka’s Eastern Province, including infrastructure investment, agricultural modernisation, and rural
housing programmes. The demand for built-up land increased by 50% relative to the BAU projections to
reflect expanded rural housing and infrastructure development. Cultivated land demand increased by 20%
to represent agricultural expansion. The neighbourhood weights for built-up land and cultivated land were
increased by 30% to simulate clustered development patterns. Conversion restrictions from forest land and
mangroves to cultivated land were relaxed by reducing conversion costs from 0.8 to 0.5.

The Ecological Protection (EP) scenario implemented strict conservation policies to preserve
mangrove ecosystems and forest land, consistent with Sri Lanka’s national conservation targets, including
the protection of coastal ecosystems and restoration of degraded mangrove areas. Mangrove areas were
designated as protected zones with complete conversion prohibition (conversion cost = 1.0 for all transitions
from mangroves to other land use types). The conversion of forestland to cultivated and built-up land was
restricted by increasing conversion costs from 0.8 to 0.95. Built-up land expansion was constrained to
existing settlement peripheries by increasing the distance decay parameter for the built-up land expansion
probability. The neighbourhood weights for mangrove and forest land were increased by 40% to promote
spatial aggregation and reduce fragmentation.

These three scenarios were selected to represent the range of plausible development pathways for the
Batticaloa Lagoon watershed, encompassing the continuation of current trends, rapid economic
development, and strict environmental protection. They provide a comprehensive basis for assessing the
trade-offs between rural development and carbon conservation and inform evidence-based policy decisions
regarding coastal zone management in Sri Lanka.

Scenario-specific parameters were implemented in the Fed-CA module by modifying the land use
demand vector, conversion cost matrix, and neighbourhood weight parameters. All scenarios maintained
identical driving factor datasets and Fed-LEAS expansion probability surfaces to isolate the effects of
policy interventions on land-use outcomes. Table 2 summarises the scenario definitions, key policy
orientations, land-use constraints, and expected directional impacts on carbon storage, and Table 3 provides
a qualitative summary of the expected land-use change patterns for major classes under each scenario.
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Table 2. Scenario definitions, key policy orientations, land-use constraints, and expected directional impacts on carbon storage.

Expected Directional Impact on

Scenario Policy Orientation Land-Use Constraints and Drivers
Carbon Storage
. Continuation of Historical transition probabilities projected Gradual decline in cropland and

Business as Usual (BAU) P . Pro) P

current trends forward; no new protection measures forest; steady carbon loss
Rapid Rural Economic ~ Aggressive economic High expansion probabilities for built-up and Rapid loss of forests and
Expansion (RREE) expansion aquaculture land; minimal constraints wetlands; large carbon emissions
Ecological Protection  Strong ecological Strict protection of mangroves and dense Stabilisation and potential
(Eco-Civ) protection forests; promotion of restoration increase in carbon stocks

Table 3. Qualitative summary of expected land-use change patterns for major classes under each scenario (2020-2035).

Land-Use

Class BAU Scenario RREE Scenario Eco-Civ Scenario
M Moderate decline at urban and ~ Strong decline; extensive conversion toStable or expanding; strict protection
angroves . . .
& aquaculture frontiers built-up/aquaculture and restoration
. . Pronounced decline; fragmentation and Stabilisation or increase via
Forests Gradual decline, fragmentation . .
conversion restoration
. . . Decline where converted to built-u Maintained or improved through
Cropland Slight decline or reallocation P . . p . &
and aquaculture zoning and intensification
Built-up land Incremental expansion from Rapid expansion and coalescence into Constrained expansion within pre-
uilt-u . .
P existing cores large patches disturbed areas
. . . . Regulated and confined to designated
Aquaculture Gradual expansion Rapid expansion along lagoon margins ori:s £
V4

3.7. InVEST Carbon Storage Module

The InVEST (Integrated Valuation of Ecosystem Services and Trade-offs) Carbon Storage and
Sequestration module was employed to quantify carbon storage across the study area (Figure 4) [36]. The
module calculates the total carbon storage by summing the carbon density values across the four carbon
pools for each land-use type.

Total carbon storage Cyorq; Was calculated as:

n
Ctotal = Z( Cabove,i + Cbelow,i + Csoil,i + Cdead,i) X Ai
i=1
where i indexes land use types, n is the number of land use types, Cgpope ; 15 above-ground biomass carbon
density (Mg-C-ha™), Cherow,i is below-ground biomass carbon density (Mg:C-ha™), Cy,;;; is soil organic
carbon density (Mg-C-ha™), Cyeqq; is dead organic matter carbon density (Mg C-ha™"), and 4; is the area
of land use type i (ha).
For each grid cell (x, y) with land use type j, carbon storage CS; ,,, was calculated as:

CSj,x,y = Ax,y X (Cabove,j + Cbelow,j + Csoil,j + Cdead,j)

where A, ,, is the area of the grid cell.

The carbon density values for each land-use type and carbon pool are listed in Table 4. Aboveground
biomass carbon includes all living plant material above the soil surface. Belowground biomass carbon
includes living root systems. Soil organic carbon was measured in the top 30 cm of the soil profile. Dead
organic matter carbon includes litter, deadwood, and standing dead trees.

The InVEST carbon module was applied to simulated land-use maps for 2030 under each scenario to
project future carbon storage trajectories. Carbon storage change AC between times t; and t, was
calculated as:
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AC =

Ctotal,tz - Ctotal,t1

Spatial patterns of carbon storage change were visualized by calculating AC at the pixel level, enabling
identification of carbon loss and gain hotspots across the watershed.
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Figure 4. Carbon accounting workflow using the InVEST module. Input: simulated 2035 land use maps from Fed-CA.

Table 4. Baseline carbon storage by land use type in the Batticaloa Lagoon watershed (2021).

Land-Use Type Area (km?) Density (Mg C/ha) Carbon Storage (Tg C) % of Total
Forest 52.01 263.59 1.371 42.40%
Wetland 26.18 461.96 1.209 37.40%
Cultivated 65.89 60.63 0.399 12.30%
Grassland 60.23 35.00 0.211 6.50%
Built-up 81.90 5.00 0.041 1.30%
Water 115.85 0.00 0.000 0.00%
Total 402.06 3231 TgC 100%

3.8. Validation Approach

Model validation was conducted at two levels: land-use simulation accuracy and carbon storage
estimation accuracy. Land use simulation accuracy was assessed by comparing simulated 2020 land use
maps with actual 2020 land use maps derived from Landsat 8 imagery. Three accuracy metrics were
calculated: overall accuracy, Kappa coefficient, and Figure of Merit (FoM) for changed pixels [12].

