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Abstract. Automated mapping of driftwood deposits along Arctic coastlines is a challenging task due to spectral ambiguity,

strong depositional heterogeneity, and limited training data. Systematic comparisons of sensor modality and deep learning

architecture choices remain absent for this application, leaving practitioners without evidence-based guidance on which com-

bination to deploy. Here we present a statistical evaluation of three architectures, U-Net, Swin-U-Net, and the TerraMind

foundation model, across aerial (15 cm), PlanetScope (3 m), and Sentinel-2 (10 m) imagery acquired over 10 target areas in the5

Mackenzie Delta, Arctic Canada. Each combination was trained 10 times and evaluated within a Bayesian hierarchical frame-

work to account for run-to-run variability inherent to stochastic training. Choice of the sensor is the dominant performance

driver, having an effect approximately four times larger than the choice of architecture in Intersection over Union (IoU) and a

total sensor spread of 0.40 IoU between aerial and Sentinel-2 imagery. Architecture choice is of limited practical consequence

at sub-metre and intermediate resolution, but becomes a first-order concern when constrained to coarse imagery: U-Net per-10

forms poorly on Sentinel-2 with a posterior mean IoU of 0.127, while transformer-based architectures show a more gradual

performance decline. Swin-U-Net paired with PlanetScope imagery is the most competitive accessible alternative to aerial

acquisition, with a 94 % posterior probability of practical equivalence to the top-ranked configuration. Conventional single-run

evaluation missed this combination as a practical alternative, typically placing it at ranks 4–5. Probabilistic multi-run evalua-

tion is therefore a necessary condition for reliable model selection in spectrally ambiguous remote sensing benchmarks, and15

the framework presented here could be directly transferable to similar Arctic mapping targets.

1 Introduction

Driftwood constitutes a common feature along Arctic coastlines. Composed predominantly of larch and spruce logs mobilised

from boreal forests and transported via river systems to the Arctic Ocean (Alix, 2005; Murphy et al., 2021; Wohl et al., 2026),

deposits range from scattered individual logs to elevated berms and driftwood mats covering up to 11–15 ha (Sendrowski20

et al., 2023; Stadie et al., 2025). In the otherwise treeless Arctic tundra, they provide habitat and nutrients (Grilliot et al., 2019),

stabilise coastlines (Davidson et al., 2020), supply local communities with a critical wood resource (Alix, 2005; Murphy et al.,

1

https://doi.org/10.5194/egusphere-2026-4074
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



2020), and represent a large carbon pool (Büntgen et al., 2026; Sendrowski et al., 2023). Their location and deposition history

also serve as indicators of past environmental conditions, including sea-ice extent, storm surges, and Arctic current dynamics

(Dalaiden et al., 2018; MacLeod and Dallimore, 2021). Understanding and mapping their spatial distribution is therefore25

essential for ecological assessments and reconstructions of environmental change (Murphy et al., 2021).

Still, automated mapping of driftwood remains difficult. Deposits are spectrally similar to bare sandy surfaces abundant

in river, delta and coastal settings, their boundaries are often diffuse showing near identical responses across the red, green

and blue spectrum (Dietenberger et al., 2025; Sendrowski and Wohl, 2021), and the scarcity of annotated training data limit

the application of modern deep learning architectures. Thus, mapping so far relied on manual digitisation of aerial imagery,30

which is limited in spatial coverage due to acquisition costs and labour intensity (Husson et al., 2016; Sendrowski et al., 2023).

Existing automated approaches used random forests or support vector machines (Buscombe et al., 2024; Ruiz Villanueva et al.,

2024; Sendrowski and Wohl, 2021), while more recent work has adopted convolutional neural networks, in particular the U-

Net and its derivatives (Sendrowski et al., 2023; Stadie et al., 2025), which have become the standard baseline for semantic

segmentation in Earth observation.35

The focus has likewise shifted from aerial photographs with 5–20 cm spatial resolution (Buscombe et al., 2024) to very

high-resolution satellite data and, most recently, 3m PlanetScope imagery (Sendrowski et al., 2023; Stadie et al., 2025). In

parallel, transformer-based architectures (Cao et al., 2021; Liu et al., 2022) and large-scale foundation models pre-trained on

vast amounts of remote sensing data (Jakubik et al., 2023, 2025; Lu et al., 2025) have achieved state-of-the-art performance in

broader Earth observation benchmarks. Despite this observed shift towards automated satellite-based mapping and the emer-40

gence of more powerful deep learning architectures, systematic comparisons and subsequent application of these approaches

in terms of both model architecture and input imagery remain scarce. This gap is particularly critical for driftwood mapping,

where spectral and textural ambiguity and limited training data amplify variability in model performance and make results

highly sensitive to methodological choices (Bouthillier et al., 2021; Henderson et al., 2018).

The decision on which sensor–architecture configuration to deploy requires reliable performance estimates. However, as45

neural network training is an inherently stochastic process, outcomes vary across runs due to random weight initialisation, data

sampling, and augmentation (Bouthillier et al., 2021) meaning that single-run performance estimates cannot reliably represent

the true capability of an architecture (Henderson et al., 2018; Reimers and Gurevych, 2018). In the driftwood mapping setting,

this variability is further amplified by the properties of the target. Spectral ambiguity between driftwood and background

increases sensitivity to initialisation, limited training data amplify the influence of stochastic data sampling, and strong class50

imbalance makes augmentation choices a substantial source of run-to-run variation (Buda et al., 2018).

Accordingly, evaluating models based on single-run metrics masks uncertainty in model ranking and limits the robustness

and reproducibility of reported results. It prevents practitioners from assessing how transferable findings and expected model

performance are across regions, sensors, or model configurations (Henderson et al., 2018; Kattenborn et al., 2022). To obtain

meaningful and comparable performance estimates and subsequent guidance on sensor and architecture selection, evaluation55

frameworks must explicitly account for run-to-run variability and quantify uncertainty in model comparisons (Bouthillier et al.,

2021; Maier-Hein et al., 2018; Reinke et al., 2024).
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To address both challenges, we combine a systematic comparison of sensor–architecture combinations with a statistical,

uncertainty-aware evaluation framework. We construct a multi-sensor, multi-resolution dataset of aerial (10–15 cm), Plan-

etScope (3m), and Sentinel-2 (10m) imagery acquired over 10 target areas in the Mackenzie Delta, Canada, and evaluate the60

U-Net (Ronneberger et al., 2015), Swin-U-Net (Cao et al., 2021), and a fine-tuned TerraMind foundation model (Jakubik et al.,

2025) across all nine sensor–architecture combinations. Each combination is trained 10 times with independent initialisations

to capture stochastic variability. Performance is then assessed within a Bayesian hierarchical framework that yields posterior

distributions of segmentation metrics, rank probabilities, and probabilities of superiority and practical equivalence (Benavoli

et al., 2017; Corani et al., 2017; Kruschke, 2018).65

Our results provide a systematic, statistically grounded guidance on sensor and architecture selection for Arctic driftwood

mapping, showing that sensor modality is the dominant performance driver and that Swin-U-Net paired with PlanetScope im-

agery is the most competitive alternative accessible for the mapping of large regions compared to aerial acquisition. We further

show that conventional single-run evaluation cannot reliably reach a conclusion on sensor–architecture selection for feature

mapping, underscoring the need for probabilistic multi-run frameworks in spectrally ambiguous remote sensing benchmarks70

such as driftwood.

2 Data

2.1 Study area

The study area comprises 10 target areas distributed across the Beaufort Delta Region, including the Mackenzie Delta and

its adjacent coastlines (Fig. 1a). The Mackenzie Delta is the largest delta in the North American Arctic and the second largest75

Arctic delta overall (Burn and Kokelj, 2009). Covering approximately 13,000 km2 (Sendrowski et al., 2023), it forms a complex

distributary network fed by the Mackenzie, Peel, and Arctic Red rivers. Together, these rivers drain an area of approximately

1.8 million km2, constituting the third-largest Arctic drainage basin by catchment area (Woo and Thorne, 2003; Piliouras and

Rowland, 2020; Sendrowski et al., 2023).

