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Abstract— Tundra capillary networks (TCNs) are visible 

surface-drainage features associated with ice-wedge polygon 
terrain that can influence lateral surface-water redistribution 
across Arctic landscapes. However, TCN systems remain poorly 
characterized at regional scales because their narrow 
morphology, variable surface expression, and submeter scale 
have limited the development of scalable mapping and 
characterization methods. To address this gap, we present the 
first scalable GeoAI segmentation-to-graph framework for 
regional mapping and structural characterization of visible TCN 
expressions directly from very high spatial resolution satellite 
imagery. Using the first labeled remote-sensing dataset developed 
specifically for TCN segmentation, we implemented a systematic 
model-development workflow comparing convolutional neural 
network and transformer-based architectures across four spatial-
context configurations and tuned SegFormer MiT-b3 with 1024 x 
1024-pixel inputs as the highest-performing model (F1 = 0.89). 
Independent assessment at three Alaskan sites produced F1-
scores ranging from 0.80 to 0.93, demonstrating transferability 
across diverse tundra landscapes. The selected model was 
deployed across a 728,400 km² northern Alaska WorldView-2/3 
mosaic composed of 1,821 20 × 20-km sub-grid cells. The 
workflow mapped approximately 2.7 million km of TCN 
centerlines and converted the resulting detections into graph 
representations describing nodes, edges, connected components, 
and network extent. The resulting products provide the first 
regional baseline for characterizing the distribution and 
structural variability of visible TCN expressions across northern 
Alaska. Our framework demonstrates how submeter satellite 
imagery, deep learning, and graph theory can be combined to 
transform large Earth-observation archives into interpretable 
regional-scale products for Arctic landscape analysis. 
Index Terms—Remote Sensing, Deep Learning, Vision 
Transformers, Arctic Permafrost, Tundra, GeoAI, Graph Theory, 
Image Segmentation, Tundra Hydrology, Very High Spatial 
Resolution Imagery 
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I. INTRODUCTION 
he Arctic has warmed nearly four times faster than the 
global average since 1979, driving widespread changes 
across permafrost landscapes [1], [2]. Permafrost, 

ground that remains at or below 0°C for at least two 
consecutive years, underlies 15% of the Northern 
Hemisphere's exposed land surface [3], [4]. However, these 
landscapes vary considerably in ground-ice content, 
hydrology, vegetation, biogeochemistry, geologic history, and 
local climatic conditions [5], [6]. Consequently, this 
heterogeneity means permafrost thaw does not produce a 
uniform landscape-scale response across the Arctic [7].  

Ice-rich permafrost landscapes are commonly patterned by 
ice-wedge polygons (IWPs) [8]. IWPs develop as repeated 
freeze-thaw contraction cracking allow for wedge-shaped ice 
bodies to grow beneath the surface [9], [10]. The surface 
expression consists of polygon centers that are bordered by rims 
and trough depressions, with the relative elevation of these 
features varying across stages of development and degradation 
[11]. Troughs are especially important for describing this 
system’s function as they act as depressional pathways for 
surface water to travel across landscapes [2]. As this system 
further degrades, troughs can deepen and connect, reorganizing 
local drainage [2].  

Building upon the concept of tundra capillaries introduced by 
Liljedahl et al. [12], this study formally defines tundra capillary 
networks (TCNs) for remote sensing-based modelling. TCNs 
are visible surface drainage features associated with the 
progressive degradation, deepening, and coalescence of ice-
wedge polygon troughs [2], [12]. They encompass both isolated 
trough-like segments and larger interconnected networks, 
reflecting the progressive organization of these features across 
the landscape. This definition consolidates features historically 
described using varied terminology for ice-wedge polygon 
trough systems. Importantly, because TCNs are delineated from 
satellite imagery, the term refers to their visible surface 
expression rather than field-verified trough morphology. 
Because TCNs influence lateral surface-water redistribution, 
their spatial organization provides a remotely observable link 
between permafrost-degradation-driven microtopographic 
change, and surficial hydrological response [2], [12]. 

Previous efforts to map and analyze IWP and TCN systems 
have relied on field surveys, manual digitization of the feature, 
digital elevation models (DEMs) and semi-automated methods 
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including object-based image analysis [2], [13], [14]. Field-
based approaches to studying these systems provide high-
quality observations essential for understanding these systems 
better. Despite this, field-based approaches remain spatially 
limited due to cost and logistics limiting their ability to 
characterize landscape variability beyond sampled locations 
[15]. Manual digitization can produce high-quality delineations 
of IWPs and TCNs, however the process is time- and labor-
intensive making large scale analysis impractical [15]. Very 
high-resolution elevation data has demonstrated promising 
potential in analysis of these systems; however, these datasets 
are spatially limited across the Arctic [13], [14]. Other, coarser 
elevation products often lack the spatial resolution necessary to 
resolve narrow features including TCNs [13], [14], [15]. Semi-
automated methods, including object-based image analysis, can 
reduce the manual effort required, but their reliance on site-
specific adjustments and analyst-defined rules and thresholds 
can limit their transferability across large heterogeneous regions 
[15]. Consequently, no fully automated, generalizable, and 
scalable framework currently exists to map TCNs and quantify 
their network structure across landscape-scale extents. 

