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Abstract 

Sea ice is a key component of the climate system since it regulates the exchange of heat, 

the moisture, and the salinity in the polar oceans. The sea ice cover is set into motion and 

drifts, deforms and fractures under the action of external forces and respective boundary 

conditions. A positive trend in sea ice mobility, differential kinematics and deformation has 

been observed in the last decades. This increasing dynamics can increase the ice-albedo 

feedback loop, one of the most important feedback mechanisms related to climate change. 

The kinematics of sea ice is observed from space by synthetic aperture radar (SAR) and 

quantified using drift detection algorithms. The requirements that the applied algorithm has 

to meet regarding resolution, reliability and computing time vary with the type of 

application. Sea ice kinematics and associated deformation processes occur across a wide 

range of spatial scales, from meters to thousands of kilometers. It is important to understand 

how large-scale behavior monitored by satellite relates to and depends on small scale 

processes of sea ice. Thus, the major objective of this study was to review and validate 

recent research results of sea ice drift and deformation characteristics obtained at larger 

scales by extending the analyzes towards smaller scales and examine emerging difficulties 

and challenges. 

In the first peer-reviewed article we present extensions to a drift detection algorithm, 

intending to improve the reliability of the retrieved drift field at high spatial resolutions of a 

few hundred meters and in the presence of sea ice deformation. We developed and 

implemented an adapted detection scheme that identifies linear discontinuity features 

(LDFs) in a sea ice drift field and detects and replaces outliers in their neighborhood 

considering their presence. In the second peer-reviewed article we study two issues that 

have to be considered in the calculation of parameters characterizing sea ice deformation: the 

effect of uncertainties of automatically retrieved sea ice drift, and the influence of the type of 

grid used to calculate ice deformation. In the third article we present the retrieval of spatially 

high-resolution information about the sea ice kinematics (drift and strain rates) from 

Sentinel 1B images. Here, we achieve a spatial resolution of 1 km; that is an order of 

magnitude higher than other SAR kinematic products that typically achieve a spatial 

resolution of 10 km. We demonstrate the accurate representation of small-scale processes in 

the derived strain rate data and perform scaling analyzes of the strain rate fields. The 

scaling behavior and scaling parameters that we find are very similar to the values obtained 

at larger scales in other studies; this suggests that sea ice deformation shows an invariance 

from large down to small scales between hundreds and a few kilometers. 
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1 Introduction 

In the polar regions, and also in some areas at mid-latitudes, sea ice affects the natural 

environment, the habitat of animals, and human aspects of life, including economic 

activities such as the offshore industry and maritime traffic. On a global and regional scale, 

sea ice is a key component of the climate system, since it regulates the exchange of heat, thr 

moisture, and the salinity in the polar oceans.  

Sea ice is defined as any form of ice found at sea, which has originated from the 

freezing of seawater [JCOMM, 2014]. Formed ice crystals may accumulate into individual 

ice floes or a more or less consolidated ice layer. The resulting sea ice cover is set into 

motion. It deforms and fractures under the action of external forces (mainly caused by wind 

and ocean currents), dependent on existing boundary conditions (internal friction and 

blocking effects) [Weiss, 2013]. The kinematics of sea ice is of particular interest because 

they significantly influence the climate-relevant properties of the ice-covered sea, including 

the formation, development, and melting of sea ice. 

Compared to other components of the cryosphere, sea ice has a very high horizontal 

mobility. It drifts at speeds of the order of 0.1−100 kilometers per day [Leppäranta, 2011] 

and deforms at rates between 0.01−1 (1−100%) per day. In the year 1893, Fridtjof Nansen 

started systematic observations of sea ice kinematics. He moored his ship Fram to an ice floe 

near the Siberian coast and drifted with it for five years through the Arctic into the Atlantic 

Ocean. Today, buoy systems and remote sensing methods are mainly used to study sea ice 

kinematics. Arrays of buoys provide drift information with a high temporal resolution, but 

only on individual tracks with limited spatial density. Since sea ice covers at its annual 

maximum more than 25 million square kilometers of the Arctic and Antarctic Ocean (an 

area the size of North America), remote sensing offers a unique opportunity to monitor the 

ice-covered sea in its entirety. Modern radar-based remote sensing methods, like the 

synthetic aperture radar (SAR) provide data of the reflectivity of the sea surface at high 

spatial resolutions, which are not affected by cloud cover or darkness. The resulting images 

are used to observe structures within and kinematics of the sea ice cover, resolving 

individual sea ice floes and deformation features. 
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Figure 1. Overview of the mechanisms and processes that control and influence sea ice 

kinematics and the variables that describe them. Terms about sea ice drift and deformation are 

taken from the WMO Sea ice nomenclature [ JCOMM, 2014]. 

Figure 1 gives an overview of the components and processes to be considered when 

dealing with sea ice kinematics. It depicts how the main parts of sea ice kinematics (acting 

forces, sea ice drift, differential kinematic processes, and sea ice deformation) are 
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interrelated, which ice cover characteristics and processes are observable with remote 

sensing and how they can be described and derived. Since sea ice does not move on its own 

but external forces set it into motion, a common term for sea ice motion is “sea ice drift”. 

This drift can be described by trajectories or temporally and spatially varying displacements 

of the sea ice cover for given time intervals as well by its velocity and direction. In the 

present work, the term “differential kinematic processes” is used as a generic term for 

processes resulting from a spatially inhomogeneous sea ice drift. These processes include 

divergent and convergent motions, as well as shear and rotational motions. The descriptive 

parameters of differential kinematic processes are the invariants of the so-called strain rate 

tensor. They can be calculated from the drift field and since they lead to a deformation of 

the ice cover, it can be matched with the occurrence of deformation features like leads, 

ridges, and fractures. The formed features alter the surface roughness of the ice cover, which 

influences the impact of the acting forces and the resulting drift of the sea ice. 

By tracking individual sea ice objects in two SAR images from consecutive data 

acquisitions, it is possible to retrieve the drift of the sea ice cover. Drift detection algorithms 

determine matching patterns or features automatically using image-based recognition 

techniques. They provide sequential displacements of patches of sea ice or distinct ice 

structures, which can be considered as a first-order approximation of the actual drift 

trajectories. Also, by considering the time between the two acquisitions, the minimum drift 

velocity and main direction can be estimated. The real motion path of the ice within the time 

interval between data acquisitions, however, remains unknown. If e.g., this path is longer 

than the retrieved displacement, the actual drift velocity is larger than the one calculated 

from the displacement. The combination of simultaneous drift information allows the 

calculation of strain rates and associated deformation parameters. 

The drift detection algorithm used in the present work uses a pattern matching 

technique combined with a multi-scale multi-resolution approach, which was introduced by 

Thomas et al. [2008] and modified by Hollands & Dierking [2011]. The development and 

optimization of this algorithm for studying the differential kinematics of sea ice and the 

deformation of the ice cover is a major research part of this work. 
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2 Motivation & Research Focus 

The following chapter highlights the importance of sea ice as part of the climate system. 

Further, it will be explained why a more detailed picture of the kinematics of sea ice is 

needed and why it is important to understand how the monitored large-behavior relates to 

small-scale processes. Finally, the research focus of the present work is specified by 

formulating research tasks and questions. 

2.1 Role of Sea Ice Kinematics in the Climate System 

Sea ice covers about 10% of the world's oceans and is one of the most rapidly changing 

components of the climate system. The observed decrease of the sea ice extent and thickness 

in the Arctic over the last decades is four times faster than in corresponding model 

prediction [Meier & Markus, 2014]. The summer areal extent of Arctic Ocean ice has 

declined nearly 50% and a clear positive trend in the mobility of sea ice and its deformation 

is apparent [Rampal et al., 2009]. 

 

Figure 2. (a) Reflection and absorption of solar radiation for thick sea ice, thin sea ice, and the 

ocean surface. (b) Heat exchange between ocean and atmosphere in a sea ice covered area: 50% of 

the heat is transported through small openings in the sea ice cover (5% of the total area).  

Sea ice has many climatically relevant properties and influences the interaction 

between the ocean and atmosphere. Compared to the ocean surface, sea ice has a very high 

albedo (diffuse reflectivity of solar radiation) and a low thermal conductivity. Thus, it 

reduces the absorption of heat from solar radiation (Figure 2a) and acts as an insulating 

layer between the ocean and atmosphere. Even small openings in the sea ice cover allow 

intense heat exchange between the warmer ocean and the colder atmosphere (Figure 2b). 

Half of the total turbulent heat transfer between the ocean and the Arctic atmosphere takes 

place through small openings such as leads [Andreas et al., 1979]. This process causes a local 
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warming of the atmosphere above. On regional scales, this heat exchange has significant 

large-scale climate implications and must, therefore, be taken into account [Cabré et al., 

2017]. 

With thinner sea ice, a lower sea ice concentration, and a decline of the sea ice extent, 

the overall absorption of solar radiation increases, resulting in higher ocean surface 

temperatures, which in turn lead to increased melting of sea ice. This so-called ice-albedo 

feedback is essential when it comes to the observed warming of the northern hemisphere 

[Serreze & Francis, 2006]. Besides thermodynamic processes, differential kinematic 

processes largely control the amount of open water within the ice cover and the distribution 

of ice thickness, which are two parameters of high climatic importance [Weiss & Marsan, 

2004]. A convergent drift of sea ice may create, e.g., pressure ridges or rubble fields, which 

causes a thickening of the ice cover; while divergent drift results in sea ice openings (e.g. 

fractures or leads) and a locally lower ice concentration. 

The observed positive trend in sea ice mobility and deformation suggests that both 

play a fundamental role in the ice-albedo feedback loop. Increasing deformation means 

stronger fracturing, a higher probability of lead opening, and a resulting local decrease of 

the albedo. A lower albedo accelerates the thinning of sea ice in summer and delays the 

freezing in winter. Both aspects reduce the mechanical strength of the cover and lead to 

more sea ice deformation and higher mobility, as well as a faster export of Arctic sea ice. 

[Rampal et al., 2009] 

Between 2005 and 2008 more than a third of the thicker sea ice loss in the Arctic Ocean 

occurred by drift of multi-year ice into the Beaufort Sea; together with the net area outflow 

through Fram Strait this explains more than half of the substantial loss of Arctic multi-year 

ice in this period [Kwok & Cunningham, 2010]. 

Figure 3 shows the ice-albedo feedback system, including the thermodynamic feedback 

and its amplification by sea ice kinematics. Differential kinematic processes and the mobility 

of sea ice have a crucial influence in these amplifications. Thus, it is important to monitor 

and understand the kinematics of sea ice at the local, regional and global scale; this 

contributes to a better understanding of the interaction between the atmosphere, sea ice, 

and ocean and can be used to validate or adapt related models and improve their 

predictions. 
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Figure 3. The ice-albedo feedback system, including the thermodynamic feedback and both 

kinematic amplifications. 

2.2 Sea Ice Kinematics: The Scale is Crucial 

Many processes that make sea ice such an important aspect of the polar oceans occur at 

small scales. Thus, as mentioned before, even small openings in the sea ice cover strongly 

influence the thermodynamic interaction between atmosphere, sea ice, and ocean. It is 

essential to understand how large-scale behavior of sea ice monitored by satellite relates to 

and depends on small scale processes driving sea ice formation, evolution, and melting. 

[Thomas, 2017] 

Many observations describing sea ice, such as the distribution of ice floe size, the 

amount of open water, or the deformation of the sea ice cover, depend on the scale of their 

observation [Weiss & Marsan, 2004]. Satellite data provide the opportunity to monitor these 

characteristics over a wide range of scales, from several meters to the size of the Arctic 

basin. Modern satellite sensors and here especially SAR offers high spatial resolution data 

with pixel sizes of a few tens of meters.  

From a physical point of view and at large (basin) scales, sea ice is regarded as a 

non-rigid continuum. More specifically, sea ice motion can be described by continuous, 
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intermittently continuous, and discrete particle-like components. For the interior Arctic and 

Antarctic pack ice, however, the continuum assumption begins to fail below the 5 km scale 

with evidence of discontinuities already revealed in models and remote sensing products in 

the form of abrupt changes in magnitude and direction of the differential velocity.  

[Thomas et al., 2004] 

Previous analyzes of sea ice strain fields, describing sea ice deformation, have revealed 

a strong heterogeneous behavior. The related observations lead to the definition of ‘‘linear 

kinematic features’’, which account for most of the deformation, and ‘‘quasi-rigid plates’’, 

which move as solid bodies [Marsan et al., 2004]. Scaling analysis provides the opportunity 

to study to what extent the deformation is heterogeneous and localized and how this 

localization depends on the observation scale. A reliable scaling analysis relies on accurate 

information of the observed characteristic, over a wide temporal and spatial range. It is of 

high interest to verify and validate recent research results obtained at larger spatial scales 

by extending the analyzes towards smaller scales; this is not only mandatory for model 

simulations of sea ice dynamics but also requires a more systematic use of high-resolution 

satellite image products. 

Previous analyzes relating the scaling behavior of sea ice strain were carried out using 

a limited number of datasets. These are in particular, the RADARSAT Geophysical 

Processor System (RGPS) dataset [Kwok, 1998] and various datasets of buoy trajectories. 

The limitation for RGPS based data is their spatial resolution (highest resolution level of 5 to 

10 km) and for buoy data, the limited number of trajectories, respectively the limited spatial 

coverage. The disadvantage of buoy data can only be minimized with high logistical effort 

(e.g., large buoy arrays). Since drift detection algorithms obtain drift information from 

satellite data by combining individual information (pixels) into patterns or features, the 

spatial resolution deteriorates up to two orders of magnitude, dependent on the algorithm. 

The extent of the deterioration is controlled by the recognition techniques used in the 

algorithm and, thus, can be minimized. 

In addition to scaling analysis and a better understanding of the link between the 

observed large-scale behavior and processes occurring at small scales, high-resolution drift 

information and derived sea ice deformation parameters can be used for multiple 

applications: 
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• Locations of convergent drift help to identify zones where clusters of sea ice ridges and 

rubble fields can be expected that are a potential hazard to marine traffic and offshore 

structures. 

• Areas of divergent drift indicate the presence of sea ice openings as potential routes for 

marine traffic. 

• Small-scale changes in sea ice thickness and sea ice concentration can be observed as a 

function of derived deformation parameters. 

• Information about the mechanical behavior of sea ice can be obtained, e.g., by 

considering the spatial distribution and orientation of identified kinematic features and 

deformation zones [Erlingsson, 1988; Schulson, 2004; Linow & Dierking, 2017]. 

2.3 Research Focus 

The previous two chapters highlighted the importance of obtaining a more detailed 

picture of sea ice kinematics, including the drift and deformation of sea ice. The main focus 

of the present work lies in the development of methods to retrieve and derive reliable 

high-resolution sea ice drift and deformation products; these are intended to expand 

previous research in the field of sea ice kinematics. An algorithm that provides high spatial 

resolution must overcome several challenges, especially related to differential kinematic 

processes and deformation zones: 

• To achieve a high spatial resolution, patterns or features detected by the algorithm are 

smaller in size since a smaller number of pixels is available to describe a pattern or 

feature; this adversely affects the used recognition technique, as it is based on 

correlation measurements or object identification. 

• Differential kinematic processes are associated with deformation of the sea ice cover 

and thus temporal changes in patterns and features; this can lead to a failure of the 

algorithm or incorrect matches since the temporal stability of patterns and features is a 

fundamental requirement of recognition techniques. 

• To preserve the highest achievable spatial resolution of the drift field, data 

regularization should avoid smoothing methods as far as possible in order to obtain 

independent drift vectors and to prevent small-scale structures from being smoothed 

out. 
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These issues lead to the first research tasks of the study at hand that are realized by a further 

development of the drift detection algorithm used in this work: 

(F1): Development and implementation of a reliability assessment to identify unreliable 

and incorrect matches of the algorithm and to reject corresponding drift vectors. 

(F2): Development and implementation of data regularization methods that preserve 

discontinuities in the drift field within the detection process to reproduce small-scale 

differential ice kinematics and associated deformation features. 

If the drift detection algorithm successfully retrieves reliable sea ice drift information, 

the next step is the quantitative characterization of differential kinematic processes and sea 

ice deformation; for this purpose, strain rates and associated deformation parameters need to 

be calculated. Many aspects, such as error propagation and discretization issues, have to be 

considered within these calculations. Especially at high spatial resolution, the mentioned 

aspects could play a crucial role; this leads to the research question: 

(F3): What issues related to computational uncertainties need to be considered in 

deriving and calculating sea ice deformation parameters from a sea ice drift field, and is 

it possible to quantify them (e.g., by applying the error propagation theory or 

performing simulations)? 

Some research has already been done on this topic (e.g., Lindsay & Stern [2003] and Bouillon 

& Rampal [2015]); however, only specific cases are considered in these studies (e.g., just 

irregularly distributed drift information or certain spatial and temporal resolutions). 

As a result of the preceding steps, reliable drift and deformation products with high 

spatial resolutions and in areas of high differential ice kinematics can be retrieved and 

derived. These products can be used to verify and validate recent research results obtained 

at larger spatial scales. In particular, the mentioned extension of scaling analyzes and 

related studies of self-similarity across scales of sea ice deformation are of high interest. 

Therefore, the last two research questions are: 

(F4): How well are differential ice kinematics and ice deformation processes, e.g. lead 

opening or closing, reproduced by the retrieved drift and deformation products and 

which influence has a higher spatial resolution (compared to other standard SAR 

kinematic products)? 
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(F5): Does the self-similarity of sea ice deformation remain valid below the spatial 

scales investigated by previous studies and if so, do the descriptive scaling laws remain 

unchanged? 
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3 Sea Ice 

This chapter provides general information about sea ice: where sea ice occurs and how 

it forms, evolves, and melts. To emphasize the importance of sea ice kinematics, we briefly 

explain how these aspects relate to sea ice drift, sea ice export, kinematic processes, 

deformation processes, and occurrence of deformation features. 

Sea ice occurs throughout the year in the perennial sea ice zone (PSIZ, Figure 4), which 

includes the inner Arctic Ocean (> 80 ° N) and small sections in the Southern Ocean (e.g., 

western Weddell Sea). The seasonal sea ice zone (SSIZ, Figure 4), where sea ice occurs at its 

maximum extent, goes down to the 60th degree of latitude in both north and south. The sea 

ice export from the Arctic Ocea to lower latitudes, e.g., is an important part of sea ice 

kinematics. 

Sea ice is divided into two main categories, fast ice and drift ice, depending on where it 

forms and whether it is attached to the shore or moves when external forces act (Table 1). In 

the transition zone between fast ice and drift ice, deformation processes typically take place 

while the associated deformation features such as ridges, leads, or polynyas occur (Figure 5). 

 

Table 1: Definitions of sea ice, fast ice and drift ice. 

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

Sea ice 

Any form of ice found at sea which has originated from the freezing of seawater. 

Fast ice Drift ice (pack ice) 

Sea ice which forms and remains fast along the 

coast, attached to the shore, to an ice wall, to an 

ice front, between shoals or grounded icebergs. 

A term used in a wide sense to include any area 

of sea ice other than fast ice no matter what form 

it takes. 
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Figure 4: Map of the 

Arctic and Southern 

Ocean. Sea ice thickness 

(mean in winter, 1979–

2004) and extent (mean 

1979–2004) from the 

GIOMAS dataset. 
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When the temperature of seawater is below its freezing point (about –1.9 °C), sea ice is 

formed and frazil, small needle-like ice crystals grow. These crystals may accumulate to a 

soupy layer called grease ice. In calm external conditions, new ice forms an elastic crust 

called nilas. The so-called pancake ice forms in rougher ocean conditions through the 

accretion of frazil crystals into pieces of a few centimeters in size, which in turn accrete into 

ice pans with diameters of 30 to 300 cm. The new sea ice evolves by quiescent bottom 

freezing from young ice, to first-year ice and, if the ice survived the melt in summer, to old 

ice (Table 2). 

Table 2. Sea ice evolution. 

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

New ice (1) 
 

Sea ice composed of ice crystals, which are only 

weakly frozen together (if at all) and have a 

definite form only while they are afloat. 

 

 

 

Frazil ice Grease ice Slush Shuga 

Fine spicules or plates 

of ice, suspended in 

water. 

A later stage of 

freezing than frazil ice 

when the crystals have 

coagulated to form a 

soupy layer on the 

surface.  

Snow, which is 

saturated and mixed 

with water after a 

heavy snowfall. 

An accumulation of 

spongy white ice 

lumps, a few 

centimeters across. 

Formed from grease ice 

or slush. 

 

Nilas (2a)  Pancake ice (2b) 

0–10 cm  0–10 cm 

 
A thin elastic crust of ice, formed in a calm 

ocean. In convergent regimes, Nilas thrusts 

into a pattern of interlocking 'fingers.' 