The delta receives large quantities of driftwood that are transported downstream towards the Beaufort Sea. Most of this mate-80

rial originates from the boreal forested tributaries of the Mackenzie River, particularly the Liard River catchment (Sendrowski

et al., 2023). Although wood input is generally continuous, episodic wood-flood events periodically mobilise substantial quan-

tities of deadwood upstream of the delta. These events, which occur with an estimated return interval of approximately five

years, play a major role in redistributing wood throughout the deltaic system (Kramer et al., 2017; Sendrowski et al., 2023).

Because only a fraction of the transported wood ultimately reaches the coast, extensive driftwood accumulations occur85

throughout both the delta and its adjacent shorelines (Sendrowski et al., 2023). Within the delta, deposits typically consist of

scattered individual logs and driftwood berms aligned along river channels (Sendrowski et al., 2023; Sendrowski and Wohl,

2021). Along the outer coastline, however, driftwood frequently accumulates in large mats that may extend over several hectares

within sheltered embayments (Stadie et al., 2025).
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Figure 1. Study area and representative driftwood deposits. (a) Location of the 10 target areas (A–J) within the Mackenzie Delta and adjacent

Beaufort Sea coastline, Canada (see Table S1 for details). (b) Driftwood mat in target area A surrounded by smaller berms and scattered logs.

(c) Vegetation-overgrown driftwood deposits in target area D, consisting of small mats and individual logs, representative of typical deltaic

deposits. (d) Driftwood mat within a coastal embayment in target area H. Wood accumulates against elevated terrain, creating a distinct

landward boundary, whereas the seaward margin is less clearly defined and interspersed with sediment.

The 10 target areas were selected from locations previously identified as exhibiting particularly high driftwood occurrence90

(Sendrowski et al., 2023; Stadie et al., 2025). While site selection focused on maximising wood presence, the resulting dataset

captures substantial variability in deposit density, morphology, and vegetation cover representative of driftwood deposits across

the Mackenzie Delta.

Areas A and B, located along the western shoreline of the Shallow Bay channel, are characterised by extensive driftwood

mats interspersed with berms and scattered logs (Fig. 1b). On the eastern side of Shallow Bay, areas C–F predominantly contain95

typical deltaic deposits consisting of driftwood berms and scattered logs, many of which are partially or fully overgrown by

vegetation (Fig. 1c). In the eastern part of the delta, areas G–J encompass a diverse range of coastal deposits, from isolated logs

on beaches, floodplains, and sandbanks to large, spatially distinct driftwood mats occupying protected coastal embayments

(Fig. 1d).

2.2 MACS aerial imagery100

For each of the 10 target areas, aerial images were acquired during the Perma-X 2025 flight campaign on board the Alfred

Wegener Institute’s (AWI) Polar-5 aircraft (Wesche et al., 2016) equipped with the Modular Aerial Camera System (MACS)
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developed by the German Aerospace Center (DLR) in its MACS POLAR-24 configuration (Grosse et al., 2025; Lehmann et al.,

2011). The MACS is highly suitable for use in polar regions, including challenging illumination conditions and strong contrasts

between dark surfaces (e.g. exposed soils or water) and bright surfaces (e.g. snowfields, bare sand, or patches of bleached105

driftwood) in the same area by using dedicated acquisition/processing strategies tailored to these environments (Rettelbach

et al., 2024).

All flights were conducted between 21 July and 12 August 2025 at an altitude of approximately 850m above ground level,

resulting in a ground sampling distance (GSD) of 15 cm (Grosse et al., 2025; Rettelbach et al., 2024). This resolution is

comparable to, or higher than ground resolutions commonly used in driftwood mapping studies (Sendrowski et al., 2023;110

Sendrowski and Wohl, 2021; Stadie et al., 2025). Because the aerial images provided the highest spatial detail, they served as

the reference dataset for our analysis. A detailed overview of the image acquisitions is provided in Supplementary Table S1.

The MACS imagery consists of four spectral bands (blue, green, red, near-infrared). For our 10 study areas, a total of

56,920 images were processed into orthomosaics using a structure-from-motion workflow (Rettelbach et al., 2024). In total,

the mosaics cover an area of 615 km2.115

2.3 PlanetScope imagery

In addition to the aerial imagery, we used high-resolution images from the PlanetScope nanosatellite constellation operated by

Planet Labs PBC, which provides near-daily coverage at approximately 3m spatial resolution with four multispectral bands:

blue, green, red, and near-infrared (Planet Labs PBC, 2023). PlanetScope has been used previously for large-scale driftwood

mapping because it offers a practical compromise between spatial detail and regional coverage. Although individual logs are120

often smaller than a 3m pixel, larger accumulations can still be captured with useful fidelity, while total driftwood area may

be underestimated relative to sub-metre aerial reference data (Stadie et al., 2025).

Data were provided under a research licence via the Planet API using the PSScene analytic_sr bundle, which provides atmo-

spherically corrected surface reflectance. To minimise temporal mismatch and differences in ground conditions, we selected

cloud-free images acquired closest to the aerial survey dates. The mean absolute acquisition-time difference was 1.1 days.125

Further details on acquisition time are provided in Supplementary Fig. S2.

2.4 Sentinel-2 imagery

Sentinel-2 imagery was included to characterise model behaviour using the highest spatial resolution available from a freely

accessible satellite mission, and to provide a direct evaluation of TerraMind in its native training domain (Jakubik et al., 2025).

Sentinel-2 offers global coverage at 10-20m spatial resolution, depending on wavelength (Drusch et al., 2012). Although its130

moderate resolution limits the detection of individual logs and small deposits, it provides a cost-free and easily accessible

alternative to PlanetScope or aerial data. It is also widely used as the basis for foundation models, which can be advantageous

in tasks such as driftwood mapping where training data are limited (Cong et al., 2022; Jakubik et al., 2025; Mañas et al., 2021).

We used 10 bands spanning the visible, near-infrared, and shortwave-infrared regions; 20m bands were resampled to 10m

to align with the overall image stack. As with the PlanetScope imagery, scenes were selected based on temporal proximity to135
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Figure 2. Training tile distribution and sensor-specific annotations. (a) Spatial distribution of the 400 annotated training tiles (yellow dots)

across the 10 target areas in the Mackenzie Delta, Canada, displayed on a Sentinel-1 synthetic aperture radar (SAR) backscatter mosaic. (b–e)

Example driftwood deposit represented at different sensor resolutions: (b) aerial imagery (15 cm resolution) without annotations; (c) aerial

imagery with driftwood labels (yellow); (d) PlanetScope imagery (3m resolution) with corresponding labels; and (e) Sentinel-2 imagery

(10m resolution) with corresponding labels. Labels were generated independently for each sensor at its native spatial resolution rather than

derived from a common reference dataset. Consequently, the number, size, and boundary delineation of mapped driftwood deposits vary

among sensor modalities, reflecting differences in spatial resolution and observable detail.

the aerial acquisition dates and low cloud cover. The mean absolute temporal offset was 2.4 days. Additional information on

scene acquisition time is given in Supplementary Fig. S2.

3 Sensor-specific annotation and dataset construction

We constructed a multi-sensor dataset by annotating 400 tiles of 500×500m each, covering a combined area of 177 km2. Tiles

were distributed approximately evenly across the 10 target areas, ensuring spatial coverage of each depositional setting. This140

area-stratified approach was chosen over random sampling to maintain a reasonable foreground-background balance across

the dataset as random sampling across the full study area would have yielded a training set dominated by background pixels,

particularly at coarser resolutions where wood occupies a very small fraction of any given tile. In total, 28.8 % of targeted areas

are incorporated into annotated tiles. The extent of the training tiles is shown in Fig. 2.