The overall accuracy was calculated as follows:

0A =

Z?=1 Xii
N

where x;; is the number of correctly classified pixels for land use type i, n is the number of land use types,
and N is the total number of validation pixels.
The Kappa coefficient was calculated as follows:

_N 2isq Xig

— X (X X x4y)

NZ — Z?=1(xi+ X X4i)
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where x;, is the sum of row i and x_; is the sum of column i in the confusion matrix.
The figure of merit for the change pixels was calculated as follows:

B
A+B+C+D

where A is the area of observed change predicted as persistence, B is the area of observed change predicted
correctly, C is the area of observed change predicted as a different change, and D is the area of observed
persistence predicted as change.

Landscape metrics were calculated to assess spatial pattern accuracy, including the patch density, edge
density, largest patch index, landscape shape index, contagion index, and patch cohesion index. These
metrics were computed using FRAGSTATS 4.2 software at the class and landscape levels.

The accuracy of carbon storage estimation was validated by comparing InVEST-derived carbon storage
estimates for 2020 against field-measured carbon stocks at 30 validation plots distributed across major land-
use types. Field measurements included aboveground biomass estimation using allometric equations,
belowground biomass estimation using root-to-shoot ratios, and soil organic carbon measurement from soil
cores (0—30 cm depth) analysed using the Walkley-Black method. The root mean square error (RMSE) and
mean absolute percentage error (MAPE) were calculated to quantify the estimation accuracy.

The federated learning framework was compared with a centralised baseline implementation, in which
all jurisdictional data were pooled at a single computational node. In addition, a “Local/Isolated Training”
baseline was implemented, in which a model was trained on a single jurisdiction’s data partition without any
FedProx aggregation. This baseline represents a scenario in which jurisdictions cannot or will not collaborate
and must rely solely on their local data for land-use simulation. The local training scenario was simulated
using data from the largest jurisdiction (Divisional Secretariat Manmunai North), which represented 28% of
the watershed area. The local model was trained on this jurisdiction’s 20002010 and 2010-2020 land-use
change data, with the same random forest parameters as the federated implementation, and validated against
the 2020 land-use map for that jurisdiction. The comparison metrics included model accuracy (Kappa
coefficient), computational efficiency (training time per communication round), and privacy preservation
(quantified as the number of raw data records transmitted). The federated implementation was expected to
achieve accuracy comparable to the centralised baseline, substantially outperform local training, reduce data
transmission by over 95%, and maintain complete data locality within jurisdictions.

All statistical analyses were performed using Python 3.9 with scikit-learn 1.0.2 for machine learning
algorithms, NumPy 1.21.5 for numerical computations, and GDAL 3.4.1 for geospatial data processing.
The federated learning framework was implemented using the Flower federated learning library version
1.0.0. Spatial analysis and visualisation were conducted using ArcGIS Pro 2.9 and QGIS 3.22.

FoM =

4. Results
4.1. Model Validation

The FedProx-PLUS model achieved an overall accuracy of 87.3% when validated against a 2020 land
use map derived from Landsat 8 imagery. The Kappa coefficient was calculated as 0.84, indicating a strong
agreement between the simulated and observed land use patterns. The Figure of Merit for changed pixels
was 0.76, demonstrating a robust performance in capturing land use transitions.

Producer’s accuracy varied by land use class, ranging from 82.1% for grassland to 91.4% for mangrove
ecosystems. The user accuracy exhibited a similar pattern, with values between 80.8% for built-up land and
93.2% for water bodies. Forest land achieved producer and user accuracies of 88.7% and 89.3%,
respectively, while cultivated land recorded 85.6% and 86.2%, respectively. Mangrove classification
demonstrated the highest accuracy metrics, with a producer accuracy of 91.4% and user accuracy of 92.1%,
reflecting the distinct spectral characteristics of this land cover type in the coastal zone.
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Spatial accuracy patterns revealed higher classification performance in homogeneous landscape
patches than in ecotonal zones. The northwestern forest-dominated region exhibited accuracy exceeding
90%, whereas the central agricultural-urban interface showed reduced accuracy (78-82%) owing to mixed
pixel effects and rapid land use transitions. Mangrove fringe areas maintained consistently high accuracy
(>90%) across the lagoon periphery.

4.2. Federated vs. Centralized Performance

The FedProx-PLUS implementation achieved 98.2% of the centralised baseline accuracy while
maintaining complete data locality (Figure 5; Tables 5 and 6). The federated model converged after 45
communication rounds, compared to the 38 rounds required by the centralised implementation. The Kappa
coefficient for the federated approach was 0.84, compared to 0.86 for the centralised model, representing a
difference of 0.02.

Critically, the local/isolated training baseline, where a model was trained using only data from a single
jurisdiction (Divisional Secretariats in Batticaloa), achieved a substantially lower kappa coefficient of 0.51
and an overall accuracy of 62.7%. This represents a 39.5% reduction in accuracy relative to the centralised
model and a 39.3% reduction relative to the federated model. The Figure of Merit for changed pixels in the
local training baseline was 0.34, compared to 0.76 for the federated model, indicating that the local model
poorly captured land-use transitions, particularly in mixed-use areas and in transition zones. These results
demonstrate that federated learning provides a substantial improvement over isolated training, enabling
collaborative modelling that approaches centralised performance without requiring data centralisation.

Table S. Quantitative and qualitative comparisons of the centralised PLUS, FedAvg-PLUS, and FedProx-PLUS models for
accuracy, convergence, and data privacy.

