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Summary: Differential SAR Interferometry (DIn-
SAR) is able to monitor land deformation at sub-
millimetre as an areal measurement. DInSAR time 
series calculates land deformation on every radar 
acquisition date from all individual interferograms 
in relation to the first/arbitrary date. These calcula-
tions help to monitor long term (trend) as much as 
short terms (seasonal) variations of the land defor-
mation. This research endeavours to investigate the 
feasibility of a time series algorithm by use of no 
consecutive radar data in a case study. The Hasht­
gerd area of north-western Iran is subject to land 
subsidence resulting from the overexploitation of 
groundwater. The only tool for areal monitoring 
subsidence in this area was the DInSAR method. 
SAR data covering the Hashtgerd Plain include 
ENVISAT ASAR and ALOS PALSAR data. The 
interferograms were calculated by ENVISAT 
ASAR and ALOS PALSAR raw data. For this cal-
culation, the two-pass DInSAR method was ap-
plied. Time series algorithm was worked out in 
three main steps by use of calculated differential 
interferograms containing less decorrelation, at-
mospheric effects, topographic and unwrapping er-
ror and other noise sources. Firstly, residual orbital 
tilts and linear atmospheric effects were reduced 
from all interferograms by use of a least-squares 
plane fitting approach. Secondly, all interferograms 
were corrected in relation to one reference point. 
Finally, DInSAR time series was elaborated by a 
least-squares-based method integrated with a finite 
difference approximation approach. This algorithm 
was successful to link separate groups of interfero-
grams by use of a proper weighting factor, and re-
duced a nonlinear part of atmospheric effects. The 
results of Hashtgerd time series calculations 
showed a relatively constant long term variation of 
subsidence about 14 cm/yr, in spite of seasonal 
variations of subsidence. The time series results of 

Zusammenfassung: Monitoring von Bodensen-
kungen durch Grundwasserentnahme in Hashtgerd 
basierend auf DInSAR-Zeitreihen der Sensoren 
ALOS-PALSAR und ENVISAT-ASAR. Die Differen-
tielle SAR-Interferometrie (DInSAR) ist eine flä-
chenhaft arbeitende Messmethode, mit der Boden-
bewegungen im Millimeter-Bereich bestimmt wer-
den können. Mit DInSAR-Zeitreihen lassen sich 
Bodenbewegungen überwachen, wobei zu jedem 
Datum einer Radarmessung die Line-of-Sight 
(LOS) Entfernungsänderung in Bezug auf ein ge-
wähltes (beliebiges Referenz-) Datum bestimmt 
wird. Diese Berechnungen helfen, sowohl langfris-
tige Trends als auch kurzzeitige, z.B. saisonale, Va-
riationen der Bodenbewegung abzuleiten. In die-
sem Beitrag wird die Anwendbarkeit eines Algo-
rithmus zur Zeitreihenauswertung untersucht, wo-
bei für das Untersuchungsgebiet nur unterbrochene 
Zeitreihen aufeinanderfolgender Radardaten zur 
Verfügung standen.

Die Hashtgerd Ebene im Nordwesten des Iran 
unterliegt Bodensenkungen, die durch ein übermä-
ßiges Abpumpen des Grundwassers hervorgerufen 
werden. Die einzige anwendbare Messmethode für 
eine flächenhafte Überwachung der Bodensenkun-
gen in diesem Bereich ist das DInSAR-Verfahren. 
Für das Untersuchungsgebiet sind SAR-Daten 
(ENVISAT-ASAR und ALOS-PALSAR) verfüg-
bar. Die Interferogramme wurden aus den Rohda-
ten mit der GAMMA Software berechnet. Bei die-
ser Berechnung wurde das two-pass-DInSAR Ver-
fahren und ein SRTM-Höhenmodell verwendet. 
Der Zeitreihenalgorithmus gliedert sich in drei 
Hauptschritte, wobei nur Interferogramme mit ho-
her Kohärenz und deutlichem Bodenbewegungs­
signal benutzt werden. Im ersten Schritt werden 
residuale (Orbit-) Trends und großräumige atmo-
sphärische Effekte reduziert, indem in allen Inter-
ferogrammen eine mit einer Kleinste Quadrate 
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(2008) applying InSAR technique and with 
four ENVISAT ASAR scenes, over part of 
summer and autumn 2008. The progressive 
land subsidence of this area was monitored us-
ing 21 ENVISAT ASAR scenes between 2003 
and 2008 by Ashrafianfar et al. (2009). How-
ever, owing to the gap in consecutive radar 
data, the time series calculations were done 
for two separate time series of 2003 – 2004 
and 2007 – 2008 (Ashrafianfar et al. 2009). 
Because of the importance of investigation 
of long term behaviour of subsidence in this 
area, this research undertakes to substantiate 
the feasibility of a time series algorithm by 
use of the existing no consecutive radar data. 
To this end, the ENVISAT ASAR and ALOS 
PALSAR data were ordered by ESA and pro-
cessed by the DInSAR algorithm. Selection 
and implementation an effective method of 
time series calculation returns to the quali-
ty and quantity of calculated interferograms. 
Owing to incomplete consecutive radar data 
and the properties of the spatio-temporal base-
lines of the existing radar data, time series 
calculation was done using a least-squares-
based method (Berardino et al. 2002), inte-
grated with a finite difference approximation 

1	 Introduction

In most big cities in Iran today progressive 
land subsidence due to the overexploitation 
of groundwater is creating some unrecover-
able geo-environmental hazards (Motagh et 
al. 2008). The Hashtgerd area of north-west-
ern Iran is subject to land subsidence resulting 
from the overexploitation of groundwater. The 
first statement prohibiting the development 
of groundwater exploitation by drilling new 
wells in Hashtgerd was made by Iran’s Minis-
try of Water and Energy in 1986 (formal dec-
laration no. 1323, 3236/250), extended and is 
currently in force (Arasteh 2005). Even after 
the prohibition of groundwater exploitation, 
progressive land subsidence in Hashtgerd is 
still damaging buildings, water and soil qual-
ity and is the motive for study of the subsid-
ence in Hashtgerd. The only tool for monitor-
ing subsidence in Hashtgerd is Interferometric 
Synthetic Aperture Radar (InSAR). InSAR 
uses radar signals with high spatio-tempo-
ral resolutions to measure deformation of the 
earth’s surface (Massonnet & Feigl 1998).

Land subsidence in Hashtgerd was moni-
tored for the first time by Dehghani et al. 

ENVISAT ASAR were compared with the ALOS 
PALSAR time series results and by GPS data. The 
DInSAR time series results demonstrated the abil-
ity of the time series algorithm applied and the ac-
curacy of the optimal weighting factor determined.

Schätzung angepasste Trendebene abgezogen wur-
de. Zweitens wurden alle Interferogramme in Be-
zug auf einen identischen Referenzpunkt außerhalb 
des durch Bodenbewegungen beeinflussten Gebie-
tes reduziert. Im dritten Schritt wurde die eigentli-
che Berechnung der Zeitreihen mit einer Ausglei-
chungsrechnung auf der Basis einer Finite-Diffe-
renzen-Approximation durchgeführt.

Die Ergebnisse der Zeitreihenberechnungen 
zeigten eine relativ konstante langfristige Boden-
senkung von etwa 14 cm/Jahr sowie deutliche sai-
sonale Schwankungen der Bodenbewegungen. Die 
Ergebnisse der ENVISAT-ASAR-Daten-Auswer-
tung wurden den Ergebnissen aus ALOS-PAL-
SAR-Daten sowie GPS-Daten gegenübergestellt. 
Mit dem vorgestellten Algorithmus konnten auch 
zeitlich getrennte Blöcke von Interferogrammen 
durch die Verwendung eines geeigneten Gewich-
tungsfaktors verbunden sowie ein nichtlinearer 
Störgrößenanteil (Trend) und atmosphärische Ef-
fekte reduziert werden. Die Ergebnisse der DIn-
SAR-Zeitreihenberechnungen belegen die Nutz-
barkeit des hier vorgestellten Algorithmus und die 
Adäquatheit des abgeleiteten Gewichtungsfaktors.



Nazemeh Ashrafianfar et al., DInSAR Time Series 499

these results are usable to develop the linear 
and nonlinear simulation models of land de-
formation (Ashrafianfar et al. 2011, 2013, 
Ashrafianfar 2013).

This paper presents five sections of the re-
search: Section 2 presents the hydro-geolog-
ical background and existing radar datasets, 
section 3 discusses the applied algorithms of 
DInSAR and LSFD, section 4 presents the re-
sults of the time series of ENVISAT ASAR 
and ALOS PALSAR data and compares these 
results with GPS data, and section 5 presents 
the conclusions of the research.

2	 Background and Datasets

2.1	 Hydro-geological Properties of 
the Case Study

The city of Hashtgerd is the capital of Savoj­
bolagh County, Alborz province in Iran. The 
Hashtgerd region is located to the west of 
Karaj and northwest of Tehran (Fig. 1). This 
area of 1282 km2 is situated between geo-
graphical longitudes of 50° 20’ and 51° 10’ 
and latitudes of 35° 27’ and 36° 07’. Hasht
gerd Plain is located in the Kordan-River ba-

approach (Schmidt & Bürgmann 2003). This 
approach and the process of removing resid-
ual orbital tilts of interferograms (e.g. Fun-
ning et al. 2005, Hoffmann 2003) are termed 
as LSFD algorithm in this research. The acro-
nym LSFD refers to the DInSAR time series 
algorithm of this research, which was devel-
oped in MATLAB environment. This algo-
rithm is completed by three steps (see section 
3.2). The two main steps of those three are as 
following: A “Least Squares plane fitting” 
and a “Least-squares inversion approach” in-
tegrated with a “Finite Difference Approxi-
mation”. The LSFD algorithm used a weight-
ed factor in order to connect separate chains 
of interferograms. The resulting ENVISAT 
ASAR time series were corroborated by the 
results of ALOS PALSAR time series and by 
GPS data available. The DInSAR time series 
results demonstrated the accuracy of the DIn-
SAR processing, applied time series algorithm 
and the ability of the optimum weighting fac-
tor used in this algorithm. The results of this 
research were applied to investigate the linear 
and nonlinear correlation and relationship be-
tween land subsidence and groundwater level 
data as the main indicator of aquifer compac-
tion (Ashrafianfar & Busch 2012). Moreover, 

      

Fig. 1: Situation of the city of Hashtgerd in north-western Iran superimposed on the SRTM digital 
elevation model of Iran (from DLR) (right). The location of the operational wells over Hashtgerd 
Plain superimposed on the SRTM DEM (left).
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years 1996 and 2001 caused by an excessive 
pumping out of groundwater (Arasteh 2005, 
Mohammad Rezapour Tabari 2009) (Fig. 2).

2.2	 Radar Data

Radar data covering the Hashtgerd Plain in-
clude ENVISAT ASAR and ALOS PALSAR 
data (Tab. 1). These data were ordered from 
the European Space Agency (ESA). At some 
locations ENVISAT ASAR data is available 
every 35 days and ALOS PALSAR data every 
46 days. However, there is no such consecu-
tive radar data for the Hashtgerd area. This 
absence of data aggravates decorrelation aris-
ing from vegetation and construction activity 
as well as provoking additional problems for 
DInSAR processing.

The ENVISAT ASAR data (45 radar im-
ages) include a total of 27 scenes from track 
149 between July 2003 and April 2010 and 
a total of 18 scenes from track 421 between 
March 2004 and May 2006. All the 45 Level 
0 ENVISAT ASAR images, in the descending 
mode and incidence angle 22.9 degrees, were 
converted into single look complex (SLC) for-
mat using orbital data of the Delft Institute 
for Earth-Oriented Space Research (by use of 
GAMMA software). The SLC data were used 
to calculate interferograms.

ALOS PALSAR data include a total of 14 
scenes from track 572 in the ascending mode 
and incidence angle 38.7 degrees. These 
scenes cover the time span from June 2007 to 
November 2010. All the ALOS PALSAR im-

sin of the alluvial area to the south of the Al-
borz range between Kordan and Abyek. The 
general slope of the plain is from north-north-
east toward the south-west. The study area is 
mainly located in the part of the Quaternary 
sediment. With a mild climate and situated 
near Tehran, the area is consequently highly 
populated. The growth in population means 
increased demand for water. The area is main-
ly farm land and most of the water required 
for agriculture is provided by 4094 pumping 
wells. In the Hashtgerd Plain there are 21 pi-
ezometric wells with available monthly infor-
mation for the years between 2003 and 2010. 
By interpolation of these data the unit hydro-
graph1 (Mohammad Rezapour Tabari 2009, 
Zand & Sahraei 2014) of this area was cal-
culated.

