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Executive Summary

Harbor seals (Phoca vitulina) in Glacier Bay National Park and Preserve (GBNP) have
experienced a sustained, unexplained population decline despite strong protections and limited
evidence for direct anthropogenic or natural drivers. This study evaluates whether changes in
glacial ice habitat — specifically fine-scale ice floe structure — may contribute to these trends.
Because harbor seals depend on tidewater glacier ice for critical life stages, particularly during
the pupping season, understanding how seals interact with ice floe characteristics is essential for
assessing habitat quality and population persistence.

This study quantifies the relationship between ice floe area, local ice density, and harbor seal
haul-out behavior in Johns Hopkins Inlet using high-resolution drone imagery collected in June
2023 and 2024. Machine learning approaches were used to detect seals and estimate age classes;
RGB thresholding was used to delineate ice chunks to estimate chunk areas; and ice density was
calculated using a fixed-bandwidth kernel density estimator to capture fine-scale spatial
structure. Resource selection functions and mixed-effects models were used to evaluate how
environmental variables influence seal presence, young-of-the-year (YoY) presence, and group
size.

Results show that ice floe structure is a primary determinant of haul-out behavior. The
probability of seal presence increases strongly with both ice floe area and local ice density, with
a significant interaction indicating that seals respond not only to the amount of ice available, but
to its spatial configuration. Seal presence is highest in areas where large ice floes occur within
dense ice fields, suggesting that habitat use is concentrated in “hotspots” defined by both size
and clustering of ice. YoY seals show similar but distinct patterns of habitat use, with presence
increasing with ice floe area and density, but with a negative interaction between these variables
indicating a trade-off in habitat selection. In lower-density environments, larger ice floes become
increasingly important, reflecting the need for stable platforms to support mother-pup pairs.

Group size and social structure are also shaped by ice conditions. Group size increases with ice
floe area, local ice density, and the presence of YoY individuals, and decreases with distance to
neighboring seals. The predominance of small groups, particularly pairs, reflects the importance
of mother-pup associations during the study period. Larger groups are associated with larger ice
floes, though smaller groups occupy a wide range of available ice, indicating that social
organization operates within environmental constraints rather than independently of them.

These findings demonstrate that ice floe area and local ice density are strong and consistent
predictors of harbor seal presence, YoY occurrence, and group size, with spatial configuration
playing a critical role in habitat selection. The results advance previous work by showing that
seals respond to fine-scale variation in ice morphology, rather than coarse measures of ice cover



alone, and that environmental structure outweighs demographic and social predictors in shaping
haul-out behavior.

Conditions of continued tidewater glacier retreat in GBNP mean that this study has direct
implications on the resident harbor seal population. As the park’s glaciers thin and retreat,
changes in calving dynamics alter ice floe size distributions and spatial arrangement. Reductions
in the availability of large, stable ice platforms reduce the quality of pupping habitat even if
smaller ice fragments remain abundant. Moreover, YoY seals show strong associations with
these structural characteristics, and such changes may have consequences for reproductive
success. The strength of environmental structure compared to social variables in determining
haul-out behavior suggests that behavioral flexibility may be limited in the face of habitat
change.

Overall, this study demonstrates that harbor seal haul-out behavior in Glacier Bay is strongly
structured by fine-scale ice floe characteristics. Predicting the persistence of this population
requires understanding not only how much ice remains, but what form that ice takes, as
continued glacial change reshapes critical pupping habitat and influences long-term population
dynamics.



Abstract

The sustained decline of harbor seals (Phoca vitulina) in Glacier Bay National Park (GBNP)
remains unexplained, despite strong protections and limited evidence for direct anthropogenic or
natural drivers. Accelerated tidewater glacier retreat provides a possible explanation, as harbor
seals depend on the ice floes they generate for critical life stages. Here we quantify the
relationship between fine-scale ice floe structure and harbor seal haul-out behavior using
high-resolution drone imagery collected in the Johns Hopkins Inlet during June 2023 and 2024.
Machine learning approaches were used to detect seals, delineate ice floes, and estimate age
classes. Resource selection functions and mixed effects models reveal that seal presence,
including young-of-the-year animals, is strongly associated with ice floe area and local ice
density, with a significant interaction indicating sensitivity to spatial configuration. Group size
and social structure were similarly constrained by the availability of preferred ice habitat. These
findings demonstrate that fine-scale ice morphology is a primary determinant of habitat use
during the pupping season. Ongoing glacier retreat, and associated changes in floe size
distributions and spatial arrangement, may reduce pupping habitat quality and have negative
implications for the persistence of GBNP’s harbor seal population.