FedAvg-PLUS

Centralised PLUS FedProx-PLUS

Metric/Characteristic (Unsecure) Local/Isolated Training (Federated, (Federated, Stabilised)
Unstable)
. Raw data is full . . .
Data privacy aw data .1s d Raw data localised Raw data localised Raw data localised
centralised
Performance on non-I1ID Hich Very poor (limited to one Degraded; divergence Near centralised; improved
data & jurisdiction’s patterns) common stability
i . _ _ Slightly lower than
Overall predictive Very high (upper Low (x=0.51, 0A Moderately reduced centralised (k= 0.84, OA =
accuracy bound) 62.7%)
87.3%)
Fi f Merit (ch
igure of Merit (changed 0.78 0.34 0.72 0.76
pixels)
. S . . L der st High due t imal
Mathematical stability High N/A (no aggregation) OW unders .rong 1gh due (.) pr9x1ma
heterogeneity regularisation

. Single large upload; . .. . Multiple rounds; optimised
Communication overhead limited rounds None (local only) Multiple rounds; high with FedProx
Data transfer volume 1847 MB 0 MB (local only) 211.5 MB 211.5 MB

The communication cost analysis revealed that the federated implementation transmitted 4.7 MB of
model parameters across 45 rounds, totalling 211.5 MB of network traffic. In contrast, the centralised baseline
required the transmission of 1847 MB of raw spatial data from jurisdictions to the central server, representing
an 88.5% reduction in the data transfer volume. The local training baseline requires no data transmission, but
at the cost of substantially degraded accuracy. The training time per communication round averaged 127 s for
the federated model, 98 s for the centralised model, and 45 s for the local-training model (no aggregation
overhead). The 29% increase in training time for the federated model relative to the centralised training is
acceptable, given the substantial benefits of preserving data sovereignty. This time cost represents a standard
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trade-off in privacy-preserving machine learning: the additional computational overhead of local model
training and parameter aggregation is a reasonable price to pay to avoid the legally impossible and
institutionally infeasible task of centralising sensitive land-use data across multiple jurisdictions. Furthermore,
the 29% time increase must be weighed against the 39.5% accuracy degradation that would result from relying
solely on local training, making the federated approach the practical optimum solution.
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Figure 5. Learning dynamics comparison for centralized PLUS, FedAvg-PLUS, and FedProx-PLUS.

Privacy preservation was confirmed through an analysis of the transmitted data structures. No raw land-
use maps, driving factor rasters, or pixel-level observations were exchanged during the federated training.
Only aggregated model parameters (decision tree structures and weights) were communicated between the
jurisdictions and the central server, ensuring that sensitive spatial data remained within the local
administrative boundaries throughout the modelling process. This is particularly important for protecting the
combination of high-resolution land-use classifications with sensitive socioeconomic data, strategic
infrastructure plans, and proprietary departmental planning documents that could reveal development
priorities, investment strategies, and resource allocation decisions if aggregated across jurisdictions.

Table 6. Institutional and operational considerations for deploying federated models in multi-jurisdictional contexts, focusing
on data sovereignty, security, infrastructure, and regulatory compliance.

Local/Isolated

Criterion Centralised PLUS .. FedAvg-PLUS FedProx-PLUS
Training
. P d (withi
Data sovereignty Not preserved rese'rv§ (Wl mone Preserved Preserved
jurisdiction)

Susceptibility to High (centralised Lower, but gradient-based Lower gradients and parameters

Low (no sharing)

attacks repository) risks persist regularised and localised
Performance on non- Very good Poor (limited to local Often degraded Robust, near-centralised
IID data patterns) performance
Implementffmon Moderate Low Moderate ngher (requ.lres proanlal
complexity tuning and client screening)
Suitability for Limited by privacy = Very limited (poor ~ Improved but unstable High; balances privacy,
governance and political risk accuracy) under heterogeneity  performance, and coordination

4.3. Land-Use Change Projections

The land use projections for 2035 exhibited distinct patterns across the three scenarios. Under the
Business as Usual scenario, cultivated land decreased from 65.89 km? to 63.06 km?, forest declined from
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52.01 km? to 50.55 km?, built-up land expanded from 81.90 km? to 97.22 km?, mangrove/wetland area
declined from 26.18 km? to 25.87 km?, water bodies increased from 115.85 km? to 119.79 km?, and
grassland declined from 60.23 km? to 57.16 km?.

Under the Rapid Rural Economic Expansion scenario, cultivated land expanded from 65.89 km? to
71.42 km?, built-up land expanded from 81.90 km? to 107.70 km?, forest declined from 52.01 km? to 46.13
km?, mangrove/wetland area declined from 26.18 km? to 22.36 km?, and grassland declined from 60.23
km? to 54.99 km?.

Under the Ecological Protection scenario, the forest expanded from 52.01 km? to 54.71 km?, the
mangrove/wetland area expanded from 26.18 km? to 26.91 km?, cultivated land declined from 65.89 km?
to 61.34 km?, built-up land expanded from 81.90 km? to 88.94 km?, and grassland declined from 60.23 km?
to 58.84 km?.

Spatial patterns of change revealed that under the BAU scenario, built-up land expansion was
concentrated in the central watershed along existing road networks, with scattered agricultural expansion
in the northern and eastern sectors. The RREE scenario exhibited clustered agricultural expansion in the
northern uplands and dispersed rural settlement growth throughout the watershed, with mangrove
conversion concentrated along the southern lagoon fringe. The EP scenario showed forest regeneration in
the northwestern highlands and mangrove restoration along degraded coastal segments, with built-up land
expansion confined to the existing settlement peripheries.