The rapidly growing availability of very high spatial 
resolution (VHSR) satellite imagery provides new opportunities 
to map TCNs directly from the visible surface expression [15]. 
Commercial satellite imagery providers, such as Vantor with 
WorldView data, can resolve sub-meter TCN expressions 
across varying space and time [15], [16]. Despite the great 
potential, the size and complexity of these archives make 
manual interpretation infeasible at scale [15]. TCN feature 
detection is further complicated by extreme variability in their 
surface expressions. TCNs may be water-filled, vegetated, dry, 
or weakly expressed depending on environmental conditions, 
image acquisition timing, and degradation state [15], [17]. 

Recent advancements in deep learning-based computer vision 
provide a promising approach for autonomous detection of 
subtle geomorphologic features directly from VHSR satellite 
imagery [18], [19]. However, direct application of these models 
remains challenging as TCNs are narrow, spatially continuous, 
and sometimes weakly expressed within heterogeneous tundra 
landscapes [2], [12], [15]. Their detection depends not only on 
local spectral and textural signals, but also on their relationship 
to the surrounding IWP-patterned terrain [15]. Input tile size, or 
the spatial extent of the imagery provided to the model during 
training and inference, therefore represents a key consideration 
for modelling efforts [20], [21]. Smaller tiles can highlight the 
relative prominence of narrow features but consequently may 
also provide insufficient context for the model [20], [21].  
Larger tiles provide greater spatial context but increase the 
computational demand of model training and deployment, 
introduce more background complexity, and proportionally 
reduce the representation of the target TCN class within each 
tile. These larger contextual windows may also require more 
diverse datasets to support reliable learning [20], [21]. Model 
architecture and encoder configuration introduce further 
considerations as the ability to extract fine-scale features while 
also representing broader spatial relationships may vary 

substantially across different configurations [21]. A systematic 
evaluation of architecture, encoder, and input tile size 
configuration is therefore necessary to develop a highly 
effective modelling framework for TCN detection across 
heterogeneous Arctic tundra landscape regions. 

Autonomous detection alone is insufficient for characterizing 
TCNs as landscape-scale systems. Computer vision-based 
segmentation can identify where visible expressions occur, but 
it cannot describe whether the mapped features form isolated 
segments or larger interconnected drainage networks. Graph 
theory provides an efficient framework for describing and 
quantifying the structural organization of spatial networks [13], 
[22], [23]. By converting mapped TCN features into simplified 
graph-based representations, patterns in connectivity, 
fragmentation, and extent, can be evaluated at landscape-scale 
[13]. Deep learning-based segmentation-to-graph frameworks 
remain rare and have not yet been developed for TCNs, leaving 
their networks largely unquantified. To our knowledge, no 
scalable remote sensing-based framework currently exists to 
map TCNs and characterize their graph-theoretic structure 
across landscape-scale extents. 

To address prevailing methodological gaps, this study 
develops a task-specific, scalable remote sensing-based 
framework combining deep learning–based image segmentation 
with graph-theoretic modelling to systematically quantify and 
characterize TCN structure. We first performed an ablation 
study to evaluate multiple deep learning architectures, encoder 
configurations, and input tile sizes configurations to develop a 
highly effective approach for TCN segmentation. We then 
assess the spatial generalizability of the best-performing design 
configuration across multiple Alaskan sites. Finally, the 
developed segmentation-to-graph framework is deployed across 
a northern Alaska satellite imagery mosaic to produce a 
regional-scale baseline characterization of TCN distribution and 
variability. 

II. METHODS 

A. GeoAI Framework 

The GeoAI framework used in this study is summarized in 
Fig. 3. The workflow integrates four linked stages: spatial-
context modeling through systematic evaluation of input tile 
size, architecture, and encoder configuration; image 
segmentation using the selected model to produce 
georeferenced TCN detection masks; graph construction 
through mask refinement, vector extraction, skeletonization, 
and conversion to nodes, edges, and connected components; 
and regional-scale interpretation through aggregation of 
graph-derived metrics across 20 × 20 km mosaic sub-grid cells 
alongside model-confidence and image-exposure information. 

 B. Study Area 
This study incorporates three focal landscapes in northern 

Alaska near the Jago River, Utqiaġvik, and Prudhoe Bay (Fig. 
1). The Jago River site in northeastern Alaska represents a 
more inland tundra setting where widespread ice-wedge 
degradation and associated changes in microtopography, 
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hydrology, soils, ground ice, and vegetation have been 
documented [24]. The Utqiaġvik site is located on the Barrow 
Peninsula, a low-gradient coastal-plain landscape dominated 
by ice-wedge polygonal tundra spanning drained thaw-lake 
basins and interstitial tundra [25]. The Prudhoe Bay site is 
located within the Prudhoe Bay Oilfield region, an extensive 
ice-rich permafrost landscape affected by both climate change 
and infrastructure development [26], [27].  

