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Abstract

The rapid cryospheric transformation of the Arctic presents complex challenges for global
supply chains, necessitating data-driven decision-making frameworks to optimize route
planning and resource allocation. Standard aggregate statistics fail to capture the structural
nuances required for operational research models in this evolving landscape. This study
analyzes the spatiotemporal dynamics of Arctic navigation intensity to determine the
extent of the operational window expansion and the spatial displacement of shipping
routes. We deployed the Arctic Traffic Intensity Framework (ATIF) to generate a high-
resolution spatiotemporal dataset spanning 2012–2024. To address variance instability and
inform strategic forecasting, a log-linear regression model was applied to calculate the
Annual Percentage Change, allowing for a dual analysis of absolute linear trends (volume)
versus relative growth (proportional intensity) across heterogeneous baselines. A bilateral
expansion of the high-intensity window to nearly five months (June–October) was observed,
driven by earlier spring break-up and delayed autumn freeze-up. Spatially, the geometric
navigational centroid has shifted southwestward, highlighting a concentration of activity in
the Barents and Kara Seas rather than a uniform Transpolar dispersion. It can be concluded
that the Arctic shipping system has transitioned from a seasonally restricted frontier to
a standardized resource extraction corridor. However, the traffic is heavily clustered in
the western sector, creating high-density logistic bottlenecks rather than a homogenized
international transit route.

Keywords: arctic shipping; log-linear regression; annual percentage change (APC);
navigational phenology; sea ice extent

1. Introduction
Over the past two decades, the Arctic has undergone one of the most rapid and struc-

turally significant environmental transformations on the planet. Accelerated warming has
led to a persistent decline in sea ice extent, thickness, and seasonal duration, fundamentally
altering the accessibility of high-latitude maritime corridors [1]. These changes shape not
only regional navigation patterns but also the operational logic of global logistics systems,
maritime routing strategies, and infrastructure planning. As the Arctic transitions from a
largely inaccessible frontier into a seasonally navigable transport domain, its role within
the architecture of global supply chains is being progressively redefined.

The reduction in sea ice has been consistently identified as the primary physical driver
enabling Arctic navigation. The early literature heavily used global climate models (GCMs)
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and theoretical frameworks, such as the Arctic Transport Accessibility Model (ATAM),
to quantify the large-scale opening of polar routes [2,3]. These projections highlighted the
sensitivity of emergent corridors to climate variability and the feedback loops between
shipping emissions and polar warming [4–6]. Today, empirical and modeling studies
consistently demonstrate that the decline in ice concentration directly affects vessel routing,
speed, safety margins, and insurance costs, particularly along the Northern Sea Route
and adjacent corridors [7,8]. However, despite these projections of an extended navigable
season, Arctic navigation remains characterized by strong seasonal variability, high opera-
tional risk, and significant uncertainty regarding infrastructure, regulatory frameworks,
and long-term economic viability.

A substantial body of literature has examined the economic feasibility and strategic
relevance of Arctic maritime routes. Comparative analyses between Arctic corridors and
traditional routes such as the Suez Canal highlight potential reductions in travel distance
and fuel consumption, while also emphasizing the operational risks associated with ice
variability, limited search-and-rescue capacity, and high capital costs for ice-class vessels [9].
Although these studies provide valuable insights into potential future scenarios, many rely
on scenario-based modeling, cost–benefit analysis, and simulation frameworks grounded
in strong assumptions about traffic growth and climatic stability. Recent work has also
examined navigational risk and economic feasibility in Arctic corridors using data-driven
and scenario-based approaches [1,3,10–13].

From an operations research perspective, Arctic shipping can be understood as a
complex transport system operating under strong environmental and strategic constraints.
The interaction between cryospheric change, industrial development, infrastructure con-
centration, and commercial incentives generates a multi-layered decision environment in
which routing patterns emerge endogenously. Previous work in supply chain equilibrium
modeling, network optimization, and transport systems analysis has shown that large-scale
logistics networks often exhibit non-linear dynamics, path dependence, and spatial clus-
tering. Recent contributions have highlighted the importance of integrating optimization,
sustainability considerations, and network structure into the analysis of large-scale logistics
systems [14]. These studies reinforce the need for data-driven approaches capable of cap-
turing structural changes in evolving transport networks and informing decision-support
models under uncertainty.

As the field transitions toward empirical validation to calibrate these optimization models,
Automatic Identification System (AIS) data have become the primary source for observing
actual vessel behavior. Beyond simple observation, the utility of AIS has evolved into a multi-
scalar data infrastructure, facilitating a continuum of analysis from micro-level navigational
safety to macro-level global traffic patterns [15–17]. At the micro-scale, the system’s high-
frequency kinematic updates allow for individual ship behavior modeling, focusing on safety
indicators such as the Distance to the Closest Point of Approach (DCPA) and the construction
of dynamic ship domains to assess collision risks [15,17]. Conversely, the aggregation of these
discrete records enables a “bottom-up” macro-scale approach, where individual trajectories are
synthesized into complex global cargo networks, trade flow estimations, and regional traffic
density maps [16,18]. This multi-stage workflow—transitioning from raw data mining to
knowledge extraction—is particularly vital for longitudinal studies in emerging corridors like
the Arctic, where macro-patterns of navigation intensity are used to prioritize hydrographic
surveys and evaluate environmental impacts [16–18].

