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ARTICLE INFO ABSTRACT

Keywords: Effective fire-risk management in Tasmania requires vegetation maps that capture both broad
Fire fuel mapping fuel patterns and small, highly flammable gorse (Ulex europaeus) infestations. Yet gorse often
Object-based image analysis (OBIA) occurs in fragmented patches that disappear in coarser land-cover products, raising uncertainty

Spatial scale effects about how much fuel information is lost when regional maps are produced at moderate or coarse
Random Forest

LIDAR resolution. To clarify these scale effects we compare Object-Based Image Analysis-Random

SAR Forest fuel mapping at 0.5, 3 and 10m in a heterogeneous Tasmanian agricultural landscape

Sensor fusion using fused optical, LIDAR and SAR features. Beyond accuracy at each scale, we quantify how
classes merge, disappear, or persist between resolutions using transfer matrices and analyse how
large a gorse patch must be to remain detectable at coarser scales. F1 scores are consistently high
across scales (76%-99%), yet class-level behaviour differs substantially. The 3 m model achieves
the highest gorse classification performance while maintaining geometric coherence of these
shrub patches. When transferred from 0.5 m, 76% of fine-scale gorse area remains represented at
3m, compared to only 36.8% at 10 m. Detection probability at 3 m increases monotonically with
patch size, whereas at 10 m even large patches (10,000-30,000 m?) are detected in only 60% of
the cases. These results demonstrate that high within-scale accuracy does not guarantee cross-
scale persistence of fine-grained fuels. 3m resolution provides optimal scale-patch alignment
for regional fuel-zone delineation in Tasmania, whereas sub-metre imagery is required for
explicit identification of individual gorse infestations. Overall, the results confirm that spatial
aggregation disproportionately affects narrow and fragmented vegetation types. Resolution
choice is therefore not merely a technical setting, but a decisive factor in whether hazardous
fine fuels remain visible in regional fuel assessments.

1. Introduction

In Australia, bushfires are a recurring and increasingly severe threat to both ecosystems and communities (Sharples et al.,
2016). Although fire is a natural ecological process, recent decades have seen increasing frequency and intensity of extreme fire
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events, driven largely by climate change (Yu et al., 2020; Shi et al., 2021; Halgamuge et al., 2020). Effective fire management
now depends on reliable vegetation maps that represent fuel structure and flammability, which guide prescribed burning, asset
protection planning, and early-season hazard assessments (Taylor et al., 2024). A particular challenge in Tasmania is the management
of Ulex europaeus (gorse), an invasive shrub that forms dense, highly flammable thickets. Even small, scattered gorse patches can
act as unexpected fuel sources, influencing fire spread and suppression difficulty (Hartley et al., 2022; Anderson and Anderson,
2010). However, these patches are difficult to detect consistently across large areas because they are spatially fragmented and often
spectrally similar to surrounding grasslands in medium-resolution satellite imagery (Hartley et al., 2022). Understanding how much
gorse detail is retained (or lost) at different spatial resolutions is therefore essential for fire-risk mapping and regional fuel-load
assessment (Arroyo et al., 2008). Unlike many agricultural regions where vegetation cover is relatively uniform, the Midlands of
Tasmania form a highly heterogeneous mosaic of native grasslands, tussock patches, shrub corridors, woodland and small gorse
infestations (Davidson et al., 2021). Vegetation structure can change over only a few metres, and grasslands alone span a wide
range of heights and densities (Cowell et al., 2013). This fine-grained heterogeneity makes the region particularly sensitive to
spatial resolution: classes that appear homogeneous in coarser agricultural landscapes are ecologically diverse here, and their patch
boundaries directly influence fire behaviour (Taneja et al., 2021). Consequently, vegetation classification is not only meaningful but
essential for capturing the functional diversity of grass- and shrub-dominated fuel types in this landscape.

Remote sensing offers scalable monitoring capabilities, with optical, LiDAR and SAR sensors capturing complementary infor-
mation on vegetation composition, structure and surface roughness. Sub-metre imagery resolves fine-scale gorse structures but is
expensive and spatially limited. Freely available missions such as Sentinel-1 and Sentinel-2 provide broad coverage, yet their spatial
resolution often merges or obscures small shrub patches (Marcinkowska-Ochtyra et al., 2018; Plakman et al., 2020; Vizzari, 2022).
Combining spectral, structural and textural features within an object-based image analysis (OBIA) framework improves classification
by integrating spectral richness with contextual information (Gini et al., 2018; Mohammadpour et al., 2022; Dorigo et al., 2012), but
the degree to which this mitigates scale-driven information loss remains little quantified. Previous studies have analysed scale effects
using concepts such as minimum mapping unit (MMU) and minimum detectable patch size. Using synthetic binary patterns, Lechner
et al. (2009) quantified how patch area, elongation and grid position control the probability of extracting small and linear features
and showed that grid cells must be many times smaller than the feature width to achieve acceptable accuracy. Similar research
studies have shown that coarse maps tend to underestimate the area and fragmentation of small patches or disturbances (Xin et al.,
2013). Zhang et al. (2025) simulated scale aggregation effects and showed accuracy degradation with coarser resolution. While
these studies provide important theoretical and simulation-based insights into scale effects, they primarily evaluate scale through
controlled aggregation or single-resolution analyses. In contrast, our study examines how the same real-world vegetation patches
persist or disappear across independently derived operational products at multiple spatial scales.