 

 
Is formed in a rough ocean by accumulating 

frazil crystals into slushy circular pieces of ice 

from 0.3–3 m in diameter. 

Dark nilas Light nilas  

< 5 cm 5–10 cm  
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Young ice (3)  First-year ice (4) 

10–30 cm  30–200 cm 

 
The transition between nilas/pancake ice and 

first-year ice. 

 

 
Sea ice of not more than one winter's growth, 

developing from young ice. 

Grey ice Grey-white ice  White ice Medium Thick 

10–15 cm 10–15 cm  15–30 cm 70–120 cm 120–200 cm 

 

Old ice (5) 

30–300+ cm 

 

Sea ice that has survived at least one summer's 

melt. Typical thickness is up to 3m or more. Most 

topographic features are smoother than on the 

first-year ice. 

 

 

Residual ice Second-year ice Multi-year ice 

30–180+ cm 30–250+ cm 30–300+ cm 

First-year ice that has survived 

the melt in the summer and is 

now in the new cycle of growth.  

Old ice that has survived only 

one summer's melt. Because it 

is thicker than first-year ice, it 

stands higher out of the water.  

Old ice that has survived at 

least two summers' melt. 

Hummocks are even smoother 

than in second-year ice, and the 

ice is almost salt- free.  

 

Except for the sea ice edge, new sea ice mostly forms in openings in the ice cover (e.g., 

leads and coastal polynyas). Since these openings usually result from a diverging ice drift, 

the formation of sea ice is associated with differential kinematic processes (Figure 5).  

The seasonal temperature change mainly controls the melting of sea ice. More than half 

of the Arctic and Antarctic sea ice volumes melt in summer. However, other mechanisms, 

such as the export of sea ice, contribute to the melting of sea ice. Here, the sea ice is 

transported to lower latitudes and melts due to prevailing higher temperatures. The 

observed positive trend in sea ice strain rates indicates a decreasing mechanical strength of 

the ice caused by the thinning of the sea ice cover [Rampal et al., 2009]; this, in turn, leads to 

the observed higher mobility of the ice, increased sea ice export and accelerated melting. 
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Figure 5. Formation and evolution of sea ice from new ice (1), to nilas (2a) and pancake ice (2b), to 

young ice (3), to first-year ice (4) and, if the ice survived the melt in summer, to old ice (5). 

Including possible deformation features: fractures (a), leads (b1), polynyas (b2), rafting features (c), 

pressure ridges (unconsolidated d1a, consolidated d1b) and shear ridges (d2). 
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4 Kinematics & Continuous Deformation 

In physics, kinematics deals with the motion of objects (e.g., particles or bodies) without 

considering forces. The task of kinematics within continuum mechanics is to define a 

measure of translation, rotation, distortion, and dilation of a continuous matter as a function 

of its internal motion (Figure 6). The motion of an object can be observed at fixed positions in 

space and time, or the observer follows individual objects as they move through space and 

time; the former is the Eulerian, and the latter the Lagrangian specification of the motion 

field. Both specifications are used to describe sea ice kinematics and allow statements about 

distortion and dilation of a multidimensional object or within an observed continuum. 

The trajectory of an object can be approximated by its displacements within given time 

intervals (Figure 6). The more frequently the position of an object is determined, the more 

accurate is this approximation. Furthermore, the displacement of an object per time unit is 

equal to its average velocity: 

𝑈 =  
𝐷

∆𝑡
=

𝑋(𝑡𝑖+1) − 𝑋(𝑡𝑖)

𝑡𝑖+1 − 𝑡𝑖

 (1) 

The distortion or dilatation of a multidimensional object is quantified in the concept of 

deformation. The strain is the physical quantity that describes the relative deformation, and 

the strain rate describes the rate at which a multidimensional object or a continuum deforms. 

Thus, drift information can be considered as a system of boundary points that define an area 

(2D object) in which strain and its time derivative, the strain rate, can be determined. 

In continuum mechanics theory, there are three different modes of strain to describe 

deformation: tensile strain (extension), compressive strain (contraction), and shear strain. 

The first two modes are normal strains that change lengths, while shear strain changes 

shape (Figure 6). For small deformations of a continuum in which the velocities and thus the 

displacements and its spatial gradients are small compared to the length scale, it is possible 

to perform a geometric linearization of the strain tensors. A geometric derivation of the 

so-called infinitesimal strain theory is presented in the following chapter. 
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Figure 6. Overview of kinematics within the continuum mechanics. 
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4.1 Infinitesimal Strain Theory 

Figure 7 illustrates a theoretical deformation of a square with dimensions L × L, which, 

after deformation, takes the form of a rhombus. The side length of the rhombus can be 

calculated as follows: 

𝑙𝑎𝑏 = √(𝐿 +
𝜕𝐷𝑥

𝜕𝑥
𝐿)

2

+ (
𝜕𝐷𝑦

𝜕𝑥
𝐿)

2

= 𝐿√1 + 2
𝜕𝐷𝑥

𝜕𝑥
+ (

𝜕𝐷𝑥

𝜕𝑥
)

2

+ (
𝜕𝐷𝑦

𝜕𝑥
)

2

 (2) 

For small deformations, it can be assumed that 𝜕𝐷𝑥∨𝑦/ 𝜕𝑥 ≫ (𝜕𝐷𝑥∨𝑦/ 𝜕𝑥) 2  and the 

quadratic terms can be neglected: 

𝑙𝑎𝑏 = 𝐿√1 + 2
𝜕𝐷𝑥

𝜕𝑥
 (3) 

 

Figure 7. Theoretical deformation of a square with dimensions L × L, which after deformation, 

takes the form of a rhombus. 
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Equation (2) can be expanded into a Taylor series and, based on the previous assumption, be 

approximated by the first two terms of the series: 

𝑙𝑎𝑏 = 𝐿 [1 +
𝜕𝐷𝑥

𝜕𝑥
−

1

4
(

𝜕𝐷𝑥

𝜕𝑥
)

2

+
1

8
(

𝜕𝐷𝑥

𝜕𝑥
)

3

± ⋯ ] ≅ 𝐿 [1 +
𝜕𝐷𝑥

𝜕𝑥
] (4) 

The normal strain ε of the rectangular element in the x-direction is defined by the relative 

change in length in this direction: 

𝜀𝑥𝑥 =
∆𝐿

𝐿
=

𝑙𝑎𝑏 − 𝐿𝐴𝐵

𝐿𝐴𝐵

 (5) 

By substituting Equation (4), it follows: 

𝜀𝑥𝑥 =
𝜕𝐷𝑥

𝜕𝑥
 (6) 

And likewise, in the y-direction: 

𝜀𝑦𝑦 =
𝜕𝐷𝑦

𝜕𝑦
 (7) 

The change in angle between two initially orthogonal lines within an object (e.g., LAB and 

LAC) defines the shear strain: 

2𝜀𝑥𝑦 = 𝛼 + 𝛽 (8) 

From the geometry of Figure 7, it is obvious that: 

tan 𝛼 =

𝜕𝐷𝑦

𝜕𝑥
𝐿

𝐿 +
𝜕𝐷𝑥

𝜕𝑥
𝐿

=

𝜕𝐷𝑦

𝜕𝑥

1 +
𝜕𝐷𝑥

𝜕𝑥

 (9) 
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tan 𝛽 =

𝜕𝐷𝑥

𝜕𝑦 𝐿

𝐿 +
𝜕𝐷𝑦

𝜕𝑦
𝐿

=

𝜕𝐷𝑥

𝜕𝑦

1 +
𝜕𝐷𝑦

𝜕𝑦

 

 

(10) 

For small deformations, it can be assumed that 𝜕𝐷𝑥/ 𝜕𝑥 ≪ 1 , 𝜕𝐷𝑦/ 𝜕𝑦 ≪ 1 and tan 𝛼 ≈

𝛼  , tan 𝛽 ≈ 𝛽, which means that: 

𝛼 =
𝜕𝐷𝑥

𝜕𝑦
 (11) 

𝛽 =
𝜕𝐷𝑦

𝜕𝑥
 (12) 

By interchanging x and y and Dx and Dy, it can be shown that 𝜀𝑥𝑦 = 𝜀𝑦𝑥  and by substituting 

Equation (11) and (12) in Equation (8), we get the final definition of the shear strain in the 

infinitesimal strain theory: 

𝜀𝑥𝑦 = 𝜀𝑦𝑥 =
1

2
(

𝜕𝐷𝑥

𝜕𝑦
+

𝜕𝐷𝑦

𝜕𝑥
) (13) 

4.2 Strain Rates 

The strain rate is defined as the derivative of the strain with respect to time and 

describes the rate at which strain occurs: 

𝜀̇ =
𝑑𝜀

𝑑𝑡
 (14) 

Thus, for example, the strain rate element in the x-direction is: 

𝜀�̇�𝑥 =
𝑑𝜀𝑥𝑥

𝑑𝑡
= (

𝜕

𝜕𝑡

𝜕𝐷𝑥

𝜕𝑥
) = (

𝜕

𝜕𝑥

𝜕𝐷𝑥

𝜕𝑡
) (15) 

Since 𝜕𝐷𝑥/ 𝜕𝑡  corresponds to the x-component u of the velocity, strain rates can be 

expressed as follows: 
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𝜀�̇�𝑥 =
𝜕𝑢

𝜕𝑥
 (16) 

and analogously: 

𝜀�̇�𝑦 =
𝜕𝑣

𝜕𝑦
 (17) 

𝜀�̇�𝑦 = 𝜀�̇�𝑥 =
1

2
(

𝜕𝑢

𝜕𝑦
+

𝜕𝑣

𝜕𝑥
) (18) 

where v is the y-component of the velocity.  

The strain rate components can be expressed in a second-order tensor: 

𝜀̇ = [
𝜀�̇�𝑥 𝜀�̇�𝑦

𝜀�̇�𝑥 𝜀�̇�𝑦
] (19) 

The principal components of the strain rate tensor are: 

𝜀1̇,2 =
1

2
tr 𝜀̇  ± √(

1

2
tr 𝜀̇)

2

− det 𝜀̇ (20) 

where 𝜀1̇ ≥ 𝜀2̇. In the principal axes coordinate system, the normal strain rates are 𝜀1̇ and 

𝜀2̇, and the shear strain rate is zero. [Leppäranta, 2011] 

4.3 Deformation Parameters 

In analyzing strain rate, the following invariants are often used to describe sea ice 

kinematics and the resulting ice deformation: 

𝜀�̇� = 𝜀1̇ + 𝜀2̇ = tr ε̇ =  𝜀�̇�𝑥 + 𝜀�̇�𝑦  (21) 

𝜀�̇�𝐼 = 𝜀1̇ − 𝜀2̇ = √(tr 𝜀̇)2 − 4 det 𝜀̇ = √(𝜀�̇�𝑥 − 𝜀�̇�𝑦)
2

+ 4𝜀�̇�𝑦
2  (22) 
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The first invariant 𝜀�̇�  equals the divergence rate, while the second invariant is the 

maximum rate of shear. [Leppäranta, 2011]  

Both invariants, divergence and shear rate, can be also expressed by the spatial 

derivatives of the velocity components: 

𝜀�̇� = 𝜀�̇�𝑖𝑣 =
𝜕𝑢

𝜕𝑥
+

𝜕𝑣

𝜕𝑦
 (23) 

𝜀�̇�𝐼 = 𝜀�̇�ℎ𝑒𝑎𝑟 = √(
𝜕𝑢

𝜕𝑥
−

𝜕𝑣

𝜕𝑦
)

2

+ (
𝜕𝑢

𝜕𝑦
+

𝜕𝑣

𝜕𝑥
)

2

 (24) 

The total strain rate is the integration of the divergence and shear rate and is calculated 

as follows:  

𝜀�̇�𝑜𝑡𝑎𝑙 = √𝜀�̇�𝑖𝑣
2 + 𝜀�̇�ℎ𝑒𝑎𝑟

2 (25) 

 

A quantity that often occurs in conjunction with shear motion is the vorticity. Since it 

indicates the tendency of an object to rotate, it is not describing deformation, but a 

particular type of motion: 

𝜀�̇�𝑜𝑡 =
𝜕𝑣

𝜕𝑥
−

𝜕𝑢

𝜕𝑦
 (26) 

The required derivatives of the drift velocity field can be calculated in different ways: 

• In the Eulerian grid, the partial derivatives of a velocity field can be calculated using 

the finite difference method. Here, the difference quotient is calculated either with the 

forward, backward, or central difference. 

• In both the Lagrangian and Eulerian grid, the partial derivatives can be calculated 

using line integrals around predefined grid cells. The origins of the included velocity 
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vectors are the boundary points of the grid cell. For discrete values the line integral can 

be approximated by using the trapezoidal rule (e.g., ∂u/∂x): 

𝜕𝑢

𝜕𝑥
=

1

𝐴
∮ 𝑢 𝑑𝑦 ≅

1

2𝐴
∑(𝑢𝑖+1 + 𝑢𝑖)(𝑦𝑖+1 − 𝑦𝑖)

𝑛

𝑖=1

 (27) 

where A is the area of the cell, which is obtained from Gauss’s area formula. The other 

partial derivatives are determined analogously by the following equations: 

𝜕𝑢

𝜕𝑦
= −

1

𝐴
∮ 𝑢 𝑑𝑥, (28) 

𝜕𝑣

𝜕𝑥
=

1

𝐴
∮ 𝑣 𝑑𝑦 , (29) 

𝜕𝑣

𝜕𝑦
= −

1

𝐴
∮ 𝑣 𝑑𝑥 . (30) 
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5 Sea Ice Kinematics 

As pointed out in Chapters 1, 2 and 3, sea ice and its kinematics has a significant 

impact on the world's climate system, affects the natural environment and economic 

activities such as the offshore industry and maritime transport. As shown in Figure 1, sea 

ice kinematics include many different components; Figure 8 illustrates schematically how 

and where these components occur in sea ice. 

The following chapter provides an overview of the mechanisms that trigger the motion 

of sea ice, the differential kinematics and the deformation of sea ice, and how these aspects 

can be observed and derived with different methods. 

 

Figure 8. Schematic illustration of the components of sea ice kinematics: 

• Forms of floating ice (Chapter 5.1): pancake ice (A), floe (B), iceberg (C), brash ice (D), 

and floeberg /hummock (E). 

• Differential kinematic processes (Chapter 5.1): divergence (I), convergence (II),  

shear (III), and rotation (IV). 

• Deformation features (Chapter 5.2): fractures (a), leads (b1), polynyas (b2), rafting 

features (c), unconsolidated pressure ridge (d1a), consolidated pressure ridge (d1b), and 

shear ridge (d2). 
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5.1 The Drift of Sea Ice 

Sea ice, which is not fastened to coastlines, the seafloor or grounded icebergs, begins to 

drift when forces act. These forces have three primary sources: wind, ocean currents, and 

internal ice stresses (Figure 9). On time-scales of days and weeks, the wind is primarily 

responsible for the drift of sea ice floes. When the wind blows, this results in a drag force on 

the ice surface, which can cause the ice to move.  

 

Figure 9. Decomposition of acting forces responsible for ice drift and deformation. Fair: wind drag 

force, Focean: ocean drag force, Fcoriolis: Coriolis force, Ffriction: internal ice friction, Fresulting: resulting 

force, αT: turning angle. [Adapted from Weiss, 2013] 

The magnitude of the surface drag depends on wind speed and the ice surface 

roughness; likewise, the drag on the bottom side of the ice depends on the speed of acting 

ocean current and the roughness of the underside of the ice. A rough surface is more affected 

by the wind or ocean current than a smooth surface. Deformation features, such as ice ridges 

or rubble fields, mainly control the upper and lower ice surface roughness and alter the air 

and water drag coefficients. An individual ice floe with an average surface roughness that 

does not interact with other floes and is not blocked by any boundary such as the coastline 

drifts at a velocity of 1–2% of the wind speed, resulting in drift speeds of the order of 0.1–100 

kilometers per day [Leppäranta, 2011]. The drift direction depends on the size of the sea ice 

floe: Larger floes move at a higher range of 20° to 40° to the right (Northern Hemisphere) or 

left (Southern Hemisphere) of the wind direction [Nansen, 1902]. The wind drag alone 

cannot explain the turning angle αT (Figure 9) of the drift direction compared to the wind 

direction; rather, it is a consequence of the interaction of wind, ocean currents, and internal 

ice tensions and the inertial force acting on every moving body on earth, the Coriolis force 

(Figure 9). 
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The drift of sea ice, as well as its kinematic processes, can be treated as a 

two-dimensional phenomenon, due to the small extent of sea ice in the vertical direction (ice 

thickness) compared to its lateral extent [Leppäranta, 2011]. 

Dependent on the region, season, meteorological, and oceanic conditions, the ice cover 

reveals local differences in concentration, thickness, floe sizes, age, and origin of the ice 

(Table 3). Most of the floating ice consists of ice floes of different sizes. These floes can 

eventually concentrate, freeze together and form a consolidated sea ice cover. Icebergs, 

which mainly consist of freshwater ice, are often found enclosed in the sea ice. Ocean 

currents mainly control their drift, due to their mass distribution (7/8 of the iceberg mass lies 

below the surface), but the influence of wind cannot be neglected. Other forms of floating ice 

are pancake ice, brash ice, floebergs / hummocks and ice breccia (further information see 

Table 3). 

Table 3. Forms of floating ice. 

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

Pancake ice (A) Floe (B) Iceberg (C) 

Predominantly circular 

pieces of ice from 0.3–3 m in 

diameter. 

Any contiguous piece of sea ice. 

 

 Diameter 

Cake ice < 20 m 

Small 20–100 m 

Medium 100–500 m 

Big 0.5–2 km 

Vast 2–10 km 

Giant 
 

> 10 km 
 

 

A massive piece of ice of 

greatly varying shape, 

protruding more than 5 m 

above sea-level, which has 

broken away from a glacier, 

and which may be afloat or 

aground. 

   

Brash ice (D) Floeberg / Hummock (E) Ice breccia 

Accumulations of floating ice 

made up of fragments not 

more than 2 m across, the 

wreckage of other forms of ice. 

A massive piece of sea ice 

composed of a Hummock, or a 

group of hummocks frozen 

together, and separated from any 

ice surroundings. It may typically 

protrude up to 5 m above sea-level. 

Ice of different stages of 

development frozen together. 

 

A spatially inhomogeneous drift causes differential kinematic processes such as 

divergence, convergence, shear, and rotation, described by the deformation parameters 

(Table 4). These differ significantly in their amplitude and frequency, depending on whether 

the ice cover is consolidated or not [Doble & Wadhams, 2006]. Differential kinematic 
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processes, and in particular divergence and convergence, significantly influence the amount 

of open water within the ice cover and the ice thickness distribution. In the modeling of the 

ice thickness distribution, divergent drift removes ice of finite thickness and causes 

thickness of zero. The contribution of a convergent drift is the most critical part of the 

modeling of ice thickness since it depends on several mechanical properties of the sea ice 

[Thomas, 2017]. As another result of convergence, deformation processes such as rafting or 

ridging, occur within the sea ice cover. 

Table 4. Differential kinematic processes and deformation parameters. 

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

Divergence (I) Convergence (II) Shear (III) Rotation (IV) 

Ice fields or floes in an 

area are subjected to 

diverging or dispersive 

motion, thus reducing 

ice concentration and 

relieving stresses 

within the ice cover. 

Pieces of floating ice 

are said to be 

compacting when they 

are subjected to a 

converging motion, 

which increases ice 

concentration and 

may produce stresses 

within the ice cover. 

An area of drift ice is 

subject to shear when 

the ice motion varies 

significantly in the 

direction normal to the 

motion, subjecting the 

ice to rotational forces. 

Pieces of floating ice or 

ice floes which are 

subjected to a rotating 

motion. Associated 

with shear, because at 

shear rotational forces 

appear. 

Divergence rate Shear rate Vorticity 

Positive (+) Negative (-) 
Positive (+): counter-clockwise 

Negative (-): clockwise 

 

The drift of sea ice can be observed or derived by various methods (examples for the use 

of SAR imagery are provided in Chapter 7). By combining at least three simultaneously 

measured drift vectors at different locations, the prevailing differential kinematics within the 

enclosed area can be estimated. Two most commonly used techniques to retrieve drift 

information are the GPS-based tracking of drift buoys and the tracking of sea ice structures 

using remote sensing data: 

• Drift buoys are deployed on the sea ice (mostly on thicker, stable floes) and 

continuously store or transmit their location obtained from GPS readings. Buoys 

provide spatially accurate drift information with a high temporal resolution, but only 

along single trajectories. The disadvantage is a low spatial density of measurements. 