Specifically focusing on macro-scale analytical frameworks, the recent literature lever-
ages the abundance of individual ship data to address systemic maritime challenges
through a “bottom-up” approach [16,19]. This perspective prioritizes the extraction
of global shipping networks, trade flow estimations, and regional traffic intensity pat-
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terns [20–22]. Technical implementations within this macro-scope frequently employ
grid-based systems to partition marine space into structured units [23,24]. Notably, cell
resolutions of approximately 1 km × 1 km (e.g., 30”) have been validated as an effective
scale for establishing coastal transportation networks and identifying navigation intensity
hotspots [23,25,26]. A significant methodological advancement in this domain involves the
transformation of visual density footprints or raw trajectories into structured numerical
matrices and high-dimensional tensors [24,27,28]. By converting unstructured AIS data
into a matrix-based numerical infrastructure, these frameworks effectively circumvent
the computational bottlenecks of processing billions of records, enabling multi-time-scale
temporal feature fusion and longitudinal assessments of network resilience [19,22,27]. Such
quantitative foundations are essential for supporting evidence-based maritime policy and
infrastructure planning, as macroscopic spatial patterns reveal the underlying topology of
maritime activity [25,29].

The practical implementation of such grid-based and matrix-driven frameworks is
essential for bridging the gap between theoretical maritime modeling and the actual spa-
tiotemporal dynamics of emerging corridors. Within the Arctic context, recent advances,
such as the work of Hu et al. [30], have successfully bridged theoretical models and reality
by validating the ATAM against observed ship tracks. Building on this empirical shift,
Liu et al. [31] utilized AIS data and satellite observations from 2015 to 2020 to demon-
strate that while Arctic traffic occupancy continues to grow in tandem with sea ice retreat,
the direct constraint imposed by ice conditions is gradually weakening, suggesting that
non-climatic factors are becoming increasingly influential in maritime operations. How-
ever, despite these advances and the increasing availability of data through institutional
platforms such as the Arctic Council’s ASTD system, extracting consistent and comparable
spatiotemporal information over long time horizons presents a critical methodological
dilemma. Current approaches generally force researchers into a binary challenge:

First, Aggregation Bias—many analyses evaluate the Arctic shipping through macroe-
conomic indicators or rely on pre-aggregated institutional statistics. This rigid aggregation
is subject to the Modifiable Areal Unit Problem (MAUP) [32], which may obscure the
spatial and temporal structure of the observed maritime activity. As a result, localized
network bottlenecks, clustering effects, seasonal asymmetries, and micro-shifts in emergent
corridors remain insufficiently quantified.

Second, Computational Prohibitiveness—while institutional systems allow the ex-
traction of granular “point clouds” and vector-based “ship tracks”—the exact data
utilized in trajectory-focused validations [30] or short-term regional analyses [33,34]—
processing these raw signals at a pan-Arctic scale over a decade requires massive com-
putational resources to manage billions of records, high-latitude distortions, and sensor
noise [35,36]. Consequently, the empirical high-resolution foundation required to represent
the evolving topology of Arctic maritime networks in operational research models remains
severely limited.

To address these gaps, this study introduces the Arctic Traffic Intensity Framework
(ATIF), a specialized, data-driven analytical architecture designed to circumvent the com-
putational and financial prohibitiveness of raw AIS telemetry, proprietary platforms and
commercial data services. The framework integrates automated data acquisition, direct
image-to-numerical transformation, and geospatial analytics to repurpose 1 km × 1 km
visual density footprints into structured, longitudinal numerical matrices via an automated
image-to-data quantization engine. Rather than relying on hypothetical scenarios, heavy
vector processing, or rigid spatial binning, the approach is grounded in converting observed
traffic density footprints into continuous scalar matrices to produce a high-resolution lon-
gitudinal dataset of navigational activity. The framework finds its primary application in
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quantifying the spatiotemporal evolution of Arctic maritime traffic intensity between 2012
and 2024, enabling a direct empirical assessment of how regional shipping patterns have
evolved under changing environmental and economic conditions.

Methodologically, the study combines spatial density reconstruction, temporal trend
analysis, and geometric centroid tracking. By applying both absolute linear trend models
and relative log-linear models to calculate the Annual Percentage Change (APC) pixel-
by-pixel, we distinguish between net growth in traffic volume and proportional growth
across heterogeneous baseline regions. This dual perspective allows the identification of
emergent corridors and structural shifts that may remain hidden in aggregated statistics.
The analysis also provides insight into how the “center of gravity” of Arctic navigation is
shifting over time, offering a geometric interpretation of network reconfiguration.

