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Abstract

Wild boar (Sus scrofa) are the most prevalent species involved in wildlife-vehicle collision
(WVC) incidents on the French railway network, resulting in direct mortality, operational
delays and safety risks. More than 1,400 wild boar-related WVCs were recorded in 2025 by
SNCF Réseau, the national railway infrastructure operator. Strong recent increases are
observed across all regions of metropolitan France, often following exponential growth. While
railway ecology remains understudied compared to road-based WVC research, strong spatial
clustering of observations and winter-dominated seasonal variation amplify the need for more
targeted mitigation measures and data-driven decision-making.

We therefore present a spatially and seasonally explicit, national-scale risk prioritization
workflow for wild boar WVC projection on the French railway network. Our LightGBM machine
learning regression models are based on a full decade of SNCF WVC records utilized as raw
and smoothed target risk scores, as well as a comprehensive dataset of environmental
covariates: At square kilometer resolution, we compile rail infrastructure and operation

attributes, ecologically relevant land cover and habitat suitability maps, terrain and passability
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variables, as well as municipality-level hunting indices. Winter and summer risk are modelled
as separate endpoints to account for seasonal shifts in animal behavior, hunting regime, and
resource availability. Broad-scale 12 km smoothed models yield highest test-set R? values of
0.73 for summer and 0.81 for winter compared to other smoothing distances. By contrast,
finer scale 5 km models retained higher predictive power for individual local hotspots. Spatial
multiscale leave-out stress tests confirm generalization capability.

We demonstrate a novel seasonal machine-learning method to derive risk surfaces and
support railway biodiversity monitoring and wildlife risk management. The models provide a
validated and transferable basis for producing risk maps, identifying ranked intervention

hotspots, and projecting regional incident rates into the future.

1 Introduction

Linear infrastructure is one of the dominant ways in which human activity reorganizes
ecological landscapes. Roads, railways, canals, powerlines and service corridors connect
societies and economies, but they also fragment habitats, alter movement, create edge and
disturbance effects, and concentrate mortality where animal movement intersects traffic
(Forman and Alexander 1998, Fahrig 2003, Cosgrove et al. 2018). This places transport
networks as a practical conservation challenge requiring ecological solutions, cross-sector
collaboration, monitoring and decision support rather than engineering-only responses
(Santos et al. 2022, Sjolund et al. 2022, Papp et al. 2024). Transport infrastructure should be
planned, upgraded and operated using the mitigation hierarchy, landscape connectivity
principles, monitoring and collaboration among ecologists, infrastructure managers and policy

actors.

Wildlife-vehicle collision (WVC) research has produced extensive knowledge on hotspot
detection, species-specific roadkill responses, seasonal collision patterns and the design of
mitigation measures. Morelle et al. (2013) used police records in Wallonia to document
spatio-temporal collision patterns in a dense road network, illustrating that mitigation requires
knowledge of not only where but also when collisions occur. Shilling and Waetjen (2015)
showed that hotspot detection is sensitive to spatial scale and data source, as well as the

management question asked, all points directly relevant to this study. Gunson et al. (2011)
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and later Cirino et al. (2022) further demonstrated that different mammal species can respond
differently to habitat and landscape matrix conditions, while Méartz et al. (2024) illustrated how
animal movement and the configuration of a transport network jointly shape crossing and
collision patterns. These findings reinforce the need for species-specific ecological

interpretation and scale-specific modeling rather than generic collision mapping.

Railways are less frequently studied than roads but are not ecologically neutral either (Popp
and Boyle 2017). Train collisions can generate mortality for ungulates, other mammals and
birds, reduce connectivity or serve as corridors, and trigger costly operational responses
(Bhardwaj et al. 2022, 2025). The railway setting is often comparable but also differs from
road systems: collision risk depends on train frequency, speed, visibility, corridor geometry,
fencing and passability, vegetation management, and the probability that an animal crossing
event coincides with a train (St. Clair et al. 2020). For large mammals, the ecological event of
crossing a rail corridor becomes an operational event because trains cannot easily stop and
every collision may require inspection or traffic disruption (Dorsey et al. 2015, Barrientos et al.
2019).