C. Satellite Image Data and Manual Annotation 
To reduce ambiguity, we define the terminology used 

throughout this study as follows. An "image scene" refers to a 
full-resolution, orthorectified, and pansharpened WorldView-2 
raster. Each "tile" is a 2048×2048-pixel (1024×1024 m) sub-
array of an image scene that serves as the primary unit for 
annotation and the subsequent DL analysis. Each 2048×2048-
pixel tile (1024×1024 m) was further subdivided into 
standardized inputs of four sizes: 128×128 pixels (64×64 m), 
256×256 pixels (128×128 m), 512×512 pixels (256×256 m), 
and 1024×1024 pixels (512×512 m). This subdivision enabled 
systematic evaluation of how varying spatial context 
influenced model performance. 

We acquired high-resolution multispectral satellite imagery 
from Vantor (formerly Maxar) WorldView satellite series. The 
selected imagery covers Alaskan tundra landscapes that 
contain visible TCN expressions. The imagery was provided 
by the Polar Geospatial Center (PGC) at the University of 
Minnesota under a National Science Foundation-funded 
licensing agreement. All images were orthorectified, top-of-
atmosphere (TOA) corrected, and pansharpened to a spatial 
resolution of 0.5 m.  

Using a defined annotation protocol, we manually annotated 
TCN features, including isolated and interconnected polygonal 
troughs and associated trough-ponds, across 126 image tiles 
(2048×2048 pixels [1024×1024 m]). These annotations served 
as reference labels for deep learning (DL) model training and 
evaluation. The tiles were derived from two WorldView-2 
scenes (Table I; Fig. 2). Annotations were conducted at a scale 
of 1:1000 using a three-band composite comprising NIR2, Red 
Edge, and Coastal Blue, rendered as false-color RGB. The 
false-color composite was selected after visual inspection 
because it provided strong contrast between troughs, ice-
wedge polygon interiors, and standing water, facilitating 
consistent delineation of TCN features across the study sites. 

D. Dataset Preparation and Augmentation 
The set of 2048×2048-pixel (1024×1024 m) image tiles were 

partitioned into training (70%), validation (15%), and test 
(15%) subsets prior to subdivision to prevent pixel-level 
leakage between subsets. To evaluate the effect of spatial 
context on DL model performance, each 2048×2048 pixel 
(1024×1024 m) image tile was further subdivided into four tile 
sizes: 128×128 pixels (64×64 m), 256×256 pixels (128×128 
m), 512×512 pixels (256×256 m), and 1024×1024 pixels 
(512×512 m). This consistent pixel allocation enabled a fair 
comparison among all model configurations. 

Preprocessing included Contrast Limited Adaptive 

Histogram Equalization (CLAHE) applied independently at 
the 2048×2048 (1024×1024 m) image tile level to enhance 
local contrast and increase model sensitivity to low-relief 
features. Applying the CLAHE algorithm at this scale ensured 
that all derived input sizes inherited a fair and consistent 
transformation. Data augmentation involved random 90° 
rotations and horizontal/vertical flips, intended to increase 
overall generalization while preserving the geometry and 
spatial structure of the underlying TCN. 

E. Deep Learning Architectures and Encoders 
We compared two major deep learning approaches for 

semantic segmentation: convolutional neural networks 
(CNNs) and transformer-based models. For CNNs, we tested 
five commonly used architectures: U-Net [28], U-Net++ [29], 
LinkNet [30], PSPNet [31], and MANet [32]. These 
architectures were chosen to represent a range of design 
strategies, including encoder-decoder structures, attention 
mechanisms, and multiscale context aggregation. Each 
architecture was evaluated using four standard ResNet 
encoders (ResNet18, ResNet34, ResNet50, and ResNet101) 
[33], which allowed for consistent comparisons across encoder 
complexities. 

For transformer-based models, we evaluated the SegFormer 
family using MiT-b0 through MiT-b5 [34]. SegFormer uses a 
hierarchical encoder allowing multiscale feature modelling 
while also capturing long-range spatial relationships using 
self-attention. This is especially relevant for TCNs, which 
often form long, branching structures across the landscape. 

The candidate DL model set was selected to balance 
diversity of architectures, computational feasibility, and 
relevance to the type of imagery and target feature being 
studied. While we did not aim to test every possible 
architecture, we prioritized models that are well-established in 
literature, vary in design complexity, and offer a useful 
baseline for comparing CNNs and ViTs on this task. 

F. Deep Learning Model Training 
All models were trained using PyTorch [35], utilizing 

Distributed Data Parallel (DDP) across four NVIDIA Quadro 
RTX 5000 GPUs in a high-performance computing (HPC) 
environment of the NSF Texas Advanced Computing Center 
(TACC) Frontera supercomputer [36]. Training employed the 
AdamW optimizer [37], learning rate: 0.0001, weight decay: 
1e-5), with a Focal loss function, and an effective batch size of 
four tiles to accommodate memory constraints and early 
stopping with a patience of 20 epochs evaluated on validation 
performance. Model selection was based on the validation F1-
score, and the held-out test subset was reserved for final 
reporting. 