Additionally, it remains unclear how far fine-scale distinctions between gorse, grass communities and forest persist when maps
are produced at coarser resolutions, or which sensor configurations retain enough class detail to remain operationally useful. Existing
OBIA studies have explored segmentation scale (Hao et al., 2021) and multi-sensor fusion (Vizzari, 2022), but most assess each scale
independently rather than examining how vegetation classes reconfigure across a nested 0.5-3-10 m gradient.

In this study, we extend the scale-effect analysis from comparing map-level accuracies to analysing patch-wise cross-scale
detectability of invasive gorse fuel. Our patch-based cross-scale analysis moves beyond controlled aggregation experiments from
earlier work (Lechner et al., 2009; Xin et al., 2013) by quantifying object-level retainment across independently segmented and
classified products. It thereby links the minimum detectable patch size theory to operational multi-sensor fuel mapping. The study
aims for explicit patch-size thresholds and scale-dependent recommendations for operational gorse and grass fuel mapping in
heterogeneous agricultural landscapes. This leads to three guiding research questions:

1. How does the alignment between spatial resolution and vegetation-patch size affect the mapping of fire-relevant vegetation
classes across 0.5, 3 and 10 m?

2. Which sensor or sensor combinations provide sufficient accuracy for fuel mapping in the heterogeneous landscapes of
Tasmania?

3. How does gorse patch size influence cross-scale detectability and object persistence?

2. Study areas and database

The study areas are located in the Midlands of Tasmania and features agricultural land, gorse, diverse grassland communities, and
small patches of trees. Three nested subsets (Fig. 1) were selected based on the presence of gorse, representativeness of agricultural
landscapes, and data availability, covering 2.3 km? (SkySat), 23 km? (PlanetScope; PS), and 210 km? (Sentinel-1/-2), respectively.
Table 1 summarises the datasets used in this study.

The airborne LiDAR was conducted by the company VirtualTas during a flight mission with the purpose of creating a digital
twin of Tasmania. It was captured using a RIEGL VQ-1560i-DW sensor from an estimated flying height of approximately 700 metres
above ground level, achieving a point density of approximately 38.65 points/m? (VirtualTAS, 2025). The LiDAR was recorded one
year earlier (2024) than all other datasets, however, it was obtained during the same season (early autumn). To validate that
no major vegetation changes occurred between the two acquisition dates, we visually inspected multi-temporal orthophotos from
the Tasmanian LISTMap viewer for 2024 and 2025 (Department of Natural Resources and Environment Tasmania, 2025). We did
not observe any temporal offsets that could affect CHM (Canopy Height Model)-based class discrimination. A SkySat collection
was obtained through Planet Labs and European Space Agency (ESA) sponsorship, and downloaded as an ortho-analytical surface
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Fig. 1. Overview of the study areas in the Midlands of Tasmania. (A) shows the coarse area with 10 m Sentinel-2 as basemap. (B) presents the
mid-scale area with 3m PlanetScope imagery and (C) shows the fine-scale area with 0.5m SkySat imagery.

Table 1
Overview of datasets employed in this study with their source, spatial and spectral resolutions, as
well as recording dates.

Data Source Spatial Res. Spectral Res. Date

LiDAR VirtualTAS 38.65 pnts/m? - 13/03/2024

SkySat Planet 0.5m RGB+NIR 09/03/2025

PS Planet 3m 8-band 19/03/2025

S-1 Copernicus 10m VV+VH 03/03/2025

S-2 Copernicus 10m 13-band 19/03/2025
Table 2

Spectral bands and their wavelengths in nm for Sentinel-2 [resolution in brackets], PlanetScope [3m]
and SkySat [0.5m].

Spectral band Sentinel-2 PlanetScope SkySat
BO1 (Aerosol) 443 (60 m) 431-452 -

B02 (Blue) 490 (10m) 465-515 450-515
B03 (Green) 560 (10 m) 513-549 515-595
GreenII - 547-583 -

Yellow - 600-620 -

B04 (Red) 665 (10m) 650-680 605-695
BO5 (Red edge) 705 (20 m) 697-713 -

BO6 (Red edge) 740 (20 m) - -

BO07 (Red edge) 783 (20 m) - -

B08 (NIR) 842(10m) 845-885 740-900
B8A (Narrow NIR) 865 (20 m) - -

B09 (Water vapour) 945 (60 m) - -

B10 (Cirrus) 1375 (60 m) - -
B11(SWIR1) 1610 (20 m) - -

B12 (SWIR 2) 2190 (20 m) - -

reflectance product via Planet Explorer. The image consists of four bands: red (R), green (G), blue (B), and near-infrared (NIR)
(RGB+NIR). Some shadowing is visible in the image, cast from taller trees. The PS collection from the Super Dove sensor was
obtained through a research license from Planet Labs. The image was harmonised by Planet Labs to fit Sentinel-2 (S-2) data. Lastly,
the Sentinel-1 (S-1) and S-2 images were downloaded from the Copernicus Hub. All optical data have 0% cloud cover. Their band
specifics are given in Table 2.