The movement of thinner ice is not sufficiently represented since buoys are usually not 

deployed in such areas. 



5 Sea Ice Kinematics  28 / 115 

Deformation of Sea Ice 

 

• Satellite-based remote sensing can cover a large area over a long period. The data used 

for drift retrievals consist of sequences of overlapping images acquired at different 

times. This approach allows the application of digital image processing techniques like 

pattern matching or feature tracking to determine displacements of recognizable sea ice 

objects. Dependent on the time intervals between images, the drift velocity, and the 

presence of short-term variations in drift direction, these displacements approximate 

more or less closely the true ice drift trajectories. 

In the present work, the second method is used to retrieve drift information or, more 

precisely, the drift vector fields; using remote sensing SAR data, from different sensors and 

missions, and applying image processing technics. 

5.2 Deformation of Sea Ice 

The nature of sea ice deformation depends on its characteristic scale. At large (basin) 

scales, sea ice deformation occurs on Linear Kinematic Features, driven by wind, ocean 

currents, and stress in the ice. An LKF is defined as a failure zone where strain (both shear 

and divergence) is concentrated in narrow oriented bands. The sea ice deformation occurs in 

these features on scales that vary between basin-scale dimensions (hundreds of kilometers) 

and the mesoscale (10–70 km) [Hutchings et al., 2005]. The spatial variability of the driving 

forces attenuates by concentrating the differential motion on the LKFs. Theoretical studies 

have shown that the formation of LKFs is a natural result of the plastic behavior of the sea 

ice cover [Wang & Wang, 2009].  

At regional and local scales (< 10 km), wind and ocean currents are still the main forces 

that set sea ice into motion, but the interaction of the individual floes also plays an 

important role, and the deformation processes are diverse. 

Fracturing is the deformation process where ice is permanently deformed, and rupture 

occurs [JCOMM, 2014]. It often precedes other deformation processes, since differential 

kinematic processes take place along fractures and failure zones. A divergent ice drift 

results in opening processes, forming leads, or coastal polynyas (depending on the driving 

force, see Table 5). A convergent ice drift closes existing sea ice opening or creates tension in 

compacted or consolidated ice that may cause pressure processes such as rafting and 

ridging (Table 5). 



5 Sea Ice Kinematics  29 / 115 

Deformation of Sea Ice 

 

Table 5. Deformation processes and resulting features.  

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

Fracturing (a) 

Pressure process whereby ice is permanently deformed and rupture occurs. Most commonly used to 

describe breaking across the very close ice, compact ice, and consolidated ice. 

Fracture 

Any break or rupture through very close ice, compact 

ice, consolidated ice, fast ice, or a single floe resulting 

from deformation processes. Fractures may contain 

brash ice and be covered with nilas and young ice. The 

length may vary from a few meters to many kilometers. 

 Length 

Crack < 1 m 

Very small 1–50 m 

Small 50–200 m 

Medium 200–500 m 

Large > 500 m 
 

 

Opening (b) 

The diverging process, where a fracture in the sea ice opens 

Lead (b1) Polynya (b2) 

Any fracture through sea ice which is navigable 

by surface vessels. Leads may contain brash ice 

and be covered with new ice, nilas or young ice. 

Any non-linear shaped opening enclosed in ice. 

Typical forms are coastal polynyas driven by 

persistent offshore wind and open water 

polynyas driven by upwelling of warm water. 

Polynyas may contain brash ice and be covered 

with new ice, nilas, or young ice. 

 

Rafting (c)  Finger-rafting 

Pressure processes whereby one piece of ice 

overrides another. Most common in new and 

young ice. 

 Type of rafting whereby interlocking thrusts 

formed like “fingers” alternately over and 

under the other. 

 

Ridging (d) 

The pressure process by which sea ice is forced into ridges 

Pressure ridge (d1) Shear ridge (d2) 

A line or wall of broken ice forced up by pressure. 

Maybe fresh, weathered, or aged. The submerged 

volume of broken ice under a ridge (forced 

downwards by pressure) is termed an ice keel. 

When the base has frozen together, the ridge is 

consolidated (d1b). 

An ice ridge formation, which develops when 

one ice feature is grinding past another. This 

type of ridge is more linear than those caused by 

pressure alone. 

 

Hummocking (e) 

The pressure process by which sea ice is forced into hummocks. When the floes rotate in the 

process, it is termed screwing. 

Hummock (E) 

A hillock of broken ice which has been forced upwards by pressure.  
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6 Satellite Remote Sensing of Sea Ice 

In satellite remote sensing, onboard sensors record the reflected, scattered, and emitted 

radiation of the Earth's surface (including the biosphere, hydrosphere, and cryosphere) and 

the atmosphere. Satellite data of sea ice represent one of the longest-lasting Earth 

observation records. Since the early 1970s, different satellite sensors were developed and 

used effectively in routine surveillance of sea ice. [Shokr & Sinha, 2015] 

In contrast to on-site observations, remote sensing provides information about sea ice 

without physical contact and over long periods and large areas. In addition, external 

influences such as the weather can be minimized by various methods, and the scope of 

derived data is wider. Nevertheless, the resolution of satellite-derived information is 

temporally limited by the time gap between two observations of the same area. The 

achievable area coverage depends on the sensor and the spatial resolution on the 

wavelength of the received electromagnetic radiation. 

 

 

Figure 10. The radiation intensity of sun and earth, the atmospheric opacity, the different spectral 

bands, and the different satellite sensor types and their frequency range. [Adapted from Ulaby et 

al., 2014] 
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Figure 10 shows sensors attached to satellites record different electromagnetic radiation 

of the electromagnetic spectrum (ultraviolet, visible light, infrared, microwave, and radar). 

Sensor types are separated according to the wavelength of the recorded radiation. They 

operate either in active or passive mode. An active sensor includes a transmitting and a 

receiving antenna, whereas passive sensors can only receive electromagnetic waves emitted 

by other sources, e.g. the sun or the Earth’s surface. 

Optical and synthetic aperture radar (SAR) sensors enable spatially high-resolution sea 

ice monitoring from space. Data acquisitions with optical sensors operating in passive mode 

depend on solar radiation and are affected by cloud coverage, which does not allow 

continuous monitoring throughout the year in polar regions. These disadvantages do not 

exist when sea ice is monitored with SAR sensors, as the electromagnetic pulses are actively 

transmitted and not significantly weakened by clouds or the atmosphere in the used 

frequency bands (Figure 10). 

SAR monitors dynamic processes on the Earth's surface reliably, continuously, and 

globally, providing an excellent spatial resolution capability. SAR systems use a pulsed 

radar that records data in side-looking imaging geometry. It transmits electromagnetic 

pulses with high power and receives the echoes of the backscattered signal in a sequential 

way; typical values for the pulse repetition frequency range from a few hundred to a few 

thousand Hertz. The swath width varies typically from 30 to 500 km for satellite-based SAR, 

dependent on the spatial resolution that shall be achieved. The transmitted pulse interacts 

with the Earth's surface, and only a portion of it is backscattered to the receiving antenna, 

which can be the same as the transmit antenna (for a monostatic radar) or a different one (for 

a bi- or multi-static radar). The amplitude and phase of the backscattered signal depend on 

the physical (i.e., geometry, roughness) and electrical properties (i.e., permittivity) of the 

imaged object. [Moreira et al., 2013] 

The resulting reflectivity map is equivalent to a digital image. Like any digital images, 

SAR data can be interpreted as a two-dimensional function, f(x,y), where x and y are spatial 

(plane) coordinates, and the amplitude of f at any pair of coordinates (x,y) is called the 

backscattering intensity, brightness or grey value [Gonzalez & Woods, 2010]. This approach 

allows the application of digital image processing techniques such as optical flow, feature 

tracking, or pattern matching to determine displacements of objects within the image. 
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7 Sea Ice Drift from SAR Data 

Through determination of the position change of sea ice objects from at least two SAR 

images of consecutive acquisitions over the same region it is possible to retrieve the drift of 

sea ice: An object (ice feature or pattern) is tracked from one point in space in the first image 

to another point in space in the second image. The resulting displacement is, as mentioned 

before, a first-order approximation of the drift trajectory of the corresponding sea ice object. 

The human ability of pattern recognition makes it also possible to match objects and 

retrieve its displacement with high accuracy, but compared with algorithms, with high 

temporal expenditure. For this reason, manually retrieved information about sea ice drift is 

used only for validation or case studies. The following chapters discuss various image 

processing techniques for automatically determining the displacements of image objects 

within SAR data. 

7.1 Optical Flow 

The optical flow method assigns a displacement to every pixel in an image sequence via 

the corresponding brightness gradient. The most critical assumption of this method, which is 

usually described by Horn's restrictive equation [Horn & G. Schunck, 1981], is that 

brightness variations remain invariant in time for a given area; this limits the application of 

the optical flow to image sequences with high temporal resolution and a good signal to noise 

ratio [Gutiérrez & Long, 2003]. 

The aperture problem of the optical flow technique means that only the component in 

the direction of the gradient can be determined. It is necessary to define additional 

constraints to get two-dimensional displacement information. Thus, it is assumed that 

adjacent points move in approximately the same direction and at a similar speed. These 

limitations lead to problems, especially when considering differential kinematics since the 

displacement vectors are no longer independent and derived information becomes 

inaccurate. Despite the limitations of the method, sea ice drift can be successfully retrieved 

using the optical flow method for both optical satellite data [Petrou & Tian, 2017] and SAR 

data [Sun, 1996]. 
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7.2 Feature Tracking 

A feature tracking algorithm can be divided into three parts (Figure 11). In the first part, 

the algorithm identifies features such as corners or edges in both images. In the second step, 

these features are linked with so-called descriptors that characterize different feature 

properties. In the third part, the algorithm evaluates the similarity of the features found in 

the first image with those of the second image. Most of the descriptors classify the image area 

in which the feature is located, by a pairwise intensity comparison, resulting in a binary 

vector representation [e.g., Calonder et al., 2010]. On the one hand, this approach decreases 

the computational effort during the similarity check, but on the other hand, the binary 

representation reduces the area to be described to one criterion: the arrangement of the 

intensity values relative to one another. The algorithm evaluates the similarity of the binary 

descriptors by distance measurements, such as the Hamming distance. 

 

Figure 11. Schematic illustration of the feature tracking approach, including the identification and 

description of features as well as their similarity determination over the Hamming distance. Here, 

the descriptors are the "unfolded" version of the features above, in the form of a binary vector (1: 

above the intensity threshold and 2: below the intensity threshold). 

The advantage of feature tracking is its invariance to rotation and general illumination 

changes of the image. The main disadvantage is that in areas where no feature can be 

identified, e.g., due to low-intensity differences or high image noise, no tracking can be 

realized. Thus, the spatial distribution and resolution of the derived ice drift field depend 

strongly on the successful identification of features and can vary significantly across the 

image. 
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7.3 Pattern Matching 

A pattern in digital images can be considered as a spatial arrangement of pixels in a 

particular area (window, template). An algorithm based on pattern matching defines such 

windows and searches for matches of the enclosed patterns in consecutive images. As 

described in Figure 12, the similarity of patterns is evaluated by calculating the correlation of 

the corresponding image data (e.g., backscattering values at SAR data). Here, the normalized 

cross-correlation (NCC) is the most commonly used method to match patterns in the spatial 

domain. It provides excellent performance in the presence of image noise but is 

computationally intensive. 

The cross-correlation corresponds to the covariance between two spatial distributions of 

backscatter values and is mathematically equivalent to a convolution of two discrete 

functions. While the convolution of two discrete functions in the spatial domain causes 

several summations and multiplications, the result of the convolution can be estimated more 

efficiently within the spatial frequency domain; here a convolution is performed by the 

multiplication of the spectral representations of the functions. The corresponding correlation 

method used in this domain is the phase-correlation. [Hollands, 2012] 

 

Figure 12. Schematic illustration of the pattern matching approach. The correlation matrix 

describes the correlation of the patterns as a function of the two-dimensional shift to each other.  

In our study, we use a drift detection algorithm that transfers the SAR data into the 

spectral domain using the Fourier transform, where frequencies, phase angles, and 

amplitudes (described as complex numbers) represent the images. In this domain, the 

phase-correlation can be used to match patterns with high computational efficiency. One 
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additional advantage of a correlation in the spectral domain is the invariance to a rotation of 

patterns. 

A combination of a normalized cross-correlation and phase-correlation is a reliable way 

to obtain displacements of image patterns and retrieve the drift of sea ice. By adding the 

phase-correlation, the main disadvantage of pattern matching, the lack of rotational 

invariance, is mitigated. Compared to feature tracking, the pattern matching technique offers 

better control over the spatial distribution and positioning of the drift information obtained. 

For these reasons, the algorithm used in this work is based on the described pattern 

matching technique and the multi-scale multi-resolution approach described below. 

7.4 Search Strategy 

The search strategy used in our algorithm is a modified strategy described by Thomas et 

al. [2008] and Hollands & Dierking [2011]. It is based on a changing image resolution 

(resolution pyramid) and the correlation carried out using different window sizes (cascades). 

The applied strategy is a good compromise between the computational effort and reliable 

retrieval of pattern displacements, even with existing image noise or strong differential ice 

kinematics. 

To identify a particular pattern from the first image in the second one, a matching 

algorithm needs to scan the full extent of the second image, since sea ice may drift up to 100 

km per day; this is computationally inefficient. Another problem is that most matching 

techniques and their similarity measures are very sensitive to high-frequency noise. One 

concept to deal with these problems is the so-called resolution pyramid. Here, multiple 

versions of the same image with different resolutions are used within the matching 

procedure. At lower resolution levels, on the one hand, the noise is reduced and, on the other 

hand, large displacements become smaller compared to the pixel size. By using a changing 

correlation window size on multiple resolution pyramids in series (cascades), an additional 

component is added to the algorithm. Since the retrieved drift from the preceding cascade is 

evaluated again on the coarsest resolution level of the next cascade, it enables the algorithm 

to refine the vector field, i.e. to determine a pattern match on a smaller area of the image. 

While preserving the advantages of the resolution pyramid, the use of the cascade allows the 

algorithm to deal with differential ice kinematics in an image sequence, which might have 

been suppressed in a single pyramid. [Hollands, 2012] 
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Figure 13. Schematic illustration of the image resolution pyramid (increasing image resolution 

from left to right) and the cascading correlation window size (decreasing correlation window size 

from top to bottom). The offset of the second correlation window is handed over to the next 

algorithm step (pyramid level or cascade). The other correlation windows are depicted to 

demonstrate the overlap of correlation windows at different algorithm steps. 

In a resolution pyramid, the matching technique starts on a low-resolution version of 

the SAR images, continues through various intermediate resolution levels and ends by the 

high-resolution original SAR images (Figure 13). The correlation window size, starting with 

the largest window size, varies between predefined cascades, where each cascade integrates 

all levels of the resolution pyramid. In each cascade, the correlation window size at the 

highest resolution level determines the location of the drift information and the spacing 

within the grid; this means, if the correlation window size is 13 × 13 pixels, the spacing 
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between the grid points is 13 pixels in the last cascade or respectively more than 13 pixels in 

the preceding cascades (Figure 13). The factor by which the correlation windows and, thus, 

the grid spacing decreases per cascade is adjustable; values between 1
√2

⁄  and 1
2⁄  gave the 

best results in test runs. The algorithm adjusts the position of the correlation window in the 

second SAR image and shifts the center of the correlation window by the displacement 

determined in the previous step of the algorithm, for both resolution level and cascade 

(Figure 13); this reduces the computational effort and enhances the algorithm accuracy. 

The described search strategy also involves limitations. One of them is that adjacent 

drift vectors are not completely independent of each other. The approximate shift of several 

adjacent correlation windows is determined from the same or overlapping area within the 

previous algorithm step. Furthermore, regularization methods, such as interpolation 

(because of a failure of the matching technique), smoothing filters, and outlier elimination 

methods, contribute to further dependency on adjacent drift information. 

The problems described are of particular importance when differential kinematics are 

present, which is reflected in abrupt changes in drift direction and/or velocity. The resulting 

discontinuities are often found along linear zones. A method for detecting such 

discontinuities within a drift field and an integration of this information into the algorithm is 

discussed in the following peer-reviewed article. The article was published on the 12th of 

July in 2017 in the open-access journal Remote Sensing (MDPI). 
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Abstract: Retrievals of sea ice drift from synthetic aperture radar (SAR) images at high 

spatial resolution are valuable for understanding kinematic behavior and deformation 

processes of the ice at different spatial scales. Ice deformation causes temporal changes in 

patterns observed in sequences of SAR images, which make it difficult to retrieve ice 

displacement with algorithms based on correlation and feature identification techniques. 

Here, we propose two extensions to a pattern matching algorithm with the objective to 

improve the reliability of the retrieved sea ice drift field at spatial resolutions of a few 

hundred meters. Firstly, we extended the reliability assessment proposed by Hollands et al. 

[2015], which is based on analyzing texture and correlation parameters of SAR image pairs, 

with the aim to reject unreliable pattern matches. The second step is specifically adapted to 

the presence of deformation features to avoid the erasing of discontinuities in the drift field. 

We suggest an adapted detection scheme that identifies linear discontinuity features (LDFs) 

in the drift vector field and detects and replaces outliers after considering the presence of 

such LDFs in their neighborhood. We validate the improvement of our pattern matching 

algorithm by comparing the automatically retrieved drift to manually derived reference 

data for three SAR scenes acquired over different sea ice covered regions. 

Keywords: sea ice drift; sea ice deformation; pattern matching; reliability assessment; 

outlier detection; SAR images 
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I Introduction 

The drift of sea ice can be observed from space by synthetic aperture radar (SAR) and 

quantified using drift detection algorithms. The requirements that the applied algorithm has 

to meet regarding resolution, reliability and computing time vary with the type of 

application. If the drift information has to be provided in near real-time, the algorithm has to 

be fast, which means that only simple retrieval methods can be used. Such methods result in 

maps of ice drift with a comparatively coarse spatial resolution. Here, we focus on the 

retrieval of high-resolution sea ice drift information to document especially the small-scale 

kinematic behavior of sea ice and its deformation. The drift detection algorithm used in our 

work is based on pattern recognition to determine the displacement of recognizable sea ice 

objects in sequential SAR images [Hollands & Dierking, 2011]. We note that the application 

of the algorithm results in displacements of objects that can be identified in the ice cover. The 

drift is approximated from the straight line between the positions of a given structure 

derived from image 1 and 2, divided by the temporal difference between the acquisitions of 

both images. The true motion in this time interval is unknown. Our algorithm provides 

reliable drift and deformation information at a spatial resolution of 15 times the pixel size of 

the used SAR image. In our study, we used SAR images with pixel sizes between 50 and 150 

m, which means that the spatial resolutions of the drift fields range between 750 m and 2.3 

km. Typical spatial resolutions reported in other studies of sea ice drift derived from SAR 

imagery varied between 5 and 10 km [Holt et al., 1992; Pedersen et al., 2015]. 

An inhomogeneous drift of sea ice causes deformation processes such as a local opening 

in the ice cover or ice compression. The results of such processes are visible as, e.g., open 

water leads, ridges or rafting zones. Sea ice deformation changes the local ice thickness and 

triggers the production of new ice in open water leads. Thus, deformation is an important 

component of sea ice dynamics that affects the interaction between atmosphere, ocean, and 

ice. To detect patterns of sea ice deformation, which often appears localized as narrow 

features in a sea ice cover [Tin & Jeffries, 2003; Dierking & Dall, 2007], it is important to 

obtain spatially dense information about the ice drift, especially close to the zones of 

deformation. Here, a problem arises because patterns in the ice that are used for tracking ice 

displacements from SAR image pairs may change when deformation takes place between 

the acquisitions of the two SAR images. Resulting incorrect pattern matches of the drift 

detection algorithm may lead to incorrect drift vectors, which affects the magnitude of the 

sea ice deformation parameters calculated from the drift field. Therefore, the identification of 
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incorrect drift vectors is important, and the implementation of procedures for detecting 

unreliable pattern matches and outliers as modules of an ice tracking algorithm leads to 

higher reliability of the resulting drift and deformation retrievals. 

For the present study, we extended the pattern matching algorithm that was introduced 

by Thomas et al. [2008] and modified by Hollands & Dierking [2011]. It is a multi-scale 

multi-resolution algorithm that combines a phase-correlation (PC) and a normalized 

cross-correlation (NCC) technique to identify matching patterns in sequential SAR images. 

