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Abstract 

The extent of Arctic sea ice has decreased over the years and the importance of sea ice monitoring is 

expected to increase. Remote sensing change detection compares images acquired over the same 

geographic area at different times in order to identify changes that might have occurred in the area 

of interest. Change detection methods have been developed for cryospheric topics. The Kittler-

Illingworth thresholding algorithm has proven to be an effective change detection tool, but has not 

been used for sea ice. Here it is applied to Arctic sea ice data. The objective is to investigate the 

unsupervised detection of changes in Arctic sea ice using multi-temporal SAR images. The well-

known Kittler-Illingworth algorithm is tested using two density function models, i.e., the generalized 

Gaussian and the log-normal model.  

The difference image is obtained using the modified ratio operator. The histogram of the change 

image, which approximates its probability distribution, is considered to be a combination of two 

classes, i.e., the changed and unchanged classes. Histogram fitting techniques are used to estimate 

the unknown density functions and the prior probabilities. The optimum threshold is selected using a 

criterion function directly related to classification error.  

In this thesis three datasets were used covering parts of the Beaufort Sea from the years 1992, 2002, 

2007 and 2009. The SAR and ASAR C-band data came from satellites ERS and ENVISAT respectively. 

All three were interpreted visually. For all three datasets, the generalized Gaussian detected a lot of 

change, whereas the log-normal detected less.  

Only one small subset of a dataset was validated against reference data. The log-normal distribution 

then obtained 0% false alarm rate through all trials. The generalized Gaussian obtained false alarm 

rates around 4% for most of the trials. The generalized Gaussian achieved detection accuracies 

around 95%, whereas the log-normal achieved detection accuracies around 70%. The overall 

accuracies for the generalized Gaussian were about 95% in most trials. The log-normal achieved 

overall accuracies at around 85%. The KHAT for the generalized Gaussian was in the range of 0.66-

0.93. The KHAT for log-normal was in the range of 0.68-0.77. Using one additional speckle filter 

iteration increased the accuracy for the log-normal distribution. Generally, the detection of positive 

change has been accomplished with higher level of accuracy compared with negative change 

detection.  

A visual inspection shows that the generalized Gaussian distribution probably over-estimates the 

change. The log-normal distribution consistently detects less change than the generalized Gaussian.  

Lack of validation data made validation of the results difficult. The performed validation might not be 

reliable since the available validation data was only SAR imagery and differentiating change and no-

change is difficult in the area. Further due to the lack of reference data it could not be decided, with 

certainty, which distribution performed the best.  

Keywords: sea ice, the Arctic, Kittler-Illingworth, generalized Gaussian distribution, log-normal 

distribution, ERS, ENVISAT, SAR, ASAR 

  



4 
 

Sammanfattning 

Ytan av arktisk havsis har minskat genom åren och vikten av havsisövervakning förväntas öka. 

Förändrigsdetection jämför bilder från samma geografiska område från olika tidpunkter föra att 

identifiera förändringar som kan ha skett i intresseområdet. Förändringsdekteringsmetoder har 

utvecklats för kryosfäriska ämnen. Tröskelvärdesbestämning med Kittler-Illingworth algoritmen har 

visats sig vara ett effektivt verktyg för förändringsdetektion, men har inte änvänts på havsis. Här 

appliceras algoritmen på arktisk havsis. Målet är att undersökra oövervakad förändringsdetektion i 

arktisk havsis med multitemporella SAR bilder. Den välkända Kittler-Illingworth algoritmen testas 

med två täthetsfunktioner, nämligen generaliserad normaldistribution och log-normal distributionen.  

Differensbilden erhålls genom den modifierad ratio-operator. Histogrammet från förändringsbilden 

skattar dess täthetsfunktion, vilken anses vara en kombination av två klasser, förändring- och 

ickeförändringsklasser. Histogrampassningstekniker används för att uppskatta de okända 

täthetsfunktionerna och a priori sannolikheterna. Det optimala tröskelvärdet väljs genom en 

kriterionfunktion som är direkt relaterad till klassifikationsfel.  

I detta examensarbete användes tre dataset som täcker delar av Beaufort-havet från åren 1992, 

2002, 2007 och 2009. SAR C-band data kom från satelliten ERS och ASAR C-band data kom från 

satelliten ENVISAT. Alla tre tolkades visuellt och för alla tre detekterade generaliserad 

normaldistribution mycket mer förändring än lognormal distributionen.  

Bara en mindre del av ett dataset validerades mot referensdata. Lognormal distributionen erhöll då 

0% falska alarm i alla försök. Generalised normaldistributionen erhöll runt 4% falska alarm i de flesta 

försöken. Generaliserad normaldistributionen nådde detekteringsnoggrannhet runt 95% medan 

lognormal distributionen nådde runt 70%. Generell noggrannheten för generaliserad 

normaldistributionen var runt 95% i flesta försöken. För lognormal distributionen nåddes en generell 

noggrannhet runt 85%. KHAT koefficienten för generaliserad normaldistributionen var i intervallet 

0.66-0.93. För lognormal distributionen var den i intervallet 0.68-0.77. Med en extra speckle-filtrering 

ökades nogranneheten för lognormal distributionen. Generellt sett, detekterades positiv förändring 

med högre nivå av noggrannhet än negativ förändring.  

Visuell inspektion visar att generaliserad normaldistribution troligen överskattar förändringen. 

Lognormal distributionen detekterar konsistent mindre förändring än generaliserad 

normaldistributionen.  

Bristen på referensdata gjorde valideringen av resultaten svårt. Den utförda valideringen är kanske 

inte så trovärdig, eftersom den tillgänliga referensdatan var bara SAR bilder och att särskilja 

förändring och ickeförändring är svårt i området. Vidare, på grund av bristen på referensdata, kunde 

det inte bestämmas med säkerhet vilken distribution som var bäst.  

Nyckelord: havsis, Arktis, Kittler-Illingworth, generaliserad normaldistribution, lognormal 

distribtion, ERS, ENVISAT, SAR, ASAR  
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1. Introduction 

1.1 Background 

The Arctic sea ice has decreased during the last 30 years with the lowest extent in September 2012 

(EEA, 2013). It is believed that the extent of sea ice will be more dynamic as the climate changes, 

increasing the need for sea ice monitoring (Drobot, 2007). There has been considerable change in the 

sea ice extent in the East Siberian, Laptev, Beaufort and Chukchi seas (different Arctic seas) during 

the first decade of the 21th century (Stroeve et al., 2012; Drobot, 2007). 

Sea ice has been monitored with global navigation satellite system (GNSS) techniques (Fabra et al., 

2010), optical and radar remote sensing (Hongying et al., 2010). Radar has proven to be particularly 

useful in the stormy and dark Polar Regions, due to weather-independence and ability to give images 

throughout the day, even during night (Bogdanov et al., 2005).  

Remote sensing change detection is defined as using data from two different dates and detecting 

changes that may have occurred during that time (Lillesand et al., 2008).  

1.1.1 Research Rationale 

Various change detection methods have been developed and applied to the detection of changes in 

ice cover (Akbari et al., 2014; Bindschadler et al., 2010). The Kittler and Illingworth thresholding 

algorithm (K&I) has proven to be an effective change detection tool (Yousif, 2013). It has been 

applied to urban settings (Ban and Yousif, 2012) and floods (Bazi et al., 2005a; Bazi et al., 2005b). 

Macchiavello et al. (2009) applied the method to classify snow and clouds. Since K&I has not been 

used for change detection in the cryosphere, the rationale behind this research is to apply K&I to the 

setting of Arctic sea ice. 

1.1.2 Objective 

The overall objective of this thesis is to evaluate the K&I change detection algorithm with two 

statistical models using SAR/ASAR data for the detection of changes in Arctic sea ice. Specific 

objectives are to evaluate the K&I change detection algorithm on Arctic sea ice as a climate change 

indicator and to compare the results of the different statistical models.  

1.1.3 Structure of Thesis 

The next section is a literature review, which includes sea ice types, properties and environmental 

impact. It also gives a brief theoretical framework to radar remote sensing and presents sea ice 

monitoring with synthetic aperture radar (SAR). Then some supervised and unsupervised change 

detection methods are reviewed. This section ends with a review of some change detection methods 

for sea ice. The experimental part of the thesis starts with a description of study area and data, 

followed by a description of the methodology. The results are then analyzed and discussed. The 

thesis ends with conclusions with indications on future research that could be done to improve the 

method.  
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2. Literature review 

2.1 Sea Ice 

Sea ice basically is frozen sea water that forms in cold seas. Sea ice covers about 15% of the oceans 

during parts of the year (NSIDC, 2013e). It has a big impact on the global climate because it 

influences the amount of albedo in the energy balance and the circulation of ocean water (NSIDC, 

2013e; Melling, 2012).  

Ice has a high albedo, i.e., it reflects a high amount of sun-light. If the extent of ice increases, more 

sun-light reflects back and the climate would cool. If on the other hand ice extent decreases, less 

sun-light would reflect and the climate would warm. These effects would be more observable on 

middle and high latitudes, because of the non-existence of ice around the equator (Aguado and Burt, 

2010). 

The formation of sea ice is a slow process. The freezing temperature of salt water is at -1.8 ° C, which 

is lower than for fresh water. For sea ice to form, about 100-150 m width of the sea needs to be 

cooled down to freezing temperature (NSIDC, 2013e).  

In the first stage of ice formation, frazil crystals are formed, which are ice needles with a diameter of 

3-4 mm. Sea ice develops when these ice crystals float up to the surface and form a surface of ice. 

The properties of these surfaces are different depending under what sea conditions the sea ice was 

formed. In calm water, the frazil crystals develop into grease ice, which grows to nilas, a thin ice 

surface. Nilas can be driven around by the wind and the sheets can overlap each other. When nilas 

thickens, a congelation ice sheet with a slick bottom is formed. In rough water, the frazil crystals 

develop into pancake ice, a semisolid ice. The pancakes collide with each other causing rafting 

(sliding over each other) or ridging for thick ice, where the ice cracks and reforms, creating ridges. 

The sheet ice from pancake ice has an irregular bottom. The sheet ice from either sea condition 

continues to grow during the winter season (NSIDC, 2013b). 

Sea ice is classified in different categories, depending on thickness and age. First year ice is more 

than 30 cm thick but has not survived the summer melt season, if it does; it is called multiyear ice, 

which is 2-4 m thick (NSIDC, 2013a). The categories of sea ice are summarized in the table below 

(Table 1).  

Table 1. Categories of sea ice (NSIDC, 2013a) 

Category Thickness (m) 

New ice <0.10 
Young ice 0.10-0.30 
Grey ice 0.10-0.15 
Grey-white ice 0.15-0.30 
First year ice >0.30 
Multiyear ice 2-4 

 

Seawater has an average salinity of 32 to 37 practical salinity units (psu), which refers to a ratio of 

grams of salt per kilogram of seawater. Multi-year ice with a thickness of 2-4 m has an average 

salinity of 1.5-5 psu. When sea ice forms salt is released and is pushed underneath the ice. Because 
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salty water is denser than other water, that water sinks. In this way sea ice and salt influence the 

circulation of ocean water. This cold salty water travels to the equator along the sea bottom and 

warm water from the equator travels to the poles in mid-surface level of the oceans (NSIDC, 2013c; 

Timco and Weeks, 2010; Dierking, 2013; NSIDC, 2013e). 