All imagery was projected to GDA2020/MGA Zone 55, resampled to a common resolution matching the analysis scale (0.5m,
3m, or 10 m) using the nearest neighbour interpolation method, and aligned using the Python package rasterio (v1.4.3) (Gillies and
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Fig. 2. Flowchart of the OBIA-RF approach for vegetation classification using LiDAR, multispectral, and SAR (S-1) imagery. CHM = Canopy
Height Model, DSM = Digital Surface Model, DTM = Digital Terrain Model, GLCM = Grey Level Co-occurrence Matrix, RVI = Radar Vegetation
Index.

contributors, 2024). The VirtualTas LiDAR was used to derive a Digital Elevation Model (DEM) and Digital Surface Model (DSM)
at 0.5m resolution to calculate a CHM.

S-1 pre-processing was done with ESA’s Sentinel Application Platform (SNAP) software, including thermal noise removal, orbit,
and terrain correction. For speckle filtering, the Block-Matching 3D (BM3D) algorithm was applied (Dabov et al., 2007).

3. Methodology

We applied an OBIA-Random Forest (RF) workflow at three spatial resolutions (0.5, 3 and 10 m), representing fine-scale gorse
fuel units, functional type, and landscape-level mapping requirements. At each scale, we aligned multi-sensor data and extracted
spectral, structural, and textural features to enable comparable RF classifications. As can be seen in Fig. 2 the workflow followed
four steps: data alignment and resampling, feature extraction and band stacking, model training and classification, as well as an
accuracy assessment. Each spatial scale was treated as an independent mapping scenario. Accordingly, segmentation, training data,
classification and accuracy assessment were defined separately for each scale. This design reflects realistic fuel mapping rather than
artificial model transfer in a controlled setting.

Table 3 outlines spectral band inputs and classification focus for each spatial scale. Previous studies have shown that sub-metre
imagery is required to reliably detect tussock-form grasses (Pham et al., 2024; Ogliari et al., 2023). On this basis, we mapped
characteristic tussock-form grass structures (Lomandra longifolia) at 0.5 m resolution (fine-scale), where the detail was sufficient
to separate it from other native grass communities. At coarser scales (3m, 10 m), such species-level distinctions were no longer
spectrally or structurally separable and were therefore aggregated into the broader class ‘grass communities’. These class groupings
reflect the ecological reality that species-level distinctions are detectable only at sub-metre scale, while broader vegetation functional
types dominate the spectral signatures at medium and coarse resolutions. However, with a coarser resolution, the area that can be
classified increases as the computational load decreases. Therefore, the two coarser areas are ten (23 km?) and 100 (210 km?) times
the core fine-scale area. Accuracy and feature importance are interpreted within each scale only and are not directly compared
across spatial extents and scales. Cross-scale comparisons are based solely on the overlapping fine scale area.

By analysing the classification performance and feature importance per scale, this study aims to quantify which sensor types
provide the most value for detecting fine gorse fuel units at varying spatial extents. After that, it is tested whether the fine-scale
approach can be interpreted as a useable signal for coarser and more cost-efficient gorse zone maps.
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Table 3
Spatial scales and their inputs/focus for vegetation classification.
Scale Purpose Data inputs Classification focus Area (km?)
0.5m Fine-fuel detail SkySat+CHM Individual gorse, tussock patterns 2.3
3m Fuel-zone mapping PS+S1+S2 Gorse-grass patch clusters 23
10m Landscape context S1+S82 Broad gorse/open/forest zones 210
Table 4
Vegetation indices used in the analysis.
Index Equation Reference
NIR—Red
NDVI NTRIRed Rouse et al. (1974)
2.5(NIR=Red) -
EVI NIR+6-Red—7.5-Blue+1 Zeng et al. (2022)
(1+L)(N I R—Red)
SAVI NIRIRedtL Huete (1988)
Green-NIR
NDWI GreeniNIR McFeeters (1996)
4oV .
RVI —— Kim and van Zyl (2004)

3.1. Feature extraction

To improve classification accuracy, we derived spectral, structural and textural features from the optical, radar and LiDAR
datasets. From the optical imagery, we computed four vegetation indices: the Normalised Difference Vegetation Index (NDVI), En-
hanced Vegetation Index (EVI), Soil-Adjusted Vegetation Index (SAVI) and Normalised Difference Water Index (NDWI) following Xue
and Su (2017) (see Table 4). For Sentinel-1, the Radar Vegetation Index (RVI) was calculated using the dual-polarisation adaptation
based on "31/ ~ oOH gy (Kim and van Zyl, 2004; Trudel et al., 2012; Holtgrave et al., 2020), where ¢° denotes the backscatter
coefficient (Richards, 2005).

