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Social Economic Aspects
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- fair trade
- worker's benefits

SOCIETY

-Standard of living
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-Jobs

-Equal opportunity

ECONOMICS

-Growth
-Profit

-Cost saving
-R&D

SUSTAINABILITY /

Social Environmental;
- Conservation policies
- Environmental justice
- Global stewardship

Environmental Economic
- energy efficiency

- renewable fuels

- subsidies, incentives

- green technology

ENVIRONMENT

-Natural resource use
-Pollution prevention
-Bio-diversity
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ABSTRACT

The Lower Saxonian Elbe Valley Biosphere Reserve is part of the UNESCO Biosphere Reseridbé River
Landscap€, and used mainly for agriculture. One of tasks of the Biosphere Reserve Administration is to develop
sustainable forms of land use which requires comprehensive updated land cover maps. Land use maps are hard
to produce because of surveying costs and time. Nevertheless, these large areas need to be monitored. Ter-
raSAR-X images are used to establish agricwral land use maps. In this study, two areas are selected within the
Elbe Biosphere Reserve situated around the oxbows Wehninger Werder and Walmsburger Werder. Multi tem-
poral classification methods were used to identify the different crops using maximurikélihood classifier for the
years 2010 and 2011. The crop classifications were used to evaluate the effect of the number of images, the neces-
sity of polarizations, and the consequences of some missing images within the crop calendar. These classifications
were analyzed to estimate producer accuracy and Kappa index for each crop besides the overall accuracy for
each agricultural land use map. The study shows that using dual polarization imagery enhances producer &acc
racies for many crops over the single pakization imagery, and demonstrates the importance of using frequent
images during the cultivation period.

KEYWORDS
Agricultural Land Use Elbe River; Multi Temporal Classification; Terra SAR-X; UNESCO Biosphere Reserves

1. Introduction environmentallyfriendly agriculture, regional marketing,

. low-impact tourism, and an educational program f@- su
As a part of the UNESCO Biosphere Resett#usst ; . .
. . tainable devel t (ESD), lud h and
andschaft Elbe (Elbe River Landscape) the floodplains ainable development (ESD), including research an

fmonitoring activities [2]. Within Germany as a whole,

of the Lower Saxonian Elbe Valley are representative Ofie bbsphere reserves cover akh@s of the land area,

one of the largest European river landscapes as shown \Hcluding 15 territories designated as UNESCO bio-

Figure 1. Elbe River is the fourth largest river basin in gppere reserves. They represent vital habitats, the diver-
Europe after the Danubethe Visla, and the Rhine. The gty of fauna and flora, typical landscapes including
Elbe River flows through four countries namelyr&e  mainly farm land located in the rural areas and cultivated
many, the Czech Republic, Austria and Poland. 65% ok giferentlevels of intensity as stated on the UNESCO
the river basin lies in Germany [1]. The Elbe River Land \yepsite

scape Reserve has a total area of 343baad stretches  http://www.unesco.org/new/en/natussliences/environ
along 40 kilometers of the course of the Elbe River. As ment/ecologicabciences/biosphereserves/

a UNESCO Biosphere Reserve it is a model region for The Elbe River Biosphere Reserve in Lower Saxony
sustainable development, which aims to achieve a balreaches from Schnackenburg in the s@atht at Elbdam
ance between the interests of environmental protectio72.5 to Hohnstorf in the norhest at Elbekm 569. The
and of social and economic development. It o8  Elbe River kilometrage starts with zero at the Cz8ekh
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Figure 1. Major Rivers in Europe and the Elbe basir1]. Figure 2. Distribution of land use and land cover in the Elbe
River Biosphere Reserve in Lower Saxony. Source:
man sate border, the numbers grow in the upstre&m d UNESCO website
rection on the Czech side, as well as in the downstrearhttp://www.unesco.org/new/en/naturalsciences/environmen
direction on the German side [1]. The terrain of tee r Uecologicatsciences/biosphereeserves
serve ranges from 5 m to 109 m above mean sea level. It

covers a total area of about 570 square kilometers. As ;sts;;ﬂed Ogl %L?’e?s'tfp (aldata/64/R ok ;
historically cultural landscape the floodplains are used in p-rivanv. Gl de/eo/envizortaida esources/dokumen

. . - . . . i
various ways with a predominance of agricultuaaid e/TSX_brosch.p b_rosch (:?Far_gh.alyet. aI_showed the eﬁectlyeness
o : . of TSX images in distinguishing between aquatic weed
use[3]. The variation in the current land uses is shown in

Figure 2. A big division of 68% is covered with agrieu types over lak&yoga [14]. Lohmann et aglso dema-

i strated the efficiency of these images in determining the
tural fields and grassland areas. Numerous researcheﬁ y g 9

; fferent types of crops within agricultural fields near
have reflected on land use effects on the environmen yp P 9

4-6]. Reai dri oIy the biosoh anover, Lower Saxony [15].
[4-6]. Regions around rivers, mainly the biosphere areas, Previous studies investigated crop production and land

must be monitored to avoid environmental problems thahse maps using ENVISAT imagery. Some studies rec
might affect the multiple ecological, economic and socialOmmended the use of an appropriéte range of images

functions of those areas [7]. Pasture land situated in thg iy a time series according to the croglendar, to
recent flood plain is affected lmpntaminated suspended ,chieve better classification results than using all of the
sediment loads deposited during flooding which CaNimages [16]. Many fields are cultivated by more thaa o
cause soll, crop, _and fodd_er pollution [8]. On the other; pe of crop during the year. Thus, such succession is
hapd araple land is a possple source for groundwate_r andifficult to model because it is controlled by phenalog
soil pollution. This floodplain has suffered from major -5 and ecological courses. Tavakkoli et sthow that
flooding such as the 2002 flood, which caused hugeysing all of the images without considering the crop ca
damage in hazardous areas of the Elbe catchment. Thys,dar resulted in less produ@arcuracy [17]. ENVISAT
many studies have been conducted to improve flood I‘iS|fmageS have a and signal which passes partially
management schemes for the Elbe basihl[P through vegetation cover. This might lead to classific
Planning the development of sustainable forms of landijon errors where the signals are influenced by the soil
use, he Biosphere Reserve AdministratioNiédersach  surface under the vegetation cover [18]. Thus some stud-
sische Elbtaladerequires updated, comprehensive maps.ies recormend using higher frequency signals such as
Surveying costs and time make it difficult to produce X-band where the signals are more reflected by the
land use maps in the field [1&s an alternative, satellite vegetation cover [16]. This enables better crop classifica-
images can be used to provide tleeewsary information.  tion results where the classification process identifies
As countries in Europe are usually covered with cloudspatterns of similar characteristics according ® ¢ore-
RADAR images are widely used to overcome weathersponding observed backscattering response and their
problems. These images attest to be functional in genertemporal progress.
ating land cover maps [13]. One of the most recent effec- This study identifies the agricultural land uses within
tive image typess TerrdSAR-X images (TSX) equired two study areas. These areas are located within the Low
by the German Earth observation satellite, {azired 15 er Saxonian“Elbe River Valley Meadows Biosphere
June 2007. It flies over the same location every 11 daysReserve in Gerany, around two oxbows the Wehninger
It uses an XvbandSAR with 31 mm wavelength and 9.6 Werder, and Walmsburger Werder (Werder = oxbow) as
GHz frequency providing highuality topa@raphic n- shown inFigure 3. Spotlight Terré&SAR-X images in
formation for commercial and scientific apmtions  dual polarization (HH, VV) are used to monitor the two
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2.2. Data Collection

The used TSX images were acquired witkine period
from March2010 to Novembe?011 as listed iffable 1
The images are Dual Polarization Spotlight Products.
They are high resolution spatially enhanced images with
a descending angle of 4&vhich leads to higher range
and azimuth pixel spacing ofr.. The incidence angle of
25 (@nables only 1.5n range and azimuth pixel spacing.
It was planned for this study to acquire images each 22
days, however, due to some operational reasons, some
images could not be taken. Over Walmsburger Werder,
there was a great gap of 66 days in 2010 during the
growing period of most of the crops cultivated there,
Figure 3. Location of study areas within the Lower Sap- ~ While in 2011 there were two gaps of 44 days. Over
nian Elbe River Biosphere Reserve. Wehninger Werder, the images had no gaps.

The accessible fields covered by these images were
areas. HH means horizontal transmit and horizomal r surveyed to determine the crops cultivated there. In year
ceive, while VV means vertical transmit and vertiead r 2010, the fields were visited once in June. About 50
ceive. The images are used to produce several propefields were surveyed around Walmsburger Werder
classifications which identify the crogsiltivated in the  year 2011, field visits were conducted nidptto several
investigated areas based on the field visits. The producertachable and representative areas on similar dates to the
classifications are analyzed to evaluate the parameterscquisition times. Previous research had recommended
which affect the producer accuracy of each crop in parsurveying a greater number of fields in order to increase
ticular: polarization type, the number of manipulated the validity of the obtained preliminary results [21].
images, imageegularity, filter type, maintaining crop Therefore, more thal50 fields were visited around
calendar, and the size of surveyed fields. The SurveyeWalmsburger Werder taling 1550 hectares representa-
areas are large accessible fields. 50% of the surveyegve of 80% of the arable land within this area. In addi
area is considered as test fields. The test fields are agon, about 300 fields were investigated around Wehnin-

sumed to be remote inaccessible areas. ger Werder covering about 1860 hectares represefilivtg

) of the arable land. Major crops cultivated during tiee p
2. Methods and Materials riod from March to October were barley, wheat, rye,
2.1. StudyArea rye-grass, maize, potato, sugaget root, rapeseed, and

_ sunflower. Rye, wheat and barley have similar texture
Two study areas are selected around the Wehninger Weyhich causes similar back scatter values over the radar

der between Elb&ilometer (505- 520), and Wals-  jmages; hence they are grouped together in the cate
burger Werder between Elis@lometer (533 - 543)

within the Lower Saxonian Elbe River Biosphere-R Table 1. List of acquired images and calendar date of land
serve Figure 3). Both areas are bearing several types ofinvestigations
land use including urban and rural regions with agricul-

Walmsburger Werder Wehninger Ground

tural land use dominant. The river floodplain produces No Werder 2011 Tuth
high quality hay. Thus usually these meadows are mown 2010 2011 Date
once or twice a year,eppending not only on weather 1 26"March -

conditions and flood events, but also on the Biosphere 2 30" April 17 April s

Reserve regulations to protect the fauna and flora within 3 ... ..

this particular environment [19]. The produced hay is ,  ___ 31%May 6" June June
used for feeding livestock if it is not contaminated or for

Biogas production if it is contaminated [20]. 30% of this > 5" uly 22" June 28" June

area is covered by forests, which must be maintained to 6 273y 20" July July
ensure the sustainability of the flood plain environment. 7 18"August ~ 5"August ~ 11"August  August
Over 65% of this area is covered by agricultural fields 8 9"September 27"August 2" September

and grasslands which are stered the main possible 9 18" September24" September September

sources of environmental pollution as well as they are
possible sinks for flood borne contaminations. This study
therefore focuses on this part of the Biosphere Reserve.

10 239October 10" October 16" October  October

11 14" November 1% November 7" November
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gory of cereals. Grass is harvested for animal feed oifable 2 List of crop types and number ofused fields in

used as pasture land, and is considered as one of tf@sting the classification results.

crops and called grassland. In 2010, the agricultural lanc

Survey 2010

Survey 2011

use classifications were generated for 6 types of crops
including grassland. In 2011, classifications wer@-co

Walmsburger Walmsburger Wehningel

ducted for 7 crops beside the grassland. The fields wer¢ €™P TYP€ ™ jariog
divided into training fields group whiclwvere used as
reference data, and a testing fields group which were

used for assessing the accuracy of the produced classif
cations. These test fields were assumed as remote in i
accessible areas to test the possibility of considering the
classificationof the real remote areas. The list of the CrasslancMar-Nov.
number of investigated fields for each crop and the Maize May-Nov.
number of the training fields, and the testing fields is Sunflower Mar-Nov.

presented inTable 2 The spatial allocation of these

fields is shown irFigure 4.

2.3. Image Processing

TerraSAR-X images are known for speckle noise prob
lems which affect the accuracy of classification results

Cultivation Werder Werder Werder
2 . - 2 . - 2 . -

= = =
Cereals Mar-Aug 4 6 10 17 30 47 46 60 106
Ryegrass Mar-Aug. 0 0 O 1 2 1 2
1 2 3 21 33 54 29 43 72
4 6 10 9 10 19 36 43 79
0O 0 0 4 6 10 1 1 2
Potato Mar.-Sep. 3 3 5 11 16 2 3 5
Rapeseet Mar-Aug. 5 7 12 3 4 7 9 21 30
Sugarbee Mar-Oct. 3 3 6 2 2 4 2 2 4
Total 20 27 47 62 97 159 126 174 300

equal to the local mean and variance of all pixels within

[18]. These speckle noises are due to coherent SUPETPOshe moying window. This preserves image sharpness and

tion of multiple backscatter sources.eféfore, speckle

details while suppressing noise [23,24]. Many images of

reduction must be aPP“ed to the images in order 0 rfethe sameocation are taken at different frequent dates.
move the speckle noise. The TSX images must be fil 1,5 multitemporal speckle filtering is applied to-e

te_red n ordgr tp remove or decrease these n0|ses-t9 peﬁloit the spacerarying temporal correlation of speckle
mit better discrimination of scene targets [22]. Lee filter o aan therhages, which reduces the system inherent

is an adapve filter which is based on the assumption

multiplicative noise. The D&randi filteris an optimum

that the mean and variance of the pixel of interest §yeighting filter which was introduced to balance diffe

Figure 4. Distribution of different crops over the inspected
fields around Walmsburger and Wehninger Werdet

OPEN ACCESS

ences in reflectivity between images at different times.
This enhances the image sharpness and enables ydentif
ing more details [25].

For both study areas, the images with both theitiacq
sitions were coregistered to correct for relative ti@nsl
tional shift and rotational and scale differences through
performing spatial registration and potentially resampling.
This was done using SATAPE module of the ENVI
program after importing them aBerreSAR-X standard
formats. The coregistered images were geocodedoto pr
vide a radiometric calibration and a cartographic refer-
ence system. The images were filtered in order to remove
or decrease the speckle noise using Lee and Degrandi
filter as mentiord before. The lee filter was applies-u
ing ERDAS imagine software through the Speckle Sup-
pression option under Radar Interpreter menu. Thé coe
ficient of variation for the subset of the geocoded images
was calculated for each image. The Lee filter was s
lected from the list of available filters and the coefficient
of variation value was inserted. The window size was set
to 7 pixels. The filtered images were stacked together to
have one image consisting of 14 layers presenting 7 dates
in both VW and HH polazation for Walmsburger
Werder in 2010, and 18 layers presenting 9 dates in 2011,
in addition to 16 layers presenting 8 dates for Wehninger

3G
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Werder in 2011. The aftt of using Lee filter on the im  2.5. Accuracy Assessment of the Classifications

age sharpness is shownFirgure 4. The DeGrandi Fit The produced classifications were analyzed using the

ter was applied usingARSCAPE Module under ENVI patial module under ARCGIS to estimate the distribu

program on the coregistered images. The resulted filtere I . L
images were stacked together to provide 3 images allon of the classifiation with respect to the crop distribu

stated before for Walmsburger Werder in 2010 and 2011t’|on within the test fields. The distribution results were

as well as for WehningaNerder in 2011. The effect of exported into dBase format and thus transformed into
this filter on the image sharpness is sh&)wnFi'gure 5 excel files to calculate accuracy assessment parameters

The DeGrandi image looks nepixilated, more he including the user accuracy for each crop, pheducer

mogenous and similar to the optical ones other than th@ccuracy for each crop, the Kappa index for the whole
Lee filter images. classification, and the total accuracy for the entire classi

fication [26]. The results of the produced classifications
2.4. Image Classification are presented and explained below.

Due to the limitation of the possible p(_)larizations _(HH, 3. Results and Discussions

VV) of the Terré&SAR-X sensor data, using only unique

date images for establishing the required agritural For each filter, 30 classifications were generated for the
classification is unlikely to achieve accurate results.Pilot area around the Walmsburger Werder in 2010, as
Therefore, multi temporal approaches were used to inWell as 38 classifications in 2011, in addition to 32 clas
crease the classification accuracy through enabling mapsifications around the Wehninger Werder in 2011. The
ping of temporal changes due to plant growth. The clasProduced classifications wemrssessedna the external
sifications were generated by stacking the differentProducer accuracy for each crop over the testing area and
available imagery into three images representing ihe d the total accuracy were estimat@ables 3and4 present
ferent acquired dates with the available polarization cov the accuacy assessment results for fields abithe
ering the crop period for both study areas. MaximumWalmsburger Werderni 2010 and2011 respectively,
likelihood classifier was used to identify the cultivated

crops using ERDAS Imagine. The classifications were

produced based on several afesnusing all available

acquired dates, besides attempts representing pagtial p

riods, in addition to attempts using single polarization.

Three crop calendar classifications were produced using

the Model Maker of ERDAS imagine to combine the

crops togetheaccording to their cultivation period for Figure 5. Effect of using Lee and De Grandi filters on re-
both study areas in 2010 and 2011. moving the speckle noises.