In road systems, WVC models have moved from descriptive hotspot detection and regression
toward machine-learning workflows that treat WVC prediction as a spatio-temporal
prioritization and combine collision records with environmental, infrastructure and temporal
covariates, address rare-event imbalance, and generate operational risk surfaces (spatially
continuous maps of predicted collision risk) for mitigation planning (Shilling and Waetjen
2015, Pagany 2022, Bell et al. 2024). Road models cannot be copied directly to railways, but
collision risk also emerges from nonlinear combinations of animal presence, landscape
context, movement conditions and transport exposure. Rail-specific studies support this
interpretation: ungulate-train WVCs in Poland were associated with forested surroundings,
local ungulate density, train speed, train traffic intensity and rail curvature (Jasinska et al.
2019), while Australian railway models showed that temporal animal activity, train speed and
species occurrence jointly structure collision risk (Visintin et al. 2016). Spatial analyses further
show that rail collisions can be highly concentrated within small fractions of the network (in
Czechia 41.2% of rail WVCs occur on only 0.7% of the network), making ranking performance
and intervention prioritization more relevant than average classification accuracy alone
(Nezval and Bil 2020). Seasonal variation is also central, with Polish ungulate collisions

peaking in autumn and declining in summer, consistent with seasonal grouping, movement
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and reproductive behavior (Krauze-Gryz et al. 2017). Locomotive dashboard cameras proved
useful to research influencing factors on ungulate flight responses but suffer from viewing

angle and vegetation obstruction (Bhardwaj et al. 2022).

The wild boar (Sus scrofa) is a particularly relevant species for this interface between wildlife
ecology and railway management. European populations have increased in many regions —
also in France — due to interacting changes in land use, climate, food availability, hunting
dynamics and demographic potential (Massei et al. 2015, Vetter et al. 2020, ENETWILD-
consortium et al. 2022). They combine high reproductive capacity, behavioral flexibility and
broad diet breadth. Their use of agricultural crops, mast-producing forest, wetlands, dense
cover and peri-urban landscapes makes collision risk sensitive to seasonal resource
availability and landscape heterogeneity (Schley and Roper 2003, Brandt et al. 2006, Ballari
and Barrios-Garcia 2014, Stillfried et al. 2017, Marin et al. 2024). Seasonal movement and
distribution changes are documented especially for agricultural landscapes (Morelle and
Lejeune 2015) and pulsed responses to mast, climate and hunting pressure affect population
dynamics (Servanty et al. 2009).

On the French railway network, wild-boar collisions are operationally important. Public
communication by SNCF Réseau (infrastructure division of the “Société nationale des
chemins de fer francais”) reports that boar are the vertebrate species most frequently hit by
trains; 1,404 wild boar collisions were recorded in 2025, representing a 27% increase
compared with 2024 and a 60% increase over the last three years. Across all wildlife, SNCF
reported 2,562 train-animal collisions in 2024, over 300K minutes of delay and €2.17M in
equipment and labor costs, excluding additional costs associated with the TGV high-speed
network (SNCF Réseau, Paris-Saint Denis, France). These figures make wild boar collision

risk both a biodiversity-management issue and a reliability challenge for railway operations.

The issue of collision risk goes beyond the question of wild boar population density. Intuitive
contributors to habitat suitability such as land cover (LC), mast and crop resources, wetland
probability, hunting effort and terrain features are likely to be linked to wild boar occurrence
(Meyer et al. 2026). But actual collision risk emerges when wild boar presence, movement
motivation, seasonal resources, or hunting pressure coincide with railway exposure and
corridor passability. For example a highly suitable wild boar landscape with little rail exposure

may be a low mitigation priority, whereas a moderately suitable landscape intersected by fast
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or frequent trains, constrained terrain or poor crossing opportunities may represent a high
WVC risk.

The literature contains strong roadkill hotspot identification methods, growing railway ecology
evidence, and increasing calls for integrating biodiversity into transport infrastructure planning
(Popp and Boyle 2017, Santos et al. 2022, Papp et al. 2024). What is missing is a national-
scale, railway-specific workflow that integrates ecology, rail operations, terrain, passability and
hunting proxies into seasonal risk surfaces for management. This study addresses that gap
for the case of wild boar train collisions on the French railway network. It contributes a
reproducible prioritization workflow, a seasonal ecological interpretation of risk drivers, and a
validation design that keeps all headline performance numbers visible while interpreting them
according to their intended prediction domain.

The study has three objectives. First, we quantify spatially and seasonally explicit collision-risk
surfaces from multisource rail, ecological, topographic and hunting covariates. Second, we
interpret the main ecological-operational drivers of risk, with particular attention to seasonality,
habitat-resource context and hunting-derived proxies. Third, we evaluate whether the
resulting surfaces are useful for conservation practice by testing their ability to rank high-risk
railway segments and concentrate raw collision-positive cells into a manageable intervention