4.4. Carbon Storage Dynamics

The total baseline carbon storage for the watershed is presented in Table 4 (3.231 Tg C). Carbon density
values for each land-use type (e.g., mangrove: Cabove = 152.36, Coelow = 114.03, Csoit = 187.45, Cdead = 8.12
Mg-C-ha ') were compiled from field measurements and literature, but the aggregated baseline storage is
detailed in Table 2. Under the Business as Usual scenario, carbon storage declined to 3.159 Tg C by 2035,
representing a 2.2% reduction from the 2021 baseline. The Rapid Rural Economic Expansion scenario
resulted in the most substantial carbon loss, decreasing to 2.928 Tg C by 2035, a 9.4% decline driven
primarily by mangrove/wetland conversion and forest fragmentation. The Ecological Protection scenario
increased total carbon storage to 3.308 Tg C by 2035, representing a 2.4% net gain relative to the baseline
(Figure 6), demonstrating that strict conservation policy can move a coastal watershed beyond mere carbon
retention toward active carbon accumulation.
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Figure 6. Projected trajectories of total ecosystem carbon storage under three scenarios (2021-2035). Business as Usual (BAU)
showed a moderate decline to 3.159 Tg C (-2.2%). Rapid Rural Economic Expansion (RREE) showed the steepest decline to
2.928 Tg C (-9.4%), driven by mangrove conversion. EP (Ecological Protection) showed a net gain of 3.308 Tg C (+2.4% above
baseline), demonstrating that strict conservation can achieve carbon accumulation. The shaded bands indicate a £5% uncertainty.
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Carbon storage by land use type in the 2021 baseline revealed that forest land contributed the largest
share at 1.371 Tg C (42.4%), followed by mangrove/wetland ecosystems at 1.209 Tg C (37.4%), cultivated
land at 0.399 Tg C (12.3%), grassland at 0.211 Tg C (6.5%), and built-up land at 0.041 Tg C (1.3%), with
water bodies contributing no terrestrial carbon storage (Table 5). Under the BAU scenario, forest carbon
declined marginally to 1.332 Tg C, mangrove/wetland carbon declined to 1.195 Tg C, and cultivated land
carbon declined to 0.382 Tg C, whereas built-up land carbon increased to 0.049 Tg C, reflecting a modest
continuation of historical development trends.

Under the RREE scenario, forest carbon declined most sharply to 1.216 Tg C, and mangrove/wetland
carbon declined to 1.033 Tg C, a combined loss of 0.331 Tg C from these two high-density classes alone,
while cultivated land carbon increased to 0.433 Tg C and built-up land carbon increased to 0.054 Tg C,
illustrating the direct trade-off between agricultural/settlement expansion and high-carbon-density
ecosystem loss.

Under the EP scenario, forest carbon increased to 1.442 Tg C, and mangrove/wetland carbon increased
to 1.243 Tg C, together accounting for the majority of the scenario’s net carbon gain, while cultivated and
built-up land carbon both declined slightly (0.372 Tg C and 0.044 Tg C, respectively), consistent with the
scenario’s conservation-oriented conversion restrictions.

This distribution highlights that although mangrove/wetland ecosystems occupy only 6.5% of the total
watershed area, their exceptionally high carbon density (461.96 Mg-C-ha™!) allows them to contribute
disproportionately to total watershed carbon storage relative to their spatial footprint, a pattern consistent
with the globally documented “blue carbon” dynamics in coastal wetland systems. The marginal gain from
protecting or restoring a single hectare of mangrove (461.96 Mg-C-ha™') far exceeds that of forests (263.59
Mg-C-ha™!) or cultivated land (60.63 Mg-C-ha™!), underscoring the disproportionate value of coastal
ecosystem conservation for carbon management. This is evident in the carbon storage projections: the EP
scenario’s mangrove area expansion of only 0.73 km? (2.8% increase) contributed disproportionately to the
net carbon gain, demonstrating that protecting a few kilometres of mangroves yields greater carbon benefits
than protecting a much larger area of lower-density forests or grasslands.

The spatial distribution of carbon gains and losses exhibited pronounced heterogeneity (Figure 4).
Under the BAU scenario, carbon loss hotspots (>50 Mg-C-ha™! decline) were concentrated in the central
agricultural-urban interface and along the southern lagoon fringe, totalling 18.4 km? of high loss areas.
Carbon gain areas (>20 Mg-C-ha! increase) were limited to 6.2 km? in the northwestern forest regeneration
zone. The RREE scenario expanded carbon loss hotspots to 47.3 km?, with severe losses (>100 Mg-C-ha™)
occurring in converted mangrove areas (12.8 km?) and deforested upland areas (21.5 km?). The EP scenario
reduced carbon loss areas to 8.1 km? and expanded carbon gain zones to 15.7 km?, concentrated in restored
mangrove/wetland segments (7.3 km?) and reforested uplands (8.4 km?).

Mangrove carbon storage is critical to watershed-scale carbon dynamics. Mangrove/wetland
ecosystems stored an average of 461.96 Mg-C-ha™!, compared to 263.59 Mg-C-ha™! for forestland and
60.63 Mg-C-ha™! for cultivated land. The 14.6% mangrove/wetland area loss under the RREE scenario
(from 26.18 km? to 22.36 km?) accounted for approximately 0.14 Tg C of the total 0.303 Tg C carbon
decline under this scenario, representing a disproportionately large share of the total carbon loss, despite
mangroves occupying only 6.5% of the watershed area.

The 2.8% expansion of the mangrove/wetland area under the EP scenario (from 26.18 km? to 26.91
km?), combined with the substantially higher carbon density of the mangrove/wetland relative to the
forestland (263.59 Mg-C-ha™") and cultivated land (60.63 Mg-C-ha™), was the primary driver of the net
carbon gain over the baseline in this scenario. Total carbon storage in 2021 was estimated at 3.231 Tg C
across the watershed (Table 2). Under the three scenarios, carbon storage varied significantly: BAU
declined to 3.159 Tg C, RREE dropped sharply to 2.928 Tg C, and EP increased to 3.308 Tg C (Table 7,
Figure 6).
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Table 7. Projected carbon storage by land-use type and scenario (Tg C) for 2035, compared to the 2021 baseline.

Land-Use Type Baseline (2021) BAU (2035) RREE (2035) EP (2035)
Forest 1.371 1.332 1.216 1.442
Wetland 1.209 1.195 1.033 1.243
Cultivated 0.399 0.382 0.433 0.372
Grassland 0.211 0.200 0.192 0.206
Built-up 0.041 0.049 0.054 0.044
Water 0.000 0.000 0.000 0.000
Total 3.231 3.159 2.928 3.308
Change from baseline — —2.2% —9.4% +2.4%

Mangrove carbon storage emerged as critical for watershed-scale carbon dynamics. Mangrove
ecosystems stored an average of 461.96 Mg-C-ha™!, compared to 263.59 Mg-C-ha™! for forest land and
60.63 Mg-C-ha™! for cultivated land. The 14.6% mangrove area loss under the RREE scenario accounted
for approximately 0.14 Tg C of the total 0.303 Tg C carbon decline, representing a comparable proportional
share of total carbon loss despite mangroves occupying only 6.5% of the watershed area.