Table 3. External producer accuracy for each crop and the total accuracy at Walmsburger Werder using De Grandi and Lee
filter images in year 2010

External Producer Accuracy %

é De Grandi Filter image Lee Filter image

s s EE 818 5 EEincegtl
© 6 A B @ & © 5 3 3 € &

5 30Apr-27jul 67 79 36 96 60 81 73 61 85 38 90 51 82 71
5Juk18 Aug 55 78 51 97 59 77 67 48 79 41 88 54 74 62
8 30Apr-18 Aug 63 77 53 98 62 84 74 60 87 47 94 55 82 71
5 Jul9 Sep 66 69 57 87 59 81 73 58 84 43 76 56 74 65
10 30Apr-9 Sep 73 70 59 92 60 88 79 65 90 48 92 57 82 73
5Juk23Oct 78 73 59 90 73 88 82 69 91 48 81 57 75 71
30Apr-23Oct 82 72 62 98 73 93 86 71 92 52 94 58 83 77
12 5Jut14 Nov 78 71 60 91 74 92 83 69 92 50 82 57 78 73
14 30 Apr-14 Nov 83 71 64 98 76 96 88 72 93 52 95 58 85 78
CAL 74 78 62 94 76 89 81 70 94 52 94 60 79 75
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Table 4. External producer accuracy for each crop and the total accuracy at Walmsburger Werder using De Grandi and Lee
filter images in year 2011

External Producer Accuracy %

§ De Grandi Filter image Lee Filter image
5 Period - é g 8 g _ 2§ o g é g & 8 _
2 Tl iE s iizEriiizgiiger
o & = o 2 3 & 2 = O 5 = a 2 3 g > =
17 Apr-05 Aug 87 84 80 78 97 61 94 96 86 73 74 73 67 88 46 91 92 75
® 31May-27 Aug 87 82 83 77 8 51 73 9% 85 77 78 72 60 78 22 67 94 76
26 Mar-05 Aug 91 87 87 89 95 78 88 9 90 80 81 74 70 91 63 90 94 80
10 17 Apr-27 Aug 91 86 87 91 97 73 87 9 89 80 81 Y5 71 90 55 90 94 80
31May-18 Sep 91 83 88 92 35 45 74 97 87 82 81 776 81 61 24 67 96 80
26 Mar-27 Aug 91 87 87 89 95 78 838 96 90 80 81 74 70 91 63 90 94 80
12 17 Apr-18 Sep 93 87 91 95 43 67 86 96 91 84 83 79 87 78 54 89 95 84
31May-100Oct 95 84 8 89 37 50 78 97 89 87 83 76 78 59 36 70 96 83
26 Mar-18 Sep 93 88 91 91 42 72 88 9% 91 84 83 79 84 78 62 89 95 83
14 17 Apr-10 Oct 95 87 89 94 40 69 86 96 91 89 85 80 84 71 60 90 95 87
31 May-01 Nov 94 84 89 92 38 57 84 93 90 85 83 78 81 44 41 74 94 83
26 Mar-10 Oct 95 89 89 91 40 74 88 96 92 87 81 72 78 72 56 8 94 83
0 17 Apr-01 Nov 95 87 91 93 39 70 89 93 91 88 8 81 8 55 63 91 94 86
18 26 Mar-01 Nov 95 88 91 91 39 75 90 93 92 88 85 80 83 53 69 91 94 86
26 Mar-10Oct_HH 92 87 84 88 39 73 88 97 89 80 80 73 69 68 61 84 95 79
8 26 Mar-10Oct_VV 94 85 86 91 42 73 8 96 90 87 81 72 78 72 56 86 94 83
° 26 Mar-01 Nov_HH 90 87 86 88 39 75 91 93 88 77 82 74 71 56 64 86 94 78

26 Mar-01 Nov_VV 94 85 88 92 39 76 87 93 90 85 81 73 78 51 60 87 93 82
CAL 97 89 90 94 40 73 93 9 93 90 80 81 89 77 61 92 93 86

while Table 5 presents the results for the agricultural Wehninger Werder attain less producer accuracy when
fields around the Wehninger Werder in 20The class more images are used, althougging only VV polaria-
fication according to crop calendar was called CAL. tion leads to higher classification accuracy. Better results
According to Tables &, using De Grandi filter leads were achieved for the other copising both polare
to about 10% better classification results than using theions for both study areas and even for the-gnsss
Lee filtered images except for grasslands in 2010 wherdields around Walmsburger Werder. On the other hand,
Lee filter has better producer accuracy by about 15% asugarbeet root covering the fields from March till Octo-
shown in Figure 6 The best result is attained for potato ber around Walmsburger Werder has less producer accu-
fields cultivated around the Wehninger Werder, where itsracy when more laysrare used contradicting the crop
external producer accuracy is 100%. On the other handtalendar. In 2011, the classification result around
the worst result is gained for maize fields aroundWalmsburger Werder is enhanced by over 10% for the
Walmsburger in 2010 with only 36%. Moreover, the total producer accuracy with respect to 2010, as well as
sugarbeet root cultrated around Walmsburger Werder about 20% in case of cereal fields, and over 30% for
in 2011 has only 40% external producer accuracy. Thenaize as shown in Figure. 7
achieved producer accuracy result shows that using more Generally, the classificatis poduced according to the
layers improved the classification total accuracy for bothcrop calendar have higher total producer accuracy than
the Walmsburger and Wehninger Werder. However, it isusing all images with the exception of subeet root as
notapplicable at the crop level, as rgeass fields around stated above. For the arable land around Walngsy
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Figure 6. Summary of the producer accuray for the different crops and the total accuracy using both Lee and De Grandi
filtered imagery according to the crop calendar.

Figure 7. Summary of the producer acuracy for the different crops and the total accuracy using both Lee and De Grandi
filtered imagery according to the crop calendar around Walmsburger Werder in year 2010 and 2011.

Werder, usg images for the period from March ongar  a gap of 44 days instead of 22 days, caused slightly lower
usually leads to higher producer accuracies than usingroducer accuracies compared to the Wehninger Werder
images from April or May except for maize, as it is sownwhere a complete series of images from June until No
only late April or at the beginning of May. Thus, avail vember had been available. Moreover, the increase of the
ability of frequent images covering most of the crop cal gap to about 66 days decreased thestflaation produ
endar period results in increasitig classification aceu  Cer accuracy by about 10% in case of year 2010, particu
racies. This indicates that the classification redoltshe ~ larly because these 66 days fell into the growing season

Wehninger Werder can be enhanced by an image seridgr most of the plants. The external producer accuracies
taken before June. over the test fields were high. Hence, the classification

In year 2010, the use of images from April improves for the emote non accessible area can be trusted also.

the producer accuracy for cereals, rapeseeds, and potato .
fields. Yet, using the images starting from July improves ™ Concluding Remarks

the classification results for maize and stigeet root  Image filtering was essential for enhancing crop classif
fields. Missing an image in July for the fields cultivated cation results. The multi temporal filter De Grandi en
around the Walmsburger Werder in 2011 and thus havinghancedhe producer accuracy by about 10% compared to
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Table 5. External producer accuracy for each crop and the total accuracy at Wehninger Werder using De Grandi and Lee
filter images.

External Producer Accuracy %

é De Grandi Filter image Lee Filter image
%' Pefiod 8 E o 9 E g f: g _ 3 E o 9 E g i g _
2 BENEEEEEEEEEEREE N
O 5 = o 3 3 &s B = O 5 = o 3 3 ,5:‘5 2> =
06Jun20July 68 81 75 80 79 44 66 57 73 53 69 66 68 84 41 45 52 59
° 28JunllAug 55 80 69 45 82 73 57 58 66 79 85 84 95 96 92 68 57 81
06Jun_11Aug 92 91 91 100 96 95 89 50 91 57 82 67 71 87 59 50 53 66
® 28Jun02Sep 64 83 78 88 81 82 57 61 72 49 81 62 71 91 66 43 53 61
06Jun_02Sep 77 88 86 97 91 68 72 62 82 61 84 74 84 91 67 51 56 70
10 28Jun24Sep 68 85 78 98 89 81 60 47 74 55 84 70 85 96 65 46 54 66
06Jun24Sep 81 90 87 99 94 71 75 47 84 66 87 79 91 96 66 53 55 74
. 28Junrl70ct 83 89 8 98 90 85 82 43 85 68 90 74 83 96 70 63 56 76
06Junl70ct 91 92 90 99 94 77 90 44 91 78 91 81 90 96 72 71 58 82
H 28Jun07Nov 84 92 89 99 9 97 87 47 88 69 91 78 87 97 91 73 80 79
16 06Jur07Nov 93 93 92 100 98 95 92 48 93 79 92 82 94 97 91 79 80 84
06Junrl70ct_HH 74 87 81 96 89 55 74 13 79 61 86 73 76 94 56 55 30 70
! 06Junl70ct_VV 89 89 81 98 92 85 86 86 87 74 89 71 87 95 62 60 70 77
o 06Jur07Nov_HH 77 90 84 98 94 87 82 28 83 62 87 74 8 96 85 64 64 73

06Junr07Nov_VV 90 91 85 99 96 96 91 87 90 75 90 72 91 97 88 72 81 79
CAL 92 91 91 100 9% 95 89 50 91 79 85 84 95 96 92 68 57 81

the Lee filter. Using large ground truth data of over 150classification accuracy will be enhanced.
fields in 2011 enabled better classification accuracy than Finally, it is recommended to use frequent images in
using just 50 fields as in 2010. Using sequence imagedual polarization covering the whole cultivation period.
covering the growing season usually improved theselas The crops must be classified according to their castiv
fication results. Moreover, missing images within the tion period and then modeled together to simulate reality.
cultivation period decreased the attained classificationThjs study was conducted on accelesfields. Over 50%
producer accuracy. Furthermore, using dual polarizatioryf these fields were used as testing fields for evaluating
images enabled higher classification producer accuraCyhe external producer accuracy for the generated dtassif
than single polarization sets. cations. The classification result showed high external
As mentioned previously, the produced classifications, oqucer accuracy. Thus this method can be applied to
according to the crop calendar achieved more significarTEther renote areas. It is recommended to usually monitor
results than using all images for most of the crops excepfe whole Biosphere Reserve using TerraSARnages

for rye-grass around the Wehninger Werder and sugar, prevent any environmental problems due to misuse of
beet root around the Walmsburgeekler. Greategiro- these protected areas..

ducer accuracy was achieved for the-gyass fields

around the _Wehninger Werder if V_V polarization was Acknowledgements

used exclusively. The sugheet root fields around Wal

msburger Werder achieved the highest producer accuracy/e are greatly indepted to the administration of the Bi
using the image ses ranging from March until the end Sphere Reserve Niedersachsische ElbtalaugLower

of August. Hence, by combining the set used for predu Saxonian Elbe Valley) and the German Aerospacer€ent
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Abstract

Floods are one of the major hazards worldwide. They are the source of huge risks in rural and ur-
ban areas, resulting in severe impacts on the civil society, industry and the economy. The Elbe
River has suffered from many severe floods during recent decades.In this study, the zones flooded
during 2011 were analyzed using Terra SAR-X images and a digital elevation model for the area in
order to identify possible ways to mitigate flood hazards in the future, regarding sustainable land -
use. Two study areas are investigated, around the Walmsburg oxbow and the Wehningen oxbow.
These are located between Elbe-Kilometer (505-520) and (533-543), respectively, within the
Lower Saxonian Elbe River Biosphere Reserve. Those areas are characterized by several types of
land use, with agricultural land use being predominant. The study investigated the possibility of
using a Decision-Tree object-based classifier for determining the major land usesand the extent of
the inundation areas. The inundation areas identif y for 2011 submerged some agricultural fields
that must be added to existing flood risk maps, and future cultivation activities there prevented to
avoid the possible economic losses. Furthermore, part of the residential area is located within the
high flood zone, and must be included in risk maps to avoid the possible human and economic
losses, to achieve sustainable land use for the areas studied.
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1. Introduction

The Elbe River is the fourth largestriver basinin Europe afterthe Danube the Vistula, andthe Rhine[1]. The
Elbe runsthroughAustria, the CzechRepublic,Poland,and Germany.The river is about1094 km long, with
about727 km, or 66% of its length,beingin Germany.Theriver basinareacoversabout148000 km?. 65% of
the catchmenties in Germanywith anareaof about97,000 km? [2]-[4]. The Elbe hasseveralgaugego meas-
urewaterlevelsalongtheriver, asshownin Figure 1 [5]. The CzechGermanstatebordermarksthe zeropoint
for the Elbe kilometrage with the numbersncreasingn the upstreandirectionon the Czechside,andincreas-
ing in thedownstreandirectiononthe Germanside[1] [6].

The Elbe floodplain was designatedas a BiosphereReserve(FlusslandschafElbe) by UNESCQOin 1997.1t
consistsof four reservesnamelythe Biospharenreservaflittelelbe in SachsesAnhalt, the Biospharenreservat
FlusslandschafElbe-Brandenburgthe BiospharenreservalusslandschafElbe—MecklenburgVorpommern,
and the Biospharenreservatliedersachsisch&lbtalaue[7] [8]. The Elbe River BiosphereReservein Lower
Saxonyreachesfrom Schnackenburgn the southeastat Elbe-km 472.5,to Hohnstorfin the northwest,at
Elbekm 569, andhasan areaof about568 km?® The elevationof the terrainrangesfrom 5 m to 109 m above
meansealevel. The floodplainsare usedin variousways,with a predominancef agriculturalland use.Equal
portionsof 34% are coveredby agriculturalfields and grasslandareaswhile a portion of 22% is coveredby
forest. Therestis divided equallybetweenwaterbodiesandresidentialareaq9]-[11]. The Elbe floodplain su-
feredfrom large scalecenturyflooding in 2002, which causechugedamagéan hazardousreasof the Elbe cat-
chment.Consequentlymanystudieshavebeenconductedo improveflood-risk managemenplansfor the Elbe
basin[12] [13].

In Germany,21 peoplewere killed, 100 peoplewere injured, and 200,000peoplewere evacuatd from the
300km? inundationextentareaalong800km of theriver, resultingin economidossesf 11.6billion, causedy
thelargescalecenturyflooding in 2002[14]-[17]. Since2002,Germanyhasconductedseveraimeasureso im-
proveflood-risk managemenandreducethe flood hazardgd18] [19]. Therefore althoughthe two extremecen-
tury floodsin 2011and2013wereactually higherthanthatin 2002,they did not causeasmuchdamageasthe
onein 2002 [14]. In recentyears,flood protectionstructuresthroughoutGermanyhave beenextensivelyup-
graded. Flooding occurred in 2011 and resulted in damage in the catchments of the Rhine, the Danuber, the We

Figure 1. Gaugdocationsalongthe Elbe[5].
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andtheElbe.However,in spiteof the extentof the flooding, disastrousiamagedid not occur.Thetotal damage
was estimatedto be more than 100 million Euroin Germany,an amouwnt that was much smallerthanthe 11.6
milliard Euroin 2002, for example[12] [20]. Likewise,in someareas,damagewas minimal or almostcom-
pletely avoidedduring the floods in 2013.Neverthelessthe 2013 floods also causedsevereproblemsin other
areaseightpeoplewerekilled, and52,000 wereevacuatecrosspartsof the 200 km? drownedarea Jeadingto
alossof approximatelyl2 milliard Euro[21]-[23].

Comparingof theareasaffectedin 2013with existingflood hazardandrisk maps,onecanseethattheseflood
mapsareusuallyreliable[24]. However,someinvestigationsn floodedareasshowedthat somepeopleaffected
by theflood of 2013hadalreadyforgottenaboutthe damagehatoccurredn the 2002floods and,facedwith the
recurrentflooding in 2013, wereunableto dealwith the disastersincemany believedthey could only havein-
frequentexposureto centuryfloods[14]. Awarenesf flood risks playeda majorrole in how seriousthe dam-
agecausedy the 2013flood wasin anygivenarea.Thus,it is essentiathat peopleareawareof flooding asan
intrinsic part of their environmentan awarenesshat canbe achievedthroughflood hazardandrisk mapsthat
give them an idea aboutflood preventionand protectionplans[24] [25]. Thesemapsshouldbe mademore
widely accessibleand usedmoreactively. To ensureefficient useof flood mapsandrisk awarenesgrograms,
they mustbe integratedinto the planningprocessesor risk mitigation policies and new constructionprojects.
Therewasno real legislativelimitation on building new constructionin areasdesignatecgashazardou$y flood
maps.After the 2002flood, legislativelimitations were declaredimiting new settlementsn flood-proneareas;
however,they wereunderminedo a very considerablescaleby severalexceptionsThe extremeflood of 2013
andthe consequendamageslemonstrat¢hatnewflood risk managemenplansarerequired[14].

Floodrisk is the combinationof the probability of a flood eventandof the possibledeleteriousconsequences
to humanhealth,the environmentaindeconomicactivity associatedvith theflood event.Floodrisk management
includesthe comprehensivand continuousassessmergnd evaluationof flood hazardandflood risks, to miti-
gatethe floodsand/ortheimpactof floods. Theflood risk managememnprogramsntegratefive measuresane-
ly, prevention,protection,awarenessemergencyesponseand recovery.Preventionmeasureseekto prevent
damagecausedby floods by avoiding corstructionof housesand industriesin presentand future flood-prone
areaspy adaptingfuture developmentso therisk of flooding, by promotingproperland-use,andby adaptingo
changingrisk factorssuchasclimatechangeProtectionrmeasureseekto take both structuralandnon-structural
measures$o mitigatetheimpactof floodsin a specificlocationby constructiorof flood dikes,andearlywarning
systems.Awarenessmeasureseekto inform the populationaboutflood risks, settlementexpansionin safe
placesusingsuitableforms of constructionandwhatto do in the eventof a flood. Emergencyresponsaneas-
uresseekto developemergencyesponseglansin the caseof a flood. Recoverymeasureseekto returnto nor-
mal conditionsassoonaspossibleandmitigateboth the socialandeconomidmpactson the affectedpopulation
[26]-[29]. For effective and efficient flood risk managementomprehensivéinformationaboutthe existing ha-
zardsandrisks throughoutthe river basin,including flood type, the probability of a particularflood event(low,
medium, high), the flood extent,water depth,flow velocity and possibledamagesis required[26] [30] [31].
Therefore,flood mapsare useful tools that provide information abouthazardsyulnerabilities,and risks of a
givenarea.

Flood mapsincludeflood hazardmaps which identify the extentof floodedareasat differentflood probabili-
ties. Theyalsoincludeflood risk maps,which indicatethe possibleharmful consequencesssociatedavith floods
of differentprobabilities,especiallywhencorrelatedwvith land usemaps.Furthermoredetectionmapscanshow
the inundationextentsof former floods [30]-[32]. Theseflood mapsshouldbe includedinto spatialand eme-
gencyplanningbesidethe information from Geographidnformation Systems(GIS) to achievereductionand
mitigation of possibledamage[28] [33]. Historical flood detectionmaps,land usemaps,and other sourcesof
historicalinformationaboutformerflood areasare essentialn identifying flood hazardsandto createrisk maps
thatcanserveasa basisfor crucial flood protection,land zoning,anddevelopmentestrictionsin flood hazard
areas.In short,thereis a needfor up-to-dateflood detectionand land use maps[28] [34]-[37]. Furthermore,
flood-detectionmappingis requiredin manyapplicationssuchasdisastemanagementjsk damageassessment,
andrehabilitationprocessed:lood-mappingmonitoringtechniquesisepre- andpostsatelliteimagery[38]-[40].
Floodsoftenhappenn combinationwith heavyrainsanddensecloud coverwhich affectoptical satelliteimages.
SyntheticApertureRadar(SAR) imageryis not affectedby theseweatherconditionsbecausét doesnotrely on
sunlight,andthuscanalsobe usedat night. Hence, SAR imageryis especiallypracticalin flood detectionmap-
ping. Thereforetherearemanystudiesaboutusingthis type of imageryasa flood detectiontool [41] [42].
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Generally,flood mappingis obtainedusing image classification,where eachindividual pixel is classified
basedon all existinginformationusingthe grey valuesandspatialinformationof animage[26] [30]-[32]. The
satelliteimagerycanbe classifiedon a pixel-basedor objectbasedbasis.Pixelbasedmageprocessinglass
fies single pixels accordingto their spectralreflectance Objectbasedmageprocessindghastwo steps:segme-
tation andclassification.Segmentatioris the processof dividing animageinto a networkof homogeneougn-
ageobjectsby groupingtogethemeighboringpixelswith similar featurevaluessuchasbrightnesstexture,color,
etc. The segmentsdeally correspondo realworld objectsand containadditionalinformationrelevantto clas$-
fication, such as shape texture and relationshipsto neighboringobjects.Image texture providesinformation
aboutthe spatialarrangemenof color or intensities in animageor selectedegionof animage.The classifi@a-
tion of imageobjects(contextuaklassification)is carriedout after segmentationThe contextuaklassificationis
basednot only on spectralstatistics but alsoon the additionalinformationincluding shapetextureandnetwork
relationshipandthis enableshe segmentedmageobjectsto berelatedto land coverclassesContextualkclass-
fication offerssomeadvantagesvertraditionalclassification becausesegmentatiomeduceghe total numberof
elementghat needto be handledduring classification thus significantly reducingthe work neededo perform
classification. Moreover,classificationsegmentingvith homogeneousegionsreducessaltandpeppemoisein
theclassificationresults[35] [43]-[45].