G. Independent Cross-Site Accuracy Assessment 
To evaluate model transferability beyond the initial imagery 

dataset used for model training, validation, and testing, we 
conducted an independent pixel-level accuracy assessment at 
three Alaskan sites near Utqiaġvik, Prudhoe Bay, and the Jago 
River. The selected best-performing model was applied to 16-
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bit Vantor imagery at each site. From the resulting binary 
prediction masks, we randomly sampled 1,000 pixels 
classified as TCN and 1,000 pixels classified as background at 
each site to ensure sufficient representation of the 
comparatively sparse TCN class. Each sampled pixel was then 
manually assigned a reference class based on the visible 
expression in the corresponding Vantor imagery. Precision, 
recall, and F1-score were calculated from the resulting 2,000-
pixel validation sample at each site to evaluate model 
transferability across different landscapes. 

H. Graph Analysis 
Binary TCN masks generated by the selected best-

performing model were skeletonized to produce a one-pixel 
centerline representation of the mapped TCN features [38]. 
These centerline representations were then converted into a 
graph structure as networks composed of nodes representing 
junctions or endpoints, and edges representing linear 
connections between the nodes. Components represent 
discrete networks in which all nodes and edges are linked but 
disconnected from other sub-networks. This abstraction 
allowed us to quantitatively characterize TCN structure using 
structural and hydrologically relevant metrics, capturing 
variation in spatial organization and network structure. 

We adopt a graph-theoretic framework because the defining 
property of tundra capillary networks is connectivity. Table 3 
summarizes the graph-theoretic metrics that translate 
connectivity into measurable structural characteristics beyond 
what pixel- or object-based approaches can provide. DDP and 
high-memory nodes (HPC Frontera) enabled the scalable 
implementation of the methodological workflow. 

I. Northern Alaska Vantor Mosaic Data Structure and Model 
Deployment 

We used a pre-existing 8-band, 16-bit pansharpened mosaic 
covering the tundra regions of Alaska, generated from Vantor 
WorldView-2 and WorldView-3 imagery and compiled by the 
Polar Geospatial Center (PGC), University of Minnesota. The 
source imagery was acquired across multiple years, primarily 
during months that are typically snow-free (June-August), 
although acquisition times do vary across the mosaic. As a 
result, the mosaic should be interpreted as a composite of the 
best available imagery rather than a temporally uniform 
snapshot.  

The PGC prioritized source scenes with limited cloud cover 
and summer acquisition dates. Where suitable summer 
imagery was not available, lower-cloud-cover imagery from 
outside of the preferred seasonal window was used to create a 
more spatially complete mosaic. Consequently, portions of the 
mosaic contain some snow, ice, and cloud obstructions that 
can reduce the visible expression of TCN. The mosaic follows 
a nested PGC tile scheme, with 100 x 100 km grid cells which 
are subdivided into 25 individual 20 x 20 km sub-grid cells. 
The regional mosaic overall comprises 1,821 sub-grid cells 
corresponding to a footprint of 728,400 km2 and a total file 
size of approximately 46 TB. This structure provides 
manageable computational units for model deployment and 

aggregation of results. 
In terrain-mapping applications, the degree of ground 

exposure visible in imagery plays a critical role in model 
detection accuracy. Cloud cover and snow presence in early or 
late-season acquisitions can substantially degrade mosaic 
quality. To support further interpretation of these effects, we 
developed a composite quality metric (Fig. 6) that integrates 
acquisition month and spatial coverage to quantitatively report 
the suitability of individual mosaic grid cells for TCN 
detection. This metric characterizes input-image suitability 
supporting transparent interpretation of regional outputs. 

The model was applied independently to each 20 x 20 km 
mosaic sub-grid cell, by sub-grid across the mosaic, with 
outputs post-processed to generate binary TCN masks. 
Although the mosaic was provided as an 8 band product, the 
regional inferencing process used the same NIR2, Red Edge, 
and Coastal Blue bands used for model development. These 
masks were then skeletonized and converted into graph 
representations for subsequent network analysis. All outputs 
were georeferenced and reassembled, enabling quantification 
of TCN structure across the Alaska tundra landscape. The 
final regional data product was organized at the 20 × 20 km 
mosaic sub-grid scale. For each sub-grid cell, archived outputs 
include georeferenced TCN detection masks, post-processed 
vector representations, skeletonized centerlines, graph-derived 
node and edge products, and tabular summaries of network 
metrics. To support interpretation of regional variability, the 
product also includes model-confidence information and 
image-exposure metadata describing mosaic suitability, 
including acquisition timing and spatial coverage. These 
ancillary layers allow users to distinguish areas of low mapped 
TCN abundance from areas where snow, cloud, seasonal 
timing, or incomplete imagery may reduce feature visibility. 
The final products are available through the Arctic Data 
Center as Pan-Alaska permafrost tundra capillary network 
detection and graph theoretic analysis from <1 meter 
resolution satellite imagery (2011–2025) [45]. Regional 
production required processing approximately 46 TB of source 
imagery, generating 49 GB of raster masks and approximately 
2.2 TB of GeoPackage/vector and graph products. Excluding 
model training, mask generation required approximately 3,000 
service units on Frontera RTX GPU nodes, while 
vectorization, graph construction, and packaging required 
approximately 48,000 service units on Frontera NVDIMM 
CPU nodes. 