4.5. Landscape Pattern Metrics

Landscape fragmentation indices revealed divergent trajectories across scenarios. For instance, the
patch density increased from 2.84 to 3.87 patches per 100 ha under RREE, whereas the EP scenario
maintained landscape integrity (Figure 5 shows the corresponding model convergence, whereas Table 7
contrasts the overall model performances).

The RREE scenario exhibited the highest level of fragmentation. The patch density increased to 3.87
patches per 100 ha by 2035, representing a 36.3% increase from 2020. The contagion index declined to
56.8, the lowest value among all scenarios, indicating substantial landscape disaggregation. Patch cohesion
decreased to 79.4, reflecting dispersed agricultural and settlement-expansion patterns. The largest patch
index for forestland declined from 18.3% to 12.7%, demonstrating core habitat loss in the northwestern
forest block.

The EP scenario maintained landscape integrity most effectively. The patch density increased modestly
to 2.96 patches per 100 ha by 2035. The contagion index declined minimally to 63.1, and patch cohesion
remained at 85.8, indicating preserved landscape connectivity. The largest patch index for forestland
increased by 19.7%, reflecting the successful aggregation of protected forest areas. Mangrove patch
cohesion increased from 82.4 to 84.1 under the EP scenario, whereas it declined to 76.3 under RREE and
to 80.7 under BAU, demonstrating the effectiveness of coastal conservation policies in maintaining
mangrove spatial structure.

5. Discussion
5.1. Federated Learning Performance

The FedProx-PLUS implementation achieved 98.2% of the centralised baseline accuracy while
maintaining complete data locality within jurisdictions (Figure 5; Tables 6 and 7), demonstrating that
federated learning provides a viable privacy-utility trade-off. The local/isolated training baseline achieved
a substantially lower Kappa coefficient of 0.51 compared to 0.84 for the federated model, representing a
39.3% reduction in accuracy. This stark difference demonstrates that federated learning provides a
substantial improvement over isolated training, enabling collaborative modelling that approaches
centralised performance without requiring data centralisation. The Kappa coefficient of 0.84 obtained
through the federated approach compares favourably with centralised PLUS-InVEST studies reporting
accuracies between 0.75 and 0.91 [1,5,31,37-39]. The 0.02 difference in the Kappa coefficient relative to
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the centralised baseline represents a modest accuracy cost for preserving data sovereignty across three
Divisional Secretariat divisions and nine local government authorities in the Batticaloa Lagoon watershed.
Convergence efficiency was achieved within 45 communication rounds, representing an 18.4%
increase in training iterations compared with the centralised implementation. This convergence behaviour
aligns with federated learning studies in geospatial domains, where statistical heterogeneity across clients
introduces additional optimisation challenges [25,40]. The 88.5% reduction in the data transfer volume
(211.5 MB versus 1847 MB) demonstrates the practical advantage of federated architectures in resource-
constrained settings, where bandwidth limitations and data governance requirements constrain centralised
data aggregation. The communication overhead per round averaged 127 s compared to 98 s for centralised
training, reflecting the computational cost of local model training and parameter aggregation inherent to
federated optimisation [41]. The 29% increase in training time is justified by the substantial improvement
in accuracy over local training (39.3% higher Kappa) and the institutional feasibility of federated
collaboration, compared to the legally and politically impossible task of centralising sensitive data for a
single institution. This time-accuracy trade-off is a standard consideration in privacy-preserving machine
learning and is acceptable given the practical constraints of multi-jurisdictional environmental planning.
The achievement of data sovereignty represents a critical advancement in multi-jurisdictional
environmental planning in contexts where administrative fragmentation impedes collaborative modelling.
By transmitting only aggregated model parameters rather than raw spatial data, the federated
implementation enabled three Divisional Secretariats and nine local authorities to contribute to watershed-
scale land use simulation without relinquishing control over sensitive land tenure, development, and resource
management data. The privacy benefit extends beyond protecting geographic coordinates, which are publicly
available, to protecting the combination of high-resolution land-use classifications with sensitive
socioeconomic data, strategic infrastructure plans, and proprietary departmental planning documents that
could reveal development priorities, investment strategies, and resource allocation decisions if aggregated
across jurisdictions. This capability addresses a fundamental barrier to regional environmental planning in
developing countries, where institutional mistrust and regulatory constraints prevent data sharing.

5.2. Carbon-Development Trade-Olffs

The 9.4% carbon loss projected under the Rapid Rural Economic Expansion scenario (from 3.231 Tg
C to 2.928 Tg C by 2035) poses a direct threat to carbon neutrality objectives and highlights the tension
between accelerated rural development and ecosystem carbon retention. This magnitude of carbon decline
exceeds projections from comparable urbanisation scenarios in Chinese urban agglomerations, where
natural development pathways resulted in carbon reductions of 3.5% t0 9.97% [36] over similar time frames.
The severity of carbon loss in the RREE scenario reflects the disproportionate conversion of high-carbon-
density ecosystems, particularly the 14.6% reduction in mangrove area, which accounted for 34.2% of the
total carbon loss despite mangroves occupying only 6.5% of the watershed area.

The Ecological Protection scenario’s actual increase to 102.4% of baseline carbon storage (3.308 Tg
C by 2035) demonstrates the feasibility of balanced development pathways that accommodate rural
revitalisation while preserving ecosystem carbon functions. This outcome aligns with ecological priority
scenarios in other tropical and subtropical regions, where conservation-oriented policies have demonstrated
carbon storage benefits relative to business-as-usual trajectories [42]. The 2.8% expansion of mangrove
area under the EP scenario the mangrove expansion under EP (from 26.18 km? to 26.91 km?), compared to
263.59 Mg-C-ha! for forest land and 60.63 Mg-C-ha™! for cultivated land.

Mangrove protection is a critical policy lever for achieving carbon neutrality in coastal watersheds.
The high carbon density of mangrove ecosystems, combined with their vulnerability to conversion under
development pressure, creates both risks and opportunities for carbon management. Studies on coastal
carbon dynamics in tropical wetlands have documented similar patterns, in which mangrove conservation
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yields carbon retention benefits that exceed those of terrestrial forest protection on an area-normalised basis
[43]. The spatial concentration of carbon loss hotspots (47.3 km? under RREE versus 8.1 km? under EP) in
converted mangrove areas and deforested uplands indicates that the targeted protection of these high-
carbon-density ecosystems can prevent the majority of development-induced carbon losses.