The combination of PC and NCC is useful; the advantage of the latter is its higher robustness 

against image noise (speckle), whereas the PC is computationally efficient and more robust 

with respect to non-linear ice drift, such as ice floe rotation [Reddy & Chatterji, 1996]. Pattern 

matching is performed such that the grid of the drift vector field is changed from coarse to 

dense spacing (scale cascade). At the same time, a resolution pyramid is built, starting with a 

resampled SAR image of relatively coarse pixel size and ending at the pixel size of the original 

image. Details of this processing are described in Thomas et al. [2008] and Hollands & Dierking 

[2011]. The size of the correlation window for pattern matching is determined by the balance 

between a robust correlation and the achievable spatial resolution of the drift field. As a 

result of this procedure, we obtain sea ice drift patterns on different spatial scales. Thereby, 

the need for initial drift information is avoided, and the stability of the algorithm is 

increased. The negative impact of artificial drift outliers is reduced by using a running box 

median filter. According to Thomas et al. [2008], this method of outlier removal provides a 

simple and effective means of data regularization. However, it should be noted that the use 

of an averaging filter involves a loss of small-scale information due to smoothing of real 

discontinuities, and due to the loss of statistical independence between adjacent drift vectors. 

To avoid this disadvantage, an adaptive method for the detection of outliers that explicitly 

takes the existence of discontinuities into account, and a reliability assessment of the 

individual pattern matches, are both needed. 

Hollands et al. [2015] found that in algorithms based on pattern matching, the 

correlation coefficient alone is not sufficient to judge the reliability of a drift vector. 

Therefore, they introduced an index for reliability assessment, denoted as “confidence 

factor” (CFA), which combines different metrics that quantify particular image properties. 

Four parameters characterizing the image texture and two parameters related to the 

normalized cross-correlation are calculated: mean intensity gradient (MIG), mean gradient 

slope (MGS), variance-to-squared-mean-ratio (VMR), intensity threshold (IT), correlation 

coefficient (NCCC), and confidence interval of the correlation coefficient (NCCI). For these 
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parameters, Hollands et al. [2015] determined thresholds above which a pattern match and 

the corresponding drift vector are regarded unreliable. As the algorithm proceeds through 

the cascaded resolution pyramids, the CFA is increased by one every time a texture or 

correlation parameter exceeds the threshold. A high CFA hence indicates areas in which the 

retrieved drift vectors are less reliable. 

Lavergne et al. [2010] presented a concept to find outliers in a drift vector field by 

including the direct neighborhood of each drift vector. An outlier is detected when the 

deviation to the average of the adjacent vectors is above a predefined threshold. In this case, 

pattern matching using a maximum cross-correlation is repeated with adapted constraints 

for the corresponding search area. 

In this paper, we focus on methods to determine unreliable pattern matches, and to 

detect and replace outliers in the sea ice drift retrieval, considering the presence of 

discontinuities in the drift vector field. To this end, we combine, modify, and extend the 

concepts of Hollands et al. [2015] and Lavergne et al. [2010], and add them to the drift 

detection algorithm implemented by Hollands and Dierking [2011]. To avoid the 

replacement of a drift discontinuity by a smoothed velocity transition, we develop an 

adapted data regularization scheme that identifies linear discontinuity features (LDFs) in the 

drift field. To verify the improvement attributed to the implemented extensions, we calculate 

benchmarks derived from the differences between automatically derived drift vectors and 

manually determined reference data. Finally, we discuss the influence of sea ice deformation 

zones in a sea ice cover on the accuracy of drift detection algorithms. 

II Materials and Methods 

II.I Reliability Assessment 

Hollands et al. [2015] introduced the concept of the confidence factor (CFA) to assess the 

reliability of the retrieved drift vectors. The CFA is a combination of different parameters 

that reflect the structural characteristics of each image, which are determined by intensity 

texture, speckle, and single extreme high-intensity spots due to specular reflections from the 

ice surface. In addition, it includes the correlation between the two images from which ice 

displacements are calculated and its confidence interval. We divide the CFA into two 

categories, i.e., image texture (texture_CFA) and correlation parameters (correlation_CFA). 

The total CFA is the sum of both. The texture_CFA consists of four parameters for 
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characterizing the ice structure that was already applied by Hollands et al. [2015] (Table 6). It 

is determined in each step of the drift algorithm (i.e., in each cascade and the particular level 

in the resolution pyramid) from the spatial variations of the backscattering intensities inside 

predefined areas (correlation windows) in image 1 and 2. Thereby homogeneous (texture 

free) areas such as ice shelves or zones of open water are identified and marked, for which 

pattern matching is not feasible. To evaluate the reliability based on the correlation 

(correlation_CFA), we modified the procedure described in Hollands et al. [2015]. Here, both 

the PC and the NCC between the correlation windows in image 1 and 2 are quantified by the 

coefficient of the NCC-coefficient (denoted as NCCC) and the relative peak magnitude of the 

PC (denoted as RPM), which is given by: 

RPM =  
PCpeak

PC̅̅ ̅̅
, (31) 

Here, PC̅̅̅̅  is the mean of the correlation matrix (which contains the results for the 

different spatial lags between the two correlation windows).  

In comparison to Hollands et al. [2015], our design of the correlation_CFA results in a 

stronger influence of the correlation measures on the total CFA. The purpose of the 

correlation_CFA is not only to detect highly unreliable pattern matches on the basis of the 

correlation parameters but also to establish a rank order of reliable drift candidates. To 

determine the threshold ranges for the correlation_CFA (shown in Table 6), we minimized 

retrieval errors derived in comparison to reference data by varying the ranges of the NCCC 

and RPM. Additionally, we adjusted values such that both subcategories of the CFA 

contribute an almost equivalent amount to the total CFA. The correlation_CFA is, in most 

cases, obtained from the NCC. Only if the PC provides a reliable correlation (CFA_PC < 4), 

while the NCC does not (CFA_NCC = 4), the former is used to determine the drift vector and 

the correlation_CFA. This case occurs in particular in ice regions with non-linear drift 

patterns (e.g., rotation of ice floes). As shown in Figure 14, the CFA serves to flag 

areas/matches revealing low reliability based on the combination of texture properties and 

correlation parameters. 
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Table 6. Thresholds and ranges for determination of the confidence factor. 

Confidence factor Abbreviations Threshold/Range Value 

Texture_CFA [Hollands et al., 2015] CFA_T  0–4 

Variance-to-squared-mean-ratio VMR < 0.5 +1 

Mean intensity gradient MIT < 1.7 +1 

Mean gradient slope MGS < 0.35 +1 

Intensity threshold IT > –3 dB +1 

Correlation_CFA (from NCC or PC) CFA_NCC or _PC  0–4 

NCC  

(coefficient and confidence interval) 

NCCC 

< 0.1 =4 

0.1–0.2 =3 

0.2–0.4 =2 

0.4–0.8 =1 

> 0.8 =0 

NCCI > 0.2 =4 

PC (Relative peak magnitude) RPM 

< 1.58 =4 

1.58–2.51 =3 

2.51–3.98 =2 

3.98–6.31 =1 

> 6.31 =0 

Confidence factor  CFA  0–8 

 

In many cases, the results of the PC and NCC reveal more than one reliable correlation 

peak. If a drift vector based on the highest correlation peak appears as an outlier in 

comparison to its adjacent vectors, an alternative drift candidate of the preceding correlation 

procedure iteratively replaces it (Figure 14b, box 1 under “Replacement”). In the first step, 

only drift vectors with the same CFA are potential candidates to replace the outlier. If these 

vectors still appear as outliers, alternative matches with a lower CFA are accepted. If no 

candidate fits into its neighborhood, or no other correlation peak is reliable (CFA_NCC = 4 

and CFA_PC = 4), the median of adjacent vectors is used for replacement. Whether all or only 

certain vectors from the neighborhood are used for calculating the median is decided based 

on the result of the procedure for detecting discontinuities described in Section II.II. We 

found that more than 50% of the outliers are replaced by an alternative drift candidate 

retrieved from the correlation data, and in the other cases, the outliers had to be replaced by 

the median determined from the adjacent drift vectors, as explained below. This item will be 

further addressed in the discussion below. 
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II.II Detection of LDFs and Outliers 

 

Figure 14. Flow diagram of the correlation procedure (a) and the outlier detection/handling (b). 

CW1,2: Correlation window pair for performing the PC (phase-correlation), NCC (normalized 

cross-correlation), and the various CFA parameters. CFA: confidence factor, T: texture. See the 

text for further explanation. 

The detection of drift vectors that deviate significantly in magnitude and/or direction 

from their neighborhood (in this text denoted as “outliers”) represents an essential part of 

our modified drift retrieval algorithm. One has to consider that in areas of active 

deformation processes, discontinuities occur in the ice drift field that requires special 

procedures for the detection and replacement of outliers. The aim of our new method is to 

adapt the application of averaging filters to the presence of discontinuities, and thus 

preserve drift variations caused by real sea ice deformation. To achieve this, the algorithm 
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considers the presence of sea ice discontinuity features (denoted as linear discontinuity 

features, LDF, in the following), which appear as localized linear or quasi-linear [Marsan et 

al., 2004] when detecting drift discontinuities in running windows over 3 × 3 grid cells. If an 

LDF is detected, the algorithm divides each window into two segments: vectors that reveal 

relatively small deviations to the central vector (denoted as “connected” vectors, Uc), and 

vectors with larger deviations that are separated from the central vector by the LDF (denoted as 

“separated” vectors, US). The subsequent detection of an outlier is then carried out by 

calculating statistics only on the connected vectors, to preserve the drift discontinuities. 

II.II.I Spatial Distribution of Discontinuities and Identification of LDFs 

As mentioned above, distinct discontinuities in the drift vector field are determined in a 

window covering 3 × 3 grid cells (Figure 15). The absolute velocity gradient between the 

central drift vector Uij and its adjacent vectors Uk in all eight discrete directions is calculated 

and stored in an 8-element velocity gradient vector G: 

𝐺𝑘(𝑖, 𝑗) =
√(𝑢𝑖𝑗−𝑢𝑘(𝑖,𝑗))²+(𝑣𝑖𝑗−𝑣𝑘(𝑖,𝑗))²

∆𝑠𝑘(𝑖,𝑗)
, 𝑓𝑜𝑟 𝑘 = 1 … 8 𝑎𝑛𝑑 𝑖 = 1 … 𝐼 𝑗 = 1 … 𝐽 (32) 

where k is linked to the positions of the adjacent drift vectors: 

𝑘 →  {𝑖 − 1, 𝑗 − 1;  𝑖 − 1, 𝑗;  𝑖 − 1, 𝑗 + 1;  𝑖, 𝑗 − 1;  𝑖, 𝑗 + 1;  𝑖 + 1, 𝑗 − 1;  𝑖 + 1, 𝑗;  𝑖+, 𝑗 + 1} 

and I and J are the dimensions of the retrieved drift vector field, u and v are the components 

of the drift vector U, and Δs is the distance between the positions of two drift vectors. With 

Δx and Δy being the grid spacing of the vector field in x- and y-direction, we obtain, e.g., 

Δsi−1,j = Δx and Δsi−1,j−1 = (Δx2 + Δy2)1/2. To differentiate between a continuous gradient and a 

discontinuity, a threshold is defined, which is determined in each cascade and resolution 

level as follows: Except for the outermost margin of a gridded drift field of size (I, J) we 

determine the gradients Gk(i,j), i = 1…I − 1, j = 1…J − 1, k = 1…4 in 3 × 3 windows for all grid 

cells in the image. For each window position, only the three grid cells above the center point 

and the grid cell to its left are considered to avoid double counts. Note that Gk(i,j) is 

calculated from the differences between center and adjacent grid cells, hence overlap zones 

between single windows reveal different gradients for each window position except for one 

cell if the overlap ≥ 4 cells. The probability density function (PDF) is evaluated from the 
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gradients over the entire drift field. An exponential function is then fitted to the PDF. In the 

next step, the value is calculated at which the cumulative distribution function (CDF) of the 

exponential fit is 0.9545. This point determines the twofold standard deviation of all velocity 

gradient values. As demonstrated in Figure 16, gradients above this threshold are considered 

as a discontinuity. The motivation and implications of this detection method are clarified in 

the discussion below. The identified discontinuities are stored in the binary decision vector 

Dk for each position i,j: 

𝐷𝑘(𝑖, 𝑗) = {
1, 𝐺𝑘(i, j)  >  2σ
0, 𝐺𝑘(i, j)  ≤  2σ

 (33) 

 

Figure 15. Schematic sea ice drift of a shear zone: (a) Drift of individual floes, (b) discretized drift, 

(c) spatial distribution of discontinuities, and (d) segmentation of the window of 3 × 3 grid cells. 

Indices i, j, k are explained in the text following Equation (32). 

 

Figure 16. Probability density function (PDF) of the absolute velocity gradient Gijk and the 

exponential fit. Absolute gradients higher than two standard deviations (2σ) are considered as 

discontinuities. 
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In the next step, the position i,j is categorized considering the spatial distribution of the 

identified discontinuities: isolated feature (1), no discontinuities (2), joint discontinuities (3), 

and randomly distributed discontinuities (4). The typical characteristics of these types are 

shown in Figure 17. Note that the eight grid cells around the center of the window represent 

gradients (categorized by their magnitude, according to Equation (3)). To determine the 

prevalent category, we defined a unique characteristic of Dk and the “ring differences” ΔDk 

(Equation (33)and (34)) for each category (Figure 17, row 4). 

Δ𝐷𝑘(𝑖, 𝑗) = 𝐷𝑘(𝑖, 𝑗) − 𝐷𝑘+1(𝑖, 𝑗) (34) 

 

Figure 17. Examples of the spatial distribution of discontinuities at position i,j for all categories, 

the binary decision vector Dk and the calculation of the “ring difference” ΔDk. The white circles 

indicate small gradients (≤ 2σ), the black ones indicate large gradients considered as 

discontinuities (> 2σ) (see Figure 2). The third column shows the segmentation of the 3 × 3 grid cell 

window required for the outlier detection and median calculation. The fourth column presents 

the unique characteristics for the identification of the respective category. In the fifth column, the 

method to detect an outlier in the corresponding category is listed. Category 1 (isolated feature) 

directly indicates an outlier at position i,j. 
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Figure 18. Decision schema of the spatial distribution of discontinuities (category 1, 2, 3, and 4), 

and the queries of the unique characteristics introduced in Figure 17. 

In Figure 18, we show the decision scheme that is used to distinguish between the four 

categories. Because of the invariance of the applied method to transposition or rotation of the 

elements in the 3 × 3 window, all 28 constellations are efficiently taken into account regarding 

the computational effort. 

II.II.II Segmentation by LDFs 

Category 1 (isolated feature) indicates an outlier at position i,j and no further detection 

step is required. Category 2 (no discontinuities) is trivial. Category 3 (joint discontinuities) 

represents an LDF, thus the 3 × 3 window is divided into the two segments: “separated” and 

“connected” drift vectors (see Figure 15 and Figure 17). Category 4 (randomly distributed 

discontinuities) is not assignable to an LDF; consequently, all vectors are considered as 

connected. 

II.II.III Adapted Outlier Detection 

To detect outliers in category 2, 3 and 4, the median absolute deviation (MAD) is 

applied on the segment of connected drift vectors Ucl in each window of 3 × 3 grid cells at the 

position i,j: 

𝑀𝐴𝐷(𝑖, 𝑗) = 𝑏 × 𝑀𝐸𝐷𝐼𝐴𝑁(|𝑈𝑐𝑙(𝑖, 𝑗) − 𝑀𝐸𝐷𝐼𝐴𝑁(𝑈𝑐𝑙(𝑖, 𝑗))|) (35) 

𝑀(𝑖, 𝑗) = |𝑈(𝑖, 𝑗) − 𝑀𝐸𝐷𝐼𝐴𝑁(𝑈𝑐𝑙(𝑖, 𝑗))| (36) 

where b (=1.4826) is a constant linked to the assumption that data are normally distributed. 

The index l = 1…L refers to the L-connected drift vectors Ucl. The MAD is a robust statistic in 
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the presence of outliers, and not sensitive to the sample size [Huber & Ronchetti, 2009; Leys 

et al., 2013]. An outlier in the center of the 3 × 3 window is detected if M > 2 × MAD, and 

replaced as described above and in Figure 1b. If M ≤ 2 × MAD, the central drift vector 

matches into its neighborhood and remains unchanged. 

II.III Validation 

To validate the applied methods, we generated a reference data set by visually tracking 

stable sea ice objects that can be identified in the sequential SAR images. For further 

investigations, we selected the objects such that they occur in different distances from the 

drift field discontinuities. The absolute and the relative difference between a reference and 

the corresponding automatically retrieved drift vector are denoted as retrieval errors Eabs and 

Erel, respectively: 

𝐸𝑎𝑏𝑠 = √(𝑢𝑎 − 𝑢𝑟𝑒𝑓)² + (𝑣𝑎 − 𝑣𝑟𝑒𝑓)² (37) 

𝐸𝑟𝑒𝑙 =

√(𝑢𝑎 − 𝑢𝑟𝑒𝑓)² + (𝑣𝑎 − 𝑣𝑟𝑒𝑓)²

√(𝑢𝑟𝑒𝑓)² + (𝑣𝑟𝑒𝑓)²

× 100 (38) 

We calculated five benchmark values representing the algorithm accuracy: B1 is the 

mean overall individual errors, B2 the root mean square of Ex, and B3 the mean angular 

error: 

𝐵1𝑥 =
∑ 𝐸𝑥

𝑁
 (39) 

𝐵2𝑥 = √
∑ 𝐸𝑥

2

𝑁
 (40) 

𝐵3 =
∑∆𝜑

𝑁
=

∑ |𝑡𝑎𝑛−1(
𝑢𝑎

𝑣𝑎
⁄ ) − 𝑡𝑎𝑛−1 (

𝑢𝑟𝑒𝑓
𝑣𝑟𝑒𝑓

⁄ )|

𝑁
 (41) 

where x can be either abs or rel, and n is the number of reference vectors. B4 and B5 are the 

number of relative errors Erel greater than 10% (B4) and 50% (B5). A relative error of 10% 



7 Sea Ice Drift from SAR Data  50 / 115 

Article 1 

 

represents a reasonable metric used in many practical applications [Thomas, 2008], and a 

relative error higher than 50% is considered a complete failure of the algorithm. 

We verified the improvement of the retrieved sea ice drift by implementing multiple 

versions (A1–A5) of our drift detection algorithm (see Table 7). The first version (A1) is the 

original cascaded multi-scale multi-resolution pattern matching algorithm without a 

reliability assessment (CFA) and any data regularization. The second version (A2) represents 

the algorithm discussed in Hollands and Dierking [2011], with no intrinsic use of the 

reliability assessment or explicit outlier detection, but with an application of a running box 

median filter. In the third version (A3), the algorithm is extended by the intrinsic use of the 

reliability assessment to decide whether conditions for a successful pattern matching are 

met. The fourth version (A4) builds on A3 and performs the presented outlier detection 

using the MAD on each window of 3 × 3 grid cells without preceding window segmentation. 

The final version (A5) includes the latter. 

Table 7. The applied methods of the five algorithm versions. 

Methods 
Algorithm version 

A1 A2 A3 A4 A5 

Median filter  X X   

Intrinsic use of the reliability assessment   X X X 

Outlier detection using MAD    X X 

Preceding window segmentation by an identified LDF     X 

 

II.IV Calculation of Sea Ice Deformation Parameters 

To determine whether a dependency of the algorithm accuracy to sea ice deformation 

exists, we derived the deformation parameters directly from the retrieved sea ice drift field. 

The parameters are usually calculated from the invariants of the strain rate tensor 

comprising the partial derivatives of the drift field [Thorndike & Colony, 1982]: 

𝜀�̇�ℎ𝑒𝑎𝑟 = [(
𝜕𝑢

𝜕𝑥
−

𝜕𝑣

𝜕𝑦
)

2

+ (
𝜕𝑢

𝜕𝑦
+

𝜕𝑣

𝜕𝑥
)

2

]

1/2

 (42) 

𝜀�̇�𝑖𝑣 =
𝜕𝑢

𝜕𝑥
+

𝜕𝑣

𝜕𝑦
 (43) 
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𝜀�̇�𝑜𝑡𝑎𝑙 = √𝜀̇2𝑑𝑖𝑣 + 𝜀̇2𝑠ℎ𝑒𝑎𝑟 (44) 

Following Lindsay and Stern [2003], we computed the partial derivatives by an 

approximation of the line integral around the boundary of each grid cell (e.g., ∂u/∂x): 

𝜕𝑢

𝜕𝑥
=

1

𝐴
∮ 𝑢 𝑑𝑦 ≅

1

2𝐴
∑(𝑢𝑖+1 + 𝑢𝑖)(𝑦𝑖+1 − 𝑦𝑖)

𝑛

𝑖=1

 (45) 

where A is the area of the grid cell calculated using Gauss’s area formula, and the other 

partial derivatives are determined analogously. 

III Test Sites, SAR and Reference Data 

Table 8. Test sites and SAR data description. 