The tiles span the full range of depositional settings encountered in the study area, including extensive driftwood mats,145

berms, and scattered logs, as well as spectrally or texturally similar non-wood surfaces such as beaches, sandbars, floodplains,
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Figure 3. Distribution of driftwood object areas across the training, validation, and test datasets for each sensor. Boxes indicate the interquar-

tile range (IQR), with the horizontal line marking the median. Whiskers extend to 1.5× IQR, and grey circles denote outliers. The y-axis is

displayed on a logarithmic scale to accommodate the wide range of object sizes. Sample sizes (n) indicate the number of individual driftwood

objects in each dataset split. The substantially larger number of objects in the aerial imagery dataset (a) reflects its finer spatial resolution,

which resolves individual driftwood pieces that are merged into larger polygons or become undetectable at the coarser PlanetScope (b) and

Sentinel-2 (c) resolutions. Within each panel, dark, medium, and light shading correspond to the training, validation, and test datasets, re-

spectively. Details of the data partitioning procedure are provided in Sect. 4.2.

vegetated areas, river channels, and open water. For each image modality, annotations were created independently, rather than

by resampling a single label set. To reduce subjectivity and improve consistency during labelling, we used the GeoSAM plug-

in for QGIS (Zhao et al., 2023) to generate initial polygon proposals, which were subsequently refined or manually digitised

where automated segmentation failed to delineate driftwood accurately. Individual logs were labelled as separate entities,150

whereas densely packed accumulations like berms or mats were labelled as single deposits.

In the aerial imagery, a total of 46,553 deposits were delineated, covering 1.9 km2. In the PlanetScope data, 847 deposits

amounting to 1.86 km2 were mapped. For Sentinel-2, the coarser spatial resolution resulted in 681 labelled deposits with a com-

bined area of 1.91 km2. As expected, differences in spatial resolution influenced both the number and size of labelled entities

(Fig. 3). Deposits labelled in the aerial imagery exhibit an average area of 41.01m2, compared with 2196.34m2 for Plan-155

etScope and 3221.54m2 for Sentinel-2. Maximum deposit areas are broadly comparable across sensors (aerial: 124,907m2,

PlanetScope: 125,257m2, Sentinel-2: 149,623m2), indicating that the large differences in the average area are driven by the

lower end of the size distribution, where small deposits and individual logs tend to fall below the detection threshold at coarser

resolutions.

Resolution-driven detectability also resulted in differing proportions of annotated tiles across modalities: For the aerial im-160

ages, 72.25 % of annotation areas contain driftwood labels, compared with 44.5 % for PlanetScope and only 42 % for Sentinel-

2. The labelled annotation areas were rasterized for further processing, matching the spatial resolution of the respective input

data.
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4 Methods

4.1 Architectures165

We chose three deep learning architectures to be trained on each image modality: U-Net, Swin-U-Net, and TerraMind. While

these form just a small subset of the extensive and growing pool of deep learning architectures, they represent three evolutionary

stages: convolutional baselines, transformer-based designs, and large pretrained foundation models.

4.1.1 U-Net

Since its introduction in 2015, U-Net has become a widely used architecture for segmentation tasks in Earth Observation (Zhu170

et al., 2017), including driftwood mapping. Despite the development of derivatives, the original U-Net remains a common

baseline against which new architectures are evaluated (Zhu et al., 2017).

Our implementation follows the canonical encoder-decoder design with four downsampling and four upsampling stages

(Ronneberger et al., 2015). Each stage comprises two 3×3 convolutions followed by batch normalisation and ReLU activa-

tions Agarap (2018) while skip connections concatenate encoder and decoder feature maps at matching spatial resolutions175

(Ronneberger et al., 2015). A final 1×1 convolution with sigmoid activation produces per-pixel driftwood probabilities.

Relative to the original specification, we introduce several adaptations to address the class imbalance and scale characteristics

of driftwood deposits. First, we use Tversky loss (Salehi et al., 2017), which is well suited to highly unbalanced foreground-

background segmentation problems. Second, we use dilated convolutions (Chen et al., 2018) to increase the effective receptive

field without increasing the number of parameters. We further enabled dropout to capture aleatoric and epistemic uncertainty.180

4.1.2 Swin-U-Net

Transformer-based architectures have emerged as strong competitors to purely convolutional networks across a range of com-

puter vision benchmarks. Vision Transformers (ViTs) operate on images decomposed into fixed-size patches and apply self-

attention to model long-range dependencies, thereby capturing global relationships across the image (Dosovitskiy et al., 2021).

Building on these ideas, Swin-U-Net adapts the U-shaped encoder-decoder design by replacing convolutional blocks with hi-185

erarchical Swin-Transformer blocks, which reduce the computational cost of self-attention by operating within local shifted

windows rather than globally (Cao et al., 2021; Liu et al., 2022).

Inside Swin-U-Net, the encoder partitions the input into non-overlapping windows and applies windowed multi-head self-

attention (Cao et al., 2021; Liu et al., 2022). Successive stages merge patches into coarser token representations, forming

multi-scale features at resolutions from 1/4 to 1/32 of the input. The decoder mirrors this hierarchy using patch-expansion190

layers and skip connections to progressively recover spatial resolution (Cao et al., 2021).

As transformer models typically benefit from large-scale pretraining, we initialise Swin-U-Net using Swin-T weights pre-

trained on ImageNet-1k (Deng et al., 2009; Liu et al., 2022). Because these weights are defined for three-channel RGB inputs,

for subsequent training, we initialise weights for additional spectral bands by filling them with the mean of the learned RGB
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filters. Similar to the U-Net we used Tversky loss (Salehi et al., 2017) to represent the class imbalance between driftwood and195

background in the loss function. Similar to the U-Net, dropout was enabled.

4.1.3 TerraMind

Recently, foundation models have gained increasing popularity, not only in general computer vision but also in Earth obser-

vation. Foundation models in Earth observation are large networks pre-trained on extensive image collections to learn generic

spectral-textural representations that can be adapted to different downstream tasks with relatively limited labelled data (Bom-200

masani et al., 2022). TerraMind is a state-of-the-art transformer-based encoder pre-trained on global Sentinel-2/Sentinel-1

optical and synthetic aperture radar satellite imagery and derived data products like land cover classifications, and elevation

models (Jakubik et al., 2025). Such pretraining is expected to improve data efficiency and provide a degree of robustness to

variations in illumination, background texture, and geomorphic setting (Jakubik et al., 2025; Bommasani et al., 2022).

To use TerraMind for driftwood mapping, we build on the TerraTorch implementation and instantiate the TerraMind v1205

base backbone coupled with a UPerNet decoder for semantic segmentation (Gomes et al., 2025; Xiao et al., 2018). The back-

bone operates on Sentinel-2 L2A embeddings; for 4-band PlanetScope and aerial imagery we map the input channels (blue,

green, red, NIR) to the corresponding Sentinel-2 bands (BLUE, GREEN, RED, NIR_NARROW), reusing the same pre-trained

weights across sensors. As with the aforementioned architectures, the loss function used was Tversky loss.

For uncertainty quantification, dropout is applied only within the UPerNet decoder head during sampling (Gal and Ghahra-210

mani, 2016). The TerraMind backbone weights are frozen throughout fine tuning and only unfrozen every n epochs (as de-

termined during hyperparameter tuning). Consequently, epistemic uncertainty estimates for TerraMind configurations mostly

reflect parameter uncertainty in the decoder only. This is not a measurement artefact but a structural property of foundation

model fine-tuning. The frozen encoder produces consistent representations across runs by design, thus predictions are highly

reproducible regardless of initialisation.215

4.2 Experimental design

To assess the performance of each model-architecture combination, the annotation areas for each image modality were split

into training, validation, and test sets using a stratified partitioning strategy to preserve class prevalence across subsets (Kohavi,

1995; Pawłuszek-Filipiak and Borkowski, 2020). In total, 60 % of the annotated tiles were used for training and 20 % for

validation during training, while the remaining 20 % were withheld as an independent test set for subsequent model comparison.220

For each image modality, the assignment of tiles to the three subsets was kept identical across all architectures. Data-splits

were performed at the tile level, with annotation tiles assigned to subsets stratified by driftwood area to ensure comparable

class prevalence across training, validation, and test sets. The same tile assignments were used across all three sensors and all

architectures to ensure that performance differences reflect model behaviour rather than differences in data exposure.

Given the strong influence of hyperparameter choice on model performance, we carried out a dedicated hyperparameter225

search for every architecture-image combination. For all combinations, the search space included the choice of optimiser,

learning rate and weight decay. Furthermore, the use of a learning rate scheduler and batch-specific parameters such as the
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proportion of positive frames within a batch and the minimum fraction of positive pixels required for a frame to be included in

the training loop were optimised. In addition, we explored values for the parametrisation of the loss function.