Textural information was added using grey level co-occurrence matrix (GLCM) features, which have been shown to improve
vegetation mapping (Mohammadpour et al., 2022; Agiiera et al., 2008; Feng et al., 2015). Following Hall-Beyer (2017), we retained
four largely non-redundant measures: contrast, mean, homogeneity and entropy. Textures were derived from the first principal
component of each optical dataset using standard settings (distance = 1, 64 grey levels). Structural information was incorporated
at the fine spatial scale using the LiDAR-derived canopy height model.

3.2. Image segmentation

We used multi-resolution segmentation (MRS) in eCognition (Trimble Inc., 2026), a commonly applied algorithm for generating
homogeneous objects in high-resolution imagery (Meinel and Neubert, 2004; Baatz and Schépe, 2000). Segmentation parameters
were tuned iteratively to reflect vegetation structure at each scale.

For each area, the highest resolution multispectral bands per scale, the NDVI, and the textural bands were included in the MRS.
For the fine-scale region, the CHM was included as well and weighted with a factor of three to single out trees and gorse patches
(Table 9 in the Appendix). Other input layers were only weighted once. The parameter settings differed between scales to reflect
structural characteristics of the vegetation patches and scale. Scale parameters were adjusted iteratively by visual inspection.

3.3. Classification

OBIA was used to reduce pixel-level noise and to improve class discrimination compared with conventional pixel-based
approaches (Niemeyer et al., 2008; Hussain et al., 2013; Kavzoglu and Tonbul, 2018). OBIA allows spectral, structural and ancillary
information to be combined at the segment level, which supports vegetation mapping across different spatial resolutions. As a
classification algorithm, RF was selected for its robustness to mixed data types and limited training samples. In OBIA, RF efficiently
integrates multispectral, LiDAR, and radar features and requires minimal parameter tuning compared to alternative algorithms such
as Support Vector Machines (Breiman, 2001; Bialas et al., 2019). RF models were implemented in Python using scikit-learn with
200 trees, class-balanced weights and out-of-bag error estimation enabled (scikit-learn developers, 2023).

A separate RF model was trained for each spatial scale. Each model was based on the highest-resolution base sensor available
(SkySat for fine-scale, PS for mid-scale, and Sentinel-2 for coarse-scale) and used scale-specific training data and features. This
approach reflects realistic data availability at each mapping scale. The goal was not to transfer one model across scales, but
to quantify how vegetation-class definitions change when segmentation and resolution differ. In this way, any differences in
classification performance reflect realistic scale-dependent mapping conditions. Training objects were assigned based on dominant
vegetation and ambiguous cases were excluded. The classes included are grass communities, trees, gorse, bare land, agricultural
land, and water for mid- and coarse-scales (see Table 5). At the fine-scale Lomandra was additional classified. Water polygons
were underrepresented in the study area, resulting in fewer training and test segments than for other classes and hence, are
completely omitted in the fine-scale area. The final number of labelled objects can be seen in Table 5. Training and testing areas
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Table 5
Training and testing segment counts per class and scale. Values are shown as train/test, with the last column
giving the total values.

Scale Lomandra Grass Comm. Trees Gorse Bare land Agricultural land Water Total

Fine 52/16 50/13 42/16 48/18 54/16 22/9 - 268/88
Mid - 44/14 35/12 32/13 44/16 43/17 7/4 205/76
Coarse - 32/14 42/21 38/18 44/12 44/14 12/5 212/70

were geographically separated to ensure spatial independence and reduce spatial autocorrelation bias. The areas differ in their extent
to cover the entire study region per scale and to train the RF in perspective of their resolution.

Features were extracted for each segment across all input layers (spectral bands, vegetation indices, texture bands, CHM, and
SAR where available). For each segment per band, the mean, min, max, range, and standard deviation were computed. In addition,
chromaticity features were calculated. Geometric descriptors included object area, perimeter, and shape index.

Each scale was analysed independently using its native sensor combination, but the classification parameters (number of trees,
mtry) and accuracy metrics were standardised to enable direct cross-scale comparison.

To evaluate the contribution of each sensor and feature type, separate RF models were trained for each resolution, including
variants with VIs, texture metrics and the CHM. Feature importance scores were extracted to identify variables contributing most
to class discrimination (Menze et al., 2009; Breiman, 2001). Classification accuracy was assessed using spatially independent test
objects. From the confusion matrices we derived overall accuracy (OA), user’s (UA) and producer’s accuracies (PA), kappa, and per-
class Fl-scores (Stehman and Foody, 2019; Congalton and Green, 2008). The 0.5m, 3m and 10m classifications were generated
independently. No map was resampled or aggregated from another scale prior to comparison.