subset.
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2 Methods

2.1 Study System and Reference Data

Our study is based on n=7,106 wild boar-train WVCs collected from the proprietary SNCF
Bréhat database (Arthaud 2023) with recorded timestamps between 01 Jan 2015 and 31 Dec
2024 (Fig. 1). These records contain a precomputed species column which is based on the
operator comment text. We selected for occurrence of the specific keywords “sanglier” (=wild
boar) and “marcassin” (=wild boar piglet / freshman / newcomer) in singular and plural
including spelling variants but excluding a record if only generic terms such as “animal” or
“gibier” (= game) are mentioned. Ambiguous cases where wild boar are mentioned together
with other species were kept. Additional 1,087 entries in this database contained the
searched keywords but were subsequently removed in preprocessing, because either they
were duplicates or their kilometer line geocoordinates directly intersected (50 m buffer
tolerance) with high level nodal points of the rail network such as stations, forks or terminal
points. We assume that records are logged onto such nodal points by operators in cases

where the incident location is not known or unretrievable.
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Figure 1 - Monthly extracted SNCF WVCs selected from the Bréhat database with the portion of wild boar-specific WVCs in
orange. Exponential extrapolation curves are fitted on 12-month symmetric moving averages to showcase interannual growth
rates. Two exceptional breaks of reduced WVC activity in the time series are likely related to reduced train frequency during
the 12/2019 general strike (*) and the first French COVID-19 lockdown in early 2020 (**).

Records were sampled into two seasonal endpoints: winter (September-February) and
summer (March-August). The seasonal split used here is ecologically motivated. Winter
season includes the main hunting season, lower vegetation cover, reduced daylight hours and
changing food availability. Summer season includes crop growth, dense vegetation, increased
reproduction and different disturbance regimes. The filtered national modelling series shows
strong growth in recorded wild-boar train collisions: annual incidents increased from 412 in
2015 (322 winter, 90 summer) to 1,104 in 2024 (745 winter, 359 summer). This is a 2.68-fold
increase, equivalent to an annualized growth rate of 11.6%. Across these ten observed years,
winter accounted for 5,332 (75.0%), while summer accounted for 1,774 incidents (25.0%).

The study area is the metropolitan French railway network represented as 1 km long Voronoi-

polygons forming n=24K grid segments in a 500m buffer zone around the railway lines
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(“Ecogrid”: Fig. 2, top). Each polygon feature corresponds to an ecological railway
infrastructure cell of approximately 1 km? area extent with attributes summarizing local rail
operation, infrastructure geometry, surrounding habitat, terrain, passability and seasonal
ecological context. 1 km sections have successfully been used to model ungulate WVCs in
Sweden (Seiler 2004, 2005).

For each season, we evaluated several representations of the dependent prediction target,
defined here as the response variable derived from the observed collision records and used
to train the model. The raw target is the seasonal collision count assigned to a cell and serves
as a baseline model. Because raw wild boar-train collisions are sparse - 3,593 of 24,927 cells
(14.4%) were positive in winter and 1,487 (6.0%) in summer - and their recorded locations
may contain some spatial uncertainty, we also constructed spatially smoothed target families
(Fig. 2, left): Euclidean kernel-density estimates (KDE), adjacency sums, adjacency-Gaussian
values and edge-graph KDE. Kernel-density methods are established approaches for
identifying and ranking collision concentrations along transport networks (Bil et al. 2013) and
have been applied specifically to wildlife—train collisions (Nezval and Bil 2020). Linear-
network formulations additionally provide a statistical basis for smoothing point events
constrained to connected infrastructure networks (Borrajo et al. 2022). We compared
Euclidean KDE, adjacency-sum, adjacency-Gaussian, and edge-graph KDE targets. Unlike
Euclidean smoothing, the adjacency- and graph-based targets propagated collision mass only
through permitted railway connections, thereby avoiding transfer across railway sections
represented as inaccessible or disconnected, including tunnels and bridges (for details
consult Supplement S1).

For each modeling family we constructed smoothed targets at sampling distances of 3, 5, 8
and 12 km. These smoothing levels are not assuming biologically established wild boar
movement buffers; the ecological mechanism is rather represented by predictors at the
railway—landscape interface. They were specified as a multiscale sensitivity analysis because
collision occurrence may reflect both relatively local processes at the transport-infrastructure
interface and broader landscape processes affecting habitat use, connectivity, and animal
movement (Bastianelli et al. 2025). While broadly smoothed 8 km or 12 km targets contain the
risk of flattening out local signal, they offer advantages when interpreted as strategic risk
surfaces; in contrast smaller local 3 km or 5 km targets carry a higher risk of amplifying a
random spatial signal while at the same time offering localization interpretation advantages as

intervention-ranking surfaces.
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Figure 2 — Graphical process overview chart. Workflow for seasonal railway-collision prioritization. Bréhat collision records
were filtered for wild boar, checked for plausible location and assigned to the 1-km Ecogrid. Raw counts and smoothed target
families were constructed at various spatial scales. The same predictor domains were compiled for winter and summer, using
season-specific or recency-weighted values where available: rail exposure and infrastructure, terrain and passability, habitat and
resources, and hunting-derived proxies. Correlated and location-identifying predictors were removed before LightGBM fitting and
Optuna tuning. Selected broad, local and raw-baseline models were evaluated with random within-network, local checkerboard

and large spatial-block validation, then used for spatiotemporal extrapolation and seasonal risk maps.
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2.2