 Test site 

Region Ronne Polynya Weddell Sea Arctic Ocean 

Extent overlap (N/S) 74°S/77°S 73.4°S/75°S 85°N/80.5°N 

Extent overlap (W/E) 64°W/49°W 39°W/33.5°W 17°E/48.5°E 

Overlapping area 60,000 km2 14,000 km2 100,000 km2 

Satellite Envisat ASAR TerraSAR-X Sentinel-1 

Reprojection Polar Stereo. Polar Stereo. Polar Stereo. 

Band & mode C, Wide Swath X, ScanSAR C, EW Swath 

Used resolution 150 m 50 m 80 m 

Date 22.−23.02.2008 14.−15.02.2014 01.−02.01.2015 

Season Summer Summer Winter 

Acquisition time gap (Δt) 23:30 h 6:13 h 24:41 h 

Drift grid spacing (ΔS) 2250 m 750 m 1200 m 

 

Each test site comprised two sequential SAR images, which are geocoded and calibrated 

using the commercial software SAR-Scape. The SAR image pairs were acquired over two 

regions in the Weddell Sea (Ronne Polynya and central southern Weddell Sea), and north of 

Fram Strait in the Arctic. The coordinates of the overlapping areas between the image pairs 

are listed in Table 8. The selected test sites represented different ice conditions. Also, the 

sensor configurations (frequency, spatial resolution, imaging modes) and the time gaps 

between the acquisitions of the two SAR images are different. The reference data used for 

validating our results comprise about 100 manually derived drift vectors per test site. 
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IV Results 

IV.I Drift Retrievals and Algorithm Accuracy 

The drift detection algorithm used in our work provides high-resolution sea ice drift 

retrievals with spacing between drift vectors between 750–2250 m (see Table 8). Table 9 lists 

parameter of sea ice kinematics that quantify differences in sea ice kinematics between the 

three test sites. The kinematic parameters are directly derived from the drift vectors obtained 

with the algorithm version A5. As an example, Figure 19 shows retrieved drift vectors in 

comparison to the reference vectors and the automatically determined total deformation for 

the SAR scene acquired in the Weddell Sea. The comparison of the retrieved drift (A3 and 

A5) and the reference drift (Figure 19c,d) reveals the improvement of the accuracy of the 

former in areas of larger strain rates when the algorithm version A5 is applied. 

To display the change in algorithm accuracy for all three test sites and all five algorithm 

versions, we provide the results for the benchmarks introduced in Table 10. The values 

demonstrate the highest consistency between reference and automatically retrieved sea ice 

drift vectors when the extended algorithm A5 was applied. Except for one case, all 

benchmarks indicate higher algorithm accuracy for each extension of the algorithm from 

versions A1 to A5. The exception occurs in the scene acquired over the Arctic Ocean, for 

which the mean angular error B3 increases between retrievals obtained from version A2 and 

A3. A closer examination revealed that the total error was dominated by the individual error 

of a single drift vector. Here, the reliability assessment replaced a “short” vector indicating a 

low drift velocity with a vector with a wrong orientation. This example demonstrates that 

the reliability check may deteriorate the final result in rare cases. 

The high values of benchmark B4 obtained for the Weddell Sea are due to the short time 

gap between acquisitions of images 1 and 2, which results in smaller absolute displacements 

of the sea ice cover. However, the number indicating complete failure of the algorithm (B5) is 

much lower and decreased considerably through the different implementation steps. 
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Table 9. Parameter of sea ice kinematic. 

Kinematic parameters 
Test site 

Ronne Polynya Weddell Sea Arctic Ocean 

Mean absolute drift |�̅�| [ms−1] 0.094 0.036 0.231 

Mean total strain rate �̅�𝒕𝒐𝒕𝒂𝒍 [s−1] 4.007 × 10−6 10.616 × 10−6 1.981 × 10−6 

Mean divergence rate �̅�𝒅𝒊𝒗 [s−1] −0.191 × 10−6 −0.113 × 10−6 −0.351 × 10−6 

Mean shear rate �̅�𝒔𝒉𝒆𝒂𝒓 [s−1] 3.287 × 10−6 9.003 × 10−6 1.725 × 10−6 

 

Figure 19. TerraSAR-X scene acquired in the Weddell Sea. (a) Manually derived reference drift 

and (b) automatically retrieved drift using algorithm A5. The upper right image (b) includes the 

total deformation. The lower images show the difference between reference vectors and the drift 

retrieved using A3 (c) and A5 (d) (grey background: total deformation greater than 0.2 per time 

interval Δt). 

In general, the improvement attributed to the reliability assessment (A3) is—with the 

one exception discussed above—significant in all drift fields for the three test sites shown in 

Table 5. In combination with the adapted outlier detection (A5), the algorithm provides 
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highly accurate drift retrievals. The mean relative error (B1rel) of all three scenes is lower than 

10%, and the number indicating complete failure of the algorithm (B5) decreases to 0. 

Table 10. Results of the algorithm accuracy benchmarks (B1–B5) for the algorithm versions (A1–A5). 

Test site 

Algorithm accuracy benchmarks 

B1abs B1rel B2abs B2rel B3 B4 B5 

[pixel m] [%] [pixel m] [%] [°]   

Ronne Polynya  

Envisat ASAR  

22/23 February 2008 

A1 3.89 584 4.8 24.10 3616 27.9 2.40 4 1 

A2 2.21 331 4.1 5.08 763 15.1 1.31 4 1 

A3 1.84 276 3.8 4.15 622 14.4 1.17 3 1 

A4 1.19 179 1.8 1.54 232 2.5 0.65 1 0 

A5 1.16 174 1.7 1.48 222 2.4 0.60 1 0 

Weddell Sea  

TerraSAR-X  

14/15 February 2014 

A1 30.35 1518 48.0 90.54 4527 124.3 20.39 37 15 

A2 13.54 677 20.2 28.03 1401 36.5 13.84 37 14 

A3 8.60 430 14.9 15.71 786 32.3 7.58 29 11 

A4 5.05 253 11.4 7.76 388 31.7 5.55 25 3 

A5 4.13 207 7.7 5.64 282 11.5 3.08 21 0 

Arctic Ocean  

Sentinel-1  

01/02 January 2015 

A1 6.97 558 2.6 25.05 2004 8.1 1.08 4 2 

A2 5.64 451 2.0 23.87 1909 6.4 0.62 2 1 

A3 4.20 337 1.7 12.10 966 3.9 0.74 2 0 

A4 3.44 276 1.5 5.52 441 2.2 0.58 1 0 

A5 3.08 246 1.3 4.04 323 2.0 0.54 1 0 

 

We found the most distinct improvement for the Weddell Sea scene, which exhibited 

the highest sea ice strain rates (𝜀�̅�𝑜𝑡𝑎𝑙 in Table 9). This observation supports the assumption 

that an erroneous retrieval of a drift vector can be mainly attributed to the existence of 

discontinuities in the drift field. In Figure 20, we quantify the dependence between the 

relative error Erel and the distance to a severe deformation. The total deformation 𝜀𝑡𝑜𝑡𝑎𝑙 per 

acquisition time gap Δt (Equation (42)—(44)) is derived using the output of algorithm 

version A5, since it represents the most reliable sea ice drift field. We considered a total 

deformation greater than 0.2 per time interval Δt as severe and used the corresponding 

locations as reference for calculating the minimum distance to the adjacent drift vectors, for 

which the relative errors obtained from versions A1 to A5 of the retrieval algorithm could be 

determined relative to a reference vector. Figure 20 shows the results for A1, A3, and A5. If 

the distance to a severe deformation is larger than two times the grid spacing (2ΔS), a 

sufficiently low error is achieved. Inaccurate drift vectors (Erel > 10%) are primarily observed 

particularly close (distance < 2ΔS) to a severe deformation. Highly inaccurate vectors (Erel > 

50%) only occur in A1 and A3. 
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Figure 20. Dependence of the relative error (Erel, logarithmic) on the distance to a severe 

deformation (εtotal > 0.2). 

IV.II Computational Efficiency 

Table 11 shows the computing time of the applied algorithm in seconds and the 

resulting number of retrieved drift vectors for all three scenes and algorithm versions A1 and 

A5. It should be noted that the algorithm was not optimized regarding the computational 

efficiency and that the grid resolution (spacing between drift vectors) is much higher 

compared to most other results of SAR based drift detection algorithms discussed in the 

literature. The intention here is to demonstrate the computational effort of the introduced 

methods by comparing algorithm versions A1 and A5. The variables that affect the 

computing time are the number of performed cascades and pyramid levels, the number of 

retrieved drift vectors, and the complexity of the sea ice drift patterns. The number of 

algorithm steps was fixed to 12 (four cascade and three pyramid levels), and the grid spacing 
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of the drift vector field was set to 15 times the SAR resolution. The investigation area size 

varied from 14,000 km2 to 100,000 km2. We observe the highest computing time per 100 

vectors for the test site from the Weddell Sea, which exhibited the most complex sea ice 

kinematics. The inclusion of the algorithm extensions proposed here even decreased the 

computing time for this scene by a factor of 0.8. An explanation for this is the drift 

regularization in preceding algorithm steps, which led to a more efficient correlation 

procedure in subsequent steps. In the other two scenes, the computing time was increased by a 

factor of 1.15 (Arctic Ocean) and 1.25 (Ronne Polynya). 

Table 11. Computing time of algorithm version A1 and A5, and the number of drift vectors for the 

given SAR scenes. 

Test site Number drift vectors 

Computing time 

total [s] per 100 vectors [s] 

A1 A5 A1 A5 

Ronne Polynya 14,000 170 210 1.2 1.5 

Weddell Sea 29,000 580 460 2.0 1.6 

Arctic Ocean 77,000 1000 1200 1.3 1.5 

 

 

V Discussion 

The achieved increase of the retrieval accuracy justifies the application of the two 

extensions to the ice drift detection algorithm that we suggested in this study. The additional 

computing effort is appropriate. The degree of improvement depends on the ice conditions 

and kinematics. These parameters determine the presence of discontinuities in the ice drift 

field that indicates the formation of a deformation structure. However, sensor configurations 

and acquisition time gaps also have to be considered, as the former influence the image 

texture, and the latter affect the correlation. 

The modified CFA allows a better reliability assessment of the individual pattern 

matches. In comparison to the CFA introduced by Hollands et al. [Hollands et al., 2015], we 

included both correlation methods (NCC and PC). In addition, we apply partitioned 

thresholds that allow a more precise assessment based on the correlation parameters (see 

Table 6). One issue in this context is that the thresholds for the texture_CFA determined by 

Hollands et al. [2015], and also used in our study, are based on C-band SAR data. Thus, a 

future task is to test and — where appropriate — adapt thresholds and ranges of the 

texture_CFA for different radar bands. 
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In addition to the original algorithm described by Hollands and Dierking [2011], we use 

the results of both correlation methods (PC and NCC) for the retrieval of a drift vector. To 

this end, we implemented a data regularization scheme that replaces vector outliers 

primarily by alternative matches from the correlation procedure (i.e., secondary peaks of the 

correlation functions). As demonstrated in Table 12, the drift retrieval includes more 

alternative drift vectors derived from pattern matches than vectors calculated as median 

from adjacent vectors. Because no general averaging filter is applied, and the implemented 

identification of LDFs preserves drift discontinuities, smoothing effects are minimized. 

These points are important in order to investigate the small-scale kinematic behavior of sea 

ice and its deformation processes. 

Table 12. The mean percentage of all detected outliers, and the used replacement method of these 

outliers. 𝜀�̅�𝑜𝑡𝑎𝑙: mean total strain rate, Δt: acquisition time gap, ΔS: grid spacing. 

 

Compared to other published methods that identified drift outliers [Lindsay & Stern, 

2003; Lavergne et al., 2010; e.g., Komarov & Barber, 2012], we implemented a method that 

automatically calculates thresholds for identifying outliers in the drift field. The detection of 

an outlier using the MAD is based on the relative deviation of a vector compared to its 

neighbors (see Equations (35) and (36)). The threshold for detecting a discontinuity is 

determined from the velocity gradients retrieved from the entire vector field in the overlap 

area between image 1 and image 2 (Figure 16). However, since the absolute value of the 

threshold in terms of the velocity gradient that is obtained as suggested depends on the 

variability of the drift vector field, it does not present a “global” threshold for detecting a 

discontinuity. To solve this problem, more data sets need to be analyzed to implement a 

method that considers the magnitude and spatial variability of the ice drift. It has also to be 

taken into account that the threshold depends on spatial and temporal scales. Figure 21 

shows the variation of the automatically adapted discontinuity threshold at the different 
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spatial scales of the three resolution pyramid levels as they progress through the four 

cascades. 

 

Figure 21. Variation of the threshold to identify discontinuities (2σ of the velocity gradient 

distribution, see Figure 16) at the different spatial scales of the algorithm steps for all test sites. 

An analysis of sea ice deformation regarding spatial and temporal scales has revealed a 

strong heterogeneous and intermittent character of the deformation [Rampal et al., 2008; e.g., 

Hutchings et al., 2011; Muckenhuber et al., 2016]. Thus, deformation becomes more and more 

localized at smaller scales, with severe deformation occupying a smaller fraction of the total 

area [Marsan et al., 2004]. Our cascaded algorithm automatically retrieves drift on a Eulerian 

grid at different spatial scales. Hence, it is possible to analyze the dependence of the 

deformation on different spatial scales and derive information about the mechanical 

behavior of the ice at those scales. The high accuracy of our algorithm, and especially the 

improvement in accuracy when deformation zones are present, allows reliable scaling 

analysis of the derived sea ice deformation. As part of future investigations, we plan to 

extend recently published results towards smaller spatial scales. We regard the algorithm 

presented here as a useful tool for those investigations. 

VI Conclusions 

The present work introduced two extensions to algorithms for sea ice drift detection 

based on pattern matching. One was related to the check of the reliability of the individual 

pattern matches, and the other to the detection and replacement of vector outliers in the 

vicinity of discontinuities in the drift field. The motivation was to improve the accuracy of 

the retrieved drift vector field and to preserve the discontinuities in the drift field since they 

represent zones of sea ice deformation. We showed that erroneous drift vectors appear more 
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frequently close to active deformation zones. If outliers have to be replaced, an alternative 

reliable drift vector obtained from the correlation matrix can be found in more than 50% of 

all cases; hence the use of median values can be avoided. We demonstrated the applicability 

of our algorithm on data sets from three different ice-covered ocean regions representing 

different SAR acquisition parameters and ice conditions. The conducted benchmark test 

indicates that the extended reliability assessment and advanced outlier detection result in 

higher algorithm accuracy and higher reliability of the resulting drift vector retrievals and 

the derived deformation parameters. The drift and deformation products that are the output 

of our algorithm are the basis for further studies towards understanding the kinematic and 

mechanic behavior of sea ice and its deformation processes over a wide range of spatial 

scales. 
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8 Derivation of Sea Ice Deformation from SAR Data 

The following chapter will give an overview of the derivation of sea ice deformation 

from SAR data. Here, two methods are described: first, the identification of visible features 

in the backscattered radar intensity and, second, the application of drift detection algorithms 

on sequential SAR images to identify spatial variations and discontinuities in the drift field, 

which are associated with deformation processes. 

8.1 Identification of Visible Deformation Features 

 

Figure 22. Different representation of deformed sea ice in SAR images acquired at C- and L-bands. 

Various deformation features can be imaged using synthetic aperture radar (SAR). The 

radar is sensitive to the roughness of the reflecting surface on scales of the radar 

wavelength, to changes of the local incidence angle of the radar beam on scales larger than 

the radar wavelength, to inhomogeneities in the ice such as (millimeter to centimeter sized) 

air bubbles and cracks (on meter to kilometer scales), and to changes of the dielectric 

properties of the ice. The capability to distinguish unambiguously between smooth level ice 

and deformation features depends on the radar frequency, polarization, incidence angle, 

signal-to-noise ratio, and spatial resolution. In general, rafted ice, pressure ridges, and shear 

zones, which indicate sea ice deformation, can often be identified because they appear 

brighter in comparison to level ice; whereby, the radar intensity contrast is larger at L-band 

than at C-band (Figure 22). [Dierking & Dall, 2007] 
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The direct identification of deformed sea ice has the advantage that non-active 

deformation zones, e.g., consolidated pressure ridges, can be detected. Thus, conclusions 

about the past sea ice dynamic can be made, and hazards for marine traffic that are caused 

by such inactive deformation features are assessable. 

However, automation of this identification process is difficult because the 

differentiation of level and deformed ice, as described above, depends on many factors. 

Besides, very limited conclusions can be made on the current prevailing sea ice kinematics 

and associated processes. For this purpose, it needs strain rates, derived as described in the 

following chapter. 

8.2 Derivation of Sea Ice Deformation from a Drift Vector Field 

An inhomogeneous drift of sea ice causes differential kinematic processes such as a 

local opening in the sea ice cover, ice compression, or shear. These processes lead to sea ice 

deformation and are described by the deformation parameters (Chapter 4.3). Thus, it is 

possible to estimate ice deformation by determining strain rates and the invariants of the 

strain rate tensor from the drift vector field retrieved from SAR data. The calculation of the 

strain rate tensor and its invariants, the deformation parameters, using the infinitesimal 

strain theory is described in Chapter 4. 

In the calculation of the deformation parameters, different issues have to be considered. 

Both the propagation of the drift retrieval error, as well as the discretization method and the 

associated grid type play an important role. These aspects are examined and evaluated in the 

following peer-reviewed article, which was published on the 3rd of March in 2018 in the 

open-access journal Remote Sensing (MDPI). 
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Abstract: We studied two issues to be considered in the calculation of parameters 

characterizing sea ice deformation: the effect of uncertainties in an automatically retrieved 

sea ice drift field, and the influence of the type of drift vector grid. Sea ice deformation 

changes the local ice mass balance and the interaction between atmosphere, ice, and ocean, 

and constitutes a hazard to marine traffic and operations. Due to numerical effects, the 

results of deformation retrievals may predict, e.g., openings and closings of the ice cover 

that do not exist in reality. We focus specifically on fields of ice drift obtained from 

synthetic aperture radar (SAR) imagery and analyze the Propagated Drift Retrieval Error 

(PDRE) and the Boundary Definition Error (BDE). From the theory of error propagation, 

the PDRE for the calculated deformation parameters can be estimated. To quantify the BDE, 

we devise five different grid types and compare theoretical expectation and numerical 

results for different deformation parameters assuming three scenarios: pure divergence, 

pure shear, and a mixture of both. Our findings for both sources of error help to set up 

optimal deformation retrieval schemes and are also useful for other applications working 

with vector fields and scalar parameters derived therefrom. 

Keywords: sea ice; deformation; drift; SAR; uncertainties; error analysis 
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I Introduction 

The deformation of sea ice is a key process in sea ice dynamics due to its significant 

effect on ice production, ice thickness evolution, ice decay, and melting. Deformed sea ice is 

a potential hazard for logistical operations in the polar regions. Sea ice is deformed by 

mechanical forces generated by wind, ocean currents, internal ice stress, and blocking 

effects at obstacles such as coastlines, islands, or icebergs. Satellites equipped with, for 

example, optical scanners or imaging radars can be used to monitor sea ice deformation 

over regions of smaller and larger extensions, with different spatial and temporal 

resolutions. In this paper, we focus specifically on the use of synthetic aperture radar (SAR) 

since this instrument type is not affected by cloud cover and darkness. An overview of the 

use of SAR for sea ice remote sensing and sea ice properties that need to be considered in 

this context can be found in, e.g., Dierking [2013]. Two methods are established to derive 

sea ice deformation from SAR images: 

• Identification of visible features in images showing the backscattered radar intensity. 

Rafted ice, pressure ridges, and shear zones, which indicate sea ice deformation 

processes, can often be identified in SAR images because they appear brighter in 

comparison to smooth level ice [Fily & Rothrock, 1990; e.g., Dierking & Dall, 2007]. 

• Application of drift detection algorithms (e.g., pattern matching or feature tracking) on 

sequential SAR images to identify spatial variations and discontinuities in the sea ice 

drift field, which may be associated with sea ice deformations [Li et al., 1995; Stern & 

Moritz, 2002; Thomas et al., 2008; Linow et al., 2015; Pedersen et al., 2015; Muckenhuber 

et al., 2016; e.g., Korosov & Rampal, 2017]. 

For both methods, the detectability of sea ice deformation depends mainly on the 

spatial resolution of the images, the radar frequency used for image acquisition, and the 

season (freezing versus melting conditions) [Vesecky et al., 1990; Melling, 1998; Linow & 

Dierking, 2017]. For the retrieval of ice drift, the temporal stability of ice features is an 

important criterion [Hollands et al., 2015]. In our work presented here, we only consider the 

application of drift detection algorithms to derive sea ice deformation from SAR images. 