We further optimised model-specific hyperparameters. For the U-Net, these consisted of the dilation rate, number of feature230

channels, L2 regularisation weight, and dropout probability. For the Swin-U-Net, we tuned the base channel dimension, patch

and window size, and stochastic depth. For the TerraMind-based configurations, we optimised, among others, the decoder type,

decoder head size, and backbone learning rate. A detailed overview of all hyperparameters and their respective search ranges

is provided in Supplementary Table S3.

Hyperparameters were optimised in two stages. In the first stage, we used Hyperband optimisation (Li et al., 2018) to235

conduct a broad search of the joint hyperparameter space and to identify promising configurations. In a second stage, we

applied Bayesian optimization (Bergstra et al., 2011; Snoek et al., 2012) to further refine continuous hyperparameters while

keeping the discrete choices obtained from the Hyperband stage fixed.

After hyperparameter optimization, each model-image combination was trained on the corresponding training dataset using

its best-performing configuration. During training, patches were randomly sampled from the training frames using the sampling240

scheme determined in the hyperparameter search. This ensured that all models were exposed to a comparable mixture of

foreground and background examples despite the strong class imbalance (Buda et al., 2018; Pala et al., 2023). A detailed

overview of the resulting model parameterisations is provided in Supplementary Table S4.

For each combination, we performed 10 independent training runs differing only in random weight initialisation and stochas-

tic data sampling (Bouthillier et al., 2021; Reimers and Gurevych, 2018). Models were trained for 100 epochs with 500 optimi-245

sation steps per epoch using Tversky loss (Salehi et al., 2017) and the optimiser-scheduler pair selected during hyperparameter

optimisation. The checkpoint with the lowest validation loss was retained for evaluation.

During evaluation, each trained model was applied to the withheld test set and produced per-pixel probability maps, which

were binarized using a fixed threshold of 0.5. We report Intersection over Union (IoU) as our primary overlap metric, defined

in Eq. (1), as it provides a strict, widely adopted measure of spatial agreement that directly penalizes false positives and false250

negatives (Jaccard, 1912):

IoU(A,B) =
|A∩B|

|A|+ |B| − |A∩B| =
|A∩B|
|A∪B| (1)

where A denotes the set of foreground pixels in the binarized model prediction and B denotes the corresponding set of

foreground pixels in the ground truth mask. We additionally report the Dice Similarity Coefficient (DSC) (Dice, 1945), defined

in Eq. (2), as it is the most commonly used overlap score in segmentation studies in addition to IoU and provides an easily255

interpretable, comparable summary of overall segmentation quality:

DSC(A,B) =
2|A∩B|
|A|+ |B| =

2 ·PPV ·Sensitivity
PPV+Sensitivity

(2)

where PPV (positive predictive value) and Sensitivity (true positive rate) denote precision and recall, respectively, computed

pixel-wise from A and B as defined above. To specifically assess boundary quality while accounting for annotation imprecision
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(Maier-Hein et al., 2024), we report the Normalised Surface Distance (NSD) (Nikolov et al., 2021), defined in Eq. (3), where260

SA and SB denote the boundaries of A and B, respectively, and B(τ)
A and B(τ)

B denote the boundary regions within tolerance τ

around the boundaries of A and B, respectively:

NSD(A,B)(τ) =

∣∣∣SA ∩B(τ)
B

∣∣∣+
∣∣∣SB ∩B(τ)

A

∣∣∣
|SA|+ |SB |

(3)

For NSD calculation, τ was set to one pixel, making the tolerance sensor-relative rather than absolute. One pixel corresponds

to approximately 10–15 cm in the aerial imagery, 3m in PlanetScope, and 10m in Sentinel-2. This choice reflects a fundamen-265

tal constraint of cross-resolution boundary evaluation for which no universally fair solution exists. Setting τ to a finite absolute

value matching the aerial pixel size would render NSD unmeasurable at Sentinel-2’s 10m resolution, while setting it to match

Sentinel-2’s resolution would grant aerial models a tolerance of approximately 66 pixels, neutralising the boundary precision

advantage of high-resolution imagery. The sensor-relative one-pixel tolerance therefore represents the least-biased available

choice, ensuring that NSD captures how well a model delineates deposits given the information available in that modality, and270

prevents penalising coarser-resolution predictions for failing to capture sub-pixel boundaries that the imagery cannot represent

(Nikolov et al., 2021; Ostmeier et al., 2023).

In addition to overlap and boundary metrics, predictive uncertainty was quantified via Monte Carlo stochastic inference

with stochastic dropout active at inference time (Gal and Ghahramani, 2016). For a pixel with stochastic probability sam-

ples {pt}Tt=1, we estimated aleatoric uncertainty as the expected Bernoulli variance E[pt(1− pt)], reflecting irreducible data275

ambiguity, and epistemic uncertainty as the variance of the mean prediction Var(pt), reflecting model parameter uncertainty

(Kendall and Gal, 2017).

4.3 Bayesian model comparison

Instead of comparing models using single summary statistics, we explicitly model the variability across repeated training runs.

This allows us to estimate not only which model performs best on average, but also how certain we are about these differences.280

For this, we used a Bayesian hierarchical model to assess model performance across metrics while accounting for run-to-

run variability caused by the inherent stochasticity of model training (Bouthillier et al., 2021). An advantage of Bayesian

hierarchical models is that they provide a statistical framework that allows information to be shared across groups, producing

more stable estimates than analysing each group independently.

For each performance metric, a hierarchical group model was fitted in which group-level means are drawn from a shared285

population distribution, providing modest regularisation that stabilises group-specific estimates (Benavoli et al., 2017; Corani

et al., 2017; Gelman, 2005, 2006). Here, group-level means represent the estimated true average performance per configuration,

as opposed to the observed score from any single training run. Through partial pooling, estimates for each configuration are

regularised towards a shared average across all configurations, while variability within each configuration is also estimated

hierarchically through a shared half-normal hyperprior, which allows the model to borrow variance information across sensor-290

architecture combinations rather than estimating each group’s dispersion independently. A hyperprior is a prior placed on a
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parameter that itself governs other parameters; for instance, a hyperprior on the spread of group means controls how far each

configuration’s estimated average may deviate from the overall average. With this approach, estimates for each configuration

are gently regularised toward a shared average, reducing the risk of overinterpreting extreme results from small sample sizes.

Observed metric values were modelled on a transformed scale appropriate to their distributional support. Overlap metrics295

were modelled on the logit scale, to ensure valid Gaussian modelling, as is standard for proportion-like data (?). Uncertainty

metrics, which are strictly positive and unbounded above, were modelled on the log scale to stabilise skewed positive values.

The intercept hyperprior µ0 was centred on the median of the transformed observations to provide a data-informed but weakly

regularising prior. Group means were assigned partially pooled priors (µ∼Normal(µ0, τ)), where τ was given a half-normal

hyperprior following Gelman (2006). Observations were modelled using Gaussian likelihoods with group-specific standard300

deviations. A graphical overview of the model can be found in Supplementary Fig. S5.

All models were sampled using the No-U-Turn Sampler (NUTS) with 2000 draws across 4 chains following 2000 tuning

iterations, targeting an acceptance rate of 0.9 to ensure adequate exploration of the posterior (Hoffman and Gelman, 2014).

Model adequacy was assessed through prior and posterior predictive checks (Gabry et al., 2019), see Supplementary Figs. S6

and S7. Prior predictive checks confirmed that the chosen priors placed substantial probability mass across the plausible range305

of metric values without concentrating near specific outcomes, with observed group means falling comfortably within the

prior 90 % highest density intervals for all configurations. Posterior predictive checks confirmed adequate model fit for overlap

metrics across all sensor-architecture combinations, with the posterior predictive distribution closely recovering the multimodal

structure of the observed IoU and Dice distributions and individual run values falling within the 90 % posterior predictive

intervals. For uncertainty metrics, the log-scale Gaussian likelihood slightly underestimates the right tail for configurations310

exhibiting near-zero epistemic uncertainty with occasional high-variance runs, consistent with the structural differences in

uncertainty estimation across architectures described in Sect. 4.1.