Data Provenance and Feature Parametrization

Candidate independent predictor feature variables were organized into rail exposure and

infrastructure, passability and terrain, habitat ecology and hunting domains:

Rail exposure and infrastructure predictors: (i) daily train density (from an annual
average), (i) maximum posted speed rating of a railway line segment, (iii) rail-length
attributes, (iv) railway line “UIC class” (an internationally standardized railway usage
intensity categorization system) as a proxy for annual transported tonnage (SNCF
Réseau, Paris-Saint Denis, France), (v) network curvature, calculated according to
Jasinska et al. (2019).

Terrain passability predictors: (i) grade-separation such as tunnels and viaducts, (ii)
altitude, steepness, aspect and embankment declivity derived from 100m-spaced 40m
wide railway cross sections of the terrain models RGE Alti MNS/MNT (IGN, Saint
Mandé, France), (iii) access openings and (iv) barrier indicators extracted from OSM
(OpenStreetMap Foundation, Cambridge, UK).

Habitat ecology predictors: (i) wild boar biology-specific LC fractional area coverage
and distances from forest, crop and forage resources derived from Al-based satellite
imagery classification (Meyer et al. 2026), namely beech, oak, mixed and conifer
forest, as well as maize, rapeseed, wheat and barley cultures, (ii) water and wetland
proxies (INPN, Paris, France), (iii) auxiliary datasets of fragmentation mesh density
(“seff”) and fractional cover of small woody features (EEA, Copenhagen, Denmark), (iv)
annual seasonal habitat suitability index (HSI) maps produced by bias-aware species-
distribution modelling (MaxEnt) at 1 km? resolution based on environmental predictors
fitted bias-corrected opportunistic GBIF observations and complementary road and ralil
WVCs (Meyer et al. 2026). While the HSI product has been fitted to presence data
which include a subset of Bréhat SNCF records, complete statistical independence
cannot be claimed, but only derived raster values based on environmental covariates
enter the modeling pipeline of this study.

Hunting predictors: time series of municipal hunting bag statistics in France as
abundance or pressure proxies preprocessed into annually interpolated 1 km?
resolution rasters (réseau Ongulés sauvages OFB-FNC-FD, Paris, France). National

data on artificial feeding were unavailable and could not be modelled.
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We screened 200 candidate predictors. Within each training fold, highly correlated predictors
(absolute Spearman correlation 2 0.92) were grouped and one biologically or operationally
interpretable representative retained. This removes redundant variables rather than altering
the underlying observations. In practice between 66 and 68 numeric, as well as 12 categorical
features were kept activated. The predictor parameter dictionary and correlation analysis

results are supplied in Supplement S2 and S3.

2.3 Model Fitting and Optimization

All modelling and validation workflows are written in Python (version 3.12). The pipeline reads
input data as seasonally split attributed vector geometry with leakage-safe feature
configuration and outputs model predictions to generate final broad/local winter and summer
risk maps, top-percentile classes, ranked intervention tables, post-validation quality control

and checkerboard block-size validation.

We employ LightGBM as a fast and efficient regression Machine Learning library. It builds on
a histogram-based greedy-function gradient-boosting additive decision-tree algorithm in which
each new tree corrects residual errors from previous trees (Friedman 2001, Ke et al. 2017).
This makes it suitable for heterogeneous tabular data with nonlinear interactions and missing
values commonly encountered in ecological predictor datasets (Elith et al. 2008, Grinsztajn et
al. 2022). Hyperparameters were tuned with Optuna (Akiba et al. 2019) using a staged
design: candidate trials were first screened on a computationally cheaper holdout, and the
strongest parameter sets were then evaluated more intensively using validation folds. The
optimization process did not maximize a single metric, but utilized a multi-objective approach
(Karl et al. 2023): Broad seasonal surfaces were selected primarily by continuous risk-score
R2, RMSE and rank correlation. Local operational models were selected by a combination of

risk-score performance and top-k raw-event capture.