Beyond descriptive analysis, the findings have broader implications for operational
research and strategic logistics planning. If traffic growth is spatially concentrated rather
than uniformly distributed, future optimization models must account for congestion effects,
environmental constraints, and regional asymmetries. In this sense, the Arctic can be con-
ceptualized as a constrained network in which accessibility is expanding while operational
capacity remains unevenly distributed. Understanding these dynamics is essential for
developing realistic forecasting models, risk assessments, and decision-support tools for
emerging polar transport corridors.

It is important to emphasize that the primary focus of this paper is methodological,
namely, the design, validation, and implementation of the ATIF tool. Although conducting
an in-depth public policy, macroeconomic, econometric, or geopolitical analysis falls outside
the immediate scope of this work, the framework is explicitly designed to support such
endeavors. By converting visual data into a structured numerical format, ATIF provides the
empirical data infrastructure required for future research to evaluate the economic viability
of emerging routes, assess the impact of geopolitical shifts (e.g., international sanctions),
and formulate evidence-based regulatory policies in the Arctic region.

This paper contributes to the literature in three principal ways. First, it provides
a high-resolution empirical characterization of Arctic maritime traffic dynamics over a
twelve-year period, addressing the scarcity of longitudinal observational studies. Second,
it introduces a reproducible data-driven framework (ATIF) for circumventing the compu-
tational bottlenecks of raw AIS processing by transforming visual density products into
quantitative matrices suitable for statistical and geospatial analysis. Third, it interprets
the observed patterns within an operations research perspective, highlighting the implica-
tions of spatial concentration and seasonal expansion for future optimization and network
modeling efforts.

The remainder of the paper is structured as follows. Section 2 presents the data sources
and the methodological framework. Section 3 reports the empirical results, focusing on
seasonal expansion, climatic sensitivity, and spatial displacement of navigation intensity.
Section 4 discusses the implications for Arctic logistics and operations research modeling.
Finally, Section 5 concludes and outlines directions for future research.

2. Methods
To address the limitations of purely theoretical cost models identified in the liter-

ature [9], this study proposes a data-driven framework designated as the Arctic Traffic
Intelligence Framework (ATIF). Unlike traditional methodologies that rely on the pro-
curement of raw AIS trajectory points, ATIF intentionally bypasses vector-based point
clouds. Acquiring decadal, pan-Arctic historical AIS datasets from commercial providers
entails significant financial barriers and massive computational infrastructure to process
billions of raw signals [34,35]. By extracting numerical matrices directly from accessible
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rasterized density layers, our approach provides a highly cost-effective alternative, strategi-
cally sacrificing micro-level ship tracking to achieve macro-scale spatiotemporal efficiency.
The methodology is structured into three sequential modules: (i) Automated Data Acquisi-
tion, focusing on the retrieval of heterogeneous raster and tabular datasets; (ii) Computer
Vision & Signal Quantization, transforming visual density layers into numerical matrices;
and (iii) Geospatial & Statistical Analytics, responsible for measuring route displacement
and deriving the basis for operational Key Performance Indicators (KPIs). The overall
architecture of the proposed framework is illustrated in Figure 1.

Multi-source Data Inputs
AIS density layers

Sea ice datasets

Automated Data Acquisition

Image-to-Numerical
Transformation

Spatiotemporal Matrices

Geospatial Analytics
and Metrics

Operational Indicators
(Vr, Area, Centroid)

Trend Modeling
Linear + Log-linear

Operations Research
Implications

Routing, congestion, network constraints

Figure 1. Arctic Traffic Intensity Framework (ATIF). The proposed pipeline integrates multi-source
data acquisition, visual-to-numerical conversion, and geospatial analytics to generate spatiotemporal
indicators of Arctic navigation dynamics and inform operations research models for emerging polar
logistics networks.

2.1. Maritime Traffic Dataset

The data employed in this study originate from the Global Maritime Traffic Density
Service (GMTDS), operated by MapLarge [37], which provides globally aggregated repre-
sentations of vessel activity derived from terrestrial and satellite Automatic Identification
System (AIS) transmissions. The service processes hundreds of billions of AIS messages
collected from the world’s commercial fleet, applying large-scale data validation, anomaly
filtering, and trajectory reconstruction prior to spatial aggregation.
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Rather than distributing individual vessel positions, the GMTDS publishes rasterized
traffic density layers through an Open Geospatial Consortium (OGC)-compliant Web Map
Service (WMS) [38], in which maritime activity is expressed as cumulative ship-hours per
square kilometer over fixed temporal intervals. This abstraction preserves the statistical
structure of global shipping flows while mitigating noise, positional uncertainty, and data
sparsity inherent to raw AIS telemetry, making the dataset suitable for comparative and
large-scale analyses of maritime traffic patterns.

