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SUMMARY 

Image change detection is defined as a technique comparing a pair of images of the same ge-

ographical area acquired at different times. This technique enables mapping applications for 

Earth environmental observation, risk management, human activity monitoring and urban stud-

ies. Radar sensors are particularly suitable for these applications as they are able to realiably 

provide high resolution imagery over large areas at low cost. 

In change detection with radar images, the extent of most error sources hinges upon the ac-

curacy and consistency of the focusing algorithm in use, and therefore, the characteristics of the 

resulting images. In this work, the processing chain of the Synthetic Aperture Radar (SAR) data 

is utilized in the change detection procedure to extract additional information on the targets and 

image artifacts, with the main goal of improving overall performance.  

Within this thesis, diverse airborne SAR experiments were conducted for change detection 

purposes focusing on human activity monitoring and urban studies. The experiments were car-

ried out with two high-resolution frequency agile sensors operating at X- and Ka-band respec-

tively. In the first chapter, diverse pulse compression approaches applied to the signals acquired 

in the range dimension were studied and evaluated for SAR image focusing purposes. The study 

showed that adaptive processing methods yielded images with slightly higher spatial resolution 

and lower sidelobes while producing a negligible signal to noise ratio loss in comparison to that 

achieved with typical deterministic approaches. In the second chapter, a change detection meth-

od exploiting spatial information gathered by means of multisquint processing was designed to 

reduce errors caused by the presence of image artifacts. The kappa coefficient improved on av-

erage by a factor 1.9 while preserving 95% of the detection rate obtained with traditional tech-

niques. The change detector was also shown to be less sensitive to errors caused by small differ-

ences between the acquisition geometries. Complementing the two previous research areas, the 

performance offered by adaptive and multisquint processing to reduce errors caused by image 

artifacts is analyzed in chapter three. Results showed that adaptive and multisquint processing 

improved the kappa coefficient by at least a factor 1.22 when applied separately in comparison 

to that offered by the SAR images focused with deterministic approaches and single-look pro-

cessing. This factor rose to 1.86 when range adaptive pulse compression and multisquint pro-

cessing mode were utilized in combination. In chapter four, a change detector exploiting the 2-

D and 3-D SAR image focusing chain was designed to improve the performance offered by oth-

er approaches based on 2-D or 3-D information only. The method takes advantage of the 2-D 

SAR focusing chain by using spatial information gathered via multisquint processing to reduce 

errors caused by artifacts without significantly increasing computation time. It also benefited 

from the volumetric structure of the targets, and a more accurate backscatter estimate of the ob-

jects, obtained after performing pulse compression with the signals acquired in the normal di-

mension. Evaluation of the kappa coefficient showed that the proposed method performed well 

at detecting changes caused by short and tall targets. Combination of backscatter and height dif-

ference information using a conditional random field led to the best performance. 

 This thesis contributes to broadening the knowledge of SAR image formation techniques 

and provides performance improvements in change detection methods, proving that change de-

tection with SAR imagery delivers more reliable results when the processing chain participates 

in the change detection procedure. The dissertation concludes with a discussion of the main 

findings and possible future research lines. 
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ZUSAMMENFASSUNG 

Als Image Change Detection definiert man eine Technik, die Paare von Bildern derselben 

geografischen Region, die aber zu unterschiedlichen Zeitpunkten aufgenommenen wurden, 

vergleicht. Solche Techniken werden zur Kartierung verwendet, um z.B. in der 

Erdbeobachtung, beim Risikomanagement, zur Überwachung menschlicher Aktivitäten und in 

der Urbanistik angewendet zu werden. Für solche Zwecke besonders geeignet sind 

Radarsensoren, da sie zuverlässig und günstig hochaufgelöste Bilder von großen Flächen liefern 

können. 

Bei der Change Detection von Radarbildern hängen die meisten Fehler von der Genauigkeit 

und Robustheit des verwendeten Fokussierungsalgorithmus’ und damit von den Charakteristika 

der prozessierten Bilder ab. In der vorliegenden Arbeit trägt die Prozessierungskette der 

Synthetic Aperture Radar-Daten (SAR) durch Informationsgewinn über Ziele und Bildartefakte 

zur Change Detection mit dem primären Ziel bei, dessen Gesamtleistung zu verbessern. 

Im Rahmen der Arbeit wurden verschiedene luftgestützte SAR-Experimente zur Change 

Detection durchgeführt, wobei der Schwerpunkt auf der Urbanistik und der Überwachung 

menschlicher Aktivitäten lag. Die Experimente wurden mit zwei hochauflösenden 

frequenzagilen Sensoren im X-Band und im Ka-Band durchgeführt. Im ersten Kapitel wurden 

verschiedene Ansätze zur Range-Pulskompression der erfassten Signale untersucht und ihre 

Anwendbarkeit für die SAR-Bildfokussierung ausgewertet. Der Vergleich zwischen adaptiven 

Methoden und herkömmlichen deterministischen Ansätzen zeigte bei ersteren eine leicht höhere 

räumliche Auflösung und kleinere Nebenkeulen bei einem vernachlässigbar geringeren Signal-

Rausch-Verhältnis. Im zweiten Kapitel wurde eine Change Detection-Methode entwickelt, die 

mittels Multisquint Prozessierung räumliche Informationen nutzt, um Fehler durch Bildartefakte 

zu reduzieren. Der Kappa-Koeffizient verbesserte sich durchschnittlich um einen Faktor von 1,9 

bei einer Erkennungsrate von 95% im Vergleich zu herkömmlichen Techniken. Auch erwies 

sich der Algorithmus als robuster gegenüber Fehlern, die durch geringfügig unterschiedliche 

Erfassungsgeometrien verursacht werden. Ergänzend zu den vorhergehenden 

Forschungsarbeiten wird im dritten Kapitel die Leistungsfähigkeit der adaptiven und der 

Multisquint Prozessierung zur Reduktion der von Bildartefakten verursachten Fehlern 

analysiert. Die separate Anwendung adaptiver und Multisquint Prozessierung verbesserten den 

Kappa-Koeffizienten um einen Faktor von mindestens 1,22 im Vergleich zu deterministischen 

Ansätzen und Single-Look-Verarbeitung, die Kombination beider erhöhte ihn auf 1,86. Im 

vierten Kapitel wird ein Change Detection-Algorithmus vorgestellt, der 2-D- und 3-D-SAR-

Fokussierung kombiniert, um die Leistungsfähigkeit gegenüber reinen 2-D- oder 3-D-Ansätzen 

zu verbessern. Das Verfahren nutzt die aus der 2-D-Multisquint-Prozessierung hergeleiteten 

räumlichen Informationen aus, um ohne signifikant höhere Rechenzeit die durch Bildartefakte 

verursachten Fehler zu reduzieren. Nach der Pulskompression in der zur Range-Azimut-Ebene 

orthogonalen Dimension führen die so zusätzlich gewonnenen Informationen der dritten 

Dimension und die präzisere Abschätzung der Rückstreuung zu verbesserten Ergebnissen. Die 

Auswertung zeigt, dass diese Methode bei der Zielerkennung sowohl in geringen als auch in 

großen Höhen gut funktioniert. Die besten Ergebnisse wurden mittels eines Conditional 

Random Fields erzielt, das die Differenzen der Rückstreuung und der Höhen kombiniert. 

Die vorliegende Arbeit erweitert unser Wissen über die SAR-Prozessierung, erhöht die 

Leistungsfähigkeit von Change Detection-Methoden und zeigt auf, dass SAR-Change Detection 

durch die Integration der Bildfokussierung in den Change Detection-Prozess zuverlässiger 

gemacht werden kann. Die Dissertation schließt ab mit einer Diskussion der wichtigsten 

Ergebnisse und Vorschlägen für zukünftige Forschungsrichtungen. 
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1 INTRODUCTION 

1.1 Background 

Remote sensing encompasses methods and technologies to retrieve information about the 

Earth’s surface measured at a distance using electromagnetic radiation reflected or emitted from 

the Earth’s surface [1]. It provides spatial information for both monitoring human activity and 

its impact on planet Earth and understanding the interactions of natural and man-made process-

es.  

Depending on the source of electromagnetic radiation, there are two classes of remote sens-

ing systems, active and passive. Passive systems measure the radiation reflected from targets 

illuminated with a natural source, like the sun, or naturally emitted, like thermal radiation. Ac-

tive sensors provide their own source for illumination, emitting radiation towards the surface 

under investigation and measuring the reflected radiation. Active sensors can be divided into 

lidar (light detection and ranging) and radar (radio detection and ranging). Lidar employs a laser 

as the source of radiation and operates in the optical part of the electromagnetic spectrum. Radar 

employs a set of antennae to transmit electromagnetic waves and receive the corresponding 

backscattered field. Radar operates in the microwave and radio parts of the electromagnetic 

spectrum. 

Major topics in remote sensing are related to agriculture, forestry, biodiversity, 3-D city 

modelling, risk management and urban studies [1]. There, identification and understanding of 

changes on the Earth’s surface by time series data analysis is important, as changes in the cur-

rent state of our environment have a natural and socio-economic impact ranging at different 

scales from local to global. This application, referred to as change detection, is the main focus 

of this work. In some cases, a continuous collection of time series data is required, for example 

in frequently cloudy areas. For this reason, this work aimed at improving performance of exist-

ing change detection methods utilizing data acquired by active radar sensors in urban scenarios 

or areas with man-made objects present. The change detection methods described here are suit-

able for human activity monitoring and urban studies. 

1.2 Image Change Detection 

Image change detection (CD) is defined as an enhancement technique comparing two or 

more images of the same geographical area acquired at different times [2]. The methods com-

pare a so-called test image with a reference image to produce a change map with information on 

objects that underwent change [3].  

Many approaches have been proposed for the analysis of images acquired by passive sensors 

[4-8]. Analysis of different change detection methods applied to agricultural surveys and land-

cover change studies has been reported in [8, 9]. Work reported in [10] has focused on the de-

tection of oil-spill in marine environments, while detection of changes in forested areas was 

studied in [11, 12].  

Despite the complexity of data processing and the large number of error sources [13-16], 

Synthetic Aperture Radar (SAR) sensors have also proved particularly useful in addressing 

change detection applications related to urban studies [17-20], human activity monitoring [21], 

risk management [4, 6], environmental observations [2], and forest studies [22]. 

Fig. 1.1 illustrates a simplified scheme of a typical change detector, where noise is assumed 

to be the only source of error. First, a dissimilarity function is applied to a reference and test 

image [23]. The corresponding output is denoised to mitigate errors caused by speckle [24, 25]. 
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A change map is derived after thresholding or classifying the restored image [3]. Image restora-

tion techniques, such as denoising [26] have a smoothing effect and eliminate some informative 

components of the SAR image content [13]. For change detection purposes, an intensive noise 

suppression reduces the detection rate of changes caused by the high-frequency components of 

the objects, but reduces the false alarm rate in unchanged relatively homogeneous areas [13]. 

Due to this contrasting property, the design of most change detectors has traditionally focused 

on reducing errors caused by noise [27].  

In SAR-CD, one can distinguish between coherent and incoherent methods [27-29]. Coher-

ent change detection exploits both the amplitude and phase of the images and has the potential 

to detect subtle changes. It is mainly based on the correlation coefficient, assumed to consist of 

two main contributions [30]: 1) temporal decorrelation, relating to changes between the refer-

ence and a test data acquisition, and 2) spatial decorrelation, caused by differences between the 

acquisition geometries. Methods based on the correlation coefficient have been reported in [2, 

27, 30, 31], showing the performance of the sampled coherence when applied to natural hazards 

damage assessment and human activity surveys. If the SAR reflectivity of the image pair is sim-

ilar, then coherent SAR-CD based on the maximum likelihood estimate of the refined sampled 

coherence performs better than that based on the correlation coefficient [29, 32, 33]. Alterna-

tively, Principal Component Analysis (PCA) of the complex-valued image pair has been utilized 

in [14]. Although coherent change detection has been proved to be more robust against errors 

caused by noise [2], it requires short-term scenarios and data sets recorded with very similar 

flight paths, so the coherence is still a useful metric to evaluate changes [29].  

 

Input Dissimilarity function Image restoration 
Thresholding 

or classification 

    

RG(B=0) composite: 

R=reference image 

G=test image 

Difference Image (DI) Restored (DI) Overlaid change map 

Fig. 1.1 General architecture of a SAR change detector. 

Incoherent change detectors are more suitable when the interferometric phase of the image 

pair does not carry information due to spatial and temporal decorrelation. Temporal decorrela-

tion occurs due to a physical change of the propagation path of the electromagnetic waves; i.e. it 

relates to different atmospheric conditions. Spatial decorrelation occurs when the image pair is 

not acquired with identical flight paths. In airborne SAR, inaccuracies in the navigation infor-

mation and the effect of the wind and turbulence often cause significant flight track offsets. For 

incoherent SAR-CD, subtraction is one of the most common operators [3, 13, 17, 34]. The re-

sulting Difference Image (DI), computed by subtracting the amplitudes of the log-transformed 
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images, is sensitive to noise, and performs poorly when detecting changes in distributed targets, 

such as trees or meadows [23]. Nonetheless, by using the DI, changes are detected in the resolu-

tion space of the input SAR images. In addition, in the log transform domain, the nature of the 

noise is assumed to be Gaussian and additive [26]. This property provides mathematical con-

sistency with current available denoising and classification methods, which assume inputs dis-

turbed with this type of noise [26, 35-37]. In SAR-CD, the DI is also referred to as the Log-

Ratio Image (LRI) [34].  

Methods based on statistical analysis of the SAR images are also important in incoherent 

change detection [38-40]. The approach described in [41] utilizes the Kullback Leibler Diver-

gence (KLD) operator to measure the differences between two probability distribution func-

tions. The method was validated to detect changes caused by flooding. Focusing on an urban 

scenario, the method in [17] investigates different probability distribution functions to model the 

change and no-change classes.  

During the last decade, wavelets have been widely used to perform incoherent change detec-

tion [13, 42-45]. In [24] a directive complex wavelet transform was employed to denoise the 

input SAR images. In [45] and [46] wavelets were exploited as a fusion framework of the low 

and high frequency components of the mean-ratio and LRI images. In those studies, the perfor-

mance of the methods was evaluated in the context of agricultural surveying and flood damage 

assessment. A method focusing on analysis of a wavelet-based multiresolution sequence of the 

LRI was proposed in [13]. Changes were detected at different resolution scales depending on 

their level of detail and noise level at the resolution scale. A combination of the wavelet domain 

and statistical algorithms was reported in [44] and [39] applied to damage assessment of flood-

ing and volcanic eruptions respectively. To mitigate errors caused by noise, the approaches uti-

lized a multiresolution sequence framework based on the KLD operator.  

In addition to the wavelet domain, the suitability of other transforms, such as curvelets and 

surfacelets, were examined in [47]. In [36], a curvelet-based approach was proposed to detect 

changes in urban environments, to highlight the structures of man-made objects. A similar idea 

was proposed in [46] using the contourlet transform. Work in [48] and [49] was based on an 

enhancement technique of the curvelet coefficients of the power of the scattering mechanisms to 

highlight changes related to man-made objects. 

Leaving the single-channel scenario, polarimetric data offers a good solution to alleviate er-

rors caused by noise, yielding improved results compared to single channel SAR imagery [50-

52]. The approach in [53], introduced the log-likelihood test, assuming that the coherence ma-

trices follow a complex Wishart distribution, showing a good detection performance in forested 

areas. The work presented in [54] showed a comparison of diverse statistical- and non-

statistical-based approaches to extract changes from polarimetric data sets using simulated sce-

narios. The method described in [55] exploited the coherence in combination with a log-

likelihood test utilizing polarimetric and interferometric SAR data (PolInSAR) to detect changes 

caused by vehicles and foot tracks. In addition to statistical approaches, other dissimilarity func-

tions suitable for polarimetric data sets were summarized in [56], where a comparison of their 

performances was provided. 

Apart from errors caused by noise, there exist other sources of error in SAR-CD [14], for ex-

ample: 1) registration noise due to geometrical distortions and differences between the acquisi-

tion geometries [57, 58], 2) amplitude and phase signal distortions caused by the radar equip-

ment and antenna gain patterns resulting in different radiometric properties and Point Spread 

Functions (PSFs), 3) activation or deactivation of different point spread functions due to differ-

ent illumination conditions, and 4) differences in the atmospheric conditions causing unknown 

phase changes in the received signals. 

 In SAR-CD, the extent of most error sources hinges upon the accuracy and consistency of 

the focusing algorithm in use. The main reason is that the characteristics of the resulting images 
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play a major role in change detection. A SAR image can be characterized with three parameters 

[59-61]: 1) the spatial resolution, 2) the Signal to Noise Ratio (SNR), and 3) the strength of arti-

facts, measured using the Peak to SideLobe Ratio (PLSR) or Integrated SideLobe Ratio (ISLR). 

The SNR relates to the detectability of an object [29, 62]. The spatial resolution of a SAR image 

relates to the level of detail of the objects, being a key parameter in target recognition [29]. Arti-

facts relate to information loss [62, 63], restricting target detection and recognition. In SAR-CD, 

the detection and recognition of the changes depends on the SNR and resolution of the targets 

involved, and image artifacts cause false alarms and misdetections. For this reason, in this work 

the processing chain of the SAR data cooperates in the change detection procedure by providing 

additional information on the targets or image artifacts.  

1.3 SAR image processing: pulse compression and processing modes 

For pulse sensors, SAR image focusing is achieved by means of pulse compression tech-

niques [64, 65], performed by filtering the received signals to increase spatial resolution and 

SNR. A range profile is obtained after applying pulse compression to the signals recorded in the 

range dimension. A 2-D image is focused after applying pulse compression to the signals in 

range and azimuth. By extension, a 3-D image is obtained after applying pulse compression to 

the signals in the range, azimuth and normal dimensions. Fig. 1.2 shows on the left the imaging 

geometry of an airborne SAR. A repeat-pass multibaseline interferometric configuration, also 

referred to as tomographic [66], is depicted on the right. The figure illustrates the three opera-

tional dimensions of a SAR sensor (range, azimuth and normal) moving along a linear flight 

path imaging in a stripmap mode. The spatial resolutions in range, azimuth and normal dimen-

sions are denoted here with δr, δa and δn respectively. 

 

Fig. 1.2 SAR imaging geometry. (Left) Side-looking geometry of a single flight track. (Right) Repeat-

pass tomographic configuration with a two-dimensional synthetic aperture. 

 Table 1.1 summarizes the properties of the pulse compression methods studied within this 

work. The methods can be divided into deterministic; i.e. the filter does not depend on the sam-

ples of the received signals, or adaptive; i.e. the filter is adapted to each individual input sample. 

Deterministic solutions, like the Matched Filter (MF), provide images with a high SNR and spa-

tial resolution but introduce sidelobes that can mask nearby targets. The MF is the most com-

mon pulse compression method in SAR image processing. In contrast, adaptive processing is 

not common in the SAR image formation chain. However, these methods are relevant in this 

work because they can potentially provide images with better characteristics, such as resolution, 

SNR or lower sidelobes, than those focused with deterministic approaches. Deterministic and 

adaptive filters can be modified with weighting functions. Real-valued weightings, referred to 
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as windows or tappers [67], are typical solutions to reduce sidelobes at the cost of degrading 

resolution and SNR. Complex-valued weightings, referred to as mismatched filters [68, 69], can 

provide images with reduced sidelobes while preserving resolution and SNR.  

TABLE 1.1 

PULSE COMPRESSION METHODS 

Input Pulse Compression Output characteristics 

Radar signals Type Signal weighting SNR Resolution Artifacts 

Slant range Deterministic or adaptive Real- or complex-valued Sr 𝛿𝑟 ISLRr 

Azimuth Deterministic Real-valued Sa 𝛿𝑎 ISLRa 

Normal Adaptive Real-valued Sn 𝛿𝑛 ISLRn 

Table 1.1 lists the nomenclature of the SNR, spatial resolution and strength of artifacts of the 

signals compressed in each individual dimension (range, azimuth and normal). The characteris-

tics of a SAR image depend on the performance of the pulse compression methods applied to 

the signals recorded from all dimensions involved in the data acquisition. Table 1.2 presents the 

characteristics of a 2-D and a 3-D SAR image based on the nomenclature in Table 1.1. The SNR 

of a 2-D image is the result of applying pulse compression in the azimuth dimension to the 

range compressed signals with initial SNR equal to Sr. In Table 1.2 the symbol (*) indicates that 

the SNR of a 2-D image depends on a 2-D convolution. In the 2-D spatial domain, the resolu-

tion cell size is given by the product of the spatial resolution in range and azimuth, and the 

quantity and strength of artifacts accumulate with each additional dimension.  

Since the accuracy of a change detector is constrained by the image formation method, it is 

important to first study the different pulse compression schemes based on the characteristics 

listed in Table 1.1. The performance of adaptive processing methods applied to SAR image 

formation is covered in the first research topic addressed in this thesis (chapter 2).  

TABLE 1.2 

2-D AND 3-D SAR IMAGE CHARACTERISTICS 

Spatial domain SNR Resolution Artifacts 

2-D Sr*Sa 𝛿𝑟 × 𝛿𝑎 ≈ (ISLRr+ISLRa) 

3-D Sr*Sa*Sn 𝛿𝑟 × 𝛿𝑎 × 𝛿𝑛 ≈ (ISLRr+ISLRa+ISLRn) 

Diverse processing modes result when applying pulse compression combined with weight-

ings to the signals recorded in the different dimensions. An n-dimensional single-look pro-

cessing is performed by applying pulse compression with n weightings, one for each dimension. 

Single-look processing yields a single image with the highest attainable resolution and SNR. 

Multilook processing in range performs pulse compression with a set of weightings designed to 

filter different spectral components of the signals. This mode produces a set of images, referred 

to as looks, with the radar backscatter at slightly different frequencies. Sub-aperture processing 

in azimuth performs pulse compression with weightings preserving a reduced number of the 

received pulses, providing a set of images with the temporal response of the targets (static or 

moving object). Multisquint processing in azimuth performs pulse compression with weightings 

preserving only the samples of the signals acquired from a specific azimuth direction. It produc-

es a set of images, referred to as squints, with the spatial behaviour of the targets (isotropic or 

anisotropic). Fig. 1.3 illustrates a set of SAR images focused with different pulse compression 

methods and processing modes. Fig. 1.3 (a) shows a single-look SAR image acquired over the 

Allgäu airport in Memmingen (Germany). Fig. 1.3 (b) depicts an RGB composite from three 

looks focused at different carrier frequencies: one can observe the frequency dependence of the 

range sidelobes. Fig. 1.3 (c) shows an RGB composite from three squints, highlighting diverse 
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image artifacts in colour. An RG(B=0) composite showing the sidelobe reduction efficiency of 

adaptive processing is depicted in Fig. 1.3 (d). 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 1.3 SAR images processed with different pulse compression schemes. (a) Single-look image fo-

cused by applying a matched filter in range and azimuth. (b) RGB composite: R= look at a car-

rier frequency of 34.65 GHz, G= look at a carrier frequency of 34.95 GHz, and B= look at a 

carrier frequency of 35.25 GHz. (c) RGB composite: R= squinted sub-aperture focused with 

the signals acquired with an azimuth angle of arrival in the interval [-3°, -1.25°], G= squinted 

sub-aperture focused with the signals acquired with an azimuth angle of arrival in the interval 

[-1.25°, 1.25°], and B= squinted sub-aperture focused with the signals acquired with an azi-

muth angle of arrival in the interval [1.25°, 3°]. (d) RG(B=0) composite: R= single-look image 

focused by applying the matched filter in range and azimuth, and G= single-look image fo-

cused by applying adaptive processing in range and the matched filter in azimuth. 

Current change detectors do not consider the presence of image artifacts or targets whose 

position or image sharpness varies during the illumination time. Moving objects like cars, trains, 

and trees fall inside this category. Oriented flat surfaces, such as roofs, can return a strong 

backscattering component within some sub-apertures. This effect manifests itself as azimuth 

glint [63]. These objects are a frequent source of error in SAR-CD, particularly in urban scenar-

ios. Single look and multi-look processing are the most utilized processing modes for SAR-CD 

purposes. However, none of these modes allow early detection of moving targets or image arti-

facts. This motivates research into adapting current methods to account for additional infor-
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mation collected from other processing modes to reduce errors caused by undesired objects. The 

design of a change detector, working at nominal resolution and exploiting spatial information to 

remove errors caused by artifacts is addressed in second place (chapter 3). With the aim of 

complementing the two previous research topics, the performance of the designed change detec-

tor is compared and evaluated when exploiting adaptive processing for SAR image formation 

(chapter 4). 

A 3-D SAR image is focused after applying pulse compression in the normal dimension us-

ing the data acquired from a tomographic configuration. This processing step disambiguates 

layover and permits the detection of multiple scatterers within a resolution cell; i.e. super-

resolution. In addition, it provides volumetric information of the targets in the scene. In this 

manner, tomographic SAR broadens the scope of change detection applications, particularly for 

urban studies, and forest monitoring. 3-D change detection is more robust against differences in 

illumination, and provides new levels of detail in comparison to traditional 2-D change detec-

tion. However, existing methods do not consider the specifics of the SAR data such as its asso-

ciated error sources (amplitude and phase noise), nor the information retrieved (backscatter and 

height estimates). By extension, they neither take advantage of the characteristics of SAR image 

formation. This leads to the fourth research topic of this thesis, which focused on the design of a 

change detection method accounting for the specifics of SAR tomography and taking advantage 

of the pulse compression method applied in the normal dimension (chapter 5). 

1.4 SAR image post-processing: denoising and classification 

Incoherent addition of a set of looks focused via multilook processing yields an image with 

reduced noise in comparison to the corresponding single-look. In this manner, SAR-CD takes 

advantage of multilook processing for reducing errors caused by noise. In coherent change de-

tection, denoising by means of multilook processing is a common practice. However, advanced 

image restoration methods are required to exploit the spatial resolution and SNR of the images 

focused via single-look processing. To some degree, this situation can also be extended when 

performing thresholding or classification in the last stages of the change detector. The image 

post-processing techniques embedded in the change detection methods utilized in this thesis are 

described in the following. 

1.4.1 Image restoration with morphological diversity 

A signal, considered as an 𝑁-length vector in a finite-dimensional subspace of ℝ𝑁, is strictly 

sparse if most of its entries are equal to zero; i.e. if its support is of cardinality 𝑘 ≪ 𝑁. A 𝑘-

sparse signal is a signal for which exactly 𝑘 samples have a non-zero value. In compressed sens-

ing [26], if a signal is not sparse, it can be sparsified in an appropriate domain; e.g. a sine wave-

form is not sparse in its original domain, the time domain, but its Fourier domain representation 

is extremely sparse. The atoms of the Fourier dictionary are sine and cosines waves of infinite 

length. For image analysis, however, the Fourier domain introduces two main drawbacks: 1) its 

atoms have infinite support in the time domain, thus it is not possible to represent realistic sig-

nals, which have a finite support, and 2) sine shapes are rare features in natural scenes acquired 

from remote sensing systems. 

Wavelets appeared to overcome the limitations of the Fourier domain. They are defined as a 

time-frequency analysis tool with atoms of finite length. In image processing, wavelets behave 

as band-pass filters. They sparsify data content, and are utilized in many applications, such as 

data compression, image analysis and restoration, deconvolution and inpainting (reconstruction 

of deteriorated parts of an image) [26, 70]. 

Curvelets are more recent transforms outperforming the sparsifying capability of wavelets at 

the edges of highly heterogeneous objects [26, 70-73]. They introduce directivity as a novel pa-
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rameter in the time-frequency analysis. For this reason, they are a suitable tool to analyze ob-

jects with multiple edges and high-frequency components.  

For image analysis and restoration purposes, wavelets are well-adapted for detection of iso-

tropic features or uniform areas but fail to represent other types of image content such as lines 

or edges, where curvelets outperform wavelets. This sparsification failure introduces artifacts 

[26]. One can exploit multiple transforms that can compactly represent different image objects 

when used in combination. From the principle of the morphological diversity theory, a better 

denoised image can be obtained by taking advantage of the different domains, each sparsifying 

different image features. This decomposition problem can be solved using two approaches [26]: 

Basis Pursuit (BP) and Morphological Components Analysis (MCA). In this work, the Mean of 

Maximum (MOM) variant of the MCA method reported in [74] is utilized for image decompo-

sition and denoising. Fig. 1.4 illustrates the performance of MCA-MOM using wavelets and 

curvelets. One can observe that the linear structures are attached to the curvelet component, 

while the homogenous areas are described by the wavelet component. The sum of the two com-

ponents yields a denoised version of the original SAR image. 

 

  
(a) Original SAR image (b) Wavelet component 

  

(c) Curvelet component 
(d) Sum of the wavelet and curvelet components: 

denoised version of (a) 

Fig. 1.4 Wavelet- and curvelet-based SAR image decomposition and restoration via MCA-MOM. 
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1.4.2 Image classification: Expectation Maximization (EM), Markov (MRF) and 

Conditional Random Fields (CRF) 

Diverse methods have been proposed to perform thresholding or classification for SAR-CD 

purposes [3, 75, 76]. For mathematical simplicity, it is assumed that the change and unchanged 

classes follow a Gaussian distribution, leading to the so-called Gaussian mixture problem [3]; 

i.e. the methods assume that the probability density function of the image to be classified is 

modeled as a mixture density distribution consisting of as many components as classes. Solving 

this problem requires knowledge of the probabilities of the classes, which are unknown a priori 

unless ground truth is available. In unsupervised SAR-CD, automatic solutions are adopted. Au-

tomatic classification can be performed by means of the Expectation Maximization (EM) meth-

od. Under the hypothesis of interpixel independence and based on Bayes rule, EM assigns each 

pixel to the class maximizing the a posteriori conditional probability.  

The EM method does not consider information of the pixel’s neighbourhood. As a conse-

quence, the method is sensitive to errors caused by noise. Statistical inference can be applied to 

refine results, using for example a Markov Random Field (MRF). A MRF assigns classes based 

on the probability density functions observed at each individual pixel and its spatial neighbour-

hood. The neighbourhood is defined using a metric, such as the Euclidean or city-block dis-

tance, and a scale parameter; i.e. the size of the neighbourhood. A MRF model consists of two 

terms, a so-called data term and an energy term. The former depends on the assumed probability 

density functions. The latter is user-defined, and is used to weight the potential class of a pixel 

given the classes of its neighbours. This weighting is typically performed by means of a so-

called shape parameter. The shape parameter behaves as a smoothing factor in typical morpho-

logical filters. The MRF model can be extended by adding additional user-defined terms con-

straining the probabilities of certain classes. In those cases, the resulting MRF model is referred 

to as a Conditional Random Field (CRF).  

1.5 Objective and research questions 

Focusing on reducing errors caused by noise has led to a large number of change detectors 

that consider SAR images as noise-corrupted versions of those that could be recorded by other 

active or passive sensors neglecting SAR specific properties. This thesis focuses on taking ad-

vantage of the images focused with different pulse compression methods, described in section 

1.3, to improve the performance of existing change detectors. In this manner, the processing 

chain collaborates in the detection of changes of interest or removal of false alarms to improve 

overall performance. The thesis aims to answer the following research questions. 