The upper surface of the ice can be as cold as the air above it, but the lower part of sea ice is always 

at the freezing point of sea water. The temperature profile changes as the seasons change (Timco 

and Weeks, 2010). 

The sea ice melts in the spring and summer months and the melt season ends in September (NSIDC, 

2013e). A decrease of the extent of sea ice in September every year can be seen since the start of 

satellite monitoring in the 1970’s (Stroeve et al., 2012). Changes of the sea ice age composition have 

been observed. The western Arctic has had most of the old ice (more than 10 years old), while the 

eastern Arctic has had young ice, 1-5 years old. In the western Arctic old ice has disappeared since 

1989 (Belchansky et al., 2005). Due to warmer temperatures the melt season starts earlier with 

thinner ice at the beginning. Then it is less likely that this ice survives the melt season, leading to 

increasing loss of multi-year ice (Stroeve et al., 2012). 

It is suggested that the reduction of sea ice might have an impact on the methane (one of the 

greenhouse gases) budget. Methane accumulates in the water due to the lack of exchange with the 

atmosphere because of the ice cover and when the ice disappears, the methane rises to the surface. 

This suggests that the sea water underneath the sea ice is a source of methane. The sea ice also 

absorbs the gas. An increasing emission of methane could have a big impact on carbon cycles and 

climate systems both regionally and globally (He et al., 2013).  

The indigenous people of the Arctic use sea ice for transportation and hunting (NSIDC, 2013d; Laidler 

et al., 2011). There are a number of microorganisms in sea ice (He et al., 2013). Seals and walruses 

use sea ice as a resting and birthing place and polar bears use it as a hunting and breeding ground 

(NSIDC, 2013f).  

The reduction of sea ice may give rise to new shipping routes because summer might be an ice-free 

season in the future (Drobot, 2007; Vallis, 2012). A reduction of sea ice has considerable impact on 

the habitat of animals, for instance polar bears (Vallis, 2012). Changing sea ice could have serious 

implications on the lifestyle, safety and identity of indigenous people of the Arctic (Laidler et al., 

2011). 

 

2.2 Sea Ice Monitoring with SAR 

2.2.1 Radar Remote Sensing 

Radar (acronym for RAdio Detection And Ranging) belongs to the active category of sensors, meaning 

that it illuminates objects by its own source. Radar operates on the microwave section of the 

electromagnetic spectrum. It could or could not produce images. An example of non-imaging radars 

is Doppler radars, which are used to measure the speed of vehicles. Imaging radars produce image 

strips of the ground parallel to the flight line of the platform, e.g. an airplane or a satellite (Lillesand 

et al., 2008; Mikhail et al., 2001). 
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While radar was developed during World War II names for the different bands were given, which are 

still in use (Mikhail et al., 2001).  

The bands and their associated wavelengths are listed in the table below (Table 2).  

Table 2. Bands and their associated wavelengths (Mikhail et al., 2001) 

Band Wavelength (cm) 

K 0.83-2.75 
X 2.75-5.21 
C 5.21-7.69 
S 7.69-19.4 
L 19.4-76.9 
P 76.9-133 

 

The wavelength depends on what the system is used for. X- and C-bands have shorter wavelengths 

and are used for the surface. L- and P-bands have longer wavelengths and can penetrate forest 

canopies and soil. X- and C-bands have been shown useful for ice type discrimination. L-band has 

been shown useful for ice extent and deformation (Olsen, 2007; Lillesand et al., 2008; Dierking, 

2013). 

The radar antenna sends out a pulse to the ground, when this pulse hits an object, it spreads or 

scatters in different directions. Some of the scatter returns to the antenna, this scatter is called 

backscatter. The signal strength of backscatter and the travel time from and back to the antenna are 

measured; the amplitude of backscatter gives the pixel brightness values, the travel time and speed 

of light are used to calculate range to objects on the surface (Mikhail et al., 2001). 

If the objective of a radar system is fine resolution at long range, the antenna would have to be very 

long, which poses logistical problems. To overcome the problem of having huge physical antennas, 

SAR systems were developed which utilize a short antenna and advanced data processing to 

artificially create several antennas from pulse series, which gives long (up to several kilometers) 

antennas which give better azimuthal resolution (Mikhail et al., 2001; Lillesand et al., 2008; Olsen, 

2007).  

An important aspect of dealing with SAR images is the presence of speckle noise, which gives the SAR 

imagery a salt-and-pepper appearance. Speckle occurs because of the coherent sum of radar returns 

from many elementary scatterers within a resolution cell. This will create variations in the SAR 

imagery and reduce the ability to differentiate objects. Speckle can be reduced but never totally 

eliminated. For speckle reduction filters or averaging techniques can be used (Lillesand et al., 2008; 

Ban and Yousif, 2012).   

The major advantage of radar remote sensing is that it can be retrieved regardless of the weather  

conditions of the site. This is a good advantage in the Polar Regions; in the Arctic clouds and fog hide 

the sea ice edge for about 70% of the time (Johannessen et al., 2007; Lubin and Massom, 2006). 
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2.2.2 SAR Imagery and Sea Ice 

SAR imagery are utilized in sea ice monitoring both in climate and weather research and in 

operational services that produce ice charts for use in shipping and off-shore operations (Dierking, 

2013). 

The radar scattering from surfaces are influenced by the roughness of the surface. Smooth ice can be 

considered a specular reflection surface (i.e., a mirror) and appear very dark in the images, this 

happens for smooth nilas and young ice. A rough ice surface appears brighter in the image. Another 

thing that influences the surface scattering is the presence of frost flowers, which are collections of 

salty ice crystals some centimeters in diameter that can occur on nilas and young ice, this scatters the 

signal a lot in C-, X- and Ku-bands. Another aspect that influence how the imagery appear is volume 

scattering (the signal enters the ice and is reflected back to the surface), which is influenced by the 

presence of air bubbles in the ice and the presence of wet snow. If wet snow is on the ice, hardly any 

volume scattering takes place. At C-band the radar signal penetrates first-year ice 7-30 cm at 

temperatures at -10° C or lower. Other factors that influence the sea ice backscatter are the age, 

temperature and internal geometry of the ice (Dierking, 2013; Lillesand et al., 2008).  

 

2.3 Change Detection  

Remote sensing change detection is the act of deciding if any change has occurred between images 

acquired at different dates. Change detection methods have been developed for optical as well as 

radar imagery. Change detection can be carried out using either object-based or pixel-based 

techniques. The object-based technique involves dividing the image into homogenous regions based 

on spectral properties, shape, texture or size. This technique will not be dealt with in this thesis. The 

pixel-based approach means that the change detection is evaluated pixel-by-pixel. The pixel-based 

methods fall into one of two categories; supervised or unsupervised change detection. These two 

types are further described below, focusing mainly on unsupervised change detection. The chapter 

ends with a section on change detection in the cryoshpere (Yousif, 2013; Patra et al., 2011). 

2.3.1 Supervised Change Detection 

In supervised change detection information from additional sources is used to decide which kind of 

change has taken place. This has traditionally been done with a post-classification comparison 

approach, meaning that the multi-temporal images have been classified using additional information 

and then information about what kind of changes (from-to change, e.g., from agricultural to urban) 

can be extracted pixel-by-pixel  (Patra et al., 2011; Yousif, 2013).  

Volpi et al. (2013) presents a method that does not follow the post-classification approach. Optical 

very high resolution (VHR) images covering the city of Zürich are used for change detection. Multi-

temporal classification is done with a support vector machine (SVM) combined with textural 

information (Volpi et al., 2013).  

In Volpi et al. (2013) supervised change detection is carried out on optical very high resolution (VHR)  

images covering the city of Zürich with multi-temporal classification using a support vector machine 

(SVM) combined with textural information (Volpi et al., 2013).  
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The main drawback of supervised change detection is the need for additional data which can 

sometimes be difficult to obtain (Yousif, 2013). 

2.3.2 Unsupervised Change Detection 

In unsupervised change detection only the information present in the images are used. This change 

detection “can be viewed as a classification problem where, given the input image, a ‘changed’ class 

and an ‘unchanged’ class have to be distinguished” and only these two classes can be determined.  

(Patra et al., 2011, quote p. 6072; Bazi et al., 2005a).  

For unsupervised change detection the work flow is as follows. After image pre-processing the 

images are compared with each other to produce a difference image. This difference image could 

stem from image subtraction (subtracting Date 1 pixel-by-pixel from Date 2) or image rationing 

(dividing Date 1 or 2 pixel-by-pixel with Date 2 or 1). The difference image is then analyzed with the 

chosen method to generate a final change detection map that depicts changed and unchanged areas 

(Patra et al., 2011; Celik, 2009; Ban and Yousif, 2012).  

The main drawback of unsupervised change detection is that the information about what kind of 

change has taken place is not obtainable (Yousif, 2013). 

Unsupervised change detection can be based on thresholding of the difference image or thresholding 

a histogram (Patra et al., 2011). 

2.3.2.1 Image Thresholding Methods 

In Liu and Yamazaki (2011) TerraSAR-X intensity images were used to detect changes in downtown 

Tokyo. The difference between backscatter coefficients of the multi-temporal images is calculated 

together with the correlation coefficient. In the difference image changed areas have negative or 

positive values and in the correlation image low correlation value means change. With the difference 

and the correlation coefficient values a factor combining the two is calculated. A high value of this 

factor indicates a high possibility of change.  A threshold is calculated from the histogram of the 

factor, which determines the final change detection map (Liu and Yamazaki, 2011). 

He et al. (2011) uses a change vector analysis (CVA) technique for detecting land-cover changes at 

the rural-urban fringe in China with optical imagery, i.e., Landsat Thematic Mapper (TM). In rural-

urban fringe areas changes are challenging to detect, due to similar spectral signatures from different 

land-cover types. For this reason traditional CVA encounters difficulties and He et al. (2011) adds 

textural information to the CVA-technique. Here change vectors from spectral and textural change 

are calculated between pixels and the magnitudes of these vectors are also calculated. A SVM is 

applied to both magnitudes generating the change detection map (He et al., 2011).   

Gao et al. (2013) presents a different approach to change detection. A difference image is not 

generated, instead a common low rank matrix is generated from unchanged pixels from the multi-

temporal data set. The changed pixels are then seen as estimations of missing values for completing 

the common low rank matrix. This method was applied to optical (Landsat TM) and radar (ENVISAT 

Advanced SAR (ASAR)) imagery covering areas in Alaska and Bangladesh (Gao et al., 2013).  

2.3.2.2 Histogram Thresholding Methods 

A histogram can be viewed as a representation of ”the distribution of the grey levels ... which gives 

the frequency of occurrence of each grey level in the image”. A type of unsupervised change 
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detection is when a threshold is applied to the histogram of the difference image. Finding the 

optimal threshold is important because it affects the accuracy of the change detection and several 

methods for selecting the optimal threshold have been developed (Kittler and Illingworth, 1986, 

quote p. 41; Patra et al., 2011).  

2.3.2.2.1 Otsu’s Method 

With Otsu’s method, the best threshold t1 is obtained by studying the variances of changed and 

unchanged classes with different thresholds. With   
     and   

     as the within-class and between-

class variance respectively and    as total variance, the best threshold can be obtained by 

maximizing one of three criteria, which are equivalent to each other (Patra et al., 2011; Otsu, 1979): 

  
  

    

  
    

   
  

    

  
   

  

  
    

 

The η-criterion is simpler to compute, because it is based on class means and was evaluated in Otsu 

(1979). 

