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ABSTRACT

Urban areas are rapidly changing all over the wand therefore provoke the necessity to updatenumeps frequently.
Remote sensing has been used for many years tdantdmese changes. The urban scene is charactdryzadery high
complexity, containing objects formed from diffetetypes of man-made materials as well as naturgetation.
Hyperspectral sensors provide the capability to thepsurface materials present in the scene ubigig $pectraand
therefore to identify the main object classes mshene in a relatively easy manner. However artl@gwpersist where
different types of objects are constructed of thme material. This is for instance the case fodsaand roof covers.
Although higher-level image processing (e.g. spagasoning) might be able to relief some of thesestraints, this
task is far from straight forward. In the curreappr the authors fused information gathered usimgparspectral sensor
with that of high-resolution polarimetric SAR daBAR data give information about the type of scattebackscatter
from an object in the scene, its geometry andiékedtric properties. Therefore, the informatioriedbed using the SAR
processing is complementary to that obtained ulsypgrspectral data. This research was applieddataset consisting
of hyperspectral data from the HYMAP sensor (12énckels in VIS-SWIR) and E-SAR data which considt$ud-
polarimetric L-band and dual-polarisation (HH and)\X-band data. Two supervised classificationsased; ‘Logistic
Regression’ (LR) which applied to the SAR and tl@#SAR data and a ‘Matched Filter’ which is applita the
hyperspectral data. The results of the classificatire fused in order to improve the mapping ofrtfaén classes in the
scene and were compared to a ground truth mapwihsitconstructed by combining a digital topograph&p and a
vectorized cadastral map of the research area.déguate change detection of man-made objects Bnusbenes was
obtained by the fusion of features derived from SRBISAR and hyperspectral data.
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1. INTRODUCTION

(Semi-)automatic land cover classification of coexpscenes, such as urban and industrial areasyesyachallenging
task and is one of the main applications of rensetgsing imaging. To aid in this process, data frauitiple sensors are
often utilised, since each potentially providedadi#nt information about the characteristics of ldred cover. In urban
and industrial areas, many man-made materials apgpesctrally similar tomoderate resolution optical sensors like
Landsat TM. High spatial resolution sensors likeOMOS are also not sufficient tistinguish man-made objects
constructed from different materidld. Some man-made objects can be discriminated adarrimage based on their
dielectrical and geometrical properties. For instarbuilding walls oriented orthogonal to the raldak direction form
corner reflectors and have relatively strong sigetirns. A smooth surface of bare soil, which astspecular reflector,
will result in relatively low signal returns. Howew trees can introduce interpretation uncertalmtyproducing bright
returns similar to buildings. Wet soil and othebam man-made features with high dielectric constéag. vegetation,
metal roofs) are confused in a radar imageThus, there is no single sensor able to prosidécient information to
extract man-made objects in the complex urban enmient®. Instead, the way for increasing this analysishis
integration of features extracted from differentmes.
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Thus, the fusion of multi-sensor data has recetvexhendous attention in the remote sensing liteedttiand mainly
fusion of SAR with optical or thermal data’*® Fusion of features extracted from polarimetrinthgtic aperture radar
and hyperspectral imagery was successfully conddordand use mapping, urban characterisation and urban

classificationt*>. However, those researches were devoted to dmidtareas or to separate different soil use elags
urban areas, with no or little attention for singlan-made objects or structures.

As far as the change-detection task is concerneavhilability of SAR data promises high potentiai*®™®, thanks to
the insensitivity of SAR imagery to atmospheric ditions and cloud cover issues; the short revisietplanned for
future SAR-based missions will make SAR data evememappealing. The hyperspectral provides the dhyato
identify changes in the imaged scenes in a relgtiapid way based on spectral chantfés.