Pulse compression in range 

Current SAR sensors transmit linear frequency modulated (LFM) signals. Pulse compression 

of LFM signals by means of the matched filter method yields range profiles of high spatial reso-

lution and SNR but increase sidelobes levels. The presence of image artifacts, such as sidelobes, 

has a negative impact in SAR-CD, increasing the false alarm and misdetection rate. The re-

search evaluates the performance of deterministic and adaptive pulse compression methods, 

leading to the question: 

1. For SAR image focusing, how does adaptive pulse compression perform when applied 

to the signals recorded in slant range in comparison to different deterministic approach-

es, such as the matched filter? 

Pulse compression in azimuth 

Similar to the range dimension, matched filtering is the most common pulse compression 

method applied to the signals in the azimuth dimension. Adaptive processing in azimuth can 

involve a very high computational complexity. Pulse compression in azimuth can be modified 
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by incorporating signal weightings to provide SAR images with different characteristics while 

not significantly increasing the computation time. The research aims at implementing a change 

detector taking advantage of different azimuth compression methods combined with real-valued 

weightings. This leads to the following research question: 

2. How can SAR change detection take advantage of different pulse compression methods 

in azimuth, such as single-look and multisquint processing mode? 

Pulse compression in range and azimuth 

To broaden the scope of the two previous research questions, different pulse compression 

methods are combined and utilized for SAR image processing and change detection. The main 

goal is to evaluate the performance of adaptive processing in range for SAR-CD applications 

and compare the results with those obtained when using multisquint processing mode applied to 

the signals recorded in the azimuth dimension. The corresponding research question is: 

3. How does SAR change detection benefit from combinations of different range and azi-

muth pulse compression methods? 

Pulse compression in normal 

SAR offers three dimensional imaging when multibaseline interferometric configurations are 

employed. A 3-D image is obtained after applying pulse compression to the signals recorded in 

the normal dimension. Since the signals in the normal dimension are typically sparse due to a 

usually very limited number of baselines, adaptive processing is applied to mitigate sidelobes 

and achieve super-resolution. The research focuses on evaluating and implementing a change 

detection method taking advantage of pulse compression in the normal dimension, leading to 

the following research question: 

4. What are the implications of three dimensional SAR image focusing for change detec-

tion applications? 

1.6 Structure of the dissertation 

Chapter 1 familiarizes the reader with concepts and terminology utilized along this thesis. It 

compiles the state of the art in SAR image change detection, and describes the characteristics of 

SAR imagery and the different pulse compression techniques. It also covers a brief description 

of the image restoration and classification methods utilized in this work. The research questions 

studied in this thesis are presented at the end. 

Chapter 2 is based on a first author, peer-reviewed article: E. M. Domínguez, C. Magnard, 

M. Frioud, D. Small, and E. Meier, "Adaptive Pulse Compression for Range Focusing in SAR 

Imagery," IEEE Transactions on Geoscience and Remote Sensing, vol. 55, no. 4, pp. 2262-

2275, 2017. The work is related to research questions 1 and 3, and evaluates the performance of 

adaptive processing for SAR image formation purposes. The publication is self-contained in 

terms of structure and content. 

Chapter 3 is based on a first author, peer-reviewed article: E. M. Domínguez, E. Meier, D. 

Small, M. E. Schaepman, L. Bruzzone, and D. Henke, "A Multisquint Framework for Change 

Detection in High-Resolution Multitemporal SAR Images," IEEE Transactions on Geoscience 

and Remote Sensing, vol. 56, no. 6, pp. 3611 - 3623, 2018. It is related to research questions 2 

and 3. The work describes the proposed change detection method exploiting multisquint 

processing mode to reduce errors caused by image artifacts. The publication is self-contained in 

terms of structure and content. 

Chapter 4 is based on a first author, peer-reviewed conference article: E. M. Dominguez, M. 

Frioud, D. Small, and D. Henke, "Range Adaptive Processing and Multisquint Processing Mode 

for SAR Image Change Detection," in 12th European Conference on Synthetic Aperture Radar 
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(EUSAR), Aachen, Germany, 2018, pp. 1-6: VDE. It is related to research question 3. The work 

demonstrates that adaptive processing and multisquint processing mode can improve the 

performance of traditional SAR change detection methods by reducing errors caused by image 

artifacts. The publication is self-contained in terms of structure and content. 

Chapter 5 is based on a first author, peer-reviewed article: E. M. Domínguez, C. Magnard, 

E. Meier, D. Small, M. E. Schaepman, and D. Henke, "A Back-Projection Tomographic 

Framework for VHR SAR Image Change Detection," IEEE Transactions on Geoscience and 

Remote Sensing, 2018 (in revision). It includes the design of a change detection method taking 

advantage of SAR tomography to improve performance of methods based on 2-D images. 

Chapter 6 collects the main findings from chapters 2 to 5 to address the research questions 

formulated in chapter 1. It closes with a set of conclusions and an outlook to future research 

directions. 
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2 ADAPTIVE PULSE COMPRESSION FOR RANGE 

FOCUSING IN SAR IMAGERY 

 

This chapter has been published as: E. M. Domínguez, C. Magnard, M. Frioud, D. Small, 

and E. Meier, "Adaptive Pulse Compression for Range Focusing in SAR Imagery," IEEE 

Transactions on Geoscience and Remote Sensing, vol. 55, no. 4, pp. 2262-2275, 2017. 

For clarity, the paper has been reformatted and the references are listed at the end of the the-

sis; otherwise, the content is the same as in the journal article. © 2017, IEEE. Reprinted, with 

permission, from E. M. Domínguez, C. Magnard, M. Frioud, D. Small, and E. Meier, "Adaptive 

Pulse Compression for Range Focusing in SAR Imagery," IEEE Transactions on Geoscience 

and Remote Sensing, 2017. 

E.M.D., C.M., and E.M. designed the research. E.M.D. and C.M. processed the data and per-

formed the analysis with advice of E.M. and M.F. E.M.D. wrote the manuscript and all co-

authors reviewed and edited the manuscript. 

 

 

 

Abstract  

 

Synthetic Aperture Radar (SAR) images are focused via range and azimuth compression. 

Typically, a matched filter is used for range compression. However, its inherent operation intro-

duces target masking due to sidelobes, reducing the recognition and interpretability of the un-

derlying targets. To optimize the focusing quality, Adaptive Pulse Compression (APC) can be 

applied. In this work, APC is assessed for range processing in SAR image focusing. The per-

formance of the method is evaluated with airborne SAR imagery and compared to traditional 

schemes. We show that by applying APC under single channel, interferometric and stepped fre-

quency scenarios, the quality of the SAR images, the corresponding phase maps and interfero-

metric coherence images can be significantly improved, and that APC provides both better am-

plitude and phase estimates of the range profiles. APC is shown to preserve the characteristics 

of the azimuth signals, and can be applied without restricting the azimuth compression scheme. 
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2.1 Introduction 

Synthetic aperture radar can acquire images almost independent of weather and daylight 

conditions. The focusing quality of the images and to some extent the interpretability and 

recognition of the underlying targets depend on the accuracy of the reconstruction algorithms in 

use. 

In general, SAR image formation is carried out using pulse compression techniques such as 

the well-known Matched Filter (MF) method. MF preserves Signal to Noise Ratio (SNR) for a 

solitary point target embedded in additive white Gaussian noise [64]. It has low computational 

complexity, but multiple drawbacks [64]: a) SAR data is characterized by range/azimuth pro-

files containing many point-like and distributed targets, thus the SNR of an individual target is 

reduced in comparison with a similar isolated target, b) it introduces sidelobes that can mask 

nearby targets and c) it is not robust against Radio Frequency Interference (RFI). To suppress 

sidelobes, some deterministic alternatives were proposed, divided into processing and post-

processing techniques. The former prevent the presence of artifacts before image formation, 

whereas the latter reduce sidelobes after image focusing. Windowing [67] or Mismatched Filters 

(MMF) [69, 77, 78] are traditional processing techniques capable of reducing sidelobes without 

excessive computation requirements. These methods trade off resolution, sidelobe levels and 

SNR [64]. 

The post-processing techniques perform sidelobe reduction in the image domain. A popular 

approach, Spatially Variant Apodization (SVA), was reported in [79]. SVA preserves SNR and 

resolution and in combination with bandwidth extrapolation achieves super-resolution [80]. 

However, it introduces major disadvantages: a) it is required that the SAR images are acquired 

with small squint angles so that slant range and azimuth are nearly perpendicular [81], b) time 

domain azimuth compression methods, such as Fast Factorized Back-Projection [82], Back-

Projection [65] and Correlation [83] cannot benefit from this technique, since the spectra of ge-

ocoded images do not relate to the spectra of the SAR data, and c) if time domain azimuth com-

pression methods are not supported, SAR images acquired with non-linear trajectories cannot 

benefit from SVA [84]. 

Sidelobe reduction can also be performed with spectral estimation methods. Work reported 

in [85] exploits Capon’s Minimum Variance Method (MVM) [86] and the Amplitude and Phase 

Estimation (APES) technique [87]. These methods preserve SNR and resolution, and can 

achieve super-resolution by applying diagonal loading and image resampling. These techniques 

introduce again multiple disadvantages: a) the estimation of the covariance matrices is comput-

ed with overlapping image chips (multi-looked), so the overlapping factor becomes a critical 

parameter to guarantee matrix inversion, and b) only frequency domain azimuth compression 

methods are supported. Similarly, the work described in [88], and referred to as High Definition 

Vector Imaging (HDVI), introduces the same advantages and disadvantages. Currently, MVM 

is used to super-resolve the third dimension in tomographic SAR [89, 90]. 

To preserve resolution and SNR while reducing sidelobes, APC [91] is applied to range fo-

cusing during SAR image formation. In contrast to the methods described in [85] and [88], APC 

exploits full rank covariance matrices computed with all available and different information 

possible, offering flexibility via an initialization stage, where the output of a spectral estimation 

can also be improved. APC is a processing technique and thus not limited to frequency domain 

azimuth compression methods, as we will demonstrate in this study. It can provide super-

resolution [92], and compensate Doppler mismatched losses for moving targets [93]. Addition-

ally, computation requirements can be alleviated by reducing dimensionality of the covariance 

matrices, referred to as Fast Adaptive Pulse Compression (FAPC) [94]. 

In recent literature, APC- and FAPC-based methods have not been applied to SAR image 

processing. In contrast to work reported in [91], SAR range profiles contain complex-valued 

radar returns from many point-like and distributed targets. Inherent range-azimuth coupling 



 

 

21 

constrains the range compression: characteristics of the azimuth signals (resolution, sidelobes 

levels) must be preserved without introducing artifacts. In this work, we evaluated the perfor-

mance of range adaptive processing methods for SAR image focusing. For single channel SAR 

imagery, the analysis was carried out in terms of resolution, SNR, and achieved sidelobe levels. 

Additionally, interferometric and stepped-frequency data sets were used to investigate whether 

APC respects SAR range-azimuth coupling, and is capable of providing better amplitude esti-

mates and phase estimates over the range profiles. The SAR images obtained with APC were 

compared with those focused using traditional methods such as matched filter, mismatched fil-

ters, and windowing. 

The paper is organized as follows: Section 2.2 describes the sensor, data and test site. Sec-

tion 2.3 elaborates the procedure to focus single channel and multichannel SAR imagery, also 

with frequency agility. Section 2.4 illustrates results obtained with SAR data, using single and 

multichannel data sets. Section 2.5 includes a discussion of the results, and Section 2.6 draws 

conclusions gathered throughout this study. A list of acronyms and simulation results of the sig-

nature of a corner reflector are provided in the Appendix. 

2.2 Sensor, Data and Test Site 

The data sets were acquired in 2013 with Fraunhofer FHR’s MEMPHIS sensor [95] over the 

Allgäu airport in Memmingen, Germany, (N47.98°, E10.23°). MEMPHIS transmits 0.4 μs 

chirps each with a bandwidth and sampling frequency of 200 MHz. The SAR images used in 

this document were recorded in linear stripmap configuration at Ka-band using stepped-

frequency chirps. MEMPHIS was equipped with four receiving antennas arranged vertically to 

enable multibaseline cross-track interferometry and TomoSAR [96]. In each channel, the sensor 

transmitted eight LFM signals of 200 MHz each. The bandwidth overlap between consecutive 

chirps was 100 MHz. After bandwidth synthesis, a LFM signal of 900 MHz bandwidth was ob-

tained, improving the range resolution from 0.75 m to 0.167 m. 

2.3 Method 

 

 

Fig. 2.1 Overview of the image processing chain for single channel SAR data sets. The algorithms used 

in this study are included in the corresponding boxes. 

For pulsed sensors, SAR image focusing is performed by applying pulse compression to 

each dimension sequentially, range and azimuth (see Fig. 2.1). These two steps are required in-
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dependent of the characteristics of the data sets. In the first subsection we describe diverse range 

compression schemes to focus single channel SAR data, with special emphasis on range adap-

tive processing. Fig. 2.1 shows the methods used in this document, distinguishing between tra-

ditional and adaptive methods for range processing. In the corresponding subsections, additional 

steps for image focusing of stepped-frequency and interferometric data sets are also included. 

2.3.1 Single channel SAR image focusing 

Using the MF method, the range profile estimate is obtained after convolving a received 

pulse with a complex conjugate time reversed-copy of the transmitted waveform (replica). The 

estimate of the 𝑟-th delay sample of a 𝐿-length range profile is expressed as [64, 91]: 

𝑥𝑀𝐹(𝑟) = 𝒔
𝐻𝒚(𝑟) (2.1) 

where 𝒔𝑁×1 = [𝑠0 𝑠1  ⋯ 𝑠𝑁−1] is the N-length transmitted waveform, 𝒚(𝑟)𝑁×1 = [𝑦(𝑟) 𝑦(𝑟 +
1)⋯  𝑦(𝑟 + 𝑁 − 1)] is a vector of N contiguous samples of the complex received pulse, and 

(⋯ )𝐻 is the Hermitian operation. Each complex-valued sample of a received pulse is given by: 

𝑦(𝑟) = 𝒙𝑇(𝑟)𝒔 + 𝑣(𝑟) (2.2) 

where 𝒙(𝑟)𝑁×1 = [𝑥(𝑟) 𝑥(𝑟 − 1)⋯  𝑥(𝑟 − 𝑁 + 1)] are N contiguous samples of the range pro-

file impulse response (backscatter coefficient), (⋯ )𝑇 is the transpose, and 𝑣(𝑟) is assumed to 

be additive white Gaussian noise. Inserting (2.2) into (2.1) and rearranging terms, yields the 

well-known model of the MF in the time domain: 

𝑥𝑀𝐹(𝑟) = 𝒔
𝐻𝑨𝑇(𝑟)𝒔 + 𝒔𝐻𝒗(𝑟) (2.3) 

where 𝒗(𝑟)𝑁×1 = [𝑣(𝑟) 𝑣(𝑟 + 1)⋯  𝑣(𝑟 + 𝑁 − 1)] and 

𝑨(𝑟)𝑁×𝑁 = [

𝑥(𝑟) 𝑥(𝑟 + 1) ⋯ 𝑥(𝑟 + 𝑁 − 1)

𝑥(𝑟 − 1) 𝑥(𝑟) ⋱ ⋮
⋯ ⋱ ⋱ 𝑥(𝑟 + 1)

𝑥(𝑟 − 𝑁 + 1) ⋯ 𝑥(𝑟 − 1) 𝑥(𝑟)

] (2.4) 

is a collection of N length-N sample-shift snapshots (in the columns) of the impulse response. 

As described in [91], if 𝑥(𝑟) is considered to be a solitary point target; i.e. the off-diagonal ele-

ments of the matrix 𝑨(𝑟) are negligible, then 𝑥𝑀𝐹(𝑟) = 𝒔
𝐻𝒙(𝑟)𝒔 + 𝒔𝐻𝒗(𝑟), and thus the detec-

tion of the target depends exclusively on the SNR. However, if the off-diagonal elements are 

large relative to 𝑥(𝑟), the MF masks its theoretical backscatter independently of its SNR.  

Windowing or mismatched filters are simple solutions to alleviate target masking and reduce 

sidelobes [64, 67, 69, 77, 78]; however, at the cost of SNR loss and resolution degradation. In 

contrast to windowing, mismatched filters are complex-valued and their design is based on the 

transmitted waveform 𝒔. In this study, we consider two mismatched filters. The first, referred to 

as simply MMF, is derived from work reported in [69]. In this work, the (2𝑁 − 1) × (2𝑁 − 1) 
weighting matrix was first initialized as the identity matrix. The central diagonal element(s) cor-

responding to the 3 dB main peak response of the ambiguity function of the transmitted signal 𝒔 

were then replaced by zeros. The second approach is the well-known Least Squares Mismatched 

Filter (LSMMF) described in [91]. 

A more effective solution is obtained by designing a complex-valued filter 𝒘𝑁×1 adapted to 

each individual range bin [91]. Recovering the received signal from the model of the MF in 

(2.3), yields: 

𝒚(𝑟) = 𝑨𝑇(𝑟)𝒔 + 𝒗(𝑟) (2.5) 

The combination of (2.1) and (2.5) permits to derive a cost function that minimizes the Mean 

Square Error (MMSE) of the estimate of a range bin as follows [91]: 
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𝐽(𝑟) = 𝐸[|𝑥(𝑟) − 𝒘𝐻(𝑟)𝒚(𝑟)|2] (2.6) 

being 𝒘 the weighting function to be computed as a substitute of the MF; i.e. 𝒔𝐻 in (2.1). By 

assuming that the impulse response 𝑥(𝑟) is stationary over 𝑁 and uncorrelated with the noise, 

and that neighboring impulse response terms are also uncorrelated, the solution to (2.6) can be 

expressed as: 

𝒘(𝑟) = 𝜌(𝑟)(𝑪(𝑟) + 𝑹)−1𝒔 (2.7) 

where 𝜌(𝑟) = |𝑥(𝑟)|2, 𝑹𝑁×𝑁 is the noise covariance matrix, unknown a priori, and 𝑪𝑁×𝑁(𝑟) is 

the weighted covariance matrix of the transmitted waveform: 

𝑪(𝑟)  = ∑ 𝜌(𝑟 + 𝑛)

𝑁−1

𝑛=−𝑁+1

𝒔𝑛𝒔𝑛
𝐻 (2.8) 

where 𝒔𝑛 is a N-length vector computed according to:  

1) if n>0, 𝒔𝑛 is obtained by concatenating n zeros and [𝑠0 𝑠1  ⋯ 𝑠𝑁−𝑛],  

2) if n=0, 𝒔𝑛 = 𝒔, and 

3) if n<0, 𝒔𝑛 is computed by concatenating [𝑠|𝑛| 𝑠|𝑛|−1  ⋯ 𝑠𝑁−1] and n zeros.  

The complex-valued vector  𝒘(𝑟) requires a 𝑁 × 𝑁 matrix inversion per range bin; thus the 

computational complexity depends on the number of range bins per pulse and the length of the 

transmitted waveform 𝒔. Once 𝒘(𝑟) is obtained by solving (2.7), the range profile in the MMSE 

sense is estimated with: 

𝑥𝑀𝑀𝑆𝐸(𝑟) = 𝒘
𝐻𝒚(𝑟) (2.9) 

As an alternative to (2.6), the MMSE cost function can be reformulated by imposing a unity 

gain constraint of the filter 𝒘 as follows [97]: 

𝒘𝑯(𝑟)𝒔 = 1 (2.10) 

to yield: 

𝐽(𝑟) = 𝐸[|𝑥(𝑟) − 𝒘𝐻(𝑟)𝒚(𝑟)|2] + 𝑅𝑒{𝜉(𝒘𝐻(𝑟)𝒔 − 1)} (2.11) 

where 𝜉 is a Lagrange multiplier, and 𝑅𝑒{⋯ } is the real part of the argument. Solving (2.11) 

considering the linear constraint in (2.10) gives the solution of the MVM method [86, 97]: 

𝒘𝑀𝑉𝑀(𝑟)𝑁×1 =
𝑪−𝟏(𝑟)𝒔

𝒔𝐻𝑪−1(𝑟)𝒔
 (2.12) 

By inserting (2.12) into (2.1) one obtains a gain constrained estimate of a range bin based on 

the MMSE criterion, yielding: 

𝑥𝑀𝑀𝑆𝐸_𝑀𝑉𝑀(𝑟) = 𝒘𝑀𝑉𝑀
𝐻 𝒚(𝑟) (2.13) 

To compute (2.7) and (2.12), an estimation of the power of the surrounding range bins 𝜌(𝑟) 
is required. This can be obtained by applying an initialization stage, for example using the MF. 

With successive iterations based on the prior power estimates, a refined range profile is ob-

tained. This iterative procedure is summarized in Table 2.1 and referred to as Adaptive Pulse 

Compression or Range Adaptive Processing [91, 98]. 
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TABLE 2.1 

ADAPTIVE PULSE COMPRESSION ALGORITHM 

Algorithm 1 M-staged Iterative MMSE 

Task: Adaptive Pulse Compression 

Parameters: Transmitted signal 𝒔, receiver signal 𝒚, and number of stag-

es M. 

Initialization: 

 k=0 

 Estimate the range profile 𝒙𝑘, i.e. using (2.1) 

 Compute the power estimates 𝝆 = |𝒙𝑘|
𝟐  

Main iteration: 

for k=1 to M-1 do 

 Compute 𝑪(𝑟) with (2.8) 

 Apply (2.7) or (2.12) to obtain 𝒘𝑘  

 Recover the spatial response using 𝒙𝑘 = 𝒘𝒌
𝑯𝒚 

 Compute the power estimates 𝝆 = |𝒙𝑘|
𝟐 

if (k=M) then stop 

Output: Estimate of the range profile (𝒙𝑘)𝑘=0…𝑀−1 

Note: In (2.7), 𝑹 = [0]𝑁×𝑁, instead of 𝑹 = 𝜎𝑒[𝐼]𝑁×𝑁, assuming that the 

noise standard deviation 𝜎𝑒 cannot be computed. 
 

Once the corresponding received signals are range compressed using one of the aforemen-

tioned techniques, azimuth compression and radiometric calibration are performed. In contrast 

to the range dimension, the azimuth samples are not aligned, and the signals are typically Linear 

Frequency Modulated (LFM) [65]. To reduce potential errors during azimuth compression, the 

Time Domain Correlation (TDC) [65, 83] was used. Radiometric calibration was performed as 

described in [28]. 

2.3.2 Single channel SAR image focusing with frequency agility 

The procedure to focus SAR images acquired in stepped-frequency mode requires first syn-

thetizing the bandwidth of the stepped LFM signals in range [99]. Two different frameworks 

can be used: a) synthesize the full bandwidth of the received signals and apply a range compres-

sion scheme; and b) apply a range compression method to each received pulse and synthesize 

the full bandwidth with the corresponding range compressed profiles. These options are sche-

matized in Fig. 2.2 using a stepped-frequency data set with Nsb sub-bandwidths (for MEM-

PHIS, Nsb=8). 

With APC, option a) implies an increase of dimensionality; it exploits the information pro-

vided with the entire synthesized bandwidth. For pulse radars without imaging capabilities, a) 

has shown better results than b) [94, 98]. However, the computational requirements increase 

dramatically due to the inversion of larger weighted covariance matrices. For this reason, we 

used the second solution, proceeding in a fashion similar to FAPC [94]. The performance of 

FAPC was evaluated as a side effect of applying APC separately to each sub-bandwidth of the 

stepped-frequency data set. The evaluation of FAPC when applied to a single sub-bandwidth 

was beyond the scope of this work. 

The synthesis of the full bandwidth of the range profiles was performed with the method de-

scribed in [99] and [100]. The Time Domain Back-Projection (TDBP) [65] was used for azi-

muth compression, and radiometric calibration was performed identically as for TDC. 



 

 

25 

 
(a) 

 

 
(b) 

Fig. 2.2 Processing chain for stepped-frequency data sets. a) bandwidth synthesis before range pro-

cessing. b) bandwidth synthesis after range processing. 

2.3.3 Interferometric processing of multichannel SAR 

The SAR images used to compute the Interferometric Coherence Images (ICIs) and the cor-

responding phase maps were obtained after applying one of the range compression techniques 

described in subsection 2.3.1 and the extended wavenumber domain azimuth compression 

method described in [100, 101]. The interferometric phase from the four receiving antennas was 

generated using a maximum likelihood phase estimation method [102]. The coherence value 

was calculated from the longest available baseline using the same range and azimuth looks as in 

the phase estimation. 

2.3.4 Numerical evaluation 

The data sets were first range compressed with the methods listed in Table 2.2. The Matched 

Filter (MF) was considered to be the reference pulse compression technique. After azimuth 

compression and radiometric calibration, both local and global quality indicators were comput-

ed from the focused intensity SAR images for image quality assessment. 

Local indicators are obtained by extracting information about the backscatter from an isolat-

ed point target, and global indicators by extracting image-wide information [59-61]. The former 

were derived after averaging those extracted from the analysis of nine Point Spread Functions 

(PSFs) of three corner reflectors (trihedral) deployed in the area of interest. In this study, we 

used: 1) the slant range resolution δr and azimuth resolution δa derived from the 3dB width of 

the range and azimuth profiles of the PSF respectively; 2) the SNR, computed as the ratio of the 

main peak level of the PSF to the average level of a 128×128 sidelobe-free image patch of the 

airport runway, 3) the peak to sidelobe ratio in range PSLRr  and azimuth PSLRa respectively, 

derived as the ratio between the main peak level to the averaged first sidelobe levels, and 4) the 

integrated sidelobe ratio in range ISLRr and azimuth ISLRa, defined as the inverse ratio of the 

total energy of the 3dB main peak response to the total energy of the rest of the range and azi-
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muth profile respectively [61]. The profiles used to derive the ISLRr included the first two pairs 

of sidelobes, and one pair for ISLRa. Higher order sidelobes were below the dynamic range of 

the system. ΔSNR, ΔPSLRr, ΔPSLRa, ∆ISLRr, and ∆ISLRa were computed by subtracting the 

indicators derived from a patch of the corner reflector focused with a specific range compres-

sion method and the same indicators derived from the reference (MF), while δr-ratio and δa-ratio 

were derived by ratioing. Since the PSLRr accounts only for the first sidelobes, and the ISLRr 

depends on the number of available sidelobes, global quality indicators were used to evaluate 

the sidelobe reduction efficiency of a pulse compression method in comparison to that of the 

reference (MF).  

TABLE 2.2 

PULSE COMPRESSION METHODS – PARAMETERS 

Method Nomenclature Parameters  

Matched Filter MF - 

Matched Filter with Kaiser window MFK{β} 
β: shape of the window for sidelobe 

attenuation 

Mismatched Filter MMF - 

Least Squares Mismatched Filter LSMMF - 

APC  APC IS{M} 

IS: initialization stage, e.g. MF, 

MFK{β}, MMF or LSMMF 

M: number of stages 

APC (MVM) APCIS-MVM{M} Analog to APC 

FAPC FAPC IS{M} Analog to APC 

 

A log-transformed intensity SAR image X can be expressed as the sum of an informative 

component (signal), white Gaussian noise, and an undesirable non-informative component due 

to artifacts ξ. Neglecting differences in the noise component and assuming that sidelobes are the 

main contribution in ξ, the energy difference ∆I between a SAR image Xi and the reference XMF 

can be expressed as: 

∆𝐼𝑖 = 10 ⋅ 𝑙𝑜𝑔10(|𝑋𝑖|
2) − 10 ⋅ 𝑙𝑜𝑔10(|𝑋𝑀𝐹|

2) ≈ ∆𝑆𝑁𝑅𝑖 + ∆𝜉𝑖  (2.14) 

where ∆SNRi is the difference in SNR, ∆ξ
i
 the differences in energy due to sidelobes, and the 

subscript ‘i’ refers to the range compression method used to focus X (see nomenclature in Table 

II). By assuming that ∆SNRi is constant for all image pixels and the SAR images have compa-

rable spatial resolutions, ∆ξ
i
 can be derived from ∆Ii. Global indicators can be derived by 

thresholding ∆ξ
i
 at 0dB, comparable to change detection. The average energy reduction ∆ξ

red
̅̅ ̅̅ ̅̅  

and increase ∆ξ
inc

̅̅ ̅̅ ̅̅  due to sidelobes are computed by integrating the values of the negative and 

positive class of ∆ξ respectively, and normalizing by the total number of pixels of XMF. Ideally, 

∆ξ
inc

̅̅ ̅̅ ̅̅ = 0 and ∆ξ
red

̅̅ ̅̅ ̅̅ ≪ 0. Finally, the net energy difference per image pixel due to sidelobes ∆ξ
i

̅̅ ̅̅  

is computed with ∆ξ
i

̅̅ ̅̅ = ∆ξ
red

̅̅ ̅̅ ̅̅ + ∆ξ
inc

̅̅ ̅̅ ̅̅ . Images of ∆ξ
i
 were denoised with Block Matching 3-D 

(BM3D) described in [35]. 

Quality assessment of the interferometric phase is performed with the ICIs. High coherence 

between a pair of SAR images is correlated to reliable height information derived from the in-

terferometric phase. Low coherence indicates noisy interferometric phase, which translates into 

unreliable height information or outliers [102, 103]. The quality of the phase estimates of an 
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interferometric set of SAR images focused with a pulse compression method in comparison to 

MF can be derived from the coherence difference ∆Ci via: 

∆𝐶𝑖 = 𝐼𝐶𝐼𝑖 − 𝐼𝐶𝐼𝑀𝐹 (2.15) 

where ICIMF is the coherence of the interferometric set focused with the MF, and ICIi is the co-

herence of the set being evaluated. ∆Ci is dimensionless and limited to the interval [-1, 1]. 

∆Ci > 0 indicates more reliable phase estimates, and ∆Ci < 0 less reliable. An increase or de-

crease of coherence can have a positive impact depending on the underlying targets; e.g. a co-

herence increase can occur when targets are unmasked after sidelobe reduction, and a coherence 

decrease can occur in areas with inherent low coherence (shadows, asphalt, water...) obscured 

by sidelobes previous to unmasking. A pulse compression method provides reliable phase esti-

mates when the corresponding ICIs deliver low coherence for highly de-correlating targets, and 

the opposite in coherent targets. A unique global indicator congesting the information embedded 

in ∆Ci could hardly assess quality of the phase estimates. To avoid such issues, ∆Ci was evalu-

ated locally in patches where the coherence was affected by changes in sidelobes. 

2.4 Results 

2.4.1 Single channel SAR image focusing 

The pulse compression techniques listed in Table 2.2 were applied for range compression of 

one channel of MEMPHIS data with 200 MHz bandwidth. The quality indicators were extracted 

after azimuth compression and radiometric calibration. The signatures of nine corner reflectors 

were used to extract the local quality indicators. Intensity SAR images of one of these corner 

reflectors focused with different range compression methods are shown in Fig. 2.3 (a-d). The 

differences between local indicators obtained with traditional compression schemes (see 

Fig. 2.1) versus the MF are listed in Table 2.3. Only the LSMMF method preserved spatial reso-

lution with a marginal SNR loss. 

For MFK{β} and MMF, ΔPSLRr and ∆ISLRr are not provided, as the main lobe broadened 

to include the first sidelobes in these cases. Table 2.4 lists the corresponding differences be-

tween local quality indicators obtained with the APC variants, using different initialization stag-

es and number of stages M. The adaptive processing methods provided slightly better resolution, 

similar to LSMMF, involving a maximum SNR loss of 0.17 dB. The first range sidelobes in-

creased by approximately 2 dB in comparison to the MF as indicated by ΔPSLRr. Nonetheless, 

∆ISLRr computed with the first two sidelobes was on average 0.03 dB lower than that of XMF. 

