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Abstract— This paper describesa new method for superised
classi cation of multi-channel SAR data. Multi-channel SAR data
(multi-fr equency polarimetric, interfer ometric) offer a multitude
of differ ent types of information that can be used,among others,
asinput featuresfor classi cation. This paper proposesa way to
combine this information into a supervised classi cation scheme
using statistical methods. Becausethe different input features
have very diverse statistical distrib utions classicfeature selection
and classi cation methods are inadequate. We therefore devel-
oped a method based on logistic- and multi-nomial regression.
Thesetwo statistical methodsare lessdependenton the statistical
distrib ution of input data and which combine feature selection
with the search for an optimal combination of features. The
classi cation method proposedhere is supervised: a humber of
classeswas de ned and examplesof each class were gathered.
These were divided into a learning and a validation set. The
proposedclassi cation method is hierarchical: classeswhich are
dif cult to distinguish are grouped. In a rst step thesegroups
are separatedfrom eachother. In sub-sequentsteps,the groups
are further sub-divided. The separation betweendiffer ent groups
or classeds basedon logistic and multi-nomial regression,which
nd the bestcombination of featuresto make the separationand
at the sametime perform a feature selection. The combination
results in a “detection image” for each class. Majority voting
is used to combine the detection images into a classi cation
map. The method is applied to a project on humanitarian
demining. For that project a set of multi-channel SAR data,
including polarimetric and dual-pass interferometric data at
differ ent frequencies,was acquired using the E-SAR system of
the German AerospaceCentre (DLR). The aim was to classify
differ entland-cover classeghat arerelevant for deciding whether
a region is potentially mined or not. Classestypically include
"Abandoned Agricultural Land”, "Used Fields”, etc. The classes
were de ned by interviewing experts of a Mine Action Centre.
A ground survey mission collected the necessaryground-truth
information for each class.Results of the proposedclassi cation
method are showvn and evaluated.
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I. INTRODUCTION

This article presents new methodfor supervisealassi ca-
tion of multi-channelSAR data.The methodwasappliedto a
projecton humanitariardemining.A setof multi-channelSAR
data,including polarimetricanddual-passnterferometricdata
at differentfrequencieswasacquiredusingthe E-SAR system
of the GermanAerospaceCentre (DLR). The imagesfrom
differentbands(P, L , C and X-band) cover the sameregion
but eachband has a different spatial resolution. Geocoding
informationwasalsoprovided. Therelevantland-cover classes
werede ned by interviewing expertsof a Mine Action Centre.
A groundsurwey missioncollectedthe necessarground-truth
information for eachclass.

For classi cationof polarimetricSAR images severalunsu-
pervisedapproacheblave beenproposedbaseddn variouspo-
larimetric decompositiormethodg1]. The mostusedmethod
is the decompositiorof CloudeandPattier[2]. In this method
the polarimetricinformationis corvertedinto threeparameters
(entropy H, -angleand Anisotropy A) to which the authors
have associatedin elegant physicalinterpretation.They sub-
divided the featurespaceformedby the threeparameterénto
regionsthatcorrespondo distinctscatteringoehaiours. How-
ever, the exact bordersof thesedifferent regions dependon
mary factors.Differentmethodsveresuggestedo make these
borders e xible. In [3] the samplesin the feature spaceare
regroupedbasedon the complex Wishartdistribution. In [4] a
superviseatlassi cationmethodbasedn neuralnetworksand
fuzzylogic is usedto learnthe classbordersfrom the available
learning samples.The advantageof the approachproposed
in [4] is that other input featurescan be easily addedin
orderto increasehediscriminationability of theclassi cation.
In [4] thelargesteigervalue( 1) of the polarimetriccoherence
matrix and the interferometriccoherence are added.

We recently developed[5] an approachbasedon logistic
regressionwhich considerseachclassseparatelyand tries to
distinguishit from all othersby combiningthe input features
into a non-linearfunction, the logistic function. The method
allows adding features easily Moreover, for each class a
"detection image”, with a well-de ned statistical meaning,
is obtained.The value at eachpixel in the detectionimage
for the learningsetrepresentshe conditional probability that
the pixel belongsto that class,given all input features.The
detectionimagesare interestingas suchfor the humanphoto
interpretersworking at the Mine Action Centre.The logistic
regressionwas carried out using Wald's forward, step-wise
method.In this method,at eachstep, the most discriminant
featureis addedandthe statisticalsigni cance of addingit to



the modelis veri ed. The methodthus implicitly performsa
featureselection.