The main objective of the work presented in thipgras to resolve the classification ambiguity eferal man-made
objects in urban and industrial scenes for raptéda®n of changes based on the fusion of hypetsgletata and multi-
channel SAR data. Because of the very dissimilaradteristics between SAR and hyperspectral, aleig fusion is
used. For both sensors a classifier is applied de#tcts the different classes of interest in tens. The obtained
“detection images”, which are in fact probability @bundance images are combined in the fusion laadbtained
classification is compared at object level with igitdl map of the area. The authors already dematest®? the
complementarity of SAR and hyperspectral data lfier dlassification of urban areas. In that workfitgon was done
using neural networks, support vector machines amtgcision tree and results were quantitavely coetpan the
current paper a semi-automatic fusion method isiegphpnd the fused results are used for changetiEte

2. DATASET
2.1 Airborne data

For this project HyMap hyperspectral data and E-SlaR were acquired by the German Aerospace AgéidR) over
the area of Oberpfaffenhofen and Neugilching, Geynahe HyMap data contains 126 contiguous banadging from
the visible region to the short wave infrared (SWiBgion (0.45 — 2.48) with a bandwidth of 15-18.nthe spatial
resolution of the HYMAP scene is 4 m at nadir amelitnage covers an area of 2.6x9.5 km. Four sules¢devels of
pre-processing were applied: radiometric correctigeocoding, atmospheric correction (using ATCORY and the
“Empirical Flat Field Optimized Reflectance Tramsfation" (EFFORT?). The pre-processing was done by the
Flemish Institute for Technological Development T@). In this paper the data of the last pre-prdogskevel is used.

In all processing the first and last channel weseatded, the first contains too much noise wtitelast is saturated.

The E-SAR data consists of full-polarimetric L-baddta (lambda=23cm) and HH and VV polarised X-baath

(lambda=3cm). All SAR data were delivered as Siglek Complex (SLC) data as well as geocoded anyitdata.

The DLR also provided geocoding matrices that enable to extract polarimetric information using 8ieC data and
geocode the results afterwards. The spatial reenldf the geocoded SAR data is 1.5 m. Figure dwshthe dataset
used in this paper; the left image shows part efHlgMap dataset in RGB color combination, the righage is a color
composite of the SAR data (R:Xhh,G:Xvv,B:Lhh).
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Figure 1: The image dataset used in this papert:ll¢fmap image (R:635nm,G:558nm,B:497nm), righSAR image
(R:Xhh,G:Xvv,B:Lhh)

2.2 Contextual data

For the change detection process and for the aanistg the learning set, a cadastral map and gatligipographic map
were acquired for the area of interest. As thegatojnainly focuses on changes of man-made objedtsei scene, the
classes of interest for change detection were:s;oadlways, different types of buildings and backmd. For each of
the classes of interest approximately 300 pointewelected in the images to constitute the legradt. For the training
of the classifiers, the building class was subdbd according to the roof material into clay-rogfechist-roofed and
conglomerate-roofed buildings and the backgrouadscivas sub-divided into grass, bare soil and ypest of fields.

3. OVERVIEW OF THE METHOD

Figure 1 presents an overview of the method apjptiedis paper. For the SAR data, the applied diaation is feature-
based. The features were extracted using two phpathcesses. In one process, the polarimetrignmition is extracted
from the full-polarimetric L-band data using varsopolarimetric decomposition methods (cf. sect).4These are
calculated using 7x7 averaging windows and theeetbe results have a reduced spatial resolutiop. jidharimetric
decomposition is applied on the single-look- complata directly and the results are then geocoded.

In the other process a speckle reduction methad. (4€l) is applied on the five different SAR chalsmafter geocoding.
On the speckle reduced data, a dark and brightdigtector is applied (sect. 4.2). The LR classifsarct. 5.2) is run on
two sets of features. The first consists of theltsf the polarimetric decompositions and theoselcs a combined set
extracted from the full-resolution SAR data andsisting of the original intensity data, the specidduced intensity
data and the results of the dark and bright lirtecters.

Because the spatial resolution of the geocoded @&R is higher than that of the Hymap data, the &fywtata are first
registered to the SAR data. For the hyperspectta d matched Filter MF (sect. 5.1) is used fossifecation, which is
applied directly on the original hyperspectral data on the 30 first channels after principal congmt analysis (PCA).

Both classifiers yield detection or abundance irsager class. These images are used as input fdusien method
which in this paper is a relatively simple semieanatic method (sect. 5.3).