III. RESULTS 
Across the evaluated CNN model configurations, segmentation 

performance varied substantially with architecture, encoder, and 
tile size (Fig. 4) F1-scores ranged from approximately 0.35 to 
0.87. U-Net++ with a ResNet50 encoder and 512 x 512 pixel tile 
inputs achieved the highest CNN performance (F1 = ~0.87). 
Across the configurations, F1-score ranged from approximately 
0.6 to 0.8 for LinkNet; 0.49 to 0.87 for MANet, 0.35 to 0.68 for 
PSPNet, 0.46 to 0.87 for U-Net, and 0.83 to 0.87 for U-Net++.  

The CNN segmentation performance also varied across 
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encoder and tile-size configurations of ResNet50 produced the 
highest median F1-score among the tested encoders, while 
ResNet101 had the widest range of values. Median CNN F1-
scores were approximately 0.74 at 128-pixel tile size, 0.82 at 256-
pixel tile size, 0.84 at both 512-and-1024-pixel tile size.  

SegFormer F1-scores ranged from approximately 0.85 to 0.89 
across the evaluated encoder and tile-size configurations (Fig. 4). 
Median F1 scores were approximately 0.86, 0.89, 0.88 and 0.89 
for the 128-, 256-, 512-, and 1024-pixel input tile sizes 
respectively. Across the encoders median F1-scores ranged from 
0.87 to 0.88. with the MiT-b3 encoder at 1024 px achieving the 
highest overall (0.89).  

The selected best-performing SegFormer model (MiT-b3, 
1024 px) was evaluated at three independent Alaskan sites: 
Prudhoe Bay, Utqiaġvik, and Jago. (Fig. 5). Pixel-level precision, 
recall and F1-score varied across sites. Utqiaġvik achieved the 
highest pixel-level F1-score (0.93; precision = 0.92; recall = 
0.94), followed by Prudhoe Bay (F1 = 0.86; precision = 0.95; 
recall = 0.78) and the Jago River site (F1 = 0.80; precision = 0.97; 
recall = 0.68). 

The selected best-performing SegFormer model was deployed 
across the 728,400 km2 northern Alaskan mosaic. Across the 
analyzed sub-grid cells, the framework mapped approximately 
2.7 million km of TCN, represented as approximately 5 × 10⁸ 
connected components comprising 5.5 × 10⁹ nodes and 5.1 × 10⁹ 
edges. Graph-theoretic metrics varied across the analyzed sub-
grid cells (Figs. 7-9). Node counts ranged from nearly zero to 
over 30 million per sub-grid cell, with a median of approximately 
2 million. Edge counts reached approximately 34 million, with a 
median of 1.8 million. End-node counts reached approximately 
3.6 million, with a median of approximately 500,000. Average 
node degree had a median of approximately 1.8, while the 
average edge length ranged from approximately 1.3 to 6.5 m. The 
number of components ranged from fewer than 500,000, to more 
than 1.5 million components. Total TCN length ranged from 
below 5,000 to over 25,000 km per sub-grid cell.  

IV. DISCUSSION 
This study establishes a scalable segmentation-to-graph 

framework for mapping TCNs directly from VHSR satellite 
imagery. The core contribution goes beyond automated 
delineation of visible TCN expressions to convert those 
detections into graph-based representations allowing consistent 
characterization and comparison of this emerging feature across 
space and time. This systematic evaluation demonstrates that 
effective TCN mapping requires more than selecting a high-
performing segmentation architecture; it requires balancing model 
design, encoder capacity, and spatial context to detect narrow, 
spatially continuous features whose visual expression depends on 
both local spectral-textural patterns and broader permafrost 
terrain. Applied across a ~730,000 km2 northern Alaska mosaic, 
the resulting products provide a regional baseline of potential 
TCN extent and TCN system variability. 

The ablation experimentation shows that both architectural and 
spatial context (tile size) influence TCN segmentation 
performance. SegFormer MiT-b3 with 1024 x 1024-pixel tile 
input achieved the highest overall F1-score (0.89), while U-

Net++ with a ResNet50 encoder and 512 x 512-pixel tile input 
achieved the highest CNN performance (0.87). The F1-score 
difference between the best-performing CNN and Transformer 
configurations was small. Overall SegFormer family produced a 
much narrower range of F1-scores across encoder and tile size 
configurations. The lowest median F1-scores occurred at the 
smallest input size for both computer vision families, consistent 
with the importance of spatial context when delineating subtle 
geomorphologic features [21], [39]. Similar architecture-
dependent effects of tile size have been observed in road 
segmentation, another narrow and spatially continuous feature 
[21]. They found that both tile size, and its interaction with model 
architecture, significantly affected performance, with the larger 
contextual windows producing more coherent feature 
representations generally. This pattern also reinforces that input 
extent should be evaluated empirically rather than treated as a 
secondary implementation choice [21]. Similar improvements 
from transformer-based representation have been reported in 
remote-sensing tasks where broader spatial relationships 
contribute to greater feature discrimination [40]. However, our 
study cannot establish the superiority of all transformer 
architectures for this task as it only identifies SegFormer as a 
highly effective and computationally practical model family for 
this specific feature detection problem.  