Fig. 2.3 (e) depicts the range profiles of the corner reflector obtained with different pulse com-

pression schemes, showing that some sidelobes were reduced but others increased. This ex-

plains the disagreement between ΔPSLRr and ∆ISLRr. With millimeter precision, the azimuth 

resolution δa was consistently measured as 0.1 m independently of the range compression meth-

od; similarly the values of ΔPSLRa and ∆ISLRa were on average -0.13 dB, and -0.04 dB re-

spectively, indicating that the APC-based methods respected the range-azimuth coupling in 

SAR. 

TABLE 2.3 

LOCAL QUALITY INDICATORS FOR TRADITIONAL TECHNIQUES 

Range compression meth-

od 

∆SNR 

(dB) 
δr-ratio 

ΔPSLRr 
(dB) 

∆ISLRr 
(dB) 

ΔPSLRa 
 (dB) 

∆ISLRa 
(dB) 

MFK 

{β =10} 
-3.54 1.92 N/A N/A 0.05 -0.01 

MMF -0.49 1.44 N/A N/A -0.26 0.01 

LSMMF -0.16 0.96 1.82 0.05 -0.09 -0.03 
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(a) MF (b) MMF 

  

  

(c) LSMMF (d) APCMF{2} 

 

(e) Range profile of the corner reflector shown in (a-d). 

Fig. 2.3 Analysis of the PSF of a corner reflector. (a-d) Intensity SAR images focused with MF, MMF, 

LSMMF and APCMF{2}. (e). Range profiles. 

In global terms, the sidelobe reduction efficiency offered by the different methods was eval-

uated using ∆ξ described in section 2.3.4. Fig. 2.4 (a-b) illustrates the intensity images focused 

with the MF and APCMF{2} respectively. Fig. 2.4 (c-f) shows ∆ξ
APC-MF{2}

, ∆ξ
LSMMF

, 

∆ξ
APC-MF-MVM{2}

 and ∆ξ
APC-MF-MVM{3}

. Blue pixels indicate a reduction of sidelobes, and red 

an increase. Fig. 2.5 depicts the histogram of ∆ξ
APC-MF{𝑀}

 and ∆ξ
APC-MF-MVM{𝑀}

, with M=2,3 

and ∆ξ
LSMMF

. For techniques preserving spatial resolution, the indicators Δξ
red

̅̅ ̅̅ ̅̅ , Δξ
inc

̅̅ ̅̅ ̅̅ , and Δξ̅̅ ̅ 

are listed in Table 2.5. The histograms of the APC-based methods were slightly shifted towards 

the negative side of the x-axis, indicating that the energy of the corresponding SAR images was 

lower than that of the MF due to sidelobes. This was also confirmed by Δξ̅̅ ̅ listed in Table 2.5. 

Local and global quality indicators indicated that the sidelobe reduction efficiency of APC de-

pended on the initialization stage and the number of stages M. Values of Δξ
red

̅̅ ̅̅ ̅̅  indicated that if 
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the M-1 stage was derived by pulse compression methods providing moderate to high sidelobe 

levels, like MF and LSMMF, then sidelobes at stage M were slightly reduced for increasing M. 

However, the energy of some sidelobes increased with M, as indicated by Δξ
inc

̅̅ ̅̅ ̅̅ . In general, lo-

cal and global indicators showed that the sidelobe reduction efficiency degraded with increasing 

M. This behavior was also confirmed by the histograms in Fig. 2.5 and simulation results given 

in the Appendix. Best results were obtained for M=2 using an initialization stage providing 

range profiles with reduced sidelobes, such as the MMF and the MFK{β}. In all cases, the SNR 

loss decreased with M. 

TABLE 2.4 

LOCAL QUALITY INDICATORS FOR ADAPTIVE PROCESSING 

Range compression method ∆SNR (dB) δr-ratio ΔPSLRr (dB) ∆ISLRr (dB) 

APCMF{2} -0.16 0.96 1.85 -0.02 

APCMF{3} -0.08 0.95 1.87 -0.03 

APCMFK{10}{2} -0.16 0.95 1.96 -0.03 

APCMFK{10}{3} -0.08 0.95 1.75 -0.03 

APCMMF{2} -0.16 0.95 1.93 -0.04 

APCMMF{3} -0.08 0.95 1.73 -0.03 

APCLSMMF{2} -0.17 0.95 1.90 -0.01 

APCLSMMF{3} -0.09 0.95 1.97 -0.05 

APCMF-MVM{2} -0.07 0.95 1.98 -0.07 

APCMF-MVM{3} -0.03 0.95 2.15 -0.04 

APCMFK{10}-MVM{2} -0.06 0.94 2.04 -0.07 

APCMFK{10}-MVM{3} -0.02 0.94 2.15 -0.04 

APCMMF-MVM{2} -0.07 0.95 2.02 -0.01 

APCMMF-MVM{3} -0.02 0.95 2.01 -0.04 

APCLSMMF-MVM{2} -0.07 0.95 2.03 -0.03 

APCLSMMF-MVM{3} -0.02 0.94 2.05 -0.05 

 

TABLE 2.5 

GLOBAL QUALITY INDICATORS FOR PULSE COMPRESSION SCHEMES PRESERVING RESOLUTION 

Range  

compression method 
∆ξ

red
̅̅ ̅̅ ̅̅ ̅ (dB/pix) ∆ξ

inc
̅̅ ̅̅ ̅̅  (dB/pix) 𝚫𝛏̅̅̅̅  (dB/pix) 

APCMF{2} -2.12 1.32 -0.80 

APCMF{3} -2.15 1.45 -0.70 

APCMFK{10}{2} -2.30 1.48 -0.82 

APCMFK{10}{3} -2.26 1.55 -0.71 

APCMMF{2} -2.30 1.48 -0.82 

APCMMF{3} -2.25 1.51 -0.74 

APCLSMMF{2} -2.02 1.37 -0.65 

APCLSMMF{3} -2.12 1.46 -0.66 

APCMF-MVM{2} -1.98 1.82 -0.16 

APCMF-MVM{3} -1.97 1.52 -0.45 

APCMFK{10}-MVM{2} -1.98 1.82 -0.16 

APCMFK{10}-MVM{3} -2.01 1.56 -0.45 

APCMMF-MVM{2} -2.01 1.64 -0.37 

APCMMF-MVM{3} -2.02 1.54 -0.48 

APCLSMMF-MVM{2} -1.86 1.52 -0.34 

APCLSMMF-MVM{3} -1.96 1.52 -0.44 

LSMMF -1.52 1.21 -0.31 
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(a) Intensity of XMF (b) Intensity of XAPC-MF{2} 

  

  
(c) ∆ξAPC-MF{2} (d) ∆ξLSMMF 

  

  
(e) ∆ξAPC-MF-MVM{2} (f) ∆ξAPC-MF-MVM{3} 

Fig. 2.4 Single-channel intensity SAR images and denoised ∆ξ obtained for different range focusing 

schemes. The SAR images were geocoded and georeferenced in the German Gauss-Krüger 

zone 4 coordinate system. Northing corresponds to the vertical axis, Easting corresponds to the 

horizontal axis. The extent of the area of interest is 512x370 m
2
. 
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Fig. 2.5 Histograms of ∆ξ for APC, APCMVM and LSMMF. Bin width=0.01dB. 

The performance of APCMVM depends also on the initialization stage and M. In general, 

based on the indicators Δξ
inc

̅̅ ̅̅ ̅̅ , increased sidelobes at stage M-1 decreased with M, except for 

APCLSMMF-MVM. This behavior can be observed by comparing red areas of Fig. 2.4 (e) and 

Fig. 2.4 (f). The values of Δξ̅̅ ̅ indicated that APCMVM required more stages to achieve a sidelobe 

reduction efficiency similar to APC{2}. Comparison of Fig. 2.4 (c-f) highlights this behavior. 

Similar to APC, the SNR loss was reduced with increasing number of stages. 

LSMMF provided moderate sidelobe reduction efficiency in comparison to that of APC. The 

values of Δξ
red

̅̅ ̅̅ ̅̅  and Δξ
inc

̅̅ ̅̅ ̅̅  show moderate sidelobe reduction or increase. Comparison of Fig. 2.4 

(c-d) shows the difference in sidelobe reduction efficiency. 

2.4.2 Single channel SAR image focusing with frequency agility 

Based on the previous results, we applied APCMF{2} to each stepped frequency sub-band 

(eight in total), proceeding as FAPCMF{2}. After synthesizing the full bandwidth of the range 

profiles, azimuth compression and radiometric calibration were performed as described in sec-

tion 2.3.2. The previous procedure was repeated with the MF method, as well as with the 

LSMMF range focusing scheme. Fig. 2.6 (a-b) show the SAR image of the area of interest, ob-

tained by applying MF and FAPCMF{2}. The local quality indicators calculated from the signa-

tures of the corner reflectors were similar for all methods. FAPCMF{2} and LSMMF yielded a 

maximum SNR loss of 0.18 dB and 0.21 dB respectively. ΔPSLRr was 0.07 dB for LSMMF 

and 0.02 dB for FAPCMF{2}. In all cases, the values of ∆ISLRr were below -0.1 dB, and δr-ratio 

and δa-ratio were consistently measured as 0.99 and 1.00 respectively. The PSLRa and 

ISLRa were very similar for all methods, differing by less than 0.03 dB. Fig. 2.6 (c-d) show 

∆ξ
FAPC-MF{2}

 and ∆ξ
LSMMF

 after denoising via BM3D. Blue pixels indicate areas with reduced 

sidelobes. Fig. 2.7 depicts the histograms of ∆ξ
FAPC-MF{2}

 and ∆ξ
LSMMF

. Both histograms were 

slightly shifted towards the negative side of the x-axis, indicating that the energy of the corre-

sponding SAR images was lower than that of the MF due to sidelobe reduction. This was also 

confirmed by the global quality indicators listed in Table 2.6. Inter-comparison of Δξ̅̅ ̅
APC-MF{2}

 

in Table 2.5 and Δξ̅̅ ̅
FAPC-MF{2}

 in Table 2.6 highlights the sidelobe reduction efficiency loss of 

FAPC. In contrast, the performance of LSMMF improved when applied to stepped-frequency 

data sets. 

 



 

 

32 

  
 

 

 

 
(a) Intensity of XMF (b) Intensity of XFAPC-MF{2} 

  
 

 

 

 
(c) ) ∆ξFAPC{2} (d) ∆ξLSMMF 

Fig. 2.6 Intensity SAR images and denoised ∆ξ obtained for different range focusing schemes after 

range bandwidth synthesis (stepped-frequency). The SAR images were geocoded and georefer-

enced in the German Gauss-Krüger zone 4 coordinate system. Northing corresponds to the ver-

tical axis, Easting corresponds to the horizontal axis. The extent of the area of interest is 

512x370 m
2
. 

 

 

Fig. 2.7 Histograms of ∆ξ for FAPC and LSMMF. Bin width=0.01dB. 
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TABLE 2.6 

GLOBAL QUALITY INDICATORS FOR FAPC AND LSMMF 

Range compression  

method 
∆ξred̅̅ ̅̅ ̅̅  (dB/pix) ∆ξinc̅̅ ̅̅ ̅̅  (dB/pix) 𝚫𝛏̅̅̅̅  (dB/pix) 

FAPCMF{2} -1.76 1.19 -0.57 

LSMMF -1.54 1.15 -0.39 
 

2.4.3 Interferometric processing of multichannel SAR 

To evaluate the performance of APC for interferometric processing, we computed local qual-

ity indicators based on the ICIs. Fig. 2.8 (a) shows the SAR image of an interferometric channel 

without frequency agility. The image was focused using MF in range and extended wavenumber 

domain in azimuth [101]. ∆CAPC-MF{2} is shown in Fig. 2.8 (b). 

 

  

 
 

(a) Intensity of XMF (b) ∆CAPC-MF{2} 

Fig. 2.8 Backscatter of the SAR image of the area of interest and ∆CAPC-MF{2}. The images are shown 

in slant-range geometry, where azimuth corresponds to the vertical axis, and range corresponds 

to the horizontal axis. 

Table 2.7 describes the patches shown in Fig. 2.8 (a), including the average coherence ICIi
̅̅ ̅̅ ̅ 

and approximate area of each patch. Numerical evaluation of ICIi
̅̅ ̅̅ ̅ for patch P1 shows that APC 

increased coherence in sidelobe-free areas with signal component, but FAPC offered slightly 

lower coherence. For P2, the corresponding values for unmasked targets with signal component 

delivered better coherence. On the contrary, numerical evaluation of patch P3 indicates that 

APC and FAPC reduced coherence of unmasked decorrelating targets. Numerical evaluation of 

P4 indicates that in overall terms both APC and FAPC reduced coherence in areas with presence 

of unmasked targets with signal component such as the terminal. 
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TABLE 2.7 

COHERENCE-BASED QUALITY ASSESSMENT 

Region of interest 
Area  

(m
2
) 

One 

sub-bandwidth 

Stepped 

frequency 

ICIMF
̅̅ ̅̅ ̅̅ ̅ ICIAPC

̅̅ ̅̅ ̅̅ ̅̅ ̅ ICIMF
̅̅ ̅̅ ̅̅ ̅ ICIFAPC

̅̅ ̅̅ ̅̅ ̅̅ ̅̅  

P1, Grassland  

(sidelobe-free) 
3400 0.889 0.896 0.917 0.914 

P2, Grassland 1300 0.753 0.811 0.847 0.876 

P3, Concrete airport apron  5300 0.347 0.321 0.275 0.262 

P4, Airport terminal  5600 0.546 0.480 0.478 0.427 

 

  

  

(a) Intensity of XMF (b) ∆CAPC-MF{2} 

  

  
(c) ϕ

MF
 (d) ϕ

APC-MF{2}
 

Fig. 2.9 Intensity SAR image, ∆CAPC-MF{2} and phase maps of the terminal of the airport. The images 

are shown in slant-range geometry, where azimuth corresponds to the vertical axis, and range 

corresponds to the horizontal axis. 

Fig. 2.9 (a) shows the intensity SAR image of a patch of the terminal of the airport, very 

similar to P4. From numerical evaluation in Table 2.7, the coherence of the patch was lower 

when applying APC, but some areas of the patch experienced an increase of coherence as 

shown in red in Fig. 2.9 (b). The red areas were in principle undesirable as they correspond to 

an increase of coherence due to increased sidelobes which could introduce artifacts in the corre-

sponding phase map. Comparison of the phase maps ϕ
MF

 and ϕ
APC-MF{2}

 in Fig. 2.9 (c-d) 

showed that the latter is more homogenous, and the areas experiencing a coherence increase did 

not introduce outliers. Additionally, the roof-edge of the terminal became visible in ϕ
APC-MF{2}

, 

indicating that APC was able to better preserve the phase information of the signals scattered by 

the roof-edge. 
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2.5 Discussion 

2.5.1 Performance of APC for single channel SAR image focusing 

With MF focusing, the SAR images were characterized by prominent range sidelobes, as 

seen in Fig. 2.4 (a) and Fig. 2.6 (a). Some sidelobes may also be introduced due to a mismatch 

of the recorded real replicas and the LFM signals of the received pulses [104]. Possible reasons 

of signal mismatch are: a) amplitude and phase imbalances at IQ demodulation stage [105, 106], 

and b) saturation and clipping in the receiver of the radar returns coming from targets character-

ized by a strong backscatter [107]. 

Based on the results listed in Table 2.4, APC-based methods yielded a maximum SNR loss 

of 0.17 dB. This can be considered negligible in comparison to those obtained by classical win-

dowing, where the SNR loss is usually above 1 dB [67]. For simplicity, the SNR loss was eval-

uated locally using the backscatter from corner reflectors deployed far from potential targets 

with strong backscatter. It is reasonable to assume that MF is lossless from the SNR point of 

view considering the isolated point target scenario. However, this situation is exceptional in 

SAR imagery and thus it is not possible to assure that MF provides the lowest SNR loss in glob-

al terms with range profiles of multiple point-like and distributed targets.  

Numerical evaluation listed in Table 2.4 and Table 2.5 indicates that for small M, both APC 

and APCMVM introduce a trade-off between SNR loss and sidelobe reduction efficiency. How-

ever, for larger M, both local and global quality indicators suggest that the performance of APC 

degrades in terms of effective sidelobe reduction while the opposite occurs for APCMVM. Graph-

ical results in Fig. 2.4 and Fig. 2.5, and simulation results given in the Appendix also indicated 

such behavior. 

When applying APC, the highest energy reduction was achieved in the second iteration, in-

dependently of the APC variant and the initialization stage. This suggests that two iterations of 

APC were sufficient to reduce sidelobes inherited by the initialization stage to the noise level. 

Such behavior was also reported in [91]. 

Fig. 2.4 (c) illustrates the sidelobe reduction efficiency of APCMF{2} in comparison to that 

of the MF, showing that higher order sidelobes were severely reduced. However, lower order 

sidelobes suffered a weaker reduction or even an increase (red areas in Fig. 2.4 and Fig. 2.6). 

This behavior could be due to a mismatch between the replica and received LFM signals. Simu-

lation results reported in Table 2.9 in the Appendix demonstrate that the performance of the 

APC-based methods degrades under mismatch conditions, yielding an increase of some side-

lobes and a higher SNR loss. Fig. 2.4 (d) shows that LSMMF also increased and reduced differ-

ent sidelobes. If desired, complex dual apodization can be performed to further reduce sidelobes 

[79].  

For pulse radar without imaging capabilities, the sidelobe reduction efficiency of the APC-

based methods and mismatch filters has been found moderate when the transmitted waveform 

was an LFM signal [91]. Many mismatched filters can in general preserve resolution and SNR. 

This might not occur with LFM signals, even when the mismatched filter can be derived from 

this type of signal. The reason is that LFM signals can neither minimize crosstalk between fre-

quencies nor be designed to obtain a thumbtack ambiguity function [64]. 

The performance of APC-based methods was evaluated using high resolution airborne SAR 

imagery. The potential improvements offered for lower resolution data sets may be less signifi-

cant, depending on the properties of the transmitted waveform, electronic equipment and trans-

mitted power. For lower spatial resolution, sidelobes introduced by the MF can be expected to 

be lower due to the properties of the ambiguity function (constant volume) of the transmitted 

waveform [64]. 
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2.5.2 Performance of FAPC for single channel SAR image focusing with frequen-

cy agility 

Similar to APC, FAPC preserves spatial resolution and yields a negligible SNR loss, while 

respecting the range-azimuth coupling of SAR. FAPC decreases dimensionality by exploiting a 

set of weighted covariance matrices computed with diverse spectral parts of the transmitted 

waveform, so the computation time reduces drastically in comparison to APC. However, FAPC 

yields modest improvements in terms of sidelobe level reduction, as shown in Fig. 2.6 in com-

parison to those in Fig. 2.4, and numerical evaluation in Table 2.5 and Table 2.6.  

FAPC can introduce azimuth artifacts when applied to a single sub-band; however, both 

quality indicators and visual inspection did not reveal artifacts when applied to each stepped-

frequency sub-band. The combination of FAPC with the SAR range-azimuth coupling, which 

increases dimensionality, introduces a wrinkle in adaptive processing vaguely explored. It is not 

clear how large or small the partition of the frequency components of the transmitted waveform 

should be to provide high quality SAR imagery. A more detailed analysis of the potential usage 

of FAPC as a range focusing scheme for SAR image formation is still required. 

2.5.3 Performance of APC and FAPC for interferometric processing of multi-

channel SAR 

Based on the ICIs computed from the interferometric data sets, the evaluation of the perfor-

mance of the APC variants required careful analysis. An increase or decrease of the coherence 

can positively impact the final estimation of the interferogram via the phase noise, which is di-

rectly related to the coherence [102]; i.e. the higher the coherence, the lower the phase noise. 

When calculating height maps from interferograms, low-coherence areas are filtered out to re-

duce outliers. Therefore, a decrease of coherence in areas where its value is low (asphalt, wa-

ter…) implies a reduction of outliers, and thus a flatter response, in the final height map. On the 

other hand, a coherence increase of correlating targets improves the accuracy of the height map. 

Numerical evaluation in Table 2.7 and results in Fig. 2.8 shows that APC provides increased 

coherence (implying more reliable phase estimates) for unmasked targets with significant 

backscatter. As expected, unmasked de-correlating targets experienced a coherence reduction. 

For sidelobe-free areas, APC showed similar coherence to that of MF. Image areas experiencing 

an increase of coherence due to an increase of sidelobes require further analysis; however, visu-

al inspection revealed that this undesired effect was not transferred to the phase map given in 

Fig. 2.9 (d), and thus the corresponding height maps did not suffer from associated artifacts. In 

this study, some areas, such as P4, experienced coherence improvement due to increased side-

lobes in the corresponding intensity SAR images. The P4 area was further evaluated via the 

phase maps. A more detailed evaluation could be performed by inter-comparing the Digital Sur-

face Model (DSM) obtained from the interferometric data set with an up-to-date and accurate 

reference DSM. However, the available DSM of the area of interest does not provide the neces-

sary resolution and accuracy to perform this evaluation.  

The performance of FAPC regarding the reliability of the phase estimates was moderate. 

Quality assessment of the ICIs of the data set acquired in frequency agility mode showed this 

lower performance, as reported in Table 2.7. 

2.6 Conclusions 

A variety of adaptive processing techniques were applied to range compression in SAR im-

age focusing and evaluated under real and ideal conditions. In contrast to traditional methods 

such as matched and mismatched filtering, APC was shown to preserve resolution and reduce 

sidelobes with only marginal SNR loss; and thus, improving the quality of the corresponding 

SAR images. Based on analysis of local and global quality indicators, APC was shown to pre-
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serve the characteristics of the azimuth signals (resolution and sidelobes), and could be used 

independently of the azimuth compression method.  

For frequency agile systems, APC was compared to FAPC using stepped-frequency data 

sets. FAPC yielded modest improvements, offering lower sidelobe reduction efficiency, but also 

lower computation times; however, the performance of FAPC requires further analysis. For 

stepped-frequency data sets, FAPC provided range profiles with lower sidelobe levels in com-

parison to those obtained by matched or mismatched filters. 

APC brought significant improvements with interferometric data sets, providing more relia-

ble phase estimates than the matched filter for unmasked targets with significant backscatter. 

This behavior confirmed that APC provides both better amplitude and phase estimates of the 

range profiles.  

In future work, we plan to further evaluate the performance of FAPC, and introduce fast so-

lutions to apply APC also to azimuth compression. Adaptations of APC to dechirp signals of 

Frequency Modulated Continuous Wave (FMCW) SAR systems are also a possibility. 
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2.7 Appendix 

2.7.1 List of Acronyms 

TABLE 2.8 

LIST OF ACRONYMS USED IN THE TEXT 

APC Adaptive Pulse Compression 

APES Amplitude and Phase Estimation 

BM3D Block Matching 3D 

FAPC Fast Adaptive Pulse Compression 

FMCW Frequency Modulated Continous Wave 

HDVI High Definition Vector Imaging 

ICI Interferometric Coherence Image 

IS Initialization Stage 

LFM Linear Frequency Modulation 

LSMMF Least Squares Mismatched Filter 

MF Matched Filter 

MFK Matched Filter with Kaiser window 

MMF Mismatched Filter 

MMSE Minimum Mean Square Error 

MVM Minimum Variance Method 

PSF Point Spread Function 

RFI Radio Frequency Interference 

SAR Synthetic Aperture Radar 

SNR Signal to Noise Ration 

SVA Spatially Variant Apodization 

TDBP Time Domain Back-Projection 

TDC Time Domain Correlation 

 

2.7.2 Simulation results 

The signature of a corner reflector was simulated using the signal properties (bandwidth, du-

ration, frequency sampling, carrier frequency, and polarization) of a 200 MHz bandwidth chirp 

of MEMPHIS data. The simulated received signals were range compressed with MF, LSMMF, 

APC and APCMVM. The APC variants were initialized with the range profiles provided by MF. 

Signal mismatch was simulated by using a real and a synthetic replica. Fig. 2.10 shows one side 

of the normalized range profiles extracted from the PSF of the corner reflector. The absence of 

mismatch, APC reduced all sidelobes in comparison to MF; however its performance degraded 

when the received signals and the replica did not perfectly match; e.g. the first, third and fourth 

sidelobes were higher than those provided by MF. The local quality indicators listed in Ta-

ble 2.9 confirm lower sidelobe reduction efficiency and a higher SNR loss. The SNR was meas-

ured using the maximum peak response and a 128×128 image patch outside the PSF of the cor-

ner reflector. With an accuracy of one millimeter, the values of δa-ratio were 1.00 in all cases. 

The values of ΔPSLRa were below -0.12 dB for all investigated methods. 
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TABLE 2.9 

LOCAL QUALITY INDICATORS FROM SIMULATED CORNER REFLECTOR 

Signal  

Matching 

Range  

compression  

method 

ΔSNR (dB) δr-ratio ΔPSLRr (dB) 

Ideal 

APCMF{2} -0.07 0.95 -0.75 

APCMF{3} -0.02 0.94 -0.63 

APCMF-MVM{2} -0.02 0.95 -0. 65 

APCMF-MVM{3} 0.00 0.94 -0.72 

LSMMF -0.11 0.95 -0.67 

Real 

APCMF{2} -0.11 0.95 1.74 

APCMF{3} -0.04 0.94 1.83 

APCMF-MVM{2} -0.05 0.95 1.76 

APCMF-MVM{3} 0.00 0.94 1.84 

LSMMF -0.16 0.95 1.73 

 

 

 

Fig. 2.10 Range profiles extracted from a simulated signature of a corner reflector with and without sig-

nal mismatch for MF (black) and APCMF{2} (gray). 
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3 A MULTISQUINT FRAMEWORK FOR CHANGE 

DETECTION IN HIGH-RESOLUTION MULTITEM-

PORAL SAR IMAGES 

This chapter has been published as: E. M. Domínguez, E. Meier, D. Small, M. E. Schaep-

man, L. Bruzzone, and D. Henke, "A Multisquint Framework for Change Detection in High-

Resolution Multitemporal SAR Images," IEEE Transactions on Geoscience and Remote Sens-

ing, vol. 56, no. 6, pp. 3611-3623, 2018. 

For clarity, the paper has been reformatted and the references are listed at the end of the the-

sis; otherwise, the content is the same as in the journal article. © 2018, IEEE. Reprinted, with 

permission, from E. M. Domínguez, E. Meier, D. Small, M. E. Schaepman, L. Bruzzone, and D. 

Henke, "A Multisquint Framework for Change Detection in High-Resolution Multitemporal 

SAR Images," IEEE Transactions on Geoscience and Remote Sensing, 2018. 

E.M.D. and E.M. designed the study. E.M.D. developed the methodology and analyzed the 

data with scientific advice of D.H., L.B. and M.E.S. All authors wrote the manuscript, with 

main contributions of E.M.D. 

 
GLOSSARY OF NOTATION AND SYMBOLS OF THE MAIN VARIABLES IN THE TEXT 

𝑥(𝐸0, 𝑁0) Backscatter element of a single-look SAR image 𝑥 at map coordinates (𝐸0, 𝑁0) 

�̈�(𝐸0, 𝑁0, Δ𝜃) 
Backscatter element of a squint �̈� focused with an angular selectivity bandwidth 

of Δ𝜃 at map coordinates (𝐸0, 𝑁0) 
𝜃𝑎 Azimuth beamwidth of the antenna gain pattern 

𝐷𝐼𝑀𝐶𝐴 
Sum of the morphological components of the difference image derived from 

single-look processing 

𝑊(m,n) 
Beamforming function used for focusing the nth squint at the mth resolution 

scale 
{�̈�(Δθm)} Set of squints focused with an angular selectivity bandwidth of Δθm 

{�̈�(Δθ)} 
Set of squints focused with an angular selectivity bandwidth of Δθ 

 

{𝑋𝑀𝑆(𝑚)} 
Set of images derived by combining and filtering the squints at the mth resolu-

tion scale 

𝐷𝐼𝑀𝑆(𝑚)−𝑀𝐶𝐴 
Sum of the morphological components of the difference image derived from 

multisquint processing 

𝐹𝐶𝑀𝑝𝑖𝑥 Change map obtained after fusion at the pixel level 

𝐹𝐶𝑀𝑜𝑏𝑗 Change map obtained after fusion at the object level 

𝐹𝑜𝑣 Overlapping factor 

 

Abstract  

 

Change detection from multitemporal Synthetic Aperture Radar (SAR) images enables map-

ping applications for Earth environmental observation, human activity monitoring and urban 

studies. We expand the use of SAR data beyond single-look processing to include the spatial 

response of targets. This information is derived from a multisquint framework similar to beam-

forming. To preserve changes detected at nominal resolution, a three-stage change detector ex-

ploiting single-look and multisquint processing mode is proposed to mitigate false alarms 

caused by image artifacts typically found in high resolution SAR imagery and urban scenarios. 
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After applying the proposed method to multitemporal images, the false alarm rate was reduced 

by a factor 3, while preserving 95% of the detection rate offered by traditional schemes. 

3.1 Introduction 

Image change detection is an approach comparing two or more images of the same area ac-

quired at different times. This procedure is particularly useful for urban studies [17-20], human 

activity monitoring [21], risk management [4, 6], and environmental observations [2]. Some of 

these applications require collecting data independently of weather and daylight conditions. For 

this reason, SAR offers a valuable alternative to optical sensors providing time series data with 

fine temporal and spatial resolutions. However, the complexity of SAR data imposes challenges 

that require careful consideration for change detection purposes: e.g. noise suppression, image 

mis-registration [57], calibration, and defocusing errors [14]. 

Typically, incoherent single-channel SAR image change detection is performed based on 

single-look images. Such products provide the highest attainable resolution and Signal to Noise 

Ratio (SNR). For this reason, the design of most change detectors has focused on mitigating 

errors caused by noise [13, 24, 44, 75]. Single-look images do not provide the full information 

content captured in the original raw data, such as spectral, spatial and short-term temporal re-

sponses of the targets. Neglecting this information has led to a large number of change detectors 

that consider SAR images as noise-corrupted versions of those that, for instance, could be rec-

orded by optical sensors. Spectral information can be utilized to reduce noise via multi-look 

processing [108, 109], where multiple images are formed with different spectral components of 

the range and azimuth signals. This processing mode has been exploited in [14] for change de-

tection purposes using single-channel SAR, and in [50, 52] using multichannel SAR data. Apart 

from noise-induced errors, the presence of image artifacts [63], such as side-lobes and azimuth 

ambiguities, increases the false alarm rate, degrading the interpretability of the change maps. 

Image artifacts and some of their properties are difficult to predict; however, their spatial re-

sponse varies during the aperture time due to their non-permanent scattering regime and anisot-

ropy. The spatial information provided by the SAR operation can be extracted with a mul-

tisquint processing mode [110], similar to digital beamforming [111]. This mode provides a set 

of images, or squints, where each individual squint is formed with a set of echoes backscattered 

from a certain direction of arrival. Since the squints do not have the highest resolution and are 

not artifact-free, single-looks are still required to compute changes at nominal resolution. We 

propose a three-stage change detector that combines the advantages of single-look and mul-

tisquint SAR processing modes to reduce false alarms caused by image artifacts while providing 

detection rates similar to those obtained when only exploiting single-look processing. The main 

idea is based on deriving a new pair of images where artifacts do not appear in the same image 

pixels as those of their corresponding single-looks. This permits the identification of associated 

false alarms and their removal a posteriori from the change map of the single-looks. The new 

pair of images is formed using a so-called MultiSquint Framework (MSF), where multiple 

squints are combined and filtered. The MSF is designed so that the azimuth resolution and SNR 

of the resulting pair are sufficient to still detect changes of interest. The proposed approach 

takes advantage of the SAR processing chain without significantly increasing computation time. 