The following sections describe the various processteps in details.
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Figure 2: Overview of the method

4. SAR FEATURE EXTRACTION
4.1 Speckle reduction

Standard speckle reduction methods tend to blurirtteege. In particular edges are smoothed and stisoigted
scatterers are removed. Because these two featgegery important, Pizurica developed a speckieicon method
based on context-based locally adaptive wavelénlshge . The idea is to estimate the statistical distitms of the
wavelet coefficients representing mainly noise aspresenting useful edges. In particular it wasdidhat in SAR
intensity images, the magnitudes of the waveleffimdents representing mainly noise follow an expotial distribution
while those representing a useful signal follow arna distribution. This information is used to fiadhreshold that
allows distinguishing useful signal from noise.dPlknowledge about possible edge configuratioristisduced using a
Markov Random Field. Figure 2 (left) shows the Hheswf the speckle reduction in RGB color composite
(R:XhhSR,G:XvwwSR,B:LhhSR; SR=speckle reduced).

4.2 Line detection

For multi-channel images, it is possible to corddtra line detector from an edge detector based ohi-variate
statistical hypothesis tests. In this paper weaubee detector based on a Hotellingstdst for the difference of means.
The method”*8is applied on the complete set of log-intensitySifnages (5 channels) after speckle reduction.

A dark and bright line detection is performed. a2 (right) shows the results of the dark lineed®r superimposed
on the Xhh SAR image. The dark line detector higith roads, railways and radar shadows. The bliigitdetector
mainly highlights the double-bounce scattering fromidings.



Figure 3: Results of speckle reduction (left) artedtion of dark lines (right)
4.3 PoISAR features

For L-band full-polarimetric data were acquired.isTmeans that in every pixel of the image, the detepscattering
matrix was measured. The scattering matrix deseribe complete polarimetric signature of the olsjext the ground.
This polarimetric signature depends on the typscattering induced that these objects provoke erirttoming radar
waves. Polarimetric decomposition methods combhme polarimetric information in a way that allowsfeiming
information about the scattering processes in pacH.

Several decomposition methods were developed inpdst; each of them highlighting specific typessoattering
behaviour. The most well known method is the Clo&d@ottier *° decomposition. Several parameters were derived
from their method: entropy H, scattering angleombinations of the entropy and anisotropy A: H¥1-A), (1-H)A

and (1-H)(1-A).

Figure 4: Results of decomposition methods. Topu@¢&Pottier(Ha,A), Freeman and Barnes. Bottom: Holm,
Huynen and Krogager

The other decomposition methods convert the poktriminformation into an abundance of three typescattering. In
this paper the decomposition methods of BarnesHuioh®®, Huyneri*, Freemai? and Krogagéf were also extracted.
The decompositions were determined using the fraedjlable software PolSARPfo Figure 4 shows the results of the



various decomposition methods; as one can seeiffeeedt decomposition methods highlight differexsipects of the
scene. The decomposition parameters are determisiad averaging windows on the slant-range imag& (@ this
case), which reduces the resolution of the res@ltaough it was already show that these features are very important
for classifying agricultural scenes, they are k& be less valuable in urban scenes where iiig important to keep
the highest possible spatial resolution.

5. CLASSIFICATION AND FUSION METHODS

For this project we have chosenuse classification methods that are based on alass-detection in each pixel. The
first method, the MF, is assigning abundances a@heclass to each pixel and the second method, L&yides
probability images for each class. A classificatican be obtained by assigning to each pixel thescfar which
respectively the abundance or probability is thghést. In this paper the classification is obtaiaéter fusing the
probability images.

5.1 Matched filter

The MF method applied in this research, for eactelpof the hyperspectral image, is based on theh@gonal
Background Suppression (OBS)’ technidfievhich finds the proper combination of backgroundre components and
removes them completely from the target spectreavihg only the spectrum of the gas of interestrandom noiseA

mixed pixel containing p spectrally distinct ma#dsi denoted bthel x 1 vector (X, y) can be described by the linear
model:

r(x,y) =Ma(x,y)+n(x,y)
wherel is the number of spectral bangs,y)is the spatial position of the pixeM = (u,, ,u,, ,up_l,d) is anl x

p matrix with linearly independent columns and thel column vectorsl; are the spectral signatures of thé distinct
materials and d denotes the desired signatureteist 4 (X, Y)is ap x lvector where théh element is the fraction of

the ith signature present in the mixed pixel angXx, y) is anl x 1 vector representing random noise. Separating the
desired signature from the undesired signaturecaneaeformulate previous expression as,

r(xy)=Ugxy) +da,(x,y) +n(xy)
here g(X, y)is a vector which contains the finst1 elements ofa (X, y), &,(X, y) being a scalar is the fraction of

the desired signature.