Severalstudieshave investigatedthe effect of the surfaceroughnesson the radar backscatteringSurface
roughnesss the main factor affecting radarbackscatteringand determineshe angulardistribution of surface
scatteringas shownin Figure 2 [46]. The greaterthe roughnesof a surface,the morethe incidentradiation
will bebackscatteretb theradar;thus,theroughera surfacethelighterit will appeain radarimagery.Smooth
surfaceboundariessuchaswaterareasactasmirrors andscatterthe energyawayfrom the sensorln this case,
theangleof reflection, , is equalto the angleof incidence Jeadingto a very low signalreturn,in turn produc-
ing relatively dark pixelsin radardata.With anincreasingroughnessthe fraction of backscatteto the sensor
grows larger. Very rough surfacesscatteredhe energyequally in all directions,including backto the sensor,
andthusreturna significantpartof thetransmittecenergybackto the sensof43] [45] [47].

Several studies have also investigated the effect of the wavelength of SAR sensors on mapping water and the
vegetation canopy. The longer the system’s wavelength, the greater the ability of the signal to penetrate the ve-
getation canopy, as shownhigure 3[43] [46]. L-band SAR sensors, with wavelengths of 19 to 77 cm,fare e
fective for mapping flooding in forest environmery. contrastC-bandsensorswith wavelengthef 4.8to 7.7
cm, and X-bandsersors,with wavelengthsof 2.8 to 5.2 cm, cannotpenetrateghe vegetationcanopy,because

Figure 2. Rada reflection of(A) smooth(B) moderately roughened af@) strongly roughened surfaces [435].

Figure 3. Corceptual illustration of the major sources of backscatter from vegetation and effect of flooded vegetation on X

and L-band SAR [43]46].
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thesewavelengthgroducemore surfacescatteringfrom the top layer of the forestcanopy.Therefore,neither
C-bandnor X-bandSAR sensorareeffectivefor mappingflooding in forestenvironmentg45] [48] [49].

The effectivenes®f different SAR and optical imagesin water delineationand flood detectionapplications
hasbeenevaluatedn the literatureusing severalclassificationmethods Numerousstudiesusedopticalimages
in identifying the extentof waterareasReferencg50] usedLandsafTM imageryin extractingcontourlinesthat
mappedhebedof the High AswanDam Reservoirandallowedthelake’s currentmorphologyto be determined.
Referencd42] createdhe Modified NormalizedDifferenceWaterindex (MNDWI) using ShuttleRadarTopo-
graphicMission (SRTM) DEM andASTERandLANDSAT satelliteimagesto identify moist surfacesor sau-
ratedareasto separatdlooded andnonfloodedareasandto generatea flood hazardmap.Referencg51] used
LandsafTM imageryto mapLake Kyogafrom 1972till 2004,andAsterimageryin 2008and2009,to studythe
history of problematicaquaticplantsin the lake. Supervisedclassificationwas performedfor eachimageto
identify thelake boundary.

Numerousstudieshaveinvestigatedhe effectivenes®f SAR imageryin identifying flooded areas.Several
investigationsappliedThresholding—methodsto SAR imageryin orderto locatefloodedareas Referencd32]
usedThresholdbasedimage segmentatiorand texture analysismethodsin processingMulti-temporalNOAA
AVHAR and RADARSAT imagesto achieverealttime and all-weathermonitoring of floods. Referencg44]
studiedthe possibility of optimizingthe thresholdrangedor the classificationof flood waterin SAR imagesfor
quick flood inundationmappingandresponsealuring flood disastersFor diff erentpolarizationsthe meanbad-
scatteringsignatureprofiles of variouswaterbodieswereanalyzedo discriminateflood waterfrom otherwater
bodies.The study showedthat usingHH polarizationimageryenablesbetterdelineationof the land-water su-
face.

Referencg52] developedan algorithmto map flooded areasfrom COSMO-SkyMed X-bandSAR imagery
basedon fuzzy logic that canintegratetheoreticalknowledgeaboutthe radarreturnfrom inundatedareas de-
scribedby meansof threeelectromagnetiscatteringmodels,with simple hydraulicconsiderationgnd contex-
tual informationusingalsoauxiliary data,suchasaland covermapanda digital elevationmodel.Referencd35]
testedthreedifferent specklenoiseremovalfilters including Lee, Frost,and GammaMAP filters. The Gamma
MAP filtered imagehadthe bestresultsand was segmentedising Gray Level Co-occurrenceMatrix (GLCM)
andMeanShift SegmentatioiMSS). It wasfoundthatMSSis efficientfor flood mapping.

Although many procedurefiavebeenstudiedin the literature,the presentresearctfocuseson DecisionTree
methodology,which hasnot beencomprehensivelyevaluated.The presentresearchemploysremote sensing
toolsin identifying the detectionmapsandland use/landcover LULC mapsusing TerréSAR-X (TSX) imagery
for two studyareaswithin the Elbe Biospherereservein Lower Saxony“NiederséchsischElbtalaué. Both the
LULC andflood-detectionmapsaregeneratedisinga DecisionTreeobjectbasedclassifier.Thesemapscanbe
usedin updatingtheflood hazardsandrisk mapsof this area,andto enablesustainablaiseof thelandresources
in thestudyarea.

2. Methods and Materials
2.1. Study Area

Two pilot areasareselectedaroundthe WehningenOxbow, lying betweenrElbe-Kilometers(505-520), andthe
WalmsburgOxbow, betweerElbe Kilometers(533-543), within the Lower SaxoniarElbe River BiosphereRe-
serve(Figure 4). 30%of this areais coveredby forests which mustbe maintainedo ensurehe sustainabilityof
theflood plain environmentOver65% of this areais coveredby agriculturalfields andgrasslands.

2.2. Data Collection

Thewaterlevelsmeasuredby Wasser und SchifffahrtsverwaltunglesBundes(WSV), andprovidedby Bunde-

sanstalffir GewasserkundéfG), at the Neu Darchaugauge(WalmsburgOxbow) and at the Damnatzgauge
(WehningenOxbow) were collectedfor the periodsfrom January2010 until December2012 and during June
2013.Thereadingsof both gaugeswvere convertedo real waterlevelsabovemeansealevel. The TerreSAR-X

images(TSX) usedwereacquiredduring the periodfrom March 2010to January2012providedby the German
AerospaceCentre(DLR). Theseimagesareacquiredby the GermanEarthobservatiorsatellite.lts orbit passes
overthe samelocationevery 11 days.It usesan X-bandSAR, with 31 mm wavelengthand 9.6 GHz, frequency
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Figure 4. Locaion of study areas within the Lower Saxonian Elbe River Biosphere Reserve

providing high-quality topographianformation[53]. Ordersweresubmittedto obtainimagescoveing theflood

peaksbut, dueto sometechnicalproblemsjmagesof the peakwaterlevelswerenot available. The TSX images
wereDual PolarizationSpotlightproducts generatedyy the DLR asMulti-look GroundrangeDetected(MGD)

productswith SpatiallyEnhancedqSE) processingMGD hasreducedspeckleandapproximatelysquareresol-

tion cellson the ground.The dual polarizationTSX imagerycollect dataat HH for horizontaltransmitand ho-

rizontalreceiveandVV—for verticaltransmitandverticalreceive. Theimagecoordinateareorientedalongthe
flight directionandthe groundrange.Geometricprojectionis in the azimuthgroundrangewithout terraincor-

rection[53]. Theimagesareof high resolutionwith a descendingngleof 40 Gvhich leadsto a higherrangeand
anazimuthpixel spacingof 1 m. Figure 5 andFigure 6 showtherecordedvaterlevelsandtheacquiredmages
accordingto date.

At WalmsburgOxbow, the highestwater level of 13.58 m abovesealevel (asl) was measurecn 11 June
2013.During the highflood in January2011,the highestwaterlevel of 13.16m aslwasmeasurean 23 January,
while, the maximumaccessiblavaterlevel amongthe TSX imagesof 12.35m aslwasacquiredon 19 January
2011 for that particularflood. The lowestwaterlevel of 6.98 m aslwasmeasuredn 2 SeptembeR012while
the leastaccessiblavaterlevel amongthe TSX imagesof 7.24m aslwasacquiredon 22 June2011.All the ac-
quiredimagesweretakenin the samedescendin@rbit direction. Therefore theimageacquiredon 22 June2011
wasusedfor determiningthe pre-flood statusandtheimageacquiredon 19 January2011wasusedfor investi-
gatingthe postflood status.

At WehningerOxbow,the highestwaterlevel of 17.02m aslwasmeasurean 11 June2013.During the high
flood in January2011,the highestwaterlevel of 16.57m aslwasmeasurean 23 Januarywhile the maximum
accessiblevaterlevel amongthe TSX imagesof 16.17m aslwasacquiredon 25 January?011.The lowestwa-
ter level of 10.59m aslwasmeasuredn 22 July 2010, while the leastaccessiblavaterlevel amongthe TSX
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imagesof 10.88m aslwasacquiredon 25 July 2010.Someof the acquiredimagesweretakenin descendingr-

bit directionwhile otherswere acquiredin the ascendingprbit direction. The imageacquiredon 25 July 2010
wastakenin the ascendingrbit directionwhereaghe imageacquiredon 25 January2011wagakenin the des-

cendingorbit direction. It is betterto processpre- and postimageswith sameorbit direction. Hence,another
imagewith low waterlevel waschoseno studythe pre-flood status.On 28 June2011,the imagewasacquired
in the descendingrhbit direction,andthe measuredvaterlevel was11.05m asl. Therefore the imageacquired
on 28 June2011wasusedfor determiningthe pre-flood statusandtheimageacquiredon 25 January2011was
usedfor investigatingthe postflood status.

For bothoxbows,the preflood imageswereusedto defineland use,while the postflood imageswereusedin
mappingthefloodedareasThelanduse/landcoverLULC mapsandthe detectionrmapswereusedin evaluating
the hazardsesultingfrom the January2011flood andto identify the risk zones,as shownin Figure 7. These
imagesmustfirst be processedand then classified,to generatehe LULC mapsand detectionmapsfor both
areassubsequentlytherisk zonescanbe defined.

2.3. Image Processing

For bothstudyareastheimageswith boththeir acquisitionswverecoregisteredo thatrelativetranslationakhift
androtationaland scaledifferencescould be correctedthroughperformingspatialregistrationand, potentially,
resampling.This wasdoneusingthe SARSCAPEmoduleof the ENVI programafter importing the imagesas
TerraSARX standad formats.The coregisteredmagesweregeocodedo providea radiometriccalibrationand
a cartographicreferencesystem.The resultantgeocodedmagesfor both the HH and VV polarizationswere
stackedogetherto providetwo imagesfor preflood andpostflood statusat bothWalmsburgOxbowandWeh-
ningenOxbow. Imagerectificationandgeoreferencéransformationwvereappliedto the four stackedmagesus-
ing ERDAS Imagine9.3 software.The imageswere loadedinto ERDAS Imaginefor datapreparationrandre-
projection.The SAR imageswere geometricallytransformedo the UniversalTransverseMercator(UTM) pro-
jectionwith spheroidWGS 84 andzone32 North, andresamplednto one meterpixel size usingthe projective
transformmodelunderthe GeocorrecimageTool. The four imageswerefiltered with the Leefilter in orderto
removeor decreasespecklenoise.The Leefilter wasappliedusingthe ERDAS Imaginesoftwarethroughthe
SpeckleSuppressiomption underthe Radarinterpretermenu. The coefficientof variationfor the subsetof the
geocodedmageswascalculatedor eachimage.The Leefilter wasselectedrom thelist of availablefilters and
thevaluefor the coefficientof variationwasinserted Thewindow sizewassetto severpixels.

2.4. Image Classification

The objectbasedclassificationmethodinvestigatedor mappingthe land-use/landcover LULC mapsfor both
studyareasasshownin Figure 8. Theobjectbasecclassificationrmethodwasprocessedby therule-basedclas-
sifier in the ENVI EX program.The LULC mapsinitially producedwere enhancedising the neighborhood

Figure 7. Methadologyfor identifying the risk zonesbasedn January2011flood.
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Figure 8. The methdology flow chart for producing LULC maps using {fl@od imagery.

filter. It is difficult to obtainup-to-datereferencemapsfor LULC. The availablemapswereold anddid not ac-
curatelyrepresenthe currentland cover. Therefore,referenceLULC mapswere digitized from the TSX im-
ageryusingthe ARCGIS programto assesshe classificationaccuracyasshownin Figure 9. Theresultingen-
hancedLULC mapswere analyzedusing the spatialmodulein ARCGIS through calculatingcrosstabulated
areasbetweerthe digitized andthe resultantLULC classificationsThe resultingtableswere processedn Mi-
crosoftExcelto estimatethe error matrix (or confusionmatrix), which is a methodfor determiningthe accuracy
of classifiedclasseswith respectto the referencedata[43]. The resultsof the objectbasedclassificationwere
comparedn orderto determinethe optimummethodfor mappingthe LULC classification.

As discussedn the introduction,the roughnesf a surfaceaffectsthe backscattefrom it. The greaterthe
roughnessthe more scatteringbackto the radarthereis, andthe lighter the surfaceappearsn radarimagery,
leadingto variationin theimagetexture[45]. Imagetexturemeasureshe relationshipdetweernpixelsandtheir
neighborsand plays an importantrole in interpretingSAR imagery, especiallyhigh spatialresolutionimages
[43]. SAR imageryhasa single bandwhich is basedon intensity of grey level formed from radarbackscatter,
andthustextureis the main sourceof informationusedto studyland coverandlandusein pixel-basedanalysis
[45]. To derive further information beyondthe spectralinformation of SAR imagery, objectorientedimage
analysiscanbe usedto extractinformationregardingshape size andrelationshipof imageobjects[43]. There-
fore, objectbasedanalysiswasusedin this study.

Envi EX hasatool thatutilizes objectbasedorocessingiamedreatureExtraction.Featire Extractionis a tool
for extractinginformationfrom high-resolutionpanchromatior multispectraimagerybasedon spatial,spectral,
and texture characteristicslt usesan objectbasedapproachto classify imagery.It is a combinedprocessof
segmentinganimageinto regionsof pixels, computingattributesfor eachregionto createobjects,andclassify/-
ing the objects(with rule-basedor supervisectlassification)basedon thoseattributes,to extractfeatures.The
workflow consistsof two main steps:Find Objectsand Extract FeaturesThe Find Objectstaskis subdivided
into four steps:SegmentMerge, Refine,and ComputeAttributes.During the segmentatioprocesspixels with
similar feature values (brightness texture, color, shape)are groupedinto small objects.During the region
mergingprocesssmall adjacentsegmentsare aggregatednto larger,texturedareasbasedon a combinationof
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Figure 9. Reference maps for LULC classifications at Wehningen Oxbow and Walmsburg Oxbow.

spectralandspatialinformation. During the ComputeAttributes processspatial,spectral andtextureattributes
arecomputedfor eachobject. After completingthis task,the Extract Featuredask canbe performed;this con-
sistsof supervisedr rule-basedclassification.In the supervisedtlassificationprocessthe training data(sam-
ples of known identity) are usedto assignobjectsof unknownidentity to one or more known features.The
training datacanbe definedmanuallyor throughimporting groundtruth datain the form of point and polygon
shapdiles. Thesupervisectlassifieruseseitherthe K-NearestNeighbormethodor the SupportvVector Machine
method.In therule-basedclassificationprocessfeaturesaredefinedby building oneor multiple rulesbasedon
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objectattributes.This requireshumanknowledgeandreasoningaboutthe extractedeaturesFinally, the clas$-
fication resultscanbe exportedto shapdiles and/orrasterimageg54].

The DecisionTree methodbuilds classificationin the form of a tree structure.The DecisionTree classifier
performsmultistageclassificationsby usinga seriesof binary decisionsto placepixels or objectsinto classes.
Eachdecisiondividesthe pixelsin a setof imagesinto two classedasedon an expressionEachnew classcan
bedividedinto two moreclassedbasedn anotherexpressionAs manydecisionnodesasneededcanbe utilized.
The resultsof the decisionsare classesThe Decisionr Tree classificationmethodcan be appliedto pixel-based
classificationin the sameway as traditional classificationalgorithmswould be applied.It canalsobe usedto
generataulesfor knowledgebasedand objectbasedclassificationwith different typesof attributes[43]. The
mainfeaturesof the LULC maparewater,forest,vegetatedandsandresidentialareas Eachfeaturehasdiffer-
entroughnessndtexturecharacteristics.

In thisresearcha Decisior Treeclassificationalgorithmwasappliedusingthe rule-basecclassifier,asshown
in Figure 10. The pre-flood imagesin both studyareaswvereusedto identify theland uses.Theradarsignalsre-
turnedfrom waterbodies,suchasriversandlakes,havelow backscatterTheseareasthereforearemostly dark
onthe TSX imagery.The backscattefrom forestsandresidentialareasis mainly volume scattering.The back-
scatterfrom vegetatiorcoveredareas,suchas grasslandsgroplandsand baresoil fields, dependson the crop
typesandtheir distributionon thefields. The scatteringrom roadsis affectedby thetreeson eitherside,sothey
showup asbrightlines on radarimagery.In contrastroadsnotlined with treesarelessvisible andmay be mis-
takenfor water.Generally,the land covertypesin both studyareasare complexor mixed, so that different co-
veragesmay show similar physicalscatteringmechanismsTherefore the water classandland classwere de-
finedin afirst step.Then,theland classwasisolatedandclassifiedaseitherflat terrain,suchasvegetatedands,
or uneventerrain,including forestsandresidentialareasLastly, the uneventerrainclasswasdetachedandfur-
ther classifiedaseitherforestclassor residentialclass.Land classifiedasvegetatedvas also subdividedas e-
thercroplandor grassthis classificatiorwasimportedherefrom previouslyperformedandreportedwork [55].

The DecisionTreeapproachrequirescomprehensivénowledgeof dataaboutthe featuresof the terrainand,
furthermore physicalunderstandingf these Sinceeachclasscorrespondso a specificscatteringproperty,de-
cision boundariesvere determinecbasedon knowledgeacquiredexperimentallyby the analysisof the scatte-
ing characteristicsof each class. The feature extraction workflow computedspectral,textural, and spatial
attributesfor the mergedobjects.In orderto locatedecisionboundariegor separatiorof the variousclassesthe
histogramsof the computedattributeswere analyzedto identify peaks,valleys, shouldersand curvaturesThe
conceptof naturalbreaksand clusteringwereusedto definethe decisionboundariesNaturalbreaksand clus-
tering are both methodsof manualdataclassificationthroughdividing datainto classedasedon naturalgroups
in the datadistribution.Naturalbreaksoccurin the histogramat the low pointsof valley, while clusterdivisions
occuratthe midpointsbetweerpeaksor atthe shouldersf the histogram[56]. The histogramsreatedor spee-
tral, texture,and spatialcharacteristicof the TSX imagerywere analyzedat the peaks,valleysandshoulders.
Theeffectivepointswhich separatelassesvere employedasdecisionboundariesasshownin Figure 11

Figure 10.A Decision-Tree classification algorithm for mapping LULC using thefljo@d imagery.