It is modular and can include additional object features, such as shape information. It has lower 

sensitivity to errors caused by differences between acquisition geometries, and change detection 

in urban areas can benefit from the proposed method since sidelobes and moving targets are 

typically present in those scenarios. The approach was applied to detect changes caused by hu-

man activity at an airport, and evaluated using single channel SAR images. 

The paper is organized as follows: Section 3.2 introduces the advantages and drawbacks of-

fered by the different SAR processing modes, and their suitability for reducing errors caused by 

artifacts. We then describe the different stages of the proposed method, emphasizing the MSF 

and corresponding adaptions. Section 3.3 illustrates the results obtained using multitemporal 
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high resolution airborne SAR imagery acquired in typical urban scenarios. Finally, section 3.4 

concludes with a discussion of the results and conclusions. 

3.2 Method 

The proposed change detector consists of three stages. In the first stage an Initial Change 

Map (ICM) is derived from single-looks so that changes are detected at the highest attainable 

resolution. In the second stage, we derive a new pair of images using a multisquint processing 

mode, where targets are filtered according to their spatial response. An additional change map 

CMMS is computed from these new pair of images. Finally, we perform fusion of the change 

maps to remove false alarms caused by artifacts. Fig. 3.1 shows a simplified scheme of the 

method. In the following we describe in detail each corresponding stage, providing also insight 

into the SAR processing chain. 

 

Fig. 3.1 Three-stage SAR image change detector. 

The proposed change detector consists of three stages. In the first stage an Initial Change 

Map (ICM) is derived from single-looks so that changes are detected at the highest attainable 

resolution. In the second stage, we derive a new pair of images using a multisquint processing 

mode, where targets are filtered according to their spatial response. An additional change map 

CMMS is computed from these new pair of images. Finally, we perform fusion of the change 

maps to remove false alarms caused by artifacts. Fig. 3.1 shows a simplified scheme of the 

method. In the following we describe in detail each corresponding stage, providing also insight 

into the SAR processing chain. 

3.2.2 Change detection and processing chain 

Typically, single-channel SAR image Change Detection (SAR-CD) is performed by apply-

ing a dissimilarity function 𝑓 to a reference image 𝑥1 and a test image 𝑥2 [23]. For multichannel 

SAR, the dissimilarity function instead exploits data cubes or the corresponding covariance ma-

trices [50-52]. To mitigate errors caused by noise, image restoration techniques, such as de-

noising, are applied to 𝑓(𝑥1, 𝑥2) [24, 25]. A change map is derived by thresholding or classify-

ing the corresponding restored image [3].  

In this work, we follow an approach similar to that described in [112], referred to as CD-

MCA. This method includes three steps. First, the Difference Image (DI) is derived by subtract-

ing the log-transformed data of the input image pair; i.e. 𝐷𝐼 = 𝑥2 − 𝑥1. Second, the 𝐷𝐼 is de-

noised and decomposed into two images describing shape features using wavelet- and curvelet-

based Morphological Components Analysis (MCA) [26, 74]. The output of the MCA can be 

expressed as follows: 

𝐷𝐼𝑀𝐶𝐴 = 𝐷𝐼𝑊𝐴𝑉 + 𝐷𝐼𝐶𝑈𝑅𝑉 (3.1) 
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where 𝐷𝐼𝑊𝐴𝑉 and 𝐷𝐼𝐶𝑈𝑅𝑉 are the denoised images attached to the wavelet and curvelet compo-

nents respectively, and 𝐷𝐼𝑀𝐶𝐴 the denoised version of the 𝐷𝐼. By using MCA, the 𝐷𝐼 is as-

sumed to be a combination of smooth areas (fields, pastures, roads, water bodies…), point like 

targets, blob-like structures (cars, trucks…), and lines (walls, roof edges…). The curvelet do-

main is suitable for representing lines, while the rest of the shapes are better represented by the 

wavelet domain. Third, the change map is computed after thresholding 𝐷𝐼𝑀𝐶𝐴. Unless the oppo-

site is indicated, thresholding is performed automatically via Expectation Maximization (EM) 

assuming a Gaussian distribution as described in [3]. In this work, the change maps have three 

classes: no-change, backscatter decrease, and backscatter increase. 

3.2.3 The multisquint mode 

The previous sequence of steps neglected relevant sources of errors, for example those 

caused by image artifacts such as: a) range and azimuth side-lobes induced by matched filtering 

[63], b) moving targets, c) clutter, d) nadir, range, and azimuth ambiguities caused by system 

design constraints and image reconstruction errors [104, 113], and e) multipath ghosts [114]. 

Artifacts and some of their properties are difficult to predict, but many of them can be character-

ized by their non-permanent scattering regime; i.e. their spatial response varies during illumina-

tion.  

Omitting calibration factors and signal weightings, a pixel or backscattering element of a ge-

ocoded single-look band-pass SAR image x is focused by means of the Time Domain Back-

Projection method [65] with: 

𝑥(𝐸0, 𝑁0) = ∑ 𝑠(
2𝑅𝑠
𝑐
, 𝜏)

𝜏2

𝜏=𝜏1

 (3.2) 

where 𝑅𝑠 = √(𝑋(𝜏) − 𝑥0)
2 + (𝑌(𝜏) − 𝑦0)

2 + (𝑍(𝜏) − 𝑧0)
2  is the slant range, and (𝐸0, 𝑁0) the 

map coordinates of the element, which are transformed to the equivalent global Cartesian coor-

dinates (𝑥0, 𝑦0, 𝑧0) using a Digital Elevation Model (DEM). (𝑋(𝜏), 𝑌(𝜏), 𝑍(𝜏)) is the sensor 

position in global Cartesian coordinates at slow time 𝜏, 𝐿 = 𝜏2 − 𝜏1 the aperture length, 휁 the 

base-band conversion factor, c the speed of light, and 𝑠 the band-pass range compressed signals.  

The expression in (3.2) does not provide spectral, temporal and spatial information of the 

targets that are, in other words, naturally collected by the SAR operation. Let us express (3.2) as 

follows: 

�̇�(𝐸0, 𝑁0,𝑊(𝑡, 𝜏)) = ∑ 𝑠(𝑡, 𝜏) ⋅ 𝑊(𝑡, 𝜏)

𝜏2

𝜏=𝜏1

 (3.3) 

where 𝑊 is a user-defined weighting function and 𝑡 = 2𝑅𝑠 𝑐⁄  is the fast time. If 𝑊 is a 

weighting function in 𝜏, �̇�(𝐸0, 𝑁0, 𝜏) provides both temporal and spatial information, because 

the illumination conditions at (𝐸0, 𝑁0) vary with slow time 𝜏. This relation implies that the azi-

muth resolution of an image �̇� focused with a subset of pulses 𝑊(𝜏) varies with (𝐸0, 𝑁0), and as 

an additional consequence, the image can suffer from border artifacts. A more suitable solution 

is obtained when 𝑊 is a spatial filter or beamforming function [111]; i.e. the range bins of the 

different pulses are filtered depending on a specific direction of arrival. This processing mode, 

referred to as multisquint [110], is described by: 

�̈�(𝐸0, 𝑁0, Δ𝜃) = ∑ 𝑠(𝑡, 𝜏) ⋅ 𝑊(Δ𝜃)

𝜏2

𝜏=𝜏1

 (3.4) 

where Δθ is a fraction of the azimuth beamwidth 𝜃𝑎 of the antenna pattern in reception, and the 

corresponding image �̈� is referred here to as a squint. The azimuth resolution of a squint �̈� de-
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pends on Δθ; i.e. information of the spatial response is retrieved at the cost of a degraded azi-

muth resolution. Moreover, sparsification of the signals �̈� caused by 𝑊(Δ𝜃) increases the 

strength of the azimuth side-lobes in comparison to those of the single-look 𝑥. 

The spatial response of artifacts can be collected with a set of squints {�̈�(Δ𝜃)} by using 

(3.4). This set is obtained by sampling the space of the azimuth angle θ with the beamforming 

function 𝑊. Sampling the θ domain can be performed by focusing a 2-dyadic M-stage resolu-

tion sequence of squints, using Δθm = Δθm−1/2
m, and Δθ0 = θa at scale m. The mth-scale is 

composed of N = θa Δθm⁄ = 2𝑚 squints. Here, W takes the form of a rect function in the re-

gion [−𝜃𝑎/2, 𝜃𝑎/2], assuming that the azimuth antenna gain pattern is symmetric with respect 

to its maximum. The nth-squint at the mth-resolution scale is focused via: 

�̈�(𝐸0, 𝑁0, m, n) =∑𝑠(𝑡, 𝜏) ⋅ 𝑊(m, 𝑛)

𝜏

 (3.5) 

and 

𝑊(m,n) = {1,
−𝜃𝑎

2⁄ + Δ𝜃𝑚 ⋅ (𝑛 − 1) ≤ 𝜃 ≤
−𝜃𝑎

2⁄ + Δ𝜃𝑚 ⋅ 𝑛

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3.6) 

where the azimuth angle θ is computed with the antenna pointing vector and the position of the 

backscattering element (𝐸0, 𝑁0) at slow time τ. By applying (3.5) we obtain a preliminary set of 

squints {�̈�(Δθm)} as shown in Fig. 3.2, where each �̈�𝑚𝑛 is a squint, �̈�01 = 𝑥  is the single-look, 

and the size of each box is proportional to Δ𝜃𝑚. Since for a fixed m, ∑ �̈�𝑚𝑛
𝑁
𝑛=1 = �̈�01, the com-

putational efficiency without memory constraints is identical to that of the single-look complex; 

i.e. one needs to focus the squints of the last scale 𝑚 = 𝑀, because the squints of the previous 

scales can be obtained by complex-valued additions: e.g. �̈�21 ≃ �̈�31 + �̈�32. Notice that the 

squints at scale 𝑚 do not overlap in the θ domain. 

 

Fig. 3.2 Multisquint set {�̈�(Δθm)} computed with M=4 resolution scales. Squints have different azi-

muth resolution and SNR losses. 

The set {�̈�(Δ𝜃)} is formed by combining via complex-valued additions the squints in 
{�̈�(Δθm)} at scale 𝑚 to guarantee that the azimuth resolution and SNR loss is constant with 𝑚; 

i.e. Δ𝜃𝑚=1…𝑀 = Δ𝜃, and ensure that the resulting images have enough resolution to detect the 

smallest changes of interest. In this study, the azimuth resolution of all images in the set 
{�̈�(Δ𝜃)} is 2𝛿𝑎, with 𝛿𝑎 being the azimuth resolution of a single-look. This procedure is shown 

in Fig. 3.3 for Δ𝜃𝑚=1..𝑀 = 𝜃𝑎/2, yielding ( 𝑁
2𝑚−1

) images per scale. Finally, artifacts can be fil-

tered by applying a min operator to the log-transformed and radiometric calibrated ( 𝑁
2𝑚−1

) im-

ages in {�̈�(Δ𝜃)} at scale 𝑚, yielding one image 𝑋𝑀𝑆 per scale: {𝑋𝑀𝑆(𝑚)}𝑚=1…𝑀. In this man-

ner, the artifacts of the single-look do not completely overlap those of the images in 
{𝑋𝑀𝑆(𝑚)}𝑚=1…𝑀. 
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In {𝑋𝑀𝑆(𝑚)}, lower scales (i.e. small 𝑚) provide less information on the spatial behavior of 

the targets, since the sampling of the 𝜃 domain is coarser. On the contrary, higher scales contain 

repetitive information since 𝑋𝑀𝑆(𝑚 − 1) ⊂ 𝑋𝑀𝑆(𝑚). This implies that to preserve high detec-

tion rates, information from higher scales is required; achieved however, at the cost of moderate 

false alarm rates. One selects the highest possible resolution scale 𝑚 based on memory con-

straints and computational efficiency requirements. The computational complexity of single-

look processing by means of a serial back-projection is proportional to 𝐼𝑥 × 𝐼𝑦 × 𝐿, being 

𝐼𝑥 × 𝐼𝑦 the size of the image and 𝐿 the number of pulses [82]. If the 𝑁 = 2𝑚 squints at resolu-

tion scale 𝑚 do not overlap in the 𝜃 domain, then the computational complexity of the corre-

sponding multisquint processing is proportional to (𝑁 𝑃⁄ ) × 𝐼𝑥 × 𝐼𝑦 × 𝐿, with 𝑃 being the num-

ber of squints that can be simultaneously allocated in memory. 

 

Fig. 3.3 Multisquint set {�̈�(Δθ)} computed with M=4 resolution scales. All squints have identical azi-

muth resolution and SNR loss. 

The key concept of the proposed multisquint framework is visualized in Fig. 3.4, where the 

spatial response of common artifacts and a static object (a single car) are illustrated using imag-

es from the set {�̈�(Δθm)}. A pair of single-look images is shown on the top. The RGB compo-

sites in the middle are obtained with the corresponding single-look image (blue) and the pair of 

associated squints �̈�31 (red) and �̈�38 (green). These images show degradation in resolution of 

the squints �̈�31 and �̈�38 and an increase of the azimuth side-lobes due to signal sparsification. 

The artifacts rotate throughout the multisquint set (ambiguities and side-lobes), or are only pre-

sent in some sections of the 𝜃 domain (artifact 1 and 2). In contrast, the single car shows a per-

manent scattering regime. The RG(B=0) composites at the bottom, obtained with 𝑅 = 𝑥01, and 

𝐺 = 𝑚𝑖𝑛(𝑥31, 𝑥38), show that the artifacts of the single-look and the squints do not overlap, but 

the targets with a permanent scattering regime do overlap. 
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(a) Single-look 1 

 
(b) Single-look 2 

 
(c) RGB 1 

 
(d) RGB 2 

 
(e) RG 1 

 
(f) RG 2 

Fig. 3.4 Single-look and multisquint processing modes comparison. (a-b) patches of single look images 

𝑥01. (c-d) RGB composites 𝑅 = 𝑥31, 𝐺 = 𝑥38, 𝐵 = 𝑥01. (e-f) RG composite 𝑅 = 𝑥01, 𝐺 =
𝑚𝑖𝑛(𝑥31, 𝑥38), 𝐵 = 0. 

3.2.4 Multisquint framework for SAR-CD 

The combination of advantages offered by single-look (high SNR and resolution) and mul-

tisquint processing (spatial behavior of the targets) modes for SAR-CD leads to a multi-stage 

approach; i.e. if only single-look images are used, the change map has false alarms due to arti-

facts, and if the reduced set {𝑋𝑀𝑆(𝑚)}𝑚=1…𝑀 are exploited instead, changes are detected at a 

lower resolution scale. 

 

Fig. 3.5 Three-stage change detector approach. 
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The detailed architecture of the proposed three-stage method is shown in Fig. 3.5. The ICM 

is derived from the single-looks in the first stage by using CD-MCA. In the second stage, CD-

MCA is applied to the pair 𝑋1𝑀𝑆(𝑚) and 𝑋2𝑀𝑆(𝑚) obtained by means of the MSF. The result-

ing change map is here referred to as CMMS{m}, where 𝑚 is the resolution scale in use. Notice 

that the min operator used to compute 𝑋𝑀𝑆(𝑚) does not introduce additional parameters; i.e. the 

thresholding scheme used to derive the ICM can be re-utilized, since the dynamic range of 

𝐷𝐼𝑀𝐶𝐴 is similar to that of 𝐷𝐼𝑀𝑆(𝑚)−𝑀𝐶𝐴, with 𝐷𝐼𝑀𝑆(𝑚)−𝑀𝐶𝐴 being the sum of the denoised 

morphological components of (𝑋2𝑀𝑆(𝑚) − 𝑋1𝑀𝑆(𝑚)). Furthermore, the min operator is com-

putationally efficient. 

Once the ICM and the CMMS{m} are derived, a Final Change Map (FCM) is computed by fus-

ing the classes of the two previous change maps. The unchanged class is labelled with 0’s while 

the backscatter increase and backscatter decrease classes use different labels. In order to consid-

er the spatial information provided by CMMS{m} we can adopt three different fusion strategies: 1) 

fusion at the pixel level, 2) fusion at the object level, and 3) a combination of the two previous.   

Fusion at the pixel level is performed for each change class via: 

𝐹𝐶𝑀𝑝𝑖𝑥(𝑖, 𝑗) = {
𝐼𝐶𝑀(𝑖, 𝑗), 𝑖𝑓 𝐼𝐶𝑀(𝑖, 𝑗) = 𝐶𝑀𝑀𝑆{𝑚}(𝑖, 𝑗)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3.7) 

where (𝑖, 𝑗) denotes the pixel coordinate indices. This strategy preserves the classes of the pixels 

of the ICM that are identically labelled in CMMS{m}, while reassigning the rest to the unchanged 

class (labelled here with 0’s). It assumes that the pixels of the changes caused by artifacts have 

different labels in ICM and CMMS{m}, and thus 𝐹𝐶𝑀𝑝𝑖𝑥 does not inherit the associated false 

alarms. This strategy is computationally efficient and does not require additional setting pa-

rameters. A drawback is that fusion at the pixel level can introduce undesired holes in the corre-

sponding change objects: some pixels of the change objects could be reassigned to the un-

changed class. 

By defining a change object {c} as an 8-connected set of pixels of a change class (backscat-

ter increase, or backscatter decrease) with interior holes, fusion at the object level can be per-

formed by examining each individual change object of the ICM as follows: 

𝐹𝐶𝑀𝑜𝑏𝑗{𝑐} = {
{𝑐}, 𝑖𝑓 ∑(𝐼𝐶𝑀(𝑖𝑐 , 𝑗𝑐) = 𝐶𝑀𝑀𝑆{𝑚}(𝑖𝑐 , 𝑗𝑐))

𝑖,𝑗

𝑛𝑐⁄ ≥ 𝐹𝑜𝑣

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3.8) 

where (𝑖𝑐 , 𝑗𝑐) denotes the pixels of the change object {c} and 𝑛𝑐 the number of pixels in {c}. 

From (3.8), a change object {c} is preserved if a fraction 𝐹𝑜𝑣 of its pixels are identically labelled 

in CMMS{m}, otherwise the change object is reassigned to the unchanged class (labelled with 

0’s). The overlapping factor 𝐹𝑜𝑣 takes values from 0 to 1. 𝐹𝑜𝑣 = 0 indicates that {c} is not pre-

sent in CMMS{m}, and 𝐹𝑜𝑣 = 1 that it is entirely present in CMMS{m}. This strategy is based on the 

assumption that the change objects of the ICM caused by artifacts scarcely intersect with those 

of CMMS{m}. Only the change objects of the ICM that are caused by targets with a permanent 

scattering regime will be transferred to 𝐹𝐶𝑀𝑜𝑏𝑗. In contrast to the foregoing, fusion at the object 

level can cause a complete cancellation of changes, and is computationally less efficient. In ad-

dition, it utilizes the setting parameter 𝐹𝑜𝑣, which in practice might be unknown a priori. 

A trade-off between the two previous strategies requires additional assumptions or a priori 

knowledge about the potential changes. If a change object fulfills (3.8); i.e. it is retained, and 

has attached side-lobes, a combined strategy can be used. After fusing at the object level, a 

shape-driven pixel level fusion can be performed by assuming that side-lobes are better repre-

sented in the curvelet domain due to their linear shape. The pixels of a change object {c} are 

labelled according to: 
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𝐹𝐶𝑀𝑐𝑜𝑚{𝑐(𝑖𝑐 , 𝑗𝑐)} = {
𝑐(𝑖𝑐 , 𝑗𝑐), 𝑖𝑓 𝐷𝐼𝑊𝐴𝑉(𝑖𝑐 , 𝑗𝑐) > 𝐷𝐼𝐶𝑈𝑅𝑉(𝑖𝑐 , 𝑗𝑐)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3.9) 

where (𝑖𝑐 , 𝑗𝑐) are the pixels of the change object {c} in 𝐹𝐶𝑀𝑜𝑏𝑗, and 𝐷𝐼𝑊𝐴𝑉 and 𝐷𝐼𝐶𝑈𝑅𝑉 are the 

wavelet and curvelet components of the DI derived from (3.1). By using the combined strategy, 

we first discard change objects and then label the individual pixels of retained ones based on 

additional features, like shape information. This strategy can reduce the presence of holes in 

some change objects and also avoid complete cancellation of changes with a particular shape. 

3.3 Experimental Results 

3.3.1 Data and Test Sites 

The data sets tested were acquired with DLR’s F-SAR sensor [28] over the Allgäu airport in 

Memmingen (Germany). The SAR images were recorded at X-band in a linear stripmap config-

uration. The slant range resolution 𝛿𝑟, azimuth resolution 𝛿𝑎, incidence angle at mid-range 𝜃𝑖𝑛𝑐, 
and flight path heading 𝜙 of the data takes are listed in Table 3.1. The azimuth beamwidth 𝜃𝑎 of 

the antenna gain pattern was approximately 7.2°. All images were the result of the single-look 

focusing of the horizontal co-polarized channel after relative radiometric calibration. The imag-

es were focused with a Graphic Processor Unit-based Time Domain Back-Projection processor 

[115]. 

TABLE 3.1 

DESCRIPTION OF THE USED F-SAR DATA SETS 

Data 𝜹𝒓 𝜹𝒂 𝜽𝒊𝒏𝒄 𝝓 Date  Time 

MEM 1 

0.22m 0.14m 52° 

280° 17
th
/10/2013 12:13:09 

MEM 2 282° 17
th
/10/2013 12:36:05 

MEM 3 274° 25
th
/10/2013 12:48:32 

The images from data sets MEM1 and MEM2 (see Table 3.1) were acquired under windy 

and rainy conditions, whereas the image from data set MEM 3 was acquired under more stable 

weather conditions. 

3.3.2 Numerical Evaluation 

Numerical evaluation was performed by labelling a ground truth based on aerial photos and 

ground information recorded simultaneously with the SAR data acquisitions. This information 

was available for the pair MEM1-MEM2, described in Table 3.1. The quality assessment was 

based on typical indicators used in change detection [116]: the overall classification error 휀, the 

kappa coefficient 𝜅, the false alarm rate 𝐹𝐴, and the detection rate 𝑃𝐷. The classification error 

represents the number of samples that were wrongly classified; it depends on the sum of the 

misdetection and false alarm rates. If the number of changes is small, optimization of this indi-

cator tends to produce change maps with low detection rates; i.e. in some cases the best result is 

the null solution. To avoid this, 𝜅 is also computed. Its possible values range from 0 to 1, and 

the higher its value the better the classification result. In contrast to 휀, 𝜅 depends on the false 

alarms and misdetections instead of their sum, avoiding potential convergence to the null solu-

tion. 

The quality indicators were computed from the ICM and FCM using the reference ground 

truth. Performance was studied with the ratio of the indicators 휀𝑟 = 휀𝐼𝐶𝑀/휀𝐹𝐶𝑀, 𝐹𝐴𝑟 =
𝐹𝐴𝐼𝐶𝑀/𝐹𝐴𝐹𝐶𝑀, 𝑃𝐷𝑟 = 𝑃𝐷𝐹𝐶𝑀/𝑃𝐷𝐼𝐶𝑀, and 𝜅𝑟 = 𝜅𝐹𝐶𝑀/𝜅𝐼𝐶𝑀. The evaluation criterion was 

based on the improvements obtained with three out of the previous four indicators. In general, it 
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is expected that 𝜅𝑟 > 1, 휀𝑟 > 1, 𝐹𝐴𝑟 > 1, and 𝑃𝐷𝑟 ≈ 1. As an additional evaluation criterion, 

we optimized the value of 𝜅 by deriving the change maps with an iterative thresholding ap-

proach using a pair of thresholds [T1,T2], and a step size of ±0.2 dB. The value of T1 and T2 pro-

vide the backscatter decrease class and the backscatter increase class, respectively. The thresh-

old T1 is always negative and T2 positive. 

For automatic thresholding, EM was iterated until convergence and initialized with a change 

map derived by thresholding the input with [-3,3] dB. The value of -3 and 3 dB provided a first 

estimate of the backscatter decrease class and backscatter increase class, respectively. The use 

of the initial [-3,3] dB thresholds was based on the idea that a point target causing a change is 

resolvable, assuming that the resolution of a point target corresponds to the -3 dB width of the 

main lobe of its point spread function. 

If a fusion strategy requires additional parameters, the quality indicators are exploited to ob-

tain optimal values. The optimal value of 𝐹𝑜𝑣 is derived by iteratively performing change detec-

tion and evaluating the quality indicators of the corresponding change maps. During this proce-

dure, the values of 𝐹𝑜𝑣 range from 0.1 to 0.9 using a step size of 0.1. Notice that in practice and 

for unsupervised change detection it is required to assume or have a priori knowledge of 𝐹𝑜𝑣. 

For comparison purposes we analyzed the performance of diverse methods reported in the 

literature: 1) CD-LRT, it is based on the likelihood ratio test in [50], 2) CD-GKLDWAV, it mod-

els the statistical properties of the wavelet coefficients of the SAR images [42-44]; we assume 

that the wavelet coefficients can be modelled with a Gaussian distribution, 3) CD-GLR, it was 

reported in [34], and is based on the guided image filtering method described in [117], and 4) 

the method based on principal component analysis described in [75], referred here to as CD-

PCAk. 

To isolate potential errors caused by automatic thresholding, we derive the change maps that 

provide the best κ coefficient by iterative thresholding and numerical evaluation of the generat-

ed maps. During this iterative procedure, the values of the thresholds were obtained by sweep-

ing the dynamic range of the input image utilized for thresholding. 

3.3.3 Results 

The data sets listed in Table 3.1 were used to evaluate the performance of the proposed 

method.  Fig. 3.6 shows in the center a patch of the area of interest using a denoised RG(B=0) 

composite with the pair of the shortest temporal baseline MEM1-MEM2. The patch illustrates 

the terminal of the airport, parking lots, nearby buildings and trees. The RG composite was 

formed with the reference image MEM1 in the red channel and the test image MEM2 in the 

green channel. The RG images were denoised with Color Block-Matching 3-D, described in 

[35], intended to give the viewer an indication of potential changes; i.e., the changes with a 

higher likelihood of occurrence are highlighted in red and green, whereas yellow indicates a low 

probability of change. In Fig. 3.6, changes indicated by white rectangles were identified based 

on aerial photos and ground information. Some examples of the photos are included to the side 

of the RG image, showing changes caused by static cars. 
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Fig. 3.6 Center: RG composite of the area of interest, computed from the image pair MEM1-MEM2. 

White rectangles: real changes. Magenta rectangles: areas with false alarms. Aerial photos on 

(Right and Left) show some of the corresponding changes labeled for the ground truth. 

TABLE 3.2 

PERFORMANCE METRICS FOR THE PAIR MEM1-MEM2 FOR DIFFERENT FUSION STRATEGIES 

m Change Map 𝐹𝑜𝑣 𝜅𝑟 𝑃𝐷𝑟 𝐹𝐴𝑟 휀𝑟 

1 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 2.3644 0.8775 5.8095 4.1161 

𝐹𝐶𝑀𝑜𝑏𝑗 0.4 2.6972 0.9448 7.4840 5.0248 

𝐹𝐶𝑀𝑐𝑜𝑚 0.4 2.7023 0.9448 7.4341 5.0460 

2 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 2.3326 0.9512 4.7247 3.7008 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 2.6514 0.9311 7.2643 4.9084 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 2.6551 0.9311 7.3000 4.9236 

3 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 2.2953 0.9688 4.3743 3.5244 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 2.6021 0.9504 6.4913 4.6184 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 2.6033 0.9504 6.5007 4.6229 

4 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 2.1074 0.9848 3.4762 2.9692 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 2.5191 0.9920 5.3457 4.1339 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 2.5202 0.9920 5.3522 4.1375 

After applying the proposed method, 휀𝑟, 𝜅𝑟, 𝑃𝐷𝑟, and 𝐹𝐴𝑟 were computed for the patch 

shown in Fig. 3.6. Table 3.2 lists the quality indicators of the change maps derived after apply-

ing automatic thresholding via EM and the different fusion strategies. The indicators 𝜅𝑟, 휀𝑟, and 

𝐹𝐴𝑟 showed that the performance of the method degraded slightly by increasing m, with 𝑃𝐷𝑟 
tending towards one. When applying fusion at the object level with the combined strategy, the 

value of the overlapping factor 𝐹𝑜𝑣 was optimized as described in section 3.2.4. In those cases, 

for increased m, better 𝜅𝑟 and 휀𝑟 were obtained with lower values of 𝐹𝑜𝑣.  

Table 3.3 presents the performance of the proposed method and the approaches utilized for 

comparison purposes. For CD-LRT we included the results derived when using single-look and 

multi-look. 
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TABLE 3.3 

PERFORMANCE COMPARISON OF THE MSF WITH DIFFERENT CHANGE DETECTION METHODS FOR THE 

PAIR MEM1-MEM2 

Method 𝜿 𝑷𝑫 𝑭𝑨 𝜺 

Single-look + MSF 

fusion at pixel level 

0.5971 56.3298 0.0577 0.1359 

Single-look + MSF 

combined fusion strategy 

0.6167 65.8511 0.0852 0.1463 

CD-LRT single-look [50] 0.2388 23.1915 0.1256 0.2631 

CD-LRT 81 looks [50] 0.4355 49.4149 0.1381 0.2286 

CD-GKLDWAV [42-44] 0.3561 46.2766 0.2023 0.2982 

CD-GLR [34] 0.2740 23.3511 0.0834 0.2207 

CD-PCAk, block size 8×8 pixels [75] 0.4709 50.9043 0.1165 0.2043 

 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 3.7 Responses of 𝜅 computed from the image pair MEM1-MEM2 using iterative thresholding and 

m=2. (a) 𝜅 derived from the ICMs. (b) 𝜅 derived from the FCMs obtained using the fusion at 

pixel level strategy. (c-d) 𝜅 derived from the FCMs obtained using the combined fusion strate-

gy and with Fov=0.2 and Fov=0.5 respectively. 

Fig. 3.7 illustrates the kappa coefficient of the change maps derived by iteratively threshold-

ing with sets [T1,T2]. The figure shows that the proposed method improved the value of 𝜅 when 

T1 and T2 were above -6 dB and below 6 dB respectively. Outside this interval, the value of 𝜅 

degraded, as the detection rate decreased considerably. The best value of the overlapping factor 

𝐹𝑜𝑣 was found to be 0.5 when performing iterative thresholding with the pair of thresholds 

[T1,T2]. 
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Fig. 3.8 illustrates change maps obtained after applying the proposed method. The ICM have 

two classes: pixels marked in green/red indicate that targets entered or left the area of interest. 