In order to improve the developedmethod,in this paper
we introduce a hierarchyin the classi cation: classesthat
are easily distinguishedare detected rst and sub-sequent
stepsof the classi cation only considerremaining classes.
Furthermorewe replacedthe logistic regressionby a multi-
nomial regression for distinction between more than two
classesor groupsof classes.Multi-nomial regressiontakes
into accountconstraintsbetweenall classesinvolved in the
classi cation stepand givesbetterresults.

I1. INPUT DATA
A. Overviav of the SARdata set

The methodwas appliedto a projecton humanitariardem-
ining for which the GermanAerospaceCenterDLR acquired
E-SAR dataat 4 differentfrequenciesP-bandandL-bandare
full-polarimetric, dual-passnterferometricwhile dueto ight
time limitations, for C- and X-band only VV-polarisationis
available. All datawere deliveredas SLC dataand geocoded
amplitudedata.They were acquiredfrom parallel ight paths
and cover approximatelythe sameregion. However the pixel
spacingin the SLC dataof differentbandsis not the same.
Togetherwith the data,we thereforealso received geocoding
matricesthat enableus to extract polarimetric and interfero-
metricinformationusingthe SLC dataandgeocodeheresults
afterwards.

B. Derivedfeature set

From the input SAR data several input featureswere de-
rived:

Radiometricinformation: valuesin the specklereduced
log-intensityimagesof eachfrequeny andeachpolarisa-
tion (8 features).The specklereductionmethod[6] com-
binesa contet-basedocally adaptve wavelet shrinkage
and Markov RandomFields to limit blurring of edges,
by incorporating prior knowledge about possible edge
con gurations.

Polarimetricinformation: provided by the parametersf
the Cloudedecomposition2] (H, -angleand ;). i
is the largest eigervalue of the polarimetric coherence
matrix. Theseareavailablein P- andL-band,resultingin
6 features.

Interferometricinformation: From the pairs of dual-pass
interferometricimagesthe interferometriccoherencd )
is calculated.This resultsin 2 features( | and p )
Spatial information: Some basic spatial information is
includedin the featurelist. It consistsof the resultsof a
bright anda darkline detector{7]. Theline detectoruses
a multi-variatestatisticaltestfor detectingline structures
andis appliedon the 8 specklereduced geocoded|og-
intensityimages.Theseinput channelsaretreatedby the
detectoras a single vectorialinput and a single resultis
obtainedfor thedarklinesandanotherfor the brightlines
(2 features).

The polarimetricandinterferometricfeaturesvere determined
on the slant-rangeSAR dataand then geocodedThe speckle

reductionwas applied on the geocodedimages.In total 18
input featuresare available.

C. Ground-truth

A groundsurwey missionwas organisedto acquireground
truth, i.e. the relevant classesf land cover in the scenewere
determinedand for eachof them exampleswere given. The
ground-truthobjectswerethendividedinto a learningsetand
avalidationset.Both setscontainaround200 objectsfrom the
test-site Thelearningsetwasusedto determinghe parameters
of the logistic and multi-nomial regressionat differentstages
of the classi cation. Table | shaws the classesusedfor the

TABLE |
CLASSESUSED IN THE LEARNING SET

Nr | Name Nr Name

C1 | Abandoned.and C7 | Roads

C2 | Fieldsin usewithout Vegetation || C8 | Pastures

C3 | Fieldsof Barley C9 | Forests

C4 | Fieldsof Wheat C10 | Water

C5 | Fieldsof Corn C11 | Hedges/Shrubs
C6 | Residentialarea C12 | RadarShadws

learning set. For the validation set someclassesare meiged
becauseheir distinctiondoesnot give relevantinformationto
thedeminersThedifferenttypesof crops(C3,C4 andC5) are
mergedinto a class”Fields in usewith vegetation”and class
C9 (forests)is memged with C11 (hedgesand shrubs).The
reasonto keepthemseparatdor the learningstepis to avoid
complicatingthe classi cation task by having heterogeneous
classes.

I1l. STATISTICAL METHODS

The classi cation schemeuses two statistical methods:
logistic regressiorand multi-nomial regression Both methods
offer a way to combinethe different input featureswhile at
the sametime performinga featureselection.