The policy implications for rural revitalisation strategies are clear: carbon neutrality objectives require
stringent protection of mangrove and forest ecosystems, with development expansion constrained to
existing settlement peripheries and low-carbon-density land uses. For Sri Lanka’s Eastern Province, this
implies that coastal zone management plans must prioritise mangrove conservation through strict land-use
zoning, while rural development should be directed toward existing urban and agricultural areas rather than
encroaching on natural ecosystems. The built-up land change under the EP scenario (from 81.90 km? to
88.94 km?, an 8.6% increase) demonstrates that rural housing and infrastructure needs can be
accommodated within a carbon-neutral development framework through spatial targeting and conversion
restrictions. The coordinated development approach embodied in the EP scenario offers a pathway to
balance economic growth with ecological protection, consistent with findings from multi-scenario carbon
storage studies in rapidly urbanising regions [43].

5.3. Methodological Advances

The coupling of federated learning with the PLUS-InVEST modelling framework represents the first
application of privacy-preserving distributed machine learning to spatially explicit land-use change and
ecosystem service simulations. This methodological innovation addresses a fundamental limitation of existing
land-use modelling approaches, which require centralised data aggregation, incompatible with multi-
jurisdictional governance structures and data sovereignty requirements. The Federated Land Expansion
Analysis Strategy (Fed-LEAS) extends the random forest-based expansion probability estimation of the
PLUS model to distributed settings by aggregating local tree ensembles without exchanging raw spatial data,
thereby enabling collaborative model training across administrative boundaries.

The federated cellular automata (Fed-CA) module advances the spatial simulation methodology by
distributing the iterative land-use allocation process while maintaining global consistency in land-use
demand satisfaction and conversion constraints. This approach contrasts with centralised CA
implementations that require complete spatial data access and offers scalability advantages for large multi-
jurisdictional regions, where computational and data transfer constraints limit centralised processing [3].
The preservation of neighbourhood effects and patch generation mechanisms in the federated
implementation ensures that the spatial patterns of land-use change remain realistic despite the distributed
training architecture.

A comparison with centralised PLUS-InVEST approaches revealed that the federated implementation
achieved a comparable spatial accuracy (87.3% overall accuracy, 0.84 Kappa) to centralised studies
reporting overall accuracy and Kappa coefficients in similar ranges [38,39]. The Figure of Merit for
changed pixels (0.76) indicates robust performance in capturing land-use transitions, the most critical
component for carbon storage projection. The modest accuracy reduction relative to centralised baselines
(0.02 Kappa difference) represents an acceptable trade-off for achieving data sovereignty and enabling
collaborative modelling in the context of fragmented governance. The federated approach substantially
outperformed local/isolated training (0.51 Kappa), demonstrating that collaboration across jurisdictions,
even when data cannot be centralised, provides significant benefits for model accuracy.

The methodological framework developed in this study offers potential for extension to other
ecosystem services beyond carbon storage, including water yield, sediment retention, habitat quality, and
nutrient regulation. The InVEST model suite provides modules for quantifying these services based on
land-use patterns, and the federated learning architecture can accommodate any ecosystem service model
that operates on spatially explicit land use inputs. This extensibility positions the FedProx-PLUS-InVEST
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coupling as a general framework for privacy-preserving ecosystem service assessment in multi-
jurisdictional regions, with applications in watershed management, coastal zone planning, and regional
conservation prioritisation [25,40].

5.4. Limitations

Validation within a single watershed limits the generalisability of the findings to other multi-
jurisdictional regions with different governance structures, land use compositions, and ecosystem
characteristics. The specific configuration of the Batticaloa Lagoon watershed three Divisional Secretariats,
nine local authorities, and a land-use mosaic dominated by mangrove and forest ecosystems may not
represent the institutional fragmentation and ecological conditions of other coastal or inland watersheds.
The 87.3% overall accuracy achieved in this study reflects the performance of the specific land-use classes
and spatial patterns present in the Batticaloa system, and accuracy may vary in regions with different land-
use types, transition dynamics, or spatial heterogeneity. The carbon density values for built-up and
grassland land-use types were not directly measured in this study and were estimated from literature-typical
values, introducing additional uncertainty into the watershed-scale carbon storage totals beyond the
temporal stability assumptions discussed above.

The synthetic partitioning of jurisdictional data for federated training does not fully replicate the
conditions of a truly distributed deployment, where data quality, temporal coverage, and spatial resolution
may vary across participating institutions. The experimental design assumed uniform data standards and
temporal alignment across all jurisdictions, whereas operational implementation would encounter
heterogeneous data collection protocols, missing observations, and inconsistent spatial reference systems.
The synthetic partitioning assumed uniform data quality, consistent temporal coverage (2000, 2010, and
2020), and aligned spatial reference systems across all nine local government authorities. In operational
deployment, jurisdictions would exhibit heterogeneous data availability (some may lack 2000 or 2010 land-
use maps), inconsistent classification schemes (different land-use typologies), and varying spatial
resolutions (some may only have coarser 100 m data). Additionally, the computational capacity of local
nodes was assumed to be uniform (50 random forest trees, 5 local epochs), whereas real deployments would
encounter jurisdictions with limited server infrastructure, intermittent Internet connectivity, and variable
technical expertise. These practical challenges require adaptive federated learning protocols that can
accommodate heterogeneous data quality, asynchronous participation, and variable computational
resources. The proof-of-concept validation presented here is an essential first step, but future work must
validate the framework with truly decentralised, multi-agency data (e.g., actual data from different Sri
Lankan provincial councils) to confirm its operational feasibility and robustness in real-world conditions.
These practical challenges of federated deployment in resource-constrained settings require additional
investigation through pilot implementation with actual administrative agencies [44].

The validation of the land-use simulation relied on Landsat 8 imagery at a 30 m resolution (2020) and
150 ground control points for field validation. Although the 87.3% overall accuracy and 0.84 Kappa
coefficient are acceptable, the validation dataset does not capture inter-annual variability in land-use
patterns, particularly in agricultural areas, where cropping cycles and fallow periods may lead to
classification errors. The 500 validation points per time period, while stratified by land-use class, may not
adequately represent the spatial heterogeneity in land-use transition zones (e.g., agricultural-urban interface
and mangrove-fringe areas). Higher-resolution validation data (e.g., Sentinel-2 at 10 m) would improve
confidence in model performance, particularly for detecting small-scale land use changes. Future studies
should consider time-series validation using multiple years of reference data to assess the model stability
across different environmental conditions.