The rest of the change maps have one additional class: pixels marked in blue indicate removed 

changes that were originally detected in the corresponding ICM. Fig. 3.8 (a) shows the overlaid 

ICM obtained from the image pair MEM1-MEM2, with real changes indicated by white rectan-

gles and false alarms caused by artifacts or moving targets in magenta. The labels of the white 

rectangles correspond to those in Fig. 3.6. Fig. 3.8 (b) shows 𝐹𝐶𝑀𝑐𝑜𝑚 overlaid on the reference 

image, computed with 𝐹𝑜𝑣 = 0.2, and 𝑚 = 2 using automatic thresholding via EM. Comparison 

of the white rectangles shows the performance of the method. The removal of false alarms 

caused by artifacts (patches 1, 2 and 3) is indicated with magenta rectangles. Patch 4 contains 

some false alarms caused by the movement of the trees due to weather conditions. Note that the 

area indicated by rectangle c contains a side-lobe; its distortions were removed after applying 

the proposed method. 

 

 
(a) 

 
(b) 

Fig. 3.8 Change maps obtained with the pair MEM1-MEM2. Real changes are indicated by white rec-

tangles, whereas false alarms by magenta. (a) ICM: pixels marked in green/red indicate that 

targets entered or left the area of interest. (b) 𝐹𝐶𝑀𝑐𝑜𝑚: pixels marked in blue indicate removed 

changes, originally detected in the ICM. 
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Fig. 3.9 RG composite of the area of interest, computed from the image pair MEM1-MEM3. 

Results computed by using another combination of images are presented in the following. 

Fig. 3.9 shows the RG composite computed with the pair MEM1-MEM3. This pair provides a 

longer temporal baseline and thus contains many changes. Changes caused by luggage trans-

porters and a civilian aircraft are marked in rectangles 1 and 2. Rectangles 3, 4 and 5 indicate 

changes caused by moving targets, some unidentified artifacts and static cars. Patches 6 and 7 

contain changes caused by displacement of the shadowed areas induced by the slightly different 

acquisition geometries and the displacement of the point spread functions of the scatterers of the 

roof of the terminal respectively. Table 3.4 lists the quality indicators using automatic threshold-

ing via EM and the different fusion strategies. Similar to the previous example, the responses of 

the quality indicators show that the performance of the method degraded with increasing 𝑚. For 

comparison purposes, Table 3.5 presents the performance of the different change detection 

methods. 

TABLE 3.4 

PERFORMANCE METRICS FOR THE PAIR MEM1-MEM3 FOR DIFFERENT FUSION STRATEGIES 

m Change Map 𝐹𝑜𝑣 𝜅𝑟 𝑃𝐷𝑟 𝐹𝐴𝑟 휀𝑟 

1 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 1.2198 0.8815 2.2015 1.6316 

𝐹𝐶𝑀𝑜𝑏𝑗 0.3 1.3030 0.9166 2.5219 1.8123 

𝐹𝐶𝑀𝑐𝑜𝑚 0.3 1.3103 0.9065 2.6638 1.8549 

2 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 1.2363 0.9564 1.8757 1.5518 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 1.3143 0.9513 2.3477 1.7835 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 1.3215 0.9472 2.4256 1.8134 

3 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 1.2286 0.9774 1.7482 1.5000 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 1.3034 0.9779 2.1158 1.7041 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 1.3110 0.9758 2.1724 1.7305 

4 

𝐹𝐶𝑀𝑝𝑖𝑥 N/A 1.2197 0.9789 1.7044 1.4753 

𝐹𝐶𝑀𝑜𝑏𝑗 0.2 1.2916 0.9733 2.0755 1.6775 

𝐹𝐶𝑀𝑐𝑜𝑚 0.2 1.2991 0.9714 2.1278 1.7023 



 

 

55 

 

TABLE 3.5 

PERFORMANCE COMPARISON OF THE MSF WITH DIFFERENT CHANGE DETECTION METHODS FOR THE 

PAIR MEM1-MEM3 

Method 𝜿 𝑷𝑫 𝑭𝑨 𝜺 

Single-look + MSF 

fusion at pixel level 

0.5770 63.9574 1.3787 2.2511 

Single-look + MSF 

combined fusion strategy 

0.5922 66.2195 1.3754 2.1910 

CD-LRT single-look [50] 0.3702 36.3381 1.3528 2.921 

CD-LRT 81 looks [50] 0.5374 60.8730 1.5600 2.5055 

CD-GKLDWAV [42-44] 0.5194 66.2802 2.1178 2.9132 

CD-GLR [34] 0.4342 49.4070 1.8150 3.0427 

CD-PCAk, block size 8×8 pixels [75] 0.5370 60.6533 1.5494 2.5007 

Fig. 3.10 illustrates the kappa coefficient as a function of [T1,T2], derived by iteratively eval-

uating the corresponding change maps. The value of 𝜅 improved when T1 was above -5 dB and 

T2 was below 5 dB approximately. The value of 𝜅 degraded outside this interval due to low de-

tection rates. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 3.10 Responses of 𝜅 computed from the image pair MEM1-MEM3 using iterative thresholding and 

m=2. (a) 𝜅 derived from the ICMs. (b) 𝜅 derived from the FCMs obtained using the fusion at 

pixel level strategy. (c-d) 𝜅 derived from the FCMs obtained using the combined fusion strate-

gy and with Fov=0.2 and Fov=0.5 respectively. 
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(a) 𝐹𝐶𝑀𝑝𝑖𝑥 

 
(b) 𝐹𝐶𝑀𝑜𝑏𝑗 

 
(c) 𝐹𝐶𝑀𝑐𝑜𝑚 

 
(d) 𝐹𝐶𝑀𝑝𝑖𝑥 

 
(e) 𝐹𝐶𝑀𝑜𝑏𝑗 

 
(f) 𝐹𝐶𝑀𝑐𝑜𝑚 

Fig. 3.11 Patches of change maps derived from the pair MEM1-MEM3 using different fusion strategies. 

(a-c) Change maps of the luggage transporters. (d-f) Change maps of the civilian aircraft. 

Fig. 3.11 shows the change maps from patches 1 (luggage transporters) and 2 (aircraft) la-

belled in Fig. 3.9. The change maps were obtained with 𝑚 = 2, and 𝐹𝑜𝑣 = 0.2 using automatic 

thresholding via EM. The performance achieved with each of the three different fusion strate-

gies was observed when comparing the false alarms caused by the side-lobes and changes 

caused by the luggage transporters in patch 1. The change map 𝐹𝐶𝑀𝑝𝑖𝑥 had the highest number 

of remaining false alarms caused by side-lobes. The change map 𝐹𝐶𝑀𝑜𝑏𝑗 had false alarms 

caused by side-lobes attached to large targets, due to the constraint imposed by the overlapping 

factor 𝐹𝑜𝑣. Depending on the complexity and shape of the change; the fusion strategy can play a 

minor role.  

Fig. 3.12 shows the RG composites, ICMs and FCMs of patches 3 to 7 labelled in Fig. 3.9. 

Patch 3 shows the performance of the method to cancel false alarms caused by moving targets, 

and patch 4 when canceling false alarms caused by some unidentified artifacts. Patch 5 illus-

trates the performance of the method to detect changes caused by cars. 
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(a) RG 

 
(b) ICM 

 
(c) 𝐹𝐶𝑀𝑐𝑜𝑚 

 
(d) RG 

 
(e) ICM 

 
(f) 𝐹𝐶𝑀𝑐𝑜𝑚 

 
(g) RG 

 
(h) ICM 

 
(i) 𝐹𝐶𝑀𝑐𝑜𝑚 

 
(j) RG 

 
(k) ICM 

 
(l) 𝐹𝐶𝑀𝑐𝑜𝑚 

 
(m) RG 

 
(n) ICM 

 
(o) 𝐹𝐶𝑀𝑐𝑜𝑚 

Fig. 3.12 RG composites and corresponding change maps derived from the pair MEM1-MEM3 under 

presence of image artifacts. (a-c) Patch 3. (d-f) Patch 4. (g-i) Patch 5. (j-l) Patch 6. (m-o) Patch 

7. 

For completeness, Fig. 3.13 shows the aerial photos, the corresponding RG composites and 

change maps from patches outside the area of interest. The performance of the method when 

removing false alarms caused by different types of artifacts is indicated. In Fig. 3.13 (b) one 
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observes a strong backscatter element causing large range sidelobes and azimuth ambiguities. 

Notice that the sidelobes did not overlap due to the slightly different acquisition geometries. 

Fig. 3.13 (e) shows the presence of a strong backscatter on the roof-edge of a building, causing 

also large range sidelobes, and azimuth ambiguities. Clutter was also present along the roof. 

Fig. 3.13 (h) shows glare artifacts on the roof of a building and includes some false alarms 

caused by the movement of the trees. 

 

 

(a) Aerial photo 

 

(b) RG 

 

(c) 𝐹𝐶𝑀𝑐𝑜𝑚 

 

(d) Aerial photo 

 

(e) RG 

 

(f) 𝐹𝐶𝑀𝑐𝑜𝑚 

 

(g) Aerial photo 

 

(h) RG 

 

(i) 𝐹𝐶𝑀𝑐𝑜𝑚 

Fig. 3.13 Aerial photos, RG composites and change maps derived from the pair MEM1-MEM3 under 

presence of diverse image artifacts. (a-c) Patch 1. (d-f) Patch 2. (g-i) Patch 3. 

3.4 Discussion and Conclusions 

3.4.1 Discussion 

Based on the numerical results listed in Table 3.2, and Table 3.4, the performance of the 

method slightly degrades by increasing m while 𝑃𝐷𝑟 tended towards unity. This suggests that 

the method converges to the solution derived from the single-look complex images. This behav-

ior can be explained by the finer sampling of the 𝜃 domain when m is increased, since changes 

caused by low to moderate anisotropic targets are less likely to be canceled. This has the benefit 

of providing better 𝑃𝐷𝑟 at the cost of modest improvements in the rest of the quality indicators. 

Lower scales were more permissive, cancelling changes caused by low anisotropic targets, thus 

reducing 𝑃𝐷𝑟. The well-known trade-off between false alarm and detection rate remained pre-
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sent. This compromise is given by the number of scales, which is directly related to the amount 

of anisotropy or scatter persistence being considered.  

Table 3.3 and Table 3.5 compare the performance of the proposed method with existing 

change detectors. For CD-LRT and single-look processing we observed that it requires de-

noising due to the low detection rates achieved. Consequently, the performance of the method 

improves when using multi-looking; however, the resulting changes were no longer detected in 

the resolution space of the single-looks. Similar observations were made for CD-PCAk and CD-

GKLDWAV due to the usage of sliding windows or blocks of pixels.  

In this work, the MSF was processed using the minimum operator to ensure that the dynamic 

range of the images treated in the different stages was comparable, so that additional setting pa-

rameters were not required. The min operator is also responsible for the false alarm and detec-

tion rate trade-off, as the minimum value of each pixel at scale 𝑚 can only be identical to or 

smaller than that at scale 𝑚 − 1. A different operator, such as the standard deviation, could lead 

to a different behavior of the method, at the cost of introducing additional setting parameters. 

Quality indicators were derived assuming that the slight reduction of the detection rate was 

caused only by the MSF. However, the migration of the shadows along the aperture time, e.g. 

the shadow of the vehicles, can also be responsible for reducing the detection rate. The border 

of a mask indicating a change could be slightly reduced when exploiting the proposed method 

due to this shadow effect. This was not considered here when labelling the synthetic ground 

truth. 

Fig. 3.12 (g-i) shows the removal of a change caused by a car. Possible reasons are: 1) the 

point spread functions of the car were anisotropic, 2) the SNR and resolution provided by the 

MSF were not sufficient to detect the change, and 3) the change was detected in the curvelet 

domain due to its quasi-linear shape. The corresponding solutions are: 1) exploit higher resolu-

tion scales so that changes caused by highly anisotropic targets can be retained, 2) for a given 

azimuth antenna beam-width, design the MSF using a different resolution sequence to provide 

better resolution and SNR, and 3) use of different morphological transforms that can better iso-

late changes of interest. 

For inconsistent geometries, false alarms caused by migration of the shadowed areas, rota-

tion of sidelobes, and displacement of the point spread functions of some scatterers of the build-

ings were cancelled as shown in patches Fig. 3.12 (j-o), and Fig. 3.13 (g-i). 

The performance of the method depends to some extent on the fusion strategy in use. Quality 

indicators showed that fusion at the pixel level provided moderate results, but is computational-

ly efficient.  The combined strategy yielded best results; however, it is assumed that changes 

can be characterized by certain properties, like shape. This suggests that object-based change 

detection approaches can be more suitable for high resolution SAR imagery than pixel-based 

methods.  

The value of 𝜅 was mapped by iteratively thresholding with a pair of thresholds [T1,T2]. 

With the presence of false alarms caused by image artifacts, Fig. 3.7 and Fig. 3.10 show that 

single-look based methods optimize 𝜅 by reducing the detection rate; i.e. by simultaneously de-

creasing T1 and increasing T2. Information on the spatial behavior of the targets enables further 

optimization of 𝜅 while retaining a large amount of the detection rate offered by traditional 

methods, even when using less restrictive thresholds. The fringes in Fig. 3.7 (c) located at T2= 2 

dB and 7 dB, and those in Fig. 3.7 (d) located at T2= 4.2 dB were caused by the parameter 𝐹𝑜𝑣. 

Setting parameters can abruptly modify the value of 𝜅 and thus a non-uniform response was 

observed. In contrast, the response of 𝜅 did not show fringes when using the fusion at the pixel 

level strategy because this strategy does not require additional parameters. 

Patch 4 of Fig. 3.8 (a-b), and Fig. 3.13 (g-i) shows that false alarms caused by unfocused 

targets, such as trees under windy conditions, were mitigated. Change maps from the pair 
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MEM1-MEM3 shown in Fig. 3.12 and Fig. 3.13 provided an overview of the performance of 

the multisquint-based approach to remove false alarms caused by typical artifacts in high resolu-

tion SAR imagery. 

If changes are caused by buildings, the SAR images can be better focused by using a Digital 

Surface Model of the area of interest. This can ensure that the spatial behavior of the point 

spread function of the scatterers does not vary along the synthetic aperture. Changes caused by 

natural distributed targets, such as meadows or agricultural fields require different dissimilarity 

functions [23] than those used here. However, detection of changes caused by these types of 

targets was beyond the scope of this work. 

3.4.2 Conclusions 

The proposed multisquint framework was applied to mitigate errors caused by artifacts 

common in SAR image change detection. Information on the spatial behavior of the targets was 

shown to provide better results than those obtained by only exploiting single-look complex im-

ages, as commonly done in traditional change detection. Moreover, the multisquint approach 

was shown to be less sensitive to errors caused by the difference of the acquisition geometries. 

The kappa coefficient, the false alarm rate and the classification error were improved on average 

by a factor 1.9, 3 and 2.9 respectively, while preserving 95% of the detection rate obtained with 

traditional change detection techniques. 

Concerning the change map fusion strategies, fusion at the object level was found to be more 

suitable for high resolution SAR imagery than pixel-based approaches at the cost of assuming a 

priori knowledge, such as certain characteristics of the potential changes, or including addition-

al setting parameters. 

Adaptation of the multisquint framework to multichannel SAR data sets, with interferomet-

ric and polarimetric channels, is foreseen in future work. 
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Abstract  

 

Synthetic Aperture Radar (SAR) image change detection enables mapping for applications 

such as human activity monitoring and urban studies. In this work we analyze the use of adap-

tive range processing and multisquint processing for change detection purposes. Numerical 

evaluation showed that both processing methods can reduce errors caused by image artifacts 

while preserving detection rates similar to those offered by the corresponding matched filtering 

and single-look processing. When changes were caused by isotropic targets, best results were 

obtained when combining range adaptive and multisquint processing. 
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4.1 Introduction 

Image change detection is a technique comparing images of the same area acquired at differ-

ent times [2]. Applications are in human activity observation [118], risk management [4], urban 

studies [18] and environmental observation [2]. SAR sensors are well suited as data can be reli-

ably collected over unfavourable weather and daylight conditions. However, SAR data intro-

duces challenges that can complicate the processing, such as noise, focusing errors, and pres-

ence of image artifacts [14]. 

Many change detectors have been proposed to mitigate errors caused by noise [13, 75]. 

Apart from noise-induced errors, the presence of image artifacts [63], such as side-lobes, in-

creases the false alarm rate, degrading the reliability of the change maps. Sidelobes are intro-

duced by the well-known Matched Filter (MF) during SAR image formation [119]. On the other 

hand, the MF provides a high Signal to Noise Ratio (SNR) and spatial resolution while being 

computationally efficient [64]. In this manner, high-level detailed and subtle changes can be 

detected with the corresponding focused SAR images. To preserve these detection characteris-

tics while reducing the false alarms caused by the presence of sidelobes, we can: 1) utilize pulse 

compression methods capable of providing images at the highest attainable resolution and SNR, 

similar to those of MF, but with lower sidelobe levels, or 2) identify and remove a posteriori the 

false alarms caused by the sidelobes introduced by the MF. Solutions based on 1) or 2) can be 

referred to as those working at the processing level (prevention) or post-processing level (miti-

gation) respectively. 

Adaptive processing methods, such as Adaptive Pulse Compression (APC), are valid solu-

tions working at the processing level. APC preserves resolution while providing a negligible 

SNR loss and reducing sidelobes [91]. However, it requires long computation times. For this 

reason, we only consider here analysis of APC applied to the range dimension. 

Alternatively, at the post-processing level, mitigation of the presence of sidelobes can be 

performed by exploiting beamforming since the spatial response of sidelobes varies during the 

aperture time [120]. Spatial information can be gathered via multisquint processing [120, 121], 

where each squint is formed with a set of echoes scattered with a certain direction of arrival. 

Since the squints do not have the highest attainable resolution and are not artifact-free, the pair 

of single-looks is still required to detect changes at nominal resolution. By exploiting mul-

tisquint processing, one can derive a new pair of images where sidelobes do not appear in the 

same image samples as those of their corresponding single-looks. Errors caused by sidelobes 

can be identified due to their non-permanent scattering regime and removed a posteriori from 

the change map of the single-looks. 

In this work, we analyze the performance offered by APC and multisquint processing to re-

duce errors caused by image artifacts in SAR change detection. Numerical evaluation showed 

that adaptive and multisquint processing can improve the kappa coefficient by at least a factor 

1.22 when applied separately in comparison to that offered by the SAR images focused with the 

MF and single-look processing. This factor rose to 1.86 when exploiting combined range adap-

tive and multisquint processing. The paper is organised as follows: Section 4.2 describes range 

adaptive pulse compression and multisquint processing for SAR image formation. We then de-

scribe the change detectors and the numerical evaluation procedure. Section 4.3 illustrates the 

results obtained using real airborne SAR imagery. Finally, a discussion of the results is present-

ed followed by conclusions. 

 

 



 

 

63 

4.2 Method 

4.2.1 Sensor, Data and Test Site 

The image pair was acquired in 2012 with Fraunhofer FHR’s MEMPHIS sensor [122] over 

the Allgäu airport in Memmingen, Germany, (N47.98°, E10.23°). MEMPHIS uses Linear Fre-

quency Modulated (LFM) signals of 0.4 μs and 200 MHz bandwidth. The SAR data was rec-

orded in linear stripmap configuration at Ka-band. The temporal baseline was 1 hour and 10 

minutes. During that time, changes were introduced by cars, luggage transporters and a civilian 

aircraft. The SAR data was focused in time domain using the approaches described in the fol-

lowing two subsections. 

TABLE 4.1 

DESCRIPTION OF THE USED MEMPHIS DATA SET 

Data 𝜹𝒓 𝜹𝒂 𝜽𝒊𝒏𝒄 𝝓 Time 

MEM 1 
0.75m 0.08m 50° 

-130° 12:18:46 

MEM 2 -129° 13:08:07 

 

The slant range resolution 𝛿𝑟, azimuth resolution 𝛿𝑎, incidence angle at mid-range 𝜃𝑖𝑛𝑐, and 

flight path heading 𝜙 of the data takes are listed in Table 4.1. The azimuth beamwidth 𝜃𝑎 of the 

antenna gain pattern was approximately 3°. 

4.2.2 Range Processing: deterministic and adaptive solutions 

For pulsed sensors, SAR image focusing is performed by applying pulse compression meth-

ods to each dimension sequentially, range and azimuth [119]. In range, the 𝑟-th delay sample of 

a range profile can be computed from 

𝑥(𝑟, 𝑡) = 𝑤(𝑟, 𝑡) ⋅ 𝑦(𝑟, 𝑡) (4.1) 

where 𝑤(𝑟, 𝑡)𝑁×1 is a filter and 𝑦(𝑟, 𝑡)𝑁×1 is a vector of N contiguous samples of the received 

pulse at slow time 𝑡. The most often used pulse compression method is the MF. In that case, 𝑤 

does not depend on 𝑟 and is computed as the complex conjugate time reversed-copy of the N-

length transmitted waveform. In the following, we simplify notation by assuming that the 

transmitted waveform does not depend on 𝑡. 

To reduce sidelobes while preserving resolution and SNR, we can apply a complex-valued 

filter 𝑤 adapted to each individual range bin [91]: 

𝑤𝑖(𝑟) = 𝜌𝑖(𝑟)(𝐶𝑖(𝑟) + 𝑅)
−1𝑠 (4.2) 

where 𝜌𝑖(𝑟) = |𝑥𝑖(𝑟)|
2 is the power estimates of the range bins of the profile 𝑥𝑖, 𝑅𝑁×𝑁 is the 

noise covariance matrix, and 𝐶𝑖(𝑟) is the 𝑁 × 𝑁 weighted covariance matrix of the transmitted 

waveform 𝑠. A range profile is derived by inserting (4.2) into (4.1). However, to compute (4.2) 

we first require an estimate of the power of the surrounding range bins 𝜌𝑖(𝑟). For this purpose, 

an initialization stage is applied, e.g. using the MF (𝜌0 = |𝑥0(𝑟)|
2, 𝑤0 = 𝑠

𝐻), after successive L 

iterations, a refined range profile is obtained based on the prior power estimates. This iterative 

procedure is referred to as Adaptive Pulse Compression [91]. Since adaptive processing is not 

computationally efficient, we only evaluate the performance of APC when the initialization 

stage is the MF and L=2. 

4.2.3 Azimuth Processing: single-look and multisquint solutions 

In contrast to the range dimension, the azimuth samples are not aligned. We adopted pulse 

compression and signal alignment via the interpolated MF, also called Time Domain Back-
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Projection (TDBP) [65]. Omitting calibration factors, a backscatter element of a geocoded 

bandpass SAR image I is focused via TDBP with: 

𝐼(𝐸0, 𝑁0) = ∑ �̇� (
𝑅𝑠
𝑐
, 𝑡)

𝑡2

𝑡=𝑡1

 (4.3) 

where 𝑅𝑠 = √(𝑋(𝑡) − 𝑥0)
2 + (𝑌(𝑡) − 𝑦0)

2 + (𝑍(𝑡) − 𝑧0)
2  is the slant range, and (𝐸0, 𝑁0) the 

map coordinates of the element, which are transformed to the equivalent global Cartesian coor-

dinates (𝑥0, 𝑦0, 𝑧0) using a Digital Elevation Model (DEM). (𝑋(𝑡), 𝑌(𝑡), 𝑍(𝑡)) is the sensor 

position in global Cartesian coordinates at slow time 𝑡, 𝐿 = 𝑡2 − 𝑡1 the aperture length, c the 

speed of light, and �̇� the range compressed signals derived from (4.1) after up-conversion. By 

using (4.3), we take advantage of the full theoretical bandwidth of the azimuth signals, yielding 

the well-known single-look [65]. However, single-looks do not provide spatial information of 

the targets. To do so, we introduce in (4.3) a beamformer 𝑊 with an angular selectivity band-

width of Δθ. The sampling space of W is constrained inside the region [−𝜃𝑎/2, 𝜃𝑎/2], where 𝜃𝑎 

is the azimuth beamwidth of the antenna pattern in reception. To collect the spatial response of 

the targets, we first generate a 2-dyadic M-stage resolution sequence of squints (the mth-scale is 

composed of 2𝑚 squints) with Δθm = Δθm−1/2
𝑚, and Δθ0 = θa. The beamformer W(Δθm) is 

a rect function in θ. The azimuth angle θ is computed with the antenna pointing vector and the 

position of the backscattering element (𝐸0, 𝑁0) at slow time 𝑡. The nth-squint at the mth-scale is 

focused via: 

𝐼(̈𝐸0, 𝑁0, m, n) =∑�̇� (
𝑅𝑠
𝑐
, 𝑡) ⋅ 𝑊(m, 𝑛)

𝜏

 (4.4) 

with 

𝑊(m,n) = {1,
−𝜃𝑎

2⁄ + Δ𝜃𝑚 ⋅ (𝑛 − 1) ≤ 𝜃 ≤
−𝜃𝑎

2⁄ + Δ𝜃𝑚 ⋅ 𝑛

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (4.5) 

The azimuth resolution of a squint depends on Δθ; and thus, information of the spatial re-

sponse of the targets is retrieved at the cost of a degraded azimuth resolution and stronger azi-

muth side-lobes [120]. 

A set {𝐼(̈Δ𝜃)} is formed by combining via complex-valued additions the 2𝑚 squints at scale 

𝑚 in (4.4) to guarantee that the azimuth resolution is constant with 𝑚 and enough to detect the 

smallest changes of interest; i.e. Δ𝜃𝑚=1..𝑀 = Δ𝜃. In this work, the azimuth resolution of the im-

ages in {𝐼(̈Δ𝜃)} is 2𝛿𝑎, being 𝛿𝑎 the azimuth resolution of the corresponding single-look. We 

restrict the resolution sequence to the cases 𝑀 = 1,2, being 𝑀 the lowest resolution scale. Final-

ly, we derive a new set of images after filtering artifacts. This is performed by applying a min 

operator to the log-transformed and radiometric calibrated images in {𝐼(̈Δ𝜃)} at scale 𝑚, yield-

ing one image 𝐼𝑀𝑆 per scale: {𝐼𝑀𝑆(𝑚)}𝑚=1…𝑀. 

4.2.4 Change Detection 

To extract changes at nominal resolution, we calculate a Difference Image (DI) by subtract-

ing the log-transformed single-looks 𝐼1 and 𝐼2 [3] from the MF- and the APC-based processed 

images. Subsequently, we denoise the DI via Block Matching 3D [35]. Finally, the denoised DI 

is thresholded to derive a tertiary change map where the backscatter increase(decrease) class is 

labelled with +1’s(-1’s) respectively, and the unchanged class is labelled with 0’s. Thresholding 

is performed using a set of thresholds [𝑇1, 𝑇2], with 𝑇1 < 0 𝑑𝐵 and 𝑇2 > 0 𝑑𝐵. We denote the 

change map derived from the single look images as the ICMMF or ICMAPC, where the subscript 

denotes the range compression method used to focus 𝐼1 and 𝐼2.  
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At a post-processing stage, errors caused by sidelobes can be reduced by utilizing 
{𝐼𝑀𝑆(𝑚)}𝑚=1…𝑀 via a three-staged change detector [120]. First, we compute the ICM using the 

single-looks. Second, we derive a second map using the same change detector as in the previous 

step using the pair 𝐼1𝑀𝑆(𝑚) and 𝐼2𝑀𝑆(𝑚). A final change map is obtained after fusing these at 

the pixel level with a logical AND operator. Bearing in mind the labels of the change and un-

changed classes, this operator permits the retention of common changes, while cancelling the 

others. In this manner, most changes caused by artifacts are not transferred to the fused change 

map, referred here to as FCM. In the following, we denote the change maps derived from the 

three-staged change detector as FCMmMF or FCMmAPC depending on the range compression 

method used for image formation, and scale m. 

4.2.5 Numerical Evaluation 

After manually labelling a synthetic reference, we derive the detection rate PD, the false 

alarm rate FA, the classification error ε and the kappa coefficient κ [116]. These indicators were 

computed from the ICMMF, ICMAPC, FCMmMF, and FCMmAPC as a function of [𝑇1, 𝑇2] and scale 

𝑚. Performance was also studied with the ratio of the indicators: 휀𝑟−𝑖 = 휀𝑖/휀𝐼𝐶𝑀𝑀𝐹
 and 

𝜅𝑟−𝑖 = 𝜅𝐼𝐶𝑀𝑀𝐹/𝜅𝑖, being 휀𝐼𝐶𝑀𝑀𝐹 and 𝜅𝐼𝐶𝑀𝑀𝐹  the classification error and kappa coefficient de-

rived from ICMMF. 휀𝑖 and 𝜅𝑖 are the classification error and kappa coefficient obtained from the 

change maps under evaluation (ICMAPC, FCMmMF and FCMmAPC), identified with the subscript i. 

4.3 Results 

The image pair listed in Table 4.1 was used to evaluate the performance of the different 

change detectors and corresponding processing schemes. The RG(B=0) composite of the area of 

interest is shown in Fig. 4.1. The RG image was formed with the reference SAR image in the 

red channel and the test image in the green channel. It is intended to give the viewer an indica-

tion of potential changes; i.e., the changes with a higher likelihood of occurrence are highlighted 

in red and green, whereas yellow indicates a low probability of change. Changes were mainly 

caused by cars (indicated by blue rectangles), a civilian aircraft (dashed blue rectangle), and 

luggage transporters (blue circles). 

Fig. 4.2 and Fig. 4.3 illustrate the response of 휀𝑟 and 𝜅𝑟 respectively as a function of the 

thresholds [𝑇1, 𝑇2], scale 𝑚, and processing method. We omit the graphical results derived from 

FCM1APC since they are moderate in comparison to those obtained from FCM2APC. The ratio of 

the classification error 휀𝑟−𝑖 showed that best performance was obtained when combining APC 

and multisquint processing. Poorest performance was seen when applying only APC. Compari-

son of the indicators 휀𝑟−𝐹𝐶𝑀1𝑀𝐹  and 휀𝑟−𝐹𝐶𝑀2𝑀𝐹  in Fig. 4.2 (b) and (c) showed that better results 

were obtained for larger m. This was observed independently of the range processing method. 

Similar behaviour was confirmed when evaluating the ratio of the kappa coefficients shown in 

Figure 3. Note that the backscatter increase class is dominant in comparison to the backscatter 

decrease class, and thus the ratio of the indicators did not show a symmetric response. 

Table 4.2 lists the performance of the methods when thresholding with the set [-5, 5] dB. 

These thresholds were chosen based on iterative thresholding and visual inspection of the corre-

sponding change maps. In terms of the ratio of the kappa coefficient 𝜅𝑟, we observed that 

FCM2APC yielded the best performance. Poorest performance was seen when applying only 

range adaptive processing. The value of 𝜅 of the change maps obtained when only utilizing mul-

tisquint processing increased slightly with m. In terms of the detection rate, we observed that 

ICMAPC yielded second best performance, while the poorest performance was seen with com-

bined range adaptive and multisquint processing. The detection rate of the change maps ob-

tained when exploiting multisquint processing decreases with m. 
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Fig. 4.1 RGB composite of the area of interest (R= reference SAR image, G=test SAR image, and 

B=0). 

 
 

 

(a) 휀𝑟−𝐼𝐶𝑀𝐴𝑃𝐶  

 

(b) 휀𝑟−𝐹𝐶𝑀1𝑀𝐹  

 

(c) 휀𝑟−𝐹𝐶𝑀2𝑀𝐹  

 

(d) 휀𝑟−𝐹𝐶𝑀2𝐴𝑃𝐶  

Fig. 4.2 Ratio of the classification error 휀𝑟−𝑖 as a function of 𝑇1, 𝑇2, scale m and processing method. 
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(a) 𝜅𝑟−𝐼𝐶𝑀𝐴𝑃𝐶  

 
(b) 𝜅𝑟−𝐹𝐶𝑀1𝑀𝐹  

 
(c) 𝜅𝑟−𝐹𝐶𝑀2𝑀𝐹  

 
(d) 𝜅𝑟−𝐹𝐶𝑀2𝐴𝑃𝐶  

 

Fig. 4.3 Ratio of the kappa coefficient 𝜅𝑟−𝑖 as a function of 𝑇1, 𝑇2, scale m and processing method. 