The data ingestion module operates on two primary fronts: maritime traffic density
and cryospheric indicators. For maritime traffic, we developed an automated client in-
teracting with the MapLarge Global Maritime Traffic Density Service (GMTDS) via the
WMS standard. The system queried the ais:density layer monthly from January 2012 to
September 2024. To ensure spatial consistency in high latitudes, all requests were forced to
the NSIDC Sea Ice Polar Stereographic North projection (EPSG:3995). This projection mini-
mizes distortion near the pole, which is critical for accurate geometric measurements [39].
The acquisition parameters were standardized to a resolution of 2048 × 2048 pixels with a
fixed Bounding Box (BBOX) covering a radius of 3000 km from the North Pole, ensuring
pixel-to-pixel correspondence throughout the entire time series.

Simultaneously, sea ice data was retrieved from the National Snow and Ice Data
Center (NSIDC), specifically the NOAA/NSIDC G02135 dataset (Version 4.0) [40]. We
implemented a script to programmatically harvest monthly sea ice extent values (106 km2),
filtering for the Northern Hemisphere and synchronizing the temporal index with the
maritime traffic dataset.

2.2. Visual-to-Numerical Transformation Engine

A critical challenge in using WMS data for quantitative analysis is that the output
is visual (RGB images) rather than numerical [41]. To overcome this, we developed a
Color-Space Interpolation Algorithm (implemented in the DensityConverter module).

The algorithm maps the Blue-Green-Red (BGR) color values of each pixel Pij to a
vessel density value Di,j based on a calibrated reference scale provided by the data source.
Since compression artifacts or anti-aliasing in WMS images generate colors that do not
perfectly match the legend, we employed a weighted nearest-color interpolation in the 3D
RGB space.

For any given pixel color Cobs, the estimated density V is calculated by finding the two
nearest reference colors C1 and C2 in the Euclidean space (Equation (1)):

dk = ∥Cobs − Ck∥2 (1)

where dk is the squared Euclidean distance for each nearest reference color. The distances
are then used to compute the interpolated density value V(Cobs) (Equation (2)):

V(Cobs) =
v1 · d2 + v2 · d1

d1 + d2
(2)

where vk is the reference density value for each nearest reference color. This process
converts the raw imagery into a sequence of scalar matrices Mt, where each cell represents
the navigational intensity at time t.

Validation and Sensitivity Analysis Framework

To rigorously validate the Color-Space Interpolation Algorithm and assess the prop-
agation of uncertainties caused by visual and spatial artifacts, a direct validation and
sensitivity pipeline was implemented.
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First, to validate the visual-to-numerical transformation, a random spatial sample of
5000 pixels was extracted from the visual framework and compared directly against the
baseline raw numerical data retrieved from the original WMS API (via GetFeatureInfo).

Second, an Uncertainty Propagation and Sensitivity Analysis was designed to eval-
uate the algorithm’s resilience against structural anomalies. Visual uncertainties were
tested through two distinct perturbations: (1) image acquisition uncertainty, simulated by
artificially perturbing the original image brightness by ±5%, and (2) color interpolation
resilience, challenged by injecting artificial RGB noise (+5 channels) into the sampled pixels.
Finally, geospatial projection sensitivity was evaluated by reprojecting the baseline spatial
queries from the Universal Polar Stereographic projection (EPSG:3995) to the standard Web
Mercator (EPSG:3857) to quantify the impact of spatial distortion on the extraction accuracy.

2.3. Geospatial Transformation and Operational Metrics

To transition from image coordinates (i, j) to geodetic coordinates (λ, ϕ), an inverse
projection mechanism was applied using the pyproj library. The centroids of high-density
clusters were re-projected from the EPSG:3995 plane to WGS84 (EPSG:4326), allowing for
the calculation of geodetic distances.

Based on the homogenized matrices, three primary operational metrics were defined:
Real Volume Index (VR): a proxy for total physical maritime traffic, calculated as the

sum of density values weighted by the true geographical area of each pixel across the
navigable matrix, as presented in Equation (3):

VR(t) = ∑
i,j

Mt(i, j)× A(i, j) (3)

where A(i, j) is the geodetic area, in km2, on the WGS84 ellipsoid corresponding to the
pixel at position (i, j).