I. Introduction

The harbor seals (Phoca vitulina) of Glacier Bay National Park and Preserve (GBNP) in
Southern Alaska are an iconic species in the region. Reaching between five and six feet in length
and weighing up to 285 pounds, these pinnipeds forage for fish and invertebrates along the
Alaskan coast and often rely on glacial fjords for various life events (Calambokidis et al. 1987).
The creation of ice chunks from the calving of GBNP’s hallmark tidewater glaciers — a type of
glacier whose terminus is in the sea — provide crucial habitat for the seals, particularly for
breeding, molting, and resting (Vieli 2011; Womble et al. 2021; Montgomery et al. 2007). The
haul-out behavior of harbor seals onto ice chunks is influenced by multiple environmental factors
including the availability of this icy habitat; previous work has shown that ice cover is positively
correlated with the number of seals hauled out (Calambokidis et al. 1987; Jansen et al. 2015).
Harbor seals in Glacier Bay have experienced sustained population declines even under strong
protective management and in the absence of clear evidence for nutritional limitation, disease
impacts, or vessel disturbance (Blundell et al. 2011; Mathews & Pendleton 2006; Womble et al.
2010; Womble & Gende 2013). The contrast between high levels of protection and continued
population decline suggests that environmental or habitat-related factors may play a role in
population dynamics. Understanding how seals interact with their physical habitat, particularly
within ice-based environments, may therefore be critical for explaining these trends.

Climate change and global warming have emerged as the defining challenge to global
environments in recent decades, characterized by rapid alterations to Earth's systems
(Aizebeokhai 2009; Keeling et al. 1976; Pawan 2014; Parmesan & Yohe 2003). These changes
are even more striking in high-latitude regions, given the existence of specialized ecosystems
that are acutely sensitive to environmental change (Doney et al. 2012). GBNP is one such place
where change is happening on short timescales. Located on the Icy Strait at the northern end of
Alaska’s Inside Passage, the park covers 3.3 million acres and is home to over 1,000 glaciers, 50
of which cover approximately 48% of the park’s terrestrial area (National Park Service 2017).
These glaciers are undergoing intense change, as Alaska at large experiences the most glacier
mass loss out of all polar, arctic, and alpine regions (Davies et al. 2024; Kim et al. 2022;
Hugonnet et al. 2021; Larsen et al. 2004). The huge loss has the potential to change ice chunk
availability and suitability, which would greatly impact the harbor seal population.

Harbor seals depend on the tidewater glacier ice chunks for key life stages and as a result serve
as a sentinel species for GBNP’s environmental health (Womble et al. 2021). It is crucial to
understand what constitutes preferred haul-out habitat in order to anticipate how environmental
change may affect the population. This is especially important during the pupping season,
traditionally at its peak in June during periods of more sea ice and warmer temperatures (Temte,
Bigg, & Wigg 1991; Womble et al. 2021; Hanggi and Schusterman 1984). Mother-pup pairs rely
on stable ice platforms for pupping, molting, nursing, protection from disturbance, and
thermoregulation (Kaluzienski et al. 2025). Therefore, haul-out decisions in this part of the year



likely reflect more specific habitat requirements than those associated with general resting
behavior. Studies have shown that as tidewater glaciers undergo rapid retreat, they experience
calving regime changes, producing smaller and thinner ice chunks (Kirkham et al. 2025; Bassis
& Jacobs 2013; Benn, Warren, & Mottram 2007). As GBNP’s glacial retreat alters the
availability and size distribution of preferred ice chunks, the suitability of GBNP as a pupping
habitat may decline. Such changes could ultimately influence reproductive success and long-term
population persistence, even if adults continue to occupy the region.

There is extensive literature documenting the status and abundance of various seal populations in
northern high-latitude regions as they pertain to various environmental conditions (Stirling 1975;
Small, Pendleton, & Pitcher 2006; Boveng et al. 2003; Ver Hoef 2014 et al.; Von Duyke et al.
2020; London et al. 2024; Blundell & Pendleton 2015; Simpkins et al. 2006). Yet attention is
rarely applied to specific ice floe characteristics like ice floe concentration or ice chunk area
(McNabb et al. 2016; Calambokidis et al. 1987; Jansen et al. 2015), and never at fine scales.
Given the known importance of glacial ice habitats for the harbor seals in GBNP and rapid
deterioration of Alaskan glaciers, this study helps close key knowledge gaps in our
understanding of how harbor seals may respond to fine scale variation in ice characteristics
within tidewater glacial fjords, and whether these habitat features influence behavior during
vulnerable life stages. This understanding is necessary for predicting how ongoing environmental
change may be contributing to population health and persistence.

I1. Methods

11.1 Study Area and Data Collection

The Johns Hopkins Inlet (JHI), fed by the Johns Hopkins and Lamplugh Glaciers (Figure 14) is
located in the upper west arm of GBNP. On June 22-23, 2023 and June 11-12, 2024, a series of
23 transected aerial surveys (14 in 2023; 9 in 2024) were flown over JHI (Figure 1B). It was
decided to use a small Unmanned Aerial System (sUAS) to capture high-resolution images of
GBNP’s harbor seals given its emergence as a widely adopted tool for conducting non-invasive
aerial surveys of marine mammals, allowing a better understanding of their natural behavior
(Larsen et al. 2022; Pegus et al. 2022; Stone & Davis 2024). Compared to traditional vessel- or
aircraft-based surveys, sUAS platforms allow the collection of high-resolution imagery while
minimizing disturbance to hauled-out animals and improving detection accuracy.

Survey transects had a maximum frontal overlap of 67% — every third image starts a new
unsurveyed area, forming three “lines” of images. The survey was conducted using a
WingtraOne GEN II aircraft and SONY a6100 20mm camera at an expected altitude of 75
meters. At this altitude with a sensor width of 23.5mm, image width of 6000 pixels, and focal
length of 200mm, the expected Ground Sample Distance (GSD) — distance between pixel centers
measured on the ground — is 1.47 centimeters per pixel. It is important to understand the GSD of
the images in order to correctly calculate the resolution and size of objects in the image (Zhang



& Moore 2015). Since flight metadata includes the altitude of each image taken by the aircraft,
the GSD for each image can be uniquely calculated.
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Figure 14 (left). Johns Hopkins Inlet within Glacier Bay National Park.
Figure 1B (right). Flight plans within JHI showing image transects.