This unit hydrograph (Fig. 2) shows a de-
cline of nearly 10 m especially between the 

1	 The Unit hydrograph of this research was calcu-
lated by following steps: 1. Collecting the monthly 
groundwater level information of the existing pi-
ezometric wells, 2. Calculation of the Thiessen 
area of every piezometric well, 3. Calculation of 
the mean of groundwater level of all piezometric 
wells in the area with using of following equation: 

( )1
/n

i ii
h A h A

=
= ⋅∑ , where, Ai = Area of the Thies-

sen polygons of  piezometer i (in cubic metre), hi = 
Groundwater level of piezometer i (in metre), and 
A = Total area of Thiessen polygons of all piezo­
meters (in cubic metre), 4. The calculations of step 
3 were done for every month and with using of 
these results of several months during 19 years, the 
unit hydrograph of Fig. 2 was constructed.

Fig. 2: The unit hydrograph of the Hashtgerd Plain between the years 1991 and 2010 (provided by 
Groundwater resource management, Ministry of Water and Energy of Iran, 2011).
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eliminate some of the noise and to reduce 
geometrical and atmospheric errors and 
squint angles.

b.	The interferograms were calculated.
c.	The SRTM digital elevation model (C band) 

was used to remove the topographic phase 
of the interferograms (the last step) and cal-
culation of differential interferograms. Se-
lection of a small perpendicular baseline 
between every two radar data reduces the 
topographic error.

d.	An adaptive filter, originally by Goldstein 
& Werner (1998), was used on the inter-
ferograms to reduce noise contribution in 
the interferometric phase. In this step, the 
degree of coherency of interferogram was 
defined. Higher coherency value shows less 
decorrelation between two radar images. 
The interferograms with high coherency 
value were selected for the next step (un-
wrapping step).

e.	The selected interferograms of the last step 
were unwrapped by minimum cost flow 

ages were converted into single look complex 
(SLC) format using orbital data of the Delft 
Institute for Earth-Oriented Space Research 
(by use of GAMMA software). The SLC data 
were used to calculate interferograms. A short 
overview of applied DInSAR procedures is 
presented in the next section.

3	 Methods

3.1	 Differential SAR Interferometry 
(DInSAR)

In order to calculate the interferograms, the 
procedures of the differential SAR interfer-
ometry were followed, thus enabling us to at-
tain the differential interferometric phase by 
combining every two complex SAR images by 
the following steps (using the GAMMA soft-
ware):
a.	Multilooking was done for the radar imag-

es and they were co-registered in order to 

Tab. 1: Radar acquisition dates and the calculated interferograms as solid lines between two radar 
dates: ENVISAT ASAR data and the 76 calculated interferograms (left). ALOS PALSAR data and 
the 18 calculated interferograms (right).

 
 
Tab. 1: Radar acquisition dates and the calculated interferograms as solid lines between 
two radar dates: ENVISAT ASAR data and the 76 calculated interferograms (left). ALOS 
PALSAR data and the 18 calculated interferograms (right). 
 

 
 

3 Methods 
 
3.1 Differential SAR Interferometry (DInSAR) 
 
In order to calculate the interferograms, the procedures of the differential SAR interferometry were 
followed. Thus enabling us to attain the differential interferometric phase by combining every two 
complex SAR images by the following steps (using the GAMMA software): 
a. Multilooking was done for the radar images and they were co-registered in order to eliminate 

some of the noise and to reduce geometrical and atmospheric errors and squint angles.  
b. The interferograms were calculated.  
c. The SRTM digital elevation model (C band) was used to remove the topographic phase of the 

interferograms (step b) and calculation of differential interferograms. Selection of a small per-
pendicular baseline between every two radar data reduces the topographic error. 

d. An adaptive filter, originally by GOLDSTEIN & WERNER (1998), was used on the interferograms 
to reduce noise contribution in the interferometric phase. In this step, the degree of coherency of 
interferogram was defined. Higher coherency value shows less decorrelation between two radar 
images. The interferograms with high coherency value were selected for the next step (unwrap-
ping step). 

e. The selected interferograms of step “d” were unwrapped by minimum cost flow (MCF) algo-
rithm. In order to reduce unwrapping error, only a subset of original interferograms was se-
lected. This subset contained patterns of land deformation in most of the differential interfero-
grams in the Hashtgerd area.  

f. The calculated interferograms were projected to the UTM coordinate system by geocoding.  
 

Every individual interferogram records the difference phase between two radar acquisition 
dates, which is in fact an indication of the land deformation between these two dates. The Hasht-
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maximum of 1242 days. The minimum and 
maximum perpendicular baselines of the cal-
culated interferograms are 133 m and 4914 m, 
respectively. In Tab. 1 every interferogram is 
shown as a line between every two radar ac-
quisition dates. These interferograms were 
used in the time series calculations of both 
data types, which is explained in next section.

3.2	 DInSAR Time Series Algorithm

The calculated interferograms of Tab. 1 were 
used in the time series algorithm LSFD devel-
oped in MATLAB software by the following 
steps:

a.	Removing residual orbital tilts of 
differential interferograms

A significant component of the atmosphere is 
linear and acts as an orbital ramp. This part of 
the atmosphere and the orbital ramp can be re-
duced by fitting a plane to the points far away 
from the deformation area (e.g. Funning et al. 
2005, Hoffmann 2003, Dehghani et al. 2008). 
According to Funning et al. (2005), this simple 
but effective method reduced a part of the lin-
ear atmospheric effects of the interferograms.

It should be noted that for reducing the non-
linear atmospheric effects (turbulence effects) 
those interferograms with high atmospheric 
effects were not used in the time series cal-
culations (discussed in section 3.1). Also, a 
weighting factor (W) in step “c” of time se-
ries calculations was applied, which reduced 
a part of the nonlinear atmospheric effects of 
the time series (Schmidt & Bürgmann 2003, 
Biggs & Wright 2004).

In this step of the research, the residual or-
bital tilts of the interferograms were correct-
ed. This step was completed by subtracting a 
surface fitted to some of the points distributed 
over parts of the plain which showed no sig-
nificant subsidence signals (e.g. Funning et al. 
2005, Hoffmann 2003, Dehghani et al. 2008, 
Dehghani 2010). For this aim, a least-squares 
plane fitting was performed. It is supposed 
that a plane is definable as (1).

ax + by + c = z	 (1)

(MCF) algorithm. In order to reduce un-
wrapping error, only a subset of the origi-
nal interferograms was selected. This sub-
set contained patterns of land deformation 
in most of the differential interferograms in 
the Hashtgerd area.

f.	 The calculated interferograms were pro-
jected to the UTM coordinate reference 
system by geocoding.
Every individual interferogram records 

the difference phase between two radar ac-
quisition dates, which is in fact an indication 
of the land deformation between these two 
dates. The Hashtgerd Plain is mostly a rural 
area and owing to the changes in the vegeta-
tion it produced high decorrelation during the 
radar observation period. This decorrelation 
and the existing temporal gap between radar 
data (Tab. 1) resulted in only a few of the in-
terferograms being usable for time series cal-
culations. A total of 487 interferograms were 
calculated using the ENVISAR ASAR (SLC) 
data of both tracks. However, only 76 interfer-
ograms used in the time series algorithm were 
containing less decorrelation, atmospheric 
effects, unwrapping error, topographic error 
and spatially constant patterns of land defor-
mation (Tab. 1, left). The temporal difference 
between the interferograms calculated by EN-
VISAT ASAR data is between 35 days and 
350 days. A short temporal baseline reduces 
decorrelation of interferograms. The mini-
mum and maximum perpendicular baselines 
of the calculated interferograms are 8 m and 
860 m, respectively. In addition, a small spa-
tial baseline reduces topographic errors as 
well as decorrelation of the interferograms. 
After visual inspection of interferograms, the 
atmospheric effect of every interferogram was 
calculated and those interferograms contain-
ing less atmospheric effects were selected for 
time series calculations. This reduces nonlin-
ear atmospheric artifacts on time series cal-
culations.

A total of 28 interferograms were calcu-
lated using the ALOS PALSAR (SLC) data. 
However, considering those parameters of in-
terferograms explained above, only 18 inter-
ferograms were used in the time series algo-
rithm (Tab. 1, right). The temporal difference 
for the calculation of interferograms by ALOS 
ASAR data is a minimum of 46 days and a 
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Using (3) we fitted a plain to the selected 
points far-off from deformation area of every 
interferogram as (4).

Flt(i, j, k) = Flt(n1)
 · i + Flt(n2)

 · j + Flt(n3)
	 (4)

Where i and j are rows and columns of the 
raster data of every interferogram, respective-
ly; k is the number of the calculated interfero-
grams; n1, n2 and n3 are the selected points in 
far-fields from deformation area.

The plane (4) is removed from all interfero-
grams according to (5).

INT _Flt(i,j,k) = z(i,j,k) – Flt(i,j,k)	 (5)

Where INT _Flt(i,j,k) are the flattened inter-
ferograms. Now, all interferograms have the 
same scale in order to use them in the next 

We considered that every plane is at least 
constructed using three points. These three 
points should not be located along one line, or 
in an area affected by atmospheric or phase 
unwrapping errors. The least-squares solution 
for the calculation of residual orbital tilts in 
the selected points far-off from the deforma-
tion area is expressed as (2).

z = In ∙ Flt	 (2)

Where at the selected points: z is the cal-
culated differential phase by every interfero-
gram (INT = 1,…, k); In is the index matrix of 
the least-squares solution including indices of 
the plane (1); and Flt is the residual orbital tilt.

The algebraic solution of (2) is expressed as 
(3) for calculation of Flt.

Flt = (InT ∙ In)-1 (InT ∙ z)	 (3)

Fig. 3: An Interferogram calculated by ENVISAT ASAR data before (left), and after (right) removal 
residual orbital tilts. The positive values show subsidence in the line-of-sight (LOS) direction and 
in radian (15. 8. 2008 – 19. 9. 2008: temporal baseline (∆t) = 35 days, perpendicular baseline (B┴) = 
-390.05 m, RMSE = 0.0339 m).

Tab. 2: The maximum and minimum RMSE value of the least-squares plane fitting in order to re-
move residual the orbital tilts of the interferograms. This value shows the uncertainty of interfero-
grams due to residual orbital tilts and linear atmospheric effects.

Interferogram Track ∆t (day) B┴ (m) RMSE (m)

ENVISAT ASAR

min. RMSE:  26.9.2003 – 6.8.2004 149 315 166.6 0.0002

max. RMSE: 13.2.2004 – 2.7.2004 149 140 -443.5 0.0872

min. RMSE: 10.8.2005 – 8.3.2006 421 210 337.6 0.0027

max. RMSE: 10.8.2005 – 23.11.2005 421 105 618.1 0.0071

ALOS PALSAR
min. RMSE:  18.9.2009 – 6.11.2010 527 414 1925.7 0.00001

max. RMSE: 15.9.2008 – 6.5.2010 527 598 3588.7 0.0569
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pressed as (7) (Berardino et al. 2001, Schmidt 
& Bürgmann 2003, Biggs & Wright 2004):

For "(i, j) → INT = g · ϕ	 (7)

Where INT = [φ12, φ23, …] are the calculat-
ed interferograms (the observed land defor-
mation between every two radar acquisition 
dates); ϕ = [ϕ1, ϕ2, …] is the unknown phase 
of land deformation in every radar acquisition 
date relating to the first date, the deformation 
in the first date is assumed to be zero (ϕ = 0); 
g is the design matrix of LS solution, which 
links unknown and known values. The rows 
of the design matrix g is equal to the calculat-
ed interferograms (INT) and its columns are 
as much as the radar acquisition dates minus 
one (because we assumed the deformation in 
the first date is equal to zero).

The algebraic solution of (7) is expressed as 
(8) for the calculation of the land deformation 
in every radar acquisition date (ϕ).

ϕ = (gT ∙ g)−1(gT ∙ INT)	 (8)

As mentioned before, if INT ≥ ϕ and the 
chain of differential interferograms is contin-
uous, the deformation phase in every acquisi-
tion date is calculated according to (8). Due to 
several error sources in the original interfero-
grams (atmospheric, orbital, unwrapping etc.) 
this calculated time series is not very precise. 
However, land deformation as a natural phe-
nomenon is considered as a smooth param-
eter of time (Biggs & Wright 2004). There-
fore, in order to remove the noise partly, oth-
er methods are integrated with the LS meth-
od described above (Biggs & Wright 2004). 
We combined a finite difference approxima-
tion with the LS method (Schmidt & Bürg-
mann 2003). This integration of methods par-
tially reduces temporal noises of time series 
as nonlinear atmospheric effects and connects 
separate groups of differential interferograms 
of the research. In order to link independent 
datasets of radar data and mitigate several er-
ror types, a finite difference approximation 
for the second order derivatives of the time 
series was used as a weighting factor added 
to (7). The application of this weighting factor 
(w) presupposes that the velocity of phase of 
deformation during two sequential time peri-

step of the algorithm. An example is given in 
Fig. 3, which presents an interferogram before 
and after removal of the residual orbital tilts.