A. Logistic Regression

Logistic regression[8] is developedfor dichotomousprob-
lems where a target classhasto be distinguishedfrom the
background.The methodcombinesthe input parametersnto
a non-linearfunction, the logistic function, de ned as:

P
expl o+ gFi(Xy) il
1+expl o+ Fi(xY) il

Pxy target] 'F is the conditional probability that a pixel
(x,y) belongsto the consideredclass(target class)given the
vector of input features(F ) at the given pixel. The logistic
regression(i.e. the searchfor the ) was carriedout using
Wald's forward step-wisemethod.In this method at eachstep,
the most discriminantfeatureis addedand the signi cance
of adding it to the model is veri ed. This meansthat not
all featureswill necessarilybe includedinto the model. The
logistic regressiorthusgivesan optimal combinationof a sub-
setof input parametersindalsoprovidesan objective method
for determiningtheimpacton the classi cationof addingeach

Pxy targetj|F = (1)



parameteto the model. Applying the obtainedcombinationto
the completeimage set, a new image - a “detectionimage”
- is obtained,in which the target classunderconsideratioris
bright andthe backgrounddark.

B. Multi-Nomial Regression

Multi-nomial regressionis very similar to logistic regres-
sion. It is usedto distinguishmore thantwo classeslin the
multi-nomial regressionall classesare consideredht the same
time. The last classis the so-calledbaselineclass(j ). This
time a setof combinationsof input featuress found suchthat
SXPLoj + i F(XY) il

kej €XPL ok i Fi(Xy) ikl

2
for thenon-baselinelasseswherethe sumin thedenominator
is over all classesgxceptthe baselineclass,and:

! 1
Class jF = p p
3 1+ e; explox i Fi(Xy) ix]
3)

o1
pxy ClassjF = 1T

Px;y
for the baselineclass.

IV. IMAGE CLASSIFICATION METHOD
A. Classi cation Tree

Fig. 1 presentsan overview of the classi cation tree used
in this project. At the rst level logistic regression(LR) is
usedto separatethe group of “Forestsand Hedges” from
all other classesForestsand hedgesare separatedrom each
otherusing againlogistic regression.For separatinghe other
classesnulti-nomialregressiofMNR) is used.Theadwantage
of the hierarchical approachis that at each level the full
discriminatve power of the input featuresis focussedon a
sub-problemof the classi cation.
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Fig. 1. Overviewv of the classi cationtree.

B. Majority voting

Whenthelogistic or multi-nomialregressioris appliedto all
pixels of animageset,a “detectionimage” for the considered
class(es)is obtained.The pixels in thesedetectionimages
representhe conditional probability that the pixel belongsto
the classgiven all input features.The detectionimagesare
combinedinto a classi cation using majority voting, i.e. in
a neighbourhood(typically 3x3) of each pixel the sum of

conditional probability for eachclassis determinedand the
pixel is assignedto the class correspondingto the highest
sum. Note that this majority voting hasto be performedat
eachlevel of the tree and the derived decisionis usedas a
mask for the classi cation on the next level. Although both
methodsgive conditional probabilitiesit is not possibleto

compareprobabilitiesobtainedat differentlevels of the tree.

V. RESULTS AND DISCUSSION

In Figure2 the resultsof the methodareshowvn: gure A is
the polarimetricL-band E-SAR imageafter specklereduction
of a part of the test site, in g. B. the detectionimage for
the class “AbandonedLand” is shavn and Fig. C is the
nal classi cationresult. Using the validation seta confusion
matrix was calculated(table Il). From this matrix statistics
were calculatedfor the validationandalsoshawn in the table.
Besidesthe conditional kappacoefcients ( ) [9] calculated
per class,the users and producers accuracieJUA and PA)
arealsogivenin tablell. The UA is the ratio of the number
of pixels correctly classi ed as a given classi to the total
numberof pixelsbelongingthatclass,.e.thediagonalelement
of the confusionmatrix divided by the sum of the elements
in the column. This is relatedto the probability of detection.
The PA is the complementaryi.e. the ratio of the numberof
pixelscorrectlyclassi edasagivenclassi to thetotal number
classi edasthatclass.Thisis relatedto the probability of false
alarms.

Conf (i; i)
UA(GCi) = 4
) =1 Conf (i; ) “
Conf (i; i)
PA(Ci) = 5
() szl Conf (j; i) )

whereN is the numberof consideredclassesA high UA
anda low PA meansthat mostof the pixels belongingto the
consideredclasshave beencorrectly classi ed but that there
aremary falsealarms.