D. Fargtaly et al.

Figure 11. Idenifying decisionboundariesaccordingto the valley, peakandshoulderof the attributeshistogramin the fea-
ture extractionworkflow underENVI EX.

For mappingthe flood extentareasfor both studylocations,the optimumclassificationmethodswith respect
to the LULC classificationresultswere applied. The flood extentmapsinitially producedwere correctedusing
thedigital elevationmodel(DEM) for this areaandtheresultingLULC maps.The DEM wasusedto removethe
regionsmisclassifiedaswaterwithin the areaaroundtheriver thathada land level higherthanthe waterlevel
measuredt the gaugesThe LULC mapswereusedto removethe forestandresidentialareasvhich weremis-
classifiedaswaterdueto the limitations of x-bandimageryin mappingthe waterareasbeneattforestandurban
coveragg43] [57]. It is difficult to obtaina referencemapfor extentof a givenflood eventdueto accessibility
problemsduring the flood. Therefore,a referenceflood map was digitized from the TSX imagery using the
ARCGIS programto assesshe classificationaccuracy.The resultingcorrectedlood mapswereanalyzedusing
the spatialmoduleunder ARCGIS to calculatecrosstabulatedareasbetweenthis digitized referencemap and
theresultingclassificationsandsubsequentlyo estimatethe confusionmatrix for the water class.The flood ex-
tentareagyeneratedn 2011werecomparedo the flood extentareasor June2013createdby [58]. Finally, the
LULC mapswereusedin determiningif the inundatedand wasvegetatedr residentialandhencein defining
therisk zonesin January2011andJune2013. Theresultsof the classificationsproducedare presentedind ex-
plainedbelow.

3. Results and Discussion
3.1. LULCClassification

For both studyareasthe raw and Leefiltered imageswere processedo identify the land useclassesisingthe
objectbasedapproachThe land usesweredelineatednanuallyto evaluatethe accuracyof the resultingclass-
fication. Thereferencedigitized LULC mapsfor both studyareashavefour main classesaspreviouslystated.
The imagesat WalmsburgOxbow has5% water extent,66% vegetatedands,23% forestsand 6% residential
areas.The imagesat WehningenOxbow has8% water extent,71% vegetatedands,17% forestsand 4% res-
dentialareasln orderto generatahe rule-basecclassificationsthe workflow for featureextractionin ENVI EX
was applied six times for each study area, using HH i, VV i, and HH/VV i polarization of the raw and
Leeffiltered images.Threedifferent combinationsof classpairswere chosenfor featureseparatiorto represent
the threebrancheof the DecisionnTree. Thesecombinationsare 1) waterandland, 2) vegetatedandsandun-
evenlands,and3) residentiakareasandforests.
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Forbranch(1), 64 classificationsveregeneratedo mapthe waterandland classesFromthe spectralattributes,
thebandaveragevasused;the meanandvariancewereusedfrom thetextureattributes;andsolidity, convexity,
compactandelongationwere usedfrom the spatiatattributes.In addition,somerule setswereusedto combine
certain attributestogetherto enhancethe classificationresults. Rule set 11 combinedthe bandaverageand
meantexture;rule set12 includedtexturemeanand solidity-attributes;rule set13 addedthe roundnesgo tex-
turemeanand solidity-attributes;rule set4 incorporatedelongationwith texturemeanattributes,solidity and
roundnessattributes.The produceraccuracyand the total accuracyare shownin Table 1. For branch(2), the

Table 1. Summary of producer accuracy (%) for water class and land class (Vegetated Land, Forest, Resedent®l Areas) a
plying the objecbased procedure.

Producer Accuracy %

Filter Wehningen Oxbow Walmsburg Oxbow Average
Polarization Rules T
YP€  water Land Total Water Land Total Water Land Total
Raw 86 99 98 92 99 99 89 99 99
Average Band > 45
Lee 83 94 93 87 99 99 85 97 96
HH
Raw 92 97 97 94 98 98 93 97 97
Average Band > 55
Lee 88 92 92 91 99 98 89 95 95
Raw 87 99 98 91 99 99 89 99 99
Average Band > 45
Lee 84 94 93 87 99 99 85 97 96
A%
Raw 92 95 95 94 98 98 93 97 96
Average Band > 55
Lee 89 90 90 90 97 97 90 93 93
Raw 92 97 97 94 98 97 93 97 97
AverageBand
Lee 90 89 89 92 97 97 91 93 93
Raw 92 98 97 94 98 97 93 98 97
Rule Set 11
Lee 88 92 92 92 97 97 90 95 95
Raw 92 98 97 94 98 98 93 98 98
TextureMean> 55
Lee 88 93 92 90 99 98 89 96 95
) Raw 87 99 98 84 99 99 86 99 98
TextureVariance
Lee 77 94 93 68 99 98 72 97 96
Raw 84 99 99 94 98 98 89 99 98
TextureMean> 45
Lee 83 94 93 90 99 98 86 97 96
o Raw 65 99 97 74 99 98 69 99 98
Solidity
Lee 38 95 90 68 99 98 53 97 94
HH/VV
) Raw 64 49 50 99 62 64 82 56 57
Convexity
Lee 68 88 86 68 84 83 68 86 85
Raw 64 99 97 72 99 97 68 99 97
Compact
Lee 74 87 86 68 99 98 71 93 92
Raw 76 26 29 73 99 99 74 63 64
Elongation
Lee 77 95 94 69 99 98 73 98 96
Raw 85 99 98 92 99 99 88 99 99
Rule Set 12
Lee 83 94 93 87 99 99 85 97 96
Raw 87 98 97 92 99 99 90 98 98
Rule Set 13
Lee 84 94 93 87 99 99 85 97 96
Raw 82 94 93 86 99 98 84 97 96
Rule Set 14
Lee 82 94 93 82 99 99 82 97 96
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land classmaskwasusedto isolatethe land areasrom eachimage.The maskedmageswereusedin generating
differentclassificationdor the vegetatedand andunevenland classes52 classificationsveregeneratedo map
the vegetatedandsand unevenlands.From the spectralattributes,the bandaveragewas used;the mean,va-
rianceandentropywereusedfrom the textureattributes;andarea,solidity, convexity,compactelongationand
roundnessvereusedfrom the spatiatattributes.In addition,onerule setwasusedto combinethe bandaverage
andmeantexture.The produceraccuracyandthetotal accuracyaresummarizedn Table 2. For branch(3), the
unevenland classmaskwasusedto isolatethe unevenlandsfrom eachimage.The maskedmageswereusedin
generatinglifferentclassificationgor theresidentialareaandforestclasses44 classificationsveregeneratedo

Table 2. Summaryof the produceraccuracy(%) for Vegetated_and and UnevenLand classeqForest,ResidentialAreas)
applyingthe objectbasedprocedure

ProducerAccuracy%
Filt WehningerOxbow WalmsburgOxbow Average
L ilter
Polarization Rules
Type Vegetated Uneven Vegetated Uneven Vegetated Uneven
Land Land Vel Land Land izl Land Land viefll
Raw 80 59 75 87 63 80 83 61 77
HH AverageBand
Lee 87 67 83 90 48 79 90 58 81
Raw 86 40 76 85 52 75 86 46 75
vV AverageBand
Lee 88 64 82 88 46 75 88 55 79
Raw 80 62 76 80 64 75 80 63 75
AverageBand
Lee 87 68 83 85 72 81 86 70 82
Raw 80 54 74 80 64 75 80 59 75
RuleSet21
Lee 87 56 79 86 51 75 86 53 77
Raw 80 58 75 82 76 73 81 67 74
TextureMean
Lee 88 61 82 83 67 79 86 64 80
Raw 80 74 77 76 71 74 78 72 75
TextureVariance
Lee 92 76 88 86 74 84 89 75 86
Raw 81 56 75 87 50 75 84 53 75
Solidity
Lee 75 58 70 80 44 69 77 51 70
Raw 80 43 71 84 48 73 82 45 72
HH/VV Convexity
Lee 86 63 80 81 56 74 84 60 77
Raw 80 52 74 87 35 71 84 43 72
Compact
Lee 86 61 80 74 55 68 80 58 74
Raw 87 68 82 85 66 80 86 67 81
Elongation
Lee 86 57 79 88 51 77 87 54 78
Raw 85 47 76 80 35 66 82 41 71
Area
Lee 88 68 84 86 65 80 87 66 82
Raw 79 53 73 77 64 73 78 58 73
Round
Lee 92 38 79 86 50 75 89 44 77
Raw 87 59 76 77 62 72 82 60 74
TextureEntropy
Lee 91 77 87 87 81 84 89 79 86
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maptheforestsandresidentialreasFromthe spectrakttributesthe bandaveragevasused the mean variance
andentropywereusedfrom the textureattributes;andsolidity, convexity, rectangle fit and roundness were used
from the spatiahttributes. In addition, one rule set was used to combine thedvanage and textumean
attributes. The producer accuracy and the total accuracy are summarizéxdeir3.

As shownin Tables 1-3, usingdualpolarizationHH/VV led to highertotal produceraccuracythanthe total
produceraccuracieemployingeitherHH i or VV i polarizationonly. In contrastto the vegetated/uneveland
classificationresults,usingraw imagesfacilitated higherproduceraccura@iesthanthe Leefiltered imagesin the
resultsof both land/waterandforests/residentiatlassificationsThe mostusefulfeaturesfor separatinghe wa-
ter classfrom the land classweretexturemeanandbandaverageOtherattributesarenot efficient in separating
waterfrom land. Applying eitherrule set11 or texturemeanattributesenabledslightly betterproduceraccuracy
for theland classthanemployingthe averagebandattributes The bestproduceraccuracyfor thewaterclasswas
949% usingthe raw imageswith eithersingle or dual polarizationbasedon the averagebandattributeand tex-
turemeanattributerulesat WalmsburgOxbow, while the lowestproduceraccuracypf only 38%,wasachieved
at WahgingerOxbowwhenusingLeefilter imagesbasedon the convexity-attributerule. The besttotal produc-
er accuracywas99%, usingthe raw imageswith singleor dual polarizationbasedon manyrulesat Walmsburg

Table 3. Summaryof produceraccuracy(%) for the ForestandResidentialAreaclassespplyingthe objectbasedprocelure

ProducerAccuracy%
- WehningerOxbow WalmsburgOxbow Average
R ilter
Polarization Rules . . . . . .
TYPe Forests Gl Total Forests Gl Total Forests Gl Total
Areas Araes Araes
Raw 86 63 82 79 60 76 83 62 79
HH AverageBand
Lee 85 45 78 78 34 68 82 40 73
Raw 85 76 82 81 73 77 83 75 80
vV AverageBand
Lee 83 53 78 76 45 69 80 49 74
Raw 84 76 83 81 74 80 83 75 82
AverageBand
Lee 83 53 77 79 48 72 81 51 75
Raw 85 76 83 82 75 80 84 76 82
Rule Set31
Lee 83 52 77 79 50 75 81 51 76
Raw 83 78 82 80 75 79 82 77 81
TextureMean
Lee 75 60 72 76 59 70 76 60 71
Raw 61 52 59 11 71 27 36 62 43
TextureVariance
Lee 64 59 62 66 43 69 65 51 66
Raw 71 69 71 68 56 66 70 63 69
HH/VV TextureEntropy
Lee 68 38 62 86 26 73 77 32 68
Raw 70 65 69 86 39 76 78 52 73
Solidity
Lee 85 23 77 77 27 67 81 25 72
Raw 40 73 46 53 54 53 47 64 50
Convexity
Lee 44 63 48 58 49 56 51 56 52
Raw 89 50 82 80 48 76 85 49 79
Rectangldfit
Lee 75 38 68 79 24 67 77 31 68
Raw 46 74 53 78 35 69 62 60 61
Round
Lee 62 40 58 84 18 70 73 29 64

()
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Oxbow, while the lowesttotal produceraccuracyof only 50%wasachievedagainat WehningenOxbow, using
the Leefilter imagesbasedon the convexityattributerule.

The objectsmisclassifiedinto the water classcorrespondedo the shadowof the forestareas.The shadow
areashavelesstexturemeanthanthe waterareasof the Elbe River. Therefore rule set12 wasappliedwith a
lower texturemeanvalueto isolatethe main river, asshownin Figure 12. Figure 12(A) showsthe TSX im-
ageryat WehningerOxbow. Figure 12(B) showsthelandclass in yellow, based on a texture megmesaterthan
55. Severalareasof the forestshadowwhich were misclassifiedaswaterare circled. Figure 12(C) showsthe
land classin greenbasedon a texture meangreaterthan 45. Severalwater areaswhich were misclassifiedas
land arecircled.Figure 12(D) showsthelandclass,in red,basedn rule set13. SeveralWwaterareasvhich were
correctlyre-classifiedaswaterarecircled. Using the solidity-attributein rule set12 improvedthewaterclassby
1%. Moreover,the roundnessattributeimprovedthe water classby 2% in rule set13. On the otherhand, em-
ploying moreattributes suchaselongationandlength,failed to enhancahe waterclassresultsandled to lower
produceraccuracies.

The most useful featuresfor separatingvegetatedands classfrom the unevenlandsclasswere, first, tex-
ture-entropy,followed by texturevarianceandbandaveragerespectivelyElongationandareaspatiatattributes
succeededb a certaindegreen differentiatingthe two classesOtherattributeswereonly negligibly successful
in separatinghem.Applying rule set21, led to lesstotal produceraccuracythanemployingthe bandaverage
attributes.The elongationrattributerule enabledbetterclassificationresultsfor raw imagerywhile the texture
entropyrule enabledhigher classificationaccuracyfor Leefiltered images.The greatesproduceraccuracyfor
vegetatedandsclasswas92%, usingthe Leefiltered duatpolarizedimagesat WehningenOxbow basedon the
texturevariancerule, while the lowest produceraccuracy,of only 74%, was achievedat WalmsburgOxbow

Figure 12. (A) The dual polarizatiom SX imageryat WahgingenOxbow; (B) Land

classproducedbasedn texturemeangreaterthan55 andthe forestshadowswhich are

misclassifiedaswater;(C) Land classproducedasedon texturemeangreaterthan45

andseveralwaterareasvhich aremisclassifiedasland; (D) Land classproducedbased
onrule setl3 andseveralaterareaswvhich arecorrectecandclassifiedaswater.

()
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usingthe Leefiltered imagesbasedon the compactattributerule. The maximumproduceraccuracyfor the un-

evenland classwas81%, usingthe Leefiltered dualpolarizedimagesat WalmsburgOxbow basedon the tex-

ture-entropyrule, while the lowestproduceraccuracyof only 35%wasachievedat samestudyarea,againwhen
using the raw imagesbasedon the compactattributerule. The besttotal produceraccuracywas 88%, using
Leefiltered imagesat WagingenOxbow basedalso on texturevariancerule, while the lowesttotal producer
accuracy,of only 66%, was achievedonce more at Walmsburg Oxbow using raw imagesbasedon the

areaattributerule. The objectsmisclassifiedas vegetatedandsin the unewen land classmostly correspondo

existingvegetatedareaswithin theresidentialareage.g.parksor gardens)asshownin Figure 13. Figure 13(A)
showsthe TSX imageryat WehningenOxbow. Figure 13(B) showsthe unevenland classproducedat the same
positionbasedon textureentropyoverlaidon the TSX imagein red. Figure 13(C) showsthe referencanapat

the samepositionfor theunevenlandclass,n red,andvegetatedandsclass,in green.Here,for theunevernland

classiit is difficult to separatevegetatedareasfrom buildingswithin the residentialareasIn generalthe vege-

tatedareascomprisel5% to 30% of the residentialareasin the cities andthe villages Thereforethe producer
accuracyof the unevenland classwaslimited to about80%. Nonethelessthe classificationhashigheraccuracy
with moredetailsthanthereferenceanap.

The effectivefeaturesfor separatinghe forestclassfrom the residentialareaclassweretexturemean,band
averageandtheir combinationin rule set31. Otherattributeswerenot ableto differentiatethe two classesAp-
plying rule set31 led to slightly bettertotal produceraccuracythan employingthe bandaverageattribute or
texturemeanattributeindividually. This rule setproducedthe highestclassificationaccuracyfor both raw and
Leeffiltered images.The greatesproduceraccuracyfor the forestclasswas 89%, usingthe duakpolarizedraw
imagesat WehningenOxbow basedon the rectanglefit rule, while the lowestproduceraccuracy of only 11%,
was achievedat WalmsburgOxbow using raw imagesbasedon the texturevarianceattributerule. The best
produceraccuracyfor the residentialareaclasswas 78%, using the duatpolarizedraw imagesat Wehningen

Figure 13. (A) ThedualpolarizationTSX imageryat WehningenOxbow; (B) Uneven
land classproducedat the samepositionbasedon textureentropyoverlaidon the TSX

imagein red; (C) The referencanapat the samepositionfor the unevenland class(in

red)andthe vegetatedandclass(green).

()
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Oxbow basedon the texturemeanattributerule, while the lowestproduceraccuracyof only 23%wasachieved
at the samestudy areausingthe Leefiltered imagesbasedon the solidity-attributerule. The highesttotal pro-
duceraccuracywas83%, usingthe raw imagesat WehningenOxbow basedon the averagebandattributesrule,
while the lowesttotal produceraccuracyof only 27%, was achievedat WalmsburgOxbow usingthe raw im-
agerybasedon the textvarianceattributerule. The objectsmisclassifiedasforestsin the residentialareaclass
correspondo vegetatedareaswithin the residentialareasasshownin Figure 13. Therefore the produceraca-
racy of the residentialareaclasswas limited to about78%. Basedon the classificationresultsfrom the three
branchesthe ultimate Decisiorr Treefor identifying the majorland usesusingthe raw imageryis shownin Fig-
ure 14.

3.2. Flood Detection Maps

Basedonthe LULC classificationgesultsfor identifying waterareasusingthe averagebandattributeand/orthe
texturemean attribute in the rule-basedclassifier enabledidentification of about 90% of the water cover.
Therefore,postflood imagesin January2011were processedo be usedasthe pre-flood ones,and classified
usingthe rule-basedclassifierwith the averagebandattribute and the texturemeanattribute. The initial flood
extentareaswere correctedusingthe DEM and the LULC maps.The confusionmatricesfor both areashefore
andafter post<¢lassificationareshownin summaryin Table 4.

In Table 4, the NH enhancementethodrefersto the produceraccuracieobtainedby applying the neich-
borhoodfilter, andthe residentialmethodrefersto the produceraccuraciesesultingfrom correctingfor areas
misclassifiedaswaterwithin the residentialarea;the forestmethodrefersto the produceraccuraciesesulting
from correctingareasmisclassifiedas waterwithin the forests,while the LULC methodmeansthoseproducer
accuraciebtainedby correctingareasmisclassifiedaswaterwithin theforestandresidentialareasln addition,
the DEM methodgivesthe produceraccuraciesfter correctingthe areagnisclassifiedaswaterat altitude high-
er thanthe gaugewaterlevel for this areaaroundtheriver. The LULC & DEM methodprovidesthe producer
accuraciesvhencorrectedaccordingto bothDEM andLULC. As Table 4revealsthe resultsof the rule-based
classifierusingthe texturemeanattributepresentedlightly highertotal produceraccuracieshanthe rule-based
classifierwith the averagebandattribute.Usingthe Leefiltered imagesed to lower produceraccuraciegor the
water class.Correctingareasmisclassifiedaswaterwithin the residentialareasenhancedhe total producerac-
curacyby about0.1%, while correctingareasmisclassifiedaswaterwithin the forestresultedin anincreasen
theland produceraccuracyof aboutl.5%and,consequentlyin thetotal produceraccuracyof about1%. Onthe
otherhand,the DEM methoddid not improvethe classificationresults,and consequentlfhe combinedLULC
& DEM methodonly hadresultssimilarto the LULC enhancemernmnethodalone.