All interferograms of Tab. 1 were processed 
by this method. The RMSE between the in-
terferograms and the fitted plain in the far-
off points is calculated for all interferograms. 
Tab. 2 presents the minimum and maximum 
values of the RMSE of the least-squares plane 
fitting for every radar type. The RMSE shows 
the uncertainty of interferograms due to resid-
ual orbital tilts and linear atmospheric effects.

b.	Correction of differential interferograms 
to zero level

After step a, all interferograms were corrected 
related to a reference point, located in an area 
without land deformation. This correction of 
the interferograms is expressed as (6).

INT _Flt _ref(i,j,k)   
= INT _Flt(i,j,k) – INT _Flt(refY,refX,k)	 (6)

Where INT _Flt _ref(i,j,k) are the corrected 
interferograms with relation to the reference 
point (refY, refX).

The interferograms resulted by step b are 
expressed as INT in the following equations 
of time series algorithm for simplification of 
writing.

c.	Calculation of land deformation in 
every radar acquisition date by use of 
the differential interferograms

DInSAR time series monitors land deforma-
tion on each radar acquisition date, begin-
ning at the first date and using all calculated 
individual interferograms. We applied a least-
squares-based method (LS) for the InSAR 
time series calculations. The main principle 
of the LS method is as follows: If there are at 
least as many independent interferograms as 
acquisition dates, and if the chain of interfero-
grams is not broken at any point, it is possible 
to perform a least-squares inversion method in 
order to calculate land deformation on each ra-
dar acquisition date (Biggs & Wright 2004).

Accordingly, the relation of the calculated 
interferograms and deformation on every ra-
dar acquisition date t = [t1, t2, t3, …, tn] is ex-
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series of land deformation. The results of ev-
ery time series with a specified W were com-
pared to the results of the time series with a 
very small W (W ~ 0). The subtraction of the 
time series with a very small W (nearly zero) 
and a time series with a specified W, e.g. W = 
0.02, should show only noise over the whole 
study area and no significant values of land 
deformation. This means, only high frequen-
cy components of the time series (noises) have 
been reduced. Finally, the results of the time 
series with the selected W were compared 
with the GPS information (see section 4).

Fig. 4 presents the plot of RMSE against 
different values of weighting factor of the EN-
VISAT ASAR time series calculations. The 
overall RMSE by use of weighting factor 0.02 
is equal to 1.5 rad (0.0067 m).

The entire time series calculations are re-
peated using the optimally selected weight-
ing factor for ALOS PALSAR (w = 0.005) 
and ENVISAT ASAR (w = 0.02) time series, 
which eliminates noisy fluctuations from the 
time series, but preserves the nonlinear (sea-
sonal) signals of deformation. The results of 
time series calculations are interferometric 
phases (in radian). These values were con-
verted to deformation along the line-of-sight 
(LOS) in metre by multiplying – λ / 4π, where 
λ is the wavelength of the radar data. The LOS 
displacements were converted to vertical dis-
placement by dividing them by the cosine of 
incidence angle (θ) of the ENVISAT ASAR 
(θ  =  22.9°) and ALOS PALSAR data (θ = 

ods is relatively constant and there are no un-
expected significant variations of subsidence 
(Schmidt & Bürgmann 2003). To apply this 
weighting factor (7) is written as (9):

2

2
0

g
INT

w
t

φ
 

   = ⋅∂     ⋅ ∂

	 (9)

Where w is the weighted factor of the LSFD 
algorithm. The weighting factor (w) was de-
termined optimally by the common method of 
“trial and error” (e.g. Biggs & Wright 2004, 
GAMMA Software Documentation 2013). 
An appropriate value of the weighting fac-
tor can smooth a noisy time series preserving 
those nonlinear (seasonal) signals of land de-
formation (Schmidt & Bürgmann 2003, Biggs 
& Wright 2004). The plot of the root-mean-
square error (RMSE) of the LS against vari-
ous corresponding weighting factors is used in 
this research (Fig. 4). The RMSE is calculated 
as (10).

2

1

1 ˆ
k

INT
INT

RMSE R
k =

 
= ⋅   ∑ 	 (10)

Where k is the number of the differential in-
terferograms; R̂INT = (g · ϕ̂)  −  INT according 
to (7), where ϕ̂ is the estimated phase by the 
least-squares solution.

We tested several values of W ranging from 
0 to 0.15 (Fig. 4) in order to calculate the time 

Fig. 4: The optimum weighting factor of the LSFD method used in the ENVISAT ASAR time series 
calculation at 0.02 rad (0.0067 m) (red cross).
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(right) represents the ALOS annual displace-
ment map. The maximum annual rate of sub-
sidence was calculated at 0.163 m.

In order to evaluate the results of the InSAR 
processing and time series calculation, the re-
sults of the ENVISAT ASAR and the ALOS 
PALSAR time series calculation in part of 
the recharge period of 2008 were compared 
with each other. Fig. 6 represents the displace-
ment map of the ENVISAT (left: 2.5.2008 – 
19.9.2008) and the ALOS time series calcu-
lation (right: 30.4.2008 – 15.9.2008). Fig. 7 
represents the histogram of the difference 
between ALOS and ENVISAT displacement 
maps (mean deviation = ALOS minus ENVI-
SAT). This histogram shows the distribution 
of the mean deviation of -0.0054 m around 
zero. This difference of 5 mm stems from sev-
eral sources, such as different radar data types 
with various properties, errors contributed in 
InSAR processing and also the time series 
calculations. The ALOS PALSAR data with 
L-band tends to less temporal decorrelation, 
also less unwrapping errors compared with 
ENVISAT ASAR data (C-band). The inter-
ferograms calculated using ALOS PALSAR 
data contain smaller numbers of phase jumps 
and consequently, less unwrapping error. Ac-
cordingly, the time series results of ENVI-

38.7°). The time series results are presented 
and discussed in the next section.

4	 Results and Discussions

The results of ENVISAR ASAR time series 
showed seasonal variations as uplift and sub-
sidence signals in recharge and discharge pe-
riods of Hashtgerd area, respectively. In this 
area, the discharge drawdown season typical-
ly occurs during the period of May to Novem-
ber and the recharge recovery season from 
December to March (Mohammad Rezapour 
Tabari 2009). The individual results of every 
discharge period showed that the areas with 
high subsidence are smaller in the discharge 
period of 2008 compared with that of 2003. 
Fig. 5 (left) shows the ENVISAT ASAR an-
nual mean displacement map of the Hashtg-
erd Plain (between 18.7.2003 and 24.10.2008). 
The maximum annual rate of subsidence in 
every year was calculated at 0.142 m.

The time series of ALOS data also showed 
the seasonal variations of the subsidence. The 
area with the maximum subsidence has oc-
curred particularly in the centre of the subsid-
ence bowl, and in summer 2010, it seems to 
extend more toward the east of the area. Fig. 5 

Fig. 5: ENVISAT ASAR annual deformation rate (from 18.7.2003 to 24.10.2008, left), and ALOS 
PALSAR annual vertical displacement map (from 15.9.2008 to 6.11.2010, right).
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of the Geological Survey of Iran (GSI) from 
July to December 2008. The location of pe-
riodic GPS stations in the Hashtgerd subsid-
ence area is represented in Fig. 8. The differ-

SAT ASAR data showed an underestimation 
of vertical displacement in comparison with 
those of ALOS PALSAR data. The negative 
value of the mean deviation (-0.0054) is relat-
ed to this fact.

The GPS information of Hashtgerd was 
compared with the results of the DInSAR time 
series of both data types. In the area there is 
one GPS continuous monitoring station (Naj
mabad Station) and some GPS periodic moni-
toring stations. The periodic GPS informa-
tion was collected by the Geodynamics Group 

Fig. 6: Comparing the displacement maps of ENVISAT ASAR (left: 2.5.2008 – 19.9.2008) and 
ALOS PALSAR (right: 30.4.2008 – 15.9.2008).

Fig. 7: Histogram of the mean deviation be-
tween displacement maps of the ALOS PAL-
SAR and ENVISAT ASAR data (mean devia-
tion = ALOS minus ENVISAT = -0.0054 m).

Fig. 8: The location of the GPS periodic moni-
toring stations in the Hashtgerd subsidence 
area superimposed on the vertical displace-
ment map of ENVISAT (from 18.7.2003 to 
24.10.2008).
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5	 Conclusions

The performance of a developed time series 
algorithm for monitoring long term variation 
of land subsidence was demonstrated in spite 
of the incomplete radar data for the case study. 
This algorithm consists of three steps. First-
ly, the residual orbital tilts of interferograms 
were removed by a least-squares plane fitting 
approach. Secondly, the interferograms were 
corrected to zero level. Finally, the land de-
formation in every radar acquisition date was 
calculated applying a least-squares inversion 
approach integrated with a finite difference 
approximation. The finite difference approxi-

ence between discontinues GPS information 
and time series of ENVISAT and ALOS was 
calculated at 0.02 m and 0.005 m, respective-
ly (mean deviation = GPS minus ENVISAT/
ALOS) (Fig. 9). In accordance with these dia­
grams, DInSAR measurements show fewer 
values of the land displacements than those 
measured by the GPS. This discrepancy can 
be explained by the differences between the 
two techniques of subsidence monitoring. The 
results of the time series of the InSAR-derived 
subsidence and information of the continuous 
GPS continuous monitoring station (Fig. 10 
left) showed good agreement (Fig. 10 right).

Fig. 9: Histograms of the difference between GPS information and time series calculation results 
of ENVISAT at 0.0235 m (left) and ALOS PALSAR time series at 0.0095 (right) (mean deviation = 
GPS-ENVISAT/ALOS).

Fig. 10: The location of the GPS continuous monitoring station (Najmabad station) superimposed 
on the vertical displacement map of ENVISAT ASAR (from 18.7.2003 to 24.10.2008) (left), compar-
ing the information of this station with the ENVISAT ASAR time series (right).
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Summary: Field reflectance spectroscopy has been 
widely used in proximal soil sensing. Results of 
spectroscopic approaches depend, inter alia, from 
the experimental setup and the applied spectrora-
diometric instrumentation. Beyond the traditional 
instrument concepts (acquisition of ground truth 
data with field spectroradiometers, air- and space-
borne scanners), there are currently alternative de-
velopments in the ground-based or near-ground 
spectroscopy: The hand-held and thus mobile non-
scanning hyperspectral imaging technique might 
be one previously missing part in the operational 
spectral data chain to be used for down- and up-
scaling purposes. It should effectively bridge the 
gap between point and image data as it enables a 
very rapid data acquisition.

This study describes how readings of a hyper-
spectral frame camera (in the nominal spectral 
range from 450 nm to 950 nm) could be utilised for 
soil detection and analysis. The proximally sensed 
hyperspectral images were compared to 1D spec-
troradiometric data, both acquired in the lab using 
raw, sieved and grinded soil samples. Measured 
spectral datasets were then used to define multi-
variate calibration models, i.e., the spectra were 
analysed to extract quantitative models between 
spectral data and soil constituents of interest deter-
mined by wet chemical analysis. We used partial 
least squares regression (PLS) as statistical calibra-
tion method to estimate soil organic carbon (OC), 
hot-water extractable carbon (HWE-C) and nitro-
gen (N). The results that we obtained from the cam-
era data were satisfactory (with coefficients of de-
termination (R2) between 0.62 and 0.84 in the 
cross-validation), but only with crushed samples 
and when combining PLS with CARS (competitive 
adaptive reweighted sampling), an effective spec-
tral variable selection technique. For in-field stud-
ies without any sample preparation, stratified ap-
proaches considering soil surface roughness and/or 
the elimination of shadow pixels from the acquired 
images might both be promising to improve the ac-
curacy of obtainable estimates.

Zusammenfassung: Einblick in die hyperspektrale 
Abbildung zur Untersuchung von Böden – Ergeb-
nisse einer Laboruntersuchung. Anwendungen der 
Feldspektroskopie zur Charakterisierung von Bö-
den sind in zahlreichen Studien aufgezeigt worden. 
Erzielte Ergebnisse sind unter anderem von den 
eingesetzten Spektroradiometern und der gewähl-
ten Messkonfiguration abhängig. Neben klassi-
schen Instrumentierungskonzepten (Erhebung von 
Referenzdaten mit Feldspektroradiometern, Scan-
ner auf Flugzeug- und Satellitenplattformen) gibt 
es aktuell in der bodengestützten bzw. -nahen 
Spektroskopie eine Reihe von Neuentwicklungen. 
So könnte sich eine handgehaltene und somit mobil 
einsetzbare bildgebende (nicht-scannende) Hyper-
spektralkamera als ein bislang fehlendes Element 
in der operationellen Spektraldatenkette erweisen, 
nutzbar sowohl zum Up- als auch zum Downsca-
ling. Diese Technik sollte die Lücke zwischen 
Punktmessung und Bilddaten effektiv schließen 
können, da sie eine sehr schnelle Datenaufnahme 
möglich macht.