The independent pixel-level accuracy assessment further 
indicates that the selected SegFormer configuration transferred 
beyond the imagery used for model development. Pixel-level F1-
score was highest near Utqiaġvik (0.93), followed by Prudhoe 
Bay (0.86) and the Jago River site (0.80). Precision remained 
high across all three sites, while recall varied more substantially. 
The cross-site pattern therefore indicates that omission errors are 
a more important limitation than false detections when the model 
is applied across differing tundra landscapes. This result is 
consistent with the broader difficulty of mapping Arctic land-
surface features across environments that vary in vegetation, 
wetness, microtopography, seasonal state, and image contrast [2], 
[12], [15]. It also reinforces the importance of expanding 
reference datasets beyond a single development region. 
Additional annotations spanning a wider range of terrain settings 
and acquisition conditions may improve recall while preserving 
the high precision observed across the independent sites. 

Graph theory expands the possible analytical value of the 
regional product. This work moves beyond raster masks to 
organize the mapped TCN features into graph theory networks. 
The workflow provides a consistent and scalable framework for 
measuring the organization of the features across space and time. 
Prior studies have shown that ice-wedge degradation can 
reorganize surface-water pathways and alter landscape drainage 
structure [2], [12], [41]. Graph-derived metrics therefore provide 
a useful lens for comparing TCN systems across landscapes. 
Despite this their interpretation should remain constrained, they 
describe geometry and connectivity of visible surface expressions 
only. They are not direct measurements of hydrology or 
developmental stage of the polygonal terrain. Establishing a 
process-based interpretation approach will require comparison 
with rich data sources including field observation, hydrological 
and biogeochemical measurements, and very-high resolution 
elevation data. 
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Regional deployment further demonstrates the practical value 
of the segmentation-to-graph workflow. Across 1,821 sub-grid 
cells, the model mapped and generated graph-theoretic 
summaries for approximately 2.7 million km of TCN. This work 
provides a quantitative baseline for examining where visible TCN 
are concentrated, as well as whether they are sparser, or more 
connected. The produced dataset should not be treated as a 
definitive classification of hydrological state, instead it should be 
treated as a regional baseline for the TCN system. Future work 
should explore the observed patterns in relation to ground-ice 
conditions, topography, vegetation, geology, surface water, and 
permafrost degradation. Interpretation of the regional outputs 
should also account for the characteristics of the source mosaic 
imagery. The PGC mosaic is multi-year, assembled from the best 
available satellite observations rather than a temporally uniform 
product. A multitude of factors including acquisition timing, 
cloud obstruction, wetness, shadows, and imagery coverage can 
all impact the visibility of TCN expression. The accompanying 
mosaic-quality metric provides a proxy for the suitability of the 
available imagery to allow users to identify areas where regional 
comparisons should be treated with greater caution. 

Several limitations suggest next steps for this work. The 
annotated dataset was produced from a limited number of scenes, 
with varying recall performance, but high precision during the 
independent-site assessment. These results suggest that the 
mapped TCN extent may be conservative in some landscapes. 
Expanding the reference dataset across space and time should 
improve the recall robustness of the model. The transformer 
ablation benchmark was limited to only the SegFormer family. 
While the performance was good, additional transformer 
architectures should be explored for potential segmentation ability 
increases. Graph theory derived metrics require calibration 
against both field and elevation measurements to allow them to 
act as hydrological and geomorphological indicators. Lastly a 
reliable multi-temporal analysis would elevate the potential of this 
work, but require explicit controls for imagery timing, ground 
exposure levels, temporal variability. The current workflow 
provides a strong foundation for this work, but apparent changes 
in mapped structure cannot be interpreted as geomorphic change 
until image-condition can be separated from landscape evolution. 

Future vision transformer-based frameworks could extend 
beyond image-based inputs; embeddings for location, seasonality, 
and terrain can help constrain predictions in geomorphologically 
diverse regions, improving both transferability and 
interpretability. Recent advances illustrate this potential: SatClip 
[42] learns location embeddings that generalize across 
environmental gradients; Prithvi-EO [43] utilizes large-scale 
pretraining to integrate spatial and temporal context; AlphaEarth 
[44]  integrates multi-modal and temporal embeddings, including 
climatic and biophysical variables, and VitDetLoc [40] 
demonstrates that location aware ViTs improve segmentation 
performance in Arctic remote sensing contexts. Embedding-rich 
transformer architectures therefore offer a promising path forward 
for understanding large scale landscape changes. 