An operator P can be constructed which projgdtX, y) onto a subspace that is orthogonal to the coluhis
P=(1-UU") withU"'=UTU)'UT

with P an | x | matrix andJ ' the pseudo inverse of U. A pseudo inverse of kkided rather than a normal inverse due
to the fact that U is a non-square matrix. The Ipti@ssification operatho that maximises the signal to noise ratio is
given by:

qT - dT P
where botth andd’ representl x | vectors. ApplyingqT on an image pixer (X, y), results with a scalar being

the measure of the presence of the signature efeisit The result is an abundance measure fordas$ that in each
pixel estimates the proportion of that class witthie pixel.



5.2 Logistic Regression

Logistic regression (LR} is developed for dichotomous problems where zetartpss has to be distinguished from the
background. LR estimates the conditional probabdft an event (current pixel belonging to the targass) occurring
using the independent variables (the extractedufeatin our case). The odds of this probabilitypirel (X,y) is
modelled by:

b, loF(x y) k
1. px,y(tgt‘F(x, y)) =exp b, +  bLF(xY)

i=1
with F(X, y) the vector of available features in pixel x,y, d&h@,y) the value of thé"ifeature at x,y.

The model parametely’s are estimated by maximizing the logarithm of thikelihood function based on the training
set. The log-likelihood function is given by:
N
vay(b) = {ti In[vay(tgt vay)]+(l- ti) In[l- vay(tgt Fx’y)]}
i=1

The change of this function when adding a featsiesed to determine the significance of the consitiéeature.

In order to identify a subset of features that goed predictors of the dependent variable, stepwidection of the
features is used. The iterations stop when adaingw feature to the model does not imprQ\X@(b) significantly. The

step-wise LR performs a feature reduction by addimg by one feature into the model in order of easing
discriminative power.

Applying the model on the complete scene, a praoipabinage is created, in which the pixel valugi®portional to the
conditional probability that the pixel belongs kettarget class, given the set of retained featiites probability images
for the different classes can be combined intcaasification image by attributing to each pixel ttess corresponding
to the highest value in the probability image. Thigthod has been already successfully applied t& $Aage
classification®. In the present paper the probability images béllused as the input for the fusion.

5.3 Fusion method

In this paper a semi-automatic fusion method waslushe abundance and probability images of twoawié two LR
classifiers were examined by a human expert inrotdedetermine which “expert” (classifier) allows torrectly
distinguish each of the classes and to set a ltlweshold on abundance an probability in ordertiuce false alarms.
After applying these thresholds the results arersachfor each of the classes and a rule-class#iapplied to find the
fusion result.

6. RESULTS AND DISCUSSION

Table 1 presents the abundance or probability is#gat were selected for the different classesast ifor the fusion.
For roads and railways, both HyMap results are é¢natbwith the full-resolution SAR results. For glpes of buildings
they are combined with the lower-resolution PolS#eRults. This seems strange because the buildirgsetatively
small and one would expect that the high-resoluB&iR data will provide better results. We assunae this is due to
the fact that the PoISAR features provide an avetggplarimetric signature of the buildings while thigh-resolution
SAR present too many obstacles within the buildings

For all types of background only the PCA resultghaf HyMAP are used. For fields they are combinétth the two
SAR results and for grass they are sufficient @ntkelves to detect the class reliably. For the baileonly the high-
resolution SAR features are used.

As mentioned before, the logistic regression atsdgoms a feature selection. Table 2 and Tableo8vdhe features that
were selected by the LR for the high-resolution #relPoISAR feature set for creating the probabititages for each
class. The tables show the feature selection amlyhfe classes for which the corresponding SARufeaset was used



for the fusion. From Table 2 it appears that the liwe detectors (DarkL and BrightL) provide vegfavant information
because they are both selected for 4 out of 5edadaurthermore the original and the speckle ratl(8&) intensities
are both used in the classification for most ofdlasses. For roagthe speckle reduced data were not selected. e Tab
3 the different polarimetric decomposition parametee abbreviated by the first letters of the aund a number. For
the Cloude & Pottier decomposition, the names efghrameters are appended to the abbreviation “@Gath of the
decomposition methods was selected for at leasbbtiee classes. Most decomposition methods weed teg all of the
classes. This indicates that the different decoitipagnethods indeed provide complementary infoiomat