Navigable Area (AN): the total spatial footprint of active shipping lanes, calculated by
summing the precise ellipsoidal area of all non-zero pixels (Equation (4)):

AN(t) = ∑
i,j

I(Mt(i, j) > 0)× A(i, j) (4)

where I is the indicator function that equals 1 if the condition is met and 0 otherwise.
Route Centroid Displacement (CG): to test the hypothesis of routes migrating north-

ward, we calculate the weighted geographic center of the traffic mass. To prevent spatial
distortions inherent to 2D planar projections, the geodetic coordinates (latitude ϕ and lon-
gitude λ) of each active pixel were first mathematically converted into 3D Earth-Centered,
Earth-Fixed (ECEF) Cartesian coordinates (X, Y, Z) based on the WGS84 reference ellipsoid
parameters. The spatial centroid was then computed directly in the three-dimensional
space, weighted by the real physical volume (density × true ellipsoidal area) of each pixel,
as given in Equation (5):

CG(t) =
∑i,j Mt(i, j) × A(i, j) × ri,j

VR(t)
(5)

where ri,j represents the 3D Cartesian position vector (X, Y, Z) of the pixel at coordinates
(i, j), and the denominator VR(t) is the Real Volume Index acting as the total mass for the
centroid calculation. For geographic representation, the resulting centroid coordinates were
transformed back into geodetic latitude and longitude on the WGS84 ellipsoid using the
standard inverse geodetic transformation.
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To ensure robustness, all metrics were consistently evaluated across time series using
fixed spatial resolution, projection parameters, and color reference scales, preventing
artifacts from heterogeneous data sources. The resulting framework enables a direct
empirical assessment of how Arctic navigation intensity, spatial extent, and route geometry
have evolved under changing cryospheric conditions.

2.4. Trend Estimation

To quantify and interpret temporal changes in navigation intensity across the Arctic,
we applied two distinct trend modeling approaches at the pixel level: an absolute linear
trend model and a relative log-linear trend model. These approaches capture complemen-
tary aspects of change over time and are motivated by different assumptions about the
underlying process.

2.4.1. Absolute Linear Trend

We first estimated a simple linear regression for each pixel (Equation (6)) [42]:

yt = α + βt + εt (6)

where yt is the observed navigation intensity at time t, α is the intercept, β is the slope
representing the absolute change per time unit and εt are residuals. This model provides a
direct measure of how much the metric increases or decreases in absolute units per year.

The linear trend model is widely used in time series analysis when the primary
interest lies in an absolute increment, such as evaluating whether a variable has undergone
a systematic upward or downward change in its original units. This model is conceptually
simple, interpretable, and provides a baseline against which more complex or transformed
models can be compared.

However, in environmental and observational datasets such as navigation counts
or intensities, absolute changes may be misleading when baseline levels differ substan-
tially across pixels. For example, a pixel with low baseline activity may show a small
absolute change that is proportionally large, while a pixel with high baseline activity may
show a larger absolute change that is proportionally small. The linear slope β does not
adjust for such baseline differences, which can obscure meaningful relative dynamics in
spatial comparisons.

2.4.2. Relative Log-Linear Trend and Annual Percentage Change

To address the limitations of absolute trend estimation, we also fitted a log-linear trend
model [28] using a log-plus-one transformation. Because maritime traffic data frequently
contains zero-value observations (e.g., in non-navigable areas, sea ice constraints, or during
off-season months) and ln(0) is mathematically undefined, shifting the intensity values
by one unit prevents mathematical indefiniteness. This approach elegantly preserves the
zero-traffic semantics, as ln(1) = 0, allowing the regression to proceed over the entire
spatial grid. The updated specification is shown in Equation (7):

ln(yt + 1) = α + βt + εt (7)

In this specification, the transformed natural logarithm of the navigation intensity
is regressed in time. This transformation converts multiplicative changes on the original
scale into additive changes on the log scale. Log transformations are standard practice
when proportional rather than absolute changes are of interest, stabilizing variance and
linearizing exponential or growth-like processes.
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The key advantage of the log-linear model is that the coefficient β represents a constant
proportional (multiplicative) rate of change. This is particularly appropriate for variables
that evolve relative to their magnitude and facilitates comparison across spatial units with
heterogeneous baseline levels.

To interpret β in terms of an annual percentage change (APC) in the original navigation
intensity scale, we apply the standard exponential back-transformation (Equation (8)) [28]:

APC =
(

eβ − 1
)
× 100 (8)

This transformation yields an exact estimate of the mean percent change per year im-
plied by the log-linear model. Positive APC values indicate a growth trend, while negative
APC values indicate a decline. APC estimation via log regression is a well-established
technique in longitudinal trend analysis across disciplines, including epidemiology and
environmental change research, where proportional effects are central to interpretation.

The linear model (Equation (6)) captures absolute change, whereas the log-linear
specification (Equation (7)) allows the estimation of proportional variation, expressed
as the annual percentage change (Equation (8)). Using both absolute and relative trend
measures provides a multi-faceted understanding of temporal change. The absolute trend
(β) highlights areas with the largest net increases or decreases in navigation intensity in
the original units, which is useful for detecting broad structural changes in traffic volume
over time.

In contrast, the relative trend (APC) highlights areas where the navigation intensity
is changing the fastest in proportional terms, regardless of the baseline activity. In the
Arctic context, this distinction is especially important for identifying emergent routes or
rapid growth in less trafficked regions that may be overlooked when only absolute trends
are considered.