 

TABLE 4.2 

NUMERICAL EVALUATION OF THE METHODS AS A FUNCTION OF THE SCALE M AND PROCESSING 

METHOD WHEN |𝑇1| = 𝑇2 = 5 DB 

Method 𝜺 (%) 𝜿 PD (%) FA (%) 𝜿𝒓 

ICMMF 3.3230 0.2509 78.3693 3.1855 - 

ICMAPC 2.5115 0.3062 77.2598 2.3595 1.2204 

FCM2MF 1.9399 0.3587 75.0568 1.7671 1.4297 

FCM4MF 1.7896 0.3813 76.1407 1.6238 1.5197 

FCM2APC 1.3743 0.4402 74.2062 1.1908 1.7545 

FCM4APC 1.2531 0.4671 75.2710 1.0767 1.8617 

 

Fig. 4.4 shows the ICMMF overlaid on the reference SAR image. The ICMMF was obtained 

after thresholding with the set [-5, 5] dB. False alarms caused by prominent sidelobes can be 

recognized by visual inspection. Fig. 4.5 illustrates the FCM2APC overlaid on the reference im-

age. The additional class, marked in blue, indicates changes that were detected in ICMMF but 

removed when utilizing combined adaptive and multisquint processing modes. One observes 

that most changes, indicated by light blue rectangles and circles were preserved, while errors 

caused by sidelobes were partially removed. 
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Fig. 4.4 Change map ICMMF overlaid on the reference image. Pixels marked in green and red indicate 

targets that entered (green) or left (red) the area of interest. 

 

 

Fig. 4.5 Change map FCM2APC overlaid on the reference image. Pixels marked in green and red indicate 

that targets entered (green) or left (red) the area of interest. Pixels marked in blue indicate re-

moved changes, originally detected in ICMMF. 
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4.4 Discussion 

The numerical evaluation illustrated in Fig. 4.2 and Fig. 4.3 shows that modest results were 

obtained when applying only adaptive processing. As reported in [119], the main reasons were: 

1) APC provides moderate sidelobe reduction efficiency when the transmit waveform is an 

LFM signal, and 2) the performance of APC degrades when the transmitted signal and the re-

ceived signals do not perfectly match. The performance of APC also depends on the initializa-

tion stage and the number of iterations used. 

Both the classification error ε and the kappa coefficient κ obtained when exploiting mul-

tisquint processing improved with m. This suggests that better performance can be achieved by 

utilizing higher values of m. Nonetheless, as described in [120], the detection rate, and thus the 

rest of the indicators, tends towards that of the ICMMF once the optimal value of m is exceeded. 

From Table 4.2, the detection rate was slightly lower than that of the ICMMF.  If removal of de-

sired changes occurs, then one can apply the following solutions: 1) exploit higher resolution 

scales so that changes caused by highly anisotropic targets are retained, and 2) for a given azi-

muth antenna beamwidth, derive {𝐼𝑀𝑆(𝑚)}𝑚=1…𝑀 using a different resolution sequence to pro-

vide better resolution and SNR. 

The change maps in Fig. 4.4 and Fig. 4.5 show the performance of the combined adaptive 

and multisquint-based processing approach in comparison to that offered by MF and single-look 

processing. Most false alarms caused by sidelobes were removed while preserving a large pro-

portion of the changes. 

Comparison of the results obtained by applying APC only or multisquint processing suggests 

the following: 1) if changes are caused by isotropic targets then exploiting spatial information is 

more effective than adaptive processing only, 2) the detection rate of ICMAPC  is very similar to 

that of ICMMF without assuming a permanent scattering regime, 3) if sidelobes mask areas with 

changes, then adaptive processing can be more suitable because the change detector  is more 

likely to preserve the underlying change, and 4) combination of both processing modes can 

yield best results when changes are caused by isotropic targets. 

4.5 Conclusions 

In this work, we examined the advantages and drawbacks offered by adaptive and mul-

tisquint processing for change detection purposes. We showed that both processing modes can 

effectively provide better results than those obtained by using a conventional Matched Filter 

combined with single-look processing, but at the cost of high computation time or assuming that 

changes are caused by isotropic targets. Results obtained by utilizing beamforming can be fur-

ther improved when combined with adaptive processing. Extension of adaptive and multisquint 

processing to multichannel SAR is planned in future work. 
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Abstract  

 

Information on 3-D structure expands the scope of change detection applications, for exam-

ple in urban studies, human activity and forest monitoring. Current change detection methods do 

not fully consider the specifics of SAR data or the properties of the corresponding image focus-

ing techniques. We propose a three-stage method complementing the properties of 2-D and 3-D 

very high resolution (VHR) SAR imagery to improve the performance of 2-D only approaches. 

The method takes advantage of back-projection tomography to ease translation of the 2-D loca-

tion of the targets into their corresponding 3-D location and vice versa. Detection of changes 

caused by objects with a small vertical extent is based on the corresponding backscatter differ-

ence, while changes caused by objects with a large vertical extent are detected with both 

backscatter and height difference information combined in a conditional random field. Using 

multitemporal images, the kappa coefficient improved by a factor of two in comparison to tradi-

tional schemes. 
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LIST OF ACRONYMS USED IN THE TEXT 

AIC Akaike Information Criterion 

BM3D Block Matching 3-D 

BM4D Block Matching 4-D 

CRF Conditional Random Field 

CD-DI3D Change Detection, 3-D Difference Image 

CD-HD Change Detection, Hausdorff Distance 

CD-MSQ Change Detection, Multisquint 

DEM Digital Elevation Model 

DI Difference Image 

DSM Digital Surface Model 

DTM Digital Terrain Model 

EDC Efficient Detection Criterion 

EM Expectation Maximization 

ICM Initial Change Map 

InSAR Interferometric SAR 

LiDAR Light Detection and Ranging 

MDL Minimum Description Length 

MSF Multisquint Framework 

PSI Persistent Scatterer Interferometry 

SAR Synthetic Aperture Radar 

SNR Signal to Noise Ratio 

TDBP Time Domain Back-Projection 

TomoSAR Tomographic SAR 

VHR  Very High Resolution 

 

5.1 Introduction 

Change detection from remote sensing images provides mapping applications for diverse 

tasks such as urban studies [18, 19], human activity monitoring [21, 120] and risk management 

[4, 6]. The availability of systems delivering 3-D information has broadened the scope of 

change detection applications, particularly for urban studies [123, 124], and forest monitoring 

[125, 126]. Additionally, 3-D change detection is more robust against differences in illumina-

tion, and can provide a new level of detail, overcoming traditional 2-D change detection meth-

ods [127, 128]. 

Typically, 3-D change detection is performed using LiDAR data or a set of optical images 

after photogrammetric processing [127, 128]. Main focus has been in addressing accurate data 

co-registration [128, 129], or developing dissimilarity functions suitable for changes of interest 

[130, 131]. Current methods do not account for 3-D SAR imagery. Related work reported in 

[132] takes advantage of persistent scatterer interferometry (PSI) to retrieve the height of build-

ings for time series analysis and change detection. However, height information was utilized in 

a two-dimensional spatial domain. Disregarding the 2½-D structure of the data acquired from an 

interferometric SAR (InSAR) configuration led to the absence of layover correction [133], and 

thus, the method is sensitive to errors caused by differences in illumination. 
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SAR sensors provide three dimensional imaging by extension of the synthetic aperture in el-

evation [66]. This configuration, known as tomographic SAR (TomoSAR), permits to resolve 

layover and detect multiple scatterers within the resolution cell [134]. The performance of VHR 

TomoSAR has not been studied for change detection purposes due to the limited availability of 

data. Existing methods do not account for the specifics of the SAR data such as its associated 

sources of error (amplitude and phase noise), nor the information retrieved (backscatter and 

height estimates). They also fail to take advantage of the characteristics of the SAR image for-

mation method. A high-performing tomographic processor can provide co-registered 3-D imag-

es, circumventing the need for data co-registration methods like the well-known Iterative Clos-

est Point [135], enabling the subtraction of the backscatter at the voxel level without a need for 

regridding, as in the case of LiDAR or optical data. 

In this work, we propose a three-stage TomoSAR change detection approach where 2-D and 

3-D methods are combined to overcome their respective weaknesses and take advantage of their 

strengths. The change detector exploits: 1) a back-projection tomographic SAR focusing meth-

od, similar to that reported in [89], providing automatically co-registered geocoded 3-D images, 

2) the normal dimension of the acquisition geometry, utilized as a ground-height proxy enabling 

2-D to 3-D image conversion and vice versa, and 3) information of the backscatter and height 

differences. 

First, we detect changes caused by targets with a small vertical extent (short targets) using a 

traditional 2-D image change detector. Second, we take advantage of the information offered by 

SAR tomography for changes caused by targets with a large vertical extent (tall targets). A 3-D 

change map is derived after merging the results from the two previous stages. Numerical eval-

uation showed that the combined method outperformed traditional 2-D SAR image change de-

tection and approaches developed for LiDAR point clouds, improving the kappa coefficient by a 

factor two. This work provides first references demonstrating the performance of SAR tomog-

raphy for change detection applications. 

The paper is organized as follows: Section 5.2 introduces the back-projection framework uti-

lized here for TomoSAR processing. Subsequently, we describe the three stages of the proposed 

change detector, emphasizing the combination of backscatter and height features by means of a 

conditional random field (CRF) model. Section 5.3 illustrates the results with high resolution 

airborne TomoSAR imagery acquired in medium density urban scenarios. Finally, section 5.4 

concludes with a discussion of the results and conclusions. 

5.2 Method 

The combined method consists of three stages. First, we utilized a 2-D approach to detect 

changes at the ground level, assumed to be caused by short targets. Then, changes caused by tall 

targets were detected in the second stage using a 3-D method. There, backscatter and height dif-

ference information were combined by means of a CRF to alleviate errors caused by amplitude 

and phase noise. Third, the 2-D change map from the first stage was transformed into a 3-D map 

using the normal dimension of the tomographic configuration. Finally, we computed a 3-D map 

by fusing the 3-D converted map and the 3-D map with the changes caused by tall targets. 

Fig. 5.1 shows the general scheme of the proposed method. 

 

Fig. 5.1 Architecture of the combined change detector. 
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5.2.2 Tomographic Processing and Data Format 

From [136], a TomoSAR data set acquired with 𝐾 > 2 tracks (multipass) or receivers (sin-

gle-pass) can be focused using time domain Back-Projection (TDBP). Omitting calibration fac-

tors and signal weightings, the backscatter 𝛾0 of an element acquired from channel 𝑘 is focused 

at height ℎ𝑖 above a digital elevation model (DEM) via: 

𝛾0
𝑘,𝑖(𝑒, 𝑛, ℎ𝑖) = [∑ 𝑠 (

2𝑅𝑠
𝑐
, 𝜏) ⋅ 𝑊(𝜃)

𝜏2

𝜏=𝜏1

] ⋅ 𝑒−𝑗𝜁1  (5.1) 

where (𝑒, 𝑛, ℎ𝑖) are the map coordinates of the voxel, 𝐿 = 𝜏2 − 𝜏1 the aperture length, 𝑠 the 

bandpass range compressed signals, 𝑅𝑠  the slant range, c the speed of light, and 𝜏 the slow 

time.  휁1 is the phase term for baseband, and 𝑊(𝜃) is here a spatial filter defined as a function 

of the azimuth angle 𝜃 for multisquint processing mode [120]. A 3-D image cube 𝛾0
𝑘 was de-

rived from (5.1) with ℎ𝑖 = ℎ0 + 𝑖∆ℎ, 𝑖 = 0,… , 𝑖𝑎𝑚𝑏 where ℎ0 is the height of the ground, ∆ℎ 

the height sampling spacing and ℎ0 + 𝑖𝑎𝑚𝑏∆ℎ a height smaller than the ambiguity height ℎ𝑎𝑚𝑏, 

defined as the maximum height of the imaged volume that can be reconstructed unambiguously 

[137]. 𝛾0
𝑘,0

 is the 2-D single-look image from channel 𝑘 focused on the ground. Subsequently, 

we reduce sidelobes in the normal direction with 𝛾0
𝑘=1,…,𝐾

 using multi-look processing com-

bined with maximum likelihood [102]. Block-Matching 4-D (BM4D) [37] is applied to the re-

sulting 3-D image to further reduce errors caused by phase noise. This yielded a 3-D image cu-

be 𝛾0
3𝐷 with the backscatter estimates obtained via maximum likelihood. We computed the 

number of scatterers 0 ≤ 𝑝(𝑒, 𝑛) ≤ (𝐾 − 1) per ground resolution cell (𝑒, 𝑛) with the efficient 

detection criterion (EDC) in [138] with: 

𝑝(𝑒, 𝑛) = arg min
𝑚∈[0;𝐾−1]

[
 
 
 

(𝑁𝑙𝑜𝑜𝑘𝑠 − 𝑘) ⋅ 𝑚 ⋅ ln

(

 
√∏ 𝜆𝑖(𝑒, 𝑛)

𝐾
𝑖=𝑚+1

𝐾−𝑚

(1 (𝐾 −𝑚)⁄ )∑ 𝜆𝑖(𝑒, 𝑛)
𝐾
𝑖=𝑚+1

)

 +𝑚

⋅ (2𝐾 −𝑚)√𝑁𝑙𝑜𝑜𝑘𝑠 ⋅ log𝑁𝑙𝑜𝑜𝑘𝑠

]
 
 
 

 

(5.2) 

where 𝑁𝑙𝑜𝑜𝑘𝑠 is the number of looks utilized to compute the 𝐾 × 𝐾 sample covariance matrix of 

the resolution cells, and 𝜆𝑖=1,…,𝐾(𝑒, 𝑛) are the corresponding eigenvalues in descending order 

after denoising with Block Matching 3-D (BM3D) [35] to further reduce errors caused by phase 

noise. The model in (5.2) provides globally the best-performance, overcoming the Akaike in-

formation criterion (AIC) and the minimum description length (MDL) methods [138]. 

Assuming stripmap mode with a linear trajectory and negligible squint angle, the vector with 

the coordinates of a normal line (vector normal to the slant range-azimuth plane) 𝒏 of 𝛾0
3𝐷 with 

origin at ground cell (𝑒, 𝑛) can be approximated using 

𝒏(𝑒, 𝑛) = ((𝑒 + ∆𝑒𝑖, 𝑛 + ∆𝑛𝑖, ℎ𝑖))𝑖=0,…,𝑖𝑎𝑚𝑏
 (5.3) 

where ∆𝑒𝑖 and ∆𝑛𝑖 are the offsets in pixels of the 2-D displacement field, computed by cross-

correlation between images 𝛾0
𝑘,𝑖

 and 𝛾0
𝑘,0

 geocoded at heights ℎ𝑖 = ℎ0 + 𝑖∆ℎ and ℎ0 respective-

ly, with ∆𝑒0 = ∆𝑛0 = 0. 
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The 3-D image, obtained by retaining the 𝑝(𝑒, 𝑛) strongest scatterers per normal line 𝒏, 

takes the form: 

𝐼3𝐷(𝑣) = { 
𝑛𝑢𝑙𝑙, 𝑂(𝑣) = 0

𝛾0
3𝐷(𝑣), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.4) 

where 𝑣 is a voxel at coordinates (𝑒, 𝑛, ℎ), 𝛾0
3𝐷 the backscatter obtained by means of maximum 

likelihood, and 𝑂 is a 3-D matrix, referred to here as the binary occupancy matrix, whose ele-

ments take the value 0 or 1 indicating absence or presence of a scatterer respectively. 𝑂(𝑣) 
equals 1 if and only if the backscatter of the voxel 𝑣 ∈ 𝒏(𝑒, 𝑛) is one of the 𝑝(𝑒, 𝑛) strongest. 

Notice that ∑ 𝑂(𝒏(𝑒, 𝑛))𝑖 = 𝑝(𝑒, 𝑛).  

Fig. 5.2 shows an example of a 2-D 𝑝 matrix indicating the number of scatterers of a ground 

cell, and its possible occupancy matrix. Fig. 5.2 (c-d) illustrates the backscatter and the height of 

a real 3-D SAR image. 

 

 

 
 

(a) Number of scatterers (b) Occupancy matrix 

 

(c) Backscatter image 

 

(d) Height image 

Fig. 5.2 Tomographic SARimage processing. (a) Number of scatterers 𝑝. (b) 3-D occupancy matrix 𝑂. 

(c) Backscatter of a real 3-D SAR image. (d) Height of the SAR image in (c). 
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5.2.3 2-D and 3-D Combined SAR Change Detection 

Typically, change detection is performed by applying a dissimilarity function to a reference 

and a test SAR image [23], followed by denoising [24, 25]. A change map is obtained after 

thresholding [3]. This map permits identifying changes and here contains three classes: no-

change 𝑐0, backscatter increase 𝑐+, and backscatter decrease 𝑐−. Here, we adapt this general 

framework for 3-D change detection applications. The proposed method consists of three stages 

described in the following (see Fig. 5.1). 

5.2.3.1 First Stage: 2-D Change Detection for short targets 

For short targets, a standard 2-D change detector is more reliable than a 3-D method as: 1) 

short objects introduce minimal layover and foreshortening, 2) TomoSAR single-look pro-

cessing might be challenging with a small number of baselines [134, 136], 3) the 3-D image 

focusing chain is affected by additional sources of error, such as phase noise and decorrelation 

[139], and 4) the backscatter estimates of short targets degrades less in comparison to those of 

their 3-D image [136]. Note that for repeat-pass TomoSAR configurations, the number of tracks 

𝐾 is limited due to temporal and baseline decorrelation [140]. For single-pass configurations, 

limitations are caused by the design of the SAR system receiving chain [139]. 

In this work, we make use of the CD_MSQ method [120]. It exploits spatial information ac-

quired by multisquint processing to reduce errors caused by image artifacts, such as sidelobes 

and ambiguities, and consists of three stages. First, an initial change map (ICM) is derived after 

denoising and thresholding the difference image (DI), obtained by subtracting the log-

transformed data of the input single-look image pair. The DI is sensitive to noise, and performs 

poorly at detecting changes in distributed targets, such as trees or meadows; however, it per-

forms well at detecting sharp changes common in urban environments [3], and enables detection 

of changes in the resolution space of the input SAR images. Moreover, in the log transform do-

main, the nature of the noise can be assumed to be Gaussian and additive. This property pro-

vides mathematical consistency with common denoising and thresholding schemes [3, 141, 

142]. In contrast to [120], denoising is performed here by multi-looking using ensemble averag-

ing with a sliding window. Thresholding is performed automatically via expectation maximiza-

tion (EM) assuming a Gaussian distribution. In the second stage, we derive a new pair of images 

whose artifacts do not appear in the same image pixels as those of their respective single-looks 

using a multisquint framework (MSF). The MSF is configured so that the azimuth resolution 

and SNR of the resulting pair are sufficient to still detect changes of interest. An additional 

change map is computed from the new pair of images by repeating the operations of the first 

stage. Finally, a change map 𝐶𝑀2𝐷 is calculated after fusing the map from the second stage and 

the ICM. 

5.2.3.2 Second Stage: 3-D Change Detection for tall targets 

For tall objects, the tomographic processing disambiguates layover and provides significant 

information on their 3-D structure [134, 143]. The backscatter of tall targets is not degraded in 

comparison to that of the 2-D images, as targets are focused at their real 3-D position [136]. To 

detect changes, we utilized the 3-D difference image defined as follows: 

𝐷𝐼3𝐷(𝑣) =

{
 
 

 
 −𝐼3𝐷

𝑟𝑒𝑓
(𝑣), 𝑂𝑟𝑒𝑓(𝑣) = 1, 𝑂𝑡𝑒𝑠𝑡(𝑣) = 0 

𝐼3𝐷
𝑡𝑒𝑠𝑡(𝑣), 𝑂𝑟𝑒𝑓(𝑣) = 0, 𝑂𝑡𝑒𝑠𝑡(𝑣) = 1

𝐼3𝐷
𝑡𝑒𝑠𝑡(𝑣) − 𝐼3𝐷

𝑟𝑒𝑓
(𝑣), 𝑂𝑟𝑒𝑓(𝑣) = 1, 𝑂𝑡𝑒𝑠𝑡(𝑣) = 1

𝑛𝑢𝑙𝑙, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.5) 

where 𝐼3𝐷
𝑟𝑒𝑓

 and 𝐼3𝐷
𝑡𝑒𝑠𝑡 are 𝛾0 of the reference and test 3-D SAR images taking their form from 

(5.3). From (5.4) one observes that 𝐷𝐼3𝐷 is sensitive to the occupancy of the voxels, which de-

pends on phase and amplitude noise, among other factors [144]. The phase noise can alter the 3-
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D position of the target and the amplitude noise its backscatter. The first two conditions in (5.4) 

indicate that the detection of changes caused by appearing or disappearing targets depends only 

on the backscatter of the target itself; i.e. change detection reduces to target detection. This can 

lead to misdetections of tall targets with dark backscatter. Information on height difference was 

considered to reinforce the performance of the 𝐷𝐼3𝐷. In a similar fashion as with a LiDAR point 

cloud, we used the Hausdorff distance [145], employing a cylindrical neighborhood instead of a 

spherical one to emphasize changes along the vertical axis. Let us define the 3-D matrices 𝐻3𝐷
𝑟𝑒𝑓

 

and 𝐻3𝐷
𝑡𝑒𝑠𝑡 as the reference and test height images of the form 

𝐻3𝐷(𝑣) = {
𝑛𝑢𝑙𝑙, 𝑂(𝑣) = 0

ℎ = ℎ0 + 𝑖∆ℎ, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (5.6) 

The Hausdorff distance d𝑟𝑒𝑓 of the reference 3-D image was computed with the following 

procedure: 

1. ∀ 𝑣 = (𝑒, 𝑛, ℎ) ∈ 𝐻3𝐷
𝑟𝑒𝑓

: 

2. 𝑆 = {𝑣∗ = (𝑒∗, 𝑛∗, ℎ∗) ∈ 𝐻3𝐷
𝑡𝑒𝑠𝑡: √(𝑒 − 𝑒∗)2 + (𝑛 − 𝑛∗)2 ≤ 𝜌𝑚𝑎𝑥} 

3. (𝑆 ≠ ∅ → d𝑟𝑒𝑓(𝑣) = max𝑣∗∈𝑆(ℎ − ℎ
∗)) ∧ (𝑆 = ∅ → d𝑟𝑒𝑓(𝑣) = 0) 

where, 𝑣 and 𝑣∗ are voxels at coordinates (𝑒, 𝑛, ℎ) and (𝑒∗, 𝑛∗, ℎ∗) of the reference and test 3-D 

images defined in (5.5) respectively, and 𝜌𝑚𝑎𝑥 the maximum radius of the cylinder defining the 

neighborhood. Since the Hausdorff distance is not symmetric, d𝑡𝑒𝑠𝑡(𝑣) was computed by ex-

changing the role of the reference and test height images in the previous procedure. The height 

difference can then be calculated with 

Δ𝐻3𝐷(𝑣) =

{
 
 

 
 −d𝑟𝑒𝑓(𝑣), 𝑂𝑟𝑒𝑓(𝑣) = 1,𝑂𝑡𝑒𝑠𝑡(𝑣) = 0 

d𝑡𝑒𝑠𝑡(𝑣), 𝑂𝑟𝑒𝑓(𝑣) = 0,𝑂𝑡𝑒𝑠𝑡(𝑣) = 1

(d𝑡𝑒𝑠𝑡(𝑣) − d𝑟𝑒𝑓(𝑣)) 2⁄ , 𝑂𝑟𝑒𝑓(𝑣) = 1,𝑂𝑡𝑒𝑠𝑡(𝑣) = 1

𝑛𝑢𝑙𝑙, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.7) 

Note that the occupancy of Δ𝐻3𝐷, is identical to that of 𝐷𝐼3𝐷 defined in (5.4), unless 𝑆 ≠ ∅ 

in step 2 of the Hausdorff distance procedure for a voxel 𝑣.  

We simplify the image in (5.4) by discarding the bottom layers; i.e. 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙(𝑒, 𝑛, ℎ𝑖) =

𝐷𝐼3𝐷(𝑒, 𝑛, ℎ𝑖), 𝑖 = 𝑖𝑠ℎ𝑜𝑟𝑡 + 1,… , 𝑖𝑎𝑚𝑏, being ℎ0 + (𝑖𝑠ℎ𝑜𝑟𝑡 + 1) ⋅ ∆ℎ = ℎ𝑠ℎ𝑜𝑟𝑡 + Δℎ the mini-

mum height for tall targets. ∆𝐻3𝐷
𝑡𝑎𝑙𝑙 is calculated in similar fashion with the image in (5.6). This 

step eases selection of the size of a neighborhood, referred to as the scale parameter [146], re-

quired for further processing. 

Information in 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙 and ∆𝐻3𝐷

𝑡𝑎𝑙𝑙 is combined with a CRF. Here, we adopt the Markov ran-

dom field model in [3], and modify it to account for a 3-D spherical neighborhood based on the 

Euclidean distance and the additional potential associated to ∆𝐻3𝐷
𝑡𝑎𝑙𝑙. The probability of assign-

ing a voxel of 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙 to a class 𝑐𝑙 = {𝑐0, 𝑐+, 𝑐−} given the classes in a neighborhood 𝒩 can be 

calculated by minimizing the energy function of the CRF model: 

𝑈(𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙, ∆𝐻3𝐷

𝑡𝑎𝑙𝑙, 𝑐𝑙)

=∑[𝑈𝑑𝑎𝑡𝑎 (𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙(𝑣𝑖)|𝑐𝑙(𝑣𝑖)) + 𝑈𝒩(𝑐𝑙(𝑣𝑖)|{𝑐𝑙(𝑣𝑗), 𝑣𝑗 ∈ 𝒩(𝑣𝑖)})

𝜉𝑡

𝑖=1

+ 𝑈𝒩∆𝐻(𝑐𝑙(𝑣𝑖)|{𝑐𝑙∆𝐻(𝑣𝑗), 𝑣𝑗 ∈ 𝒩(𝑣𝑖)})] 

(5.8) 
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where 𝑣𝑖 denotes the i-th non-null voxel of 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙, 𝒩(𝑣𝑖) is a set of 𝜉𝑖 = 𝑐𝑎𝑟𝑑(𝒩(𝑣𝑖)) voxels 

in the neighborhood of 𝑣𝑖, 𝑈𝑑𝑎𝑡𝑎 the clique potential accounting for the statistics of the 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙 

assuming conditional independence [3], 𝑈𝒩 the clique describing the inter-voxel class depend-

ence, 𝑈𝒩∆𝐻 the clique accounting for the inter-voxel class dependence conditioned to ∆𝐻3𝐷
𝑡𝑎𝑙𝑙, 

and 𝜉𝑡 the number of non-null voxels in 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙. To reduce the impact of arbitrary parameteriza-

tions and to avoid introducing a priori knowledge of the scenes, we assumed that the density 

distribution of the 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙 follows a Gaussian distribution. In that case 𝑈𝑑𝑎𝑡𝑎 can be derived 

from: 

𝑈𝑑𝑎𝑡𝑎 (𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙(𝑣)|𝑐𝑙(𝑣)) =

1

2
𝑙𝑛|2𝜋𝜎𝑐𝑙(𝑣)

2 | +
1

2𝜎𝑐𝑙(𝑣)
2 (𝐷𝐼3𝐷

𝑡𝑎𝑙𝑙(𝑣) − 𝜇𝑐𝑙(𝑣))
2

 (5.9) 

with 𝜎𝑐𝑙(𝑣) ∈ {𝜎𝑐0 , 𝜎𝑐+ , 𝜎𝑐−} and 𝜇𝑐𝑙(𝑣) ∈ {𝜇𝑐0 , 𝜇𝑐+ , 𝜇𝑐−} being the estimates of the standard devi-

ation and mean of the no-change 𝑐0, positive change 𝑐+ and negative change 𝑐− classes. Initial 

estimates of 𝜎𝑐𝑙 and 𝜇𝑐𝑙 in (5.9) can be computed from the denoised DI and the change map 

𝐶𝑀2𝐷 derived in the first stage of the proposed method using: 

𝜇𝑐𝑙 =
∑ [𝐷𝐼(𝑚𝑖) ⋅ 𝛿(𝐶𝑀2𝐷(𝑐𝑙(𝑚𝑖)), 𝑐𝑙)]
𝑀
𝑖=1

∑ [𝛿(𝐶𝑀2𝐷(𝑐𝑙(𝑚𝑖)), 𝑐𝑙)] 
𝑀
𝑖=1

 (5.10) 

and 

𝜎𝑐𝑙 =
√
∑ (𝐷𝐼(𝑚𝑖) ⋅ 𝛿(𝐶𝑀2𝐷(𝑐𝑙(𝑚𝑖)), 𝑐𝑙) − 𝜇𝑐𝑙 ⋅ 𝛿(𝐶𝑀2𝐷(𝑐𝑙(𝑚𝑖)), 𝑐𝑙))

2
𝑀
𝑖=1

∑ [𝛿(𝐶𝑀2𝐷(𝑐𝑙(𝑚𝑖)), 𝑐𝑙)] − 1
𝑀
𝑖=1

 (5.11) 

where 𝑀 is the total number of pixels, 𝑚𝑖 the i-th pixel of the denoised DI, and 𝑐𝑙 ∈ {𝑐0, 𝑐+, 𝑐−}. 
These parameters depend on the scene and characteristics of the SAR images provided by the 

sensor involved. Initial estimates of 𝜎𝑐𝑙 and 𝜇𝑐𝑙 can also be obtained by applying EM to the 

𝐷𝐼3𝐷. 

The potential of the inter-voxel class dependence is given by: 

𝑈𝒩(𝑐𝑙(𝑣𝑖)|{𝑐𝑙(𝑣𝑗), 𝑣𝑗 ∈ 𝒩(𝑣𝑖)}) = −∑𝛽1 ⋅ 𝛿(𝑐𝑙(𝑣𝑖), 𝑐𝑙(𝑣𝑗))

𝜉𝑖

𝑗=1

 (5.12) 

with being 𝛽1 the shape parameter controlling the influence of the classes of the neighbors, and 

𝛿(𝑐𝑙(𝑣), 𝑐𝑙(𝑣∗)) = {
1, 𝑐𝑙(𝑣) = 𝑐𝑙(𝑣∗)
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.13) 

Finally, we define the potential conditioned to changes given by ∆𝐻3𝐷
𝑡𝑎𝑙𝑙 as: 

𝑈𝒩∆𝐻(𝑐𝑙(𝑣𝑖)|{𝑐𝑙∆𝐻(𝑣𝑗), 𝑣𝑗 ∈ 𝒩(𝑣𝑖)}) = −∑𝛽2 ⋅ 𝛿(𝑐𝑙(𝑣𝑖), 𝑐𝑙∆𝐻(𝑣𝑗))

𝜉𝑖

𝑗=1

 (5.14) 

where 𝛽2 is the shape parameter tuning the influence of ∆𝐻3𝐷
𝑡𝑎𝑙𝑙, and 𝑐𝑙∆𝐻(𝑣

∗) the class assigned 

to the voxel 𝑣𝑖
∗ according to ∆𝐻3𝐷

𝑡𝑎𝑙𝑙. The term 𝛿(𝑐𝑙(𝑣𝑖), 𝑐𝑙∆𝐻(𝑣𝑗)) is obtained with (5.10), and 

𝑐𝑙∆𝐻(𝑣) with: 

𝑐𝑙∆𝐻(𝑣𝑗) = {

𝑐+, |𝜎∆𝐻3𝐷| ≤ ∆𝐻3𝐷
𝑡𝑎𝑙𝑙(𝑣𝑗)

𝑐−, ∆𝐻3𝐷
𝑡𝑎𝑙𝑙(𝑣𝑗) ≤ −|𝜎∆𝐻3𝐷|

𝑐0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.15) 
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where 𝜎∆𝐻3𝐷  is the standard deviation of all non-null elements of ΔH3𝐷 in (5.6). Notice that if 

𝛽2 = 0 then the CRF model in (5.7) reduces to a Markov random field [147]. Finally, (5.7) is 

solved by means of the iterated conditional modes algorithm in [148], yielding a 3-D change 

map 𝐶𝑀3𝐷
𝑡𝑎𝑙𝑙. 