This study provides a reproducible framework for mapping 
visible TCN expression across northern Alaska. The resulting 
products move beyond feature detection alone, providing 
information about network structure at a scale that can not be 
achieved through field surveys or manual delineation. This 

framework provides a foundation for future studies to examine 
how the organization of fine-scale drainage vary across degrading 
permafrost regions, and how those structural patterns relate to 
broader Arctic hydrological change and landscape evolution. 

V. CONCLUSION 
This study presents a scalable GeoAI segmentation-to-graph 

framework for mapping visible TCN expressions directly from 
VHSR satellite imagery. The framework integrates spatial-
context-aware image segmentation, systematic model 
evaluation, graph construction, and regional-scale 
interpretation into a coherent workflow for transforming large 
image mosaics into interpretable landscape products. The 
systematic ablation evaluation supported the use of SegFormer 
MiT-b3 with 1024 x 1024-pixel inputs as the highest 
performing model configuration. Independent pixel-level 
accuracy assessment supported the application of the selected 
model beyond the model development imagery. By converting 
image-based segmentation outputs into nodes, edges, 
connected components, and regional network metrics, the 
workflow enables characterization of TCN extent, 
connectivity, spatial organization, and structural variability 
across northern Alaska. Deployed across a 728,400 km2 
northern Alaska mosaic, the framework mapped 
approximately 2.7 million km of TCN and generated graph-
theoretic summaries for 1,821 20 x 20 km sub-grid cells. The 
resulting product provides the first regional baseline for 
visible TCN expressions across northern Alaska and 
demonstrates a transferable GeoAI framework for converting 
VHSR Earth-observation imagery into interpretable graph-
based landscape products through the integration of deep 
learning, spatial-context modeling, and network analysis. 
Figures: 

 
Figure 1 Circum-Arctic permafrost extent [cite] and northern 
Alaska study-region context. Permafrost extent classes are 
shown across the Arctic, with the circumpolar tree line shown 
in green and the Vantor WorldView-2/3 mosaic footprint 
outlined in black. Letters indicate the three focal landscapes 
used in this study: Jago River (A), Prudhoe Bay (B), and 
Utqiaġvik (C). 
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Figure 2 Example annotated training tile and representative 
TCN surface expressions. The main panel shows a 512 × 512 
m image tile, equivalent to 1024 × 1024 pixels at 0.5 m spatial 
resolution, from WorldView-2 imagery near the Jago River. 
The image is displayed as a standard false-color composite, 
with manually delineated TCN reference labels overlaid in 
yellow. The inset panels show representative examples of 
water-filled, dry, and vegetated TCN expressions, illustrating 
the visual variability included in the annotation dataset. 

 
TABLE I 

SUMMARY OF MANUALLY ANNOTATED TCN 
IMAGE–MASK DATASET 

METRIC VALUE 

Total image–mask tile pairs 126 PAIRS 

Pixel resolution 0.5 M 

Total training area (pixels) 528,487,104 PX 

Total training area (km²) 132.12 KM² 

Average % of pixels labeled 
TCN 

3.51% 

Total TCN length  9,500 KM 

Median % labeled 2.45% 

Min % labeled 0.00% 

Max % labeled 14.18% 

Std. deviation (% labeled) 3.10% 
 
 

  
Figure 3 GeoAI segmentation-to-graph framework for 
regional TCN mapping and graph-theoretic characterization. 
The workflow links systematic model development, spatial 
context evaluation, image segmentation, raster mask 
refinement, vector extraction, graph construction, metric 
calculation, and regional interpretation. Annotated image-
mask tiles were used to evaluate tile size, architecture, and 
encoder configurations before selecting a deployment model 
for regional inference. The selected model was applied to 
1024 × 1024 pixel image tiles extracted from 20 × 20 km 
mosaic sub-grid cells to generate TCN raster masks. Refined 
masks were converted to polygon and centerline vector 
products, and centerlines were transformed into skeleton and 
graph representations. Graph-derived metrics, including node 
counts, edge counts, end-nodes, edge length, edge orientation, 
and connected components, were summarized to support 
regional interpretation of TCN extent and structural 
organization across Arctic near-surface landscapes. Final 
masks, vectors, graph metrics, and summary products were 
packaged as GeoPackage outputs for dissemination through 
the Arctic Data Center. 

Figure 4 Systematic ablation results for TCN segmentation 
model development. CNN configurations are summarized by 
(a) architecture, (b) ResNet encoder, and (c) input tile size. 
SegFormer configurations are summarized by (d) input tile 
size and (e) MiT encoder. F1-scores are reported for the held-
out test subset, showing the effects of model family, encoder 
configuration, and spatial context on segmentation 
performance.  
 

Figure 5 Independent cross-site pixel-level accuracy 
assessment for the selected SegFormer MiT-b3 model. 
Confusion matrices show classification results for Utqiaġvik, 
Prudhoe Bay, and Jago River using 2,000 manually interpreted 
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validation pixels per site, consisting of 1,000 pixels predicted 
as TCN and 1,000 pixels predicted as background. Rows 
indicate reference classes and columns indicate model-
predicted classes. The model maintained high precision across 
all three sites, while TCN omission errors increased from 
Utqiaġvik to Prudhoe Bay and Jago River. 
 