1.2 Transect Assignment

Transect and line assignments were made by combining trajectory segmentation based on
movement metrics and line-transect survey frameworks (Damiani et al. 2018; Edelhoff et al.
2016; Buckland et al. 1993) (Figure 2). Flight image geotags were converted from
latitude-longitude to local Cartesian coordinates using an equirectangular projection. The
dominant flight direction was estimated from sequential displacement vectors between images.
Coordinates were then rotated into a flight-aligned reference frame, and transects were identified
using threshold-based segmentation of cross-track displacement greater than 15 meters. Small
segments associated with aircraft turning behavior were merged with the nearest primary
transect.
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Figure 2. Example transect assignment plot for images with seals.



Line assignments were determined using the known 67% forward image overlap. Images were
sequentially grouped into repeating sets of three (lines 1-3), where each third image
corresponded to a new, non-overlapping ground footprint. This grouping structure was used to
account for spatial autocorrelation and potential animal movement in subsequent statistical
analyses by creating a unique transect variable that consists of the transect number, line number,
and date.

11.3 Variable Creation

The drone imagery was processed according to Larsen et al. 2026 (In Prep) for ice chunk and
seal detections. The outputs of this analysis include an ice chunk dataset derived from RGB
thresholding analysis with the pixel area and pixel coordinates of all ice chunks in every image
without a seal; and a seal dataset with ice pixel area of the ice chunk they are hauled out on with
detection bounding box dimensions from a YOLOvV8 detection model in pixel coordinates.

Ice density was estimated using a fixed-bandwidth Epanechnikov kernel density estimator from
(Moraes, Fantinato, & Neves 2021) applied in metric space. Bandwidth was selected based on
the mean nearest-neighbor spacing of observations (1.61 m), rounded to 2 m to reflect the
characteristic spatial scale of ice feature clustering. Bandwidth estimates based on Silverman’s
and Scott’s rules (Silverman 1986; Scott 1992) were larger than the observed mean pairwise
spacing (2.6 - 3.2 m), so a smaller bandwidth was chosen to capture local structure while
avoiding oversmoothing of fine-scale spatial patterns (Baddeley, Rubak, & Turner 2015; Wand &
Jones 1995). KDE is justified for this purpose as a widely used tool in ecology to estimate habitat
use, home ranges, and spatial densities (Kenchington et al. 2014; Worton 1989; Seaman &
Powell 1996).

In order to eliminate ice detections that represented unreasonable habitat and eliminate model
error, extreme outlying seal-use ice areas were trimmed using 1% and 99% levels, and then
filtered to the actual use ranges of seals from the entire study period in order to achieve a true
use/unused distribution. Then, ice chunks were sampled using a simple random sample method
with a ratio of 1 seal to 10 chunks (Boyce & McDonald 1999; Street et al. 2021) with a weighted
distribution based on the proportion of seals detected in each transect. This was done in order to
sample at a similar spatial interval to actual use (Street et al. 2021). Before modeling, ice area
and density were log transformed to normalize their right-skewed distributions, and all numerical
variables were standardized using the base R 4.5.0 scale function.

Seal detections were processed using the Segment Anything Model (SAM) to isolate seal bodies
from the imagery (Kirillov et al. 2023; Wilk 2023). Detection bounding boxes were used to focus
the SAM and passed through the SAM predictor, generating a binary mask for each seal. The
area of the mask in pixels was used to calculate the surface area (size) of the seal in meters
squared by multiplying the mask pixel area by image GSD squared.



Seal group-size was calculated by extracting center coordinates from seal detection bounding
boxes and using within-image ice chunk area as a unique ID. Seals were clustered based on their
corresponding ice chunk, then counted to find group size. Seals with a zero ice chunk area were
filtered out in order to eliminate non-hauled out behaviors. A binary seal presence variable was
created by assigning “TRUE” to all rows in the seal detections dataset and “FALSE” to all rows
in the ice only dataset. Where seal presence is true, the mean nearest-neighbor distance to other
seals not on the same ice chunk was calculated using k-dimensional trees (k=5).

Outlying seal sizes were dealt with by trimming the data at the 5% and 95% levels (Ramsey and
Ramsey 2007). An age class variable was estimated using this trimmed seal size distribution.
Using a Bayesian Information Criterion (BIC), the overall seal size distribution was separated
into two separate age classes: Young of the Year (YoY) and adults. The accuracy of the SAM
model size calculations was validated by conducting a Principal Component Analysis (PCA)
longest-axis analysis of the SAM binary mask in order to determine the anticipated real world
length of the seals. Seal length is a known estimate of age and age classes were assigned to PCA
lengths based on previous research (Sease 1992; Rapado-Tamarit et al. 2025). PCA age classes
were then compared to SAM age classes to ensure acceptable accuracy and error (Figure 3).
SAM age classes were the preferred method of age class assignment due to PCA length analysis
being less able to account for seals which were not in a straight line.
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YOLO detection — SAM segmentation —> SAMmask —— PCA longest-axis

Figure 3. Example SAM segmentation to PCA longest axis process. This was repeated for every seal
detection. From the seal area and seal length measurements, age classes were created and validated
against each other.