5.2.3.3 Third Stage: Fusion and post-processing 

 

Fig. 5.3 Ground-height proxy: 2-D to 3-D image conversion. 

The change map 𝐶𝑀2𝐷 calculated in the first stage is transformed into a 3-D map with the 

ground-height proxy given by 𝒏(𝑒, 𝑛) in (5.2): 

𝐶𝑀3𝐷
𝑠ℎ𝑜𝑟𝑡(𝑒 + ∆𝑒𝑖, 𝑛 + ∆𝑛𝑖, ℎ0 + 𝑖∆ℎ)  = 𝐶𝑀2𝐷(𝑒, 𝑛, ℎ0), 𝑖 = 0,… , 𝑖𝑠ℎ𝑜𝑟𝑡 (5.16) 

A scheme of the 2-D to 3-D image conversion system used in this work is depicted in 

Fig. 5.3. We remove false alarms with 

𝐶𝑀3𝐷
𝑠ℎ𝑜𝑟𝑡(𝑣) = {

𝑐0, (𝑂𝑟𝑒𝑓(𝑣) = 0) ∧ (𝑂𝑡𝑒𝑠𝑡(𝑣) = 0)

𝐶𝑀3𝐷
𝑠ℎ𝑜𝑟𝑡(𝑣), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5.17) 

By applying (5.14) we ensure that voxels that are null in the 3-D image pair are classified as 

no-change. A change map 𝐶𝑀3𝐷 is computed after merging 𝐶𝑀3𝐷
𝑠ℎ𝑜𝑟𝑡 and 𝐶𝑀3𝐷

𝑡𝑎𝑙𝑙 as follows: 

𝐶𝑀3𝐷(𝑒, 𝑛, ℎ𝑖) = {
𝐶𝑀3𝐷

𝑠ℎ𝑜𝑟𝑡(𝑒, 𝑛, ℎ0 + 𝑖∆ℎ ), 𝑖 ≤ 0,… , 𝑖𝑠ℎ𝑜𝑟𝑡  

𝐶𝑀3𝐷
𝑡𝑎𝑙𝑙(𝑒, 𝑛, ℎ0 + 𝑖∆ℎ ), 𝑖 > 𝑖𝑠ℎ𝑜𝑟𝑡

 (5.18) 

 

Finally, for each normal line 𝒏 of the change map 𝐶𝑀3𝐷 in (5.15) we remove false alarms 

assumed to be caused by a failure in the inversion of the TomoSAR processing method when a 

ground scatterer is resolved in only one of the images, using: 

(((𝑂𝑟𝑒𝑓(𝑣0) + 𝑂𝑡𝑒𝑠𝑡(𝑣0)) = 1) ∧ (∑ 𝑂𝑟𝑒𝑓(𝒏)
𝑖𝑎𝑚𝑏
𝑖=0 ≥ 1) ∧ (∑ 𝑂𝑡𝑒𝑠𝑡(𝒏) ≥ 1

𝑖𝑎𝑚𝑏
𝑖=0 ), 𝑣𝑖 ∈ 𝒏)  →

(𝐶𝑀3𝐷({𝑣𝑖 ∈ 𝒏, 𝑖 = 0,… , 𝑖𝑚𝑖𝑛}) = 𝑐0)  
(5.19) 

with  

𝑖𝑚𝑖𝑛 = {
min𝑖,𝑖=1,…,𝑖𝑎𝑚𝑏(𝑂𝑟𝑒𝑓(𝑣𝑖) = 1) − 1, 𝑂𝑟𝑒𝑓(𝑣0) = 0

min𝑖,𝑖=1,…,𝑖𝑎𝑚𝑏(𝑂𝑡𝑒𝑠𝑡(𝑣𝑖) = 1) − 1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (5.20) 

being 𝑣0 and 𝑣𝑖 the voxels at coordinates (𝑒, 𝑛, ℎ0) and (𝑒, 𝑛, ℎ𝑖) of the line 𝒏. Fig. 5.4 shows a 

voxel on the ground of a slice of the test SAR image causing a potential false alarm. 
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Fig. 5.4 Removal of false alarms caused by potential differences in the information contained in the 

reference and test 3-D SAR images. 

5.3 Experimental Results 

5.3.1 Sensor, Data and Test Site 

TABLE 5.1 

DESCRIPTION OF THE USED MEMPHIS DATA SET 
Carrier frequency 35 GHz (Ka-band) 

Bandwidth 900 MHz (frequency agile) 

PRF 1500 Hz 

Average airplane velocity 77 m/s 

Airplane altitude a.g.l. 300-1000 m 

Antenna tilt angle 20°-35° 

Slant range resolution, 𝛿𝑟  0.167 m 

Azimuth resolution, 𝛿𝑎 0.082 m 

Baselines 0.0055 m , 0.165 m, 0.275 m 

Mid-Range 1547 m 

Depression angle 30° 
 

The images were acquired with Fraunhofer FHR’s MEMPHIS sensor [95] over Hinwil 

(Switzerland) and Memmingen (Germany). The sensor was equipped with four receiving anten-

nas, enabling single-pass multibaseline cross-track interferometry. Table 5.1 lists the main sys-

tem parameters. The Rayleigh normal resolution 𝛿𝑛 was computed using the largest slant range 

of the corresponding image patch, assuming that the normal aperture length is given by the larg-

est baseline listed in Table 5.1. The data was focused with a Graphic Processor Unit-based 

TDBP processor [115]. Analysis of the signatures of corner reflectors deployed in the area of 

interest showed geolocation errors of a few centimeters [149]. Radiometric calibration was per-

formed with the procedure reported in [28]. Table 5.2 summarizes some characteristics of the 

image pairs utilized in this work. The incident angle is given as the average incident angle of the 

image patch shown. The value of the ambiguity height ℎ𝑎𝑚𝑏 was computed with the largest 

slant range of the image patch and its corresponding incident angle. Images in Pairs 1 and 2 be-

long to different areas of the same data set. They were recorded in a medium density urban area 

with construction cranes present and short term changes related to human activity. Pair 3 was 

recorded near a civilian airport with long-term construction works present. 

 
TABLE 5.2 

DESCRIPTION OF OF THE IMAGE PAIRS 

Image 
Heading 
Angle 

Mean Inci-
dent Angle 

Slant 

Range 

Extent 

Maximum Am-

biguity Height 

Minimum Rayleigh 

Normal Resolution Date Time 

Pair1 
HIN1a 92° 67° 260 m 278.17 m 30.05 m 17/06/2009 12:42:02 

HIN2a 92° 66° 280 m 272.23 m 29.63 m 17/06/2009 12:57:17 

Pair2 
HIN1b 92° 67° 280 m 274.25 m 29.72 m 17/06/2009 12:42:02 

HIN2b 92° 66° 280 m 267.42 m 29.07 m 17/06/2009 12:57:17 

Pair3 
MEM1 244° 59° 230 m 219.09 m 24.85 m 11/05/2011 13:21:54 

MEM2 231° 56° 250 m  224.81 m 23.71 m 07/11/2012 13:08:07 
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5.3.2 Description of the experiments 

The 3-D images were focused after tomographic processing of the signals recorded with the 

four receiving antennas in single-pass mode; i.e. 𝐾 = 4. With this configuration, we assumed 

absence of temporal and baseline decorrelation. For 3-D image focusing, we set 𝑊(𝜃) = 1 in 

(5.1). In this work, the tomographic reconstruction involved multi-look processing, performed 

by ensemble averaging the covariance matrices within a sliding window of size 𝑁𝑙𝑜𝑜𝑘𝑠 = 5 × 5 

pixels, yielding a pixel spacing of 0.5 m in northing and easting. Adaptive covariance matrices 

estimation methods reported in [150] and [151] were not used because of computational consid-

erations; however, we applied BM4D to reduce errors caused by phase noise. We did not ap-

plied diagonal loading of the covariance matrices in any step of the tomographic processing 

chain. The height sampling spacing ∆ℎ < 𝛿𝑛 was set to 0.5 m, trading off the precision of the 

geolocation of the scatterers and the computation time of the 3-D image focusing chain. Notice 

that by using spectral estimation methods, one can achieve better normal resolution 𝛿𝑛 than that 

listed in Table 5.2. Here, 𝛿𝑛 ≈ 3 m was chosen based on simulations of maximum likelihood 

processing of MEMPHIS data [152]. 

If the height of the tallest target of the imaged volume ℎ𝑡𝑎𝑙𝑙𝑒𝑠𝑡 fulfills ℎ𝑡𝑎𝑙𝑙𝑒𝑠𝑡 < ℎ𝑎𝑚𝑏, then 

the computation time required for (5.1) is reduced using ℎ𝑎𝑚𝑏 = ℎ𝑡𝑎𝑙𝑙𝑒𝑠𝑡 + Δℎ. The value of 

ℎ𝑡𝑎𝑙𝑙𝑒𝑠𝑡 can be obtained based on a priori knowledge of the scene or from a digital surface 

model (DSM). Here, ℎ𝑎𝑚𝑏 = 50 m, based on the value of ℎ𝑡𝑎𝑙𝑙𝑒𝑠𝑡 computed from a DSM of the 

area of interest. Note that the theoretical value of ℎ𝑎𝑚𝑏 of the tomographic configuration should 

be large enough so that changes caused by targets with a comparable height can be detected. 

The number of layers in height of each 3-D image was then given by 𝑖𝑎𝑚𝑏 = ℎ𝑎𝑚𝑏 ∆ℎ⁄ + 1. 

For CD-MSQ, the input 2-D images, 𝛾0
1,0

 from (5.1), were obtained using the data from the 

master channel (𝑘 = 1). In contrast to [120], the input images represent the gamma nought 𝛾0 

backscatter instead of the radar brightness or beta nought 𝛽0 backscatter because 𝛾0 is less sen-

sitive to the acquisition geometry [153]. Note that 𝛾0 = 𝛽0 ⋅ 𝑡𝑎𝑛𝜃𝑒, where the radar brightness 

𝛽0 is defined as the ratio between the scattered and incident power at ground level per resolution 

cell, and 𝜃𝑒 is the incident angle. The MSF in CD-MSQ was configured to yield images with an 

azimuth resolution of 2𝛿𝑎, with 𝛿𝑎 being the azimuth resolution of the single-look. The spatial 

filter 𝑊(𝜃) in (5.1) has an angular selectivity bandwidth Δ𝜃 = 0.25𝜃𝑎, with 𝜃𝑎 being the azi-

muth beamwidth of the antenna pattern in reception. The focused image squints did not overlap 

in the azimuth angle domain, and thus summing the resulting four bandpass squints yield the 

single-look. The value of 2𝛿𝑎 was chosen such that the changes caused by the smallest targets 

of interest, here considered to be vehicles, could still be detected with the corresponding 2-D 

images. For image denoising purposes, CD-MSQ employs here a 2-D moving average filter of 

size 𝑁𝑙𝑜𝑜𝑘𝑠 = 5 × 5 pixels, similar to multi-look processing. As a result, the 2-D SAR images 

and corresponding change maps have a pixel spacing of 0.5 m in northing and easting. In the 

third stage of CD-MSQ, we performed fusion at the pixel level to obtain the final change map 

[120]. 

The 3-D images represent the backscatter 𝛾0
1 obtained by back-projection of the data from 

the master channel (𝑘 = 1) using (5.1). CD-MSQ utilizes as input the images 𝛾0
1,0

. This permits 

direct comparison between 2-D and 3-D change detectors, because the backscatter of the respec-

tive images are obtained using the same pulse compression methods; i.e. without the influence 

of the pulse compression method applied in the normal direction. 

The value of ℎ𝑠ℎ𝑜𝑟𝑡 was set to 3 m, assuming that the 3-D images of vehicles, considered to 

be the shortest targets causing changes of interest, did not offer improvements in change detec-

tion in comparison to the corresponding 2-D images. Selection of this value was based on the 

following: 1) for spaceborne and airborne SAR, vehicles can be assumed to introduce negligible 

layover, and 2) if 3-D single-look processing cannot be performed, then those targets can be 
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better resolved in the 2-D domain. Values of ℎ𝑠ℎ𝑜𝑟𝑡 > 0 m ease the selection of the scale pa-

rameter of the CRF model, since 𝐷𝐼3𝐷
𝑡𝑎𝑙𝑙 and ∆𝐻3𝐷

𝑡𝑎𝑙𝑙 do not contain scatterers at the ground level. 

By extension 𝑖𝑠ℎ𝑜𝑟𝑡 = ℎ𝑠ℎ𝑜𝑟𝑡 ∆ℎ⁄ . 

For the cylindrical neighborhood of the Hausdorff distance we select 𝜌𝑚𝑎𝑥 = 10 m to ac-

count for the average size of tall targets in medium density urban areas. 

We consider evaluation of the following two scenarios: a) the approach does not exploit 

height information; i.e. 𝛽1 = 1 and 𝛽2 = 0 or b) the method exploits both backscatter and 

height information; i.e. 𝛽1 = 𝛽2 = 1. In this work 𝛽1 in (5.12) and 𝛽2 in (5.14) are assumed to 

be class-independent. 

The following two neighborhood parameterizations were considered for solving (5.8): a) 

fixed, the voxels have the same amount of neighbors; i.e. 𝜉𝑖 = 𝜉, 𝑖 = 1,… , 𝜉𝑡, and b) varying, 

the scale parameter is computed individually for each voxel with the value minimizing the 

eigenentropy [146]. 

The performance of the combined change detector was compared to that of: 1) the 2-D 

change detector CD-MSQ reported in [120], 2) the approach resulting after thresholding the en-

tire 𝐷𝐼3𝐷 in (5.5) with EM assuming a Gaussian distribution, referred to here as CD-DI3D, and 

3) the method resulting from (5.15), referred to here as CD-HD typically used with LIDAR 

point clouds. We also evaluate the methods with the images derived after InSAR processing, 

resulting when retaining the strongest scatterer per normal line. 

A synthetic reference 3-D image was manually labelled for numerical evaluation. This refer-

ence was projected on to the ground, inverting (5.3), to obtain the corresponding 2-D synthetic 

reference. Quality assessment was based on the kappa coefficient 𝜅 [116]. For the combined 

approach, we list the mean 𝜇𝜅 of the 𝜅 coefficients calculated by varying the scale parameter 𝜉𝑖 
with values ranging from 10 to 500 voxels. The standard deviation 𝜎𝜅 was calculated to analyze 

the sensitivity of the methods to the scale parameter. We also studied the ability of the ap-

proaches to detect changes caused by short and tall targets. For this purpose, we computed a 

curve, referred to here as a kappa profile, representing the kappa coefficient evaluated at each 

height above ground ℎ0 + 𝑖∆ℎ, 𝑖 = 0,… 𝑖𝑎𝑚𝑏 of the 3-D change maps. For CD-MSQ, a pseudo 

kappa profile was computed after transforming the 2-D change map into a 3-D map using (5.16) 

and (5.17) with 𝑖 = 0,… , 𝑖𝑎𝑚𝑏. Note that this transformation might bring potential errors from 

the 3-D processing chain into the transformed map. 

5.3.3 Results 

The data sets listed in Table 5.2 were used to evaluate the performance of the combined 

method. In the following, we present the results from the three image pairs, showing the per-

formance of the methods for detection of changes caused by diverse man-made targets, with 

different temporal resolution. Fig. 5.5(a) shows the 3-D synthetic labelled reference overlaid on 

the 2-D reference SAR image HIN1a. This image shows the changes with voxels colored in red 

and green indicating targets that left or entered the area of interest respectively. In Fig. 5.5, 

patches 1 to 5 indicate changes caused by cars. A change caused by the rotational movement of 

the jib of a crane (slewing) is marked in patch 6. 

Table 5.3 lists the 𝜅 coefficient and 𝜇𝜅 of the maps calculated with the different methods. 

The combined approach improved the 𝜅 coefficient by a factor two in comparison to CD-MSQ 

or CD-DI3D. Comparison of the performance of the combined variants reveals that when both 

backscatter and height difference information are utilized; i.e. 𝛽2 was set to 1; the 𝜅 coefficient 

improved by a factor 1.2. Best results were achieved when the scale parameter was calculated 

individually for each voxel. 
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(a) 3-D Synthetic labelled reference 

 
(b) CD-MSQ 

 
(c) CD-DI3D 

 
(d) Combined change detection 

Fig. 5.5 Overlaid change maps computed with the pair HIN1a and HIN2a. (a) 3-D Synthetically la-

belled reference overlaid on the reference 2-D SAR image. (b) 2-D change map overlaid on the 

reference SAR image. (c) Top view of the map derived with CD-DI3D overlaid on the 2-D ref-

erence image. (d) Top view of the overlaid change map derived with combined change detec-

tion with 𝛽2 equal to 1 and a maximum 𝜉𝑖 of 200 voxels. Pixels marked in red/green indicate 

that targets left or entered the area of interest. 

TABLE 5.3 

PERFORMANCE METRICS FOR THE PAIR HIN1A-HIN2A 

Input Method 𝜅 

2-D CD-MSQ 0.1852 

3-D 

CD-DI3D 0.2270 

CD-HD 0.1011 

Combined 

𝛽2 𝜉𝑖 𝜇𝜅 

0 Fixed 0.4399 

0 Varying 0.4748 

1 Fixed 0.5708 

1 Varying 0.5862 

Fig. 5.5 (b) illustrates the change map, calculated with CD-MSQ, overlaid on the 2-D ampli-

tude SAR image HIN1a. Pixels in green/red indicate that targets entered or left the area of inter-

est. Visual inspection shows that the method detects the changes caused by cars, marked in rec-

tangle 1 to 5. However, the change caused by the slewing of the crane, marked in patch 6, is 

partially detected. Fig. 5.5 (c) shows the top view of the 3-D map computed with CD-DI3D, 

overlaid on the 2-D amplitude image HIN1a. The change caused by the crane is more percepti-

ble, but there are more errors associated to image artifacts in patch 3.  
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The overlaid 3-D map calculated with combined change detection when setting 𝛽2 to 1 and a 

varying neighbourhood scheme with a maximum 𝜉𝑖 of 200 voxels is depicted in Fig. 5.5 (d). 

The maximum value of 𝜉𝑖 corresponds to the configuration yielding the best 𝜅 coefficient. 

Changes caused by cars were detected with accuracy similar to the previous two approaches. 

Visual inspection of the patch 3 in Fig. 5.5 (b) and (d) revealed that the 3-D map had fewer false 

alarms caused by range sidelobes. Comparison of the methods using 3-D SAR images indicated 

that changes caused by short targets were detected better with the combined variants. Based on 

Fig. 5.5, the detection of the movement of the crane is more perceptible in the change map de-

rived with the combined variant. Fig. 5.6 depicts the kappa profile obtained with the different 

change detection methods. For changes caused by short targets, best performance was obtained 

with CD-MSQ, while CD-HD performed worst. One can observe that the combined method 

resulting when 𝛽2 was set to 1 provided the best performance for changes caused by tall targets. 

CD-HD performance came in second place. Note that the change maps illustrated in Fig. 5.5 

had false alarms related to the shadow cast by a forest area in the southernmost part of the im-

ages. 

  

Fig. 5.6 Kappa profile of the image pair HIN1a and HIN2a. a) heights below 10 meters from the 

ground. b) heights above 24 meters from the ground. For the combined methods, the maximum 

scale parameter 𝜉𝑖 was 200 voxels. 

Fig. 5.7 (b) illustrates the overlaid change map, calculated with CD-MSQ. Similar to the 

previous example, visual inspection showed that the method detected the changes caused by 

cars, indicated by rectangles 1 to 3, but partially missed the change caused by the crane in patch 

4. Fig. 5.7 (c) shows a part of the commercial area of Hinwil. Patches 1 to 3 mark changes 

caused by cars and rectangle 4 changes caused by a crane. The corresponding kappa coefficients 

are listed in Table 5.4. The combined approaches improve the 𝜅 coefficient by a factor two in 

comparison to CD-MSQ or CD-DI3D. The method CD-HD performed worst. However, the 𝜅 

delivered by the combined methods did not improve significantly when 𝛽2 was set to 1. 

 
TABLE 5.4 

PERFORMANCE METRICS FOR THE PAIR HIN1B-HIN2B 

Input Method 𝜅 

2-D CD-MSQ 0.1588 

3-D 

CD-DI3D 0.1377 

CD-HD 0.0396 

Combined 

𝛽2 𝜉𝑖 𝜇𝜅 

0 Fixed 0.3356 

0 Varying 0.3413 

1 Fixed 0.3482 

1 Varying 0.3037 

 



 

 

85 

  
(a) 3-D Synthetic labelled reference (b) CD-MSQ 

  
(c) CD-DI3D (d) Combined change detection 

 

 
 

(e) Comparison of the combined variants 

Fig. 5.7 Overlaid change maps obtained with the pair HIN1b and HIN2b. (a) 3-D synthetically labelled 

reference overlaid on the reference 2-D SAR image. (b) 2-D change map overlaid on the refer-

ence SAR image. (c) Top view of the change map derived with CD-DI3D overlaid on the 2-D 

reference SAR image. (d) Top view of the overlaid change map derived with combined change 

detection using 𝛽2 equal to 1 and a maximum 𝜉𝑖 of 240 voxels. (e) Detail of the overlaid 

change map indicated by a dashed rectangle in subfigure c). Voxels marked in red/green indi-

cate that targets left or entered the area of interest. Voxels marked in blue indicate changes that 

are detected with the two combined approaches; i.e. when 𝛽2 was set to zero and one. 

Fig. 5.7 (c) shows the overlaid 3-D change map calculated with CD-DI3D, and Fig. 5.7 (d) 

the map obtained with combined change detection 𝛽2 set to 1 and a varying neighborhood pa-
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rameterization scheme with a maximum 𝜉𝑖 of 240 voxels. Visual inspection of the two maps 

indicated that the changes caused by the cars in patch 1 and 2 were detected with similar accu-

racy. However, the false alarm, in red, caused by a moving car in patch 2 was only partially pre-

sent in the map calculated with the combined approach. One observes that the change map ob-

tained with CD-DI3D has more false alarms, mainly located at roof-edges and the walls of build-

ings, in comparison to that from the combined variant. The change caused by the slewing of the 

crane, marked in patch 4, was partially detected with CD-DI3D, as it can be observed in Fig. 5.7 

(b) and (c). Fig. 5.8 depicts the kappa profiles obtained with the different methods, pointing out 

that the combined variants outperformed the other approaches. CD-HD had the worst perfor-

mance in detecting changes caused by short targets. The combined approach, resulting when 𝛽2 

was set to 1 performed worse than when 𝛽2 was zero for changes caused by tall targets. To pro-

vide insight into this result, Fig. 5.7 (e) shows a detail of the change map of the area indicated 

by a dashed rectangle in Fig. 5.7 (d). There, we observe the presence of two cranes, with the 

western one causing a real change. Blue voxels mark areas where both combined variants de-

tected changes, whereas voxels in red or green mark areas where changes were only detected 

when 𝛽2 was equal to 1. The rotational movement of the crane was more perceptible when 𝛽2 

was set to 1; however; the corresponding change map had false alarms in the tower mast of the 

crane and the eastern crane. The kappa profiles of the combined methods in Fig. 5.8 (b), support 

with numbers the previous observations. 

  

Fig. 5.8 Kappa profile of the image pair HIN1b and HIN2b. a) heights below 10 meters from the 

ground. b) heights above 30 meters from the ground. For the combined methods, the maximum 

scale parameter 𝜉𝑖 was 240 voxels. 

Fig. 5.9 (a) shows the 3-D synthetic labelled reference of the pair MEM1 and MEM2. 

Changes were caused by cars, indicated by rectangles 1 to 4, and a new building, highlighted in 

green in the center of the image. Table 5.5 lists the 𝜅 coefficient of the maps calculated with the 

different methods. By exploiting backscatter and height difference information, 𝜅 improved by a 

factor 1.15 in comparison to that obtained with CD-HD. Similar to previous examples, best re-

sults were given when the neighborhood size was computed individually for each voxel. 

 
TABLE 5.5 

PERFORMANCE METRICS FOR THE PAIR MEM1-MEM2 

Input Method 𝜅 

2-D CD-MSQ 0.0604 

3-D 

CD-DI3D 0.2058 

CD-HD 0.3872 

Combined 

𝛽2 𝜉𝑖 𝜇𝜅 

0 Fixed 0.1556 

0 Varying 0.1784 

1 Fixed 0.4462 

1 Varying 0.4479 

Fig. 5.9 (b-d) illustrates the overlaid map computed with CD-MSQ, CD-DI3D and the com-

bined variant respectively. Comparison of the changes caused by cars, marked in patches 1 to 4, 



 

 

87 

indicated that the maps given from the different methods had abundant misdetections, inde-

pendently of whether these changes occurred on grass, as in patch 1, or asphalt, as in patches 2, 

3 and 4. Based on Fig. 5.10 (a), changes caused by short targets were better detected with the 

combined variants. The new building in the center of the image had an average height of 10 me-

ters.  

 

 
(a) 3-D Synthetic labelled reference 

 
(b) CD-MSQ 

 
(c) CD-DI3D 

 
(d) Combined change detection 

 
(e) Fusion of the reference 3-D SAR image and change map. Green-blue voxels show the 

height of the changes. 

 
 

Fig. 5.9 Overlaid change maps obtained with the pair MEM1 and MEM2. (a) 3-D Synthetically la-

belled reference overlaid on the reference 2-D SAR image. (b) 2-D change map overlaid on the 

reference SAR image. (c) Top view of the change map derived with CD-DI3D overlaid on the 

3-D reference SAR image. (d) Top view of the overlaid map derived with combined change 

detection using 𝛽2 equal to 1 and a maximum 𝜉𝑖 of 140 voxels. Pixels marked in red/green in-

dicate that targets left or entered the area of interest. (e) Fusion of the reference SAR image 

and the change map (green-blue voxels) obtained from combined change detection. 

Visual inspection of the maps in Fig. 5.9 revealed that the combined approach performed 

best. From the 𝜅 profile in Fig. 5.10 (b), the combined method resulting when 𝛽2 was zero 

yielded moderate results for changes caused by tall targets. The area in a dashed ellipse, shown 

in Fig. 5.9 (b-d) encloses the wall of a building. The associated changes were false alarms, as 
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the wall fell in the shadow area of the test SAR image after construction of the nearby building. 

The associated false alarms, shown in red, were more widespread in the map derived with CD-

MSQ in comparison to those calculated with the methods using 3-D images. Fig. 5.9 (e) shows 

the reference SAR image and the change map (green-blue voxels indicating the height) where 

one can better observe the change of the building and some false alarms caused by the canopy 

of the trees in patch 5. 

  

Fig. 5.10 Kappa profile of the image pair MEM1 and MEM2. a) heights below 5 meters from the 

ground. b) heights above 5 meters from the ground. For the combined methods, the maximum 

scale parameter 𝜉𝑖 was 140 voxels. 

Table 5.6 lists a global evaluation of the methods, computed by a weighted average of the 

indicators in Table 5.3 to Table 5.5. For comparison purposes, we include the results obtained 

with the corresponding 2½-D images derived after InSAR processing. The combined approach 

provided best results when 𝛽2 was set to one. However, the kappa coefficient worsened using a 

varying scale configuration in comparison to that using a fixed scale parameter. This can be ex-

plained due to the differences in false alarms caused by the western crane of the pair HIN1b-

HIN2b shown in Fig. 5.7 (e). Comparison of the kappa coefficients showed that the change de-

tection methods performed best when the 3-D SAR images were used rather than the equivalent 

2½-D images. The global value of 𝜎𝜅 was 0.0686 and 0.0230 with a fixed neighborhood size 

and 𝛽2 set to zero and one respectively. These values reduced by approximately a factor two 

when utilizing a varying scale parameter, indicating that the neighborhood parameterization 

scheme was less sensitive to 𝜉𝑖. For the InSAR scenario, the values of 𝜎𝜅 were similar to those 

obtained when using the 3-D SAR images. 

 
TABLE 5.6 

GLOBAL PERFORMANCE METRICS OF THE CHANGE DETECTORS 

Input Method 𝜅 

2-D CD-MSQ 0.1501 

2½-D 

CD-DI3D 0.1595 

CD-HD 0.1208 

Combined 

𝛽2 𝜉𝑖 𝜇𝜅 

0 Fixed 0.2825 

0 Varying 0.3217 

1 Fixed 0.4003 

1 Varying 0.3802 

3-D 

CD-DI3D 0.1786 

CD-HD 0.1425 

Combined 

𝛽2 𝜉𝑖 𝜇𝜅 

0 Fixed 0.3189 

0 Varying 0.3367 

1 Fixed 0.4323 

1 Varying 0.4154 
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5.4 Discussion and Conclusions 

5.4.1 Discussion  

A significant improvement of the κ coefficient was demonstrated when applying the com-

bined method in comparison to methods exploiting 2-D or 3-D information separately. On one 

hand, 2-D change detection can take advantage of single-look processing, utilizing images with 

better spatial resolution and SNR, or multisquint processing to reduce errors caused by artifacts. 

Single-look processing mode is more challenging in tomographic SAR due to: 1) a reduced set 

of baselines, and 2) limitations of the method used for pulse compression and super-resolution 

in the normal dimension. For comparison purposes, neither CD-MSQ nor the combined ap-

proach exploits here single-look processing, however, better performance can be expected if 

CD-MSQ, and by extension the combined approach, utilizes single-looks. On the other hand, 3-

D change detection takes advantage of the three-dimensional structure information, a more ac-

curate radar cross section, and is less sensitive to differences in illumination due to disambigu-

ated layover and foreshortening. 

The kappa coefficients listed in Table 5.3 to Table 5.5 showed that the combined approaches 

provided best results. The parameter 𝛽2 tunes the influence of the height difference in the 

change detection procedure. In general, better results were obtained when 𝛽2 > 0. However, 

this also implies that if CD-HD does not yield compelling results then slightly better perfor-

mance could be obtained when 𝛽2 = 0. The performance of the combined methods can be im-

proved in comparison to that reported here by varying the value of 𝛽1 or 𝛽2 or using class-

dependent shape parameters. However, automation of those configurations can be challenging 

without introducing a priori knowledge of changes or learning the optimal values from the data 

in use. The CRF model can be further extended with additional potentials accounting for 3-D 

features, such as linearity, planarity and scattering but also at the cost of assuming knowledge of 

the shape of the changes or underlying targets. The combined approaches exploit the infrastruc-

ture of the time domain back-projection processor. If the 3-D SAR images are focused with fre-

quency domain methods, then some adaptations are required: 1) voxelization of the point cloud, 

and 2) replacement of BM4D for a method suitable for denoising point clouds. 