Figure 14. Suggestedecisionr Treeclassificationalgorithmfor mappingLULC usingpreflood rawimagery.
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Table 4. Summary of producer accuracy (%) for water and land classes applying thebaisiedtprocedure for pefdbod
imagery.

Producer Accuracy %

. Wehningen Oxbow Walmsburg Oxbow Average
Filter
Rule Enhancementleans Tvoe
yP Land Water Total Land Water Total Land Water Total
Raw 97.9 96.4 975 973 98.0 97.4 976 972 975
NH
Lee 98.1 94.0 97.0 98.2 97.8 98.2 982 959 976
Raw 98.0 96.4 97.6 97.6 97.9 97.7 978 97.2 97.6
Residential
Lee 98.2 94.0 97.1 98.6 97.8 984 984 959 978
Raw 99.1 96.4 98.4 98.7 97.9 98.6 989 972 985
Forest

Lee 99.1 94.0 97.8 994 97.8 99.1 99.2 959 98.5
Average Band
Raw  97.9 96.4 975 974 97.8 975 977 97.1 97.5

DEM
Lee 98.2 94.0 97.1 98.3 97.7 98.2 982 958 97.6
Raw  99.2 96.4 98.5 99.0 97.9 988 99.1 97.2 98.6
LULC
Lee 99.3 94.0 979 99.7 97.8 994 995 959 98.6
Raw  99.2 96.4 98.5 99.0 97.9 988 99.1 97.2 98.6
LULC & DEM
Lee 99.3 94.0 97.9 99.7 97.8 994 995 959 98.6
Raw 97.9 97.0 97.7 975 97.9 975 977 974 976
NH
Lee 98.0 94.5 97.1 979 98.5 98.0 98.0 965 97.6
Raw  98.0 97.0 97.7 97.7 97.8 97.7 978 974 977
Residential
Lee 98.2 94.5 97.2 98.3 98.5 98.3 982 965 978
Raw 99.1 97.0 98.6 98.8 97.8 986 99.0 974 98.6
Forest
Lee 99.1 94.5 97.9 99.2 98.5 99.1 991 965 985
TextureMean
Raw 97.9 96.9 97.7 97.6 97.7 976 977 973 97.6
DEM
Lee 98.1 94.5 97.1 98.1 98.4 98.1 981 964 97.6
Raw  99.2 97.0 98.6 99.0 97.8 988 99.1 974 98.7
LULC
Lee 99.2 94.5 98.0 99.6 98.5 994 994 965 98.7
Raw  99.2 97.0 98.6 99.0 97.8 988 991 974 98.7
LULC & DEM

Lee 99.2 94.5 98.0 99.6 98.5 994 994 965 987

3.3. Hazard Areas during the Floods of 2011 and 2013

The flood detectionmapsproducedfor January2011werecomparedo the flood extentareasin June2013as
representethy DLR (2013),andto the high flood zonemaps.The flood extentareaswere approximatelyiden-
tical for 2011and2013floods, asshownin Figure 15andFigure 16. Therefore the floodedareasasshownin
themapsproducedor 2011wereusedin definingthe hazardareadfor the winter flood in January2011andthe
summerflood in June2013.ThereferenceLULC maps,andthe agriculturalland usemapsduring the summer
of 2011,producedby Farghalyetal. (2014),wereoverlaidontothefloodedareasdentified for January2011in
orderto determinghe hazardareasasalsoshownin Figure 15andFigure 16.

Figure 15wasusedto studytheareaaroundWalmsburgOxbow. Theresidentialareadid not experienceany
hazardsOn the otherhand,four large cultivatedfields werefully or partially submergedn 2011. Thesefields
may be expected to be entirely submerged in future high floods sincaréhimcated within the high floabne.

()
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Figure 15.The food extent of the flood in 2013 created by DLR overlaid with the floed e
tent in June and January 2011, the residential areas and agricultural land use in Summer 2011
at Walmsburg Oxbow.

In spiteof the fact thatthesefields werefloodedin January2011,theywerecultivatedwith maizeandpotatoes
in summer2011. During the flood of summer2013, thesecultivated areaswere againinundatedand caused
economicossego the ownersof theland. To achievesustainabléand usein this area,thesefields mustbein-
cludedin theflood hazardmapsandregulationsestablishedo preventcultivationin theseareaspermittingthe
fieldsto beusedonly asgrasslandin orderto avoid economidosses.

In Figure 16, the cultivatedareaaroundWehningenOxbow, in contrastto the WalmsburgOxbow, was not
submergednddid notendureany hazardsOn the otherhand,partof theresidentialareain the StrachaueRad,
in the city of Dannenbergl.ower Saxony,is locatedwithin the high flood zone.However,this areawas not
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Figure 16. The flood extent due to the floods in 2013 produced by DLR overlaid with the flood
extent in June 2011 and January 2011, the residential areas aagrithétural land use in
summer 2011 at Wehningen Oxbow.

submergediuring the mostrecenthigh floods, in 2011and2013. Neverthelessthis part of the city shouldbe
addedto the hazardandrisk mapsto avoid the possiblehumanandeconomidosseghatmay occurdueto high-
erfloods. This flood mappingwill supportsustainabléandusein thisarea.

4. Concluding Remarks

In orderto achievesustainabldand useon the Middle Elbe River floodplain, up-to-dateland usemapsduring
the pre-flood periodareessentiato determinethe hazardghatmay ariseduring the postflood period.In partic-
ular, the locationsof residentialareasmustbe verified againstthe mapsto ensurethat they are safelyremoved
from the high flood zone.Therefore the residentialareasthat lie within the extentof flood zonemustbe in-
cluded on the risk mapsto supportthe regulatory preventionof (further) building within theserisk zones.
Moreover,the arableland which hassufferedpartially or fully from flood eventsmustalsobe addedto the ha-

()
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zardmapsto decreas@otentialeconomidossesandto achievesustainabléanduse.

The mergingof similar pixelsinto objectsdiminishes the problemof specklenoisein the TSX imageryand,
thus,enable high produceraccuraciegrom theraw imageswithout filtering. Theraw imageslead to similar or
evenbetterresultsthanthe Leefiltered images.Therefore,it is recommendedo usethe objectbasedclassifier
with theraw imagesto savetime andeffort. Especiallyduring flood eventsflood extentmapsareimmediately
requiredto identify hazardareasto help reducehumanand economiclosses Further,the useof dualpolarized
imagesenhances the classificationresultsandleadsto higherproduceraccuracieshanthe monopolarizedim-
agesThereforejt is recommendetb usedualpolarizationimagesto attainmoreaccuratd. ULC maps.

TheresultingDecisionnTree procedureusingthe rule-basedclassifierin ENVI EX, resultedin considerably
bettertotal produceraccuraciessuchthat about95% of the waterareawasaccuratelydefined,aswell asabout
90% of vegetatedandsbeingcorrectlydeterminedandaround80% of the forestandtheresidentialareaclasses
recognizedThe 20% misclassifiedareaswithin the forestand residentialareaswere dueto the existenceof ve-
getatedareasandtreeswithin theresidentialareasaroundthe buildings.

The useof textureandspatialattributeswith the spectralattributeserhancedhe classificationresults. Apply-
ing rulesbasedn the bandaverageasa spectralattribute,andthe texturemeanfacilitatedcorrectidentification
of about95% of the flood extentfor postflood imagery.Furthermorethe useof the textureentropyattribute
enabledrecognitionof about90% of the vegetatedands. The texturemeanattribute enabledefficient distin-
guishingof residentialareasandforestclasses.

To conclude the resultsshowthat similar rule setscanbe usedfor the DecisionTree procedureon two re-
mote study areasin the Elbe River flood plainsto achievehigher classificationproduceraccuraciesThus, the
suggestedecisionTree should be applicableto other remoteareas.Therefore,it is recommendedo conti-
nuously monitor the entire BiosphereReserveusing TSX imageryto dealwith constructionand/orcultivation
within the flood zone.Constructionandcultivationin flood plainsshouldbe carefully plannedaccordingto the
flood risk mapsto ensuresustainabléand usewithin the EIlbe Biosphere.
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ABSTRACT

This study investigated the potential of applying statistical analysis tests, for example, two sample Z-test and the
Factor Analysis (FA) tool, on the TerraSAR-X backscattering coecient, for distinguishing between di  erent
types of forests and detecting changes in distribution and extent of them. Two sample Z-test is an inferential
statistical test that determines whether there is a statistically signi cant di erence between the means in the
data from two independent groups. FA is a multivariate analysis that can examine the structure or relationship
between variables. Twelve pilot plots for forests of 17 ha were surveyed in a water protection catchment near
Hanover, Germany. The forest types were deciduous, coniferous, and mixed. In order to sustain groundwater
quality, deciduous trees were planted over a period of several years to gradually replace the coniferous trees in
the catchment area. Regular forest observations were required to ensure that the percentages of deciduous and
mixed forests in this catchment area were increasing relative to coniferous forests. Fourteen dual-co-polarized
TerraSAR-X (HH/VV) images were used to monitor the forests in the period from March 2008 to January 2009.
The values of the backscattering coecient (o) for the test plots were statistically analyzed using the two
sample Z-test and the Factor Analysis tools.

The study showed that Factor analysis tools succeeded in di erentiating between the coniferous forest and
both the deciduous forest and the mixed forest, but failed to discriminate between the deciduous and the mixed
forest. Only one factor was extracted for each sample plot of the coniferous forest with approximately equal
loadings during the whole acquisition period from March 2008 to January 2009. However, two factors were
extracted for each deciduous or mixed forest sample plot, where one factor had high loadings during the leaf-on
period from May to October, and the other one had high loadings during the leaf-o  period from November to
April. Furthermore, the research revealed that the two sample Z-test di erentiated the deciduous and mixed
forests from the coniferous forest, and discriminated between deciduous forest and mixed forest. Statistically
signi cant di erences were observed between the mean backscatter values of the HH-polarized acquisitions for
the deciduous forest and the mixed forest during the leaf-o period from November to April, but no statistically
signi cant di erence was found during the leaf-on period from May to October. Moreover, plot samples for the
deciduous forest had slightly higher mean backscattering coe cients than those for the mixed forest during the
leaf-o period.

Applying the Factor Analysis and the two sample Z-test on the backscattering coecient of multi-temporal
TerraSAR-X data facilitates distinction of forest types, tracks changes in forest patterns, and estimates the extent
of environmental disasters in forest regions. This accomplishes sustainable forest management, which can play
an important role not only in preserving groundwater quality but also in achieving climate change adaptation
goals.

1. Introduction

Germany, the capital of state of Lower Saxony (Fig. 1). This catchment
area serves as an aquifer supplying about 90% of the municipal water

The Fuhrberger Feld groundwater catchment area is situated ap- for the 650.000 inhabitants living in Hanover region ( Wolf, 2013). With
proximately 30km north of the city of Hanover in northwestern an area of approximately 300 km?2, the Fuhrberger Feld is the largest
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Fig. 1. Location of Fuhrberger Feld catchment area and the groundwater pro-
tection zones in Lower Saxony, Germany- Shape les source for Lower Saxony
ATKIS (Amtliches Topographisch-Kartographisches Informationssystem).

prqtected drl.n.klng Wa'ter catchment area in northern Germany from Fig. 2. Land uses in the Fuhrberger Feld groundwater protection zone in 1996 -
which 50 Million cubic metres are extracted annually ( BGR, 2009; Shape les source for Lower Saxony ATKIS (Amtliche Topographisch-
Enercity, 2015). According to national guidelines that de ne ground- Kartographische Informationssystem).

water protection zones, Fuhrberger Feld consists of 3 protection zones:
Zone |, ‘Well Field Protection Zone,’ which is designed to protect in-
dividual wells and their immediate environment against any con-
tamination and interference with a bu er zone with a xed diameter of
10 m; Zone Il, ‘Narrow Protection Zone,” which is meant to provide
protection against contamination by pathogenic bacteria and viruses
within a 50-day travel time, is largely forested, and can be used for
limited development, for example road construction or agriculture;
Zone lll, ‘Wide Protection Zone, which is designed to protect wells
against long-range impairments, especially against contamination by
non-degradable or less readily degradable chemical or radioactive
substances and which covers the entire subsurface catchment area. If
the catchment area is very large, i.e., if it has a boundary more than
2 km from the well, it may be subdivided into Zone IIl A and Zone Il B
with di erent levels of land use restrictions, as seen inFig. 1 (BGR,
2009; WHO, 2005).

In this groundwater catchment area, the land uses are classi ed into
approximately 45% agricultural elds and grassland, 40% forests, 7%
settlements, and 8% other uses. Of the forested areas 75% are covered
in coniferous forest, 5% in deciduous forest, and the remaining 20% is
mixed forest, as shown in Fig. 2 (BGR, 2009 Enercity, 2015). Since
agriculture is the dominant use in this area, groundwater protection is a
major priority. Therefore, several measures have been taken to avoid
the negative impacts of agricultural land use on groundwater quality.
These include (i) voluntary agreements with farmers to minimize use of
fertilizer, (ii) initiatives to increase the percentage of deciduous forests
in the catchment area, and (iii) setting aside arable land to reduce ni-
trate leaching from soils (Enercity, 2015; UNEP, 2011). Since 1996,
Lower Saxony has worked on projects for forest conversion in general
and the reconstruction of coniferous forests into mixed deciduous for-
ests in particular to achieve, using the name of the related projects, Tree
by Tree sustainability. This approach not only positively a ects the
climate, but also the groundwater balance. This is due to the fact that
conifers are characterized by having high evaporation rates through the
entire year, have rough bark that reduces water runo , and have a high
grass cover. As a result, seepage is also limited. In contrast, deciduous

trees, especially when they have no leaves, contribute to the replen-
ishment of groundwater. Their smooth bark optimizes water drainage,
they have a lower grass cover, and as a consequence, seepage is opti-
mized. A one hectare site rebuilt with mixed forest produces annually
800,000 L more groundwater and drinking water than pure coniferous
forest monocultures. (Enercity, 2015; Becker, 2013; Becker et al., 2014;
Kim et al., 2010; Urban et al., 2014). In the Fuhrberger Feld water
reserve alone, 650,000 deciduous trees have been planted annually
since 1996 to gradually replace the coniferous trees. By 2015, 3500 ha
had been converted from coniferous into mixed deciduous forest and 14
million deciduous trees had been planted in this protection zone
(Enercity, 2015).

To ensure that the percentages of the area covered by deciduous and
the mixed forests in this catchment area are increasing, it is essential to
monitor the forests. Forest mapping and monitoring surveys are often
based on costly and time-consuming eld work since forest areas are
large and remote. These processes require satellite remote sensing data
that facilitates the mapping of large forest areas (McRoberts et al.,
2010). Optical sensors with passive remote sensing systems are usually
implemented to monitor forests with a distinct emphasis on infrared
channels. The e ectiveness of these systems is limited by weather fac-
tors such as clouds or poor solar illumination ( Dobson et al., 1995). In
general, Germany is characterized by heavy rainfall and dense cloud
cover; the average annual precipitation is over 780 mm with a total
annual sunshine of 1528 h (DWD, 2015). For this reason, optical sa-
tellite images can rarely be used. Active remote sensing systems, for
instance synthetic aperture radar (SAR), are only slightly in uenced by
weather conditions (Oliver and Quegan, 2004). That is why SAR ima-
gery is considered essential when it comes to mapping forests in Ger-
many. Several studies have been conducted using these active systems
as a forest mapping tool (lizuka and Tateishi, 2014; Joshi et al., 2015;
Kuplich and Curran, 1999; Ortiz, 2011). A very recent and e ective
source of information are TerraSAR-X images (TSX), which are from
the German Earth observation satellite that was launched on 15 June
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Fig. 3. Diagram indicating the conceptual di erences in the depth to which
various sensors will penetrate the forest canopy and demonstrating the ability
of L- and P-band radar to penetrate leaves and twigs and only to be re ected by
larger structures (Richards, 2009).

2007. Its orbit passes over the same location every 11 days. It uses an X-
band SAR, with a 31 mm wavelength and 9.6 GHz frequency, providing
high-quality topographic information for commercial and scienti ¢
applications (DLR, 2007).

The wavelength of green light is about 500 nm, whereas the wa-
velength of the illumination from microwave sensors ranged from 1 mm
to 1 m, about two thousand to two million times the one for the green
light. Consequently, the physical interaction of microwave illumination
with forests is very di  erent from that in the optical range. As shown in
Fig. 3, the microwave portion of the spectrum is directly sensitive to the
structure of the forest itself ( Purkis and Klemas, 2011; Richards, 2009):
the shorter wavelength bands (X and C) are sensitive to small twigs and
leaves; therefore, it can provide information at the uppermost canopy
level. In contrast, long wavelength bands (L and P) are sensitive to boles
and branches; as a result, they can provide information on the woody
structure and underlying ground surface (Purkis and Klemas, 2011,
Richards, 2009).

Dobson et al. (1995) utilized ERS-1 (C-band) and JERS-1 (L-band)
imagery for land cover classi cation in Michigan, USA. They dis-
tinguished between coniferous and deciduous forests with classi cation
accuracies of 64% (ERS-1), 66% (JERS-1), and 94% when the two were
combined. Ortiz et al. (2012) examined High Resolution Spot Light
TerraSAR-X images to map forest dominated by deciduous and con-
iferous trees. The SAR images were preprocessed with a Shuttle Radar
Topography Mission (SRTM) DEM (resolution approximately 90 m), an
airborne laser scanning (ALS) digital terrain model (DTM) (5m re-
solution), and an ALS digital surface model (DSM) (5m resolution).
They found that the orthorecti cation of the SAR images using the high
resolution ALS DEMs reduced the number of errors in pixel location and
improved the classi cation accuracy of forest types, with kappa coef-

cients ranging from 0.41 to 0.49. In addition, the radar backscatter of
plots dominated by coniferous trees was found to have lower scattering
coe cients than plots dominated by deciduous trees.

Multivariate statistical techniques such as Factor Analysis (FA) o er
a more integrated approach to multi-element analysis, in which the
interrelationships of all the elements in a data set are modeled con-
currently. FA is a statistical method for determining the regularity and
order of phenomena and as such can be applied to identifying the un-
derlying structure in data. In other words, it explains multivariate re-
lationships (correlations) between observations (indicators) by a
smaller number of not directly observable variables (factors), while
these factors are responsible for the correlations between the ob-
servable variables. It is also used for data reduction; in this case it de-
scribes variability between observed variables in terms of fewer un-
observed variables (factors) and attribute space is reduced from a large
number of observed variables to a smaller number of factors. It is
widely implemented in disciplines in which large quantities of data are
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analyzed, such as the social, behavioral, and physical sciences, in-
cluding geology and geochemistry (Gorsuch, 1983; Mulaik, 2009;
Venables and Ripley, 2002). This method is a standard function of the
statistical software package SPSS, which was operated in this study.