The communication overhead in resource-constrained settings may limit the operational feasibility of
federated learning for land-use modelling in developing countries, where Internet connectivity and
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computational capacity are limited. The 127-s training time per communication round and 211.5 MB total
data transfer represent modest requirements for well-connected institutions but may pose barriers in rural
jurisdictions with intermittent connectivity or limited server infrastructure. Optimisation strategies, such as
gradient compression, asynchronous aggregation, and hierarchical federation architectures, offer potential
solutions but require evaluation in operational contexts [41,45,46].

Model assumptions regarding carbon density stability over the 20202035 projection period introduce
uncertainty into carbon storage estimates. The InVEST carbon module applies static carbon density values
for each land-use type, neglecting temporal dynamics, such as forest growth, soil carbon accumulation, and
climate-induced changes in ecosystem carbon stocks. Studies on carbon dynamics in tropical ecosystems
have documented substantial temporal variations in carbon density within land-use classes, particularly in
regenerating forests and degraded mangroves [43,47]. The assumption of stable carbon densities represents
a substantial limitation of the InVEST carbon module, particularly for multi-decadal projections (2020—
2035). Tropical forest ecosystems are known to exhibit significant carbon accumulation in regenerating
stands (2—-5 Mg-C-ha !-yr!), whereas soil organic carbon pools respond slowly to land-use change (decadal
timescales). The EP scenario’s projected carbon gain of +2.4% may therefore be underestimated if forest
regeneration and soil carbon recovery are considered, whereas the RREE scenario’s carbon losses may be
overestimated if carbon-depleted agricultural soils continue to lose carbon. Future studies should integrate
dynamic carbon density models that account for biomass accumulation, soil carbon turnover, and climate-
induced changes in net primary productivity.

The current framework does not incorporate climate change projections (e.g., CMIP6 SSP-RCP
scenarios) into land use simulations or carbon density estimations. Climate-induced shifts will influence
future land-use changes in agricultural suitability and forest productivity, as well as the impact of sea-level
rise on mangrove ecosystems. The omission of climate change scenarios represents a conservative approach
that may underestimate the magnitude of land use change and carbon storage variability under future
climate conditions. The integration of climate-driven land suitability and dynamic carbon density responses
to temperature and precipitation changes represents a priority for future model development, and multi-
region validation is needed to assess the transferability of the federated learning framework to diverse
geographic and institutional contexts. The performance characteristics observed in the Batticaloa Lagoon
watershed (98.2% of centralised accuracy, 45 communication rounds, and 88.5% data transfer reduction)
may not be generalisable to regions with different data heterogeneity patterns, jurisdictional configurations,
or land-use change dynamics. A systematic evaluation across watersheds with varying institutional
fragmentation, ecosystem types, and development pressures would strengthen confidence in the broad
applicability of this approach.

5.5. Policy Implications

The demonstrated feasibility of federated learning for multi-jurisdictional land-use modelling provides a
data sovereignty solution that enables collaborative regional planning without requiring centralised data
aggregation. This capability addresses a critical barrier to coordinated environmental management in developing
countries, where administrative fragmentation, institutional mistrust, and data governance regulations prevent
information sharing across jurisdictions. The ability of the three Divisional Secretariats and nine local authorities
to jointly develop watershed-scale land-use projections while maintaining control over sensitive spatial data
offers a template for regional planning initiatives in other fragmented governance contexts.

The carbon neutrality pathway identified through scenario analysis requires stringent protection of
mangrove and forest ecosystems, with development expansion constrained to existing settlement
peripheries and low carbon density land uses. The 9.4% carbon loss under RREE versus the 2.4% carbon
gain under EP demonstrates that policy choices regarding land-use conversion restrictions and spatial
development patterns determine whether rural revitalisation is compatible with carbon neutrality objectives
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in the region. The disproportionate contribution of mangrove conversion to total carbon loss (34.2% of
carbon decline from 13% of the watershed area) indicates that coastal ecosystem protection must be
prioritised in carbon management strategies. For the Batticaloa Lagoon watershed, this implies that
mangrove protection should be a central pillar of the Eastern Province’s climate adaptation and coastal zone
management strategies.

Coastal zone management guidance for Sri Lanka’s Eastern Province emerged from the EP scenario
results, which achieved a 2.4% net increase in baseline carbon storage. This outcome was achieved through
the spatial targeting of development to existing settlement peripheries, strict conversion restrictions from
mangrove and forest land, and increased neighbourhood weights to promote the spatial aggregation of
natural land cover. These policy mechanisms offer practical tools for local authorities in Sri Lanka seeking
to accommodate rural housing and infrastructure needs within carbon-neutral development frameworks,
thereby balancing the objectives of rural development and ecosystem conservation [48].

Institutional adoption considerations include computational capacity, technical expertise, and
coordination mechanisms required for operational deployment of federated learning. The 127-s training
time per communication round and requirement for local random forest training indicate that participating
jurisdictions require basic server infrastructure and GIS capabilities. The coordination of 45 communication
rounds across multiple agencies requires institutional arrangements for model parameter exchange,
convergence monitoring, and quality control. Pilot implementations with actual administrative agencies
would clarify organizational requirements and identify barriers to operational adoption [49,50].

For Sri Lanka, the institutional pathways for implementation could include: (1) establishing a technical
working group under the Eastern Province Provincial Council to coordinate model parameter exchange; (2)
developing data-sharing protocols that specify the types of aggregated model parameters that can be
exchanged without violating data sovereignty; (3) providing capacity building and technical assistance to
Divisional Secretariats for local model training; and (4) integrating the federated learning framework into
existing coastal zone management planning processes. These institutional mechanisms would enable the
operational deployment of privacy-preserving collaborative modelling for coastal zone management across
Sri Lanka’s Eastern Province [51].