4.3.1 Factorial analysis

To differentiate the independent and interactive contributions of sensor and architecture choice (factors) to model performance,

we implemented a 3×3 factorial Bayesian model with effects coding, analogous to a two-way ANOVA (Gelman, 2005; Schad315

et al., 2020). The model can be formulated as shown in Eq. (4):

µij = β0 +
∑

k

βd
kDki +

∑

l

βa
l Alj +

∑

k

∑

l

βint
kl (Dki ×Alj) (4)

where β0 represents the grand mean, βd and βa are vectors of dataset and architecture main effects respectively, βint captures

pairwise interactions with D and A representing effects-coded design matrices (Schad et al., 2020). Main effects represent the

average influence of one factor on performance, independent of the other, whereas interaction effects represent the degree to320

which the effect of one factor depends on the level of the other. In effects coding, each level of a factor is contrasted against a

reference level using +1, 0, or −1 entries. We assigned weakly informative priors matching those used in the hierarchical group

models to all effect parameters (Gelman, 2006). Posterior effects of architecture and image choice were computed relative to
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the grand mean and additionally in contrast to the conventional baseline of U-Net and aerial imagery or the combination of

both.325

Practical significance was assessed using a region of practical equivalence (ROPE) (Kruschke, 2018). The ROPE defines a

predefined threshold below which a difference between configurations is considered negligible. We set the ROPE to ±0.05 on

the logit scale for overlap metrics, corresponding to an approximately 1 % absolute difference in IoU, and to ± log(1.05) on

the log scale for uncertainty metrics, corresponding to an approximately 5 % multiplicative change.

4.3.2 Probabilistic ranking330

For single-metric rankings, we used posterior draws of group-level means to simulate the full ranking distribution across all

sensor-architecture combinations. For each of 8000 posterior samples, configurations were ranked from best to worst according

to the directionality of the metric. From these simulated rankings, we computed the probability of each configuration achieving

rank k (Pr(rank = k)), its expected rank E[rank] =
∑

k k ·Pr(rank = k), and the probability of being the best-performing

configuration (Benavoli et al., 2017; Corani et al., 2017).335

For multi-metric aggregation, posterior draws of group means were first aligned to a common direction of improvement,

then standardised within each posterior draw using standard z-scores. The standardised scores were combined using pre-

specified weights reflecting the relative operational importance of each metric (IoU: 0.40, NSD: 0.35, Dice: 0.15, epistemic

uncertainty: 0.05, aleatoric uncertainty: 0.05), yielding a composite utility score for each configuration and posterior draw

(Saisana et al., 2005). Metric weights were chosen to balance overlap and boundary metrics, while incorporating aleatoric and340

epistemic uncertainty. Ranking probabilities and expected ranks were then derived from this composite score analogously to

the single-metric case (Benavoli et al., 2017; Corani et al., 2017).

To quantify the separation between the top-ranked configuration and the runner-up, we computed two complementary sum-

maries: the probability that the composite score difference exceeded a practical equivalence threshold on the composite scale

(ROPE = 0.15), and the probability that the top configuration outscored the runner-up. We emphasise that multi-metric rankings345

depend on the chosen weighting scheme and aggregation method, and are therefore intended as illustrative decision-support

summaries rather than definitive model selection criteria (Saisana et al., 2005).

4.3.3 Comparison to single run rankings

To assess whether single-run performance estimates produce reliable rankings, we compared rank orderings derived from

individual training runs against the posterior expected ranks from the hierarchical model. For each of the 10 independent350

training runs per configuration, all nine sensor-architecture combinations were ranked by their test-set metric value, yielding

10 single-run rank vectors per metric. Exact rank agreement was computed as the proportion of configurations assigned the

same rank as in the posterior expected ordering, averaged across runs. Ordinal consistency was quantified using Kendall’s τ

between each single-run rank vector and the posterior expected rank vector, again averaged across runs (Maier-Hein et al.,

2018). This analysis was conducted for each individual metric and for the composite score, to assess whether multi-metric355

aggregation stabilises rank estimates relative to single-metric evaluation.
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Table 1. Posterior mean and 95 % highest density interval (HDI) for segmentation performance (IoU, Dice, NSD) and predictive uncertainty

(epistemic, aleatoric) across model architecture and sensor modality (AE: aerial imagery, PS: PlanetScope, S2: Sentinel-2).

Configuration
IoU ↑ Dice ↑ NSD ↑ Uncertaintyepist. ↓ Uncertaintyalea. ↓

mean HDI 95 %a mean HDI 95 % mean HDI 95 % mean HDI 95 % mean HDI 95 %

U-Net | AE 0.798 [0.787, 0.811] 0.887 [0.879, 0.895] 0.391 [0.380, 0.399] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000]

Swin-U-Net | AE 0.764 [0.737, 0.788] 0.866 [0.849, 0.883] 0.370 [0.363, 0.399] 0.003 [0.002, 0.003] 0.000 [0.000, 0.000]

TerraMind | AE 0.753 [0.747, 0.759] 0.859 [0.855, 0.863] 0.230 [0.228, 0.233] 0.000 [0.000, 0.000] 0.001 [0.001, 0.001]

U-Net | PS 0.641 [0.617, 0.666] 0.781 [0.763, 0.798] 0.482 [0.445, 0.519] 0.001 [0.001, 0.001] 0.000 [0.000, 0.000]

Swin-U-Net | PS 0.600 [0.585, 0.616] 0.750 [0.739, 0.762] 0.546 [0.536, 0.590] 0.001 [0.001, 0.001] 0.000 [0.000, 0.000]

TerraMind | PS 0.568 [0.564, 0.573] 0.725 [0.721, 0.728] 0.382 [0.366, 0.399] 0.000 [0.000, 0.000] 0.001 [0.000, 0.001]

U-Net | S2 0.127 [0.114, 0.140] 0.225 [0.204, 0.245] 0.604 [0.590, 0.620] 0.001 [0.001, 0.001] 0.000 [0.000, 0.000]

Swin-U-Net | S2 0.548 [0.533, 0.562] 0.708 [0.696, 0.719] 0.546 [0.516, 0.577] 0.001 [0.001, 0.001] 0.000 [0.000, 0.000]

TerraMind | S2 0.415 [0.404, 0.426] 0.587 [0.575, 0.597] 0.497 [0.472, 0.523] 0.000 [0.000, 0.000] 0.002 [0.001, 0.002]
aHDI: the range containing the 95 % most probable values of the posterior distribution, where every point inside the interval has higher probability than any

point outside it.

5 Results

5.1 Overview of segmentation performance

We evaluated nine sensor-architecture combinations, each trained 10 times with identical train/validation/test splits to account

for run-to-run variability arising from stochastic weight initialisation and data sampling. Performance was assessed on the360

withheld test set using five metrics: Intersection over Union (IoU), Dice Similarity Coefficient (Dice), Normalised Surface

Distance (NSD), and mean epistemic and aleatoric uncertainty. The raw distributions across 10 independent runs for all nine

combinations are shown in Fig. 4, and posterior means and 95 % HDIs derived from the hierarchical model are provided in

Table 1 as a reference for all subsequent comparisons.

For the overlap metrics IoU and Dice, performance degrades monotonically with decreasing spatial resolution within every365

architecture, with the exception of U-Net on Sentinel-2, which exhibits a median IoU of approximately 0.13, substantially

below all other configurations. NSD shows an inverted pattern, with values increasing at coarser spatial resolution. Run-to-run

variability within any single combination is small relative to the inter-sensor spread, with interquartile ranges of 0.02–0.05 IoU

across 10 runs. TerraMind configurations show near-zero epistemic uncertainty across all sensors, several orders of magnitude

below U-Net and Swin-U-Net, accompanied by elevated aleatoric uncertainty most prominently on Sentinel-2.370

5.2 Factorial decomposition of sensor and architecture effects

To decompose observed performance into independent contributions of sensor modality and architecture choice, we fitted a

3×3 factorial Bayesian model with effects coding. All effects are expressed as absolute unit changes (∆) from the grand

mean and classified relative to a region of practical equivalence (ROPE) of 1 percentage point for overlap metrics and a 5 %
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Figure 4. Boxplots of raw test-set performance across 10 independent runs for all nine sensor–architecture combinations, grouped by ar-

chitecture. Panels show (a) IoU, (b) Dice similarity coefficient, (c) normalised surface distance, (d) mean epistemic uncertainty, (e) mean

aleatoric uncertainty. Boxes show the interquartile range; whiskers extend to 1.5× IQR. Overlap metrics degrade monotonically with de-

creasing spatial resolution within every architecture, with the exception of U-Net on Sentinel-2, which exhibits a median IoU substantially

below all other configurations. Normalised surface distance shows an inverted pattern, with values increasing at coarser resolution, consistent

with the sensor-relative tolerance described in Sect. 4.2. TerraMind configurations show near-zero epistemic uncertainty across all sensors,

accompanied by elevated aleatoric uncertainty most prominently on Sentinel-2. Note that uncertainty panels use different y-axis scales from

the overlap metrics.

multiplicative change for measures of uncertainty. Posterior distributions of all effects across the five evaluation metrics are375

shown in Fig. 5.