11.4 Statistical Modeling

To capture the full complexity of harbor seal haul-out behavior, two Resource Selection
Functions (RSF) were designed to analyze the impact of environmental context on seal presence
by age, while a Generalized Linear Mixed Model (glmmTMB) evaluated social structure (7able
1) (Bolker et al. 2009). The RSFs were used to evaluate drivers of habitat choice, and calculated
using a presence-absence (used-unused) structure (Boyce et al. 2002; Fieberg et al. 2020).
Presence labels were assigned where seal detections were true. Absence data was selected from a
sample of all 64 million ice chunks where seal presence was false. The glmmTMB model
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weighed group size against various environmental and social variables. The actual RSFs were
calculated using a binomial GLMM (Gurarie & Palm 2018; Wethington, Sen, & Lynch 2024).

Table 1. Model equations for both resource selection functions and the social linear model.

Seal Presence ~ Scaled Log Ice Area * Scaled Log Ice Density + Date +

RSF Seal P
CALTTESENCE 1| Transect-Line-Date)

YoY presence ~ Scaled Log Ice Area * Scaled Log Ice Density + Date +

RSF YoY P
SF YoY Presence (1 | Transect-Line-Date)

Group Size ~ Scaled Log Ice Area * Scaled Log Ice Density + YoY Presence + Scaled Mean

LM Social Structur . . . .. .
OCtal SHUEHIE ™ i stance to Neighboring Individuals + Date + (1 | Transect-Line-Date)

In order to have robust and significant interpretations of the RSF models, Receiver Operating
Characteristic (ROC) curves were calculated in order to analyze area under the curve metrics as a
proxy for model predictive power (Boyce et al. 2002). This measure of model power is more
appropriate than other standard metrics like kappa values or coefficient matrices because it is
better able to account for the imbalance in the number of use/unused data. Linear models were
checked for multicollinearity and residuals and validated with R* values.

11.5 Analytical software

Transect assignment, geospatial preprocessing, seal detection, and morphometric extraction were
conducted in Python 3.14.4 using standard scientific libraries (Supplementary Materials: 7able
S1). Data handling and numerical operations were performed using pandas (McKinney 2010)
and numpy (Harris et al. 2020). Image processing and segmentation used OpenCV (Bradski
2000), with deep learning-based seal detection conducted via the Segment Anything Model using
PyTorch (Paszke et al. 2019). File management and workflow automation were handled with
pathlib and os, with image identifier parsing using re (Van Rossum 2020). Spatial structure and
ice density estimation were computed using scipy.spatial.cKDTree (Virtanen et al. 2020) for
nearest neighbor analysis and scikit-learn (Pedregosa et al. 2011) for kernel density estimation.

Statistical analyses were conducted in R 4.5.0. (Supplementary Materials: Table S2.). Resource
selection, pup presence, and group size models were fitted using generalized linear mixed-effects
models in glmmTMB (Brooks et al. 2017; McGillycuddy et al. 2025). Model outputs were
evaluated using pROC (Robin et al. 2011) for ROC curves and AUC. Estimation of bandwidth
using nearest-neighbor distances and clustering metrics were calculated using RANN (Jefferis et
al. 2024) and spatstat (Baddeley, Rubak, & Turner 2015). Data processing was performed with
dplyr (Wickham et al. 2026) and visualizations created with ggplot2 (Wickham 2016).
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II1. Results

1I1.1 SAM Validation and Population Metrics

Environmental and population statistics on the outlier-filtered data used in the models align with
expected trends. Overall mean ice area was 2.71 m” Ice chunks used by seals had a mean area of
8.91 m?, compared to non-use chunks with an area of 2.14 m? (Table 2). Mean ice chunk density
was also higher in use areas. Group size had a range of 1-11, though it was dominated by
two-seal pairs, skewing average group-size results. Mean distance to neighboring seals not on the
same ice chunk averaged 12.70 m for the overall population, decreasing in distance as the age
class got younger (7able 3).

Table 2. Ice characteristics by seal use

All Use Non Use
Ice Area (m?) 2.71 8.91 2.14
Ice Density 0.00554 0.0603 0.000546

The average seal size and seal lengths were fairly similar across transects and image lines for all
dates, with a range of 1.241 - 1.304 m and 0.602 - 0.638 m? respectively. The number of seals
counted within each line and transect was higher in the central transects (#3 - #9) than in outer
transects, suggesting some spatial preferences within the inlet. Variation between lines and
transects was greater when also accounting for date (Supplementary Materials: 7Table S3).