2.4 Validation and Evaluation

Three validation lenses are reported (Fig. 2, center-bottom): (i) Random within-network
validation estimates predictive performance for held-out test cells not used to train the model
(80:20 split). (i) Local checkerboard validation divides the study area into alternating
guadratic spatial train-test dataset gaps; checkerboard sizes are varied by target scale (5-15
km for local 5 km targets, 8-36 km for broad 12 km targets and 5-20 km for raw baselines). (iii)

Large spatial-block validation is a conservative stress test for macro-regional extrapolation,
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where training folds get sampled from a 10-km-grid based 80:20 train-test split with the
additional condition that in a 12km buffer around each test cell no train cell is sampled. This
reduces the available training rows to approximately n=8,000 samples. Detailed

configurations for all fols are reported in Supplement S5abc.

The three spatial validation lenses are interpreted as complementary rather than competing
estimates to assess spatial transferability at various scales (Wenger and Olden 2012, Roberts
et al. 2017). Random validation is relevant for within-network ranking and operational utility
but risks spatial autocorrelation through neighbor cell-based train-test leakage like the
unintended transfer of location-related similarity (Dormann et al. 2007). Checkerboard
validation is a more conservative local deployment test, reducing neighbor-cell leakage risk
with increasing block size. Finally, large-block regional validation quantifies the expected
penalty when the model is asked to extrapolate across broader differences in topography, rail
operations, hunting practice or habitat composition. While the large-block regional validation
offers additional insights into transferability it increases the risk of removing crucial large-scale
components from the training data. For example in an extreme case a model fold trained on
an oversampled portion of Bretagne might be evaluated more predominantly on Provence-
Alpes hold-out data and hence the risk of testing against an inadequate domain transfer

emerges.

For continuous risk-score prediction, we report R2, RMSE, Spearman correlation and Pearson
correlation. For target-event diagnostics, we report the Receiver Operating Characteristic
Area Under the Curve (ROC AUC) and average precision. Because collisions are sparse and
mitigation budgets are limited, operational performance was summarized with top-k raw-event
capture: the proportion of actual raw collision-positive cells captured in the top 1%, 5%, 10%
and 20% of predicted risk rankings. For operational risk prioritization we focus on the top 5%
raw-event capture and k-fold lift. We define lift as our model being k-fold times more precise
when predicting a collision compared to random selection — a measure which directly
supports concentrating limited field effort on a tractable subset of railway kilometers. Even
though our implementation is carried out entirely in Python we follow the best practices and

established recommendations of the R-package BlockCV (Valavi et al. 2019).
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2.5 Temporal Extrapolation

Seasonal risk surfaces are converted into monthly incident-rate projections using
deterministic seasonal disaggregation. Region- and season-specific collision totals are first
projected with log-linear exponential count trends. The resulting winter and summer totals are
then distributed across months using a cosine-based seasonal weighting function, with values
approaching the winter endpoint during the seasonal high-risk period and the summer
endpoint during the low-risk period. Monthly spatial surfaces are generated by interpolating
between the normalized winter and summer risk surfaces and scaling the resulting monthly
surface to the projected regional monthly incident total. This procedure produces a smooth
operational planning layer for monthly prioritization, while preserving the seasonal count
structure of the underlying projection. While not intended as a fully dynamic temporal collision
model, the approach offers a regionalized temporal extrapolation of the current seasonal

spatial pattern into the following years.
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3 Results

3.1 Target Selection and Model Performance

Initial Optuna screening showed that smoothed targets were substantially more predictable
than raw collision counts (Fig. 3). These results support two model products: broad 12 km
seasonal risk surfaces for strategic planning and local 5 km seasonal surfaces for field

intervention ranking (Fig. 4). Tuned hyperparameters are reported in Supplement S4.

The winter broad 12 km adjacency-Gaussian target achieved strong random within-network
validation performance (R? = 0.805, RMSE = 0.064, Spearman = 0.891 in the selected run).
The winter local 5 km adjacency-Gaussian target performed slightly below the broad target in
continuous risk-score terms (R2 = 0.668, RMSE = 0.072, Spearman = 0.775), but it was better
aligned with operational top-k intervention ranking. The winter raw-count baseline was much
harder to model (random R2 = 0.098, Spearman = 0.307), confirming that sparse raw events

alone are not a stable national risk surface.

Summer showed the same hierarchy but with lower local stability. The summer broad 12 km
adjacency-sum target achieved random R? = 0.732, RMSE = 0.124 and Spearman = 0.824.
The summer local 5 km Euclidean target achieved random R? = 0.563, RMSE = 0.070 and
Spearman = 0.656. The summer raw-count baseline remained weak (random R2 = 0.011),

which is expected given the lower event prevalence.
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Figure 3 — Target smoothing is a necessary aggregation and has a large effect on model trainability and performance
compared to raw baseline models from sparse incidents. Increasing the smoothing bandwidth yields higher test dataset

correlation coefficients.