For IoU and Dice, dataset main effects are large and decisively separated from zero and from the ROPE. Aerial imagery

produces a strong positive main effect (+0.19 IoU; HDI95% [+0.19, +0.20]) and Sentinel-2 a comparably large negative effect

(-0.22 IoU; HDI95% [-0.22, -0.21]), with PlanetScope falling near the grand mean (+0.02 IoU). The total sensor spread of

approximately 0.40 IoU is roughly four times larger than the largest architecture main effect observed for these metrics. For380
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Figure 5. Factorial model posterior estimates for dataset main effects (top), architecture main effects (middle), and dataset-architecture

interaction effects (bottom) across five metrics. Points show posterior means; horizontal lines show 95 % HDIs. Colour indicates classification

relative to the ROPE: blue indicates improvement vs grand mean (P > 0.95), orange indicates degradation (P > 0.95), grey indicates an

inconclusive effect. The shaded region shows the ROPE. Dashed vertical line at zero (no effect). X-axis: posterior factor effect ∆ from grand

mean.

NSD, sensor effects are fully inverted, with Sentinel-2 showing a strong positive effect and aerial imagery a strong negative

effect, consistent with the sensor-relative NSD tolerance described in Sect. 4.2. The use of TerraMind also results in an elevated

aleatoric uncertainty.

Architecture main effects on IoU and Dice are substantially smaller than sensor effects. Swin-U-Net shows a small positive

effect (+0.06 IoU; HDI95% [+0.05, +0.07]) and U-Net a small negative effect (-0.06 IoU; HDI95% [-0.06, -0.05]), while385

TerraMind is practically indistinguishable from the grand mean with a degradation of -0.001 IoU, but a probability of falling

within the ROPE of 83 %. For NSD, TerraMind shows a strong negative architecture main effect (-0.08; HDI95% [-0.09, -

0.07]), indicating systematically poorer boundary delineation regardless of sensor. For epistemic uncertainty, architecture is

the dominant structural driver. TerraMind shows near-zero epistemic uncertainty across all sensors, while Swin-U-Net shows

consistently higher parameter uncertainty than U-Net.390

Interaction effects show that architecture rankings are sensor-dependent. On aerial and PlanetScope imagery, all interaction

terms for IoU and Dice fall within or near the ROPE. The largest interactions occur on Sentinel-2, where the Swin-U-Net
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Figure 6. Posterior mean contrasts ∆ relative to reference baselines (U-Net for architecture contrasts; AE for dataset contrasts) across

five metrics, with 95 % HDIs. Rows show: marginal architecture contrasts averaged over all datasets, marginal dataset contrasts averaged

over all architectures, architecture contrasts within each dataset, dataset contrasts within each architecture. Arrow notation (e.g. U-Net →
TM) denotes the direction of the contrast. Colour indicates posterior classification: blue = improvement (P > 0.95), orange = degradation

(P > 0.95), grey = inconclusive. The shaded region shows the ROPE; dashed line at zero. X-axis: posterior mean contrast ∆ from baseline

(U-Net / AE).

interaction is strongly positive (+0.13 IoU; HDI95% [+0.11, +0.14]) and the U-Net interaction strongly negative (-0.18 IoU;

HDI95% [-0.19, -0.17]).

5.3 Sensitivity of architecture choice to spatial resolution395

Figure 6 shows posterior contrasts relative to the conventional baseline of U-Net paired with aerial imagery, at both marginal

and within-sensor levels. The contrasts indicate that the importance of architecture choice scales with decreasing spatial reso-

lution, while a change in spatial resolution carries a large and architecture-independent cost.

At aerial and PlanetScope resolution, architecture choice is of limited practical consequence. Both Swin-U-Net and Terra-

Mind show small credible degradations relative to U-Net on these sensors for IoU and Dice, while the aerial-to-PlanetScope400
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IoU reduction is consistent across all three architectures at approximately −0.16 to −0.18 IoU. No architecture therefore offers

a meaningful advantage over U-Net when high-quality imagery is available.

The picture changes substantially when handling Sentinel-2 imagery. Here U-Net degrades by −0.67 IoU through a change

from aerial to Sentinel-2, compared with −0.22 for Swin-U-Net and −0.34 for TerraMind. This indicates that architecture

selection is effectively irrelevant when high-quality imagery is available, but becomes a first-order concern when analyses405

are constrained to coarse imagery. The within-sensor Swin-U-Net to U-Net contrast on Sentinel-2 alone reaches +0.42 IoU,

comparable in magnitude to the entire inter-sensor spread observed for any single architecture.

The practical implications of these findings are illustrated in Fig. 7 for a large, but partially overgrown coastal driftwood de-

posit. On aerial images, all three architectures recover the deposit geometry with high ensemble agreement, though TerraMind

shows somewhat lower confidence and misses portions of the deposit boundary, consistent with its marginally lower posterior410

mean IoU on aerial imagery. On PlanetScope, Swin-U-Net and TerraMind recover the deposit with high confidence, while U-

Net struggles to identify it across runs. For Sentinel-2, U-Net produces fragmented low-confidence predictions scattered across

the deposit, consistent with mixed-pixel ambiguity at 10m resolution between deposit and overgrowth. Swin-U-Net and Ter-

raMind recover the deposit geometry at substantially higher confidence despite the coarse resolution, though both over-predict

beyond the deposit boundary, reflecting the difficulty of precise delineation at 10m.415

5.4 Reliability of model selection under single run evaluation

The analyses in the previous sections are based on 10 independently initialised training runs per configuration and a hierarchical

model that explicitly accounts for run-to-run variability. Yet, in conventional studies, the reporting of single-point estimates is

much more common. To assess what a conventional single-run evaluation would have concluded instead, we compared rank

orderings derived from individual training runs against the posterior expected ranks from the hierarchical model, for each420

individual metric and for a weighted composite score combining all five metrics. Results are shown in Supplementary Fig. S8.

The posterior composite ranking places U-Net paired with aerial imagery first (Pr(rank = 1) = 0.68) and Swin-U-Net paired

with PlanetScope as the only credible alternative for the top position (Pr(rank = 1) = 0.28). The posterior probability that the

performance difference between these two configurations falls within the composite equivalence threshold is 0.94, indicating

that Swin-U-Net paired with PlanetScope is a practically competitive alternative to the aerial reference in operational contexts425

where aerial imagery is unavailable. The bottom of the ranking is occupied by TerraMind configurations and U-Net on Sentinel-

2, with near-deterministic rank assignments. Full composite ranking probabilities are given in Table 2.

Single-run evaluation recovers these rankings unreliably. For IoU and Dice, exact rank agreement with the posterior ordering

averages 38.9 % and 41.1 % respectively (τ = 0.48 and 0.47), with instability concentrated in the middle ranks. For comparison,

random ordering of ranks would correspond to a rank agreement of 11 %. Most consequentially, the configuration the posterior430

places at rank 2, Swin-U-Net paired with PlanetScope, is assigned to ranks 4 or 5 in the majority of single IoU and Dice runs.

A practitioner relying on single-run evaluation would therefore overlook this combination as a practical alternative entirely.

NSD single-run rankings are near-random (τ =−0.04), consistent with the sensitivity of this metric to sensor-relative tolerance

documented in Sect. 4.2. Epistemic uncertainty rankings are near-random (τ =−0.13), driven by TerraMind’s structurally near-
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Figure 7. Qualitative comparison of driftwood predictions for a representative test frame across all sensor–architecture combinations.