3.4. Cross-scale analysis

To be able to investigate map level consistency and quantify thematic overlap, we calculated area-transfer matrices between
fine-, mid- and coarse-scale outputs. We report forward recall (fine-to-coarse agreement), backward precision (coarse-to-fine
agreement) and their symmetric overlap using the Dice coefficient, commonly applied polygon-level accuracy measure for object-
based classifications (Guindon and Zhang, 2017). To account for minor geometric offsets related to co-registration or segmentation
boundaries, all overlap metrics were additionally computed using buffered fine-scale objects (3 m for mid-scale comparisons and 10 m
for coarse-scale comparisons). These buffer widths match the target resolutions and provide a robustness check for boundary-related
uncertainties, as it was recommended by Tyukavina et al. (2025). Next to the map comparison, we also quantify the retainment of
the gorse patches between scales. We therefore cover both directional views of object class disappearance. Whole map comparison
(top down) and individual patch (bottom up) analysis. For this, we derived the gorse areas from the 0.5 m segmentation by dissolving
gorse-classified segments into contiguous polygons. These geometries served as the reference representation of gorse distribution at
fine spatial resolution. To assess cross-scale detectability, the independently classified maps at 3 m and 10 m resolution were spatially
intersected with the reference layer. A reference patch was considered retained at a coarser scale if the gorse classified segment
overlapped its geometry by more than 50%. Patches without any gorse overlap were classified as undetected. Patch retainment was
quantified per patch-size class. The 50% criterion reflects a majority-area definition of patch survival, consistent with dominant
class assignment in object-based mapping (Blaschke, 2010).

4. Results

The results are presented in three parts. First, we summarise within scale performance and the achieved accuracies per scale.
Second, we report the transfer matrices and thematic overlap of the classified maps. Third, we assess the gorse detectability across
scales.

4.1. Within scale performance

Fig. 3 shows the segmentation results across all scales over the same area. At fine-scale, the gorse patch is over-segmented.
Thus, small tussock grass clumps appear as separate objects. Mid-scale segmentation captures the structure more clearly, with trees
grouped into single objects. At coarse-scale, the area is under-segmented and differences between gorse and scattered trees are
barely visible in the S-2 RGB. Within a common 1 km? grid (Fig. 3), segmentation produced 2126 objects at fine scale, 117 at mid
scale, and 52 at coarse scale. The high number at fine-scale reflects deliberately over-segmentation to capture small tussock grass
clumps. Mid-scale segmentation produced spatially coherent vegetation units that aligned with the 3 m sensor resolution.

Across all three resolutions, the RF models achieved high overall accuracies, particularly at fine and mid scales (Fig. 4).

Tables 10, 11, and 12 in the Appendix report UA and PA for each class, together with confidence intervals and kappa statistics
for the best-performing model at each scale. Confidence intervals are generally tight for user’s accuracies but widen for producer’s
accuracies in spatially fragmented vegetation classes, particularly gorse at the coarse scale. A feature importance analysis for each
scale is provided in the Appendix (Fig. 7) as well. These rankings show that structural height dominates at fine scale, while optical
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(a) Segmentation of 52 objects based on S-2 bands, texture, and
S-2 based NDVI.

(b) Segmentation of 117 objects based on PS-bands, texture, and
PS-based NDVI.

SkySat based NDVI, and CHM.

Fig. 3. Segmentation results for 1 km? for the (a) coarse-scale, (b) mid-scale, and (c) fine-scale resolution levels (see Table 3).

NIR and vegetation index bands drive separability at mid and coarse resolution, consistent with the scale-dependent performance
patterns described above.

Fig. 4 integrates OA and F1 across all sensor configurations and scales of the three relevant classes. Fine- and mid-scale models
cluster tightly at high performance levels, with OA exceeding 90% and F1 values above 85%. Coarse-scale models exhibit greater
variability, with only the most feature-rich configurations approaching the accuracy of finer resolutions. This spread highlights the
stronger dependence of 10 m OBIA classification on sensor choice and feature design. Contrary to initial expectations, the mid scale
provides the single most reliable configuration overall: S-2+VI achieves the highest combined OA and F1 for gorse, forest and grass
communities when based on a 3m segmentation. At fine scale, the SkySat+VI+CHM+texture (Full Stack) stack performs best but
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Fig. 4. Overall accuracy (OA) versus F1 for gorse, forest and grass communities across all sensor configurations and scales. Colour indicates
scale; shape indicates sensor setup. Filled markers highlight the most reliable configuration at each scale.

does not surpass the top mid-scale setup. At coarse scale, the S-14-S-2+VI+texture (Full Stack) combination is strongest, achieving
F1 values above 83%, but simpler configurations fall far below, underscoring the need for extensive feature augmentation at coarse
resolution.

4.2. Cross-scale classification overlap

Table 6 reports three complementary measures: forward recall (how much of each fine-scale class is retained in the coarser
category), backward precision (how pure the coarse objects are when viewed at finer detail), and the Dice coefficient as a symmetric
indicator of overlap. Buffered variants (3 m for mid-scale, 10 m for coarse-scale) were also tested to reduce boundary effects. The Dice
coefficient balances both perspectives. Results show that classes gorse and forest maintain good correspondence at the mid-scale,
but their consistency drops at coarse resolution, especially in terms of backward precision. Gorse and the herbaceous classes decline
sharply in both recall and Dice when aggregated to coarse-scale, confirming their sensitivity to object size and spatial context.
The buffered variants reveal that boundary effects only partly explain the inconsistencies. For stable classes like agriculture or
forest, buffered and non-buffered values are nearly identical, confirming that their spatial patterns are robust to edge effects. In
contrast, gorse, grass, and especially Lomandra show much higher gains in backward precision when buffered, indicating that much
of their apparent inconsistency comes from thin, fragmented patches being reassigned at segment boundaries. The stronger shifts
in backward precision compared to forward recall arise because coarse segments are much larger than fine-scale patches, meaning
boundary pixels make up a bigger share of each coarse unit and disproportionately affect how pure those aggregated segments
appear once edges are excluded.