In Patra et al. (2011) the η-criteria was used on optical imagery of flooding and wildfires in Italy, 

Mexico and Greece. When the size difference between the classes is big, the method can fail. This 

was the case in the Italian and Greek data sets, giving thresholds far from the optimal threshold 

selected manually (Patra et al., 2011).  

Qiao et al. (2007) used Otsu’s method with the η-criterion (between-class variance) for distinguishing 

between object (vessels) and background in 3D MR angiography imagery of the brain. The 

distribution of the background intensity was bimodal and the threshold obtained from Otsu’s 

method was located in between the two modes of the background, which lead to half of the 

background being labeled as object. The drawback of Otsu’s method is that the obtained threshold 

divides the image in background and object with similar sizes even though the image has a 

background that is much larger than the object (Qiao et al., 2007). This was also reported in Patra et 

al. (2011). 

2.3.2.2.2 Kapur’s Method 

Kapur’s method uses entropy for selecting the best threshold. For a given threshold t, the entropies 

of the unchanged class (  ) and changed class (  ) are given by (Patra et al., 2011): 

   
      

  

   

 

   

     
  

   

  

   
      

  

   

   

     

     
  

   

  

where    refers to probability of grey level i appearing and    
 and    

 refers to the probability 

distribution of the un-changed class and the changed class respectively. L is the length of the 

histogram. By maximizing the total entropy, the optimal threshold is obtained (Patra et al., 2011). 
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In optical imagery Kapur’s method managed to produce an optimal threshold comparable to a 

manually selected one. Compared to Otsu’s method, Kapur’s method works regardless of size 

difference between changed and unchanged classes (Patra et al., 2011).    

In the original article (Kapur et al., 1985) the method was used on four different pictures to extract 

objects from the background and compared to other methods it gave a better threshold value.    

2.3.2.2.3 Kittler-Illingworth Thresholding Algorithm 

The K&I algorithm is also known as minimum error thresholding. Kittler and Illingworth (1986) use 

the original algorithm to differentiate between object and background in an image by obtaining an 

optimal threshold by minimizing a criterion function. It is considered to be an effective and fast 

algorithm for thresholding (Kittler and Illingworth, 1986; Yousif, 2013).  

With a histogram h(g), which is seen as an estimate of the probability density function (PDF) p(g), 

which is the mixture population of the entire image, the criterion function is calculated. The PDF 

consists of the PDF for the object and the PDF for the background. These two PDFs are assumed to be 

of Gaussian distribution. With μi as the mean and σi as the standard deviation and a priori probability 

Pi, p(g) is (Kittler and Illingworth, 1986):  
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μi, σi and Pi are mostly not known and can be estimated from the histogram h(g). i refers to class 1 

and class 2. With an arbitrary threshold T, the two populations can be modeled as (Kittler and 

Illingworth, 1986): 
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Where n refers to the maximum grey level value of a pixel (Kittler and Illingworth, 1986).  

The criterion function is given by (Kittler and Illingworth, 1986): 

                 

 

 

where        refers to the conditional probability “of grey level g being replaced in the image by a 

correct binary value”  (Kittler and Illingworth, 1986, quote p. 42). 

The criterion function can be written as (Kittler and Illingworth, 1986): 

          

 

   

   
       

     
 

 

                      

             

 

     

   
       

     
 

 

                      

which can be reduced to (Kittler and Illingworth, 1986): 

                                                                     

The optimal threshold is found by minimizing J. This threshold minimizes the overlap between the 

PDFs and thus minimizing the classification error (Kittler and Illingworth, 1986). 

SAR imagery cannot be assumed to be of Gaussian distribution, so directly applying the original K&I 

will not yield good results. Thus other statistical models have been used when applying the K&I on 

SAR data. The accuracy of the change detection depends on how well the statistical models fit the 

distributions of the change or no-change classes (Ban and Yousif, 2012; Yousif, 2013). 

In Ban and Yousif (2012) different statistical models were investigated for change detection in 

Shanghai and Beijing, China with ENVISAT ASAR and ERS-2 SAR imagery. Log-normal distribution (LN), 

Weibull and Nakagami ratio models and generalized Gaussian (GG) model were compared. In this 

section the Weibull and Nakagami ratio models are presented (Ban and Yousif, 2012).  

For the Weibull ratio model, the SAR amplitude images are assumed to be Weibull distributed with 

same shape parameter leading to a PDF of the ratio image (Ban and Yousif, 2012; Moser and Serpico, 

2006): 

      
          

  
     

   
       

  

Where   ,   , r are the distribution parameters and the ratio, respectively. The unknown parameters 

are given by (Ban and Yousif, 2012): 
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Where   ,   
  and      is the first, second order log cumulants and the digamma function, 

respectively (Ban and Yousif).  

Another density function model used in Ban and Yousif (2012) is the Nakagami ratio model. The SAR 

amplitude images are assumed Nakagami distributed.  The PDF is (Ban and Yousif, 2012): 

      
      

       

      

  
        

          
 

Where   ,    and   are the distribution parameters and the Gamma function, respectively (Ban and 

Yousif, 2012). The unknown parameters are obtained by (Ban and Yousif, 2012): 

   
    

 
       

  
       

 
 

For both data sets in Ban and Yousif (2012) the best result was achieved with the LN distribution and 

the Nakagami ratio model for change and no-change classes. Good results were achieved for positive 

change, except with the Weibull ratio model, however all tested distributions did not achieve good 

accuracy for negative changes (Ban and Yousif, 2012). 

K&I did not perform well in the optical data sets of Patra et al. (2011), the method failed to find an 

optimal threshold in all data sets.  

Bazi et al. (2005b) used a double K&I thresholding approach for determination of the number and 

values of thresholds in a log-ratio image. This approach takes into account changes on both sides of 

the histogram. With both real and simulated SAR images depicting a flood in Italy, Bazi et al. (2005b) 

could successfully (validated by a change detection map generated manually) distinguish single 

change, double change and no-change under a GG assumption of the distribution of changed and 

unchanged classes (Bazi et al., 2005b). 

Bazi et al. (2005a) utilized the K&I criterion function for estimating the optimal number of speckle 

filtering iterations. The K&I algorithm was applied using the GG distribution and the Gaussian 

distribution on log-ratio images. Experiments were done with ERS-2 SAR imagery depicting two 

floods in Italy and Switzerland respectively. Experiments on both datasets indicated that the GG 

distribution was “more suitable than the Gaussian one to fit the distributions of unchanged and 

changed classes.” Using the best number of iterations of speckle filtering increased the change 

detection accuracy (Bazi et al., 2005a, quote: p. 884). 

An example of classification is included here because it utilizes K&I for snow and ice related topics. 

With moderate-resolution imaging spectroradiometers (MODIS) images over the Italian Alps and the 

American Mammoth Mountains, Macchiavello et al. (2009) used decision trees with K&I to 

differentiate snow-covered areas. A decision-tree is used to determine which class a pixel belongs to 

by examining at different nodes if the pixel value meets certain criteria, such as a threshold. K&I is 

utilized to decide a threshold for the normalized difference snow index (NDSI) value which separates 

snow or ice from cumulus clouds. NDSI is calculated by taking the difference between the visible and 

shortwave infrared bands. Decision-tree with K&I is suggested to clearly distinguish snow and no-

snow areas (Macchiavello et al. 2009).  
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2.3.3 Change Detection in the Cryosphere  

The cryosphere is defined as locations on Earth where water freezes to solid form, i.e. snow or ice 

(NSIDC, 2014). In this section two examples of change detection in areas of snow and ice will be 

presented and this section ends the literature review.  

Akbari et al. (2014) use a large number of early spring dual-polarization C-band ENVISAT ASAR images 

to perform change detection on Arctic glaciers. The images are speckle-reduced through multi-

looking followed by terrain correction. The covariance matrix of the preprocessed polarimetric SAR 

(PolSAR) image is then modeled according to a selected PDF. For homogenous areas in the image this 

could be done with a Dirac delta function, while for textured areas a non-Gaussian PDF, the Ud-

distribution, could be used. By estimating Ud-distribution parameters and incorporating spatial 

context information the images are segmented in an unsupervised way. Ground truth data from C-

band ground penetrating radar profiles is used to label the segments. This segmentation is then used 

in post-classification comparison change detection. The locations of boundaries of the glacier facies 

of Kongsvegen glacier on Svalbard are compared between years 2004-2006. This method reached 

overall accuracies on the level of 80% and the omission error rates are around 1%-26% for glacier ice, 

0%-7% for superimposed ice and 6%-38% for firn (granular snow not yet developed into glacial 

ice)(Akbari et al., 2014; Encyclopædia Britannica, 2012).  

Bindschadler et al. (2010) apply image differencing to sets of optical images to detect changes in ice 

sheet surface slopes in West Antarctica. The mathematical comparison operator used is subtraction. 

A couple of MODIS images were averaged for each year of the study (2000-2005). Histogram 

matching was applied to images in order to get a set of images with similar contrast and brightness 

variations. These single-year images were then differenced and further histogram matching was 

done. Ice sheet surface slope changes show up as bright or dark areas in the difference images, 

depending on the slope is tilting toward or away from the sun. Clouds are not removed from the 

imagery and can also appear as dark or bright areas in the difference image. The results from 

differencing were compared to laser altimetry data (Bindschadler et al., 2010).  
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3. Study Area and Data 

3.1 Study Area 

The Beaufort Sea is located northeast of Point Barrow, Alaska and extends to Lands End on Prince 

Patrick Island and west of Banks Island in Canada to the Chukchi Sea. The surface area is 476,000 

km2. The average depth is 1,004 m. There are a number of small islands and shallows in the sea, the 

biggest island is Herschel (approx. 18 km2). The Mackenzie river runs out to the Beaufort Sea and 

deposits large amounts of sediment. The center of oil production and drilling in Alaska, Prudhoe Bay, 

is located at this sea. Beaufort Sea is covered by ice most of the year, except August and September 

when ice melts around the coasts (Encyclopædia Britannica, 2014a; Encyclopædia Britannica, 2014b). 

 

 
Figure 1. Left: location of Beaufort sea in the Arctic Ocean (Image courtesy of the National Snow and Ice Data 
Center, University of Colorado, Boulder). Top right: sea ice off of Tigvariak 1950 (photo credit: Rear Admiral 
Harley D. Nygren, NOAA Corps (ret.). Bottom right: young ice in Beaufort Sea 2007 (photo credit: Collection of 
Dr. Pablo Clemente-Colon, Chief Scientist National Ice Center. Both from NOAA At The Ends of the Earth 
Collection available at http://www.photolib.noaa.gov/.   

 

  

http://www.photolib.noaa.gov/
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The locations of datasets are listed in the table below (Table 3), with center coordinates in WGS84. 