Columns show predictions from U-Net (a, e, i), Swin-U-Net (b, f, j), and TerraMind (c, g, k), alongside the ground-truth label (d, h, l).

Rows correspond to aerial imagery at 10–15 cm resolution (a–d), PlanetScope at 3m (e–h), and Sentinel-2 at 10m (i–l). The colourmap

encodes ensemble agreement across 10 independent training runs; pixels predicted by all 10 runs (yellow) indicate high-confidence detec-

tions, while pixels predicted by only 1–3 runs (purple) indicate uncertain or inconsistent detections. Background imagery is displayed in true

colour. The ground truth column (d, h, l) shows the binary driftwood label overlaid on a greyscale background.

zero epistemic uncertainty causing it to rank first in all single runs despite its moderate composite rank. Aleatoric uncertainty435

is the most stable individual metric (τ = 0.71).

Multi-metric aggregation partially stabilises rank estimates. The composite score achieves the highest rank correlation of any

individual metric (τ = 0.64) without requiring additional training runs. However, even the composite score falls well short of

reliable recovery of the posterior ordering, reinforcing that multi-run evaluation within a probabilistic framework is necessary

for robust model selection in this setting.440
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Table 2. Posterior ranking probabilities, expected rank, and 95 % highest density interval (HDI) for rank, across all nine sensor–architecture

combinations, ordered by expected rank.

Configuration Pr(rank = 1) Pr(top2) E[rank] rank HDI 95 %

U-Net | AE 0.6844 0.9851 1.331 [1.0, 2.0]

Swin-U-Net | PS 0.2771 0.8698 1.859 [1.0, 3.0]

U-Net | PS 0.0383 0.1409 2.929 [2.0, 4.0]

Swin-U-Net | S2 0.0003 0.0043 3.882 [3.0, 4.0]

Swin-U-Net | AE 0.0000 0.0000 5.089 [5.0, 6.0]

TerraMind | PS 0.0000 0.0000 5.912 [5.0, 6.0]

TerraMind | AE 0.0000 0.0000 7.000 [7.0, 7.0]

TerraMind | S2 0.0000 0.0000 8.000 [8.0, 8.0]

U-Net | S2 0.0000 0.0000 8.999 [9.0, 9.0]

6 Discussion

6.1 Information content determines segmentation performance

The four-fold difference in magnitude between sensor main effects and architecture main effects reflects a fundamental con-

straint on model performance. No architecture can recover discriminative information lost through spatial averaging. Driftwood

deposits are detected primarily through textural rather than spectral information, due to the spectral similarity of bleached drift-445

wood and background in both the visible and near-infrared (Buscombe et al., 2024; Sendrowski and Wohl, 2021). At sub-metre

resolution, the spatial structure of individual logs and inter-log gaps provides textural information that any sufficiently ex-

pressive model can exploit. As described by Sendrowski and Wohl (2021), wood classification accuracy at very high spatial

resolution is governed primarily by boundary clarity rather than spectral separability. With increasing ground sampling dis-

tance, the textural signal is progressively lost to spatial averaging, and at 10 m most deposits outside the largest mats are450

represented as predominantly mixed pixels. The observed sensor hierarchy can therefore be viewed as an information-theoretic

ceiling rather than a modelling failure, and should be expected to persist across model families and training strategies.

Within the remote sensing literature, direct IoU comparisons for driftwood mapping are limited. Only Stadie et al. (2025)

reports an IoU of 0.578 for a U-Net on PlanetScope, yet our study achieves a posterior mean IoU of 0.641. This gain is largely

attributable to the comprehensive hyperparameter search.455

One important caveat applies to the interpretation of sensor effects across all comparisons reported here. Because anno-

tations were generated independently at each sensor’s native resolution, the observed performance differences absorb both

resolution-driven detectability and annotation-scale effects. A deposit labelled as a single polygon at 10 m resolution may

correspond to multiple individually resolved objects in the aerial annotation. The sensor effect should therefore be understood

as a measure of expected end-to-end operational performance under realistic annotation conditions, rather than as an isolated460

consequence of spatial resolution alone. For applications where a common label set across sensors is required, this distinction

is methodologically significant and should be accounted for in study design.
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6.2 Resolution dependence of architecture effects and implications for operational deployment

For aerial and PlanetScope imagery, architecture choice can be described as of limited practical consequence for overlap perfor-

mance. The HDIs of all three architectures overlap substantially for IoU and Dice at both sensors, and the aerial-to-PlanetScope465

performance reduction is consistent across architectures at approximately −0.16 to −0.18 IoU. For practitioners working at

these resolutions, sensor quality and training data diversity are the primary determinants of segmentation performance, and the

added complexity of transformer-based architectures is not justified on pure performance grounds.

The same, however, cannot be said for Sentinel-2. With U-Net on Sentinel-2 achieving a posterior mean IoU of just 0.127,

and with the hyperparameter search having explicitly explored dilation rates and feature map dimensionality for this combina-470

tion, this effect cannot be attributed to unfavourable parameterisation. It rather reflects a mismatch between the inductive bias

of convolutional networks and the characteristics of coarse-resolution imagery. At 10 m, Sentinel-2 pixels are highly mixed, lo-

cal spectral contrast between wood and background is weak, and deposit boundaries are diffuse. In this regime, local receptive

fields are not sufficient to determine pixel identity from neighbourhood information alone, producing the spatially fragmented,

low-confidence predictions visible in Fig. 7(i). The observation that U-Net on Sentinel-2 nevertheless recovers large spatially475

distinct deposits supports that the failure is specific to the mixed-pixel regime rather than a uniform property of the architec-

ture. Self-attention mechanisms as used by Swin-U-Net and TerraMind allow the model to use non-local contextual regularities

when local evidence is ambiguous (Dosovitskiy et al., 2021; Liu et al., 2022), which likely explains why both architectures

degrade substantially more gradually than U-Net with decreasing resolution.

Beyond driftwood mapping, architecture benchmarks are typically conducted at a fixed resolution, and recommendations480

derived from one sensor or resolution setting are routinely applied to others without independent re-evaluation. Our results,

based on three architectures spanning convolutional, transformer, and foundation model paradigms, indicate that this practice

can produce substantially misleading conclusions, as the relative ranking of these three architectures reverses across the reso-

lution spectrum. Whether this pattern holds for a broader set of architectures, including hybrid convolutional-attention designs

or architectures specifically optimised for coarse-resolution imagery, remains an open question that our experimental design485

cannot resolve. For any spectrally ambiguous target where local texture is the primary discriminative feature, architecture se-

lection should always be conducted at the resolution of the imagery used in operational deployment rather than inherited from

benchmarks at a different resolution (Henderson et al., 2018; Kattenborn et al., 2022).

For practitioners in the driftwood mapping community, these results translate into concrete guidance. For aerial imagery,

U-Net remains the best-performing architecture and the added complexity of transformer-based alternatives does not yield490

any significant improvement. Where aerial campaigns are logistically or financially impractical, Swin-U-Net combined with

PlanetScope imagery provides the most competitive accessible alternative, with a posterior mean IoU of 0.600 and the highest

composite rank among all satellite-based configurations. This combination benefits from PlanetScope’s near-daily global cov-

erage, enabling large-scale and temporally flexible monitoring without dedicated flight campaigns, though this approach will

underestimate total driftwood area due to individual logs falling below the detection threshold (Stadie et al., 2025). For practi-495

tioners working in depositional environments spectrally and morphologically similar to the Mackenzie Delta and constrained to

21

https://doi.org/10.5194/egusphere-2026-4074
Preprint. Discussion started: 20 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Sentinel-2, U-Net is likely to underperform substantially relative to transformer-based alternatives. In this context, Swin-U-Net

represents the more robust default choice, with TerraMind as a viable alternative where cross-sensor consistency or reduced

training variance is a priority. Whether this ranking holds in driftwood systems with different background characteristics, such

as the rocky coastlines of Norway or Iceland, requires independent empirical evaluation.500

6.3 Foundation model performance in narrow target applications

TerraMind offers two properties that distinguish it from the task-specific architectures evaluated here. It produces near-zero

epistemic uncertainty across all sensor configurations, making predictions highly reproducible across training runs, and its

degradation from aerial to Sentinel-2 resolution is substantially smaller than that of U-Net. Both properties are consistent with

the design rationale of Earth observation foundation models, where pre-trained representations provide a stable inductive prior505

that reduces sensitivity to training stochasticity and domain shift (Bommasani et al., 2022; Jakubik et al., 2023).