4.3. Gorse patch detectability

To get an impression of the size of individual gorse patches, Table 7 shows the statistical description. The median patch size is
380 m?, while the mean patch is 1900 m?, indicating a strongly right-skewed distribution dominated by small patches.

Fig. 5 shows the detectability of gorse patches depending on their size. Detection probability increases with patch size at 3m
sensor resolution, reaching 100% for the largest patches. In contrast, the 10 m classification retains only 60% of the largest patches
and shows no consistent monotonic size response pattern.

Fig. 6 visualises the detected gorse patches in the fine scale area. The large round patches are detected by both. Smaller patches
may be retained when spatially adjacent to larger gorse objects, reflecting aggregation effects at coarser resolution. The linear long
delineated patches on the right hand side were detected by 3m, however not by 10m, despite having a similar area size to the
rounder patches on the left. Both classification failed to detect fragmented smaller (<100m?) gorse patches.
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Table 6
Cross-scale consistency metrics. Forward = fine—scale recall, Backward = scale—fine precision, Dice
= symmetric overlap (F1). Buffered values in brackets; 3m for mid-scale, 10 m for coarse-scale.

Class Scale Forward recall Backward precision Dice
Gorse Mid 0.76 (0.73) 0.55 (0.76) 0.63 (0.75)
Coarse 0.37 (0.35) 0.32 (0.75) 0.34 (0.48)
Forest Mid 0.76 (0.75) 0.56 (0.92) 0.64 (0.83)
Coarse 0.82 (0.81) 0.26 (0.81) 0.39 (0.81)
Bare land Mid 0.49 (0.49) 0.50 (0.68) 0.49 (0.57)
Coarse 0.71 (0.71) 0.55 (0.92) 0.62 (0.82)
Lomandra Mid 0.33 (0.32) 0.09 (0.13) 0.14 (0.18)
Coarse 0.07 (0.06) 0.10 (0.22) 0.08 (0.09)
Grass Comm. Mid 0.46 (0.45) 0.40 (0.53) 0.43 (0.49)
Coarse 0.05 (0.05) 0.25 (0.51) 0.09 (0.09)
Agriculture Mid 0.98 (0.98) 0.77 (0.94) 0.86 (0.96)
Coarse 0.97 (0.97) 0.65 (0.97) 0.78 (0.97)
Table 7
The size of gorse patches in the small scale area.
Statistics Size (in m?)
Count 101
Min 23.01
Median 379.80
Mean 1900.03
Std 4974.83
Max 29,433.47

5. Discussion
5.1. Scale-patch alignment and sensor contribution

Detecting small, highly flammable gorse patches is critical for fire-risk assessment because these patches act as fine-fuel ignition
points and can accelerate fire spread in agricultural landscapes (Anderson and Anderson, 2010). Whether such hazardous fuels
remain visible in mapped products depends strongly on how well spatial resolution matches vegetation-patch size. Among the
three resolutions, 3m provided the most coherent representation of gorse-grass structure at the regional fuel-zone scale. At this
scale, segmentation units approximated the typical extent of gorse clusters, producing stable objects that preserved fuel geometry
and yielded the highest class separability. This confirms that classification performs best when mapping units align with the
ecological scale of vegetation patches (Blaschke, 2010; Hao et al., 2021). At 0.5m, gorse could be mapped as a distinct class, but
segmentation subdivided continuous patches into numerous small objects, increasing internal heterogeneity. Fine-scale imagery is
therefore optimal for detecting individual gorse plants, yet less effective for representing broader fuel continuity. At 10 m, gorse and
grass formations frequently fell below the MMU and were aggregated into broad mixed segments, even when multi-sensor inputs
were used. Although broader vegetation types remained distinguishable, the finer spatial structures that determine connected fuel
pathways were no longer resolved (Sé et al., 2022; Macintyre et al., 2020). In summary, the results indicate that spatial resolution
determines which ecological property is preserved: sub-metre imagery maximises object-level precision, whereas 3 m provides the
most operationally coherent representation of fuel zones. Resolution choice must therefore reflect whether management aims at
identifying discrete ignition sources or mapping continuous fuel patterns across landscapes.

When examining sensor contribution, scale-dependent patterns emerge. Across all resolutions, optical spectral information formed
the basis of vegetation discrimination. At 0.5m, however, structural information was decisive: while SkySat bands provided spectral
contrast, the CHM contributed most to separating gorse from taller vegetation. At 3m and 10 m, the relative contribution of sensor
domains shifted as spatial detail decreased. Radar information supported discrimination at 3 m where structural patterns were still
partially resolved. At 10 m, optical texture and VIs became relatively more influential, yet neither radar nor texture could compensate
for geometric information lost through spatial aggregation. Once the patch structure falls below the mapping unit, no additional
sensor restores it.