Eine Vollformat-Hyperspektralkamera (nomi-
neller Spektralbereich 450 nm bis 950 nm) wurde 
in der vorliegenden Studie zur spektralen Erfas-
sung von Böden eingesetzt. Bodennah aufgenom-
mene Hyperspektralbilder wurden dazu mit 1D 
Spektroradiometerdaten verglichen. Beide Daten-
sätze wurden im Labor für jeweils unaufbereitete, 
gesiebte und fein gemahlene Bodenproben aufge-
nommen. Die gemessenen Spektren wurden ge-
nutzt, um multivariate Kalibrierungen aufzustel-
len, d.h. den Zusammenhang zwischen Spektralda-
ten (nach adäquater Transformation) und nassche-
misch gemessen Bodenparametern zu modellieren. 
Als Methode zur Kalibrierung wurde die „partial 
least squares“-Regression (PLS) genutzt, um die 
Gehalte an organischem Kohlenstoff (OC), heiß-
wasserlöslichem C (HWE-C) und Stickstoff (N) 
abzuschätzen. Die aus den Kameradaten abgeleite-
ten Schätzergebnisse waren zufriedenstellend. Die 
Bestimmtheitsmaße (R2) der Schätzmodelle lagen 
zwischen 0.62 und 0.84 in der Kreuzvalidierung. 
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tung erscheinen Submodelle für aus den Bildern 
geschätzte unterschiedliche Bodenrauigkeiten und/
oder die Beseitigung von Schattenpixeln als aus-
sichtsreiche Möglichkeiten, um die Schätzergeb-
nisse verbessern zu können.

Diese Resultate konnten aber nur erzielt werden, 
wenn die Bodenproben vor der spektralen Messung 
zerkleinert und die PLS mit einer effektiven Spek-
tralvariablenselektion (CARS, „competitive adap-
tive reweighted sampling“) kombiniert wurden. 
Für Feldstudien ohne mögliche Probenaufberei-

1	 Introduction

Spectroscopy in the visible and near-infrared 
(VNIR) has been widely used in soil sensing, 
either in the laboratory (e.g. Ben-Dor & Banin 
1995, Sudduth et al. 1989, Viscarra Rossel & 
McBratney 1998) or for in-situ soil monitor-
ing (e.g. Kooistra et al. 2003, Udelhoven et al. 
2003). Typically, field reflectance spectra are 
collected by portable field spectrometers (1D 
high-resolution spectra), which are often com-
plemented by 2D data of air- or spaceborne 
imaging spectrometers with a more limited 
spatial resolution. Compared to portable field 
spectroscopy, airborne imaging spectroscopy 
has a greater potential to cover large areas dur-
ing a single flight campaign, but accuracies of 
estimated soil properties are usually lower due 
to a lower signal-to-noise ratio and disturbing 
atmospheric influences, for example. Variable 
soil and surface properties (moisture content, 
roughness, crusting) induce spectral variabil-
ity that is critical for large area approaches 
and may be accounted for by using stratified 
(local) calibrations (Stevens et al. 2008, 2010, 
Hill et al. 2010).

With traditional instrument concepts, i.e., 
ground truthing with field spectrometers 
to link ground spectra with data of air- and 
spaceborne scanners, there is a gap in the 
“point-pixel-image”-upscaling approach as 
proximally sensed hyperspectral image data 
are missing. However, ground-based imaging 
line-scanners are currently less widespread in 
ground truthing than portable field spectro
meters. One reason for this is the time factor 
as operating a field line scanner on a tripod 
set-up is very time consuming compared to 
the use of a 1D-field spectrometer. One of the 
concepts to overcome this limitation and to 
bridge the gap in the hyperspectral data chain 
is non-scanning snapshot hyperspectral imag-
ing, which enables rapid (1 ms) data acquisi-
tion in a hand-held mode (Jung et al. 2013).

Due to the novelty of this technique there 
are no available references for non-scanning 
hyperspectral cameras used in proximal soil 
sensing. However, there is a comprehensive 
list of studies and works conducted with line-
scanners. Recently, Steffens & Buddenbaum 
(2013) utilised a hyperspectral scanner from 
400 nm to 1000 nm to determine the con-
centrations of carbon, nitrogen, aluminium, 
iron and manganese of a stagnic Luvisol pro-
file under laboratory conditions. For air- and 
spaceborne scanners e.g. Stevens et al. (2010) 
provide an overview of available soil stud-
ies. In addition, numerous studies exist deal-
ing with ground-based imaging spectroscopy  
using the line-by-line-scanning principle for 
applications in geology and vegetation analy-
sis (Kurz et al. 2013, Vigneau et al. 2011, Ye 
et al. 2008).

Irrespective of the instrumentation, hyper-
spectral measurements provide large sets of 
spectral variables which are strongly correla-
ted and often contain noise. These data have 
to be processed to model the relationship bet-
ween spectral values and soil constituents, 
which can make use of a simple spectral index, 
for example, or a number of factors or compo
nents extracted after data projection; these 
factors/components should ideally represent 
the underlying structure and contain the most 
relevant information of the data. In the cali-
bration approach, the statistical components 
are then modelled against the constituents de-
termined by wet chemical analysis. After its 
validation, either internal with e.g. leave-one-
out cross-validation or – more appropriate – 
external with an additional dataset, this model 
may be applied to unknown samples.

The statistical method that is used in the ca-
libration process should reflect the inherent 
structure of the hyperspectral data and be able 
to handle correlated and noisy data. In chemo-
metrics, partial least squares regression (PLS) 
has firmly established as a robust multivariate 
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states of crushing (raw, sieved, grinded). For 
multivariate calibration, we applied both full 
spectrum-PLS and PLS combined with a key 
wavelengths selection procedure, the CARS 
method (competitive adaptive reweighted 
sampling; Li et al. 2009). The workflow fol-
lowed in this study is illustrated in Fig. 1.

2	 Data Acquisition

2.1	 Study Site, Sampling and Soil 
Wet-Chemical Analysis

The soil sampling area was situated in the 
Northwest Saxon Basin (Geopark Mulden-
land), which is characterised by Permian bed-
rock geology (rhyolites and ignimbrites), Cre-
taceous-Tertiary weathering products (like 
Kaolin) and quaternary sediments (loess, 
Pleistocene terrace gravel).

Within the study area 40 randomly selec
ted soil samples were taken on different ag-
ricultural fields from the very top layer (Ap, 
0–10 cm depth). For further wet-chemical 
analysis, soil samples were air-dried, sieved 
≤ 2 mm, and subsequently homogenised by 
grinding using an agate mortar. Soil texture 
was determined with the Köhn sieve-pipette 
method (E DIN ISO 11277:1994-06 1994) and 
ranged from loamy sand (n = 2), sandy loam 
(11), loam (4), silt loam (22) to silt clay loam (1) 
(after FAO classification; FAO 2006) (Tab. 1).

The total contents of OC and N were meas-
ured by gas chromatography after dry com-
bustion at 1100 °C with an EuroEA elemental 
analyser (HekaTech, Wegberg, Germany), all 
soil samples were free of carbonate-C. Deter-
mination of HWE-C followed the method of 

calibration tool. However, improvements of 
accuracy are usually achieved by selecting the 
most informative spectral variables instead of 
using the full spectrum. The selection of spec-
tral variables also tends to reduce the com-
plexity of the multivariate model that is finally 
retrieved for quantification purposes (Xiaobo 
et al. 2010).

This paper focuses on the use of the recent-
ly available non-scanning UHD 285 hyper-
spectral frame camera (Cubert GmbH, Ulm, 
Germany) for VNIR soil sensing in a labora-
tory experiment. The studied sample set con-
sisted of 40 soil samples, which were analysed 
for their contents of organic carbon (OC), hot-
water extractable carbon (HWE-C) and nitro-
gen (N); spectral readings were taken with 
the UHD 285 and an ASD (Analytical Spec-
tral Devices, Boulder, Colorado, USA) full 
range spectroradiometer for three different 

Fig. 1: Workflow to assess soil constituents 
from spectral data.

Tab. 1: Soil texture of three selected soil sam-
ples (from loess and sandy moraine material).

Sand 
(%)

Silt 
(%)

Clay 
(%)

Soil from loess
(silt loam)

5 79 16

Soil from sandy loess 
(sandy loam)

31 56 13

Soil over sandy 
moraine (loamy sand)

82 9 6
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350 nm to 2500 nm. The spectral resolution of 
this instrument is 3 nm at 700 nm and 30 nm 
at 1400/2100 nm. The sampling interval is 
1.4 nm in the VNIR range from 350 nm to 
1050 nm and 2 nm in the SWIR range; spec-
tra are provided with 1 nm increments (2151 
channels).

For the data collection both instruments 
were mounted on a single tripod (Fig. 2). As il-
lumination source we used an ASD Pro-Lamp 
model, which is also tripod-mountable for in-
door laboratory diffuse reflectance measure-
ments. The size of the calibrated reference 
panel (Zenith Polymer®) was 30 cm × 30 cm. 
For imaging and non-imaging measurements, 
the same white reference panel was used to 
keep the referencing standardised.

The air-dried soil samples were prepared at 
three different degrees of fineness (raw, sieved 
≤ 2 mm and grinded, Fig. 3) in order to vary 
micro-shadowing and to possibly maximise 
the spectral significance of the chemical soil 
components. The distance between sensor and 
soil sample was set to 35 cm in the nadir po-
sition, the illumination zenith angle was 45°. 
All samples were prepared on a reflection neu-
tral plate (spectrally tested before) and cov-
ered, prior to the spectroscopic measurement, 
by a black passepartout (reflectance under 5% 
over the entire spectral range from 400 nm to 
2500 nm) with a window of 20 cm × 20 cm. 
After each measurement, the soil sample was 
rotated by 90°, so that each sample was ar-
chived with 4 spectra. The spectra of the ASD 
instrument were pre-processed by ViewSpec 
(ASD software) and exported as mean spec-
tra for the subsequent statistical analysis. The 
same measurement scheme was followed for 

Körschens et al. (1998) and was examined by 
an one hour extraction of 10 g soil with dis-
tilled water (50 ml) at 100 °C using a Gerhardt 
Turbotherm TT 125 (Gerhardt, Bonn, Germa-
ny). After the extraction, cooling, adding of 
MgSO4 and centrifugation at 2600 rpm for 10 
minutes, the dissolved organic carbon of the 
supernatant was analysed with a TOC-VCPN-
analyzer (Shimadzu, Duisburg, Germany). 
Tab. 2 illustrates mean, minimum, maximum, 
and standard deviation (std) of the analysed 
soil properties. In total, soil parameters given 
in Tab. 2 cover the values that are typical for 
agricultural soils.

2.2	 1D and 2D Spectral Data 
Acquisition and Pre-Processing

For the acquisition of image data we used the 
UHD 285 hyperspectral frame camera. A sili-
con CCD chip with a sensor resolution of 970 
× 970 pixel captures the full frame images. 
The dynamic image resolution is 14 bit. At 
normal sun light illumination, the integration 
time of taking one hyperspectral data cube is 
1 ms. The camera is able to capture more than 
15 spectral data cubes per second, which fa-
cilitates hyperspectral video recording. The 
high-resolution imaging spectrometer coupled 
with the camera chip was designed and devel-
oped by ILM (Institute of Laser Technologies 
in Medicine and Metrology) at the University 
of Ulm and the Cubert GmbH. For our analy-
sis, we used the spectral range from 450 nm to 
950 nm that is covered by 125 channels. The 
hyperspectral data cube has a spectral resolu-
tion of 4 nm.

1D measurements were performed with 
an ASD FieldSpec 4 Wide-Res spectroradio
meter with an available spectral range from 

Tab. 2: Wet-chemical parameters of the 
studied soil samples.