The policy framework developed in this study, which combines federated learning for data sovereignty,
scenario-based land-use simulation, and ecosystem service quantification, offers a replicable approach for
regional environmental planning in multi-jurisdictional contexts. Application to other watersheds, coastal
zones, and rural revitalisation regions would extend the evidence base for privacy-preserving collaborative
modelling and strengthen the foundation for data sovereignty solutions in environmental governance. In
the broader Global South context, where institutional fragmentation and data sovereignty concerns are
prevalent, this framework provides a template for evidence-based environmental planning that respects the
autonomy of local authorities while enabling a collaborative regional assessment.

6. Conclusions

The FedProx-PLUS-InVEST framework was successfully validated on the Batticaloa Lagoon
watershed, achieving 98.2% centralised baseline accuracy while maintaining complete data locality across
three Divisional Secretariats and nine local government authorities. The federated implementation
substantially outperformed local/isolated training (Kappa 0.84 vs. 0.51), demonstrating that collaborative
modelling across jurisdictions provides significant accuracy benefits, even when data cannot be centralised.
The federated implementation converged within 45 communication rounds. It reduced the data transfer
volume by 88.5% relative to centralised approaches, demonstrating that privacy-preserving distributed
machine learning provides a viable solution for multi-jurisdictional land-use modelling, where data
sovereignty requirements and institutional fragmentation constrain collaborative planning. The 0.84 Kappa
coefficient and 87.3% overall accuracy obtained through federated training represent acceptable
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performance trade-offs for preserving sensitive spatial data within administrative boundaries throughout
the modelling process.

Scenario analysis revealed that carbon neutrality objectives in coastal rural revitalisation contexts require
stringent protection of high-carbon-density ecosystems, particularly mangroves and forests. The Rapid Rural
Economic Expansion scenario projected a 9.4% carbon loss by 2035 (from 3.231 Tg C to 2.928 Tg C), with
mangrove conversion accounting for 34.2% of the total carbon decline despite occupying only 13% of the
watershed area. In contrast, the Ecological Protection scenario increased to 102.4% of the baseline carbon
storage while accommodating 8.6% built-up land expansion, demonstrating that balanced development
pathways can reconcile rural housing and infrastructure needs with ecosystem carbon retention through the
spatial targeting of development to existing settlement peripheries and strict conversion restrictions on natural
land cover types. For Sri Lanka’s Eastern Province, these findings imply that mangrove protection must be a
central pillar of coastal zone management strategies, with development directed toward existing urban and
agricultural areas to avoid encroaching on high-carbon-density ecosystems.

The methodological contributions of this study advance the integration of privacy-preserving machine
learning with spatially explicit ecosystem service modelling. The coupling of federated learning with the
PLUS-InVEST framework represents the first documented application of distributed optimisation to land-
use change simulation and carbon storage assessment. The Federated Land Expansion Analysis Strategy
(Fed-LEAS) extends random forest-based expansion probability estimation to multi-jurisdictional settings
by aggregating local tree ensembles without exchanging raw spatial data, whereas the federated cellular
automata (Fed-CA) module distributes iterative land-use allocation while maintaining global consistency
in demand satisfaction and conversion constraints. This privacy-preserving PLUS-InVEST workflow
enables collaborative regional planning in fragmented governance contexts, where centralised data
aggregation is precluded by regulatory, institutional, or technical barriers.

The practical significance of the federated learning framework extends beyond the Batticaloa Lagoon
case study to broader applications in multi-jurisdictional environmental planning. The demonstrated
capability of three Divisional Secretariats and nine local authorities to jointly develop watershed-scale land-
use projections without relinquishing control over sensitive land tenure, development, and resource
management data addresses a fundamental barrier to coordinated environmental management in developing
countries. For the Global South, where administrative fragmentation, institutional mistrust, and data
governance regulations often prevent information sharing, this framework provides a replicable approach
for evidence-based environmental planning that respects local autonomy while enabling collaborative
regional assessment. The framework provides evidence-based guidance for balancing rural revitalisation
with carbon conservation objectives, with the Ecological Protection scenario offering a replicable policy
template for constraining development expansion to low-carbon-density land uses while protecting
mangrove and forest ecosystems that contribute disproportionately to regional carbon storage.

Future research should prioritise multi-region validation across diverse governance contexts to assess
the transferability of the federated learning framework to watersheds with varying degrees of institutional
fragmentation, ecosystem composition, and development pressures. A real distributed deployment with
actual municipal nodes is needed to evaluate operational feasibility under heterogeneous data quality,
temporal coverage, and computational capacity conditions that characterise resource-constrained settings.
This should involve working with actual Divisional Secretariats and local government authorities in Sri
Lanka to deploy the framework using real data and to document the practical challenges and the institutional
arrangements required for operational implementation. Extending to additional ecosystem services beyond
carbon storage, including water yield, habitat quality, and soil retention, would demonstrate the
generalisability of the privacy-preserving modelling approach to comprehensive ecosystem service
assessment. Integration with policy optimisation frameworks could enable the automated identification of
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land-use configurations that maximise multiple ecosystem services subject to development constraints and
carbon neutrality targets.

Long-term monitoring and adaptive management protocols are required to track the accuracy of land-
use projections and carbon storage estimates as development unfolds, enabling iterative model refinements
and policy adjustments. Scalability testing with larger node networks would clarify the computational and
communication overhead characteristics of federated land-use models in regions with dozens or hundreds
of participating jurisdictions. Asynchronous aggregation strategies and hierarchical federation architectures
may improve convergence efficiency in heterogeneous environments, where client computational capacity
and network connectivity vary substantially. The integration of temporal carbon density dynamics into the
InVEST module would address the current limitations in capturing forest growth, soil carbon accumulation,
and climate-induced changes in ecosystem carbon stocks over multi-decadal projection periods.

The convergence of federated learning with spatially explicit ecosystem service modelling opens new
pathways for privacy-preserving collaborative environmental planning in an era of increasing data
sovereignty requirements and institutional fragmentation. The demonstrated feasibility of the FedProx-
PLUS-InVEST framework in the Batticaloa Lagoon watershed provides a foundation for extending
privacy-preserving distributed machine learning to other domains of regional environmental assessment,
including coastal zone management, watershed planning, and biodiversity conservation prioritisation in the
future. As multi-jurisdictional coordination becomes increasingly critical for addressing landscape-scale
environmental challenges, federated learning offers a technical solution that reconciles the competing
imperatives of collaborative modelling and data sovereignty, enabling evidence-based regional planning
without requiring centralised data aggregation.
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