3.2 Validation Lenses

The validation results formed a consistent gradient (Fig. 4, top): Spatial uncertainty increases
when larger connected areas are left out from the training dataset. Random within-network
validation produced the highest R2 because train and test cells were sampled from the same
national railway system. Local checkerboard validation was more conservative but retained
strong signal. Large spatial blocks produced the lowest R? because they tested a stricter
macro-regional extrapolation task. Detailed performances for the select models are reported
in Supplement S5abc and S6. ROC AUC and Precision-Recall curves are reported in

Supplement S7.

For the winter broad 12 km model, R2 decreased from 0.805 under random validation to 0.683
under local checkerboard validation and 0.323 under the large spatial-block stress test.
Spearman rank correlation remained high under checkerboard validation (0.822), showing
that the model continued to rank nearby held-out cells meaningfully. The winter local 5 km
model followed the same pattern: random R2 = 0.668, checkerboard R? = 0.567 and large-
block R2 = 0.241.

Summer broad risk also retained useful checkerboard performance (random R? = 0.732;

checkerboard R2 = 0.613; large-block R2 = 0.237). The summer local 5 km model was weaker
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in continuous-score terms (random R2 = 0.563; checkerboard R? = 0.443; large-block R2 =

0.100), but remained useful for top-k prioritization.

Validation performance and operational top-5% capture
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Figure 4 — A: Expected decline from random interpolation to checkerboard validation and large-block stress testing. B: Local
seasonal models concentrate raw collision-positive cells several-fold above random baseline. Error bars indicate foldwise

95% confidence interval.

Top-k raw-event capture was the most directly management-relevant metric (Fig. 4, bottom).
In winter, the local 5 km model captured 19.6% of raw collision-positive cells in the top 5%
under random validation, 18.7% under local checkerboard validation and 13.8% under large
spatial-block validation. The corresponding lifts over seasonal baseline were 3.92x, 3.73x and
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2.76x%. The winter broad model had similar but slightly lower checkerboard top 5% capture
(17.6%; 3.51x lift).

Summer local prioritization was especially strong relative to its lower event prevalence. The
summer local 5 km model captured 30.4% of raw summer collision-positive cells in the top 5%
under random validation and 24.4% under local checkerboard validation, corresponding to
6.09x and 4.87x lifts. Even under the large spatial-block stress test it retained 14.0% top 5%
capture, a 2.80x lift. This indicates that a sparse and noisier summer response can still be

operationally useful when interpreted as a ranking problem.

3.3 Feature Importance

Consensus feature importance was dominated by exposure, terrain, habitat-resource and
hunting variables (Fig. 5). In both seasons, recent weighted train density was the leading
predictor (mean importance share 0.083 in winter and 0.104 in summer), confirming that the
model predicts operational collision burden rather than pure ecological crossing propensity.
Speed-related features, rail length, curvature and UIC class contributed additional exposure

and infrastructure signal.

Terrain and engineering context were also prominent. High-percentile altitude-declivity
features, tunnel-altitude metrics, relief range and declivity-altitude differences were among the
most important predictors. These variables likely capture a combination of animal movement
constraints, valley and slope contexts, embankments, cuttings and engineered segments

where crossing opportunities are unevenly distributed.

Ecological predictors provided the habitat-resource signal. Distances to beech, conifer and
oak resources, habitat-suitability anchors, grassland, agriculture, forage, mast, crop and water
variables were consistently retained. Hunting features, including recent weighted hunting
density, five-year means and trend variables, were also important in both seasons. These
variables are best interpreted as abundance and pressure proxies at the scale of railway risk

mapping, not as causal proof that hunting directly causes collisions.
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3.4

Temporal Extrapolation

The temporal projection module fitted exponential trends to observed seasonal counts (Fig.
6). At national scale, the winter trend fit achieved R? = 0.882 and RMSE = 51.8 collisions; the

summer trend fit achieved R2 = 0.846 and RMSE = 32.6 collisions. These trend fits confirm

the strong upward trajectory in both seasons, with winter remaining the dominant burden.

Monthly cosine interpolation translated the seasonal endpoints into monthly expected incident

rates while preserving the seasonal risk surfaces. This is useful for workload planning,

deterrent timing and seasonal field validation.
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Figure 6 - Seasonal trend extrapolation for all of France (top) and example trends for three selected regions (bottom).
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For each region of metropolitan France individual projections were calculated separately. This
regionalization allows differentiating growth rates dynamically on a broader spatial scale. All
regions show clear upward trends for summer and winter endpoints (Fig. bottom). Many
regions such as lle de France closely resemble the pattern observed for the whole country
with winter incident rates reporting consistently higher and accelerating faster when compared
to summer rates. Occitanie is an example exhibiting a less clear pattern with lower absolute
numbers and greater interannual variability. Bretagne serves as a contrasting example:
reported WVCs were almost negligible in 2015 but increased rapidly during the last three

years. Consult Supplement S8 for trend models over all regions.
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4 Discussion

4.1 Main Findings

Seasonal wild boar train collision risk on the French railway network can be modelled with
enough accuracy and ecological coherence to support applied conservation decisions. The
strongest products are not models derived from raw event-counts, which are sparse and
noisy, but smoothed seasonal risk surfaces that integrate collision history, rail exposure,

terrain, habitat resources and hunting-derived proxies.