Mean Min Max Std

OC (%) 1.54 0.62 4.31 0.74

HWE-C (μg g−1) 652 306 1568 265

N (%) 0.145 0.048 0.377 0.068

Quotient C × N−1 10.9 8.5 18.0 2.2

Fig. 2: Experimental set-up for 1D and 2D 
spectral measurements in the laboratory.
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detector decreases from around 800 nm up to 
the response limit of the detector (Magnan 
2003), which can to some extent be observed 
for the now reduced image spectra in Fig. 4 
too. Based on the described pre-processing, 
119 spectral dimensions (458 nm – 930 nm, 
see Fig. 4) were used for both the 1D reflec-
tance vectors and the 2D image pixels. To en-
able a direct comparison to the 1D spectra, the 
2D reflectance data (hyperspectral data cubes) 
were converted to virtual 1D measurements 
by averaging the entire image of each sam-
ple. Additionally, spectra were transformed by 
converting reflectances to absorbances with 
log(reflectance-1) and by applying the stan
dard normal variate approach, that is assumed 
to partly remove the multiplicative interfer-
ences of scatter and particle size. Fig. 4 shows 
also the known effect of soil particle size on 
reflectance level, i.e., a general decrease with 
increasing particle size, which has often been 
described in soil spectroscopic studies (e.g. 
Bowers & Hanks 1965).

2.3	 Statistical Methods

PLS has established as multivariate standard 
tool in the field of chemometrics. PLS is simi-
lar to principal component regression (PCR), 
as both employ statistical rotations to over-
come the problems of high-dimensionality 
and multicollinearity. Different from PCR, 
PLS maximises the covariance between the 
spectral matrix (X) and the chemical concen-
tration matrix (Y) to maximise the predic-
tive power of the resulting model (Wold et al. 

the 2D reflectance measurements. The native 
hyperspectral data cubes were converted into 
.bsq (band sequential) format and processed 
by the image analysis software ENVI (Exelis 
Visual Information Solutions).

The spectral resolution of both datasets was 
adjusted prior to the multivariate calibration 
procedure. In detail, both sets were reduced 
to 458 nm – 930 nm and spectrally resam-
pled to the 4 nm resolution of the native image 
spectra. The camera’s first spectral bands be-
low 458 nm showed non-correctable artefacts 
and were removed. The spectral region over 
930 nm suffered from a distinct Si-induced 
loss of sensitivity. Therefore, the last spec-
tral band was set to 930 nm. It is a general and 
known phenomenon in CCD imaging tech-
nology that the light efficiency of a silicium 

Fig. 3: Examples of the differently prepared soil samples (raw, sieved and grinded) with typical 
micro-structures and micro-shadowing due to surface roughness.

Fig. 4: 1D and 2D reflectance curves after 
spectral resampling for raw, sieved and grind-
ed soil samples captured by the hyperspectral 
camera (2D) and the ASD field spectrometer 
(1D).
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considered to indicate excellent predictions, 
whereas values from 2.5 to 3.0 (RPDcv) and 
0.82 to 0.90 (R2

cv) denote a good prediction. 
Approximate quantitative predictions are in-
dicated by RPDcv values between 2.0 and 2.5 
and R2

cv values in the range from 0.66 to 0.81. 
The possibility to distinguish between high 
and low values is shown by values between 
1.5 and 2.0 (RPDcv) and 0.50 and 0.65 (R2

cv). 
Unsuccessful predictions have RPDcv or R2

cv 
values lower than 1.5 or 0.50, respectively.

3	 Results and Discussion

3.1	 Estimates from Full Range and 
VNIR Spectra (Spectroradiometer 
and Image Data)

Estimates from full range spectroradiometer 
data (cross-validated results) obtained with 
both approaches, PLS and CARS-PLS, are 
summarised in Tab. 3. Excellent results were 
obtained with CARS-PLS for OC (raw sam-
ples) and N (raw and grinded samples); for 
HWE-C, results were slightly worse (good 
predictions using raw or grinded samples). As 
HWE-C represents a comparatively small car-
bon pool (as a measure of labile C), indirect 
correlations to the spectral data triggered by 
OC may be of relevance. High correlations be-
tween OC and HWE-C (Persons’s r = 0.93, p 
< 0.01) also support the assumption of such an 
indirect correlation (see also Vohland et al. 
2011). CARS-PLS outperformed PLS (with-
out variable selection) in all cases and re-
sulted in at least “approximate quantitative 
predictions”. Due to the selection procedure, 
CARS-PLS models were – as a general rule 
– more parsimonious than PLS models. With 
the exception of sieved samples (OC and N), 
the number of latent variables reduced slight-
ly; the number of spectral variables that were 
integrated in CARS-PLS models ranged be-
tween 13.9 (HWE-C, sieved samples – aver-
aged from 50 runs) and 23.5 (N, sieved sam-
ples) and was thus distinctly lower than the 
original number of n = 500 spectral variables. 
With respect to the preparation level, worst 
results were obtained with the use of sieved 
samples.

2001). To calibrate a PLS model for each con-
stituent, the optimum number of latent varia-
bles was identified by performing a leave-one-
out cross-validation; the minimum root-mean-
squared error (RMSE) in the cross-validation 
was used as decision criterion (with a prede-
fined maximum of ten latent variables). For an 
overall description of the PLS method, please 
refer to Abdi (2003).

Many studies have shown that more accu-
rate calibration models may be achieved by 
selecting the most informative spectral vari-
ables instead of using the full spectrum. For 
this purpose, we used the CARS approach, 
which was combined with PLS to CARS-PLS. 
For a detailed description of the CARS proce-
dure, please refer to Li et al. (2009). Briefly, it 
uses two successive steps of wavelengths se-
lection in a series of Monte Carlo sampling 
runs: In a first step, an exponentially decreas-
ing function is used for an enforced removal of 
wavelengths with relatively small PLS regres-
sion coefficients. In a second step, an adaptive 
reweighted sampling of variables is employed 
to further eliminate wavelengths in a competi-
tive way. In this step, random numbers are 
generated to pick variables; the probability of 
each spectral variable to be kept depends on its 
weight (calculated from the respective PLS re-
gression coefficient). For our data, 50 succes-
sive sampling runs with both steps described 
above were performed; at the end, the optimal 
subset of variables with the lowest RMSE in 
the cross-validated PLS model is kept.

Due to the Monte Carlo strategy and the 
generation of random numbers in the second 
step, CARS does not provide a unique solu-
tion. Thus, CARS was rerun 50 times to gen-
erate 50 estimates for each sample and each 
constituent; these 50 solutions were averaged 
to obtain the final estimates.

To assess the accuracy of the multivariate 
calibrations, we used as measures the residual 
prediction deviation (RPD, defined as the ratio 
of standard deviation of the reference values 
to standard error of the cross-validated esti-
mates), the RMSE, the relative RMSE (rRMSE 
= RMSE × measured arithmetic mean-1) and 
R2. Obtained accuracies (cross-validated (cv) 
values) were evaluated following the guide-
line of Saeys et al. (2005): RPDcv and R2

cv val-
ues greater than 3.0 or 0.90, respectively, are 
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and at 1140 nm (sieved samples). Compared to 
the visible and the NIR domain, the shortwave 
IR (SWIR) region was distinctly more relevant 
for the CARS approach with markedly higher 
peaks of selection frequencies at 1374 nm – 
1394 mm (raw and grinded samples), 1850 nm 
– 1902 nm (raw, grinded), 2078 nm – 2194 nm 
(all preparation levels) and some wavelengths 
beyond 2300 nm (e.g. 2306, 2334/2338 nm) 
(Fig. 5). In the wavelength range between 
1406 nm and 1798 nm, selection frequencies 
were low in all cases.

The found selection peaks indicate some 
wavelength regions (VIS range, prominent 
water bands, hydroxyl band, C-H absorption 
bands) that were already identified in other 

Fig. 5 illustrates the selection frequencies 
of spectral variables for assessing OC, which 
were obtained in 50 runs of CARS-PLS with 
the full spectra of raw and sieved samples. Se-
lection frequencies of grinded samples (not il-
lustrated) showed peaks partly similar to raw 
and partly similar to sieved samples. Some re-
gions in the visible were rather frequently se-
lected for all preparation levels (e.g. 406 nm 
– 418 nm, 662 nm – 674 nm and – for sieved 
and grinded samples – 526 nm – 538 nm), 
whereas selection frequencies in the very near 
IR (a region covered by the UHD camera) 
were very low (Fig. 5). In the NIR range up 
to 1300 nm, selection peaks were found only 
at about 1100 nm (raw and grinded samples) 

Fig. 5: Selection frequencies (raw (a) and sieved (b) samples) for spectral variables in the full 
range from 402 nm to 2398 nm (realised in 50 runs of CARS-PLS with OC as target soil constituent).
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from raw samples were on a similar level at 
least for pruned ASD and UHD data (Tab. 3). 
As the UHD spectra were obtained by aver
aging all pixel values over the complete image,  
it is not entirely clear why these data per-
formed generally worse than the ASD read-
ings. The differences were probably due to the 
irregular surface roughness of the raw samples 
which caused multidirectional light scattering 
effects and strong contrasts between illumi-
nated and shadowed image regions (Fig. 3). 
Soil surface roughness is known as one main 
disturbing factor for e.g. SOC estimates from 
proximally sensed VNIR data, which may be 
compensated, in case of larger samples sets, 
by stratified models specified for different sur-
face roughness classes (Rodionov et al. 2014). 
Thus, for future in-field tests of the UHD hy-
perspectral frame camera its potential to as-
sess soil roughness from the images (e.g. by 
analysing the extent of shadowed image por-
tions; García Moreno et al. 2008) should be 
fully exploited.

3.2	 Spatial Analysis: How Much 
Variability is in One Image?

We selected three samples with different lev-
els of mean OC contents to analyse the vari-
ability in the hyperspectral images (Tab. 4). 
Within each image, 500 randomly determined 
pixels were extracted and then used to obtain 
pixel-wise estimates for OC. For this estima-

studies to be relevant for assessing OC with 
spectroscopy (e.g. Mouazen et al. 2007, Vis-
carra Rossel & Behrens 2010, Vohland et al. 
2014). Bellon-Maurel & McBratney (2011) 
quote the 1600 nm – 2500 nm range to be the 
most relevant for measuring OC. Cécillon et 
al. (2009) present a compilation of important 
NIR wavelengths for OC and also N that are 
all beyond 1100 nm.

As most of these essential wavelength re-
gions were not included in the pruned ASD 
spectra and the UHD data, a drop of accuracies 
was a priori to be expected for the multivariate 
calibrations with these datasets. The obtained 
results were, de facto, inferior to those with 
full range spectra (Tab. 3), but especially for 
OC these differences were small when using 
grinded samples and the CARS-PLS method; 
for both datasets (pruned ASD and averaged 
UHD Spectra) the cross-validation resulted in 
“good” estimates. In addition, very similar re-
sults were obtained for OC from sieved sam-
ples using full and pruned ASD spectra and 
also for HWE-C from grinded samples with 
full range ASD and UHD data (Tab. 3).

Differences of accuracy between the three 
instrumental settings were most pronounced 
when raw samples were measured and used 
for the calibration with CARS-PLS; in this 
case, the general order for all soil variables 
was ASD (full spectra) >> ASD (pruned spec-
tra) >> UHD data. The CARS variable selec-
tion procedure obviously highlighted these 
differences, as accuracies obtained with PLS 

Tab. 4: Statistics for OC estimates from image data obtained with CARS-PLS (each sample and 
preparation level: 500 randomly selected pixels).

Raw Sieved Grinded

Mean2 Std Min
Max Mean2 Std Min

Max Mean2 Std Min
Max

Sample 
#11 1.62 0.77 -1.21 

3.77 1.72 0.61 -0.06
3.56 1.95 1.88 -4.05 

6.18

Sample 
#21 2.28 0.66 0.51 

6.40 2.21 0.85 -0.24
4.69 2.53 1.91 -4.04 

8.20

Sample 
#31 1.10 0.41 0.17

2.37 0.98 0.82 -1.44
3.51 1.26 2.09 -5.58 

6.93
1 Wet-chemical reference values (OC): #1: 1.90, #2: 2.70, #3: 0.62
2 Previous estimates from averaged images (see 3.1):
Sample #1: raw: 1.83, sieved: 1.81, grinded: 1.90; Sample #2: raw: 2.34, sieved: 2.20, grinded: 2.33;
Sample #3: raw: 1.28, sieved: 1.28, grinded: 1.09
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variable selection). CARS was found to be an 
effective selection method that improved ac-
curacies at least in the cross-validation; how-
ever, it should be tested with an independent 
validation set. The majority of CARS-selected 
wavelengths were physically meaningful, as 
they were related – in the case of organic car-
bon – to water absorption bands, the hydroxyl 
band at 2200 nm or C-H absorption bands in 
the region beyond 2300 nm.