Seal morphometrics derived from SAM outputs matched expected real-world values, validating
age class delineations (7Table 3). Average YoY sizes were 0.37 m? with a length of 0.93 m, while
adults were 0.73 m” and 1.42 m long. The accuracy of the SAM segmentation age classes by BIC
delineation was 76.99% for YoY and 89.66% for adults, for an overall age class accuracy of
85.86% (Figure 4).
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Figure 4. Calibration of SAM segmentation age classes against PCA age classes
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Table 3. Seal characteristics by age classes from BIC test

Population Adult Young of the Year
Expected Seal Length (m) — 14 -19 0.7-1.1
Average PAC Seal Length (m) 1.28 1.42 0.93
Average SAM Seal Area (m?) 0.62 0.73 0.37
Mean Group Size 2.16 2.10 2.24
Mean Dist. to Neighbor (m) 12.70 12.93 12.18

111.2 Seal Resource Selection

Mixed-effects logistic regression shows that seal presence was strongly influenced by ice floe
characteristics (Figure 54). The probability of seal presence increased with standardized ice area
(B=1.28+0.02 SE, p <0.001) and standardized ice density (B = 8.66 + 0.09 SE, p <0.001),
with a significant positive interaction indicating that the effect of ice chunk area becomes more
positive as local ice density increases (f = 3.17 = 0.09 SE, p <0.001). Effects of survey dates
were significant or marginally significant, and variation among transects was moderate (random
intercept variance = 2.12, SD = 1.46). The model discriminated seal presence well, with an area
under the ROC curve of 0.99, indicating high predictive reliability.

111.3 Young of the Year Resource Selection

YoY presence was also strongly influenced by ice floe characteristics, with variables showing
similar effects on presence (Figure 5B). The probability of seal presence increased with
standardized ice area (f = 0.91 = 0.01 SE, p <0.001) and standardized ice density (p = 0.78 +
0.01 SE, p<0.001). A significant negative interaction indicates that the positive effect of ice
chunk area decreases as local ice density increases (f =-0.14 + 0.004 SE, p <0.001). Effects of
survey dates were small and mixed, with one non-significant term; variation among transects was
low (random intercept variance = 0.04, SD = 0.21). The model discriminated YoY presence well,
with an area under the ROC curve of 0.96.
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Figures 54 - 5B. Model coefficients by direction and significance on a log scale for visualization. 54
corresponds to overall seal resource selection; 5B with YoY resource selection. Green points represent
significant coefficients, red points are not significant.

111.4 Group Size Linear model

Group size was strongly associated with environmental and social variables (Figure 64). An
increase in standardized ice area was associated with an increase in group size (f = 0.74 = 0.008
SE, p <0.001), while ice density showed a weak positive effect (f = 0.02 £ 0.005 SE, p <0.001),
and group size was larger in the presence of a YoY (f =0.07 £0.01 SE, p <0.001). A negative
relationship was found with standardized mean distance to nearest neighbors (f =-0.03 = 0.001
SE, p <0.001). A significant negative interaction indicates that the positive effect of ice chunk
area decreases as local ice density increases (B =-0.09 £ 0.002 SE, p <0.001). The 23 June 2023
and 11 June 2024 survey dates differed significantly from the base date, while 12 June 2024 did
not. Model residuals were normal and no multicollinearity or extreme dispersion was detected.
The marginal R? indicates 41.8% of the variance in group size is explained by the fixed effects.

Further examination of the relationship between used ice chunk area and group size returns a
positive trend, with larger groups occupying progressively larger ice chunks. This pattern is
evident in both the full distribution of observations (Figure 6B.) and the minimum ice chunk area
required to support each group size (Figure 6C.). While the pattern is apparent in Figure 6B, the
distribution also includes numerous instances of small groups occupying disproportionately large
ice chunks, with only a single clear lower-bound outlier representing tightly packed seals. The
increasing group size to ice area relationship begins to plateau and exhibit greater variability at
group sizes greater than eight, likely driven by limited sample sizes (e.g. group size =2, n =
14,758; group size = 10, n = 47) (Supplemental Materials: 7able S4.).
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Figure 64. Group size model
coefficients by direction and
significance on a log scale for
visualization. Green and blue points
represent significant coefficients, red
points are not significant.

Figure 6B. Area of used ice chunks
by group size. See supplemental
materials table 2 for more
information.

Figure 6C. Area of the smallest ice
chunk hosting each group size of
hauled out seals.

This study demonstrates that harbor seal haul-out behavior in Johns Hopkins Inlet (JHI) is
strongly structured by fine-scale ice configuration, with ice chunk area and local ice chunk
density exerting strong effects on habitat use and social structure. Across models, environmental
structure consistently outweighed demographic variables in explaining seal distribution and
aggregation. These findings suggest that physical habitat constraints play a primary role in
shaping haul-out decisions during the pupping season in GBNP.
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1V.2 Ice Structure as the Primary Driver of Haul-Out Behavior

Both RSF models indicate that ice structure overwhelmingly governs haul-out behavior. Ice area
and ice density exhibited strong positive effects on overall seal presence, with ice density
emerging as a strong predictor. YoY presence was also positively associated with ice area and
density, with a relatively stronger effect of ice area. This reinforces the importance of stable and
sufficiently large platforms for nursing, thermoregulation and pup safety (Kaluzienski et al.
2025).

Overall seal presence was positively linked with the interaction variable between ice area and
density, indicating that seals respond not only to the quantity of ice but to its spatial
configuration. Seal presence is most likely in spatial “hotspots” where both high ice density and
large floe availability co-occur. Regions of concentrated ice amplify the attractiveness of
high-quality floes within them, facilitating both protected haul-out locations and opportunities
for aggregation. By contrast, the YoY model shows a negative interaction, consistent with a use
of ice conditions that prioritizes constraints and trade-offs, such that the marginal benefit of
larger floes increases as ice density decreases. Given that the pups haul-out alongside their
mothers, it follows that the dominant factor in their habitat preference is ice floe sizes that can
support the pair, though high density areas were still preferentially selected.