5.2. Cross-scale consistency

Fire-risk assessment frequently relies on vegetation maps produced at multiple spatial resolutions. However, interpreting maps
across resolutions is challenging because class boundaries and class definitions do not necessarily persist when imagery is aggregated
to coarser scales. For species like gorse (small, patchy) such scale-dependent loss of detail has direct consequences for fuel

assessments. Our results show that high within-scale accuracy does not guarantee cross-scale persistence of vegetation objects. Broad
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and spatially homogeneous classes (e.g., agriculture) remain largely stable when aggregated from 0.5 to 10 m (Table 6). In contrast,
narrow and fragmented vegetation types exhibit systematic instability. The transfer matrices confirm that this loss of spatial identity
is systematic.

Buffered metrics help distinguish boundary artefacts from true scale effects. Backward precision is especially sensitive to segment
size: large coarse-scale segments inevitably span multiple fine-scale classes, and boundary removal disproportionately increases their
internal purity. The observed changes (mean 4 = 0.01 for forward recall vs. 0.26 for backward precision) with buffering indicate
that only part of the inconsistency arises from boundary misalignments; the rest reflects genuine scale-driven aggregation.

This pattern is consistent with the Modifiable Areal Unit Problem (MAUP Openshaw, 1984), whereby aggregation into larger
spatial units alters thematic representation. Josselin and Louvet (2019) showed that GEOBIA-derived shape and texture metrics vary
systematically with segmentation scale, demonstrating that OBIA is not immune to MAUP. Our transfer-matrix approach extends this
insight to thematic class behaviour, quantifying how objects change their class as they are aggregated. As with any classification-
based consistency analysis, residual errors contribute to observed discrepancies. For example, the coarse gorse class achieved an
Fl-score of 76%, placing an upper limit on detectable consistency. Additionally, each resolution was classified independently,
meaning sensor differences may also contribute to spatial differences. Thus, our results exhibit MAUP-like behaviour rather than
representing a pure test of MAUP consistency. Nevertheless, the coherent spatial patterns (stability in broad classes and systematic
dissolution of patchy ones) strongly indicate that the main driver of cross-scale inconsistency is segmentation-driven aggregation,
not random error.

5.3. Patch-level persistence

While the transfer matrices quantify changes in the mapping and thematic changes, they do not answer how large a gorse
patch has to be detected by coarser resolutions. The patch-level detectability analysis shows that scale effects act directly on
individual objects. At 3m resolution, detection probability clearly increases with patch size. At 10 m, however, even relatively
large gorse patches are not reliably retained (see Fig. 5). Linear corridors and narrow structures disappear more often once their
width approaches the effective mapping unit (see Fig. 6). This pattern is consistent with the findings of Lechner et al. (2009), who
showed that the probability of extracting linear features decreases when grid cells become similar in size to the feature width. The
10 m classification was not able to detect the linear gorse patches despite having a larger overall area, but managed to retain the
oval shaped patches. In such situations, objects are not simplified, they are absorbed into neighbouring dominant classes. Similar
scale-related effects have been reported in other fragmented ecosystems. For example, Zhang et al. (2025) observed systematic
area underestimation and declining accuracy when ultra-high resolution mangrove maps were aggregated to coarser resolutions,
especially in habitats composed of narrow and discontinuous patches. Our results show that comparable geometric constraints apply
to fire-prone gorse systems.

Importantly, gorse patches can even disappear when inter accuracies remains high. This suggests that global metrics such as
OA mask ecological information loss. In this case, the effect is not just a gradual reduction in mapped area, but the complete loss
of individual objects. From a fire-management perspective, this distinction is critical. While 3 m products retain most spatial gorse
structures, 10 m maps primarily indicate general shrub zones and cannot reliably represent fine-scale fuel patterns.

Overall, the results confirm that spatial aggregation disproportionately affects narrow and fragmented vegetation types.
Resolution choice is therefore not merely a technical setting, but a decisive factor in whether hazardous fine fuels remain visible in
regional fuel assessments.

6. Conclusion

Fuel-oriented vegetation mapping in Tasmania must balance the representation of broad fuel zones with the detection of
small, highly flammable gorse patches that can drive local fire spread. By comparing independently derived OBIA-Random Forest
classifications at 0.5, 3 and 10 m, this study moved beyond within-scale accuracy assessment to explicitly quantify cross-scale class
persistence and patch-level survival. Despite high accuracies within each resolution (76-99%), cross-scale analyses revealed that
vegetation products are not interchangeable. Using area-weighted transfer matrices and patch detectability analysis, we showed how
fine-scale gorse patches are progressively reduced, absorbed, or retained as mapping units increase. While broad and homogeneous
classes remained relatively stable, fragmented gorse fuels exhibited strong scale dependence.