In soil spectroscopy, the SWIR domain is 
of high relevance. Although the tested hyper-
spectral camera (UHD 285) does not cover 
this region, obtained values indicated, at least 
in part, good estimates. These results were re-
stricted to crushed (grinded) samples; accura-
cies dropped distinctly for raw samples (which 
represent the normal in-field situation with 
rough soil surfaces). Thus, for in-field stud-
ies, the full potential of the image data should 
be used, which is to estimate soil roughness 
directly from the images to define stratified 
models or to eliminate shadowed pixels which 
have very restricted information content.

The image data that we analysed in detail 
showed a great variability of the contained 
(spectral) information. These fine-scale varia-
tions are relevant for chemometric approach-
es, as they require a careful definition of cali-
bration sets that have to cover these variations 
adequately.

tion, the already available models calibrated 
before (for n = 40 reference values) were ap-
plied.

The results we obtained were similar for all 
three images. In all cases, the estimates fol-
lowed the normal distribution. As an exam-
ple, the Q-Q (quantile-quantile) plot is illus-
trated for sample #1 (grinded) in Fig. 6. Mean 
values calculated from the 500 image pixels 
provided useful estimates close to the mea
sured reference values (Tab. 4). The range of 
estimates indicated, on the one hand, highly 
variable OC contents; on the other hand, how-
ever, we often received inconsistently low and 
high values, i.e. negative values and obvious 
overestimates (OC contents of more than 6%, 
for example; see boxplots in Fig. 6 and Tab. 4). 
Evidently, the calibration set was not sufficient 
to represent all situations (including illumina-
tion differences) contained in the image data; 
this may be due to the small number of cal-
ibration samples and the way the calibration 
set was compiled, as only averaged and thus 
“smoothed” image spectra were used.

4	 Summary and Conclusions

We tested two multivariate calibration meth-
ods; in all cases, PLS combined with CARS 
outperformed full spectrum-PLS (without 

Fig. 6: Statistics for OC estimates (in %) obtained from 500 randomly selected pixels for one sam-
ple (#1) and its different preparation levels (for clarification, boxplot for grinded sample is scaled 
differently).
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Summary: This paper shows the potential of a 
method using field spectral measurements as inde-
pendent training data for the classification of air-
borne hyperspectral imagery of a natural preserve 
in Germany, using two different machine learning 
algorithms. The spectral reflectance of different 
dry grass- and heathland vegetation communities 
was measured with field spectrometers (350 nm – 
2500 nm) in August 2009. Additionally, hyperspec-
tral imagery was acquired by the airborne scanner 
aisaEAGLE (390 nm – 970 nm). The developed 
normalization technique was proven to be a suita-
ble method to make image and field spectra compa-
rable for classification. A support vector machine 
(SVM) and random forest (RF) classifier trained 
with normalized field spectra were applied to nor-
malized image data to classify dry grass- and 
heathland communities in different levels of detail. 
SVM (overall accuracy (OAA) 89.13%) provided 
significantly better classification results compared 
to RF (OAA 71.74%) in the second level of detail. 
Consequently, only SVM was used for classifica-
tion in the highest level of detail (third level), which 
also led to high classification accuracy (OAA 
77.27%). The results indicate the potential of the 
developed approach classifying airborne hyper-
spectral image data with field spectral measure-
ments for the spatial assessment and separation of 
dry grass- and heathland communities.

Zusammenfassung: Ein kombinierter Ansatz zur 
Klassifizierung hyperspektraler Bilddaten mit im 
Gelände erfassten spektralen Punktmessungen zur 
räumlichen Erfassung von Vegetationsgesellschaf-
ten. Im vorliegenden Beitrag wurde das Potenzial 
einer Methode untersucht, bei der spektrale Punkt-
messungen eines Feldspektrometers als unabhängi-
ge Trainingsdaten zur Klassifizierung hyperspek-
traler Flugzeugscanneraufnahmen verwendet wur-
den. Dabei kamen zwei Algorithmen des maschi-
nellen Lernens zum Einsatz, deren Performanz 
unter Betrachtung verschiedener Genauigkeitsle-
vels getestet wurde. Im August 2009 wurden spek-
trale Signaturen von Trockengras- und Heidekraut-
gesellschaften mit einem Geländespektrometer 
(350 nm – 2500 nm) erfasst. Zusätzlich fand eine 
flächendeckende Befliegung des Untersuchungsge-
bietes mit dem hyperspektralen Flugzeugscanner 
aisaEAGLE (390 nm – 970 nm) statt. Um eine Ver-
gleichbarkeit beider Datensätze herzustellen, wur-
de eine Methode zur Normalisierung der Gelände- 
und Bilddaten entwickelt. Die Klassifizierung der 
Trockengras- und Heidekrautgesellschaften erfolg-
te mit den Algorithmen Support Vector Machine 
(SVM) und Random Forest (RF). Beide Algorith-
men wurden mit den normalisierten Gelände-
spektren trainiert und dann die Klassifizierung der 
normalisierten Bilddaten durchgeführt. SVM (Ge-
samtgenauigkeit (OAA) 89,13%) lieferte im Ver-
gleich zu RF (OAA 71,74%) das bessere Klassifi-
zierungsergebnis im zweiten Genauigkeitslevel. 
Aus diesem Grund erfolgte die Klassifizierung des 
höchsten Genauigkeitslevels (drittes Genauigkeits-
level) ausschließlich mit dem Algorithmus SVM, 
wobei erneut eine hohe Klassifizierungsgüte (OAA 
77,27%) erzielt wurde. Als Ergebnis konnte eine 
genaue räumliche Erfassung und Trennung von 
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daten mit spektralen Geländemessungen verdeut-
licht wurde.

Trockengras- und Heidekrautgesellschaften erzielt 
werden, wodurch das Potenzial der entwickelten 
Methode zur Klassifizierung hyperspektraler Bild-

1	 Introduction

One of the main applications of remote sens-
ing is the classification of different land cover 
types. In general, classification of airborne 
or satellite images is conducted by training a 
classification algorithm with spectral data di-
rectly extracted from the same image. Sub-
sequently, the trained model is applied to the 
image data. However, there is often no infor-
mation about the location of suitable training 
areas for the classification algorithm, which 
leads to inaccurate classification results. The 
rising number of libraries containing field or 
laboratory spectral measurements of different 
land cover classes can be used as an alterna-
tive to train classification algorithms without 
extracting spectral information directly from 
the image data. At present only a few studies 
using spectral data collected in the field or the 
laboratory exist as independent training data 
for the classification of airborne hyperspectral 
images for mapping minerals (e.g. Kokaly et 
al. 2008, Swayze et al. 2009), soils (e.g. Brown 
2007) and especially vegetation (e.g. Birger et 
al. 1998, Nidamanuri et al. 2007, Nidamanuri 
& Zbell 2011, Zomer et al. 2009).

Detection of occurring plant species and 
mapping of different vegetation communi-
ties in the field is very time consuming and 
expensive. In this context, airborne and space-
borne hyperspectral remote sensing data with 
its high spectral information content increas-
es the possibility for a highly accurate detec-
tion of different types of vegetation (Fauvel 
et al. 2013). Especially for hyperspectral data 
many classification methods have been devel-
oped and refined in recent years (Camps-Valls 
et al. 2014, Lunga et al. 2014). Therefore, hy-
perspectral data provides an alternative for 
fast and area-wide classification of different 
vegetation communities and species in order 
to locate and protect areas with endangered 
species which have to be preserved, e.g. in 
the context of the European habitats directive 
(European Union 1992).

Several studies have shown the potential of 
hyperspectral remote sensing data for sepa-
rating vegetation communities or even sin-
gle species (Artigas & Yang 2006, Chan & 
Paelinckx 2008, Cochrane 2000, Schmidt & 
Skidmore 2003). The high information content 
of hyperspectral data is well suited for a data 
basis for area-wide mapping of vegetation hab-
itats and for vegetation monitoring over long 
time periods. However, acquisition of appro-
priate spectral reflectance signatures directly 
from hyperspectral image data for each class 
as representative training data for the classifi-
cation of natural vegetation is still a challenge 
because of the heterogeneous character of the 
plant communities and their patchy stand den-
sity. In this context, field reflectance spectra of 
areas where species composition was botani-
cally determined can serve as an alternative to 
generate suitable training data of an area wide 
image classification.

The main objective of this paper is the clas-
sification of dry land vegetation communities 
at different levels of detail from airborne hy-
perspectral images using field spectral meas-
urements as representative reference data for 
the different classes. The classification was 
also conducted comparatively using the two 
classification algorithms support vector ma-
chine (SVM) and random forest (RF).

2	 Study Area and Data

2.1	 Study Area

The study area (52°30‘ N, 13°3‘ E) was the 
natural preserve Döberitzer Heide, located in 
the federal state of Brandenburg, west of the 
German capital Berlin (Fig. 1). From the early 
18th century till 1994 the area was used as a 
military training area. After this long period 
of military usage large parts were protected 
by the German Federal Nature Conservation 
Act in 1996. The Döberitzer Heide has a size 
of about 5000 ha and is characterized by wet 
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cient lines along tracks in the images (Rogass 
et al. 2011). Atmospheric correction was per-
formed using software developed at the Uni-
versity of Valencia (Guanter et al. 2009). Ad-
ditionally, empirical line correction was ap-
plied including spectral ground measurements 
of different dark and bright targets collected 
in the test site during aisaEAGLE overpass 
(Smith & Milton 1999). aisaEAGLE data geo-
metric correction was realized with the soft-
ware CaliGeo and orthorectification was per-
formed with the software ENVI.

Furthermore, 46 vegetation plots (1 m2 size 
each) in areas with homogenous plant popula-
tions were defined in the study area. Colour 
infrared airborne data of previous years was 
evaluated for identifying suitable locations of 
the plots in field and for allowing a represent-
ative sampling of the investigated vegetation 
communities (Neumann et al. 2013). Spectral 
reflectance measurements of all plots were 
collected in the study area between August, 
15 and 24, 2009 by different ASD FieldSpec 
Pro spectroradiometers recording spectral re-
flectance in 2151 spectral bands in the wave-
length range 350 nm – 2500 nm. For each plot, 
25 spectral measurements were taken. In ad-
dition, the height of vegetation was measured, 
photos were taken for documentation and plot 
positions were located by a handheld GPS.

2.3	 Vegetation Mapping

During vegetation mapping, open land habi-
tats with low vegetation growth were de-

biotopes in the western and dry biotopes in 
the middle and eastern parts (Rutschke 1997). 
The study area is situated in the transition area 
between maritime and continental climates. 
For that reason the region has a mean annual 
precipitation of 590 mm and 8.8 °C mean an-
nual temperature (Hendl 1996). Over 50% of 
the Döberitzer Heide is covered by decidu-
ous and coniferous forest, while other parts 
are characterized by heathland, sandy grass-
land, mesophile grassland, seminatural humid 
meadows, wetland and wasteland.

The four test sites are located in the north-
west (test site A), the northeast (test site B), 
the east (test site C) and the south (test site 
D) of the study area (Fig. 1). The test sites are 
dominated by dry vegetation communities, 
especially different types of dry grassland, 
heathland, broom, sand pioneer corridors and 
browse bristle.

2.2	 Data

Hyperspectral data of the airborne imaging 
system aisaEAGLE (Specim Ltd.) was used for 
classification of dry grass- and heathland veg-
etation. The aisaEAGLE imagery of the study 
area was acquired on August, 19, 2009 with 
a geometric resolution of 2 m in 252 spectral 
bands covering the wavelength range 390 nm 
– 970 nm. Thirteen flight stripes – alternate-
ly scanned in north-south and south-north di-
rections – were recorded during flyover. The 
ROME de-striping algorithm was used to re-
duce the sensor mis-calibration effects of defi-

Fig. 1: Location of the study area and the test sites within the study area (left) and test site B in 
detail (right).
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urements of a plot outside the IFR were ex-
cluded from further processing and from fi-
nal classification (Fig. 3). For classification of 
the aisaEAGLE image data with all selected 
spectral measurements of each plot, the data 
had to be spectrally prepared because spectral 
attributes of the training (ASD field measure-
ments) and classification datasets (aisaEAGLE 
image data) showed significant spectral differ-
ences. Therefore, field spectra were resampled 
to aisaEAGLE spectral resolution and spectral 
range, making both datasets comparable.

Data adjustment of aisaEAGLE data and se-
lected field spectra was achieved by normal-
ization of both datasets, dividing reflectance 
values of the single bands (refn) by the max-
imum reflectance value of the spectral curve 
(refmax). This procedure was adapted to all 
spectral signatures in both datasets.

max

n
norm

refref
ref

= 	 (3)

As a result, all spectral reflectance signa-
tures were scaled to a maximum value of 1. 
Fig. 4 shows the spectral curves of an aisa
EAGLE pixel with corresponding ASD field 
measurements before and after normalization.