This study identifies strong positive effects of local ice density at fine spatial scales, providing
further nuance to studies such as Jansen et al. (2015), which demonstrated that at broader scales
seals prefer intermediate overall ice cover (~60%), with significantly lower use of both sparse
and very dense ice conditions. Together, these findings show that seals do not respond linearly to
ice density, but instead select habitats that balance sufficient ice availability with accessibility.
Intermediate ice likely provides enough floes to facilitate aggregation and predator avoidance,
while avoiding the physical constraints associated with dense ice, such as reduced
maneuverability, limited breathing access and increased disturbance from calving activity near
glacier fronts.

Prior research is consistent with these findings, demonstrating that harbor seal haul-out
probability is shaped by environmental conditions and spatial configuration (London et al. 2012;
London et al. 2024; Small, Pendleton, & Pitcher 2006; Boveng et al. 2003; Von Duyke et al.
2020; Blundell & Pendleton 2015; Simpkins et al. 2006). Structural properties of sea ice act as
the primary determinants of habitat suitability, while social and demographic factors operate
within the environmental constraints. By establishing this relationship, existing literature is
advanced by isolating ice characteristics and demonstrating that floe morphology plays a
dominant role in haul-out selection.
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1V.3 Social Organization Within Environmental Constraints

While habitat structure determined where seals hauled out, patterns of aggregation reveal how
seals organized themselves within that available space. Group size increased with larger ice
chunks, higher ice density, the presence of YoY, and tighter clustering of seals on neighboring ice
chunks. The predominance of pairs — likely mother-pup pairs given the timing of the survey
during peak pupping season — indicates that maternal associations were the fundamental social
unit during the study period. Beyond these maternal pairs, aggregation patterns suggest that
proximity to conspecifics also plays a meaningful role in haul-out behavior. That larger groups
were more likely to occur on bigger ice floes located near other hauled out seals is consistent
with the idea that seals may benefit from congregating. Social interactions are considered
important indicators of harbor seal population health and are critical for the behavioral
development of recently weaned pups (Wilson 2024). Clustering may therefore provide
opportunities for social learning and protection during vulnerable life stages.

But while YoY presence and distance to nearest neighbors significantly influenced population
group sizes, their effect sizes were smaller than that of the environmental variables, suggesting
that demographic patterns are mediated by habitat availability rather than driving habitat
selection independently. Mothers with their pups can only select from the suitable ice available
to them, therefore suitable ice morphology likely constrains pupping distribution.

Importantly, the positive association between group size and ice chunk area does not mean that
larger ice chunks are exclusively used by larger groups. Instead, social dynamics appear to
operate within the limits of ice availability: preferences can only influence how individuals
distribute themselves across suitable habitats. This is supported by the significant ice area
variable, where the availability of suitably large ice areas determines group sizes. Ice chunk area
generally increases with group size but seals from small group sizes (<5) were observed on the
full range of available ice. Seals may be capable of utilizing smaller ice chunks but changes in
ice regimes that reduce the frequency of large ice floes may disproportionately impact larger
group formations and increase competition for preferred habitat. Such shifts could influence
maternal-pup associations, social clustering and overall population resilience (McNabb et al.
2016; Boveng et al. 2003; Ver Hoef et al. 2014; Kaluzienski et al. 2025).

1V.4 Implications Under Glacier Retreat

The dominance of ice area and density in predicting both seal presence and aggregation has
direct implications under continued glacier retreat in GBNP. Tidewater glaciers are rapidly
thinning and retreating across Alaska (Hugonnet et al. 2021; Davies et al. 2024). Changes in
calving dynamics are likely to alter not only the total amount of floating ice but also its size
distribution and spatial arrangement. Because this study demonstrates that harbor seals respond
strongly to floe morphology and configuration, shifts in iceberg production may have
disproportionate ecological consequences.
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If glacier retreat leads to reductions in the frequency of large, stable ice chunks, the availability
of preferred pupping platforms may decline even if smaller fragments remain abundant. The
interactions between ice area and ice density show a scale-dependent structure in habitat
selection, where overall seal presence reflects a hotspot dynamic in which high-density ice fields
amplify the attractiveness of large floes. In contrast, finer-scale behavioral groups such as YoY
and group size do not exhibit this reinforcement pattern, instead showing trade-offs consistent
with movement constraints and spatial competition. As ice density and cover decline with
warming temperatures and smaller glacier extents, a transition toward lower overall ice
availability and smaller chunks could increase competition for suitable haul-out ice size.
Alternatively, if glacier retreat temporarily increases fragmentation and elevates local ice density
while reducing floe size, seals may experience greater dispersion across smaller platforms,
potentially limiting opportunities for aggregation and altering maternal spacing patterns. Either
way, changes in ice floe morphology will mediate haul-out habitat suitability.