Winter is the dominant season because it accounts for three quarters of the observed 2015-
2024 incidents, but summer is not negligible either: the local summer model concentrated
nearly one quarter of raw summer collision-positive cells into the top 5% of ranked cells under
checkerboard validation. The study therefore contributes more than a predictive map (Fig. 7).
It provides an ecological-operational interpretation of where collision risk is likely to arise, for
example: where wild-boar habitat and resources intersect frequent or fast rail traffic, or where
constrained terrain, passability limitations meet local abundance or hunting pressure signals.
This is the type of evidence needed for lifting biodiversity on the agenda in transport

infrastructure: risk must be made visible at scales where managers can act.
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Seasonal Wild Boar Railway Collision Risk Surfaces

A. Winter Risk: National Overview B. Summer Risk: National Overview
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Figure 7 — A, B: The 5 km seasonal risk surfaces showcase a stronger signal in winter and a concentration of clustered
hotspots in Normandie (North-West of Paris), lle-de-France (around Paris), Grand Est (East, near Strasbourg), Pays-de-la-
Loire and Southern Bretagne (North-West, near Nantes), as well as in Provence-Alpes-Cote d‘Azur (South, near Marseille).
C, D: When zoomed to local scale, major differences between seasons are visible in the spatial structure of predicted

hotspots.

The identified predictor patterns support a collision process driven by exposure, animal
presence and crossing context. Train density and speed-related features indicate the main
encounter components: more trains and faster trains increase the probability that an animal
movement event will become a recorded collision. Terrain, declivity, relief and tunnel-altitude
variables likely encode places where the railway corridor passes through valleys, slopes,

cuttings or embankments that constrain wild boar movement or concentrate crossing
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attempts. Rail length, curvature and infrastructure class add information about the amount

and type of track exposed in each cell.

Habitat and resource variables provide the ecological component. Forest-resource distances,
oak and beech mast proxies, forage and crop variables, water and wetland context, grassland
and agriculture, and habitat-suitability anchors together suggest that collision risk is elevated
where railway exposure intersects landscapes that attract or sustain wild boar. This is
consistent with the species' flexible diet and seasonal use of agricultural and forest resources
(Schley and Roper 2003, Ballari and Barrios-Garcia 2014). The result also shows that habitat
suitability is a useful parameter but not sufficient by itself: high-risk cells are not simply the
most suitable habitat, but cells where suitability and movement incentives meet rail exposure.
One plausible interpretation is that merely sufficiently suitable but fragmented and
heterogenous landscapes require animals to move more frequently between feeding, resting
and water resources, thereby increasing their exposure to railway crossings, a finding which

has been similarly seen for road ecology (Beasley et al. 2014, Bastianelli et al. 2025).

Hunting variables reveal high importance which supports the idea that local wild boar
availability and management pressure are relevant to collision risk. However, hunting bags
mix abundance, effort, accessibility, local rules, reporting and hunting culture (Imperio et al.
2010). In France, hunting is a central part of wild boar management but is also socially and
administratively complex (Vajas et al. 2023). Quotas or effort may themselves increase after
crop damage or conflict, creating reverse-direction association. We therefore treat hunting
indices as practical abundance or pressure proxies, not as causal population estimates
(Carvalho et al. 2024).

4.2 Infrastructure-Management Implications

The top-k results form a clear management output: under checkerboard validation, the winter
local model captured 18.7% of raw winter collision-positive cells in the top 5% of ranked cells,
and the summer local model captured 24.4% of raw summer collision-positive cells in the top
5%. These lifts mean that managers can focus field checks on a tractable subset of the

network while still covering a disproportionate share of recorded collision locations.
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The three validation lenses provide useful context and the performance gradient is coherent:
random validation produces the strongest test scores, checkerboard is slightly lower but still
strong, and large-block validation is lowest. This pattern should be interpreted as a property of
the prediction domain, rather than a weakness of the model: direct transfer to other railway
systems would require recalibration with local collision records, rail operations, hunting
context and ecological covariates. More general, risk maps should not be viewed as
replacements for field ecology. They should be used as guidance to where ecologists, railway
staff, wildlife managers and hunters can verify animal movement, assess passability and

choose mitigation measures and guide prioritization.