The result clearly indicates a better match 
of the spectral reflection curves after the nor-
malization procedure. Furthermore, in total 
122 spectral bands at the beginning and end 
of the datasets (390 nm – 500 nm, 800 nm – 
970 nm) were deleted because of noise, leav-

termined in detail. Wooden areas and shrub 
lands were not the focus of the investiga-
tions except broom heath, which was mapped 
and classified, too. The vegetation mapping 
scheme was finally structured in a hierarchi-
cal division of open land habitats with differ-
ent levels (Fig. 2).

3	 Methods

3.1	 Spectral Pre-Processing

At the beginning of spectral pre-processing 
the inner fence (IF) was calculated for the 25 
spectral field measurements of each plot. The 
IF is a statistical method to find outliers in a 
dataset. First, the inter-quartile range (IQR) 
has to be computed (1), and then the upper 
(IFupper) and lower inner fence (IFlower) is deter-
mined (2) (Tukey 1977). Q0.25 and Q0.75 repre-
sent the first and the third quantile.

IQR = Q0.75 – Q0.25	 (1)

IFupper = (Q0.75 + 1.5 * IQR) and  
IFlower = (Q0.25 – 1.5 * IQR)	 (2)

In this study, for every spectral band the up-
per and lower IF was calculated from the 25 
spectral field measurements of each plot. As a 
result, an inner fence range (IFR) was created 
limited by two artificially generated spectral 
signatures. Consequently, all spectral meas-

Fig. 2: Division of dry grass- and heathland habitats in different level for classification.
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ples for each dataset class (Muñoz-Marí et 
al. 2007). In this study only dry grass- and 
heathland areas were in the focus of the in-
vestigations, so that all the other classes had 
to be masked before starting with the machine 
learning classification. First, subsets with the 
spatial extension of the four test sites were ex-
tracted from aisaEAGLE image data. After-
wards, wooded areas, areas without vegeta-
tion and shadows were classified by applying 
an unsupervised K-means classification algo-
rithm. Subsequently, a mask was created from 
the three classes and used to reduce the aisa

ing 130 spectral bands in the range 500 nm 
– 800 nm for the classification (Fig. 4, right). 
Subsequently, normalized aisaEAGLE data 
and selected, resampled and finally normal-
ized field measurements were applied for clas-
sification of dry grass- and heathland vegeta-
tion.

3.2	 Machine Learning Classification

A requirement for classification with SVM 
and RF is the availability of training sam-

Fig. 3: Left: Spectral field measurements of a dry grassland plot before selection by inner fence. 
Right: Spectral field measurements of a dry grassland plot after selection by inner fence.

Fig. 4: Spectral reflection comparison of a dry grassland plot between the sensors aisaEAGLE 
and ASD FieldSpec. Left: Before normalization. Right: After normalization with the spectral range 
used for classification.
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plot in the field was classified in the right or in 
a wrong class. This approach of accuracy as-
sessment could be performed because training 
data and classification data were independent 
datasets, so that a division between training 
and validation data was not necessary.

4	 Results and Discussion

In level 1 the objective was to separate dry 
grass- and heathland vegetation from all other 
land cover classes. Just one of the 46 field plots 
was incorrectly masked in level 1 (overall ac-
curacy (OAA) = 97.83%). This plot represent-
ed healthy broom, which at this growing stage 
had a very similar spectral reflectance com-
pared to young trees. The subsequent classi-
fication of level 2 was conducted with the 45 
remaining plots. For classification in level 2 
the machine learning algorithms SVM and 
RF were used. The validation procedure was 
similar to level 1, except that at this point the 
classes of level 2 were intended to serve as ref-
erence for validation. While SVM classified 
41 of the 46 plots (89.13%) correctly, with RF 
just 33 of the 46 plots (71.74%) were assigned 
to the correct class.

Tab. 1 shows results for SVM classification 
for the different classes at level 2. The calluna 
heath (CH) and browse bristle (BB) plots were 
all classified in the correct classes. The incor-
rect classified plot in the class dry grassland 
(DGL) was the healthy broom plot, which was 
already masked at level 1 and is consequent-
ly incorrect at level 2, too. The classification 
of the sand pioneer corridor (SPC) plots was 
more problematic compared to the other class-
es. Four of the 16 plots were assigned to wrong 
classes, mostly in the class CH.

Based on the substantially better results at 
level 2 for SVM compared to RF, at level 3 
classification was only continued with SVM. 
At level 3, 34 of the 44 plots (77.27%) were 
classified to their corresponding classes. In 
this context, it has to be noted that the class 
browse bristle was not further subdivided at 
level 3, reducing the total number of plots to 
44.

Classification accuracies at level 3 are listed 
in Tab. 2. The class caluna-heath provided the 
best classification result at level 3 with 11 of 13 

EAGLE data of the different test sites only to 
areas with dry grass- and heathland.

SVMs and RFs trace back to statistical 
learning theory, and some years ago they were 
adapted to solve classification and regression 
problems in the field of remote sensing. The 
advantage of SVMs and RFs compared with 
other classification algorithms, e.g. maximum 
likelihood and spectral angle mapper, is their 
capability to deal with high dimensional data. 
For that reason, SVMs (Braun et al. 2010, 
Foody & Mathur 2004, Huang et al. 2002, 
Pal & Mather 2006) and RFs (Chan & Can-
ters 2007, Crawford et al. 2003, Lawrence et 
al. 2006) have often been used for classifica-
tion of hyperspectral data in recent years.

SVM classification of dry grassland com-
munities was realized with the software “Im-
ageSVM” (Rabe et al. 2010), which is freely 
available as a part of the EnMAP-Box (www.
enmap.org). In this context, a Gaussian ra-
dial basis function (RBF) kernel was used to 
build the SVM classification models. In or-
der to find the optimal parameter values for 
C (regularization parameter) and g (Gauss-
ian RBF kernel parameter), imageSVM uses a 
grid search technique based on an implemen-
tation in “libsvm” (Chang & Lin 2001). For 
RF classification, the free programming lan-
guage R for statistical computing and graphics 
was used in combination with the additional 
R-package “randomForest”, which provides 
a direct implementation of Breiman’s RF al-
gorithm (Breiman 2001). For classification of 
the vegetation communities, each RFR model 
was made up of 500 individual trees. Each tree 
was built with two thirds of the training data 
randomly selected (bootstrap samples), while 
the remaining third (out-of-bag samples) was 
used for a model internal validation. At each 
node of a tree, only a small number of features 
(square root of all features) were randomly se-
lected for decision making.

The procedure to train the classification 
model and apply it to aisaEAGLE image data 
from the test sites was the same for both clas-
sification algorithms. First, the algorithms 
were trained with field spectra. Then, derived 
models were applied to the image data to clas-
sify dry grass- and heathland. Accuracy as-
sessment was conducted by simply verifying 
whether a pixel corresponding to a measured 
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problems with the small number of training 
samples in the presented study. A higher num-
ber of training samples could possibly solve 
this problem: Pal & Mather (2006) showed 
that the classification of hyperspectral data 
with more than 250 training samples per class 
provided nearly the same classification ac-
curacies for SVM and RF. Furthermore, the 
out-of-bag error, which is an indicator for 
the robustness of a RF, was also very high, at 
15.49%. This fact indicates that the algorithm 
RF already had problems to separate the pro-
cessed ASD field spectra, and therefore no sat-
isfactory results were expected before classi-
fication. 

SVM results for level 2 underline the capa-
bility of the classification algorithm to sepa-
rate different dry and heathland classes. There 
was only a problem with the classification of 
the sand pioneer corridors. This class was 
unique because it had numerous variations 
of nearly uncovered soils, from areas slightly 
covered with lichen to areas with increasing 
grass cover, which can be seen as a transition-
al stage to the class dry grassland. Especially 
here, mixed pixels in the aisaEAGLE data had 
a major impact on the classification accuracy. 
For future work, classification approaches in-
cluding spectral unmixing techniques and 
gradient mapping could help to overcome the 
problem; data should also be used with a spa-
tial resolution higher than 2 m ground sam-
pling distance. At level 3, classification accu-
racy for the different classes of dry grassland 

correctly classified plots (84.62%). Dry grass-
land also had high accuracy, at 80%, and 12 of 
16 correctly assigned plots. The accuracy for 
the class sand pioneer corridors is relatively 
low compared to the other classes, with only 
11 of 16 plots (68.75%) correctly classified.

The presented results underline that a de-
tailed classification of dry grass- and heath-
land vegetation communities with hyperspec-
tral airborne- and field data within the study 
area was possible. At level 1 the masking 
proved to be an appropriate procedure to re-
duce the aisaEAGLE data to dry grass- and 
heathland areas, which were the focus of this 
study. The incorrect masking of the pixel cor-
responding to the healthy broom plot could 
possibly be prevented if the area were classi-
fied again with data acquired at another time 
in the growing season, for example during the 
blossoming of broom. Under these conditions 
the spectral curve of broom should be differ-
ent from young trees because of the domi-
nance of the yellow blossoms.

The classification at level 2 showed that 
SVMs are more suitable than RFs for the clas-
sification of dry grass- and heathland in the 
study area. The reason for this could be the 
small number of training spectra for some 
classes. Foody et al. (2006) demonstrated that 
SVMs can handle classification problems with 
a small amount of training data very well be-
cause the algorithm only needs samples from 
the edges of the classes, the so-called “support 
vectors”. In contrast, RFs appear to have more 

Tab. 1: Classification results for the different classes of level 2 with SVM (DGL = dry grassland, CH 
= calluna-heath, SPC = sand pioneer corridor, BB = browse bristle).

Classes (level 2) DGL CH SPC BB

Result 14/15 13/13 12/16 2/2

Accuracy 93.33% 100% 75% 100%

Overall accuracy 41/46 (89.13%)

Tab. 2: Classification results for the different classes of level 3 with SVM.

Classes (level 3) DGL CH SPC

Correct/incorrect 12/15 11/13 11/16

Accuracy 80.00% 84.62% 68.75%

Overall accuracy 34/44 (77.27%)
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Schmidtlein & Sassin 2004). Neumann et al. 
(2011, 2012, 2013) also used continuous veg-
etation gradients in combination with multi-
variate regression analysis to map heterogene-
ous dry vegetation communities of the Döbe
ritzer Heide, demonstrating the potential of 
the method with very promising results.

5	 Conclusions

In the presented study, dry grass- and heath-
land communities of a dryland nature pre-
serve in Germany were classified in different 
levels of detail on the basis of hyperspectral 
aisaEAGLE image data in combination with 
spectral field measurements. The normaliza-
tion of image and field spectra before classi-
fication was proven to be a suitable method 
to make both datasets spectrally compara-

and caluna-heath was lower by more than 
10% compared to level 2, whereas the accu-
racy for the sand pioneer corridors was lower 
only by 7%. At this level mixed pixels also be-
came problematic for the separation of differ-
ent dry grassland and calluna-heath classes, 
but with 80.00% and 84.62% correct classified 
plots accuracy was still high. Finally, Fig. 5 
illustrates the classification results for an ai-
saEAGLE image data subset of test site B at 
all three levels. At level 3, no more accuracy 
improvement seems to be possible.

The already-mentioned spectral unmixing 
or new ordination techniques for vegetation 
mapping in a floristic continuum are promis-
ing approaches to map plants in even higher 
levels of detail. Especially the latter approach 
has already provided detailed mapping re-
sults for different types of natural vegetation 
(Feilhauer et al. 2011, Schmidtlein et al. 2007, 

Fig. 5: Classification procedure for a subset of test site B. Top left: aisaEAGLE input image with 
the locations of several field plots. Top right: Masked aisaEAGLE data – level 1. Bottom left: SVM 
classification result – level 2. Bottom right: SVM classification result for dry grassland – level 3.



Bastian Siegmann et al., Enhanced Classification Approach 531

who generously supported data preprocessing. 
Additional thanks go to Randolf Klinke und 
Daniel Stichs, who assisted in data collection.

References

Artigas, F.J. & Yang, J., 2006: Spectral discrimi-
nation of marsh vegetation types in the New Jer-
sey meadowlands. – Wetlands 26 (1): 271–277.

Birger, J., Glässer, C., Herrmann, B. & Tischew, 
S., 1998: Multisensoral and multitemporal re-
mote sensing of ecological damage caused by 
open-cast lignite mining in Central Germany. – 
ISPRS Commission VII Symposium on Re-
source and Environmental Monitoring. Interna-
tional Archives of Photogrammetry and Remote 
Sensing XXXII (7), Budapest, Hungary.

Braun, A.C., Hinz, S. & Weidner, U., 2010: Sup-
port Vector Machines for Vegetation Classifica-
tion – A Revision. – PFG – Photogrammetrie, 
Fernerkundung, Geoinformation 2010 (4): 273–
281.