The strong association between YoY presence and ice characteristics highlights the potential
reproductive consequences of glacial change. If glacier retreat reduces the predictability or
persistence of suitable ice floes, mothers may be forced to use suboptimal habitat such as
terrestrial haul outs or ice further away from prey sources, potentially increasing pup
vulnerability and energetic costs (Calambokidis et al. 1987; Mathews & Pendleton 2006;
Blundell et al. 2011). Because environmental structure in this study outweighed demographic
and social predictors, alterations to ice configuration may constrain behavioral flexibility. Social
organizations can shift within available habitat, but cannot compensate for the loss of structurally
suitable ice. The findings of this study suggest that glacier retreat could influence harbor seal
population dynamics indirectly through habitat restructuring. Even in the absence of increased
disturbance, disease, or prey limitation, modifications to ice floe size and density distributions
may reduce the functional quality of pupping habitat. As previous research has shown continued
population declines in the GBNP harbor seals (Mathews & Pendleton 2006; Womble et al. 2010),
understanding how glacier-driven habitat change interacts with reproductive ecology is essential.

V.5 Caveats and Considerations

Despite strong model performance, several limitations should be acknowledged. First, seal
detection was imperfect: not all bounding boxes necessarily represented true seals. Although
validating YOLO detections and SAM-segmentation reduced classification error, both false
positives and false negatives remain possible. Second, age classes were inferred indirectly from
morphometric estimates rather than validated through direct field-based age determination,
introducing potential misclassification. Third, RSFs rely on accurate representation of available
habitat; unintentional bias in defining or sampling “unused” ice chunks could influence
parameter estimates. Finally, the temporal scope of the study was limited to two two-day June
field surveys, restricting inference about broader seasonal patterns or extended interannual
variability.
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Future work integrating multi-year glaciological metrics, direct measures of reproductive
success, and longitudinal population monitoring would help clarify how fine-scale ice structure
translates into demographic outcomes. Efforts should move beyond coarse measures of ice cover
and incorporate fine-scale metrics of floe area, stability, and spatial configuration. Integrating
glaciological change or ice thickness measurements with habitat selection models may improve
forecasts of haul-out suitability under different retreat scenarios. By identifying the structural
characteristics that most strongly influence haul-out behavior, this study provides a framework
for predicting how continued change may shape the persistence of harbor seals in Glacier Bay.

V. Conclusion

This study demonstrates that fine-scale ice structure is a dominant predictor of harbor seal
haul-out behavior during the pupping season in Johns Hopkins Inlet, Glacier Bay National Park.
By integrating high-resolution UAS imagery, automated detection and segmentation, and
mixed-effects modeling, this project isolated the specific characteristics of tidewater glacier ice
floes that shape habitat use. Ice chunk area and local ice density consistently emerged as strong
predictors of seal presence, young-of-the-year occurrence, and group size, with a significant
interaction showing that seals respond not simply to the amount of ice available, but to its spatial
configuration.

In the context of ongoing glacier retreat across Alaska, these results carry important ecological
implications. Large, stable ice floes were disproportionately selected by seals. Young-of-the-year
presence followed similar structural patterns, underscoring the importance of floe morphology
during a vulnerable life-history stage. Although social organization influenced aggregation
patterns, especially through the dominance of mother-pup pairs, these behaviors operated within
environmental constraints. Changes in calving dynamics as a result of glacial retreat that alter
floe size distributions or local ice density may modify pupping habitat quality even if ice remains
present. Because environmental structure outweighed demographic and social predictors in all
models, reductions in suitable floe morphology may constrain behavioral flexibility and
potentially affect reproductive success.

Ultimately, predicting the persistence of harbor seals in Glacier Bay requires understanding not
only how much ice remains, but what form that ice takes. By identifying the structural features of
tidewater glacier ice floes that most strongly influence haul-out behavior, this study provides a
foundation for anticipating how continued glacial change may reshape critical pupping habitat
and influence long-term population viability, and may serve as a foundational study for other
population monitoring and research efforts.
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SUPPLEMENTAL MATERIALS

Table S1. Python packages used in data processing

Package

Primary Use

pandas (McKinney 2010)

Data frame creation and manipulation; reading/writing
CSV files; merging transect and detection datasets;
grouping, filtering, and aggregation of geospatial and
detection data

numpy (Harris et al. 2020)

Numerical computation; array operations; coordinate
transformations; trigonometric functions for flight
rotation; distance and spatial calculations; statistical
operations

re (regex) (Van Rossum 2020)

Extraction of image identifiers (e.g., 5-digit image
numbers) from filenames for linking geotagged flight data
to detections

argparse Command-line argument parsing for modular execution of
transect assignment pipeline (full flight and partial
detection inputs)

pathlib Cross-platform file path handling; directory traversal;

input/output file management and standardized file
naming

matplotlib (Hunter 2007)

Visualization of transect assignments and spatial
distributions; generation of diagnostic plots and output
figures

torch (Paszke et al. 2019)

Deep learning inference backend for Segment Anything
Model (SAM) used in seal segmentation

opencv-python (cv2) (Bradski 2000)

Image processing for seal detection pipelines;
contour/shape extraction for morphological
measurements; preprocessing of imagery for analysis

segment-anything (SAM) (Kirillov et al. 2023)

Automated seal segmentation using prompt-based vision
model; generation of binary masks from bounding box
inputs

[N

File system operations and directory management in
image processing and model inference pipelines

tqdm (da Costa-Luis 2019)

Progress tracking for large-scale batch processing of
images and detections

scipy (scipy.spatial.cKDTree) (Virtanen et al.
2020)