Drift detection algorithms provide displacement vectors, which are approximated from 

straight lines between the positions of visible sea ice patterns or single features detected in 

the sequential SAR images. By taking the time passed between the two acquisitions into 

account, these displacement vectors can be considered as approximations to the path of the 



8 Derivation of Sea Ice Deformation from SAR Data  64 / 115 

Article 2 

 

ice drift. For pattern matching, it is a common approach to construct a regular Cartesian grid 

in which the origins of drift vectors lie on the grid vertices. Since prominent ice features are 

usually irregularly distributed over a region, the drift vectors retrieved from feature tracking 

are also irregularly spaced and the vector field is unstructured. The spatial and temporal 

resolutions of the drift vectors depend on the SAR sensor configuration and the time passed 

until an area is imaged a second time. The derived sea ice deformation is computed from the 

invariants of the strain rate tensor, which is a function of the partial derivatives of the 

retrieved drift field [Thorndike & Colony, 1982]. Errors in the computed deformation 

parameters arise from uncertainties in magnitude and direction of the drift vectors and as a 

result of the discretization in a grid. Both sources of errors are treated in this paper. Our 

results are useful for other applications that retrieve or produce sea ice drift data to derive 

deformation parameters; this includes drift fields from models predicting sea ice conditions 

as well as data obtained using other observation methods (e.g., buoy arrays). 

• Propagated drift retrieval error (PDRE): Based on the theory of error propagation, one 

can estimate the statistical uncertainties of the deformation parameters caused by the 

uncertainties of the drift vectors [Lindsay & Stern, 2003]. For characterizing 

deformation, the three invariants divergence, shear, and vorticity are calculated based 

on the line integral around the boundary of a predefined grid cell. According to 

Lindsay & Stern [2003], the error of the invariants is proportional to the error in area 

change caused by erroneous drift vectors. It depends on the number of drift vectors 

used for the calculation of the line integral, the size of the deformation cell, and the 

acquisition time gap of the successive SAR images. Lindsay & Stern [2003], for 

example, estimated an error in divergence of 0.005 (0.5%) per day for a drift field given 

at a spatial resolution of 10 by 10 km and with a time gap between image acquisitions 

of 3 days (both typical for the RADARSAT Geophysical Processor System, RGPS), 

assuming a drift detection error of 0.1 km. Here, it should be noticed that the 

deformation error can be much higher when difficult tracking conditions are present or 

the temporal and spatial resolution changes. This is addressed in the discussion below. 

• Boundary definition error (BDE): In the case of sea ice, deformation features often 

appear as distinct discontinuities in the drift field. Shear zones, e.g., are linear 

boundaries between ice floes drifting antiparallel relative to one other (see Figure 1). 

Pressure ridges occur if ice floes move towards each other. Vorticity reflects curvilinear 

motion and may indicate rotations of single ice floes. With only a few points defining 

the deformation cell, errors in the computed deformation parameters may be 
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significant because boundaries between different drift zones in the presence of 

localized deformations such as leads or ridges may not be adequately represented 

[Lindsay & Stern, 2003]. This results in artificial strain rates and a loss of invariance 

[Lindsay & Stern, 2003; Bouillon & Rampal, 2015]. Figure 23 shows how the BDE 

results in artificial opening and closing when a shear zone runs through a regular 

deformation grid. The BDE may lead to misinterpretations of the derived deformation 

processes and affect statistics decisively. 

The aim of our work is to quantify the uncertainties when deformation is derived from 

a field of drift vectors retrieved from SAR images on different grids, considering the effect 

of discretization. To this end, we apply analytical expressions based on error propagation 

(PDRE) and perform numerical experiments (BDE). We present the results of these 

experiments by giving examples and a general overview. Additionally, we visualize a 

simplified form of the equations expressing the PDRE. Finally, we discuss both error types, 

their origin, the impact on the computed sea ice deformation, and methods of improvement. 

 

Figure 23. Envisat ASAR (Advanced Synthetic Aperture Radar) scene acquired in the Weddell Sea 

showing the artificial opening and closing as a result of the boundary definition error (BDE). (a) 

The ice on the left side is blocked by an iceberg; hence, a shear zone is formed between stationary 

and drifting ice. (b) Ice drift vectors determined with a pattern matching approach described in 

Thomas et al. [2008]. (c) Divergence calculated from the drift vectors, revealing both opening and 

closing of the ice (although the expected divergence is zero). 

II Methods  

II.I Deformation Grid and Computation 

We obtained the deformation parameters shear rate, divergence rate, total strain rate, 

and vorticity directly from the spatial derivatives of the retrieved drift field: 
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𝜀�̇�ℎ𝑒𝑎𝑟 = [(
𝜕𝑢

𝜕𝑥
−

𝜕𝑣

𝜕𝑦
)

2

+ (
𝜕𝑢

𝜕𝑦
+

𝜕𝑣

𝜕𝑥
)

2

]

1/2

, (46) 

𝜀�̇�𝑖𝑣 =
𝜕𝑢

𝜕𝑥
+

𝜕𝑣

𝜕𝑦
 , (47) 

𝜀�̇�𝑜𝑟𝑡 =
𝜕𝑣

𝜕𝑥
−

𝜕𝑢

𝜕𝑦
 , (48) 

𝜀�̇�𝑜𝑡𝑎𝑙 = √𝜀̇2𝑑𝑖𝑣 + 𝜀̇2𝑠ℎ𝑒𝑎𝑟 . (49) 

The derivatives are calculated using the line integral around the boundaries of a grid 

cell. For this purpose, grids need to be defined, where each grid vertex represents the origin 

of a drift vector. 

The simplest case crucial as regularly distributed origins of drift vectors on a grid of squares 

(Q1, Figure 24a). A grid of right-angled triangles can vary in the individual orientation of 

the triangles (T1 and T2, Figure 24c and d). For spatially irregularly distributed drift vector 

origins (as in the case of feature tracking), we used paving or triangulation algorithms to 

create a grid of quadrangles or triangles (Q2 and T3, Figure 24b and e). These algorithms 

maximize the individual internal angles of the grid cells. 

The partial derivatives of the drift vector field are calculated from a line integral, which 

for discrete values is approximated by using the trapezoidal rule (e.g., ∂u/∂x): 

𝜕𝑢

𝜕𝑥
= 𝑢𝑥 =

1

𝐴
∮ 𝑢 𝑑𝑦 ≅

1

2𝐴
∑(𝑢𝑖+1 + 𝑢𝑖)(𝑦𝑖+1 − 𝑦𝑖)

𝑛

𝑖=1

 (50) 

where A is the area of the cell, which is obtained from Gauss’s area formula. The other partial 

derivatives were determined analogously by the following equations: 

𝑢𝑦 = −
1

𝐴
∮ 𝑢 𝑑𝑥, (51) 

𝑣𝑥 =
1

𝐴
∮ 𝑣 𝑑𝑦 , (52) 
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𝑣𝑦 = −
1

𝐴
∮ 𝑣 𝑑𝑥 . (53) 

 

Figure 24. Regular (a) and irregular (b) deformation grids of squares. For triangles, three different 

constellations used in our study are shown: regular ((c) and (d)) and irregular (e). The positions 

of grid vertices correspond to the origins of the drift vectors. 

II.II Propagated Drift Retrieval Error 

The standard uncertainty of the deformation parameters (vorticity, shear, and 

divergence) as a result of the drift retrieval uncertainties can be derived using the theory of 

error propagation. The variances for the velocity gradients ux,, uy, vx, and vy are obtained 

from calculating the derivatives for A, ui, and yi (e.g., 𝐸𝑢𝑥
2 ): 

𝐸𝑢𝑥
2 = (

𝜕𝑢𝑥

𝜕𝐴
)

2

𝐸𝐴
2 +  (

𝜕𝑢𝑥

𝜕𝑢𝑖

)
2

𝐸𝑢
2 + (

𝜕𝑢𝑥

𝜕𝑦𝑖

)
2

𝐸𝑦
2. (54) 

Since we are working in a fixed grid, with the origins of the drift vectors on the 

vertices, the positions (xi, yi) and the size of the grid cells are known exactly; hence, we can 

set Ex = 0, Ey = 0, and EA = 0. For the remaining term, we obtain 

𝐸𝑢𝑥
2 =

𝐸𝑢
2

4𝐴2
∑(𝑦𝑖+1 − 𝑦𝑖−1)2

𝑛

𝑖=1

. (55) 

Combining the gradients according to Equation (47) and assuming the same error in 

the x and y components (Eu = Ev = EU), the variance of divergence calculated for a polygon is 
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𝐸𝑑𝑖𝑣
2 =

𝐸𝑈
2

4𝐴2
∑(𝑥𝑖+1 − 𝑥𝑖−1)2 + (𝑦𝑖+1 − 𝑦𝑖−1)2

𝑛

𝑖=1

. (56) 

Applying the theory of error propagation for the different deformation parameters 

(Equations (46)—(49)), the following relationship is obtained for their uncertainties: 

𝐸𝑑𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 = 𝐸𝑣𝑜𝑟𝑡𝑖𝑐𝑖𝑡𝑦 = 𝐸𝑠ℎ𝑒𝑎𝑟 = 𝐸𝑡𝑜𝑡𝑎𝑙 . (57) 

In the following sections, the errors of the invariants given above are jointly denoted as 

“PDRE”. In a grid consisting of squares with sides of length L, the expression for the 

standard deviation of the invariants is [Lindsay & Stern, 2003] 

𝑃𝐷𝑅𝐸𝑠𝑞𝑢𝑎𝑟𝑒 =  
𝐸𝑈

2𝐴
√8𝐿 = √2

𝐸𝑡𝑟

∆𝑡 𝐿
. (58) 

For right-angled triangles with two equally long legs each of length L, one obtains 

𝑃𝐷𝑅𝐸𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒 =
𝐸𝑈

2𝐴
√4𝐿 =

𝐸𝑡𝑟

∆𝑡 𝐿
 (59) 

where ∆t is the time between the acquisitions of the image pair from which the displacement 

is retrieved, and the tracking (displacement) error is related to the error of the drift velocity 

via EU = Etr/∆t. The difficult part is to determine the tracking error Etr. The most commonly 

applied method to determine this error is a comparison of the automatically retrieved sea ice 

displacement by using reference data obtained from drifting buoys or from visually tracking 

ice displacement in an image pair.  

II.III Boundary Definition Error 

In order to quantify the boundary definition error (BDE) of the computed deformation 

parameters, we performed numerical experiments. We defined three test setups based on 

simple deformation mechanisms (shear, opening, and a combination of both: Figure 25). The 

test setups were circularly arranged drift/displacement fields with a diameter of 100 length 

units and 502 × π vectors (~8000 vectors with components u and v).  
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Figure 25. Test setups for the numerical experiments. (a) Shear setup, (b) divergence setup, and (c) 

shear and divergence setup with the various regions separated by the deformation feature (black 

line). At the bottom: The two vector distributions, regular (d) and irregular (f), and examples for 

rotation ((e) and (g)). D is the length of the discontinuity segment and S is the sliding distance 

(relative displacement) along the corresponding discontinuity segment. 

Discontinuities in the vector field represent the selected sea ice deformation type 

(Figure 25). Each test setup comprises two different vector distributions in space, namely 

regular and irregular. The displacement vector length was set to 0.0 (white), 0.5 (gray), and 

1.0 (black) length units L in the various regions separated by a crack (Figure 25). Here, the 

length unit L is the distance between the adjacent drift vector origins in a regular spatial 

distribution and correspond to the side length of a squared grid cell.  

With the objective to investigate the dependency of the BDE on the angles between the 

cell boundaries and the discontinuity, we changed the orientation of the discontinuities 

relative to the x-axis by an angle ϕ in all 15 setups (three mechanisms and five grid layouts). 

The corresponding drift vectors were rotated by the same angle, whereas the grid vertex 
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positions (i.e., the origins of the vectors) were kept constant. We varied the angle ϕ from 90° 

to −90° in 1° increment, hence covering the entire possible range of angles. 

Note that in some cases, the discontinuity has to be separated into different segments. 

The length of each segment, Dj, and the relative displacement along a corresponding 

discontinuity segment (denoted as the sliding distance S) are both given in length units L; 

the former as multiples of L, the latter as a fraction of L. The shear and the divergence setup 

consist of only one discontinuity for which the sliding distance is constant, whereas in the 

shear and divergence setup the discontinuity has to be separated into three segments with 

three corresponding sliding distances (see examples in Figure 25a–c). The sum of the 

products of the discontinuity segment length D and the sliding distance S was constant for 

all three test setups (∑ 𝐷𝑗𝑆𝑗
𝑀
𝑗=1  = 100 L²). 

In all numerical experiments, we calculated the deformation parameters (divergence, 

shear, vorticity, and total deformation) for each grid cell using Equations (46)—(49). 

Additionally, we subdivided the divergence into closing (convergence: 𝜀�̇�𝑖𝑣 < 0 ) and 

opening (divergence: 𝜀�̇�𝑖𝑣 > 0) components and added both separately. In order to make 

our results comparable, we carried out the following steps: For each parameter and each 

orientation angle of the discontinuity, we calculated the mean strain rate by adding 

(“cumulating”) the contribution of all cells, and normalized the result by the sum of the 

products of the discontinuity segment length D and the sliding distance S as given above: 

𝜀�̇�𝑒𝑎𝑛(𝜙) =
∑ 𝜀̇(𝜙)𝑖

𝑁
𝑖=1

∑ 𝐷𝑗𝑆𝑗
𝑀
𝑗=1

 (60) 

where N is the number of grid cells, M is the number of discontinuity segments, and 𝜀�̇�𝑒𝑎𝑛 

denotes the “mean strain rate per unit crack and fraction of sliding distance”, in the 

following evaluated for the different deformation parameters according to Equations 

(46)—(49). The sum of the strain rates was calculated over the entire grid; however, only the 

grid cells at the discontinuity contribute with values > 0. The reason for normalizing is to 

facilitate the comparison between different grid types. The BDE is reflected in the deviation 

of 𝜀�̇�𝑒𝑎𝑛 from the corresponding theoretical value 𝜀̇𝑇𝑀: 

BDE(𝜙) = |𝜀�̇�𝑒𝑎𝑛(𝜙) − 𝜀�̇�𝑀|. (61) 



8 Derivation of Sea Ice Deformation from SAR Data  71 / 115 

Article 2 

 

The theoretical strain rate 𝜀�̇�𝑀  was easily obtained for a regular grid of squares that 

are aligned with respect to the discontinuity (ϕ = 0°) but is valid also for any orientation and 

the other used grid types. Thus, the theoretical values for the divergence setup, for instance, 

are 𝜀�̇�𝑀,𝑠ℎ𝑒𝑎𝑟 = 1, 𝜀̇𝑇𝑀,𝑡𝑜𝑡𝑎𝑙 = √2, 𝜀�̇�𝑀,𝑑𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 = 1, and 𝜀�̇�𝑀,𝑣𝑜𝑟𝑡𝑖𝑐𝑖𝑡𝑦 = 0 per unit crack and 

fraction of sliding distance. The theoretical values of the other deformation setups are 

shown in Section III.II. To facilitate a comparison between the different numerical 

experiments, we also calculated the mean absolute BDE and the root mean square BDE by 

integrating BDE(ϕ) over 180°: 

 BDEmean =
1

180
∫ BDE(𝜙) 𝑑𝜙

90°

−90°

, (62) 

BDERMS = √
1

180
∫ BDE(𝜙)2 𝑑𝜙

90°

−90°

. (63) 

These statistical values may be used if the BDE has to be given for several cracks that are 

randomly oriented. Because of the normalization carried out using Equation (60), the BDE is 

given per unit crack and fraction of sliding distance. 
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III Results  

III.I Propagated Drift Retrieval Error 

 

Figure 26. Propagated drift retrieval error (PDRE) per day (in a grid consisting of squares with 

sides of length L) for typical time gaps between synthetic aperture radar (SAR) image pairs used 

for deriving sea ice drift, given a realistic range of tracking errors. The PDRE of deformation 

parameters derived from RGPS (RADARSAT Geophysical Processor System) data reported in 

Lindsay and Stern [2003] is marked by a cross. 

Figure 26 shows the PDRE per day in a grid of squares (Equation (58)) for typical time 

intervals between SAR image acquisitions over sea ice. The tracking error Etr is given as a 

normalized value with respect to the spatial resolution L (distance between the vertices of 

the grid). It is shown that the PDRE can reach high values when the temporal resolution or 

the relative tracking error is high (e.g., ∆t < 1 day or Etr,rel > 0.1). Here it should be noticed that 

a higher temporal resolution generally leads to a lower tracking error Etr because the tracked 

sea ice patterns are more stable over short time intervals. On the other hand, displacements 

may be small and, hence, their accuracy prone to effects of discretization (not to be mixed 

up with the BDE regarding deformation). Nevertheless, tracking errors of more than 0.1 of 

the spatial resolution are not unlikely [e.g., Griebel & Dierking, 2017; Muckenhuber & 

Sandven, 2017] and, as a result, PDRE values of more than 0.1 are possible. 
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III.II Boundary Definition Error 

In Figure 27, one result of our numerical experiments is depicted. For this experiment, 

the shear setup was used. The shown parameters comprise shear deformation (Figure 27a,b) 

and divergence (Figure 27c and d) at three rotation angles (0°, 22.5°, and 45°). As a 

manifestation of the purely numerically generated BDE, we observe alternating deformation 

patterns at particular rotation angles. In this setup with no divergent motion, artificial 

openings and closings are generated. In irregular grids, the occurrence of the BDE is 

independent of the rotation angle, whereas in regular grids the BDE in this example is only 

present at the 22.5° rotation angle. 

 

Figure 27. Example from results of the numerical shear experiment, here at rotation angles 0°, 

22.5°, and 45°. Parameters shear and divergence in a regular (a and c) and an irregular (b and d) 

grid, respectively. Openings are shown in blue and closings in red. 

Figure 28 presents a graphical overview of the numerical experiments, showing the 

normalized cumulative strain rates and their dependence on the rotation angle for the three 

described test setups and five grid layouts. As described in Section II.III, the BDE is 

reflected in the deviation of the cumulative strain rate from the corresponding theoretical 

rate (first row in Figure 28) and is given per unit crack and fraction of sliding distance. 

For openings and closings, for example, a BDE of, e.g., 0.2 (Q1 and 22.5°) means that 

there is an uncertainty of 20% of the sliding distance per unit crack. Thus, for a 100 km long 

crack and a sliding distance of 1 km, the artificial opening (and closing) would be 20 km2, 

which corresponds to the case reported in Bouillon and Rampal [2015]. We observe the 
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highest BDE for the shear setup and the grid layout T1, e.g., at a rotation angle of −45°, 

where the mean total strain rate per unit crack and fraction of sliding distance is 1.7. 

Because we obtain a theoretical total strain rate of 1.0 for the shear setup, the BDE is 0.7 or 

70% of the sliding distance per unit crack. In the irregular grids (Q2 and T3) the deviation 

between the normalized mean strain rates and the corresponding theoretical values is 

constant over the rotation angle (see Figure 27), but is nevertheless not negligible (values Q2 

and T3). In summary, all numerical experiments show that except for certain rotation angles 

at regular grid layouts (e.g., 0° in Q1, T1, and T2) one needs to consider the BDE. 

Consequently, deformation parameters are generally overestimated. In our numerical 

experiments only the vorticity, the divergence, and the divergence components (opening 

and closing) in the divergence setup behave as theoretically expected, i.e., here the BDE is 

zero. 

Figure 29 shows the mean absolute BDE and the root mean square BDE (Equations (62) 

and (63)) for the described setups and grids. We found a much higher BDE for the grids of 

triangles (T1, T2, and T3) than for the grids of quadrangles (Q1 and Q2), and the lowest BDE 

for the regular grid layout (Q1). In addition, we observe a BDE in the shear parameter of the 

same magnitude in all three setups. The error of the divergence components (opening and 

closing) is high for the shear and shear and divergence setup, but very low for pure 

divergence. The total divergence and the vorticity show no significant error in all three test 

setups. 
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Figure 28. Mean strain rate per unit crack and fraction of sliding distance for parameters total 

strain rate, shear rate, vorticity, and divergence rate (including separation between opening rate 

and closing rate) as a function of the rotation angle. The corresponding theoretical rates are 

depicted in the uppermost plots. 
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Figure 29. The RMS and mean of BDE for all deformation parameters and grid layouts, integrated 

over all rotation angles (Equations (62) and (63)). 