Combined, these models allow for a richer interpretation of both the magnitude
and rate of change, addressing potential biases introduced by spatial heterogeneity in
baseline navigation intensity. Such complementary analysis strengthens inferences about
the spatial dynamics of shipping and the influence of seasonal ice retreat patterns on
route development.

3. Results
The deployment of ATIF from 2012 to 2024 generated a comprehensive spatiotemporal

dataset. To ensure spatial accuracy at high latitudes, all density metrics incorporate the
calculation of the geodesic area for each individual pixel based on its geodetic coordinates.
This allowed for the isolation of navigational trends that were previously obscured in
aggregated economic statistics. The results are presented in three dimensions: temporal
seasonality, climatic correlation, and spatial displacement.

3.1. Quantitative Validation of the Transformation Engine

The empirical validation of the visual-to-numerical conversion demonstrated high
fidelity in the data recovery process. When comparing the extracted pixel values against
the raw WMS API data, the algorithm exhibited a controlled Mean Absolute Error (MAE)
of 0.8353 vessels/km2 and a Root Mean Square Error (RMSE) of 3.6237 vessels/km2. This
indicates that while minor edge-effect anomalies exist due to visual smoothing, the overall
average deviation remains minimal. Crucially, the spatial hierarchy and structural integrity
of the traffic networks are perfectly preserved, as evidenced by a near-perfect Spearman’s
rank correlation (ρ = 0.9997) and a strong Lin’s Concordance Correlation Coefficient
(CCC = 0.8355). These metrics confirm the framework’s efficacy and reliability for macro-
scale spatiotemporal analysis.
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3.2. Uncertainty Propagation and Sensitivity Analysis

The evaluation of worst-case scenarios for visual artifacts and spatial projection con-
straints confirmed the robustness of the data-driven approach. Regarding visual uncer-
tainties, the algorithm maintained exceptional stability under image brightness pertur-
bations (±5%). The MAE remained highly constrained (fluctuating between 0.39 and
0.56 vessels/km2), and the Pearson correlation remained remarkably high (r > 0.97).
Against simulated anti-aliasing artifacts (injected RGB noise), the pipeline demonstrated
strong fault tolerance, preserving Lin’s CCC of 0.8955. These tests empirically prove that the
extraction method successfully prevents minor visual errors, such as image compression
and monitor calibration variances, from propagating into the final linear trend statistics.

Furthermore, the geospatial projection sensitivity test underscored the absolute neces-
sity of spatial integrity. Reprojecting the queries to the standard Web Mercator projection
(EPSG:3857)—a widely used but highly inadequate projection for polar regions—resulted
in a severe propagation of spatial distortion. Under the Mercator scenario, the correlation
completely collapsed (Pearson r = 0.17; Lin CCC = 0.09), and the error nearly doubled to
0.8284 vessels/km2. This test empirically validates our methodological framework, proving
that the strict utilization of the Universal Polar Stereographic projection (EPSG:3995) is a
fundamental mathematical requirement to maintain the baseline’s near-perfect accuracy
and prevent spatial uncertainty propagation.

3.3. Bilateral Expansion of the Operational Window

The longitudinal analysis of traffic density reveals a structural shift in the phenology
of Arctic navigation. As illustrated in Figure 2, the “high-intensity window”, defined
as periods where normalized traffic density exceeds the 0.7 threshold (red zones), has
expanded significantly at both seasonal termini.

Figure 2. Arctic navigation heatmap: high-intensity window expansion.

In the early phase of the time series (2012–2015), the operational window was strictly
confined. Notably, the early summer period (June/Month 6) was characterized by low-
density activity (represented by yellow/pale orange hues), indicating that remnant winter
ice continued to impede navigation. Contrastingly, the 2020–2024 data exhibit a compre-
hensive widening of the season.
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Spring onset (early entry): There is a marked intensification in traffic during June
(Month 6). In 2023, this month exhibits density levels (orange/red) comparable to the peak
summer months of previous years. This empirical evidence suggests an earlier retreat
of the ice edge, allowing vessels to penetrate the High North weeks earlier than in the
previous decade.

Autumn extension (late exit): Simultaneously, the navigation season has extended
into late October (Month 10), driven by the thermal inertia of the open ocean, which
delays freeze-up.

3.4. Climatic Sensitivity

To evaluate the dependency of maritime logistics on cryospheric conditions, we
analyzed the dispersion between Sea Ice Extent (106 km2) and the extracted Real Traffic
Index (VR). As illustrated in Figure 3, the scatter plot reveals a clear macroscopic trend:
lower sea ice extents are visibly associated with higher volumes of maritime activity. This
behavioral coherence further validates ATIF’s capacity to accurately capture expected
physical dynamics from visual data.

Figure 3. Scatter plot illustrating the impact of Sea Ice Extent on the Real Traffic Index. The dispersion
shows a general trend of increased activity during ice retreat, alongside notable high-traffic instances
in higher ice conditions.