Efficient nearest-neighbor calculations for spatial
structure and seal proximity analysis

scikit-learn (sklearn.neighbors.KernelDensity)
(Pedregosa et al. 2011)

Kernel density estimation for spatial ice density surface
modeling in metric space




Table S2. R packages used in data processing

Package

Primary Use

dplyr (Wickham et al. 2026)

Data wrangling including filtering, grouping, joins, mutation of
variables, and summary statistics across seal and ice datasets

ggplot2 (Wickham 2016)

Data visualization including density plots, boxplots, histograms,
coefficient plots from model outputs, and calibration plots

glmmTMB (Brooks et al. 2017,
McGillycuddy et al. 2025)

Fitting generalized linear mixed-effects models for resource selection
(seal presence), pup presence, and group size analyses with
transect-level random effects

broom.mixed (Bolker & Robinson
2026)

Tidying mixed-effects model outputs into structured data frames for
coefficient extraction, plotting, and statistical summaries

performance (Liidecke et al. 2021)

Calculating marginal and conditional R? values, and checking
collinearity and dispersion assumptions for the group size mixed
model.

PROC (Robin et al. 2011)

Receiver operating characteristic (ROC) curve analysis and calculation
of area under the curve (AUC) for model performance evaluation

RANN (Jefferis et al. 2024)

Fast nearest-neighbor distance calculations used to quantify spatial
clustering and mean nearest-neighbor distances among seals and ice
features

stringr (Wickham 2025) String manipulation for cleaning and extracting identifiers (e.g.,
parsing image names and flight IDs)
here (Miiller 2025) Project-relative file path management to ensure reproducible

input/output file referencing across operating systems

data.table (Barrett et al. 2026)

Efficient row-wise and column-wise computations, particularly for
nearest-neighbor distance aggregation and large dataset handling
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Table S3. Filtered seal size (m’) and seal length (m) for the three image lines across all transects for all
survey dates. Lines are derived from the 67% overlap of images. The number of seals in the transect/line
combination across all dates is listed below the size statistic.

Image line 1 Image line 2 Image line 3
Area (m?) Length (m) Area (m?) Length (m) Area (m?) Length (m)
Transect (# seals) (# seals) (# seals) (# seals) (# seals) (# seals)
0.634 1.293 0.621 1.276 0.633 1.286
1 (564) (564) (500) (500) (585) (585)
0.628 1.293 0.632 1.278 0.638 1.284
2 (897) (897) (931) (931) (868) (868)
0.628 1.292 0.628 1.292 0.614 1.273
3 (807) (807) (889) (889) (832) (832)
0.636 1.291 0.617 1.284 0.620 1.260
4 (764) (764) (804) (804) (812) (812)
0.620 1.285 0.613 1.277 0.624 1.286
5 (947) (947) (897) (897) (908) (908)
0.622 1.269 0.631 1.284 0.630 1.279
6 (1022) (1022) (1078) (1078) (990) (990)
0.633 1.284 0.633 1.300 0.634 1.296
7 (952) (952) (991) (991) (1001) (1001)
0.610 1.269 0.612 1.272 0.607 1.266
8 (993) (993) (1032) (1032) (1088) (1088)
0.625 1.273 0.611 1.262 0.626 1.274
9 (823) (823) (806) (806) (813) (813)
0.637 1.292 0.638 1.302 0.637 1.295
10 (710) (710) (688) (688) (642) (642)
0.618 1.291 0.633 1.304 0.631 1.301
11 (546) (546) (546) (546) (530) (530)
0.628 1.275 0.630 1.274 0.619 1.269
12 (406) (406) (394) (394) 437) (437
0.623 1.241 0.602 1.245 0.626 1.248

13 (296) (296) (306) (306) (350) (350)
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Table S4. Ice area by group size

Group Size Minimum ice area  Maximum ice area  Mean ice area (m?) Observations
(m’) (m’)
1 0.68 58.45 5.25 8188
2 0.71 59.11 7.84 14758
3 1.94 59.52 12.83 3348
4 1.80 52.53 15.91 1760
5 4.96 56.01 19.96 591
6 10.01 50.91 23.74 328
7 12.37 56.30 26.80 212
8 10.36 4431 29.19 126
9 15.57 57.10 36.90 54
10 15.07 34.55 22.54 47
11 23.62 28.24 26.38 33
SAM segmentation PCA longest-axis Validate age classes
® seal area e seal length e calibration curve
® age classes from — . age classes from
BIC test research
il detef:tions Filtar outl'iers * Model relationships Validate Models
® seal bounding boxes create variables
« sl Groumizs e overall seal RSF e ROC cur\./eé +
R.GB Thresholiing : hearest rjneighbors : ;?Zuif:ize linear model : Q;Sa?;jslsnc
® ice chunk areas * ice density

Flight metadata
e transect assignments

® image line assignments

Figure S1. Methods flowchart for analyzing relationship of hauled out seals to ice environments.



	Overall, this study demonstrates that harbor seal haul-out behavior in Glacier Bay is strongly structured by fine-scale ice floe characteristics. Predicting the persistence of this population requires understanding not only how much ice remains, but what form that ice takes, as continued glacial change reshapes critical pupping habitat and influences long-term population dynamics. 
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