Table 3. Locations of datasets 

Dataset, year Latitude  Longitude 

1, 1992 71°21'44" N 142°07'09" W 
1, 2002 71°17'25" N 142°12' W 
2, 1992 71°06'22" N 138°05'08" W 
2, 2002 71°09'08" N 138°02'46" W  
3, 2007 70°43'58" N 147°42'51" W  
3, 2009 70°43'10" N 147°42'43" W  
Validation, 2007 71°17'39" N 147°05' W 
Validation, 2009 71°17'26" N 147°04'13" W  

 

3.1.1 SAR and Environmental Factors  

The backscatter from SAR is influenced by the electrical property of the target and the roughness of 

the target surface. For sea ice these two factors are in turn influenced by a number of environmental 

factors, such as temperature, salinity, wind conditions, ocean currents, freezing rate, melting history, 

snow cover existence and sea water intrusion (Yu and Clausi, 2007; Onstott and Shuchman, 2004). In 

this thesis wind conditions and air temperature will be quantified.  

Over the oceans there is a lack of weather observations thus model data describes reality the best 

(Katarina Elevant, meteorologist and Phd in Media Technology, email, May 9 2014) and the data for 

the factors described here come from models.  

3.1.1.1 Wind Conditions  

The North American Regional Reanalysis (NARR) done by the National Centers for Environmental 

Prediction (NCEP) is a model that has many parameters including temperatures, winds, moisture and 

soil data. The data is assimilated from a number of sources including radiosondes, surface and 

satellite observations. This regional weather model has produced data that covers the period 1979 

and onwards (NOAA NCDC).  

Scalar wind speed average gives the wind speed without direction (Atmospheric Research & 

Technology, LLC, 2013).  

The scalar wind speed for December 1992 was ca 6.5 m/s in the study area, as can be seen in Fig. 2 

(Mesinger et al., 2004).  



21 
 

 
Figure 2. Scalar wind speed (air 1000mb) monthly mean composite for December 1992, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 

 

The scalar wind speed for December 2002 was ca 5.5 m/s in the general study area, which can be 

seen in Fig. 3 (Mesinger et al., 2004). 

 
Figure 3. Scalar wind speed (air 1000 mb) monthly mean composite for December 2002, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 

 
In January 2007 the scalar wind speed was ca 6 m/s, as can be seen in Fig. 4 (Mesinger et al., 2004). 
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Figure 4. Scalar wind speed (air 1000mb) monthly mean composite for January 2007, NCEP Reanalysis data 

provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 

http://www.esrl.noaa.gov/psd/  

In January 2009 the scalar wind speed was also ca 6 m/s, as seen in Fig. 5 (Mesinger et al., 2004). 

 
Figure 5. Scalar wind speed (air 1000mb) monthly mean composite for January 2009, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 
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3.1.1.2 Air temperature  

The air temperature also comes from NCEP NARR.  In December 1992 the mean air temperature was 

ca 255 K (-18.15 °C) as seen in Fig. 6 (Mesinger et al., 2004).  

 
Figure 6. Air temperature (air 1000mb) monthly mean composite for December 1992, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 
  

For December 2002 the mean air temperature was also ca 255 K or -18.15 °C . There was warmer 

temperature close to the coasts (around 260 K, -13.15 °C), as seen in Fig. 7 (Mesinger et al., 2004).   

 

Figure 7. Air temperature (air 1000mb) monthly mean composite for December 2002, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 

 



24 
 

In January 2007 the mean air temperature was ca 250 K or -23.15 °C. Also here there was warmer 

temperature around the coasts (ca 255 K, -18.15 °C) according to the analysis shown in Fig. 8 

(Mesinger et al., 2004).  

 
Figure 8. Air temperature (air 1000mb) monthly mean composite for January 2007, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 

 
In January 2009 the mean air temperature was ca 255 K or -18.15 °C, as seen in the figure below, Fig. 

9, slightly warmer than January 2007 (Fig. 8) (Mesinger et al., 2004).  

 
Figure 9. Air temperature (air 1000mb) monthly mean composite for January 2009, NCEP Reanalysis data 
provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their website at 
http://www.esrl.noaa.gov/psd/ 
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3.1.2 Sea Ice Conditions 

To report ice conditions, daily ice charts are compiled using observations from different sources, such 

as satellite, ship and aviation observations and regional charts are compiled with additional 

meteorological and oceanographical information (CIS, 2014). The charts are produced using GIS 

software and the positional accuracy is improved by using GPS observations. The information on the 

charts is coded using the international Egg Code which code information about concentration, age 

and form of the ice with letter combinations (CIS, 2005).   

The regional ice charts cover large areas and cannot provide detailed information about a certain 

portion of an area, but can give a sense of the ice conditions in the big area.  

An available ice chart for the images from 1992 is the Weekly Regional Ice Chart from 1 January 

1993. The concentration is reported in tenths and on this day the total concentration was 9+/10 

(close to 10/10) with partial concentrations of 8/10 thin first-year ice (30-70 cm thick) in giant floes 

(>10 km) and 2/10 medium first-year ice (70-120 cm thick) in vast floes (2-10 km) (CIS, 1993). 

For the 2002 images there is an ice chart from 1 December 2002 that is appropriate for the image 

from Dataset 1 and another from 1 January 2003 that works for the image from Dataset 2. The ice 

conditions for Dataset 1, 2002 is a total concentration of 9+/10 with thin first-year ice, which is in big 

floes (500-2000m) and also a small partial concentration (less than 1/10) of multi-year ice. For 

Dataset 2, 2002 a total concentration of 9+/10 of medium first-year ice in vast floes and a small 

partial concentration of thin first-year ice was reported (CIS, 2002; CIS, 2003). 

For dataset 3, two ice charts from 15 January 2007 and 19 January 2009 were available. For the 2007 

image, there is close to land a total concentration of 10/10 of medium first-year ice (fast ice) and a 

small portion of thin first-year ice. Further from land there is a total concentration of 9+/10 of 

medium first year ice in vast floes and a small portion of thin first-year ice. For the 2009 image, there 

is close to land a total concentration of 10/10 of medium first-year ice that is fast ice and further 

from land there is a total concentration of 9+/10 of medium first-year ice in big floes (CIS, 2007; CIS, 

2009). 

There is also a small strip of land present in the bottom of the images of dataset 3.  

3.2 SAR Data 

Data has been chosen from a variety of sensors and covers different areas of the Beaufort Sea (see 

Table 3). The data is presented in the table below (Table 4). 

Table 4. Data overview. 

Dataset  Date Time 
 (UTC) 

Satellite Sensor Mode Polarization Resolution 
(m) 

1 26 December 1992 21:07:20 ERS1 SAR Image VV 30 
1 3 December 2002 21:05:50 ERS2 SAR Image VV 30 
2 17 December 1992 20:50:05 ERS1 SAR Image VV 30 
2 29 December 2002 20:48:38 ERS2 SAR Image VV 30 
3 9 January 2007 20:57:45 ENVISAT ASAR Image VV 30 
3 13 January 2009 20:57:39 ENVISAT ASAR Image VV 30 
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All the data were obtained from the European Space Agency (ESA).  

The European Remote Sensing (ERS) satellites were launched in 1991 (ERS1) and 1995 (ERS2) by ESA. 

The satellites are equipped with SAR in C-band, radar altimeter, ocean surface temperature and wind 

field measuring instruments.  ERS2 is equipped with an instrument that monitors atmospheric ozone. 

ERS1 and ERS2 were decommissioned in 2000 and 2011, respectively (ESA Earthnet Online, 2014d; 

Lillesand et al., 2008).  

The Image Mode of the ERS satellites gives data with 100 km right-looking swath, vertical-vertical 

(VV) polarization and 23° look angle. The ERS data used in this study was Image Mode Precision 

images, which means that the images have been calibrated, corrected for antenna pattern and 

range-spreading loss and speckle-reduced. The images are not geo-coded and have not been 

corrected for terrain distortions (Lillesand et al., 2008; ESA Earthnet Online, 2014b). 

ENVISAT was launched by ESA in 2002. The satellite is equipped with a number of instruments 

including ASAR, a spectrometer and sensors for measuring trace gases. The satellite was 

decommissioned in 2012 when ESA lost contact with it (ESA Earthnet Online, 2014c; Lillesand et al., 

2008). 

The Image mode of the ENVISAT ASAR provides swaths ranging from 58-109 km and look angles from 

14°-45°. This mode provides for both VV and horizontal-horizontal (HH) polarization. The ENVISAT 

data used in this study was also Image Mode Precision images and the images have been processed 

the same way as the ERS precision imagery (ESA Earthnet Online, 2014a; Lillesand et al., 2008). 

All data is from C-band.  

The original data is shown below (Figs. 10-12). 

 
Figure 10. Dataset 1: Left: ERS-1 December 26, 1992; Right: ERS-2 December 3, 2002. 

 



27 
 

 
Figure 11. Dataset 2: Left: ERS-1 December 17, 1992; Right: ERS-2 December 29, 2002. 

 

 
Figure 12. Dataset 3: Left: ENVISAT January 9, 2007; Right: ENVISAT January 13, 2009. 

 

 

3.3 Validation data 

Another dataset that overlaps with dataset 3 was used as validation data for the accuracy 

assessment done on a subset of dataset 3. This dataset is from the same days and time (about 10 

seconds earlier) as dataset 3. The dataset underwent the same pre-processing steps as the others. 

The result of the co-registration was a RMS mean of 0.047 and RMS standard deviation of 0.089. This 

dataset overlaps the top of dataset 3 and is of size 1576-by-1576 pixels. The images obtained after 

preprocessing are shown below in Fig. 13.  
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Figure 13. Preprocessed validation dataset for date 1 (left) and date 2 (right) 

 

For choosing change and no-change samples, the images were put side by side with some false color 

combinations. Then change and no-change samples were identified manually. From this procedure 

1569 change sample pixels (797 positive and 772 negative change pixels) and 1358 no-change pixels 

were manually selected. This procedure was done by another analyst than the author to increase 

independency of reference data. The finished reference map (1576-by-1576 pixels) is shown in the 

figure below (Fig. 14) with pink indicating no-change, blue positive change and yellow negative 

change.   

 
Figure 14. Reference map for the validated subset of dataset 3 with pink indicating no-change, blue positive 
change and yellow negative change.   
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4. Methodology 

The methodology is divided in three parts: pre-processing, change detection and accuracy 

assessment. These parts and their sub-parts are shown in the flowchart below (Fig. 15).  

 

 
Figure 15. Flow chart of methodology. 

 

4.1 Preprocessing 

The images were preprocessed with ESA’s NEST software and ArcGIS. The first step was to project 

the images to a common projection. In this study the images were projected into WGS 84 datum with 

UTM zone 6N. 

The next step is to co-register the images. This was done with the automatic co-registration option in 

the NEST software, which have detailed data on satellite orbits enabling automatic co-registration.  

The automatic co-registration generates ground control points (GCPs) in the master image and then 

the corresponding GCPs in the slave image is computed by cross correlation. With a warp function 

computed with the GCPs, the image is created using interpolation (Array Systems Computing Inc., 

2013a; Array Systems Computing Inc., 2013b; Array Systems Computing Inc., 2013c).  

The next step to consider is applying a speckle filter. The filter used in this study was a Lee filter with 

a 7x7 window. 

The images were then reduced in size to cover a smaller area of interest. The size reduction was first 

done visually in the NEST software with one image, the second image was then clipped according to 

the extent of the first image in ArcGIS.  
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4.2 Change Detection 

The three parts of the change detection step (see Fig. 15 above) were performed with MATLAB. The 

color scheme of the change detection maps were changed in ArcGIS and many illustrations were 

made using this software.  