Among the tested resolutions, 3m provided the most robust alignment between mapping unit and vegetation-patch structure,
preserving most fine-scale gorse area and showing stable size-dependent detectability. Sub-metre data were required for explicit
mapping of individual gorse infestations, whereas 10 m products primarily represented aggregated shrub zones rather than discrete
fuel sources. These results demonstrate that high within-scale accuracy does not guarantee cross-scale persistence of fine-grained
fuels. The presented cross-scale detection framework provides practical, scale-aware guidance for selecting appropriate spatial
resolutions in fuel-load assessment, bushfire-risk modelling, and early detection of invasive gorse hazards in Tasmania.
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Table 8
GLCM texture features used in the analysis.
GLCM Equation Type
N-1
Mean Z iP; Statistics group
i,j=0
N-1
Contrast Z P — J)? Contrast group
ij=0
N-1 P
Homogeneity % Contrast group
ij=0 T+@—-j)»
N-1
Entropy E P, [-1n(P)] Orderliness group
ij=0
Table 9
Segmentation parameters and input layers used at each scale.
Scale level Scale Shape Compac. Inputs
Fine 100 0.5 0.9 SkySat, CHM, GLCM, NDVI
Mid 100 0.1 0.9 PS, GLCM, NDVI
Coarse 80 0.6 0.8 S-2, GLCM, NDVI
Table 10
Per-class accuracy metrics with 95% confidence intervals (CI) of full stack fine-scale model.
Class UA PA F1 UA CI PA CI F1 CI
Gorse 0.96 0.85 0.90 [0.89, 1.00] [0.73, 0.97] [0.82, 0.97]
Agricultural land 1.00 1.00 1.00 [1.00, 1.00] [1.00, 1.00] [1.00, 1.00]
Bare land 1.00 1.00 1.00 [1.00, 1.00] [1.00, 1.00] [1.00, 1.00]
Tree 0.90 0.95 0.93 [0.82, 0.97] [0.87, 1.00] [0.86, 0.97]
Grass communities 0.90 0.95 0.92 [0.79, 1.00] [0.84, 1.00] [0.84, 1.00]
Lomandra 0.79 0.81 0.79 [0.65, 0.93] [0.65, 0.97] [0.67, 0.90]
Overall accuracy 0.91 [0.88, 0.96]
Kappa 0.89 [0.83, 0.94]
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Fig. 7. Feature importance for all full stack runs per scale. Shown are only the top 20 bands for each scale.

Table 11

Per-class accuracy metrics with 95% confidence intervals (CI) of S-2+VI mid-scale model.
Class UA PA F1 UA CI PA CI F1 CI
Gorse 1.00 1.00 1.00 [1.00, 1.00] [1.00, 1.00] [1.00, 1.00]
Agricultural land 0.88 1.00 0.94 [0.79, 0.97] [1.00, 1.00] [0.88, 0.98]
Bare land 0.91 0.84 0.87 [0.84, 1.00] [0.68, 0.96] [0.77, 0.96]
Water 1.00 0.25 0.40 [1.00, 1.00] [0.00, 0.75] [0.40, 0.86]
Forest 1.00 1.00 1.00 [1.00, 1.00] [1.00, 1.00] [1.00, 1.00]
Grass communities 0.87 0.91 0.89 [0.76, 1.00] [0.74, 1.00] [0.80, 0.96]
Overall accuracy 0.91 [0.82, 0.96]
Kappa 0.85 [0.84, 0.94]

Appendix

Table 8 list the GLCM equations and Table 9 gives the eCognition input parameters for the segmentation tasks for each scale.
Tables 10, 11, 12 give the 95% confidence intervals with UA and PA of the best scored models for each scale along with kappa
statistics and OA scores. Fig. 7 shows the feature importance analysis of the full stack model configurations across all scales. Fig.
8 compares the best result maps for all three investigated resolutions (all features combined for fine- and coarse-scale and S-2+VI
for mid-scale). Gorse patches delineated at fine-scale (0.5m) (Panel C) reappear at mid-scale as continuous shrub objects and at

coarse-scale as broader shrub zones (Panels B-A).

Data availability

Data will be made available on request.
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Table 12

Per-class accuracy metrics with 95% confidence intervals (CI) of full stack coarse-scale model.
Class UA PA F1 UA CI PA CI F1 CI
Gorse 1.00 0.61 0.76 [1.00, 1.00] [0.31, 0.85] [0.47, 0.92]
Agricultural land 0.93 0.90 0.90 [0.83, 1.00] [0.75, 1.00] [0.81, 0.98]
Bare land 0.92 1.00 0.96 [0.81, 1.00] [1.00, 1.00] [0.89, 1.00]
Water 1.00 1.00 1.00 [1.00, 1.00] [1.00, 1.00] [1.00, 1.00]
Forest 0.81 0.94 0.87 [0.69, 0.95] [0.83, 1.00] [0.78, 0.95]
Grass communities 0.84 0.92 0.88 [0.67, 1.00] [0.75, 1.00] [0.73, 1.00]
Overall accuracy 0.89 [0.83, 0.95]
Kappa 0.86 [0.79, 0.93]

~ Agricultural Land
| Bareland
I Trees

Grass Communities
Bl Water
I shrub / Gorse
| Lomandra

Fig. 8. Best result maps for each resolution scale. (A) Coarse-scale (10m): Full stack; (B) Mid-scale (3m): S-2+VI; (C): Fine-scale (0.5m):

Full stack.
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