Table Il shawvs that good results are obtained for most
classesAn importantexceptionis C2 (Fieldsin usewithout
vegetation). This class seemsto be heavily confusedwith
C8(pastures)Most pixels belongingto classC2 areclassi ed
asC8, while someof the pixels belongingto C8 areclassi ed
as C2. This explains the low PA for C2 and the low UA
for C2 and C8. The relatively low value for the PA of C6
(residentialareas)s probablydueto thefactthattheseregions
arenot homogeneoufor a SAR. Theresidentialareasindeed
include buildings, with double bouncere ectors and shadev
areasas well as empty spacesbetweenthe buildings that
cancontainvegetationor asphaltedsurfaces.The introduction
of textural featuresmight reducethis problem. The low UA
for roads(C7) is due to majority voting. While the majority
voting is useful for region-like objects,it presentsproblems
for narrav linear features.A more intelligent generalisation
methodshouldbe usedasthe nal stepin theclassi cation. If
the majority voting would be replacedby a context dependent
method such as Markov RandomFields (MRF) [10], [11],
it is expectedto improve the resultsfor the linear objects.
This will be investigatedfurther. Note that most of the river
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Fig. 2. Resultsof the method:A: part (1.3km
image” for abandonedand, C: classi cation results

at the left of the image hasbeenclassi ed as shadav. This
was expectedbecausehe river is borderedby treesand the
radarlook directionis from right to left. It doesnot in uence
the confusionmatrix becauséoth learningand validation set
were constructedn orderto avoid selectingshadav regions.
However, for the creation of a land-usemap it would be
interestingto “infer” the presenceof the river in the linear
region classi ed as shadav. This requiresspatial contextual
reasoningand will alsobe explorer further.

1.5 km) of the specklereducedpolarimetricL-bandimage (R:HH, G:HV, B:VV)
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V1. CONCLUSIONS

This paper presentsa new method for supervisedclas-
si cation of multi-channel SAR images. The approachis
hierarchical and feature-basedVarious featureswere used
that representradiometric, polarimetric, interferometricand
spatial information. The proposedclassi cation method is
hierarchical: classeswhich are dif cult to distinguish are
grouped. In a rst step these groups are separatedfrom
eachother In sub-sequensteps,the groupsare further sub-



TABLE 1l

CONFUSION MATRIX, UA, PA AND

- COEFFICIENTS OF FINAL RESULTS

Confusion Classi cation Classes PA(%)
Matrix C1l Cc2 C3-5 C6 C7 C8 C9,11 C10 C12
C1l 42617 9003 1237 1 300 14355 432 114 181 62.45
C2 2488 1080 1236 201 993 10651 5575 320 31 4.78
Validation | C3-5 8141 119 24197 295 136 3815 4271 127 93 58.74
C6 7 72 769 1779 528 67 1810 2 346 33.07
Set C7 26 36 75 105 639 96 131 140 119 46.74
C8 1219 7107 277 0 665 12461 480 68 56 55.80
Classes C9,11 903 60 2103 179 261 277 23616 210 479 84.08
C10 44 8 67 5 152 3 345 3114 591 71.93
C12 36 17 488 60 102 98 1411 354 4270 62.46
UA(%) 76.81 6.17 79.47 67.77 1692 29.79 62.03 69.99 69.25
0.4807 -0.0433 0.5134 0.3218 0.4572 0.4413 0.8034 0.7130 0.6127

divided. The separatiorbetweendifferentgroupsor classess
basedon logistic and multi-nomial regression.Both methods
combinefeatureselectionwith the searchor the classi cation
function andresultin detectionimagesfor eachclass.These
are then combinedusing majority voting to obtain the nal
classi cationresult.

The methodis appliedto a project on humanitariandem-
ining where extensve ground-truth has been acquired for
both learning and validation. The resultsare validatedusing
statistical measurement®n the obtained confusion matrix.
Most classesare correctly classi ed. A notevorthy exception
is the class” elds in usewithout vegetation”which is highly
confusedwith the class “pastures”. The input featuresdo
not containinformation that allows to distinguishthesetwo
classesFor linear objectsit is likely that the resultscan be
furtherimproved by replacingthe majority vote by a MRF in
the classi cation schemeThis possibility will be investigated
further
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