4.2.1 Modified Ratio Operator 

The two co-registered images are divided with each other pixel-by-pixel, i.e., image rationing. In this 

study a modified ratio operator is used given by (Ban and Yousif, 2012): 

    
      

  
   

  
 

      
  
   

  
 

 

where the subscripts 1, 2 refer to the first and the second image respectively and the superscripts i, j 

refer to the rows and columns of the image respectively.  

The ratio operator puts both positive and negative changes in one part of the histogram, enabling 

change detection of both kinds of changes with only one single threshold. Positive change refers to 

changes that give rise to an increase in radar return, whereas negative change refers to changes that 

induce a decrease in radar return (Ban and Yousif, 2012).  

4.2.2 Kittler-Illingworth Thresholding Algorithm 

A normalized histogram h(r)  is created with L quantization levels, which approximates the PDF p(r) of 

the modified ratio image. The PDF can be expressed as (Ban and Yousif, 2012): 
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   and    are the a priori probabilities and    and    are the conditional density functions of class 1 

and 2 respectively. The PDFs are estimated assuming different statistical models presented in the 

next section.    refers to an arbitrary threshold, which cuts the histogram in two classes. T refers to 

possible threshold values, which range from 1 to L (Ban and Yousif, 2012).  

The criterion function is given by (Ban and Yousif, 2012): 

                                       

   

 

     

 

where 1,2 refer to no-change and change classes respectively. The value that minimizes this criterion 

function is the threshold used to differentiate change and no-change. If a pixel value is smaller or 
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equal to the threshold, it belongs to the no-change class; if a pixel value is larger than the threshold, 

it belongs to the change class (Ban and Yousif, 2012). 

4.2.3 Statistical models  

In this study log-normal (LN) and generalized Gaussian (GG) distributions were evaluated.  

LN distribution can be described with the PDF (Ban and Yousif, 2012): 

      
    

   
 

      
    

         
 

   
           

Where 1,2 refer to no-change and change classes respectively.    and   
  can be expressed as (Ban 

and Yousif, 2012): 

   
           

  
   

  
             

 
   

  
 

The GG distribution can be described with the PDF (Ban and Yousif, 2012): 
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  ,    and    are the mean, standard deviation and shape parameters respectively (Ban and Yousif, 

2012).  

By having different shape parameter, the GG “can represent a large family of symmetrical 

distributions among which are the Gaussian, Laplacian and uniform distributions” (Ban and Yousif, 

2012, quote p. 1090).  

The shape parameter is estimated by determining the modified mean of absolute values (Sharifi and 

Leon-Garcia, 1995): 

                                                                                       
 
    

where M is the total number of observations,     is observation number i and     refers to the 

estimated mean of the observations .  Further ratio ρ is computed (Sharifi and Leon-Garcia, 1995): 

  
   

 

       
 

Where    
  refers to the variance of the observations. The shape parameter    is then estimated by 

solving the equation           with a look-up table. r is the ratio function and is given by (Sharifi 

and Leon-Garcia, 1995): 
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4.3 Accuracy Assessment 

The accuracy assessment was performed with MATLAB. 

The confusion matrix compares reference data with the results in the form of a matrix. Non-diagonal 

elements are commission or omission errors. Commission errors occur when a pixel is included in a 

certain category (e.g., change) to which it does not belong. Omission errors, on the other hand occur 

when a pixel is not included in the correct category (Lillesand et al., 2008). 

Overall accuracy is defined as (Congalton and Green, 2009): 

                  
    

 
   

 
 

where n is the total number of samples, k refers to the number of categories and nii refers to 

correctly categorized pixels (Congalton and Green, 2009; Lillesand et al., 2008). 

Detection accuracy is defined as the percentage of change pixels correctly classified as changed. False 

alarm is the percentage of unchanged pixels mistakenly classified as changed (Moser and Serpico, 

2006; Bazi et al., 2005a).  

Another way of assessing the accuracy of the classification is to calculate the    statistic or KHAT, 

which is an estimate of the Kappa coefficient. This coefficient measures how the classification and 

reference data agree compared with chance agreement (Congalton and Green, 2009; Lillesand et al., 

2008).  

KHAT is obtained by (Lillesand et al., 2008): 

     
     

 
            

 
   

           
 
   

 

Where N is the total number of reference pixels, k refers to the number of categories, xii refers to the 

sum of correctly categorized pixels,     and     refers to the column and row totals respectively for 

each category  (Lillesand et al., 2008). 

KHAT ranges between zero and one. If KHAT equals 0, then the classification is totally depending on 

chance, i.e., the “classification is no better than a random assignment of pixels” (Lillesand et al., 

2008, quote p. 590). 
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5. Results and Analysis 

5.1 Preprocessing 

The results of the co-registration is summarized in the following table (Table 5). 

Table 5. Results of co-registration. 

Dataset Master Slave RMS mean RMS std 

1 1992 2002 0.031 0.076 
2 1992 2002 0.063 0.11 
3 2009 2007 0.065 0.12 

 

An RMS threshold of 1.0 pixel was selected. If a small threshold is selected, the GCPs are of better 

quality, but fewer. The RMS mean and RMS standard deviation of the residuals of the master and 

slave GCP positions were calculated and GCP pairs that had a bigger RMS than the RMS mean were 

deleted (Array Systems Computing Inc., 2013b). A low RMS indicates smaller residuals, which means 

that the co-registration could be considered successful.  

Dataset 1 has size 2971-by-2971 pixels, dataset 2 has size 2913-by-2913 pixels and dataset 3 has size 

2959-by-2959 pixels.  

The resulting images are shown in the Appendix (chapter 8). 

 

5.2 Change detection 

The first step in the change detection is ratio image generation as shown in the flowchart in Fig. 15. 

From these ratio images histograms are generated. These histograms are illustrated for different 

number of bins in Figs. 16 and 17 below. 

 

 
 

Figure 16. Histograms with 256 (top), 512 (bottom) bins for ratio images generated from dataset 1 (left), 
dataset 2 (middle) and dataset 3 (right). 
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Figure 17. Histograms with 1024 (top), 2048 (bottom) bins for ratio images generated from dataset 1 (left), 
dataset 2 (middle) and dataset 3 (right). 

 

Increasing the number of bins of the histogram made the curve appear smoother. The histograms 

appear unimodal and slightly positively skewed. 

5.2.1 Dataset 1  

The resulting thresholds from running K&I with different number of bins on dataset 1 are listed in the 

table below (Table 6). 

Table 6. Resulting thresholds from dataset 1. 

Number of bins Threshold (LN) Threshold (GG) 

256 1.3204 1.2435 
512 1.3268 1.2755 
1024 1.3428 1.2980 
2048 1.3444 1.3092 

 

What can be seen from this table (Table 6) is that with increasing number of bins, the value of the 

threshold increases for both distributions and that the thresholds for the LN distribution were higher 

than for the GG.  

When inspecting the change detection maps of LN distribution of dataset 1 there is not much 

difference between the different number of bins. The results get slightly less grainy as the number of 

bins increases. The same can be said about the change detection maps generated from the GG 

distribution. The change detection maps of dataset 1 overlaid over Date 1 with 2048 bins from LN 

and GG distributions are shown below in Fig. 18.  
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Figure 18. Change detection maps generated from dataset 1  with 2048 bins histogram with LN distribution 
(left) and GG distribution (right), overlaid over Date 1 with red indicating change.  

 

The change detection map generated from the GG distribution appear slightly more grainy than the 

change detection map from the LN distribution, illustrated in the figure below, Fig. 19, with red 

representing change. 

  
Figure 19. Change detection map (detail) from LN distribution (left) and GG distribution (right) with histogram 
with 2048 bins. 
 

Visually inspecting dataset 1 for change by comparing Figs. 45 and 46 in Appendix 8.1 shows that the 

islands with white colors and the strips with darker colors have disappeared in Date 2. As seen in Fig. 

18, both distributions manage to detect the change of the strips with low amplitude (darker colors), 

the islands with white color are interpreted as no-change, since Date 2 is dominated by high 

amplitude.  

The percentage of the image classified as change is listed in the table below (Table 7) for the 

different number of bins and both distributions.  
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Table 7. Percentage of total image classified as change for dataset 1.  

Number of bins Percentage change LN Percentage change GG 

256 41.3% 50.0% 
512 40.8% 45.8% 
1024 39.4% 43.5% 
2048 39.2% 42.3% 

 

As seen from the table above (Table 7), with increasing the number of bins, the percentage of change 

decreases for both distributions. The percentage of change from the LN distribution is lower than the 

percentage from the GG distribution.  

The change detection maps from a trial with positive and negative change do not differ so much with 

different number of bins for both distributions. Illustrations of the results from differentiating 

positive and negative change is shown in Fig. 20 below. There are not big differences between the 

two distributions, the GG detected slightly more change. Both change detection maps were 

dominated by positive change as seen in Fig. 20 below.  

 
Figure 20. Positive (blue) and negative (orange) change detection map generated from LN distribution (left) and 
GG distribution (right )with 2048 bins overlaid over Date 1. 
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5.2.2 Dataset 2 

The resulting thresholds with different number of bins on dataset 2 are shown in the table below 

(Table 8).  

Table 8. Resulting thresholds from the dataset 2. 

Number of bins Threshold (LN) Threshold (GG) 

256 2.8736 1.7475 
512 2.8882 1.7426 
1024 2.9003 1.7402 
2048 2.9015 1.7390 

 

From this table (Table 8) it can be seen that for the LN distribution the thresholds for this dataset was 

higher than for the thresholds for dataset 1 (cf. Table 6). The thresholds from the GG was also slightly 

higher for this dataset than dataset 1 (cf. table 6). Further, the threshold from LN distribution 

increases as the number of bins increases, but for the GG the threshold decreases as the number of 

bins increases.  Also here the thresholds for the LN was higher than for the GG.  

The change detection maps obtained with 2048 bins histogram with LN and GG distribution overlaid 

on Date 1 of dataset 2 are illustrated in below, Fig. 21.  

 
Figure 21. Change detection map generated from dataset 2  with 2048 bins histogram with LN distribution (left) 
and GG distribution (right), overlaid over Date 1 with red indicating change.  

 

When visually inspecting the change detection maps, it can be seen that the change detection maps 

of the LN hardly differ when changing the number of bins. The same can be said about the change 

detection maps of the GG. However when comparing the resulting maps from the LN and the GG, the 

LN detected a lot less change than the GG, which can be seen in Fig. 21 above.  

The percentage of the image classified as change is listed in the table below (Table 9) for the 

different number of bins and both distributions.  
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Table 9. Percentage of total image classified as change for dataset 2. 

Number of bins Percentage change LN Percentage change GG 

256 1.5% 23.3% 
512 1.4% 23.5% 
1024 1.4% 23.7% 
2048 1.4% 23.8% 

 

The percentage of change decreases for increasing number of bins for the LN, but increases for the 

GG. The percentage of change for LN is much lower than the percentage of change for the GG, which 

can also be seen visually in Fig. 21 above.  

By visual comparison of the subset illustrated in Appendix 8.2 (Figs. 47 and 48), there are some 

islands with white color in date 1 of dataset 2, which are not present in date 2. These islands are 

illustrated in Fig. 22 below. 

 
Figure 22. White islands in date 1 (left) and corresponding area in date 2 (right) of dataset 2. 