Table 1: Selected experts for each class

Class MF MF PCA LR LR
Hymap HiRes PoISAR

SAR

Roads X X X

Res. Congl. X X X

Res. Schist X X X

Res. Clay X X X

Railways X X X

Fields X X X

Fields2 X X X

Grass X

Bare soil X

Table 2: Features selected by the LR for the Hi-B&R data

Class Road Railways Field Field2 Bare
# Features 5 6 9 9 4
Feature Xw Xwv Xhh Xhh Lhv
List Lhh Lhh Lhh Lhh XwWSR
Lwv LhvSR XhhSR Lhv LhvSR
DarkL LwWSR XwSR XhhSR LwWSR
BrightL DarkL LhhSR XwWSR
BrightL LhvSR LhhSR
LWSR LwWSR
DarkL DarkL
BrightL BrightL

Table 3: PoISAR features selected by the LR

Class Res. Congl Res. Clay Res. Schist Field Field2
# Features 9 9 9 11 10
Feature Bar_3 Bar_1 Bar_3 Bar_2 Bar_2
List Hol_2 Bar_2 Hol_2 Bar_3 Bar_3
Huy_2 Hol_2 Huy_2 Hol_1 Hol_2
Free_3 Hol_3 Free_3 Hol_3 Huy_1
Kro_1 Free_1 Kro_1 Huy_2 Free_1
Kro_2 Free_3 Kro_2 Free_1 Free_3
Kro_3 Kro_2 Kro_3 Kro_1 CR
CPa CP_H CPa CP.a CPI
CP_(1-H)A CPa CP_(1-H)A CPL CP_HA
CP_HA CP_(1-H)(1-A)
CP_(1-H)A

Figure 5 shows the results of the fusion superiragam the RGB color composite of the Hymap imageah be seen
that most of the road network and the buildingsemewrrectly indentified. For some classes a postgssing could
improve the results. This is for instance the das¢he class “fields”. However, as this projecbidy interested in man-
made objects and the aim here is to detect chatigeppst-processing was not implemented.
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Figure 5: Results of fusion for all classes of iat, superimposed on Hymap RGB composite

Figure 6 shows the results of only the man-madeaddj By comparing the results of the classificafwesented in
Figure 6 to the original HyMap image presented igufe 1, one can see that in the large ‘white’ anethe Southern
part of the image only the residence schist roofingppearing. In the case where the roofing neltand the yard are
both cover by conglomerates, the classificationetlaspectra is insufficient and the supplementargnggrical
information from the SAR data is necessary to @wsise building in the scene.

The man-made objects were compared at the objeslt\wéth the ground truth map which does not caniaformation
about the type of roofing material of the building$herefore only three classes are of interestdgpaailways and
buildings. A threshold is applied on the size & tdhanged objects.

Road

Residence Conglomerate roofing
Residence Schist roofing
Residence Clay roofing

EOENC

Railway

Figure 6: Results of man-made object classificabbased on fused data

The results of the change detection is shown inr€id, the ground truth map with the original Hyniiaage at the top
and the results of the change detection superindposethe ground truth map on the bottom. Severahgbs were
found: in the southern part of the image a setesf buildings and some connecting roads were deteatkich were

found to be a newly constructed school. On thedothe image a problem with the ground truth majs watected: a
large area was indicated as building, while thataonly contains a few isolated large buildingsoTvew houses were
also detected.



7. CONCLUSIONS

Based on the results presented in this article avestate that adequate change detection of man-oigeets in urban
scenes was obtained by the fusion of features elbrifom SAR, PolSAR and hyperspectral data. Spedf§i it was
highlighted that SAR features are complementarth&ohyperspectral information and essential for smegle objects
classification that are made or covered by the saaterials as their background.

The fusion techniques applied in this study anditi@ge processing chain selected for this reseasre found to be
valuable tools for data reduction, feature sel@&céind fusion based classification.

The LR and MF proved to be a usable tool for cfasdion processes and can provide semi-automatecson of
features which allows, after further processing,¢hange detection of specific land cover objects.

The introduction of spatial information into thesfon process should be further investigated.

. Road |:| ResidenceD Railway. Track

|:| Road

|:| Residence Conglomerate roofing
[] Residence Schist roofing

B Residence Clay roofing

Figure 7: Results of change detection. Top: grotrath map and hymap image. Bottom: change detecésult
superimposed on the ground truth map
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