Factor Analysis can be employed for exploratory or con rmatory
purposes. In the case of Exploratory Factor Analysis (EFA), data is re-
duced to a smaller set of summary variables and to identify the un-
derlining theoretical structure of phenomena. EFA can be used to de-
termine the underlying factor structure of a set of measured variables
without imposing any predetermined structure on the outcome. The
intermediate results of this analysis are common factors that are pre-
sented in the interrelationships among the observed variables. EFA can
be carried out by using one of two modes: (1) R-mode Factor Analysis,
which can reveal combinations of variables that explain the variation
among objects, i.e., observations are analyzed regarding objects by
clustering the observations on the objects; and (2) Q-mode Factor
Analysis, which is used to identify combinations of objects that may
explain the variation among the variables, i.e., objects are analyzed
regarding observations by clustering the objects on the observations. R-
mode is the major Factor Analysis mode, because Q-mode has been
replaced by cluster analysis (Klovan, 1975). The main three goals of
EFA are 1) to help in determining the number of latent constructs un-
derlying a set of variables, 2) to provide a means of explaining variation
among variables using a few new variables created during the analytical
process (factors), and 3) to identify the meaning of factors or the latent
constructs. Con rmatory factor analysis (CFA) is used to test how well
the measured variables represent the number of constructs. With the
help of CFA, it is possible to con rm or reject the ndings of an EFA. It
seeks to verify whether the number of factors and the loadings of
measured (indicator) variables on them conform to the expected results
on the basis of a pre-established theory Gorsuch, 1983; Mulaik, 2009;
Klovan, 1975; Syvitski, 2007).

Kondratyev and Pokrovsky (1979) sought to answer the question
whether spectral intervals for multichannel surveys can contribute to
solving complex problems of oceanology, hydrology, geology, forestry,
and agriculture. A Factor Analysis algorithm was suggested to de-
termine the optimal parameters of remote observations, taking into
account the many requirements concerning information in complex
studies of the environment and earth resources. Recommendations with
regard to the parameters of spectral instruments necessary for studying
these resources were given. Today, Factor Analysis has become an
important statistical instrument in modern science, for example en-
vironmental studies. Kaplunovsky (2005) studied the properties of
Factor Analysis as a robust method for investigations in environmental
studies of air, water, and land ecological systems.

Liu et al. (2012) presented a new approach to factor rotation for
functional remote sensing data. The study investigated the rotation of
the functional principal components toward a prede ned space of
periodic functions designed to reduce the total variation into compo-
nents that are nearly-periodic and nearly-aperiodic with a prede ned
period. The study aimed to nd interpret Table sources of variability in
gridded time series of vegetation index measurements obtained from
remote sensing.

Riitters et al. (1995) calculated fty- ve metrics of landscape pat-
terns and structures for 85 maps of land use and land cover and used a
multivariate Factor Analysis to identify the common dimensions of
these patterns and structures, which were measured by a reduced set of
26 metrics. The rst six factors explained about 87% of the variation in
the 26 landscape metrics and were interpreted as composite measures
of average patch compaction, overall image texture, average patch
shape, patch perimeter-area scaling, number of attribute classes, and
large-patch density-area scaling. The study suggested that these factors
can be represented in a simpler way by six univariate metrics: average
perimeter-area ratio, contagion, standardized patch shape, patch area
scaling, number of attribute classes, and large-patch density-area
scaling.
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investigated the multi-temporal classi ca-
tions of TerraSAR-X image pairs (HH and VV) covering a time period
from March to November. The study used Factor Analysis to reduce the
data required from satellite images for each surveyed area to determine
the bands that must be considered to identify areas similar to the
training areas, an approach that improves the results of the classi ca-
tion process. The study showed that even when not using all images of a
given season, but only those that are indicated by the crop-calendar or
those that show high loadings in the Factor Analysis, a classi cation
accuracy of more than 90% can be achieved.

The two sample Z-test is an inferential statistical test that de-
termines whether there is a statistically signi cant di erence between
the means of two independent groups. Generally, an independent
sample T-test and a two sample Z-test can be used to compare means,
however the independent sample T-test is not applicable for large
sample sizes greater than 30. Usually the number of pixels in a SAR
imagery is more than 30, thus only the two sample Z-test can be applied
to such large sample size imagery datasets. The Z-test can be applied on
two normally distributed and independent samples ( Fisher, 1987; King
and Mody, 2011; Markowski and Markowski, 1990 ). The Z-test was
rarely used in analyzing the backscatter of SAR imagery, however it was
applied on evaluating several classi cation results. For example, Kumar
et al,, 2017 used Kernel-based support vector machines, maximum
likelihood and normalised di erence vegetation index classi cation
schemes to evaluate their crop classi cation e ectiveness. The classi-

cations results were statistically analyzed and compared using Z-test
and 2-test.

Previous studies on Fuhrberger Feld have focused on agricultural
land uses and crop classi cation without monitoring the forest pattern
(Lohmann et al., 2010; Bargiel and Herrmann, 2011; Haarena and
Bathkeb, 2008; Tavakkoli Sabour et al., 2008). Since forest pattern
plays an important role in the ground water recharge and quality, it is
required for continuous monitoring of the forest distribution there.
Previous studies using satellite images were only able to clearly dis-
tinguish between di erent types of forests by integrating additional
data such as DEMs Ortiz et al., 2012; Solberg et al., 2018). They also
did not explore the potential of statistical analysis tools such as two
sample Z-test (TZT) and Factor Analysis (EFA) as a means of analyzing
the vast amount of information acquired by satellite imagery. This
study evaluates the potential of EFA and TZT in analyzing the back-
scattering coe cient ( o) of sample forest regions in Multi-temporal
TerraSAR-X imagery as an unconventional but accurate and cost-ef-
fective monitoring tool in distinguishing between di  erent types of
forest. This kind of tool could, for example, help decision makers and
other stakeholders to monitor and estimate the percentage of mixed
forest and thus manage the ground water protection area in a sustain-
able manner.

Sections2 provides an overview of the study area and the SAR data,
and describes the methods. The results are summarized in Sectior8 and
discussed in Sections4. Finally, some conclusions and suggestions are
given in Section 5.

2. Materials and methods
2.1. Study area

Ten thousands hectares of forests are situated in the Fuhrberg
catchment area (BMEL, 2015; Hausler and Scherer-Lorenzen, 200).
Twelve areas of 17 ha, which represent approximately 0.2% of the
forested land in the catchment area, were surveyed for the purpose of
this study (Fig. 4). These plots represent the three forests types in the
area: coniferous, deciduous, and mixed forest. There were four plots for
each forest types chosen for analysis.
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Fig. 4. Location of study area and overlaid RGB color composite of TerraSAR-X
images taken on 18 May 2008, 09 June 2008 and 01 July 2008 showing the

investigated plots in the Fuhrberger Feld catchment area around the city of

Fuhrberg: Shape les source of Hanover district boundary and Fuhrberger Feld
catchment boundary- ATKIS (Amtliche Topographisch-Kartographische
Informationssystem)

2.2. Data collection

In this study, dual-co-polarized TerraSAR-X (HH/VV) images were
used to monitor the forests in the Fuhrberg catchment area. These
Spotlight TerraSAR-X (TSX) images were acquired between March 2008
and January 2009 by the German Aerospace Centre (DLR), and pro-
cessed as Multi-look Ground-range Detected (MGD) products with
Spatially Enhanced (SE) processing. MGD has reduced speckle and
approximately square resolution cells on the ground. The image co-
ordinates are oriented along the ight direction and the ground range.
Geometric projection is in azimuth-ground range without terrain cor-
rection (DLR, 2007). They are high resolution images with an ascending
angle of 34.75°, and have high range and azimuth pixel spacing of 1 m.
Table 1 lists the images and the date when they were acquired.

2.3. Image processing

Twenty-eight images were used in total, 14 images in HH polar-
ization and 14 in VV polarization. These images were coregistered to
correct for relative translational shift and rotational and scale di er-
ences by performing spatial registration and potential resampling. This
was done using the SARSCAPE module of the ENVI program after im-
porting them in TerraSAR-X standard format. The resulting images were
then geocoded to provide a radiometric calibration and a cartographic
reference system. In the next step, the images for HH and VV polar-
ization acquired on the same date were stacked together to create 14
images for the study area with 2 bands. Image recti cation and geor-
eference transformation were then applied to the stacked images using
ERDAS Imagine software. The images were loaded into ERDAS Imagine
for data preparation and reprojection. The TSX images were geome-
trically transformed to Universal Transverse Mercator (UTM) projection
with spheroid WGS 84 and Zone 32 North and resampled into 1 m pixel
size using the projective transform model from Geometric Correction
tool. The images were lItered to remove or decrease the speckle using
the Lee lter. This lter is available as one of the options for speckle
suppression o ered under the Radar Interpreter menu in ERDAS
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Table 1
List of di erent bands in the stacked image and acquisition dates, polarization type, and the life cycle of tree leaves.
Acquisition Date Variable Polarization Leaf cycle Acquisition Date Variable Polarization Leaf cycle
13.03.2008 B1 HH Leaf-o 05.09.2008 B15 HH Leaf - on
B2 A B16 \AY%
04.04.2008 B3 HH 27.09.2008 B17 HH
B4 \\Y B18 \\%
18.05.2008 B5 HH Leaf - on 19.10.2008 B19 HH
B6 \A% B20 A%
09.06.2008 B7 HH 10.11.2008 B21 HH Leaf-o
B8 \\Y B22 \AY%
01.07.2008 B9 HH 12.12.2008 B23 HH
B10 \A% B24 ‘A%
23.07.2008 B11 HH 04.01.2009 B25 HH
B12 W B26 \AY%
14.08.2008 B13 HH 26.01.2009 B27 HH
B14 \\Y B28 \\%

imagine. A coe cient of variation for the subset of the geocoded
images was calculated for each image, and was implemented for pro-
cessing with the Lee Iter. The window size was set to seven pixels.

2.4. Multi-temporal classi cation

From May to October, the leaves are usually present on the trees so
it is called the leaf-on period. From November until February, the leaves
have fallen from most of the trees and is called the leaf-o period. Due
to the limitation of the possible polarizations (HH, VV) of the TerraSAR-
X sensor data, using only unique date images for establishing forest
classi cation is unlikely to achieve accurate results. Therefore, multi-
temporal approaches were used to increase the classication accuracy
through enabling mapping of temporal changes resulting from leaf-o /
leaf-on periods. The classi cations were generated by stacking the
di erent available lee- Itered images into one image representing the
di erent acquired dates with the available polarization covering the
whole period from March 2008 to January 2009. Table 1 shows a list of
di erent bands in the stacked image and acquisition dates, polarization
type, and the life cycle of tree leaves for this study area.

Maximum likelihood classi er (MLK) was used to identify the forest
types using ERDAS Imagine. The classications produced were based on
several attempts using all available acquired dates, as well as attempts
representing leaf-on period and leaf-o period, in addition to attempts
using particular polarization. The classi cations were produced to as-
sess the accuracy in distinguishing between three forest types namely;
coniferous, deciduous and mixed. In additions, the classi cations were
generated to distinguish between deciduous and mixed forest versus
coniferous forest. The 12 surveyed forest plots were used as reference
data, and half of them were used as training samples in producing the
supervised classi cations. The classi cations produced were analyzed
using the spatial module under ARCGIS to estimate the distribution of
the classi cation with respect to the forest type for the 12 test plots. The
distribution results were exported into dBase format and then trans-
formed into excel les to calculate accuracy assessment parameters
including, the producer accuracy for each forest, and the total accuracy
for the entire classi cation.

2.5. Statistical analysis

The Lee- ltered imagery and the non- ltered imagery were then
resampled into 5 m pixel size due to limitations resulting from the large
size of the le. Finally, the subsets of the 12 plots examined in this study
were created in ERDAS imagine to analyze the backscattering coe -
cient ( o) for each pixel in decibels (dB). The gvalues of the 12 subsets
of forests were transferred to ASCIl les using the tools available under
ERDAS imagine. Similarly, the forest areas in the TerraSAR-x imagery
around fuhrberger feld were investigated based on the shape les from

Lower Saxony ATKIS (Amtliche Topographisch-Kartographische
Informationssystem). The total area of these forests is approximately
1000 ha, stand for 10% of the total forest area in the Fuhrberger Feld
catchment. The forest area is divided into 10% deciduous forest, 30%
mixed forest and 60% coniferous forest. For the Lee- ltered imagery
and the non- ltered one, 12 ASCII les representing the 12 plots and
three ASCII les representing the di erent forest types in the imagery
were then used as input for SPSS. The sizes of the forest plots are listed
in Table 2.

Twenty-eight variables were analyzed with the SPSS stand, as listed
in Table 3, for the backscatter coe cient ( o) of 14 acquisition dates in
both HH and VV polarization. Boxplots were employed to visualize the
data distribution. Each boxplot shows ve statistical parameters
(minimum, rst quartile, median, third quartile, and maximum. This
presentation is useful when di erent variables represent a single
characteristic measured at di erent times (King and Mody, 2011).

To determine the appropriateness of the data and to measure the
homogeneity of variables, the Kaiser-Meyer-Olkin (KMO) test measures
were applied to Lee- ltered data. The results of these tests show the
extent to which the indicators of a construct are related to one another.
These results were checked to examine whether the data is appropriate
for subsequent Factor Analysis ¢inch, 2011; Trenda lov, 1994;
Thompson, 2004). Four main stages were applied in the analysis. First,
initial solutions were produced to determine the inter-correlation ma-
trix among all of the variables. An inter-correlation matrix is a k x k
(where k equals the number of variables) array of the correlation
coe cients of the variables with one another. Second, an appropriate
number of components (factors) was extracted from the correlation
matrix based on the initial solutions for factors with eigenvalues greater
than or equal to 1.0. In some cases, one or more variables may load
about the same on more than one factor, and for this reason, it is dif-

cult to clearly identify factors. Therefore and thirdly, factors were
rotated in order to clarify the relationship between the variables and

Table 2

List of the size and area of the forest plots in m?.
No. Forest Type No. of pixels Area (m2) Total Area Percentage%
1 Coniferous 553 13825 57700 34
2 Coniferous 426 10650
3 Coniferous 705 17625
4 Coniferous 624 15600
5 Mixed 505 12625 55550 33
6 Mixed 540 13500
7 Mixed 542 13550
8 Mixed 635 15875
9 Deciduous 499 12475 57175 34
10 Deciduous 623 15575
11 Deciduous 681 17025
12 Deciduous 484 12100
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Table 3
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External producer accuracy in percentage for each forest and the overall total accuracy for two-type and three-type classi cation.

polarization Period Two-type Classi cation accuracy (%) Three- type Classi cation accuracy (%)
deciduous and mixed coniferous total deciduous coniferous Mixed total
hh Whole 77 79 78 48 77 44 53
leaf on 63 79 66 28 75 45 44
leaf o 75 79 76 49 77 30 49
w Whole 78 82 79 51 80 42 54
Leaf-on 67 81 70 34 78 45 47
Leaf-o 77 82 78 52 81 31 51
hh/vv Whole 82 84 82 59 81 50 61
Leaf-on 68 80 71 33 70 38 43
Leaf-o 78 82 79 51 80 39 54

the factors. While various methods can be applied for factor rotation,
the Orthogonal Varimax method is the most commonly used one, which
produces factor structures that are uncorrelated (Trenda lov, 1994,
Thompson, 2004).

Finally, results were derived by analyzing the factor load of each
variable to identify the di erent factors. The EFA was carried out for
each polarization individually. For each polarization, the EFA was
performed on every forest plot individually and for each forest type in
the pilot area. For the study area around Fuhrberger Feld, the EFA was
executed for each polarization on each forest type separately. In addi-
tion, the three forest types were merged together in one SPSS le with
84 variables (three forest types*14 acquisition dates*two polariza-
tions), and EFA was applied for each polarization.

To nd out a statistical procedure which can be used to distinguish
between di erent types of forest, the Two sample Z-test was used to test
whether the mean backscatter coe cient of the deciduous forest is
statistically signi cant di erent from the mean backscatter coe cient
of coniferous forest and from that of mixed forest. A new SPSS le was
generated for the four variables acquisition dates, polarization type,
forest type, and the backscatter coe cient. This le was used to check if
the values of the backscatter coe cient were normally distributed and
to calculate the number of records (n;), the mean (X;) and the standard
division ( ;) of each examined group. The Z-score (Z) was calculated
according to equation (1).

s &%)
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2
1 4
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@
where: Xy and % are sample averages of groupl and group2.;and , are
the standard deviations of both populations and n

and n, are the number of samples in each group King and Mody,
2011).

A two tailed Probability Value (P-Value) was estimated from Z-score
tables for two tailed hypothesis. Finally the P-value was evaluated at a
con dence level of 95%. If the P-Value was less than 0.05, then there
was a signi cant di erence between the two groups. If the P-Value was
larger than 0.05, then there was likely no signi cantdi erence between
the two groups.

These tests were applied on the whole period from March 2008 to
January 2009 for each polarization individually. The tests were carried
out to compare the mean backscatter coe cient of each forest on every
acquisition date and during the two leaf-cycles individually. These
statistical analysis tests were carried out for the 12 sample plots, and for
the entire forest canopy in the study area around Fuhrberger Feld.

3. Results
3.1. Results of multi temporal classtation

For the lee- Itered imagery, 18 supervised MLK classi cations were
generated for the pilot area around Fuhrberger Feld. Two-type

classi cation was undertaken nine times to distinguish coniferous forest
from deciduous and mixed forest, to test the use of each polarization
individually and simultaneously during leaf-on, leaf-o  and the whole
acquisition period. Similarly, three-type classi cation was undertaken
nine times to discriminate between coniferous forest, deciduous forest
and mixed forest. The resulting classi cations were assessed and the
external producer accuracy for forest type and the overall total accu-
racy were estimated for each classi cation. Table 3 presents the accu-
racy assessment results for the two-types and the three-type forest
classi cations.

For the two-type classi cation, the produced accuracy ranged from
63% to 82% for the class of deciduous and mixed forest, and from 79%
to 84% for the class of coniferous forest, while the total producer ac-
curacy ranged from 66 % to 82%. The highest classi cation accuracy
was achieved using both co-polarizations acquired during the whole
period, while the lowest classi cation accuracy was achieved during
the leaf-on period from the HH-polarized data.

The accuracy of the three-type classi cation was less than the two-
type classi cation. The produced accuracy ranged from 28% to 59% for
the deciduous forest class, from 30% to 50% for the mixed forest class,
and from 70% to 80% for the coniferous forest class. The results of total
producer accuracy ranged from 43% to a maximum 61%. The highest
classi cation accuracy for all classes was produced using both co-po-
larizations during the whole time series. In contrast, the lowest classi-

cation accuracy was achieved from HH-polarized data during the leaf-
on period for the deciduous class, and during the leaf-o period for the
mixed forest class, while the lowest one for the coniferous class was
produced using both co-polarizations during leaf-o  period. The lowest
total producer accuracy was achieved from both co-polarizations during
the Leaf-on period.