 
The change of the white islands was classified as no-change by both distributions as illustrated below 
in Fig. 23. 

 
Figure 23. Results of change detection of white islands in date 1 of dataset 2 with LN (left) and GG (right) 

distribution with 2048 bins histogram overlaid over date 1. Red indicates change. 

 
In date 2 there is a lightning-shaped feature in the upper left corner, which is not present in date 1. 

This detail is illustrated below in Fig. 24.   
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Figure 24. Corresponding area in Date 1 (left) of the lightning-shaped feature in date 2 (right) of dataset 2. 

 
The lightning-shaped feature was detected with varying degree by both the LN and the GG 

distributions, which is illustrated below (Fig. 25).  

 
Figure 25. Results of detecting the lightning-shaped feature with LN (left) and GG distribution (right), both with 

2048 bins histogram. 

 
Illustrations of the results from differentiating positive and negative change is shown in Fig. 26 

below.   

 
Figure 26. Positive (blue) and negative (orange) change detection map generated from LN distribution (left) and 
GG distribution (right) with 2048 bins overlaid over Date 1.  

 
The differences between different number of bins are not big for both distributions. Almost only 

(three pixels negative change was detected) positive changes are present in the change detection 
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maps from LN distribution. The GG detected more negative change compared to the log-normal, but 

positive changes dominates the change detection maps, regardless of the number of bins. 

5.2.3 Dataset 3 

The resulting thresholds for the change detection maps from dataset 3 (a subset is validated in the 

next section) with both distributions and the different number of bins are listed in the table below 

(Table 10).  

Table 10. Threshold for both distributions with different number of histogram bins. 

Number of bins Threshold (LN) Threshold (GG) 

256 1.6436 1.1893 
512 1.6752 1.3218 
1024 1.6847 1.3250 
2048 1.6925 1.3329 

 

The thresholds were lower than dataset 2 (cf. table 8) and higher than dataset 1 (cf. table 6) for both 

distributions, but the threshold for the 256 bins histogram with the GG was lower than all the other 

datasets. With increasing number of bins in the histogram, the threshold values increased for both 

distributions.  

The change detection maps of a histogram with 2048 bins for the LN and GG distributions are shown 

overlaid on Date 1 in the figures below, Fig. 27 overlaid over date 1.   

 
 

Figure 27. Change detection map generated from dataset 3  with 2048 bins histogram with LN distribution (left) 
and GG distribution (right), overlaid over Date 1 with red indicating change.  

 

The change detection maps do not change appearance dramatically with a slight increase of the 

threshold value for the LN distribution. For the GG distribution with the different thresholds 

generated from different number of bins in the histogram, there is more change detected with the 

threshold from the 256 bins than for thresholds from the remaining number of bins (illustrated in the 

Accuracy Assessment section, Fig. 35). 
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The percentage of the image classified as change is listed in the table below (Table 11) for the 

different number of bins and both distributions.  

Table 11. Percentage of total image classified as change for small subset of dataset 3. 

Number of bins Percentage change LN Percentage change GG 

256 6.9% 51.0% 
512 6.0% 29.4% 
1024 5.7% 29.0% 
2048 5.5% 28.0% 

 

Comparing the percentages of change in the bigger subset of dataset 3 (Table 13 below), the 

percentage of change for LN is higher. For GG the percentage of change is similar for 1024 and 2048 

bins, but lower for 256 and 512 bins, with biggest difference for 512 bins. Comparing table 11, the 

percentage of change for LN is lower than the percentage change for the GG. This result suggests 

that with bigger subsets the change percentage decreases for the LN distribution. For GG the issue is 

more complex. With the lower numbers of bins the change percentage decreases with smaller 

subsets, for the higher numbers of bins, the change percentage decreases at 1024, but increases a 

little at 2048.  

When visually comparing the images in Appendix 8.3 (Figs. 49 and 50), there is a white island present 

in the lower right part of date 2, but not date 1, which is shown in the figure below, Fig. 28.  

 
Figure 28. White island in date 2 (right) and corresponding area in date 1 (left) of dataset 3. 

 
The resulting change detection maps are shown below (Fig. 29) overlaid on date 1.  

 
Figure 29. Results of change detection of white island in date 2 of dataset 3 with LN (left) and GG (right) 

distribution with 2048 bins histogram overlaid over date 1. Red indicates change. 

 
What can be seen from Fig. 29, both distributions detected this change more or less, with GG 
detecting it a lot more.  
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There is an L-shaped feature in the lower middle part of date 1 that is not present in date 2 

illustrated in the figure below, Fig. 30.  

 
Figure 30. L-shaped feature in date 1 (left) and corresponding area in date 2 (right) of dataset 3. 

 
The resulting change detection maps are illustrated below in Fig. 31.  

 
Figure 31. Results of change detection of L-shaped feature in date 1 of dataset 3 with LN (left) and GG (right) 

distribution with 2048 bins histogram overlaid over date 1. Red indicates change. 

 
This feature was detected by both distributions.  

For the detection of positive and negative changes, a selection of the resulting change detection 

maps is shown in Fig. 32. Also here, the maps from the log-normal do not exhibit that much 

difference from changing the number of bins. For the GG, the highest number of bins gives less 

change in general compared to the lowest number of bins (see Fig. 32 below). For the LN distribution 

positive change dominated. For the GG distribution the results are more equal. 

 
Figure 32. Positive (blue) and negative (orange) change detection map generated from LN distribution with 

2048 bins (left), GG distribution with 2048 bins (middle) and GG distribution with 256 bins (right). 
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It would be interesting to look at results using images larger than 2913-by-2913 pixels. Images with 

size 4757-by-4757 pixels are illustrated in Fig. 33 below.  

 
Figure 33. Larger subset from Dataset 3, Date 1. (left) and  Date 2 (right). 

 
There are some minor changes, but overall the images have a similar appearance (see Fig. 33 above). 

The following thresholds were obtained (Table 12). 

Table 12. Thresholds for both distributions with different number of histogram bins for larger images. 

Number of bins Threshold (LN) Threshold (GG) 

256   2.0854   1.1551 
512   2.0965   1.1661 
1024   2.1131   1.3157 
2048   2.1159   1.3295 

 

With increasing the number of bins the thresholds increase for the LN distribution. Compared to the 

results of the smaller image (cf. Table 10), the threshold values for the LN distribution are higher. 

Compared to the result of the smaller image above (cf. Table 10), the thresholds are smaller for the 

GG compared to LN, but it has the same pattern of dramatic increase (for the small image the 

increase came at 512 bins, here it comes at 1024). Also for the GG distribution, if the number of bins 

is increased, the threshold value increases.  

Comparing the threshold values of the different distributions in Table 12, the thresholds from the LN 

distribution is almost twice as high as for the GG.  

The resulting change detection maps were quite similar in appearance with the different number of 

bins. As an illustration the change detection maps with 2048 bins overlaid on date 1 are included 

below (Fig. 34) for both distributions. 
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Figure 34. Change detection maps of a larger subset with LN (left) and GG (right) distributions with 2048 bins 
histogram overlaid on date 1 with change in red. 

 
Comparing the images in Fig. 34, the change detection map of the GG has identified more as change 

than the LN distribution. Further, the change detection map from the GG has a very noisy 

appearance. However, the cracks that are visible in both images (see Fig. 33), but in different 

locations, have been identified by both distributions as seen in the lower left corner of both images 

in Fig. 34.  

The percentage of the bigger image classified as change is listed in the table below (Table 13) for the 

different number of bins and both distributions.  

Table 13. Percentage of total image classified as change for bigger subset of dataset 3. 

Number of bins Percentage change LN Percentage change GG 

256 1.1% 57.8% 
512 1.1% 55.3% 
1024 0.99% 30.0% 
2048 0.98% 27.9% 

 

With increasing number of bins the percentage of change decreases for both distributions. Again the 

percentage of change of the LN distribution is much lower than the percentage of change of the GG 

distribution.  

 

5.3 Accuracy Assessment 

Visually inspecting all change detection maps in the previous section, without saying anything about 

the accuracy, it looks like the LN distribution detects less change than the GG distribution. 

The validation data used in the accuracy assessment is shown in section 3.3. A subset of dataset 3 

was validated, 1576-by-1576 pixels big, illustrated in Appendix 8.4, Figs. 51 and 52.  
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The resulting thresholds were obtained (Table 14).  

Table 14. Thresholds for validated subset of dataset 3. 

Number of bins Threshold (LN) Threshold (GG) 

256  1.8116 1.1996 
512 1.8315 1.4058 
1024 1.8415 1.4091 
2048 1.8498 1.4141 

 

The thresholds from the LN distribution are higher than for the GG distribution, which could also be 

seen in Table 10. This is even a smaller subset than Dataset 3 and compared to the thresholds for the 

larger images in Table 12, the thresholds for LN is slightly smaller and the thresholds for GG are 

bigger for this smaller subset. Compared to Table 10, the thresholds here (Table 14) are larger for 

both distributions.  

The resulting change detection maps with 2048 bins and 256 bins are illustrated in Fig. 35 below.  

Comparing the change detection map of the LN to the corresponding GG, the GG detected more 

change.  

 
 
Figure 35. LN distribution change detection map with 2048 bins histogram (left) and GG distribution change 
256 (middle) and 2048 (right) bins histogram. Red indicates change.  

 

By visually comparing date 1 and date 2 (Figs. 51 and 52 in Appendix 8.4), there is an island in white 

colors in the top middle of date 2 that is not present in date 1. This detail is shown below in Fig. 36.  

 
Figure 36. Corresponding area of Date 1 (top) of white colored island in date 2 (bottom) in dataset 3. 

 

The island of white in the top middle was detected more by the GG, whereas for the LN the island 

was only partially detected. This is illustrated in the figure below, Fig. 37. 
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Figure 37. Results of change detection with LN distribution (left) and GG distribution (right) with 2048 bins 
histogram of the white island. Red indicates change. 
 

In date 1 there is a vertical stripe going through the middle of the image, which is not present in date 

2, illustrated below in Fig. 38.  

 
 

 
Figure 38. Vertical stripe in date 1 (top) and corresponding area in date 2 (bottom) in dataset 3. 

 

The vertical stripe was detected by the GG distribution, but was only partially detected by the LN 

distribution. This is illustrated in Fig. 39 below. 

  

 
Figure 39. Result of change detection with LN distribution (top) and GG distribution (bottom) with 2048 bins 

histogram of the vertical stripe with red indicating change. 

 
There is a diagonal stripe in date 2 that is not present in date 1, which is shown below in Fig. 40.  
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Figure 40. Corresponding area in date 1 (left) of diagonal stripe in date 2 (right). 

 

The diagonal stripe was not detected by the LN distribution and only partially by the GG as shown 

below in Fig. 41.  

 
Figure 41. Resulting change detection of diagonal stripe with LN (left) and GG (right) distribution with 2048 bins 

histogram. Red indicating change. 

 
The percentage of the image classified as change is listed in the table below (Table 15) for the 

different number of bins and both distributions.  

Table 15. Percentage of total image classified as change for validated subset of dataset 3. 

Number of bins Percentage change LN Percentage change GG 

256 7.6% 57.9% 
512 7.1% 30.2% 
1024 6.8% 29.9% 
2048 6.6% 29.4% 

 

As is visible in the Fig. 35 above, the GG detected a lot more change than the LN distribution, which 

can be seen in Table 15 above.  For 256 bins, the GG had over 50% change in the image.  