IV Discussion 

Both error types (PDRE and BDE) can have a large impact on the computed 

deformation parameters and their statistics. The drift detection errors that propagate into 

the calculations of deformation can lead to an error that can be as large as the magnitude of 

the deformation parameters. Thus, a high accuracy (low error level) of the drift detection 

algorithm is required when sea ice deformation is derived from the drift vectors. In this 

context, methods to improve drift detection algorithms considering discontinuities due to 

deformation zones are very important [e.g., Griebel & Dierking, 2017]. A displacement error 

of 0.1 km, as reported in Lindsay and Stern [2003], for example, reflects a comparatively 

high accuracy and, thus, the given PDRE of 0.005 (0.5%) per day is not generally applicable. 

As indicated in the introduction, adverse conditions such as low contrasts and lacking 

structures in the SAR intensity images which are used to retrieve the displacement may lead 

to unreliable results [e.g., Hollands et al., 2015]. However, up to now, a robust method to 

quantify the resulting tracking error has not been published.  

Equations (58) and (59) mean that a short time interval and a small grid cell size 

increase the PDRE of the deformation parameters. However, it should be noted that the 
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time interval corresponds to the temporal gap between the acquisitions of the SAR images 

and is a scaling parameter, from which the error in displacement is converted into an error 

of velocity. The increase of the time interval only makes sense if the trackable sea ice 

patterns or features are temporally stable. In addition, Equations (58) and (59) should be 

interpreted in terms of the ratio between a given drift retrieval error and the cell size: the 

PDRE is large if the drift retrieval error is large relative to the given cell dimension (see 

Figure 26). 

The layout of the deformation grid plays a key role and affects both error types. For the 

PDRE, Equations (58) and (59) provide examples. The BDE depends on how well the real 

path of a discontinuity can be approximated in a given grid. 

 

Figure 30. Discretized (solid line) and theoretical (dashed) path of a deformation feature, here 

shown for two grids with different arrangements of triangles. 

Figure 30 explains the reason for having a BDE and how it changes with the rotation 

angle in regular grids. Due to the discretization, the precise progression of the deformation, 

indicated by the dashed line, cannot be pictured. Instead, one obtains a stepped pattern 

(solid line). As a result, the path of the deformation feature is quantized from grid cell to 

grid cell, which means, e.g., that the length of the feature is larger than the real one, except 

in a few cases (in Figure 30 those for which solid and dashed lines are parallel). The 
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difference in length between the theoretical and discretized path is proportional to the 

change in the strain rate of the shear component in the shear setup (∆𝑅(𝜙) ~ 𝜀�̇�𝐶(𝜙)). In 

irregular grids, the BDE is equally distributed over all rotation angles because the 

discretization results in an unsystematic change of the deformation path. 

 

Figure 31. Artificial patterns of opening and closing generated by the discretization of the 

deformation path and the resulting angle between deformation feature and drift vectors. 

The observed lack of symmetry of the BDE magnitude in the regular triangle grid T1 

(Figure 28) can also be explained considering the angle between deformation structure and 

grid cell boundary. As shown in Figure 8 (T1 at 45 ° and −45 °), the orientation of the triangles 

forming the grid affects the actual path of the discretized deformation feature and, thus, the 

strain rate and the BDE crucially. 

The artificial opening and closing observed in Figure 28 are also a result of the 

discretized path of the deformation. As shown in Figure 31 the discretization produces an 

artificial angle between the deformation feature and the direction of the drift vector at most 

rotation angles. Thus, the deformation feature and the drift vectors are not parallel and 

artificial openings and closings are computed, which appear as alternating patterns. 

At the expense of a coarser spatial resolution, it is possible to reduce the BDE (especially 

the artificial opening and closing). An averaging over multiple grid cells after the 

deformation calculation [e.g., Bouillon & Rampal, 2015] or enlarging the deformation cell to 

increase the number of points on the line integral [e.g., Equation (16) in Lindsay & Stern, 

2003] reduce the BDE, approximately by the same magnitude. y using our numerical test 

setups and an averaging kernel of 2 × 2 grid cells or a line integral calculated using eight 

instead of four points, the BDE reduces in both cases by 40–70% depending on the 

deformation parameter and the grid layout. 

However, it should be noted that not all alternating patterns are artificially generated. 

Figure 32 shows that in real-world situations, the curve representing the deformation feature 
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often has to be composed of segments of different directions. A straight shear deformation is 

interrupted by an ice floe, which covers only four cells of the grid (white lines visible in 

Figure 32c). In this example, the discrete deformation path at the location of the floe is closer 

to reality than the theoretical path and the alternating patterns of opening and closing 

around the ice floe are real and need to be preserved. To our knowledge, a corresponding 

adaptive method has not yet been devised. 

 

Figure 32. (a) Sentinel-1 image acquired over Arctic Ocean ice showing an example of a small ice 

floe locally changing the path of the discontinuit. (b) The calculated opening and closing are real, 

which can be recognized at the margin of the ice floe. (c) The discrete deformation path at the 

location of the floe is closer to reality than the theoretical path. 

V Conclusions 

In this study, we investigated how two main types of errors affect the calculation of the 

deformation parameters divergence, shear, vorticity, and total deformation from a field of 

drift (displacement) vectors. The latter are retrieved from a pair of SAR intensity images. The 

first error type (denoted PDRE, Propagated Drift Retrieval Error) is caused by the 

propagation of the error in the estimation of the displacement vectors from which the drift is 

obtained (tracking error). This error is assumed to be random. The second type of error 

(Boundary Definition Error, BDE) arises from discretizing a line integral on the grid of drift 

vectors.  

For the first type, we presented equations from which the standard uncertainty of the 

respective deformation parameter can be evaluated. We found that the PDRE can be of the 

same order of magnitude as the deformation parameter itself. The major problem, however, 

is to obtain a robust estimate of the drift retrieval error (tracking error) which may vary 

spatially and temporally. 
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For studying the BDE, we performed numerical experiments on regular and irregular 

grids consisting of triangles or quadrangles, and simulated pure shear, pure 

divergence/convergence, and a mixture of both. We showed that the BDE depends on the 

orientation of the deformation feature relative to the grid boundaries. Thus, the spatial 

invariance of the deformation parameters is not strictly valid because of discretization. The 

lowest BDE is obtained on square grids but they reveal a dependency on the orientation of 

the deformation feature relative to the grid; this is also the case for triangles, for which the 

error is larger than for the squares. The dependency on the orientation of the deformation 

zone is avoided when irregular grids (triangles, quadrangles) are used. For those grids, 

however, the error is larger compared with regular grids. Thus, the preferential grid layout 

to minimize the BDE is a regular distributed grid of squares with as much drift information 

as possible on the cell boundary (e.g., eight points on the line integral instead of four). 

The BDE depends on the orientation, length, and type of deformation. The mean BDE 

(over all possible orientations) per unit crack is between 0.1 and 0.3 of the sliding distance. 

We confirmed the error reported in Lindsay and Stern [2003], which is 0.15 (15%) for the 

opening and closing component in a shear setup and grid of squares (see Figure 7). For a grid 

of triangles, we get a much higher BDE (0.24) than that given by Bouillon and Rampal [2015] 

(0.18). The reason for this is the larger range of rotation angles considered in our study.  

We did not carry out a direct comparison of both error types since they depend on 

different highly variable parameters, which largely influence the ratio between both types. 

However, the presented equations and results enable the reader to estimate errors for 

specific cases. For studies of deformation, it is important to understand that the effect of 

uncertainties in a sea ice drift field and the influence of the grid layout can have a large 

impact on the computed parameters and their statistics and must always be considered. 
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9 Spatial Scale Dependence of Sea Ice Deformation 

The spatial structure of sea ice deformation, as well as the related field of strain rates, 

change according to the scale of observation. As a consequence, statistical quantities derived 

from the strain rate field, such as the mean strain rate, are scale-dependent. Since methods 

used to observe and derive sea ice deformation operate on various spatial and temporal 

scales, it is crucial to consider and investigate this behavior. However, like many natural 

phenomena, the deformation of sea ice shows self-similarity across scales; this means that, 

e.g., the spatial arrangement of deformation features repeats on different scales (Figure 33) 

and a power-law can be used to describe the scale dependence of statistical quantities. 

 

Figure 33. Self-similarity of a strain rate field from sea ice over three different spatial scales.  

 

Power-law scaling is of the form y = cxb that relates the property y to the observation 

scale x over which it is measured. Here c and b are constants. Rescaling x and y maintains 

the same power-law relationship with scaling exponent b. Sea ice has been observed to 

exhibit such power-law behavior over many orders of magnitude, not only in sea ice 

deformation but also concerning the floe size distribution and fracturing processes. The 

feature of a power law is the invariance of the scaling exponent with respect to changes in 

scale. There is no characteristic length scale and all scales are linked. Once established, the 

power-law provides a way to compare measurements made at different scales.  

[Stern & Lindsay, 2009] 
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By analyzing strain rates, using multifractal analysis of its statistical moments q, 

Marsan et al. [2004] arrived at a more general expression of the scaling law which is: 〈ε̇𝑞〉 =

𝑐〈𝐿〉𝛽(𝑞) with  𝛽(𝑞) = 𝑎𝑞2 + 𝑏𝑞. The function β(q) that describes the multifractal behavior of 

the strain rate distribution shows a non-linear behavior, implying that the deformation 

becomes more and more localized at smaller scales, with highly deforming features 

occupying a smaller fraction of the total area [Marsan et al., 2004]. The most extreme strain 

rates grow faster towards small scales [Marsan & Bean, 2003]. This multifractal behavior of 

sea ice deformation parameters has important consequences in terms of sea ice mechanics 

[Weiss, 2013]: it argues for an elasto-brittle behavior of the sea ice cover [Nye, 1973] with a 

deformation accommodated by multiple fractures and faults at various scale [Rampal et al., 

2008]. 

The mean total strain rate for the Arctic Ocean obey the spatial scaling exponent β(q=1) 

varies from 0.18 ± 0.10 in winter and 0.40 ± 0.10 in summer [Stern & Lindsay, 2009]. The 

variation of the scaling parameters β and c, determined for the entire Arctic Ocean, seems to 

result in an annual cycle, which correlates very strongly (R² > 0.77) with the changing arctic- 

wide sea ice concentration [Hutter et al., 2018] and floe size distribution. Stern & Lindsay 

[2009] also investigate regional patterns by restricting the scaling analysis to 500 × 500 km 

large subregions. They found that the mean scaling exponent β(q=1) decreases in magnitude 

from 0.24 for multiyear ice concentration of about 0.2, to 0.14 for multiyear ice areal fractions 

near 1. Additionally, the extrapolated small-scale deformation c at a 1 km scale is smaller 

(0.05 per day to 0.02 per day) and exhibits much less variability for large multiyear fractions. 

Spatial scale dependence of high-resolution sea ice deformation in multi-year ice is 

investigated and discussed in the following article. Here we additionally demonstrate the 

high-resolution capability of the applied drift detection algorithm. 
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Spatial Scale Dependence of High-Resolution Sea Ice 
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Abstract:  

Sea ice kinematics and its associated deformation processes occur across a wide range of 

spatial scales, from meters to thousands of kilometers. It is important to understand how 

large-scale behavior monitored by satellite relates to and depends on small scale processes 

of sea ice. We retrieve spatially high-resolution information about the sea ice kinematics 

(drift and strain rates) from Sentinel 1b using a drift detection algorithm. Our achieved 

spatial resolution of 1.04 km is an order of magnitude higher than the other standard SAR 

kinematic products with resolutions of ~10 km. We demonstrate the accurate representation 

of small-scale processes in the derived strain rate data and perform scaling analysis of the 

strain rate fields. The approach of a cascaded multi-scale multi-resolution algorithm 

significantly improves the resolution capability of a pattern matching method and enables to 

resolve also the smaller deformation structures visible in the SAR image. Performing the 

scaling analysis, we find, that the scaling parameters determined at a local scale (3–25 km) 

we examined are very similar to the values obtained at regional scales (10—100 km) in other 

studies; this suggests that the sea ice deformation and strain rates show an invariance from 

large down to small scales and that there is no abrupt change within the range between 

3—100 km. Besides, we considered sea ice characteristics that may show a link with the 

scaling behavior. Here we find, that the mean total strain rate, as well as the fraction of 

deformed cells, show significant correlation with the scaling exponent β. 

Keywords: sea ice drift; sea ice deformation; spatial scaling; high-resolution; SAR images 
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I Introduction 

Many processes that make sea ice an important component of the polar oceans occur at 

small scales of hundreds of meters. It is crucial to understand how large-scale behavior of 

sea ice monitored by satellite relates to and depends on small scale processes driving sea ice 

formation, evolution, and melting [Thomas, 2017], which are processes that influence many 

of the climatically relevant properties of the sea ice cover. E.g., openings in the sea ice cover, 

such as leads significantly decrease the insulating effect of the ice, thus altering the 

thermodynamic interactions between the atmosphere, ice, and ocean water and change the 

average albedo of the ocean surface. Also, large sea ice structures such as linear kinematic 

features (LKFs), which can extend several hundred kilometers in length, are highly localized 

in their width. Differential kinematics and associated sea ice deformation are important 

processes in the Arctic climate system. Regions of divergent ice motion are linked with spots 

of open water, new ice growth, heat and moisture fluxes to the atmosphere, and brine 

rejection to the ocean. Convergence creates pressure ridges and rubble fields, altering the air 

and water drag coefficients and the resistance to shear deformation, which restricts the 

mobility of the ice in narrow passages [Stern & Lindsay, 2009]. 

It is essential to develop observation methods with a resolution capability to resolve 

small-scale processes as well as to survey interrelations with large-scale phenomena. Here, 

satellite data provide the opportunity to monitor sea ice from the size of the Arctic basin 

down to spots of a few meters in size. Modern satellite sensors and especially synthetic 

aperture radar (SAR) offers high spatial resolution data with pixel sizes of a few meters, 

which are not affected by cloud cover and darkness. 

The present work deals with the aspect of sea ice kinematics, which includes the drift 

of sea ice, differential kinematic processes, and the resulting deformation of the sea ice 

cover. For this purpose, we retrieve spatially high-resolution information about the drift of 

sea ice from SAR data using a drift detection algorithm. Our algorithm used here was 

introduced by Thomas et al. [2008] and modified by Hollands and Dierking [2011] and 

Griebel and Dierking [2017]. It is a multi-scale multi-resolution algorithm that combines a 

phase correlation and a normalized cross-correlation technique to identify matching sea ice 

patterns in sequential SAR images. From the resulting displacement information, we can 

approximate the drift path of the sea ice and calculate deformation parameters, to derive the 
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deformation of sea ice cover. We discussed the calculation of ice deformation from the drift 

field, the impact of drift retrieval errors, and the effect of discretizing the strain rates on a 

grid in another paper [Griebel & Dierking, 2018].  

At large (basin) scales, the sea ice cover is traditionally regarded as a non-rigid 

continuum. However, model simulations and remote sensing observations of sea ice 

kinematics revealed that this assumption begins to fail below the 5 km scale, where the sea 

ice cover shows discontinuous behavior with abrupt changes in the magnitude and 

direction of the differential motion [Thomas et al., 2004]. Thus, it is of high interest how the 

sea ice cover behaves at scales below 5 km. Most of the previous studies dealing with sea ice 

kinematics retrieved from satellite data [e.g. Marsan et al., 2004; Stern & Lindsay, 2009] have 

been made using the RADARSAT Geophysical Processor System (RGPS) dataset [Kwok, 

1998] at a resolution level of the drift field of about 10 km. Other studies used buoy data to 

determine sea ice kinematics on spatial resolutions below 5 km [e.g., Rampal et al., 2008]. 

Buoy data are limited in the number of trajectories and their spatial coverage. Our drift 

detection algorithm retrieves drift information from SAR data using a multi-scale 

multi-resolution approach, which results in a high-resolution representation of the drift 

field, which is 1.04 km for the Sentinel 1 images used in this study. 

Among other findings, many studies about sea ice kinematics reveal that the magnitude 

of parameters used to quantify sea ice deformation, such as the mean strain rate, depend on 

the observation scale. This dependence means that one observation at some arbitrary scale is 

not valid on other scales. However, it was also found that sea ice deformation shows 

self-similarity across scales, a phenomenon that can often be found in nature. This 

self-similarity can be expressed in a power-law relationship of the form y= 𝑐𝑥−𝛽  that relates 

the parameter y to the observation scale x over which it is measured, where c and β are 

constants [Stern & Lindsay, 2009]. Thus, it is feasible to compare parameters from different 

scales via the given power-law relation. This behavior applies to both spatial and temporal 

dimensions. In the present work, we focus on the spatial dimension extending the 

investigation of the power-law relationship to smaller scales. 

In this article, we first present results of the applied drift detection algorithm and the 

derived sea ice strain rates. We show the advantages of such high spatial resolution 

products by demonstrating the accurate representation of small-scale kinematic processes in 

the strain rate data. 
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Secondly, we examine whether the self-similarity of sea ice deformation remains valid 

below the spatial scales investigated by previous studies and, if so, whether the descriptive 

scaling laws remain the same. We also investigate the annual cycle of the scaling parameters 

β and c within a regionally restrict area. 

II Materials and Methods 

II.I Data 

 

Figure 34. Location of the study area and the two large sea ice drift systems. Minimal (09/2018) 

and maximal (03/2018) sea ice extent within the observation period are shown in bright and dark 

grey. Minimal multi-year (MY) sea ice extent (04/2017) within the observation period is indicated 

in white. 

The SAR data we used in the present study are 98 Sentinel 1b images in EW mode (400 

× 400 km), with a pixel size of 80 m after multi-looking to reduce speckle. The study area is 

located in the Arctic Ocean, north of the Queen Elizabeth Islands (Figure 34). We selected 

this area because satellite images have been acquired year-round here, and it is not directly 

located in one of the large drift systems, the Transpolar Drift and Beaufort Gyre (Figure 1). 

The observation period is two years (April 2017 to March 2019) and the time interval 
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between individual image pairs is, on average, 14 days. The time between two consecutive 

SAR images used for the retrieval of ice drift is constant and is three days. This temporal 

resolution makes our results comparable to findings based on the RGPS data set. 

II.II Drift Detection and Strain Rate Calculation 

We used our cascading multi-scale multi-resolution drift detection algorithm to retrieve 

the ice drift information on a regular grid. We reduced the distance between grid points by 

the factor 1
√2

⁄  in each cascade, and thus, the area by a factor of 1
2⁄ . We started with a 

spacing of 12 km, which decreased to 1.04 km after seven cascades. Drift vectors were 

retrieved using a search pattern size of 13 × 13 pixels, organized in non-overlapping 

windows in the last cascade. 

We obtained strain rates from the spatial derivatives of the retrieved drift field at every 

cascade on seven precisely predefined scales. The derivatives were calculated using an 

approximation of the line integral around the boundary of a grid cell, as described, e.g., in 

Griebel & Dierking [2018]. The deformation parameters that we determined are the shear 

rate, the divergence rate, and the total strain rate. To reduce the boundary definition error 

[see Griebel & Dierking, 2018] in the calculations of statistics, we also determined the spatial 

derivatives using an integral approximation on a square boundary covering 12 instead of 4 

drift vectors (hence combining 3 × 3 grid cells). This approach reduces the spatial resolution 

by a factor of 3 (1.04 km to 3.12 km), but also the boundary definition error by a factor of 5 

(10% to 2% per unit crack and sliding distance; for further explanation see Griebel & 

Dierking [2018]). 

II.III Spatial Scaling Analysis  

Following Stern & Lindsay [2009], we used the power-law relationship of the form 

〈ε̇〉 = 𝑐 𝐿 −𝛽 for the mean strain rate 〈ε̇〉𝑘 obtained for cascade k with scale Lk and applied a 

standard least-squares fitting procedure in log-log space to determine the two parameters a 

and β by minimizing the variance of the error term Ek: 

log〈ε̇〉𝑘 = 𝑎 − 𝛽 log〈𝐿〉𝑘 + 𝐸𝑘         (𝑘 = 1 to 7), (64) 

Here, exp(𝑎) = 𝑐  can be interpreted as the mean strain rate at a scale of 1 km, as 

extrapolated from the best fit solution to Equation (64) [Stern & Lindsay, 2009]. An example 
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of scaling analysis for one three-day period (6–9 April 2017) is shown in Figure 35, with 

resulting scaling parameters c = 0.01 day-1 and β = 0.17. 

 

Figure 35. Exemplary scaling analysis in a log-log plot of the mean strain rates, derived for the 

first three-day period between the 6 and the 8 of April 2017. Data marks shown are average values 

of total strain rates for each cascade. Here, the line integral is calculated covering 12 drift vectors, 

which means that the smallest scale is 3.12 km. 