A single best model would obscure the fact that collision risk operates not only at different
management levels but also on different ecological scales. Broader habitat, resource and
connectivity patterns influence wild-boar occurrence and movement, whereas local
infrastructure and traffic characteristics determine where encounters become collisions
(Gunson et al. 2011, Laube et al. 2023). Wild-boar movement itself responds differently to
local resources and broader landscape conditions across spatial scales (Podgorski et al.
2013, Kay et al. 2017). We therefore argue that we need to produce both: Broad 12 km
surfaces are more stable and better suited to wide forested or agricultural landscapes
allowing national or regional risk atlases, budget allocation and communication with decision-
makers. Local 5 km surfaces are more useful for heterogenous and peri-urban areas and
guide field prioritization because they concentrate raw collision-positive cells in the highest-
ranked subset and add an intervention layer for inspections, monitoring and candidate

warning or deterrent systems.

Potential mitigation actions include targeted fence audits, inspection of access gaps and
cuttings, vegetation-management review, maintenance or adaptation of existing wildlife
passages, camera-trap validation, drone or patrol surveys, local hunting-stakeholder
coordination and targeted deterrent trials; strategies which are similar to roadkill intervention
(Rytwinski et al. 2016). At confirmed crossing sites, controlled at-grade passages combined
with train-triggered detection and warning or deterrent systems may preserve connectivity
while encouraging animals to leave the tracks before trains arrive (Seiler and Olsson 2017,
Backs et al. 2020, Bhardwaj et al. 2022). Any field response should be seasonal. Winter maps
should guide the main collision-reduction campaign because winter dominates the event

burden and coincides with hunting and reduced cover. Summer maps should support targeted
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monitoring of agricultural and resource-driven risk, especially where high summer rankings

persist despite lower overall event counts.

4.3 Limitations, Outlook and Conclusion

Several limitations of our study should be explicit. First, the models are risk-prioritization
models trained on reported collision patterns; they are not causal ecological experiments.
Second, smoothing improves stability and helps produce interpretable risk surfaces, but it can
inflate apparent predictability if evaluated only with random splits; this is why checkerboard
and large spatial-block validation are reported. Third, coordinates and region labels were
excluded from training, but legitimate environmental and operational variables still carry
spatial structure complicating the spatial transfer to a new domain. Fourth, hunting features
depend on the quality of the municipality level-resolution imputation and on reporting
practices. Fifth, our modeling target is focused on operational collision burden, we do not aim
to model pure animal crossing behavior. An exposure-normalized sensitivity analysis could

mitigate this in the future separating ecological crossing demand from train exposure.

Additionally, the exponential trend module and cosine monthly interpolation are useful
planning tools, but they are not mechanistic forecasts of wild-boar population dynamics. They
convert seasonal risk surfaces into expected continuous year-round workloads and help

schedule monitoring or mitigation.

In the future multi-temporal time-series machine learning methods such as LSTM or RNN
could be employed to increase temporal granularity in modeling and learn inter-annual
differences such as mast years from the provided datasets — a quality which is currently
smoothed over by the dichotomous winter/summer approach. A multi-temporal approach can
extend the seasonal endpoint models into dynamic panel models with temporally lagged
collision history, yearly land-cover changes, weather, hunting updates, vegetation
management and infrastructure interventions. Such models could also support before-after or
control-impact evaluation of mitigation measures, but only with strict temporal leakage control
and independent forward-year validation. A potential pathway has been described in a recent
study which connects ungulate collision mitigation to intelligent sensors and monitoring

pipelines in Southern France (Moulherat et al. 2024).
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As a next step, field validation should use the top-ranked winter and summer cells to compare
predicted risk with animal movement tracking, camera traps, thermal-drone observations,
patrol records and local wildlife-manager knowledge. Camera traps in particular have proven
useful as a validation instrument (Burton et al. 2015). A complementary camera trap study is

therefore underway and being prepared for publication.

Lastly, the 1 km? spatial granularity of grid cell limits ecological inference potential for local
management. We advocate employing a modern vision language model (VLM) prompted with
the highest resolution available datasets such as remotely sensed imagery (Li et al. 2024),
and additional contextual information such as the most recent nearby collisions to further
refine the larger scale outputs of this model.

We conclude that multisource seasonal modelling can support railway biodiversity
management by identifying where wild-boar collision risk is likely to concentrate on the French
railway network and by clarifying which ecological and operational drivers contribute to that
risk. The presented models perform strongest when applied and interpreted within the
deployment domain, but our developed approach proves transferable to novel spatial contexts
in Europe and beyond as growing wild boar populations approach transport infrastructure.
With this study we advocate for a reproducible data-driven basis for targeted mitigation,

monitoring and adaptive biodiversity management.
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