To illustrate positive and negative change detection, the change detection maps for 2048 bins for the 

LN and GG distribution are shown below (Fig. 42), overlaid over date 1.  
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Figure 42. Positive (blue) and negative (orange) change detection map generated from LN distribution (left) and 
GG distribution (right) with 2048 bins overlaid over Date 1. 

 

The accuracy assessment results for a histogram with 256 bins are summarized below (Table 16). 

Table 16. Accuracy assessment results from histogram with 256 bins. 

Distribution  LN GG 

False Alarm 0% 35.2% 
Detection Accuracy 73.2% 99.5% 
Overall accuracy 85.7% 83.4% 
KHAT 0.72 0.66 

 

The accuracy assessment results  for a histogram with 512 bins are summarized below (Table 17). 

Table 17. Accuracy assessment results from histogram with 512 bins. 

Distribution  LN GG 

False Alarm 0% 4.6% 
Detection Accuracy 71.4% 95.3% 
Overall accuracy 84.7% 95.4% 
KHAT 0.70 0.91 

 

The accuracy assessment results  for a histogram with 1024 bins are summarized below (Table 18). 

Table 18. Accuracy assessment results from histogram with 1024 bins. 

Distribution  LN GG 

False Alarm 0% 4.4% 
Detection Accuracy 70.4% 95.2% 
Overall accuracy 84.1% 95.4% 
KHAT 0.69 0.91 

 

The accuracy assessment results for a histogram with 2048 bins are summarized below (Table 19). 

Table 19. Accuracy assessment results from histogram with 2048 bins. 
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Distribution  LN GG 

False Alarm 0% 4.1% 
Detection Accuracy 69.7% 95.0% 
Overall accuracy 83.8% 95.4% 
KHAT 0.68 0.91 

 

The false alarm rate of the log-normal distribution was 0% in all of the experiments on the data set 

that could be validated. The GG distribution had a drop of the false alarm rate which can be seen in 

Tables 16-19. With 256 bins (see Table 16) the GG scored higher detection accuracy than the LN 

distribution. The overall accuracy was comparable for histograms with 256 bins, with LN and GG 

having 85.7% and 83.4%, respectively. With increasing the number of bins, this overall accuracy was 

pretty constant for the LN distribution, but for the GG it increased to about 95% at 512 bins (see 

Table 17) and was then pretty constant the rest of the trials. The KHAT was quite constant for the LN 

distribution, whereas it got higher with increasing number of bins for the GG distribution as seen in 

Tables 16-19. 

The assessment of detection of positive and negative changes are summarized in the tables below, 

Tables 20-23. 

Table 20. Positive and negative accuracy assessment results from histogram with 256 bins. 

Distribution  LN GG 

Positive Detection Accuracy 83.9% 99.9% 
Negative Detection Accuracy 62.2% 99.1% 
KHAT 0.77 0.75 

 

Table 21. Positive and negative accuracy assessment results from histogram with 512 bins. 

Distribution  LN GG 

Positive Detection Accuracy 82.7% 97.5% 
Negative Detection Accuracy 59.8% 93.1% 
KHAT 0.75 0.93 

 

Table 22. Positive and negative accuracy assessment results from histogram with 1024 bins. 

Distribution  LN GG 

Positive Detection Accuracy 82.1% 97.5% 
Negative Detection Accuracy 58.4% 92.7% 
KHAT 0.74 0.93 
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Table 23. Positive and negative accuracy assessment results from histogram with 2048 bins. 

Distribution  LN GG 

Positive Detection Accuracy 81.3% 97.5% 
Negative Detection Accuracy 57.8% 92.4% 
KHAT 0.73 0.93 

 

From Tables 20-23 it can be seen that, the positive detection accuracy of the GG decreased at 512 

bins and then stayed constant for all the other number of bins. The negative detection accuracy of 

the GG decreased with increasing number of bins. The KHAT for the GG distribution increased at 512 

bins and stayed the same. The LN had lower positive and negative detection accuracies than the GG. 

The positive as well as negative change detection accuracy decreased with increasing number of bins. 

The negative detection accuracy was much lower than the positive detection accuracy compared to 

the GG where the accuracies were more similar. The KHAT for the LN distribution decreased as the 

number of bins increased.  

In the pre-processing one iteration with a Lee filter with a 7-by-7 window was applied. Can the 

accuracy be improved by using more iterations? 

When applying a Lee filter once more the following thresholds were obtained (Table 24): 

Table 24. Threshold for both distributions with different number of histogram bins with additional speckle 

filtering of input images. 

Number of bins Threshold (LN) Threshold (GG) 

256   1.6961    1.3611 
512   1.7039   1.3637 
1024   1.7052   1.3729 
2048   1.7072   1.3775 

 

From this table (Table 24) the thresholds increase as the number of bins increases for both 

distributions. Compared to the LN thresholds, the GG generated thresholds that are lower. 

Compared to Table 14 the thresholds are lower for both distributions (except the threshold for 256 

bins with the GG distribution).  

The percentage of the image classified as change is listed in the table below (Table 25) for the 

different number of bins and both distributions.  

Table 25. Percentage of total image classified as change for validated subset of dataset 2 with additional 

speckle filtering. 

Number of bins Percentage change LN Percentage change GG 

256 9.8% 32.2% 
512 9.5% 31.9% 
1024 9.5% 31.0% 
2048 9.4% 30.5% 
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Compared to Table 15 with the percentage of change without additional speckle filtering, for LN the 

percentage increased with additional speckle filtering. For GG the percentage of change increased for 

all number of bins except with 256 bins where a decrease of change percentage took place with 

additional speckle filtering.  

The accuracy assessment of images with one more filtering iteration is listed below starting with the 

histogram of 256 bins (Table 26). 

Table 26. Accuracy assessment results from histogram with 256 bins with additional speckle filtering. 

Distribution  LN GG 

False Alarm 0% 9.3% 
Detection Accuracy 78.3% 96.7%   
Overall accuracy 88.3% 94.0%  
KHAT 0.77  0.88  

 

Comparing the values of this table with the corresponding values of Table 16 the false alarm rate for 

the GG is much lower with the additional filtering than for just one iteration (9.3% compared to 

35.2%). The detection accuracy decreased, but the overall accuracy and KHAT increased. For the LN 

distribution the false alarm rate is the same (0%), but the detection, overall accuracy and KHAT 

increased. Compared to each other the GG had higher values for all accuracy measurements.  

Table 27. Accuracy assessment results from histogram with 512 bins with additional speckle filtering. 

Distribution  LN GG 

False Alarm 0% 8.9% 
Detection Accuracy 77.5% 96.7%  
Overall accuracy 87.9% 94.1%  
KHAT 0.76 0.88  

 

Compared with Table 17 the false alarm rate increased for the GG and for the LN distribution it is the 

same. For both distributions the detection accuracy increased. For the GG the overall accuracy 

decreased, whereas for the LN distribution it increased. The KHAT decreased for the GG, but 

increased for the LN. Also here the GG scored higher values than the LN.  

Table 28. Accuracy assessment results from histogram with 1024 bins with additional speckle filtering. 

Distribution  LN GG 

False Alarm 0% 7.4% 
Detection Accuracy 77.4% 96.2% 
Overall accuracy 87.9% 94.6%  
KHAT 0.76 0.89 

 

Compared to Table 18, the false alarm rate increased for GG, but stayed the same for LN. The 

detection accuracy increased for both distributions. The overall accuracy for the GG decreased and 

for the LN it increased. The KHAT decreased for the GG, but increased for the LN distribution. 

Compared to each other, also with 1024 bins the GG scored higher.   
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Table 29. Accuracy assessment results from histogram with 2048 bins with additional speckle filtering. 

Distribution  LN GG 

False Alarm 0% 7.1%  
Detection Accuracy 77.2% 95.9%  
Overall accuracy 87.8% 94.5%  
KHAT 0.76 0.89  

 

If this table (Table 29) is compared to Table 10, it can be seen that the false alarm rate increased for 

the GG and stayed the same for the LN (0%). The detection accuracy increased for both distributions 

(for LN it went from 69.7% to 77.2%). The overall accuracy decreased for the GG but increased for 

the LN distribution. The KHAT decreased for the GG and increased for the LN. As with the other 

result, compared with each other the GG had higher values for the accuracy measurements than the 

LN distribution.  

To summarize, what can be seen with these tables (Tables 26-29) is that with one additional filtering 

and increasing the number of bins, the false alarm rate for the GG was reduced. The detection 

accuracy decreased for the GG, while it increased for the LN. For the GG the overall accuracy 

increased until 1024 bins, it went down with 2048 bins. For the LN distribution the overall accuracy 

decreased as the number of bins increased, but compared to the result without additional speckle 

filtering the overall accuracy increased. The KHAT was similar with the different number of bins.  

The resulting change detection maps from positive and negative change detection (with additional 

speckle filtering) where quite similar in appearance for the different number of bins, the change 

detection maps for 2048 bins are illustrated below in Fig. 43.  

 
Figure 43. With additional speckle filtering. Positive (blue) and negative (orange) change detection map 
generated from LN distribution (left) and GG distribution (right) with 2048 bins overlaid over Date 1.  

 
The accuracy assessment for the positive and negative change detection (with additional speckle 

filtering) is presented in Tables 30-33 below. 
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Table 30. Positive and negative accuracy assessment results from histogram with 256 bins with additional 

speckle filtering. 

Distribution  LN GG 

Positive Detection Accuracy 90.8% 99.5% 
Negative Detection Accuracy 65.3% 93.9% 
KHAT 0.81 0.91 

 

Table 31. Positive and negative accuracy assessment results from histogram with 512 bins with additional 

speckle filtering. 

Distribution  LN GG 

Positive Detection Accuracy 90.5% 99.4% 
Negative Detection Accuracy 64.1% 93.9% 
KHAT 0.80 0.91 

 

Table 32. Positive and negative accuracy assessment results from histogram with 1024 bins with additional 

speckle filtering. 

Distribution  LN GG 

Positive Detection Accuracy 90.5%  99.4% 
Negative Detection Accuracy 64.0% 93.0% 
KHAT 0.80 0.92 

 

Table 33. Positive and negative accuracy assessment results from histogram with 2048 bins with additional 

speckle filtering. 

Distribution  LN GG 

Positive Detection Accuracy 90.3% 99.1% 
Negative Detection Accuracy 63.7% 92.5% 
KHAT 0.80 0.91 

 

What can be seen from these tables (Tables 30-33) is that for the GG the positive and negative 

detection accuracies are larger than the ones for the LN distribution. For both distributions, the 

positive change detection accuracy is larger than for the negative change detection and for the LN 

the positive is much larger (about 25%) than the negative detection accuracy. Further for both 

distributions the accuracies are reduced as the number of bins is increased. The KHATs are stable and 

the KHATs for the GG are about 0.10 larger than the KHATs for the LN distribution.  

 

5.4 Discussion  

The manually generated reference data can be influenced by a number of factors, such as co-

registration differences (the data will never be perfectly aligned) or mistakes in interpretation. The 

quality of the reference data is also influenced by how experienced the analyst is. Further, a lack of 

available ancillary data makes generating the reference data difficult. The confusion matrix 
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generated from this data can only say how well sample pixels of the reference data present in the 

change detection map were detected and cannot assess accuracy over the entire image or how the 

change detection algorithm would perform on another dataset (Congalton and Green, 2009; 

Lillesand et al., 2008).  