TABLE II 
GRAPH-THEORETIC METRICS USED TO 

CHARACTERIZE MAPPED TCN STRUCTURE 

Metric Formula Interpretatio
n 

Number of 
nodes 

|𝑉𝑉| 
 

Structural 
complexity 

Number of 
edges 

|𝐸𝐸| 
 

Segment 
Abundance 

Number of 
end-nodes 

�𝟏𝟏
𝑣𝑣∈𝑉𝑉

{deg(𝑣𝑣) = 1} 

 

Terminal 
Features 

Average 
node 

degree 

2|𝐸𝐸|
|𝑉𝑉|  

 
Node linkage 

Average 
edge length 

1
|𝐸𝐸|�ℓ

𝑒𝑒∈𝐸𝐸

(𝑒𝑒) 

 
Segment scale 

Mean edge 
orientation 

atan2�� sin 𝜃𝜃𝑒𝑒
𝑒𝑒∈𝐸𝐸

,� cos𝜃𝜃𝑒𝑒
𝑒𝑒∈𝐸𝐸

� 

 

Directional 
organization 

Number of 
component

s 

|𝒞𝒞(𝐺𝐺)| 
 Fragmentation 

Average 
component 

size 

1
|𝒞𝒞(𝐺𝐺)| � 𝑆𝑆

𝐶𝐶𝑖𝑖∈𝒞𝒞(𝐺𝐺)

(𝐶𝐶𝑖𝑖) 

 

Typical 
component 

size 

Largest 
component 

size 
max
𝐶𝐶𝑖𝑖∈𝒞𝒞(𝐺𝐺)

𝑆𝑆(𝐶𝐶𝑖𝑖) 
Dominant 
component 

size 

Total TCN 
lenngth 

�ℓ
𝑒𝑒∈𝐸𝐸

(𝑒𝑒) 

 

Mapped TCN 
extent 

 
Note: �𝐺𝐺 = (𝑉𝑉,𝐸𝐸)�, where (V) is the set of nodes and (E) is 
the set of edges. Edge length is denoted by �ℓ(𝑒𝑒)�, edge 
orientation by (𝜃𝜃𝑒𝑒), and �𝒞𝒞(𝐺𝐺)� is the set of connected 

components. Component size is defined as �𝑆𝑆(𝐶𝐶𝑖𝑖) =

∑ ℓ𝑒𝑒∈𝐸𝐸(𝐶𝐶𝑖𝑖) (𝑒𝑒)� 
 
 
 
 
 

 
Figure 6 Spatial variation in Vantor WorldView-2/3 mosaic 
quality across the northern Alaska deployment region. The 
composite quality metric summarizes the suitability of each 20 
× 20 km mosaic sub-grid cell for TCN detection based on 
image acquisition timing and spatial coverage. Higher values 
indicate more suitable imagery for detecting visible TCN 
expressions. The green line indicates the tree line, black cells 
indicate no data, and the Jago River watershed inset provides a 
site-scale example within one of the focal study landscapes. 
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Figure 7 Spatial variation in total mapped TCN length across 
the northern Alaska deployment region. Values represent the 
cumulative length of skeletonized TCN centerlines within 
each 20 × 20 km mosaic sub-grid cell. Higher values indicate 
greater mapped TCN extent. The green line indicates the tree 
line, black cells indicate no data, and the Jago River watershed 
inset provides a site-scale example of regional metric variation 
within one focal study landscape. 
 

 
 
Figure 8 Spatial variation in mean TCN graph-edge length 
across the northern Alaska deployment region. Values 
represent the average length of graph edges connecting 
adjacent nodes within each 20 × 20 km mosaic sub-grid cell. 
This metric summarizes local segment-scale geometry of the 
mapped TCN network. The green line indicates the tree line, 
black cells indicate no data, and the Jago River watershed 
inset provides a site-scale example of graph-metric variability 
within one focal study landscape. 
 

 
 
Figure 9 Spatial variation in mean TCN connected-component 
size across the northern Alaska deployment region. Values 
represent the average size of discrete connected TCN 
components within each 20 × 20 km mosaic sub-grid cell. This 
metric summarizes whether mapped TCN features occur as 
short, isolated segments or larger connected networks. The 
green line indicates the tree line, black cells indicate no data, 
and the Jago River watershed inset provides a site-scale 
example of connected-network structure within one focal 
study landscape. 
Data Availability: 
The Pan-Alaska TCN detection and graph-theoretic analysis 
products are available through the Arctic Data Center: Pan-
Alaska permafrost tundra capillary network detection and 
graph theoretic analysis from <1 meter resolution satellite 
imagery (2011–2025), doi.org/10.18739/A2XD0R08N [45]. 
The archived dataset includes georeferenced detection masks, 
vectorized TCN products, skeletonized centerline products, 
graph-theoretic metrics summarized by 20 × 20 km mosaic 
sub-grid cell, model-confidence information, and image-
exposure metadata used to support interpretation of regional 
output quality. 
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