3.2. Results of statistical analysis

For the study area, the non- Itered imagery and images processed
with the Lee Iter were interpreted. The boxplots of the backscatter
coe cient ( o) in (dB)on sample plots dominated by coniferous, de-
ciduous, or mixed forest in the non- Itered imagery and the one pre-
processed with the Lee Iter were created to represent the minimum,

rst quartile, median, third quartile, and maximum . These boxplots
were used for a comparison of the multi-temporal behavior of the
backscattered coe cient in a year during the leaf-o and leaf-on per-
iods obtained from VV and HH acquisitions. Fig. 5 shows the boxplots
for the non- Itered imagery, whereas Fig. 6 shows the boxplots for the
imagery processed with the Lee lIter over the di erent forest plots.

As shown in Fig. 5, the boxplots for the non- ltered TSX data in-
dicated an invariable trend in median backscattering coe cient and
were characterized by a large variance over the course of entire year.
The o medianwas 10.5 + 1.0dB. Similar trends with regard to the
multi-temporal behavior of  were observed during both the leaf-on
and the leaf-o periods. The distribution of backscattering was rather
symmetric. Di erent forest plots had similar responses, which could be
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Fig. 5. Boxplots representing the multi-temporal behavior of backscattering coe cient values obtained from dual-co-polarized non-

di erent types of forest in the sample plots.

explained by the saturation of the X band signal by volumetric scat-
tering due to high plant biomass. The lowest seasonal backscattering
coe cient was observed for di erent forest plots, with 95% of the in-
tervals ranging from  15.5dBto 14 dB in the 25% percentile, while
the highest seasonal values ranged from 8 dBto 6.5dB in the 75%
percentile. VV polarized data showed patterns and a multi-temporal
behavior over the year similar to that for HH, except in terms of mag-
nitude.

As shown in Fig. 6, the boxplots for the Lee- Itered TSX data in-
dicate that the median backscattering coe cient did not change over
the course of the year and that there is less variance over the course of
the year than in the case of the non- Itered one. The median back-
scattering coe cient was 10 %= 1.0dB. Similar trends in the multi-
temporal behavior of were also observed during both the leaf-on and
the leaf-o periods, as was a symmetric distribution of the back-
scattering. The responses captured by the Lee-ltered imagery were
similar to those captured by the non- Itered one. The lowest seasonal
backscattering coe cient was observed at di erent forest plots, with
95% of the intervals ranging from  12.5dB to 11 dB in the 25%
percentile range. In contrast, the highest seasonal coe cient ranged
from 9.5dBto 8.0dB in the 75% percentile range. The VV-polar-
ized data was also similar to the HH-polarized data in terms of

Fig. 6. Boxplots representing the multi-temporal behavior of backscattering coe cient values obtained from dual-co-polarized Lee-

types of forest in the sample plots.

5HPRWH 6HQVLQJ $SSOLFDWLRQV B6RFLHW\ DQG (Q

Itered TSX images for the

backscattering responses and multi-temporal behavior over the course
of the year. The di erence between the hinges, i.e., the upper and the
lower limit of the values in a given boxplot, were approximately 8 dB
for the Lee- ltered data 18 dB for the non- Itered one. Thus, the boxes
tended to be much shorter for the former than for the latter, a result
that indicated that  was less likely to vary for images processed with
the Lee lter than for the non- Itered one.

Fig. 7 shows the boxplots of the backscattering coe cient of sample
plots dominated by coniferous, mixed, and deciduous forests obtained
from HH- and VV- polarized Lee- ltered and non- Itered TSX data.
These boxplots were used to compare the behavior the ¢ on 26 January
2009, which represents the leaf-o period, and on 23 July 2008, an
exemplary day in the leaf-on period. In both non- Itered and Lee- I-
tered imagery, similar backscatter characteristics for all three forest
types were seen during both the leaf-o and the leaf-on periods. VV-
polarized data also tended to have similar backscattering responses to
HH-polarized data. Therefore, it was di  cult to distinguish between the
di erent types of forest. Since the backscattering coe cient of the non-

ltered TSX data were characterized by a large variance, the back-
scattering coe cient of the Lee- Itered imagery were considered in
further statistical analyses.

To describe the covariance structure among many variables in terms

Itered TSX images for di erent
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Fig. 7. Boxplots of the backscattering coecient (dB) of sample plots dominated by coniferous, mixed, or deciduous forest obtained from dual-co-polarized non-
Itered and Lee- ltered TSX images that were acquired on 26th January 2009 (leaf-o period) and 23rd July 2008 (leaf-on period).

of a few underlying factors that are not directly observable, Factor
Analysis was applied. In this study, this analysis was conducted by
grouping the backscattering coe cient of the 14 acquisition times in a
way that within-group correlations were large and between-group
correlations were small. This step was accomplished by applying the
principal components method to the correlation matrix. The number of
groups was chosen on the eigenvalues associated with each group, the
plot of eigenvalue versus component number, and the cumulative
proportion of variance by including additional groups, where every
group stands for one axis in metric state space. The axes were inter-
preted by identifying the common characteristics of metrics. These
metrics were computed to discern groups along individual axes and
with similar loadings (correlations of metrics with that axis).

Before conducting the EFA on the backscattering coe cient, the
Kaiser-Meyer-Olkin (KMO) and Bartlett s tests were applied to check
sampling adequacy. The KMO should be greater than 0.5 for a sa-
tisfactory Factor Analysis to proceed. Table 4 shows the estimated
Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) and Bar-
tlett s Test of Sphericity values for di erent samples using the Lee- |-
tered TSX data. As shown inTable 4, the KMO measures were between
0.79 and 0.97. In addition, the signi cance values of the Bartletts Test
of Sphericity were approximately 0. Since all KMO values were over
0.50 and the signi cance values were less than 0.05, the samples were
adequate and signi cant. Consequently, the EFA could be conducted.

Correlation matrix was produced for each forest plot to calculate the

Table 4

Estimated Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) and
Bartlett s Test of Sphericity values for di erent samples using dual-co-polarized
Lee- ltered TSX images.

Forest Type Sample No. Kaiser-Meyer-Olkin Bartlett s Test of Sphericity
Measure of Sampling
Adequacy
KMO Approx. Chi- Df.  Sig.
Square
Coniferous  F1 0.79 1856.31 378 0
F2 0.87 2154.92 378 0
F3 0.94 3359.18 378 0
F4 0.92 5427.66 378 0
Mixed F5 0.95 6342.64 378 0
F6 0.93 5967.06 378 0
F7 0.96 7426.17 378 0
F8 0.92 3752.39 378 0
Deciduous F9 0.97 12452.66 378 0
F10 0.93 9688.4 378 0
F11 0.94 8260.72 378 0
F12 0.86 3949.14 378 0

correlation coe cients between a single variable (one acquisition date)
and every other variables considered in this study (other 14 acquisition

dates). The factors were extracted based on principle component
method and rotated according to the Varimax rotation method. The

factor scores were calculated as the weighted sum of all 14 metrics,
where the weights were the loadings for that factor. The loadings

measured which variables were involved, in which factor pattern, and

to what degree. Tables 57 show the loadings of the 14 acquisition
dates of the HH and VV polarizations in the sample plots. Similarly,

Tables 8-11 show the loadings in the entire investigated forest area
around Fuhrberger Feld. The loadings larger than 0.4 are shown in
these tables.

Table 5 shows the factor loadings of the backscattering coe cient
on sample plots dominated by coniferous forest acquired between May
2008 and April 2009 from HH- and VV- polarized TSX images. The
loadings results were calculated for the four plot samples (F1, F2, F3,
F4) individually and simultaneously. Only one factor was extracted for
each eld as well as for all elds altogether, and thus no rotation was
required. For each investigated case, the extracted factor was ac-
counting for approximately 40% on average for the total variance in the
data set and included signi cant loadings for the  values of the 14
acquisition times. For HH- and VV-polarized imagery, Factor 1 had
indeterminate factor loadings for all acquisition dates. The loadings
values for all of the analyzed cases using HH-polarized imagery ranged
from 0.5 to 0.68 with an average of 0.62, while those for the VV-po-
larized imagery ranged from 0.55 to 0.66 with an average of 0.61.

Table 6 shows the factor loadings of the amplitude of backscattering
coe cient on sample plots dominated by mixed forest obtained from
HH- and VV- polarized Lee- Iter TSX data acquired between May 2008
and April 2009. The loadings results were calculated for the four plot
samples (F5, F6, F7, F8) separately, and all together. Two factors were
extracted for each eld and for all together and, consequently, Varimax
rotation was able to be applied. For each investigated case, the rotated
factors were accounting for approximately 40% on average of the total
variance in the data set. For HH- and VV-polarized imagery, Factor
lincluded signi cant loadings for acquisition dates during the leaf-on
period from May to October. In contrast, Factor 2 lincluded signi cant
loadings for acquisition dates during the leaf-o  period from November
to April. Some loadings of factor 2 were less than 0.4 and thus not
presented in the table. The loadings values of Factor 1 for all of the
samples in the HH-polarized imagery ranged from 0.61 to 0.69 with an
average of 0.65, while those in the VV-polarized imagery ranged from
0.55 to 0.69 with an average also of 0.65. The loadings values of Factor
2 for all of the samples in the HH-polarized imagery ranged from 0.48
to 0.84 with an average of 0.64, while those in the VV-polarized ima-
gery ranged from 0.50 to 0.85 with an average also of 0.64.

Table 7 shows the factor loadings of the backscattering coe cient
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Table 5
Factor loadings of the backscattering coecient on sample plots (F1, F2, F3, F4) dominated by coniferous forest obtained from dual-co-polarized Lee- Itered TSX
images, which were acquired between March 2008 and January 2009.
Leaf cycle Acquisition dates Rotated Component Matrix - HH Polarization Rotated Component Matrix - VV Polarization
F1 F2 F3 F4 All F1 F2 F3 F4 All
leaf-on 13-MAR-2008 0.523 0.530 0.633 0.516 0.620 0.591 0.582 0.675 0.533 0.551
04-APR-2008 0.598 0.587 0.690 0.584 0.654 0.498 0.590 0.630 0.515 0.593
leaf-on 18-MAY-2008 0.527 0.591 0.654 0.542 0.585 0.634 0.519 0.688 0.588 0.578
09-JUN-2008 0.549 0.579 0.739 0.570 0.559 0.564 0.549 0.632 0.545 0.614
01-JUL-2008 0.514 0.546 0.523 0.639 0.506 0.548 0.533 0.569 0.671 0.587
23-JUL-2008 0.594 0.512 0.657 0.598 0.593 0.525 0.506 0.652 0.600 0.592
14-AUG-2008 0.540 0.522 0.609 0.563 0.629 0.580 0.530 0.628 0.578 0.619
05-SEP-2008 0.544 0.593 0.660 0.610 0.667 0.519 0.578 0.646 0.608 0.660
27-SEP-2008 0.546 0.523 0.631 0.582 0.603 0.537 0.501 0.623 0.564 0.619
19-OCT-2008 0.516 0.590 0.641 0.583 0.624 0.556 0.640 0.638 0.599 0.609
leaf-on 10-NOV-2008 0.513 0.597 0.666 0.616 0.682 0.546 0.548 0.679 0.554 0.650
12-DEC-2008 0.543 0.533 0.671 0.537 0.662 0.590 0.606 0.663 0.519 0.622
04-JAN-2009 0.659 0.514 0.659 0.650 0.610 0.683 0.509 0.603 0.587 0.648
26-JAN-2009 0.624 0.563 0.658 0.594 0.677 0.605 0.547 0.676 0.573 0.640

on sample plots dominated by deciduous forest obtained from HH- and
VV-polarized Lee- ltered TSX data as above. The loadings results were
calculated for the four plot samples (F9, F10, F11, F12) independently,
and mutually. Two factors were extracted for each eld and for the
entire set, and consequently Varimax rotation was able to be applied.
For each examined case, the rotated factors were accounting for ap-
proximately 40% on average for the total variance in the data set. For
HH- and VV-polarized imagery, Factor 1 had signi cant loadings for
acquisition dates during the leaf-on period from May to October. In
contrast, Factor 2 incorporated signi cant loadings for acquisition dates
during the leaf-o period from November to April. Some loadings of
factor 2 were less than 0.4 and thus not presented in the table. The
loadings values of Factor 1 for all samples in the HH-polarized imagery
ranged from 0.57 to 0.7 with an average of 0.67, while those in the VV-
polarized imagery ranged from 0.65 to 0.71 with an average of 0.68.
The loadings values of Factor 2 for all the data of the HH-polarized
imagery ranged from 0.41 to 0.86 with an average of 0.58, while those
for the VV-polarized imagery ranged from 0.41 to 0.88 with an average
of 0.72.

Table 8 shows the factor loadings of the o in forest areas around
Fuhrberger Feld dominated by coniferous forest obtained from same
dataset. Only a single factor was extracted for each polarization and
thus no rotation was required. For each investigated polarization, the
extracted factor accounted for approximately 46% on average for the
total variance in the data set and included signi cant loadings for the
backscattering coe cient of the 14 acquisition times. For HH- and VV-
polarized imagery, Factor 1 had high factor loadings for all acquisition
dates. The loadings values for HH-polarized imagery ranged from 0.64
to 0.71 with an average of 0.68, and similar results were obtained for
the VV-polarized imagery.

Table 9 shows the factor loadings of  in forest areas around
Fuhrberger Feld dominated by mixed forest acquired in the same da-
taset. Two factors were extracted for each polarization, and thus Var-
imax rotation was applied. For both examined polarizations, the rotated
factors accounted for approximately 60% on average of the total var-
iance in the data set. For HH- and VV-polarized imagery, Factor 1 had
signi cant loadings for acquisition dates during the leaf-on period from
May to October, similar to the results in Table 6 obtained from the plot
samples. Conversely, Factor 2 incorporated signi cant loadings for ac-
quisition dates during the leaf-o  period from November to April. The
loadings values of Factor 1 in the HH-polarized imagery ranged from
0.64 to 0.74 with an average of 0.72, and those in the VV-polarized
imagery ranged from 0.65 to 0.74 with an average also of 0.72. The
loadings values of Factor 2 in HH-polarized imagery ranged from 0.57
to 0.84 with an average of 0.69, while those in the VV-polarized ima-
gery ranged from 0.55 to 0.85 with a mean of 0.67.

Table 10 shows the factor loadings of o on forest areas around
Fuhrberger Feld dominated by deciduous forest acquired from the same
dataset. Two factors were extracted also for both polarization and thus
Varimax rotation was applied. For each analyzed polarization, the ro-
tated factors accounted for approximately 62% on average of the total
variance in the data set. For HH- and VV-polarized imagery, Factor 1
included signi cant loadings for acquisition dates during the leaf-on
period from May to October, which is like the results in Table 7 for the
plot samples. By contrast, Factor 2 had signi cant loadings for acqui-
sition dates during the leaf-o period from November to April. The
loadings values of Factor 1 in the HH-polarized imagery ranged from
0.67 to 0.77 with an average of 0.75, while those in the VV-polarized
imagery ranged from 0.53 to 0.85 with an average of 0.67. The loadings
values of Factor 2 in the HH-polarized imagery ranged from 0.67 to
0.78 with an average of 0.75 too, while those for the VV-polarized
imagery ranged from 0.51 to 0.86 with an average of 0.65.

Table 11 shows the factor loadings of ¢ in the entire forest areas
around Fuhrberger Feld dominated by coniferous, mixed and deciduous
forest obtained from same dataset. Five factors were extracted for both
polarizations and thus Varimax rotation was applied. For each ex-
amined polarization, the rotated factors accounted for approximately
57% on average of the total variance in the data set. For HH-polarized
imagery, Factor 1 included signi cant loadings for o of the coniferous
forest for the whole time series. Factors 2 and 3 included signi cant
loadings for ¢ of the deciduous and mixed forest for the acquisition
dates during the leaf-on period from May to October. By contrast,
Factors 4 and 5 had signi cant loadings for o of the deciduous and
mixed forest for the acquisition dates during the leaf-o  period from
November to April. For VVV-polarized imagery, Factor 3 incorporated
signi cant loadings for g of the coniferous forest for the 14 acquisition
times. Factors 1 and 2 included signi cant loadings  of the deciduous
and mixed forest during the leaf-on period from May to October, while
Factors 4 and 5 included signi cant loadings for  of the deciduous
and mixed forest during the leaf-o  period from November to April. For
both HH- and VV-polarized imagery, the loadings values of all the ro-
tated Factors were higher than 0.5 with an average of more than 0.65.

The two sample Z-test was carried out to compare the mean back-
scattering coe cient of coniferous, deciduous and mixed forest, ob-
tained from Lee- lItered dual-co-polarized TSX data, acquired from
March 2008 to January 2009. The Kolmogorov-Smirnov test was run
initially, and showed that ( values for both HH-, and VV-polarized
data were normally distributed, and thus two sample Z-test could be
carried out. The TZT was run on the entire acquisition period from
March 2008 to January 2009, to compare the variation between forest
types with respect to leaf-cycle, acquisition date and acquisition po-
larization. The results of the TZT are presented in Tables 12-14.
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Table 8

Factor loadings of the backscattering coecient on forest areas around
Fuhrberger Feld dominated by coniferous forest obtained from dual-co-polar-
ized Lee- ltered TSX images, which were acquired between March 2008 and
January 20009.

Leaf cycle  Acquisition Component Matrix HH Component Matrix VV
dates Polarization Polarization
leaf-on 13-MAR-2008 0.643 0.636
04-APR-2008 0.679 0.671
leaf-on 18-MAY-2008 0.681 0.678
09-JUN-2008 0.674 0.674
01-JUL-2008 0.688 0.687
23-JUL-2008 0.699 0.701
14-AUG-2008 0.699 0.698
05-SEP-2008 0.701 0.707
27-SEP-2008 0.689 0.689
19-OCT-2008 0.691 0.686
leaf-on 10-NOV-2008 0.666 0.655
12-DEC-2008 0.673 0.666
04-JAN-2009 0.709 0.696
26-JAN-2009 0.680 0.671
Table 9

Factor loadings of the backscattering coecient on forest areas around

Fuhrberger Feld dominated by mixed forest obtained from dual-co-polarized
Lee- Itered TSX images, which were acquired between March 2008 and
January 2009.

Leaf cycle  Acquisition Rotated Component Rotated Component
dates Matrix - HH Polarization Matrix - VV Polarization
1 2 1 2
leaf-o 13-MAR-2008 0.640 0.586
04-APR-2008 0.614 0.564
leaf-on 18-MAY-2008 0.717 0.724
09-JUN-2008 0.733 0.731
01-JUL-2008 0.736 0.737
23-JUL-2008 0.731 0.730
14-AUG-2008 0.727 0.726
05-SEP-2008 0.739 0.737
27-SEP-2008 0.714 0.717
19-OCT-2008 0.637 0.649
leaf-0 10-NOV-2008 0.571 0.548
12-DEC-2008 0.635 0.609
04-JAN-2009 0.841 0.854
26-JAN-2009 0.824 0.839
Table 10

Factor loadings of the backscattering coecient on forest areas around
Fuhrberger Feld dominated by deciduous forest obtained from dual-co-polar-
ized Lee- ltered TSX images, which were acquired between March 2008 and
January 20009.