What acceptable results are is difficult to quantify, because it depends on what the results are 

supposed to be used for. An overall accuracy of 85% has been used conventionally as an acceptable 

level (Congalton and Green, 2009). The overall accuracy here varied from 83%-95%, which could 

mean that some of the results are worse when considering overall accuracy. However, using only this 

accuracy measurement is not enough (Congalton and Green, 2009).  

K&I false alarm rates from 0.18-11.34% were reported in the urban study of Ban and Yousif (2012) 

and false alarm rates from 0-10.54% were reported in the flood study of Moser and Serpico (2006). In 

this study false alarm rates of about 0-7% were reported, which are rates comparable to the other 

studies. 

If it is important that nothing that is unchanged is classified as changed the LN distribution performed 

the best, considering its lack of false alarms. However, a low false alarm rate can stem from low 

detection accuracy (the percentage of change pixels correctly classified as changed), because the 

change pixels are few a lower percent of unchanged pixels mistakenly classified as changed is 

detected.  

If it is important that change pixels are identified correctly as changed the GG performed the best 

(with an average detection accuracy of 96% from the four initial trials above presented in Table 16-

19).  

The lower false alarm rate of the LN distribution is coupled with a lower value of the KHAT 

coefficient, which indicates a higher influence of chance on the result. Lowering of the false alarm 

rate of the GG distribution when the number of bins was increased was coupled with an increase of 

the KHAT coefficient, which indicates that the influence of chance on the result was lowered 

(Lillesand et al., 2008). 

Increasing the number of bins, which corresponds to increasing L (see section 4.2.2) seems to have a 

favorable impact on the accuracy. This could be because increasing the bins might correspond to 

improving the approximation of the PDF, which is the histogram according to the K&I algorithm (Ban 

and Yousif, 2012).   

When applying an additional filtering iteration in the pre-processing stage the GG had consistently 

higher overall and detection accuracy than the LN, this regardless of the number of bins (see Tables 

26-29). However for the LN the accuracy was improved compared to results without additional 

speckle filtering. This might indicate that the LN distribution is more sensitive to speckle than the GG 

distribution. The LN distribution has been utilized for speckle reduction in SAR imagery (Gao, 2010; 

Kuruoğlu and Zerubia, 2004). 

Comparing the positive and negative accuracy assessment of the result with additional speckle 

filtering (Tables 30-33) to the result without it (tables 20-23), the positive accuracy increased for LN, 

while for GG it increased except for the trial with 256 bins where it decreased. The negative accuracy 
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increased for LN, but for GG the accuracy was quite similar. The KHAT increased for the LN, but for 

GG it decreased except for 256 bins where it increased. 

According to Ban and Yousif (2012) the GG “is a very flexible density model in term of its ability to fit 

symmetrical distributions with varying degree of sharpness.” The LN distribution on the other hand 

can fit asymmetrical distributions and in their study this distribution was one of the best (Ban and 

Yousif, 2012, quote p. 1091). For the data in this study, however, the GG seems to be the best 

distribution for modeling change and no-change with its high KHAT coefficient, overall accuracy, 

detection accuracy and low false alarm rate.  

Visually and looking at the percentage of change tables (Tables 7, 9, 11, 13, 15 and 25) it can be seen 

that the GG detected a lot of change. The scenes are dominated by change, but the question is if the 

GG over-estimates change. The GG over-estimated the histogram of change and no-change classes in 

Ban and Yousif (2012) and also resulted in a high percentage of the scene classified as change.  

Compared to the GG the LN distribution change detection maps are less dominated by change. With 

the lack of further validation data it is difficult to determine whether the LN distribution or the GG 

distribution over- or underestimated change or no-change.  

Compared to the KHATs of Ban and Yousif (2012), which reported KHATs from 0.72-0.87, the results 

reported here, had KHATs of 0.66-0.93, which are quite high.  

K&I with both distributions was quite successful at detecting positive change. Less success was made 

with negative change. In Ban and Yousif (2012) positive change was detected more for both the LN 

and GG distributions and negative change was detected slightly less for the GG and more less for the 

LN distribution, which was the results obtained in this study too.  

The reference data was collected on a visual analysis of the tonal differences between the images. 

Distinguishing no-change from change is, based on a visual analysis, very difficult and almost every 

pixel seems to have changed. Further it is difficult to assess if this tonal difference is in fact change or 

not, because the available data was satellite radar imagery only. No exact ice chart were available 

nor in-situ observations. This raises questions about the reliability of the reference data. The 

produced reference data is dominated by change, which gives the accuracy assessment a bias toward 

change. The false alarm rate, which is calculated with unchanged pixels, will be slightly misleading. 

Looking at the figure below (Fig. 44), it can be seen that for the winter months, the biggest extent of 

sea ice was at 1992, followed by 2002 and the extent for 2007 and 2009 are quite similar, but lower 

than 2002.  
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Figure 44. Arctic sea ice extent for 1981-2010 average (thick black line), 1992 (purple), 2002 (bluish green), 

2007 (blue) and 2009 (dark blue). Image courtesy of NSIDC, http://nsidc.org/arcticseaicenews/charctic-

interactive-sea-ice-graph/  

Does the slightly increased temperature of January 2009 show itself in Fig. 44 above? The sea ice 

extent for January 2007 and 2009 are in fact similar until mid-January when 2007 showed a tip in 

extent. This indicates that temperature alone cannot completely describe sea extent (January 2007 

was colder).   

Since the air temperatures for the different datasets are consistent (except 2007), the influence from 

temperature in the change detection should be minimal. The wind speeds were also similar for all 

datasets, thus the wind influence should also be minimal. 

Since there is not sea ice information available on the exact location of the imagery in this study, it is 

difficult to say something about what kind of changes could have taken place in the area. It is clear 

that for all the dates there is sea ice present. According to the ice charts (section 3.1.2) there are 

similar concentrations on all dates, but not exactly, thus some change should be detected.  

Visually comparing the preprocessed datasets in Appendix 8, for dataset 1, the dark strokes in Date 1 

could be smooth ice, such as young ice which appears darker. Date 2 is dominated by brighter image 

values which could indicate a more rough ice and possibly older. Date 1 in dataset 2 has a similar 

http://nsidc.org/arcticseaicenews/charctic-interactive-sea-ice-graph/
http://nsidc.org/arcticseaicenews/charctic-interactive-sea-ice-graph/
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pattern as Date 1 in dataset 1, but Date 2 is more or less darker than Date 1 in dataset 2. Date 2 in 

Dataset 3 is also darker than Date 1. However the backscatter signatures from sea ice is very complex 

and it is difficult to distinguish sea ice types  (Dierking, 2013; Bogdanov et al., 2005). 

Radar return signal characteristics of different ice types are difficult to assess (Lubin and Massom, 

2006). It has been suggested that increases in radar return (positive change) could imply higher ice 

surface temperatures, which happens during the course of a day (Kwok et al., 1998). Increase in 

radar return could also imply more presence of multi-year ice, which has a higher degree of radar 

return than first-year ice (Beaven and Gogineni, 1998). These contradictions make it quite difficult to 

assess the nature of change. Decrease in radar return (negative change) could imply more presence 

of new ice. The appearance of all ice types in SAR imagery gets darker with a decrease of radar return 

(Lubin and Massom, 2006).  

The positive changes seen in the change detection maps could indicate that the ice surface 

temperatures were higher in Date 2 at the locations of the positive change or that more multi-year 

ice is present. However because of the lack of exact information on ice types at the locations of the 

datasets, it is difficult to validate the difference between ice types and their radar return between 

the dates.    

The backscatter of multiyear ice is not believed to be affected by temperature variation. In order to 

get a multiyear ice signature the radar need to penetrate minimum the top 10-20 cm of the ice. For 

first-year ice the backscatter is from the surface. 1 m thick ice with 2 cm snow cover in -50 °C to -2 °C 

show that the dielectric properties increase with a temperature increase starting from -10 °C and 

backscatter is predicted  to increase with an increase in dielectric properties (Onstott, 2013).  

The backscatter signature of open water is a function of wind speed, making it difficult to distinguish 

open water and sea ice in single frequency and single polarization SAR imagery. Wind speeds are 

typically lower over sea ice than over the ocean (Onstott, 2013; Bogdanov et al., 2005; Komarov et 

al., 2013). 

Can K&I be used in studies for climate change indicators? This study is limited in the sense that the 

change detection is only done with one image from each date. In order to say something substantial 

on climate change a time series of images from many years is better (e.g. such as in Akbari et al. 

(2014)) than two instantaneous snapshots, since sea ice is a moving object. Motion of sea ice in a 

short period of time (circa 22 days) has lately (Kwok and Cunningham, 2003) been observed for 

winter ice possibly indicating a thinner ice. In its present state the K&I algorithm might not be an 

ideal change detection algorithm to be used as a climate change indicator. 
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6. Conclusions and Further Research 

In this study, the K&I algorithm with generalized Gaussian and log-normal distribution were applied 

on sea ice imagery for change detection. Based on the low rate of false alarm, combined with a high 

overall accuracy, detection accuracy and KHAT, the generalized Gaussian distribution seems the most 

suitable statistical model for K&I change detection on sea ice. The result was further improved by 

increasing the number of bins in the histogram of the modified ratio image. Applying additional 

speckle filtering increased the accuracy for the log-normal distribution.  

However, by visual inspection it might be suspected that the generalized Gaussian over-estimates the 

change class. Due to the lack of validation data it could not be decided if this is true and the log-

normal might be a good candidate anyway.  

There are concerns that the reference data might not be reliable. It is also dominated by change 

indicating that the good results that were reported may very well be biased. 

Because of the lack of reference data for the SAR datasets it could not be determined if SAR or ASAR 

imagery would give better or worse change detection accuracy.  

The algorithm was successful at detecting positive change and less successful at negative change. The 

scenes were dominated by positive change, which could indicate higher ice surface temperatures or 

more presence of multi-year ice. With the lack of validation data it is difficult to say something 

substantial about the possible effect of climate change in this study area.  

Without including a time series, the K&I at its present state is not an ideal climate change indicator.  

Further research could be: 

 Trial of more distributions, to see if change detection accuracy could be improved 

 Compare results of K&I on SAR and ASAR and also compare with data with lower resolution 

 Acquire more reference data and validate the method further 

 Develop a time series K&I change detection algorithm 
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8. Appendices - Preprocessed datasets 

8.1 Dataset 1 

 

 
Figure 45. Preprocessed dataset 1, date 1. 

 

 
Figure 46. Preprocessed dataset 1, date 2. 
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8.2 Dataset 2 

 

 
Figure 47. Preprocessed dataset 2, date 1. 

 

 
Figure 48. Preprocessed dataset 2, date 2. 
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8.3 Dataset 3 

 

 
Figure 49. Preprocessed dataset 3, date 1. 

 

 
Figure 50. Preprocessed dataset 3, date 2. 
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8.4 Validated subset of Dataset 3 

 

 
Figure 51. Preprocessed subset of dataset 3, date 1. 

 

 
Figure 52. Preprocessed subset of dataset 3, date 2. 
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