However, TerraMind does not outperform its competitors on Sentinel-2 despite having been pre-trained on that sensor,

and produces substantially elevated aleatoric uncertainty on Sentinel-2 relative to both alternatives. This can be attributed to

a domain gap existing between the pre-training distribution and the target task, with TerraMind’s pretraining dataset being

optimised for globally diverse land cover (Jakubik et al., 2025). Driftwood as described here, being spectrally similar to sand510

and spatially restricted to Arctic and boreal coastlines, has almost certainly no analogue in that distribution. Therefore, the

decoder must bridge this gap from a very limited fine-tuning dataset.

Despite this, however, TerraMind has shown considerable performance across the resolution spectrum. Although it does not

outperform its specialised competitors, its performance on high-resolution imagery was nonetheless comparable to those of U-

Net and Swin-U-Net alike. Considering that those image types were not part of the initial pretraining of the foundation model,515

its performance is remarkable. This confirms that foundation models can serve as a potent backbone for difficult segmentation

tasks, even outside of their native training domain.

Yet, as pre-trained models become increasingly accessible through platforms such as TerraTorch (Gomes et al., 2025), their

adoption risks being driven by general assumptions of superiority rather than by empirical evaluation on the target task. Our

results suggest that foundation model pre-training does not guarantee superior performance on spectrally unusual targets that520

are likely absent from the pre-training distribution, with TerraMind failing to outperform well-tuned task-specific alternatives

on any sensor despite Sentinel-2 being its native training domain. This supports the broader argument that foundation models

cannot be assumed to automatically extrapolate within a given modality, and that their performance limits in out-of-distribution

settings require empirical investigation rather than prior assumption (Bommasani et al., 2022). Foundation models should

therefore be evaluated empirically against task-specific alternatives, particularly in narrow-target applications where the fine-525

tuning dataset may be insufficient to bridge the gap between the pre-training distribution and the target domain.

6.4 Implications for benchmarking practice in environmental remote sensing

The rank instability analysis shows that conventional single-run evaluation fails to recover reliable model rankings in this

setting, with exact rank agreement below 42 % for IoU and Dice and near-random agreement for NSD. Due to the spectral
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ambiguity of the segmentation target, the sensitivity of model training to random weight initialisation is increased and limited530

training data amplify the influence of stochastic data sampling (Henderson et al., 2018), while strong class imbalance makes

augmentation choices a substantial source of run-to-run variability (Buda et al., 2018).

In practice, this instability can produce qualitative errors in model selection. The posterior analysis identifies Swin-U-Net

paired with PlanetScope as a practically competitive alternative to the aerial reference, with a 94 % posterior probability that

its composite performance falls within the equivalence threshold of the top-ranked configuration. Single-run IoU and Dice535

evaluations consistently assign this combination to ranks 4 or 5, which would lead a practitioner to overlook it entirely and

conclude that no accessible satellite-based alternative exists.

As shown, NSD rankings are near-random due to sensitivity to the sensor-relative tolerance width, and epistemic uncertainty

rankings are near-inverted because TerraMind’s structurally near-zero epistemic uncertainty causes it to rank first on that metric

in every single run despite its moderate composite rank. While multi-metric aggregation partially stabilises rank estimates, this540

does not constitute reliable model selection without multi-run evaluation. The Bayesian hierarchical framework used here

addresses this by treating run-to-run variability as a quantity to be modelled and propagated into all downstream comparisons

and rankings.

For the driftwood mapping community, this has a direct practical consequence, as we found that Swin-U-Net paired with

PlanetScope constitutes a competitive alternative to aerial acquisition, which would have been missed entirely under con-545

ventional evaluation. We therefore argue that multi-run evaluation within a probabilistic framework should be considered a

minimum methodological standard for segmentation benchmarking in environmental remote sensing, particularly in settings

characterised by limited training data, spectral ambiguity, and strong class imbalance (Bouthillier et al., 2021; Henderson et al.,

2018; Kattenborn et al., 2022; Reinke et al., 2024).

6.5 Limitations and outlook550

Several limitations of this study should be acknowledged when interpreting the results and applying the recommendations

derived from them. All training and evaluation data originate from a single geographic region which, while representing the

world’s largest documented driftwood system (Sendrowski et al., 2023), has a specific combination of target properties and

confounding backgrounds. The dominant background surfaces in the Mackenzie Delta may differ from those encountered

in other major driftwood systems such as, for example, the Norwegian and Icelandic coastlines. While the sensor hierarchy is555

grounded in information-theoretic constraints that should generalise broadly, the specific magnitudes of architecture effects and

their sensor dependence reflect the spectral and morphological characteristics of this region, and validation in geographically

distinct contexts is a necessary next step.

A second limitation concerns the temporal mismatch between sensors. Although acquisition offsets were minimised by de-

sign, with mean absolute differences of 1.1 days for PlanetScope and 2.4 days for Sentinel-2 relative to the aerial campaign,560

the Mackenzie Delta is a dynamic system subject to wood transport by tidal forcing, storm surges, and intermittent wood

floods with a return interval of approximately five years (Kramer et al., 2017; Sendrowski et al., 2023). Even short temporal

windows cannot guarantee identical deposit geometries across sensors, and the resulting label-to-image misalignment may
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affect boundary-sensitive metrics. Weather conditions during the acquisition period were calm and stable and no storm surges

or wood-flood events were recorded in the region during this window, making substantial deposit displacement within these565

offsets unlikely. Beyond small temporal offsets, the considered sensors also differ spectrally and radiometrically. Sentinel-2

benefits from stable, well-characterised calibration, while MACS aerial image acquisitions are subject to greater illumina-

tion variability (Rettelbach et al., 2024), meaning observed performance gaps reflect not only spatial resolution but also the

radiometric properties of each imaging system.

Finally, this study evaluates a purposeful but limited selection of architectures and sensors. The Bayesian multi-run evalua-570

tion framework is directly applicable to further architecture comparisons, including hybrid convolutional-attention designs and

architectures specifically designed for coarse-resolution or mixed-pixel imagery. Its extension to related Arctic mapping prob-

lems involving comparably sparse and spectrally challenging targets such as retrogressive thaw slumps, ice-wedge polygon

networks, or thermokarst lake margins represents a promising direction for follow-on work as the community’s focus expands

towards systematic pan-Arctic land-surface monitoring.575

7 Conclusions

We evaluated three deep learning architectures across aerial, PlanetScope, and Sentinel-2 imagery for driftwood segmentation

in the Mackenzie Delta using a Bayesian hierarchical framework that explicitly accounts for run-to-run variability in stochastic

neural network training.

Sensor modality was the dominant performance driver, outweighing architecture choice by a factor of four across overlap580

metrics. For driftwood detection, architecture selection was of limited consequence when high-quality imagery was avail-

able, but became critical at coarser resolution, where U-Net showed worse performance, while transformer-based architectures

degraded more gradually. The TerraMind foundation model did not outperform task-specific architectures on any sensor, in-

cluding Sentinel-2, its native pretraining modality. Given that all training and evaluation data originate from a single geographic

region, the absolute magnitudes of these effects and their sensor dependence should be interpreted as region-specific estimates585

pending cross-regional validation.

Based on our results we can provide concrete guidance for future work. Aerial imagery with U-Net remains a strong-

performing configuration where multispectral aerial imagery is available or acquisition is feasible, while Swin-U-Net paired

with PlanetScope is the most competitive accessible alternative for large-scale operational monitoring. For Sentinel-2, transformer-

based architectures should be preferred over U-Net regardless of computational cost. These conclusions were reachable only590

through multi-run probabilistic evaluation. The evaluation framework applied here is directly transferable to other spectrally

ambiguous targets in Arctic and environmental remote sensing where training data are limited and reliable model selection is

critical.

Code availability. All code used to derive the presented results is deposited on Zenodo: https://doi.org/10.5281/zenodo.20824839.
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