However, the dispersion also highlights that sea ice retreat is an enabler rather than
an absolute determinant. Notably, the data exhibits instances of substantial navigational
intensity even during periods of relatively high ice extent. This variation is a critical finding:
it confirms that while the physical retreat of the cryosphere acts as the primary gatekeeper—
establishing the baseline accessibility for logistics networks—the actual volume of traffic is
progressively decoupling from strict climatic constraints. The persistence of high traffic in
harsher conditions suggests that non-climatic factors, such as sustained economic demand,
strategic resource extraction, and the utilization of heavy icebreakers or high ice-class
vessels, are playing an increasingly dominant role in Arctic operations.

3.5. Displacement of the Geometric Navigational Centroid

Contrary to the hypothesis that receding ice would immediately trigger a migration
toward high-latitude transpolar routes, the geometric centroid analysis (Figure 4) reveals a
counter-intuitive southeastward displacement.
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Figure 4. Displacement of the navigational centroid.

In 2012, the navigational “center of gravity” was located deeper within the Arctic Basin.
By 2024, this centroid has shifted markedly toward the Atlantic Gateway (approximating
the Barents/Greenland Sea interface). This trajectory indicates that the sheer volume of
maritime activity is consolidating around the western entry points rather than spreading
across the pole.

3.6. Monthly Phenology and Regional Asymmetry

While the aggregated annual data indicates general growth, the decomposition of
growth rates by month (Figure 5) uncovers a distinct phenological pattern in which in-
tensification occurs. The monthly panels reveal that the highest growth rates (dark red
trajectories, >15% APC) are not evenly distributed throughout the open-water season.
Instead, they are clustered in the late-season window (August–November) specifically
along the Northern Sea Route (NSR).

Summer peak (Months 7–9): the mid-summer months show a consolidated high-
growth corridor along the Siberian coast, confirming the maturing of the NSR as a tran-
sit artery.
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Shoulder season (Months 10–11): crucially, the growth remains positive and intense
well into November in the Kara and Barents Seas. This visualizes the operational impact
of the “Atlantic Pull” mentioned in Section 3.3, where ice-strengthened tankers continue
export operations despite the onset of winter darkness.

Figure 5. Annual growth rate of Arctic maritime traffic (%/year) between 2012 and 2024: decomposi-
tion by month.

3.7. Structural Dichotomy: Technical Viability vs. Economic Reality

To further dissect the nature of this expansion, we applied the dual-trend methodology
defined in Section 2.4. Figure 6 juxtaposes the Relative Growth (APC) against the Absolute
Linear Trend, revealing a critical asymmetry in Arctic accessibility.

The Relative Growth Map exhibits a continuous, high-intensity trajectory (red
hue > 15% APC) stretching across the entire longitudinal span of the Russian Arctic,
from the Kara Gate to the Bering Strait. This signals a systemic activation of the route:
regions that historically saw near-zero traffic in the Eastern Siberian Sea are now experienc-
ing consistent transit activity. From a purely navigational perspective, this confirms that
the “trans-Arctic” corridor is technically open and operational.

However, the Absolute Linear Trend Map provides a sobering counter-narrative
regarding economic volume. The intensity of physical shipping mass (ship-hours/km2)
remains heavily concentrated in the western sector (Barents and Kara Seas), coinciding with
the location of major hydrocarbon extraction terminals (e.g., Yamal LNG, Arctic LNG 2).
As one moves eastward past the Taymyr Peninsula, the absolute trend fades significantly.
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Figure 6. Relative Growth (APC, (left)) vs. Absolute Linear Trend (right).

4. Discussion
4.1. The Role of Ice vs. Economic Drivers

The observed bilateral expansion (earlier break-up and delayed freeze-up)confirms the
accelerated accessibility projections made by Melia et al. [7], demonstrating that the Arctic
is rapidly transitioning from a seasonally restricted zone to a region with a semi-permanent
navigable window of nearly 5 months (June–October).

However, the remaining variance in our climatic sensitivity model suggests that once
this physical barrier is lifted, other drivers accelerate the utilization of the route. This aligns
with the “resource-based” model described by Gunnarsson & Moe [43]. Their analysis
of the Northern Sea Route indicates that while the receding ice provides the opportunity
(captured by our 35% correlation), the magnitude of traffic is amplified by large-scale
industrial projects, such as the Yamal LNG exports, and state tariff policies. Thus, our
data confirm a dual-driver system: ice retreat dictates the possibility of navigation, while
economic contracts dictate the intensity of the flow.

4.2. Network Topology and Regional Disparities

The spatial pattern of the geometric centroid reflects the network topology described by
Eguíluz et al. [44]: the Arctic shipping network is not a uniform ring, but a highly clustered
system heavily weighted towards the Atlantic. The shift suggests that the explosive growth
of shuttle tankers exporting hydrocarbons to Europe statistically outweighs the volume
of “transit shipping” across the Northern Sea Route, anchoring the logistic center of mass
southward near existing industrial infrastructure.