III Results 

III.I High-Resolution Drift and Strain Rate Products 

Our algorithm provides drift and strain rate information for the chosen Sentinel 1b data 

at a spatial resolution down to 1.04 km; this is an order of magnitude higher than the other 

standard SAR motion products with resolutions of ~10 km. As a result, our algorithm 

retrieves 200,000 trajectories (100,000 in the final cascade) on a regular Eulerian grid for each 

three-day period from the chosen Sentinel 1b data. 

To demonstrate the resolution capability of our algorithm, we depict in Figure 36 the 

total strain rate and divergence rate) for an example scene (20–23 November 2017) at 1.04 km 

resolution and 10 km resolution. Figure 36d shows that our algorithm retrieves 81 drift 

vectors in a 100 km² area while at 10 km resolution, only one drift vector is obtained. Leads, 

cracks and ridge clusters that can be recognized in the SAR images, which are shown in 

Figure 36a and b, are well represented in the images of strain rates obtained at 1.04 km 

resolution (Figure 36f and h). Opening and closing of leads can be recognized, as well as 

differential motions of single floes (therefore, the contours of individual floes are 

identifiable). 
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 Figure 36. Sentinel 1 images in extra wide swath mode ((a) 20/11/2017 and (b) 23/11/2017), (c) 

retrieved drift field, (d) resolution comparison, (e) total strain rate derived at 10 km resolution, (f) 

total strain rate derived at 1.04 km resolution, (g) divergence rate at 10 km resolution and (h) 

divergence rate at 1.04 km resolution. 
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These details are lost at 10 km resolution, and not even the primary orientation of some 

deformation structures can be determined. The different magnitudes of strain rates at the 

two different resolutions, shown in Figure 36, represent one characteristic of the scaling 

behavior discussed below. 

III.II Spatial Scaling of High-Resolution Sea Ice Strain Rates 

 

 

Figure 37. Scaling parameter β and c for the time between April 2017 and April 2019 for 45 

three-day periods (blue marks) and 72 days running means (black line); 72 days corresponds to 7 

single values if there are no time gaps. 

We applied the fitting procedure described in Section II.III to the strain rate 

distributions calculated for 45 out of the 49 image pairs, thus obtaining the mean scaling 

parameters c and β. We eliminated the results from four three-day periods, which revealed 

very low sea ice deformation and therefore were not well suited to perform a reliable 

statistical analysis. Because of the low deformation rates, the corresponding values were in 
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the range of their own error, which is caused by error propagation and discretization (for 

further explanation see Griebel & Dierking [2018]). For the remaining 45 three-day periods, 

this error can be considered as low because, on the one hand, the drift error is low (due to the 

good condition for the drift detection algorithm) and, on the other hand, the Boundary 

Definition Error (BDE) has been minimized (see Section II.II).  

The squared correlation coefficients R² of the linear fits of the remaining 45 three-day 

periods are very high, with a mean R² of 0.96, and with 44 linear fits exceeding an R² of 0.80. 

These good correlations show that the chosen power law is an appropriate model for 

describing the scaling behavior of sea ice strain rates even when extending the scale range to 

smaller values than 10 km. 

The scaling exponent β has a mean value of 0.14, with a standard deviation of 0.06. As 

seen in Figure 4, high β-values are around 0.25, with a maximum of 0.28 (07 February 2018) 

and low β-values are between 0.02 and 0.1. The scaling parameter c has a mean value of 0.026 

day-1 and a standard deviation of 0.013 day-1, with a maximum of 0.063 (23 July 2018). 

 

Figure 38. Three days mean sea ice concentration for the study area during the observation period 

of our study (ERA5 Reanalysis). 

An annual cycle of both scaling parameters, as described in, e.g., Hutter et al. [2018] or 

Stern & Lindsay [2009], is less pronounced in our data and can only be found in the period 

between April 2017 and March 2018 (Figure 37). After March 2018, the course of both scaling 

parameters behaves unexpectedly, with comparatively low values of c and β in the summer 

and high β-values in the winter of 2018/19. One explanation for the attenuation of the annual 

cycle is the choice of the study area. In the part of the Arctic Ocean where our test site is 

located, the sea ice concentration hardly changes during the year and does not show the 

typical annual cycle as other regions in the Arctic (Figure 38). As Hutter et al. [2018] pointed 
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out, the sea ice concentration correlates very strong (R² > 0.77) with the scaling parameters 

and is one of the factors controlling the scaling behavior of sea ice deformation. 

We found no correlation between the ice concentration and the scaling exponent β (R² = 

0.03 and p-value = 0.21). Therefore, we considered other sea ice characteristics that may show 

a link with the scaling behavior. From the strain rates we calculated the mean deformation 

strength and analyzed the spatial patterns of the field of strain rates. The mean deformation 

strength (mean total strain rate) correlates significantly weakly with the scaling exponent β 

(R² = 0.15 and p-value = 0.008). This finding indicates that the stronger the mean deformation, 

the higher the scaling effect. For the associated strain rate fields, we find that there are 

apparent differences between spatial patterns that can be associated with a high and low 

scaling exponent β (Figure 39): 

• At lower β-values, the deformation structures are more interconnected, forming 

net-like patterns, and many of them extend over the entire study area, i.e. they have a 

length of more than 400 km. 

• At high β-values, fewer structures are visible, which fewer crossing points between 

single structures. Single linear features start or end within the observed area. 

To quantify these observations, we determine the fraction of deformed cells as a 

measure of the frequency of occurrence of deformation zones. For this purpose, we count all 

cells that exceed a certain strain rate (derived from a field with 1.04 km resolution) and put it 

in relation to the total number of cells. The correlation between scaling exponent β and the 

fraction of deformed cells is moderate but significant (R² = 0.29 and p-value = 0.0001) and 

supports our observations. Since, as expected, the mean total strain rate and the fraction of 

deformed cells also correlate with each other (R² = 0.76), the following tendency can be 

deduced: The stronger the mean total strain rate, the more active deformation features exist 

in an area, and the lower is the scaling exponent β. Thus, we show that not only the ice 

conditions (e.g., thickness or concentration) but also the strength of deformation and the 

related driving forces are responsible for the scaling behavior of sea ice deformation. 
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Figure 39. Total strain rate fields of all 45 three-day periods sorted by the scaling exponent 

(increasingly from top left to bottom right, green-white bar). The white-red bar shows the fraction 

of deformed cells.  
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IV Discussion 

IV.I Advantages of High-Resolution Drift and Strain Rate Products 

 

Figure 40. Example comparison of the search windows and grid size between 1.04 km and 10 km. 

Our drift detection algorithm retrieves drift vectors using search windows with a size 

of 13 × 13 pixels (spatial resolution of 1.04 km). Figure 40 shows that such search windows 

significantly reduce the aggregation of sea ice objects, such as individual ice floes or leads. 

Using a 125 × 125 pixels search window (spatial resolution of 10 km), several 

distinguishable objects and structures are within the specified area, and only motions of 

giant sea ice floes  

(> 10km, see Table 13) can be retrieved separately from each other. Further, we derive strain 

rates in a grid cell of the same size as the search windows; this leads to an averaging of 

various kinematic processes within the given grid cell. 

Using a 13 × 13 pixels search window, we achieve a resolution capability that dissolves 

the motion of big ice floes (see Table 13); this leads to the reduction in the interference of 

motions of adjacent sea ice floes, as mentioned above. As a result, we can derive strain rates 

on a spatial resolution of 13 × 13 pixels and linear features in the derived strain rate field can 
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be directly related to visible elements in the SAR images, e.g., sea ice ridges, leads or ice floe 

edges (see Figure 36). 

Table 13. Sea ice floe size. 

[Adapted from the WMO Sea ice nomenclature: JCOMM, 2014] 

Sea ice floe size Diameter 

Small 20 – 100 m 

Medium 100 – 500 m 

Big 0.5 – 2 km 

Vast 2 – 10 km 

Giant  > 10 km 

 

The number of drift trajectories we retrieved (200,000 per three-day period) makes the 

derived statistical values and the performed scaling analysis very reliable. For comparison, 

Stern et al. [2009] retrieved 10,000 to 50,000 trajectories Arctic wide from SAR data and 

Rampal et al. [2008] 500 buoy tracks from the IABP (International Arctic Buoy Program) 

data set, recorded between 1979 and 2002. 

IV.II Spatial Scaling of High-Resolution Sea Ice Strain Rates 

The scaling exponents we observed (�̅� = 0.14) are significantly smaller compared to 

pure free drift at the ocean surface (�̅� = 0.66 predicted from turbulence theory); hence the 

localization of the observed sea ice deformation is less, which suggests that the ice cover 

responds to the heterogeneity of the forcing by attenuating the spatial variability imposed 

by the latter [Marsan et al., 2004]. 

As Table 14 shows, the mean scaling parameters and their scattering ranges that we 

obtained are very similar to the values determined by Stern & Lindsay [2009] for areas with a 

multiyear ice fraction close to 1, which is the situation at our study area. We can, therefore, 

relate the scaling parameters obtained on the regional scale (10–100 km) to the ones from the 

local scale (3–25 km). The results for both scales suggest that the mean total strain rate shows 

an invariance from large down to small scales and that there is no abrupt change within the 

range we and by Stern & Lindsay [2009] surveyed. Since our strain rate determinations are 

close to the 1 km resolution, the extrapolation towards this scale, corresponding to scaling 

parameter c, is very reliable. The agreement with c-values extrapolated from a regional scale 

(10–100 km) shows that the applied scaling law can also be very accurate when it is 

determined at larger scales. 



9 Spatial Scale Dependence of Sea Ice Deformation  96 / 115 

Article 3 

 

 

 

Table 14. Scaling parameters in multi-year ice on a local and global/regional scale. 

*[see Stern & Lindsay, 2009, Figure 11] 

Scaling parameters 3–25 km 10–100 km* 

β 

Mean  0.14 0.14 

Min 0.03 0.06 

Max 0.28 0.30 

c 

Mean 0.026 day-1 0.020 day-1 

Min 0.008 day-1 0.004 day-1 

Max 0.063 day-1 0.065 day-1 

 

 

Figure 41. Sea ice thickness for the 1 July 2017 and 2018 (from the DMI Model) and region around 

the study area (thin black line). 

Although the annual cycle in our data is weak, it can be observed for the period from 

April 2017 to March 2018. An explanation for this behavior could be that the sea ice thickness 

reached low levels in this period. Figure 41 shows the sea ice thickness in the Arctic at the 

point in time (July 1) at which the scaling parameters differ the most from each other 

between the years 2017 and 2018. Here it can be seen that the sea ice is significantly thinner in 

2017 than at the same time in 2018. Figure 42 shows the mean sea ice thickness in the entire 
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Arctic Ocean and the region of the study area and supports the observation in Figure 41. 

These circumstances could have caused the sea ice to drift much more freely in the summer 

of 2017, even though the ice concentration and ice type had not changed within the study 

area. Due to the possibility of drifting more freely, internal ice stresses decrease on smaller 

scales, and the scaling exponent β increases. 

 

Figure 42. Mean sea ice thickness in 2017 and 2018 for the whole Arctic (derived from the 

PIOMAS data) and the region of the study area (derived from the Cryosat-2 data). The region of 

the study area is shown in Figure 41. 

V Conclusions 

In the present article, we retrieved sea ice drift fields for a test site located north of the 

Queen Elizabeth Islands in multi-year ice and showed that the approach of a cascaded 

multi-scale multi-resolution algorithm significantly improves the resolution capability of a 

pattern matching method. The associated higher spatial resolution of the strain rate field 

enables to resolve also the smaller deformation structures visible in the SAR image. 

Consequently, other fields of application are opened up, since at this resolution level, 

individual deformation features in the sea ice cover can be categorized as closing or opening; 

thus, e.g., ship routes can be optimized using the results of such high-resolution products. 

The findings of the scaling analysis are that in the examined scale range (3−25 km) the 

scaling behavior of the sea ice strain rates and the associated scaling law does not change 

compared to the results obtained at scales from 10−100 km We were able to confirm the 

values from previous studies that examined the scaling behavior at the larger scales. We 

found, as expected from the theory that close-meshed deformation structures that extend 

over long distances result in a low scaling exponent β. 
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10 Thesis Conclusions 

 

The objective of the present work was to obtain, observe and investigate sea ice 

kinematics from SAR data at a high spatial resolution. For this purpose, we developed 

processing modules for extending a drift detection algorithm to increase the reliability of ice 

drift information under challenging conditions (high resolution and high differential ice 

kinematics). We also implemented the calculation of the sea ice deformation parameters 

from the obtained ice drift data and considered possible sources of error. Subsequently it 

was possible to perform improved analyzes of the deformation behavior of sea ice from 

reliable kinematic data. 

(F1): The first research task we formulated involved the development of a reliability 

evaluation in the context of the pattern matching method. For this purpose, we extended the 

reliability assessment proposed by Hollands et al. [2015], which is based on analyzing 

texture and correlation parameters of SAR image pairs, intending to reject unreliable pattern 

matches. In order to check the degree of improvement of the developed method, we 

performed benchmark tests for data sets from three different ice-covered ocean regions 

representing different SAR acquisition parameters and ice conditions. In general, the 

improvement attributed to the rejection of unreliable pattern matches was significant in the 

drift fields for the three test sites. Thus, we demonstrated that a reliability assessment 

considering both texture and correlation parameters leads to improved drift retrievals. For 

end-users, e.g. researchers working with model simulations of sea ice dynamics, the 

reliability measure is a useful means to judge whether the necessary data quality is achieved 

for the respective application.   

(F2): The second research task was the development of data regularization methods that 

preserve discontinuities in the retrieved drift field to obtain more realistic results for 

small-scale differential ice kinematics and associated deformation features. To this end, we 

avoided smoothing methods as much as possible. We developed an adapted detection 

scheme that identifies linear discontinuity features (LDFs) in the drift vector field. Data 

regularization was realized by detecting and replacing outliers considering the presence of 

LDFs in their neighborhood. This procedure preserves discontinuities in the drift field 

caused by sea ice deformation along linear features. In addition, we implemented an outlier 

replacement method that replaces drift outlier, also considering pattern matches with lower 
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correlation coefficients. More than half of the outliers could be replaced with this method, for 

which no artificial vectors had to be generated or data gaps created. 

After we optimized the drift detection algorithm, by implementing the methods 

mentioned above, the algorithm was ready to retrieve more reliable sea ice drift information 

at high spatial resolution and in areas with high differential sea ice kinematics. The next step 

was the quantitative characterization of sea ice deformation. Here our goal was to include 

sources of error and thereby answer the research question (F3): what issues need to be 

considered in deriving and calculating sea ice deformation parameters from a sea ice drift 

field, and it is possible to quantify them? We found, that two issues are important: (F3a) the 

effect of uncertainties in an automatically retrieved sea ice drift field and (F3b) the influence 

of the type of drift vector grid.  

(F3a): Using the theory of error propagation, we derived formulas describing the 

Propagated Drift Retrieval Error (PDRE) for the calculated deformation parameters, 

considering different grid types (triangles and quadrangles) from which the standard 

uncertainty of the respective deformation parameter can be evaluated. We found that at high 

spatial resolutions, the PDRE can be of the same order of magnitude as the deformation 

parameter itself; this means that a reliable drift vector field is essential to derive reliable 

deformation parameters. 

(F3b): The second source of error we considered was the Boundary Definition Error 

(BDE). It results from an inadequate representation of localized deformation zones due to 

insufficient spatial density of drift vectors around the deformation grid cells. Consequently, 

the deformation path is discretized incorrectly and artificial patterns of opening and closing 

are generated. We quantified the BDE by devising five different grid types and comparing 

theoretical expectation and numerical results for different deformation parameters. We 

found that the BDE depends on the orientation of the deformation feature relative to the grid 

boundaries. Thus, the spatial invariance of the deformation parameters is not strictly valid 

because of discretization. We obtained the lowest BDE on square grids, but they reveal a 

dependency on the orientation of the deformation feature relative to the grid. For irregular 

grids the error is larger compared with regular grids (e.g. for the total strain rate between 

15% and 70% larger). Thus, the preferential grid layout to minimize the BDE is a regular 

distributed grid of squares with as many drift vectors on the cell boundary as possible, e.g., 

eight points on the line integral instead of four. The chosen number of drift vectors has to be 

balanced with the required spatial resolution of the deformation field. 
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Using our algorithm and the knowledge gained from the calculation of strain rates and 

deformation parameters, we were able to answer our research questions (F4) and (F5). 

(F4): The first research question we formulated here was: how well are differential ice 

kinematics and ice deformation processes reproduced by the retrieved high-resolution 

kinematic products? Here, it should be emphasized that the achieved spatial resolution of 

1.04 km is an order of magnitude higher than other SAR derived kinematic products with a 

typical resolution of around 10 km, which has an immense impact on two-dimensional data. 

For example, in an area of 100 km², our algorithm retrieves 81 drift vectors, compared to 

between one and four vectors at a 10 km resolution. The associated higher spatial resolution 

of the strain rate field enables to resolve also individual small-scale deformation structures 

and differential motions of single floes (therefore, the contours of individual floes are 

identifiable). 

(F5): The last research question was related to the self-similarity of sea ice deformation. 

Here we wanted to investigate whether this self-similarity remains valid below the spatial 

scales studied in previous studies, and if so, whether the descriptive scaling laws remain 

unchanged. Performing 45 scaling analyzes, we found that the scaling parameters 

determined at a local scale between 3 and 25 km were very similar to the values obtained at 

regional scales (10 — 100 km) in other studies. An annual cycle of the scaling parameters, as 

described in other studies, was weakly pronounced in our data. The reasons for this were 

probably our local approach and the position of our study area. Nonetheless, we were able to 

show that the self-similarity of sea ice deformation also applies at local scales. 

In summary, this thesis described the development and application of methods that are 

needed to retrieve reliable high-resolution information about sea ice drift and deformation 

from SAR data. Possible sources of error were analyzed and included in the calculations of 

the deformation parameters. We demonstrated advantages of high-resolution products for 

further analyzes of differential sea ice kinematics or sea ice deformation. We presented the 

example of scaling analysis, which reveals that self-similarity of sea ice deformation is valid 

even at high spatial resolution and at local scales, respectively. 

The methods we proposed to improve the retrieval of sea ice drift can also be 

implemented in other existing drift detection algorithms. Additional aspects, such as e.g., 

parallel computing can be considered to minimize computation time so that the application 

to larger datasets can be realized.  
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For deformation products, errors arising from error propagation (PDE) and 

discretization (BDE) should be estimated and reported. The balance between the magnitude 

of error and spatial resolution needs to be investigated more systematically and 

corresponding recommendations need to be formulated. Increasing the number of points 

describing a deformation cell (e.g. 12 instead of 4 values) is one way to decrease the BDE, 

which is of particular importance when calculating statistical values from the strain rate 

field.  

The scaling analysis we conducted should be continued in future studies on 

high-resolution sea ice deformation data. These studies could include additional ice regimes 

to investigate the scaling behavior and associated parameters beyond the limited scope of 

our study for which the test site was located in multi-year ice.  

The high-resolution drift and deformation products that can be produced using our 

method can be used to evaluate potential routes for marine traffic and hazards for offshore 

industries. In addition, these products can serve as a basis for gaining a better understanding 

of the link between small-scale processes and large-scale observations of sea ice kinematics 

and dynamics. This linkage is useful when investigating the role of sea ice within the climate 

system, validating or adapting related models, and improving their predictions. 
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Figure 43. Self-programmed computer program. Flow diagram of the drift detection algorithm 

and scheme of the visualization and statistic module. Further explanation see text. 
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As part of the present work, a computer program (Figure 43), including a user interface 

was programmed (IDL-based). The author implemented both the existing drift detection 

algorithm [Hollands & Dierking, 2011] and the discussed methods to improve the drift 

retrievals in the presence of deformation (Article 1). The author also integrated the 

calculation of strain rates, a viewing module for all results of the algorithm and a statistic 

module (including scaling analysis). All self-produced results concerning sea ice drift and 

strain rate retrievals as well as scaling analyzes were created using the program. Working 

on the program and programming itself was, therefore, an essential part of the present 

work. 

As seen in Figure 43, the computer program is divided into three parts: 

• Drift detection algorithm: In the input file, the file locations of the images, the number 

of cascades and pyramid steps, and the factor by which the scale is decreased in each 

cascade are set. Within a cascade, the sizes and spatial positions of the correlation 

windows (CW) are determined (see Figure 13). At the various resolution levels of the 

resolution pyramid, the CWs are handed over into the correlation procedure and the 

outlier detection/handling (see Article 1 and Figure 14). 

• Drift and strain rate visualization: Visualization tool for the drift vector field and the 

strain rate field (For examples see Figure 19). 

• Statistical analysis of the strain rate field: Statistic tool for calculating the power density 

function of the strain rates or performing a scaling analysis (For an example see Figure 

35). 
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