Leaf cycle  Acquisition Rotated Component Rotated Component
dates Matrix - HH Polarization Matrix - VV Polarization
1 2 1 2
leaf-0 13-MAR-2008 0.603 0.554
04-APR-2008 0.602 0.529
leaf-on 18-MAY-2008 0.749 0.745
09-JUN-2008 0.768 0.765
01-JUL-2008 0.767 0.765
23-JUL-2008 0.754 0.758
14-AUG-2008 0.749 0.755
05-SEP-2008 0.762 0.767
27-SEP-2008 0.742 0.738
19-OCT-2008 0.667 0.673
leaf-o 10-NOV-2008 0.526 0.505
12-DEC-2008 0.623 0.578
04-JAN-2009 0.848 0.863
26-JAN-2009 0.821 0.843
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presents those results of TZT comparing the mean back-
scattering coe cient of deciduous forest and mixed forest during leaf-
o and leaf-on periods. On one hand, for the HH- polarized acquisition,
the TZT revealed a statistically signi cant di erence between the de-
ciduous forest and the mixed forest during the leaf-o period
(p < 0.001), while no statistically signi cant di erence was found
between them during the leaf-on period (p > 0.05). On the other hand,
for the VV- polarized acquisition, the TZT showed a statistically sig-
ni cant di erence between the deciduous forest and the mixed forest
during both leaf-o and leaf-on periods (p < 0.001). Similar tests ap-
plied to a comparison between Coniferous forest and deciduous forest
determined that the means of these two forest types during both leaf-o
and leaf-on periods were statistically di erent (p < 0.01). Similar re-
sults were achieved when coniferous forest and mixed forest were
compared with each other.

Table 13 shows the results of the TZT comparing the mean back-
scattering coe cient of the acquisitions taken in leaf-o and leaf-on
periods for the coniferous, deciduous and mixed forest. For both HH-
and VV-polarized acquisitions, the TZT revealed a statistically sig-
ni cantdi erence between the leaf-o and leaf-on periods for both the
deciduous and mixed forest (p < 0.001), while no statistically sig-
ni cant di erence was found between these periods for the coniferous
forest (p > 0.05).

Table 14 demonstrates the results of the TZT comparing the mean
backscattering coe cient of deciduous forest and mixed forest on dif-
ferent acquisition dates during leaf-o and leaf-on periods. For the HH-
acquisition, the TZT determined that the mean  of the deciduous
forest was not signi cantly di erent from the mixed forest during the
leaf-on period from May to October (p > 0.05). However, means of
these two forest types during the leaf-o period from November to April
are statistically di erent (p < 0.001). For the VV- polarized acquisi-
tion, the TZT revealed that mean the ¢ of the deciduous forest was not
signi cantly di erent from the mixed forest during part of the leaf-on
period from August to September at the 95% con dence interval
(p > 0.05), and from May to July at the 90% con dence interval
(0.05 > p > 0.01). Nevertheless, means of these two forest types
during the rest of the acquisition dates from October to April were
statistically di erent (p < 0.001).

4. Discussion

Forest pattern plays an essential role in the ground water sustain-
ability through increasing the percentage of the area of mixed forest. As
a result, there is a need to have continuous monitoring of forest area in
water protection zones to calculate the percentage of available mixed
forest. This study evaluated initially the classical maximum likelihood
classi cation method in discriminating between di erent types of
forest. The multi-temporal approach over almost one whole year from
March 2008 to January 2009 showed that the use of HH- and VV-po-
larized imagery acquired during the entire period could e ectively
distinguish between the class of coniferous forest and the combined
class of deciduous and mixed forests. However, poor classi cation re-
sults were obtained from the three-type classi cations, since they failed
to distinguish between the class of deciduous forest and the class of
mixed forest. Therefore, we could not count on the classical classi ca-
tion methods for estimating the area of the mixed forest.

This study then evaluated the potential of Factor Analysis (EFA), as
an example for multivariate analysis, and two sample Z-test (TZT), as an
example for inferential statistics for forest type di erentiation. These
statistical tests can be a cost-e ective monitoring tool that can be ap-
plied to distinguish between various types of forest using TerraSAR-X
Spotlight Imagery. The data extracted from both the non- Itered and
the Lee- Itered imagery for the 12 forest plots were examined and
boxplots were drawn for each forest type using VV- and HH- polarized
imagery. The boxplots for the non- Itered TSX data indicate an in-
variable trend in the median backscattering coe cient and are
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Table 11
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Factor loadings of the backscattering coecient on forest areas around Fuhrberger Feld dominated by coniferous, deciduous, and mixed forest obtained from dual-co-
polarized Lee- Itered TSX images, which were acquired between March 2008 and January 2009.

Forest Type Leaf cycle  Acquisition dates

Rotated Component Matrix - HH Polarization

Rotated Component Matrix - VV Polarization

1 2 3

4 5 1 2 3 4 5

13-MAR-2008
04. Apr 08 0.682
18-MAY-2008 0.664
09. Jun 08 0.63
01. Jul 08 0.655
23. Jul 08 0.682
14. Aug 08 0.677
05. Sep 08 0.677
27. Sep 08 0.682
19-OCT-2008 0.683
10. Nov 08 0.664
12-DEC-2008 0.678
04. Jan 09 0.71
26. Jan 09 0.677
13-MAR-2008

04. Apr 08

18-MAY-2008

09. Jun 08

01. Jul 08

23. Jul 08

14. Aug 08

05. Sep 08 0.771
27. Sep 08 0.752
19-OCT-2008 0.68
10. Nov 08

12-DEC-2008

04. Jan 09

26. Jan 09

13-MAR-2008

04. Apr 08

18-MAY-2008

09. Jun 08

01. Jul 08

23. Jul 08

14. Aug 08

05. Sep 08

27. Sep 08

19-OCT-2008

10. Nov 08

12-DEC-2008

04. Jan 09

26. Jan 09

Coniferous leaf-on 0.663

Deciduous leaf-o

leaf-on 0.758
0.776
0.776
0.764
0.758

leaf-o

mixed leaf-o

leaf-on 0.741
0.744
0.747
0.734
0.744
0.752
0.732
0.629
leaf-o

0.525
0.582
0.656
0.666
0.648
0.658
0.652
0.662
0.656
0.62
0.53
0.537
0.88
0.888
0.59 0.554
0.588 0.529
0.745
0.765
0.765
0.757
0.755
0.767
0.738
0.673
0.51 0.505
0.61 0.578
0.841 0.863
0.814 0.843
0.616
0.566

0.573
0.537
0.746
0.73
0.738
0.723
0.736
0.744
0.716
0.639
0.568
0.615
0.839
0.815

0.546
0.613
0.849
0.832

characterized by a large variance over the course of entire year, while
the Lee- ltered data, indicated similar trends over the course of the
year but with less variance than the case of the non- ltered imagery.
Therefore, it was di cult to distinguish between the di erent types of
forest. Due to the high variance in the ¢ for the non- Itered SAR data,
only Lee- ltered imagery were used for additional statistical analyses
such as EFA and TZT.

The results of the EFA revealed that for each investigated sample
plot of the coniferous forest as well as for the plots in total, a single
factor was extracted with indeterminate loadings on all acquisition

Table 12
Comparison between mean backscattering coecient (

0) of deciduous forest and mixed forest during leaf-o

dates, and thus no rotation was required. Similar results were found for
areas of coniferous forest in the study area. By contrast, the results of
Factor analysis on each investigated sample plot of deciduous forest or
the mixed forest as well as the plots combined, two factors were ex-
tracted and thus rotation was required. On one hand, for each in-
vestigated case, one rotated factor had signi cant loadings for acqui-
sition dates during the leaf-on period from May to October. On the

other hand, the other rotated factor had signi cant loadings for ac-
quisition dates during the leaf-o  period from November to April in

most of the investigated cases. Similar results were recorded for regions

and leaf-on periods, obtained from HH- and VV-

polarized Lee- Iter TSX imagery, acquired between March 2008 and January 2009, using two sample Z-test.

Polarization Leaf Cycle Forest Type Z-test
Deciduous mixed z-score p-value Sig. (2-tailed)
N mean S.D N mean S.D
HH Leaf o 17874 9.37 1.92 11380 9.63 2.03 11.00 0
leaf on 23832 10.18 2.14 15176 10.15 2.09 1.66 0.097
w Leaf o 17874 9.85 191 11384 10.28 2.04 17.81 0
leaf on 23832 10.36 2.14 15176 10.48 2.10 5.46 0
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Table 13
Comparison between mean backscattering coecient (
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0) of leaf-o and leaf-on periods for the coniferous, deciduous and mixed forest, obtained from HH- and VV-

polarized Lee- Iter TSX imagery, acquired between March 2008 and January 2009 using two sample Z-test.

Polarization Forest Type Leaf cycle Z-test
Leaf-o Leaf-on z-score p-value Sig. (2-tailed)
N mean S.D N mean S.D
HH deciduous 17874 9.37 1.92 23832 10.18 2.14 40.70 0
mixed 11380 9.63 2.03 15176 10.15 2.09 20.10 0
coniferous 9003 11.23 2.07 12005 11.24 2.01 .53 0.596
‘A% deciduous 17874 9.85 1.91 23832 10.36 2.14 25.48 0
mixed 11380 10.28 2.04 15176 10.48 2.10 7.87 0
coniferous 9003 11.86 2.01 12005 11.80 2.02 1.95 0.051

of deciduous forest and mixed forest in the study area during the leaf-on
period, while better results were achieved during the leaf-o  period, as
high signi cant loadings were obtained for all acquisition dates.

The results of the EFA for the backscattering coe cient on the en-
tire forest canopy around Fuhrberger Feld showed ve extracted factors
for each polarization and thus Varimax rotation was applied. One of the
rotated factors showed signi cant loadings for the coniferous forest
during the whole year, while high signi cant loadings for deciduous
forest and mixed forest were observed in two separated factors during
the leaf-on period from May to October, in addition to two other factors
with high signi  cant loadings during the leaf-o  period from November
to April for deciduous forest and mixed forest separately.

Based on the above results for EFA tests, extracted or rotated factors
can be interpreted as indications of a speci c kind of forest canopy. For

two rotated factors, that one of which has signi cant loadings for all
acquisitions during the leaf-on period. Even so, it is not possible from
these results to recognize if the investigated region is covered with
deciduous forest or mixed forest.

The TZT enabled deciduous forest and mixed forest to be dis-
tinguished. The results of the TZT using the HH-polarized imagery re-
vealed no statistically signi cant di erence between the deciduous
forest and the mixed forest during the leaf-on period, whereas a sta-
tistically signi cantdi erence was found between them during the leaf-
0 period. During the leaf-o  period, parts of the mixed forest remain
green and do not shed their needle-or scale like leaves, while the de-
ciduous forests in Germany tend to begin shedding their leaves in
October, and are characterized by the absence of leaves from November
to April. Furthermore, the results of the TZT based on the HH- polarized

example, we can identify the regions covered with coniferous forest,
where we have one extracted factor with moderate loadings for all the
acquisition dates during the whole year. In addition, we can de ne the
regions covered with deciduous forest or mixed forest, where we have

acquisition, showed no statistically signi cant di erence between the
deciduous forest and the mixed forest during the leaf-on period from
May to October, in contrast to the leaf-o period. During the leaf-o
period from November to April, the TZT results revealed a statistically

Table 14
Comparison between mean backscattering coecient (o) of deciduous forest and mixed forest on di erent acquisition dates during leaf-o and leaf-on periods,
obtained from HH- and VV- polarized Lee- lter TSX imagery, acquired between March 2008 and January 2009, using two sample Z-test.

Polarization Leaf Cycle Acquisition dates Forest Type Z-test
Deciduous mixed
N mean S.D N mean SD z-score p-value Sig. (2-tailed)
HH Leaf o 13. Mar 08 2979 8.94 1.82 1897 9.26 2.07 5.54 0.000
04. Apr 08 2979 9.22 1.85 1897 9.39 1.87 3.04 0.000
Leaf on 18. Mai 08 2979 10.25 2.17 1897 10.13 2.02 1.88 0.060
09. Jun 08 2979 9.89 2.06 1897 10.00 2.08 1.79 0.074
01. Jul 08 2979 10.06 2.16 1897 10.04 2.14 -.35 0.726
23. Jul 08 2979 10.07 2.14 1897 9.99 2.05 1.40 0.162
14. Aug 08 2979 10.16 2.12 1897 10.07 2.13 1.35 0.177
05. Sep 08 2979 10.16 2.24 1897 10.15 2.14 -.06 0.952
27. Sep 08 2979 10.55 2.09 1897 10.49 2.09 1.02 0.308
19. Oct 08 2979 10.20 2.04 1897 10.30 2.04 1.72 0.085
Leaf o 10. Nov 08 2979 9.10 1.81 1897 9.50 1.91 7.38 0.000
12. Dec 08 2979 9.38 1.84 1897 9.63 1.90 4.63 0.000
04. Jan 09 2979 9.88 1.92 1897 10.08 2.05 3.37 0.000
26. Jan 09 2979 9.72 2.08 1897 9.95 222 3.53 0.000
A% Leaf o 13. Mar 08 2979 9.49 1.82 1897 9.82 1.93 5.88 0.000
04. Apr 08 2979 9.51 1.81 1897 10.08 1.98 10.21 0.000
Leaf on 18. Mai 08 2979 10.46 2.20 1897 10.61 2.12 2.27 0.023
09. Jun 08 2979 10.06 2.11 1897 10.21 2.05 2.45 0.014
01. Jul 08 2979 10.12 2.12 1897 10.26 2.08 2.24 0.025
23. Jul 08 2979 10.17 2.09 1897 10.32 2.05 2.35 0.018
14. Aug 08 2979 10.44 211 1897 10.35 2.08 1.56 0.119
05. Sep 08 2979 10.54 2.21 1897 10.44 2.15 1.60 0.110
27. Sep 08 2979 10.89 2.17 1897 10.83 2.13 -.90 0.368
19. Oct 08 2979 10.46 1.98 1897 10.72 2.09 4.39 0.000
Leaf o 10. Nov 08 2979 9.54 1.81 1897 10.00 1.92 8.29 0.000
12. Dec 08 2979 9.80 1.83 1897 10.18 1.97 6.69 0.000
04. Jan 09 2979 10.42 1.90 1897 10.82 2.06 6.82 0.000
26. Jan 09 2979 10.35 2.02 1897 10.77 2.17 6.70 0.000
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signi cant di erence between both forest types due to the fact that
parts of the mixed forest usually stay green without losing leaves. For
the VV- polarized acquisition, the TZT results veri ed no signi cant
di erence between these two forest types during part of the leaf-on
period from May to July at 90% con dence level and from August to
September at 95% con dence level, while a statistical signi cant dif-
ference between these two forest types was found for the rest of year. It
is noticeable that the mean values of , for the deciduous forest have
slightly higher values than those of the mixed forest during the leaf-o
period. As expected, no statistical signi cant di erence for the con-
iferous forest was found between the leaf-on and the leaf-o periods,
where coniferous forest stay green the entire year and do not shed their
needle-or scale like leaves. This explained the statistical di erence be-
tween coniferous forest and both deciduous and mixed forest during
both leaf cycles and on every acquisition date.

The above discussion has revealed that results of the TZT for mean

o are a ected by both the shape and the presence or absence of leaves.
Consequently, the coniferous forest can be identi ed based on the plots
where no statistical signi cant di erence for mean , exists between
leaf-on and leaf-o periods. Furthermore, we can identify the deciduous
forest using the HH-polarized acquisitions, where there is no statistical
signi cant di erence for mean  between forest types during the leaf-
on period, but a signi cant di erence during leaf-o time with higher
values of mean . With this kind of information, it is possible to dis-
tinguish between di erent types of forest.

In general, forest canopy can usually be dealt as plots. Forest
identi cation based on statistical procedures such as Z-test and Factor
analysis for the forest plots in TerraSAR-X imagery as presented in this
study opens several ways of driving knowledge about changes in forest
distribution. The changes in forest canopy strongly a ects not only the
ecosystem but also the groundwater quality, especially in water pro-
tection zones. The possibility of identifying the percentage of coniferous
forest, and the possibility nding the plots where new deciduous trees
are replacing the coniferous trees plays an essential role in sustainable
groundwater management. Furthermore, the continuous monitoring of
the forest with remote sensing data such as TerraSAR-x imagery enables
determination of the areas where disasters happen. In the case of re,
for example, the burnt trees usually have no leaves or fall down and
thus di erent values of backscattering coe cient are expected after the
disaster. Using TZT for comparing between acquisitions before and after
the re most probably can have a statistically signi cant di erence,
especially during the same leaf cycles.

5. Conclusion

This paper has exposed the potential of inferential statistics tests
such as two samples Z-test and the multivariate analysis, for example
Factor Analysis, for identifying di erent kinds of forest canopy, based
on the backscattering coe cient of the dual-co-polarized TerraSAR-x
images of forest plots. This study has found insigni cant seasonal var-
iation in the values of backscattering coe cient of the TSX data be-
tween plots dominated by coniferous, deciduous and mixed forests. In
contrast, EFA results have shown a signi cant seasonal variation in the
factor loadings of these forest plots. It was noticeable that the deciduous
forest had two extracted rotated factors, where one of these factors had
signi cant high factor loadings during the leaf-on period, while the
other one had signi cant high loadings during the leaf-o  one. Similar
results were obtained for the mixed forests. Conversely, the coniferous
forest had one extracted factor with more or less similar loadings during
the whole time series. This indicates that the loadings were in uenced
by both the shape and the presence or absence of leaves. Consequently,
the results of EFA with regard to loadings can be interpreted as a tracer
for a speci c kind of forest canopy.

With this kind of information, it was possible to distinguish between
coniferous forest against both deciduous forest and mixed forest,
however it was not possible to di erentiate between deciduous forest

5HPRWH 6HQVLQJ $SSOLFDWLRQV B6RFLHW\ DQG (Q

and mixed forest. On the contrary, the TZT enabled the former and later
forest types to be distinguished. In particular, the TZT results con rmed
a statistical signi cant di erence between deciduous forest and con-
iferous forest during the whole year using both HH- and VV- polarized
acquisitions. In addition, the results for HH-polarized acquisitions re-
vealed a statistically signi cant di erence between deciduous forest
and the mixed forest during the leaf-o period, while no statistical
signi cant di erence was found between them during the leaf-on
period. Higher values of mean  were also observed for the deciduous
forest during the leaf-o period. Nevertheless, the results for the VV-
polarized acquisition failed to discriminate between them based on leaf
cycle, and succeeded partially in showing no signi cant di erence
during part of the leaf-on period from August to October with respect to
the acquisition dates. Therefore, the results of TZT can be considered as
indications of a particular type of forest canopy.

While the emphasis in this study was on the identi cation of types
of forests in the context of managing a ground water protection area,
the analysis of o values obtained from multi-temporal TerraSAR-X by
EFA and TZT can also be applied to monitoring forest area, to tracking
ecological processes, and to measuring the extent of damage caused by
events such as res or earthquakes. As this research has demonstrated,
Factor Analysis and two sample Z-test could be an important tools for
researchers and forest managers in monitoring and protecting the forest
environment using remote sensing and to the development of sustain-
able forest management and land use practices.
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