In sharp contrast, the Canadian archipelago (Northwest Passage) exhibits stagnated
or negative growth rates across almost all months. This regional disparity explains the
geometric displacement observed: the centroid is being pulled southwestward precisely
because the Russian network is expanding while the North American side remains dor-
mant. This reinforces the findings of Lasserre [45], who characterized the Arctic not as a
homogeneous region, but as a dual system: a robust, rapidly growing Russian network
driven by state policy, versus a static, underdeveloped North American network.

This contrast corroborates the hypothesis that while the NSR is expanding globally (as
seen in the APC), it is not yet functioning as a homogenized international trade highway. In-
stead, the traffic structure is dominated by destinational shipping (exporting resources from
the Russian Arctic to Europe) rather than transit shipping between the Pacific and Atlantic.
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4.3. Operational Implications and Network Constraints

The data validate that the Arctic is transitioning from a frontier of exploration to a
standardized corridor for resource extraction. The extension of the operational window
to nearly 5 months challenges the assumption that the Arctic routes are only viable for
opportunistic charters.

However, the spatial concentration identified introduces a critical logistic vulnerability.
Because traffic is not dispersing across the Transpolar Route but is instead consolidating in
the Barents and Kara Seas, this region is becoming a high-density bottleneck. As analyzed
by Jing et al. [46] using system dynamics, such non-linear growth in traffic volume signifi-
cantly escalates the risk profile of the route—not only in terms of projected emissions but
also regarding collision risks in ice-covered waters.

Crucially, this densification has profound human implications. As detailed in recent
assessments of Arctic shipping impacts on environments and communities [47], the burden
of this industrial activity falls disproportionately on local ecosystems and Indigenous
populations. The convergence of heavy shipping disrupts marine migration patterns
through underwater noise and introduces pollutants that compromise food security and
the cultural continuity of communities reliant on subsistence hunting.

Consequently, the challenge for logistics planners has evolved to encompass not only
overcoming ice (which is retreating) but also the management of traffic congestion and
environmental capacity within the narrowing corridors of the Western Arctic. Future route
optimization models must account for these externalities, as regulatory pressures on these
high-density zones are likely to become the new limiting factor for capacity. To precisely
evaluate the financial and operational impact of these new constraints, future maritime
economics research can utilize the empirical data generated by ATIF as a baseline to model
transit cost elasticities and quantify the changing values of shipping time.

4.4. Methodological Limitations

A limitation of this study stems from the source imagery products, which are natively
provided as monthly aggregates. Consequently, aggregating the data to monthly intervals
inherently smooths out sub-monthly phenomena, such as weekly weather disruptions
or immediate ice-breaker convoy dependencies, which are critical for tactical operational
planning. While tactical, short-term planning would require alternate, raw-telemetry
pipelines, this frequency matches the strategic focus of our analysis.

5. Conclusions
The deployment of ATIF and the application of log-linear regression to the 2012–2024

dataset provide a robust quantitative basis for understanding the evolution of Arctic
maritime logistics and enhancing operational research in this region. The findings challenge
the assumption of a uniform “Transpolar” opening, revealing instead a highly asymmetrical
development pattern.

First, the phenological analysis confirms a structural shift in accessibility. The opera-
tional window has expanded bilaterally, effectively creating a semi-permanent navigable
season from June to October. This extension is driven not only by the physical retreat of
the ice edge but also by the thermal inertia of the open ocean, which delays freeze-up and
supports late-season navigation. For logistics planners, this shift redefines the temporal
constraints of scheduling algorithms, allowing for extended shipping campaigns previously
deemed infeasible.

Spatially, the divergence between Absolute Trends and Relative Growth (APC) identi-
fies a critical vulnerability. While the route is technically open longitudinally, the opera-
tional reality is a massive consolidation of shipping volume in the Barents and Kara Seas.
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This “Atlantic Pull” has displaced the geometric centroid of navigation southwestward,
creating a high-density bottleneck in the western Arctic while the North American sector
remains comparatively stagnant.

Consequently, these dynamics imply that the primary challenge for future Arctic
logistics is no longer simply traversing ice-covered waters, but managing congestion in
narrowing operational corridors. The non-linear growth in traffic density significantly
escalates the risks of collision and environmental impact on local communities, suggesting
that regulatory capacity and environmental governance, rather than ice thickness, will
become the new binding constraints for route development. Future operational research
must therefore evolve from deterministic ice-avoidance models to stochastic congestion
frameworks, integrating these externalities into multi-objective optimization algorithms to
ensure sustainable network capacity.

From an operations research standpoint, the observed traffic concentration and the
emergence of regional bottlenecks suggest the need for stochastic network optimization
models incorporating seasonal accessibility constraints and congestion effects. Future
work may formalize these dynamics through multi-objective routing models, equilibrium
frameworks, or game-theoretic formulations capable of capturing strategic interactions
between shipping operators and regulatory authorities in a changing Arctic environment.
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