From the kappa profiles in Fig. 5.6 (a), Fig. 5.8 (a) and Fig. 5.10 (a), CD-DI3D performs 

similarly to CD-MSQ but better than CD-HD for changes caused by short targets. Comparison 

of the maps in Fig. 5.5 (b-c),Fig. 5.7 (b-c),Fig. 5.9 (b-c) indicates that 3-D reconstruction of 

short targets, like vehicles, might not offer significant improvements for change detection pur-

poses with cubic meter resolution cells sizes. 

For changes caused by tall targets, CD-DI3D provided slightly better results than CD-MSQ 

but worse than those given by CD-HD. However, visual inspection of Fig. 5.7 (c) and (d) re-

vealed that CD-HD can increase the false alarm rate of changes caused by tall targets due to a 

vertical mis-registration of the scatterers. The kappa profiles in Fig. 5.6 (b), Fig. 5.8 (b) and 

Fig. 5.10 (b) show that changes caused by tall targets were significantly better detected in the 3-

D domain because: 1) the methods can take advantage of the 3-D structure of the targets, and 2) 

the backscatter estimate of the targets was more accurate as they are focused at their real 3-D 

position. CD-DI3D and CD-HD were more sensitive to errors caused by image artifacts, as they 

did not exploit multisquint processing. A 3-D multisquint processor increases considerably the 

computational complexity in comparison to that in the 2-D spatial domain [120]. For this rea-

son, CD-MSQ or the 3-D combined approaches are more robust against errors caused by arti-

facts in comparison to CD-DI3D, as can be observed in patch 3 in Fig. 5.5 and patch 2 in 

Fig. 5.7. In contrast to CD-HD and the combined approaches, CD-DI3D was also more sensitive 

to mis-registration errors because it does not exploit spatial contextual information.  

The methods utilized in this work do not account for errors caused by significant differences 

in the illumination conditions of the image pair. This could explain the false alarms caused by 
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the shadows of the trees in Fig. 5.5 and the false alarms caused by the shadow cast by the new 

building in Fig. 5.9. Shadowed areas can be computed in 2-D with up-to-date DSMs. In 3-D, 

estimation of the shadowed areas requires analysis of the slant range lines. However, presence 

of sidelobes in the normal direction and errors in the 3-D reconstruction can cause information 

loss, increasing the misdetection rate when applying change detection. If the roof of a building 

is partially reconstructed due to inherently low backscatter (as those in Fig. 5.9), then some el-

ements will cast inexistent shadow areas. This situation requires special consideration in order 

to not partially eliminate the building itself or nearby targets.  

In addition to pulse compression in range and azimuth, 3-D SAR image processing performs 

pulse compression in normal dimension. This implies that 3-D change detection needs adapta-

tions to mitigate associated errors, such as phase noise. Fig. 5.7 (e) shows some false alarms in 

the tower masts of the cranes. Inaccuracies in the navigation data or the DTM in use, imprecise 

geometric calibration and phase noise are potential factors causing mis-registration of the tar-

gets in the image pair. Increasing the number of looks at the cost of degrading resolution and 

SNR, or increasing the number of baselines can be possible solutions to further reduce phase 

noise. 

The false alarms at the bottom of the change maps in Fig. 5.5 could also be caused by differ-

ences in extent of the shadow of the trees due to wind. In Fig. 5.9, the trees at the north western 

side of the new building, in green, were not appropriately focused in the corresponding test SAR 

image due to windy conditions. These trees did not introduce significant false alarms when uti-

lizing only the backscatter difference; however, in the 3-D domain the difference in structure of 

the canopy of the focused and unfocused trees can increase false alarms as shown in patch 5 in 

Fig. 5.9 (d). This suggests that tomographic SAR data of forested areas acquired with unstable 

weather conditions that can cause defocusing of the imaged trees require careful consideration 

for change detection purposes. Moreover, visual inspection of the maps in Fig. 5.9 revealed that 

the methods did not detect the changes caused by the cars in patch 1. Using a dissimilarity func-

tion based on second order statistics can be more suitable [23]. The false alarms caused by the 

wall indicated by the dashed ellipse in Fig. 5.9 (b-d) are spread out in the slant range dimension 

in the change map derived with CD-MSQ due to layover and double-bounces; i.e. in the 2-D 

spatial domain the wall is not focused at its real 3-D position.  

The kappa coefficients in Table 5.6 show that the performance of the methods improved sig-

nificantly when the change detectors take advantage of more detailed scene information; i.e. the 

kappa coefficient improves when using the 3-D images in comparison to that of the 2½-D imag-

es. The normal lines of the 2½-D images have maximally one scatterer, and thus contain less 

information. The limited capability to disambiguate layover causes: 1) an increase of mis-

detections in normal lines with presence of changes caused by laid-over targets; i.e. detection of 

the change involves multiple scatterers in the normal direction, and 2) an increase of false 

alarms in normal lines with unchanged laid-over targets; i.e. the retained strongest scatterer of a 

normal line of the reference and test images differs due to differences in the noise level, SNR, or 

coherence, but not due to a change. These factors highlight the benefits of SAR tomography for 

change detection of man-made targets in urban areas. A larger difference between the kappa 

coefficients obtained with the 2½-D and 3-D images can be expected in scenarios in the pres-

ence of multiple laid-over targets, such as forested areas.  

The proposed method might require modifications when applied to 3-D SAR images with 

very different resolution cell sizes than those in this work. The interval of values of the scale 

parameter should account for sparser or denser 3-D images bearing in mind the size in voxels of 

the possible changes of interest. This interval might also vary significantly for image pairs ac-

quired in high-density urban areas. Similarly, the minimum height for tall targets may vary de-

pending on the resolution of the images and the size of the assumed shortest targets causing 

changes of interest. If 1) the 3-D SAR images can be focused using single-look processing 

mode, 2) the 2-D processing chain does not offer advantages in the change detection procedure, 
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and 3) costs and computational considerations can be neglected, then the combined change de-

tection method can be simplified by performing only the second stage of the approach; i.e. the 

minimum height for tall targets is the ground. However, in that case the performance of the 

method greatly depended on the parameterization of the neighborhood of the CRF model. The 

subtraction of the log-transformed SAR images, utilized here as a dissimilarity function in CD-

MSQ and the CRF model of the combined approach, can be replaced to better emphasize 

changes caused by natural distributed targets. Finally, the third stage of the combined approach 

can be simplified by performing only fusion of the two 3-D change maps assuming an absence 

of errors caused by the tomographic processing chain 

5.4.2 Conclusions 

A 2-D and 3-D combined change detector taking advantage of a back-projection tomograph-

ic framework was shown to outperform pure 2-D or 3-D methods. Quality assessment indicated 

that the kappa coefficient improved by a factor two in comparison to other established ap-

proaches. The kappa profile showed that the proposed method performed well when detecting 

changes caused by short and tall targets. Combination of backscatter and height difference in-

formation by means of a conditional random field resulted into further performance improve-

ments. Quality assessment of the varying parameterization neighborhood scheme was shown to 

yield best results while being less sensitive to initial parameters. This work provides first refer-

ences demonstrating the performance of tomographic SAR data acquired in medium density 

urban areas for change detection purposes.  

Adaptations of the method to incorporate shape information by means of 3-D wavelets and 

curvelets or other techniques providing shape information could be considered in future work.  

Progress towards an object-oriented approach exploiting multifrequency or polarimetric SAR 

data is foreseen. 
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6 SYNOPSIS 

6.1 Main results 

The main findings of the research carried out in this work are reported in the following. The 

results are structured according to the research questions formulated in section 1.5, and based on 

the publications (in chapters 2 to 5) forming this thesis. 

6.1.1 For SAR image focusing, how does adaptive pulse compression perform 

when applied to the signals recorded in slant range in comparison to differ-

ent deterministic approaches, such as the matched filter? 

In contrast to deterministic pulse compression methods such as the matched or mismatched 

filters, adaptive processing was shown to preserve spatial resolution and reduce sidelobes while 

producing a maximum SNR loss of 0.17 dB. Based on analysis of the signature of corner reflec-

tors, the spatial resolution improved in average by a factor 1.06 in comparison to that obtained 

when using a matched filter. The highest sidelobe energy reduction was achieved in the second 

iteration, independent of the adaptive processing variant and the initialization stage. The net 

energy difference per image pixel due to sidelobes was in average -0.77 dB and -0.25 dB for the 

two adaptive processing approaches respectively. This suggested that two iterations are suffi-

cient to reduce some sidelobes inherited from the initialization stage to the noise level. 

After applying range adaptive processing, the quality of the corresponding SAR images im-

proved in comparison to that obtained after focusing with deterministic approaches. Analysis of 

local and global quality indicators showed that when applying adaptive processing in range, the 

characteristics of the azimuth signals, in terms of spatial resolution and sidelobes, were pre-

served. This demonstrated that adaptive processing can be utilized independently of the pulse 

compression method in azimuth, respecting the inherent range-azimuth coupling in SAR. Under 

mismatch conditions; i.e. when the recorded replicas and the signals of the received pulses do 

not perfectly match, adaptive processing caused an increase of some sidelobes and a higher 

SNR loss.  

For interferometric SAR, range adaptive processing offered more reliable phase estimates 

than the matched filter for unmasked targets (masked by nearby sidelobes when applying de-

terministic pulse compression methods) with strong backscatter. Unmasked de-correlating tar-

gets, such as asphalt-covered roads or water bodies, experienced a coherence reduction, while in 

sidelobe-free areas adaptive processing showed similar coherence to that derived from the im-

ages focused with the matched filter. This demonstrates that adaptive pulse compression pro-

vides both better amplitude and phase estimates of the range profiles. Image areas that experi-

enced a coherence increase associated to an increase of sidelobes caused by adaptive processing 

under mismatched conditions still requires further analysis. 

For frequency agile systems, fast adaptive processing yielded modest improvements, offer-

ing a sidelobe reduction efficiency of -0.57 dB and an average SNR loss of 0.18 dB. The meth-

od preserved the spatial resolution while involving a lower computational complexity. It re-

spected the range-azimuth coupling of SAR, preserving the characteristics of the azimuth sig-

nals. Based on the quality assessment of the coherence images, the performance of fast adaptive 

processing regarding the reliability of the phase estimates was found to be moderate. However, 

it was observed that fast adaptive processing can introduce artifacts in the azimuth dimension 

when applied to a single sub-band of the range signals. 

In global terms, by applying APC under single channel, interferometric and stepped frequen-

cy scenarios, the quality of the SAR images, the corresponding phase maps and interferometric 

coherence images improve. APC preserves the characteristics of the azimuth signals, and can be 

applied for SAR image focusing without restricting the azimuth compression scheme. Perfor-
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mance improvements offered by adaptive processing when utilized for change detection purpos-

es are described in section 6.1.3. 

6.1.2 How can SAR change detection take advantage of different pulse compres-

sion methods in azimuth, such as single-look and multisquint processing 

mode? 

In SAR-CD the presence of moving targets or image artifacts, such as sidelobes and azimuth 

ambiguities, increases the classification error, degrading the content of the change maps. The 

spatial response of some artifacts, such as sidelobes and ambiguities, varies during the aperture 

time due to their non-permanent scattering regime and anisotropy. Information on the spatial 

behavior of the targets was collected by means of a multisquint processing mode; by applying 

pulse compression with real-valued weightings to the signal recorded in the azimuth dimension. 

As the squinted sub-apertures have lower resolution and are not artifact-free, full-aperture imag-

es focused with single-look processing were also utilized to compute changes at nominal resolu-

tion with the highest SNR. Using multisquint processing, one can derive a new pair of images 

where artifacts do not appear in the same image pixels as those of their corresponding single-

looks. This permits identification of associated false alarms and their removal from the change 

map computed with the single-looks. Based on this principle, a change detector combining the 

advantages of single-look and multisquint SAR processing modes was designed. The perfor-

mance of the method confirmed that multisquint processing can be utilized to effectively reduce 

errors caused by image artifacts and moving targets, and when combined with single-looks, 

SAR-CD does not suffer from a significant decrease of the detection rate in comparison to that 

offered by single-look processing mode. Results with data sets acquired by F-SAR showed that 

the kappa coefficient improved on average by a factor 1.9 while preserving 95% of the detection 

rate compared to that obtained after applying the matched filter in range and azimuth and single-

look processing, referred to here as traditional or standard processing. In this manner, SAR-CD 

applied to human activity monitoring or urban studies can take advantage of both processing 

methods, as sidelobes and moving targets are typically present in those scenarios. The perfor-

mance improvements do not involve a significant increase in computation time in comparison to 

currently existing methods.  

For SAR-CD purposes, combination of single-look and multisquint processing was also 

shown to increase robustness against errors caused by the migration to different image pixels of 

the shadowed areas, sidelobes, and scatterers of the buildings when the image pair was acquired 

with slightly different geometries. This property is particularly important when performing 

change detection with data acquired from drone-SAR or airborne SAR sensors, where inaccura-

cies in the navigation information and the effect of the wind and turbulence can cause signifi-

cant flight track offsets. Combination of both processing modes was shown to be effective to 

reduce false alarms caused by unfocused targets, such as trees under windy conditions.  

However, multisquint processing mode applied for SAR-CD purposes could reduce the de-

tection rate for changes caused by buildings due to their inherent high anisotropy. This situation 

could be alleviated by performing 3-D reconstruction; however, at the cost of longer computa-

tion times. 

In global terms, SAR-CD can take advantage of multisquint processing mode to mitigate er-

rors caused by artifacts common in SAR imagery. In comparison to traditional change detection 

based on single-look images, better results are obtained by exploiting information on the spatial 

behavior of the targets provided by a set of squint images. 
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6.1.3 How does SAR change detection benefit from combinations of different 

range and azimuth pulse compression methods? 

This research question builds upon the two previous ones. For SAR-CD purposes, matched 

filtering in range and azimuth combined with single-look processing mode leads to the highest 

detection rates, but also to the highest false alarm rates. 

When applying adaptive processing in range and the matched filter in azimuth in combina-

tion with single-look processing mode, the kappa coefficient improved by a factor 1.22 while 

preserving 98% of the detection rate obtained of that offered by the SAR images focused with 

standard processing. Errors caused by the presence of image artifacts, mainly sidelobes, were 

moderately mitigated, while providing detection rates very similar to those obtained with stand-

ard processing. This moderate improvement can be explained by the performance of adaptive 

processing, in terms of sidelobe reduction efficiency, when the transmit waveform is an LFM 

signal together with the non-ideal matched scenario; i.e. the presence of mismatch between the 

transmitted and the received signals. If sidelobes mask areas with changes, then range adaptive 

processing combined with matched filter in azimuth and single-look processing mode is the 

most suitable configuration to detect and preserve the underlying change. Detection of changes 

caused by tall targets, such as buildings is also possible, as adaptive processing does not make 

assumptions on the scattering regime of the targets. This configuration involves a significant 

increase of the computation time; however, changes are detected at a slightly higher resolution 

offered by the adaptive processing method (see 6.1.1). 

When applying the matched filter in range and azimuth combined with multisquint pro-

cessing, the change detector provided the second best performance, reducing many errors 

caused by image artifacts and moving targets. The kappa coefficient improved by a factor 1.52 

while preserving 97% of the detection rate in comparison to that offered by SAR images fo-

cused with standard processing. However, this configuration produced a decrease in the detec-

tion rate for changes caused by tall targets, as for those objects the assumption of the permanent 

scattering regime is unlikely to be true. If changes are caused by isotropic targets, then exploit-

ing spatial information via multisquint processing is more effective to reduce errors caused by 

artifacts and moving targets than when range adaptive processing is exploited in isolation. 

The configuration obtained when applying range adaptive processing, the matched filter in 

azimuth and multisquint processing mode lead to the best performance when changes were 

caused by isotropic targets. In this case, the kappa coefficient improved by a factor 1.86 while 

preserving 96% of the detection rate of that obtained when the SAR images were focused with 

standard processing methods. Like the previous case, this configuration can cause misdetections 

for changes caused by anisotropic targets, such as buildings. Similar to the second configura-

tion, changes were detected at slightly higher resolution than when applying the matched filter 

in range and single-look in azimuth. However, range adaptive processing combined with mul-

tisquint processing in azimuth implies the worst-case time complexity. 

Finally, change detection methods exploiting multisquint and adaptive processing provide 

better results than those using a conventional matched filter combined with single-look pro-

cessing, although at the cost of a higher computation time or at the cost of potential misdetec-

tions of changes caused by anisotropic objects. 

6.1.4 What are the implications of three dimensional SAR image focusing for 

change detection applications? 

Pulse compression in the normal dimension is performed using adaptive processing methods 

due to the typically reduced set of available baselines in SAR tomography. Pulse compression is 

applied to the signals in the normal dimension after multi-look processing in range and azimuth 

so that the covariance matrices of the adaptive processing scheme are invertible. For this reason, 

3-D SAR image reconstruction can hardly be performed using single-look processing. When the 
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change detector exploited both 2-D and 3-D SAR images, then the kappa coefficient improved 

by a factor 2.1 in comparison to that obtained with approaches using 2-D images only. SAR-CD 

was shown to take advantage of the 2-D SAR focusing chain by exploiting spatial information 

gathered via multisquint processing to reduce errors caused by artifacts without significantly 

increasing computation time. On the other hand, SAR-CD can take advantage of the 3-D volu-

metric structure of the targets, and a more accurate backscatter estimate as targets are focused at 

their real 3-D position. This suggests that SAR-CD based on 3-D imagery is less sensitive to 

errors caused by differences in illumination due to the disambiguation of layover and foreshort-

ening. When the method exploited amplitude and height information, then the kappa coefficient 

improved by a factor 1.23 in comparison to that obtained when utilizing only amplitude data. 

This confirms that the performance of the approaches improves significantly when utilizing the 

volumetric structure information offered by SAR tomography when applied to change detection 

of man-made targets in urban areas. 

In contrast to the two-dimensional case, SAR-CD based on 3-D images requires additional 

steps to mitigate errors caused by phase noise and minimize potential registration noise. Side-

lobes in the normal dimension of the 3-D SAR images constrained the identification of shad-

owed areas. For change detection purposes the computation of shadows based on 3-D SAR im-

ages can cause a reduction of the detection rate. Furthermore, tomographic SAR processing of 

forested areas acquired in unstable weather conditions requires careful consideration for SAR-

CD as differences in the structure of the canopy of the unfocused trees caused an increase in the 

number of false alarms. 

Change detection methods combining 2-D and 3-D images outperform traditional 2-D only 

approaches, and perform well when detecting changes caused by short and tall targets. Combi-

nation of backscatter and height information results into further performance improvements, 

demonstrating the usefulness of SAR tomography for change detection purposes. 

6.2 Conclusions 

The potential of SAR to perform change detection applied to human activity monitoring and 

urban studies has been demonstrated by means of multiple airborne SAR experiments conduct-

ed with two high-resolution frequency agile sensors within this work. 

 The achievements in this thesis include contributions to SAR image formation techniques, 

image quality assessment, and change detection methods. Diverse pulse compression approach-

es, applied to the signals recorded in range, azimuth and normal dimensions of a typical strip-

map configuration, have been studied and evaluated for change detection applications. For this 

purpose, two change detection schemes were designed to take advantage of additional infor-

mation derived by exploiting different pulse compression methods and the corresponding fo-

cused SAR images. It has been shown that when the processing chain collaborated in the change 

detection procedure, SAR-CD improved overall performance in terms of detection and recogni-

tion of changes and became less sensitive to errors caused by information loss. SAR-CD ex-

ploiting standard pulse compression schemes, like the matched filter in range and azimuth com-

bined with single-look processing mode, delivered the best detection but also highest false 

alarm rates in comparison to results obtained with other pulse compression methods. When ap-

plying adaptive processing to the signals in the range dimension, the kappa coefficient improved 

by a factor of 1.22, increasing to 1.86 when combined with multisquint processing. Change de-

tection methods utilizing combined 2-D and 3-D information improved the kappa coefficient by 

at least a factor 1.78 in comparison to those obtained with approaches using 2-D or 3-D images 

only.  

Based on the first research question, range adaptive processing can provide 3-D SAR images 

with lower sidelobes in range and a slightly better spatial resolution in comparison to those fo-

cused with the matched filter. Jointly, if a 3-D multisquint processing mode is utilized, then 
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SAR-CD is expected to better preserve changes caused by buildings and be more robust against 

false alarms caused by the canopies of the trees when illuminated under different windy condi-

tions. The main reason is that the scatterers of tall static targets will be focused at their real 3-D 

position, limiting their migration to different image voxels and removal of the potential induced 

changes. The opposite effect is expected to occur for moving targets, where the scatterers of the 

canopies of the trees focused under windy conditions are expected to appear in different voxels 

in the different 3-D squint images. In global terms, a change detector exploiting a combination 

of adaptive processing, multisquint processing and tomographic reconstruction will potentially 

be more robust against the presence of image artifacts and moving targets, easing recognition of 

the changes and providing very similar detection rates to those obtained when applying tradi-

tional pulse compression methods and processing schemes. However, due to the increased com-

putational complexity involved, combination of adaptive processing, multisquint processing 

mode and pulse compression in normal dimension was not analyzed here for SAR-CD purposes. 

The methods in this thesis require adaptations when applied to agricultural studies or change 

detection in forest areas. The utilized dissimilarity function based on the log-ratio is not suitable 

to properly capture changes caused by natural distributed targets, as the associated changes typ-

ically assume relatively small backscatter changes. Dissimilarity functions based on the entropy 

or second-order statistics can instead be considered to increase the detection rate and reliability 

of the resulting change maps. The methods require modifications to account for multichannel 

data in the form of polarimetric and/or multifrequency data sets, and require additional pro-

cessing and post-processing steps to accommodate SAR imagery acquired with non-linear tra-

jectories. 

6.3 Outlook 

6.3.1 Polarimetric SAR in change detection 

The change detection methods described in this work provide a good basis for detection of 

man-made targets in urban areas with single polarization data at a given carrier frequency. 

However, they require adaptations to accommodate additional information in the form of polar-

imetric and/or multifrequency data sets. Polarimetric SAR (PolSAR) provides information on 

the scattering mechanisms observed during the SAR data acquisition. When combined with in-

terferometric (PolInSAR) or tomographic (PolTomoSAR) configurations, height, or volume 

structure and backscatter information can also be derived. Polarimetric information permits 

characterization of a target by analyzing the properties of the reradiated electromagnetic waves, 

assumed to be different than those of the incident pulse due to the interaction with the target 

itself. For example, bare soils can be identified with the power of the odd-bounce scattering, 

represented by the blue channel, at both S- and X-band in Fig. 6.1. Similarly, trees can be char-

acterized with the power of the cross-polarization, represented by the green channel, in both 

frequency bands. This information can be exploited to preserve changes caused only by certain 

objects of interest while discarding the rest. Preliminary work following this research line has 

been reported in [48].  
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(a) Pauli RGB composite at S-band 

 

(b) Pauli RGB composite at X-band 

Fig. 6.1 Pauli decomposition with the F-SAR data acquired in Oensingen (Switzerland) in 2010. Red 

channel representing the power of the even-bounce, blue channel odd-bounce, and green vol-

ume scattering. 

PolSAR data can take advantage of more sophisticated multidimensional dissimilarity func-

tions, enhancing changes caused by targets of interest. Leading to a more object-based change 

detection approach, single- or multifrequency PolSAR data could also be utilized at the classifi-

cation level of the change detection procedure. Building a database of different targets with the 

corresponding radar backscatter as a function of polarization and wavelength enables simula-

tions of potential changes; i.e. the approach could be configured to detect specific changes 

based on simulations of the change itself. Development of those methods could yield very accu-

rate results and provide first references in this domain. 

Investigations on polarimetric decomposition and classification methods of different targets 

can be performed to further improve SAR-CD. In urban areas, the presence of a single dominant 

scattering mechanism, and low entropy values can be expected. In contrast, natural environ-

ments are expected to be characterized by mixtures of mechanisms, related to high entropy val-

ues. Fig. 6.2 shows the polarimetric characteristics of an urban area and a forest, where the dif-

ferences of their respective H-α diagrams can be observed. The polarimetric classification of the 

forest shows that two different tree types, labelled in purple and light blue, were identified. In 

urban areas, the polarimetric analysis of man-made complex targets, such as commercial and 

industrial buildings enables retracing the reflections of the backscattered waves at different ele-

ments of the buildings and from the interactions between the buildings and the surrounding area. 

With high-resolution data, it is possible to retrieve very detailed information, such as for exam-

ple the status of the windows of the skylights or the building material. In some cases it is also 

possible to distinguish between different asphalt-covered roads. 
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(a) RGB composite 

 

(b) H2α classification of (a) 

 

(c) H2α diagram of (a) 

 

(d) RGB composite 

 

(e) H2α classification of (d) 

 

(f) H2α diagram of (d) 

Fig. 6.2 Polarimetric analysis of an urban area and a forest with images acquired by the linear DualPol 

(VV, VH) system MIRANDA-35 at Ka-band. (a) and (d): 2-D polarimetric RGB composite, 

R=VV, G=VH, B=VV/VH. (b) and (e): polarimetric classification based on the eigen-

decomposition H2α. (c) and (f): corresponding scatter plot of the H2α diagrams. 

The increased availability of SAR sensors delivering 3-D information increases the scope of 

change detection applications and accuracy of the methods, particularly for urban studies and 

forest monitoring, where information on the volumetric structure of objects is more relevant. 

PolInSAR or PolTomoSAR data can be utilized to further distinguish different backscattering 

sources and increase the reliability of the tomographic reconstruction. The multisquint frame-

work could be re-adapted to yield squints at higher resolution, while still being able to induce a 

rotation and displacement of some image artifacts to ease their later identification and removal. 

Such a framework will enable identification of additional artifacts, such as those related to 

cross-talk between channels. In addition, errors caused by sidelobes and ambiguities can be bet-

ter identified and removed because the images of the cross-polarized channels have fewer arti-

facts of that type. Fig. 6.3 shows a 2-D, 2½-D and height map of some buildings. The 2-D im-

age shows presence of abundant artifacts spread on top of the roofs, mainly localized in the 

green channel. Depending on the wavelength, PolInSAR or PolTomoSAR applied to change 

detection in urban scenarios can be exploited to improve the detection rate of changes caused by 

static man-made targets, characterized with one dominant scattering mechanism, typically odd- 

or even-bounce, while reducing errors induced by some natural distributed targets, such as trees, 

often characterized by volume scattering. 

 



 

 

100 

   

  
 

(a) 2-D RGB composite (b) 2½-D RGB composite (c) Height map in meters 

Fig. 6.3 Interferometric reconstruction of MIRANDA-35 at Ka-band. (a): 2-D polarimetric RGB 

composite, R=VV, G=VH, B=VV/VH. (b): top view of the 2½-D polarimetric RGB compo-

site. (c): top view of the 2½-D height map in meters above ground. 

6.3.2 The role of the processing chain in SAR-CD 

This work has shown that in the urban scenario, 3-D reconstruction can improve the detec-

tion of changes caused by tall targets. However, the image focusing method applied here as-

sumes that the SAR images are acquired with a stripmap configuration and that the squint angle 

is smaller than half of the antenna beamwidth in azimuth. Jointly, the tomographic processor is 

only valid when the normal dimension is perpendicular to azimuth and slant range dimensions. 

This does not hold for non-linear flight paths, implying that the tomographic reconstruction of 

data sets acquired with drone-SAR or light airborne SAR systems requires adaptations to ac-

commodate these new imaging conditions. Fig. 6.4 shows the 3-D reconstruction of SAR data 

acquired with a non-linear trajectory. One can observe the presence of wrinkles in the ground 

that can result when the normal dimension is not extracted properly.  

 

Fig. 6.4 Tomographic reconstruction of MEMPHIS data at Ka-band acquired with a non-linear flight 

path. 
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The change detection methods can be further developed by exploiting adaptive processing 

schemes to reduce false alarms caused by artifacts, or by improving the recognition of changes 

when considering super-resolution. Here, adaptive processing applied to SAR image focusing 

has been shown to provide state of the art high quality imagery. However, these techniques have 

not been analyzed when applied to the signals recorded in the azimuth dimension, or by exten-

sion, when applied simultaneously to the signals in range and azimuth. The performance im-

provements offered by adaptive processing could be compared with that of multisquint pro-

cessing mode for change detection purposes. Further evaluation of the performance of fast adap-

tive processing methods and corresponding adaptations to dechirp signals recorded by FMCW 

SAR sensors should be considered.  

Finally, this thesis dealt mainly with SAR data acquired over relatively flat areas. In the fu-

ture, the application of radiometric terrain correction methods would make it possible to per-

form change detection in areas with steep topography and using acquisitions from diverging 

geometries. This would improve the performance of the change detection methods over forested 

areas in alpine terrain, as well as for monitoring glacier evolution. 
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LIST OF ABBREVIATIONS 

APC Adaptive Pulse Compression 

APES Amplitude and Phase Estimation 

BM3D Block Matching 3D 

BM4D Block Matching 4D 

BP Basis Pursuit 

CD Change Detection 

CRF Conditional Random Field 

DEM Digital Elevation Model 

DI Difference Image 

DLR Deutsches Zentrum für Luft- und Raumfahrt e.V. (German Aerospace Center) 

EM Expectation Maximization 

FAPC Fast Adaptive Pulse Compression 

FCM Final Change Map 

FMCW Frequency Modulated Continuous Wave 

Fraunhofer/FHR Fraunhofer Institute for High Frequency Physics and Radar Techniques 

GPU Graphics Processing Unit 

HDVI High Definition Vector Imaging 

ICI Interferometric Coherence Image 

ICM Initial Change Map 

InSAR SAR Interferometry 

IS Initialization Stage 

ISLR Integrated SideLobe Ratio 

KLD Kullback-Leibler Distance 

LFM Linear Frequency Modulation 

LiDAR Light Detection and Ranging 

LRI Log-Ratio Image 

LSMMF Least Squares Mismatched Filter 

MCA Morphological Components Analysis 

MCA-MOM Morphological Components Analysis Mean of Maximum 

MEMPHIS Millimeterwave Experimental Multifrequency Polarimetric High-resolution 

Interferometric System 

MF Matched Filter 

MFK Matched Filter with Kaiser window 

ML Maximum Likelihood 

MMF Mismatched Filter 

MMSE Minimum Mean Square Error 

MRF Markov Random Field 

MSF Multisquint Framework 

MVM Minimum Variance Method 

PCA Principal Components Analysis 

PolInSAR Polarimetric Interferometric SAR 

PolSAR Polarimetric SAR 
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PolTomoSAR Polarimetric Tomographic SAR 

PSF Point Spread Function 

PSI Persistent Scatterer Inteferometry 

PSLR Peak Sidelobe Ratio 

RFI Radio Frequency Interference 

SAR Synthetic Aperture Radar 

SAR-CD SAR Change Detection 

SNR Signal-to-Noise Ratio 

SVA Spatially Variant Apodization 

TDBP Time Domain Back-Projection 

TDC Time Domain Correlation 

TomoSAR SAR Tomography 
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