Breiman, L., 2001: Random forests. – Machine 
Learning 45 (1): 5–32.

Brown, D.J., 2007: Using a global VNIR soil-spec-
tral library for local soil characterization and 
landscape modeling in a 2nd-order Uganda wa-
tershed. – Geoderma 140 (4): 444–453.

Camps-Valls, G., Tuia, D., Bruzzone, L. & Bene-
diktsson, J.A., 2014: Advances in Hyperspectral 
Image Classification: Earth monitoring with sta-
tistical learning methods. – IEEE Signal Pro-
cessing Magazine 31 (1): 45–54.

Chan, J.C.W. & Paelinckx, D., 2008: Evaluation of 
Random Forest and Adaboost treebased ensem-
ble classification and spectral band selection for 
ecotope mapping using airborne hyperspectral 
imagery. – Remote Sensing of Environment 112 
(6): 2999–3011.

Chan, J.C.W. & Canters, F., 2007: Ensemble Clas-
sifiers for Hyperspectral Classification. – 5th 
EARSEL Workshop on Imaging Spectroscopy, 
Bruges, Belgium.

Chang, C.C. & Lin, C.J., 2011: LIBSVM: A library 
for support vector machines. – ACM Transac-
tions on Intelligent Systems and Technology 2 
(3): 1–27.

Crawford, M.M., Ham, J., Chen, Y. & Ghosh, J. 
2003: Random forest of binary hierarchical clas-
sifiers for analysis of hyperspectral data. – IEEE 
Workshop on Advances in Techniques for Anal-
ysis of Remotely Sensed Data, Greenbelt, MD, 
USA.

Cochrane, M.A., 2000: Using vegetation reflec-
tance variability for species level classification 

ble. The subsequent classification with the 
machine learning algorithms SVM (89.13% 
– level 2) and RF (71.74% – level 2) provided 
results with significantly differing classifica-
tion accuracies, because SVMs can obviously 
deal better with training data which was not 
from the same source than the classification 
data. Therefore, the classification of the high-
est level of detail (level 3) was only performed 
with the algorithm SVM, also providing a re-
sult with relatively high classification accura-
cy (77.27%).

The acquired field spectral measurements 
of dry vegetation communities used in this 
study were stored in a spectral library sys-
tem for the first time (SPECTATION www-
app2.gfz-potsdam.de/spectation). This and 
many other spectral libraries offer open ac-
cess to spectral reflectance measurements of 
numerous plants, soils and minerals and can 
be used as reference data for future classifi-
cation studies in remote sensing. However, it 
is important that these libraries provide addi-
tional meta information about the reflectance 
measurements, e.g. day of acquisition, mea
surement conditions, for verifying their suit
ability for a certain classification problem. By 
the use of reference data from spectral librar-
ies cost- and time intensive field campaigns to 
measure spectral reference data in field would 
no longer be necessary for every classification 
application.

The presented classification approach 
showed the potential of using field spectral re-
flectance measurements for the classification 
of hyperspectral image data with high accura-
cy. Furthermore, the classification procedure 
can easily be transferred to other classification 
problems where image data with high spatial 
resolution and suitable field reflectance mea
surements (possible from spectral libraries) 
are available.

Acknowledgements

This work was funded by the Deutsche Bun-
desstiftung Umwelt - DBU [26257]. We would 
like to thank LUP GmbH and ecostrat GmbH 
for providing field spectra and species com-
position data. The authors would especially 
like to thank Theres Küster and Karl Segl, 



532 Photogrammetrie • Fernerkundung • Geoinformation 6/2014

mote Sensing Images. – IEEE Transactions on 
Geosciences and Remote Sensing 45 (8): 2683–
2692.

Neumann, C., Förster, S. & Itzerott, S., 2011: 
From field spectra to an area-wide monitoring – 
A case study in a dryland nature reserve in Ger-
many. – ESA Hyperspectral Workshop 2010, 
Frascati, Italy.

Neumann, C., Itzerott, S. & Weiss, G., 2012: The 
importance of spatial, spectral and temporal 
constraints for a hyperspectral modeling of veg-
etational continuum and habitat assessment pa-
rameter. – IEEE International Geoscience and 
Remote Sensing Symposium, IGARSS, Munich.

Neumann, C., Weiss, G., Itzerott, S., Kühling, M., 
Fürstenow, J., Luft, L. & Nitschke, P., 2013: 
Entwicklung und Erprobung eines innovativen, 
naturschutzfachlichen Monitoringverfahrens 
auf der Basis von Fernerkundungsdaten am Bei-
spiel der Döberitzer Heide, Brandenburg. – 
Scientific Technical Report 13/02, Deutsches 
GeoForschungsZentrum GFZ, 238.

Nidamanuri, R.R., Garg, P.K. & Ghosh, S.K., 
2007: Development of an agricultural crops 
spectral library and classification of crops at cul-
tivar level using hyperspectral data. – Precision 
Agriculture 8 (4–5): 173–185.

Nidamanuri, R.R. & Zbell, B., 2011: Use of field 
reflectance data for crop mapping using airborne 
hyperspectral image. – ISPRS Journal of Photo-
grammetry and Remote Sensing 66 (5): 683–
691.

Pal, M. & Mather, P.M., 2006: Some issues in the 
classification of DAIS hyperspectral data. – In-
ternational Journal of Remote Sensing 27 (14): 
2895–2916.

Rabe, A., van der Linden, S. & Hostert, P., 2010: 
Simplifying Support Vector Machines for clas-
sification of hyperspectral imagery and selection 
of relevant features. – 2nd Workshop on Hyper-
spectral Image and Signal Processing: Evolution 
in Remote Sensing (WHISPERS), Reykjavik, 
Iceland.

Rogass, C., Spengler, D., Bochow, M., Segl, K., 
Lausch, A., Doktor, D., Roessner, S., Behling, 
R., Wetzel, H.U. & Kaufmann, H., 2011: Reduc-
tion of Radiometric Miscalibration-Application 
to Pushbroom Sensors. – Sensors 11 (6): 6370–
6395.

Rutschke, E., 1997: Döberitzer Heide. Konzep-
tionen für die Bewahrung und Entwicklung 
eines Naturerbes in Brandenburg. – Potsdam.

Schmidt, K.S. & Skidmore, A.K., 2003: Spectral 
discrimination of vegetation types in a coastal 
wetland. – Remote Sensing of Environment 85 
(1): 92–108.

of hyperspectral data. – International Journal of 
Remote Sensing 21 (10): 2075–2087.

European Union, 1992: Council Directive 92/43/
EEC of 21 May 1992 on the conservation of nat-
ural habitats and of wild fauna and flora. – http://
ec.europa.eu/environment/nature/legislation/
habitatsdirective/index_en.htm (31.3.2014).

Fauvel, M., Tarabalka, Y., Benediktsson, J.A., 
Chanussot, J. & Tilton, J.C., 2013: Advances in 
Spectral-Spatial Classification of Hyperspectral 
Images. – IEEE 101 (3): 652–675.

Feilhauer, H., Faude, U. & Schmidtlein, S., 2011: 
Combining Isomap ordination and imaging 
spectroscopy to map continuous floristic gradi-
ents in a heterogeneous landscape. – Remote 
Sensing of Environment 115 (10): 2513–2524.

Foody, G.M. & Mathur, A. 2004: A relative evalu-
ation of multiclass image classification by sup-
port vector machines. – IEEE Transactions on 
Geoscience on Remote Sensing 42 (6): 1335–
1343.

Foody, G.M., Mathur, A., Sanchez-Hernandez, C. 
& Boyd, D.S., 2006: Training set size require-
ments for the classification of a specific class. – 
Remote Sensing of Environment 104 (1): 1–14.

Guanter, L., Segl, K., Sang, B., Alonso, L., 
Kaufmann, H. & Moreno, J., 2009: Scene-based 
spectral calibration of high spectral resolution 
imaging spectrometers. – Optics Express 17 
(14): 11594–11606.

Hendl, M., 1996: Grundzüge des Klimas des Lan-
des Brandenburg. – Berichte zur deutschen Lan-
deskunde 70: 435–477.

Huang, C., Davis, L.S. & Townshend, J.R.G., 2002: 
An assessment of support vector machines for 
land cover classification. – International Journal 
of Remote Sensing 23 (4): 725–749.

Kokaly, R.F., King, T.V.V. & Livo, K.E., 2008: Air-
borne hyperspectral survey of Afghanistan 
2007: flight line planning and HyMAP data col-
lection. – USGS Afghanistan Project Product 
No. 186, US Geological Survey, Reston, VA, 
USA.

Lawrence, R.L., Wood, S.D. & Sheley, R.L., 2006: 
Mapping invasive plants using hyperspectral 
imagery and Breiman Cutler Classifications 
(RandomForest). – Remote Sensing of Environ-
ment 100 (3): 356–362.

Lunga, D., Prasad, S., Crawford, M.M. & Ersoy, 
O., 2014: Manifold-Learning-Based Feature Ex-
traction for Classification of Hyperspectral 
Data: A review of advances in manifold learn-
ing. – IEEE Signal Processing Magazine 31 (1): 
55–66.

Muñoz-Marí, J., Bruzzone, L. & Camps-Valls, G., 
2007: A Support Vector Domain Description 
Approach to Supervised Classification of Re-



Bastian Siegmann et al., Enhanced Classification Approach 533

Addresses of the Authors:

Dipl. Geographer Bastian Siegmann, University of 
Osnabrück, Institute for Geoinformatics and Re-
mote Sensing, Barbarastraße 22b, D-49076, Osna-
brück, Tel.: +49-541-969-3930, e-mail: bsiegmann@
igf.uos.de

Prof. Dr. Cornelia Glässer, Martin-Luther-Uni-
versity Halle-Wittenberg, Institute for Geosci
ences, Von-Seckendorff-Platz 4, D-06120 Halle 
(Saale), e-mail: cornelia.glaesser@geo.uni-halle.de

Dr. Sibylle Itzerott & Dipl. Geoecologist Carsten 
Neumann, Helmholtz Centre Potsdam, German Re-
search Centre for Geosciences GFZ, Section 1.4 – 
Remote Sensing, Telegrafenberg, D-14473 Pots-
dam, e-mail: {sibylle.itzerott} {carsten.
neumann}@gfz-potsdam.de

Manuskript eingereicht: April 2014
Angenommen: September 2014

Schmidtlein, S. & Sassin, J., 2004: Mapping of con-
tinuous floristic gradients in grasslands using 
hyperspectral imagery. – Remote Sensing of En-
vironment 92 (1): 126–138.

Schmidtlein, S., Zimmermann, P., Schüpferling, R. 
& Weiss, C., 2007: Mapping the floristic con-
tinuum: Ordination space position estimated 
from imaging spectroscopy. – Journal of Vegeta-
tion Science 18 (1): 131–140.

Smith, G.M. & Milton, E.J., 1999: The use of the 
empirical line method to calibrate remotely 
sensed data to reflectance. – International Jour-
nal of Remote Sensing 20 (13): 2653–2662.

Swayze, G.A., Kokaly, R.F., Higgins, C.T., 
Clinkenbeard, J.P., Clark, R.N., Lowers, H.A. 
& Sutley, S.J., 2009: Mapping potentially asbes-
tos-bearing rocks using imaging spectroscopy. 
– Geology 37 (8): 763–766.

Tukey, J.W., 1977: Exploratory Data Analysis. – 
688 p., Addison Wesley, Reading, MA, USA.

Zomer, R.J., Trabucco, A. & Ustin, S.L., 2009: 
Building spectral libraries for wetlands land 
cover classification and hyperspectral remote 
sensing. – Journal of Environmental Manage-
ment 90 (7): 2170–2177.





PFG 2014 / 6, 0535 – 0548	 Report
Stuttgart, December 2014

© 2014 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany	 www.schweizerbart.de
$ 3.50DOI: 10.1127/pfg/2014/0246	 1432-8364/14/0246

Spatiotemporally Varying Relationships between Urban 
Growth Patterns and Driving Factors in Xuzhou City, 
China

Cheng Li, Nguyen Xuan Thinh & Jie Zhao, Dortmund

Keywords: remote sensing, urban growth patterns, spatial metrics, geographically weighted 
regression, spatiotemporal heterogeneity

Summary: Urban spatial patterns are usually af-
fected by different factors in urbanization process-
es. Scientific interpretations of the effects of under-
lying determinants of spatial patterns are important 
for a better understanding of urban developments. 
However, only few studies have quantitatively ex-
amined the spatiotemporal relationships between 
spatial patterns and driving factors. This study ex-
plores the use of remote sensing (RS), spatial met-
rics and geographically weighted regression 
(GWR), with a case study in Xuzhou city, China, to 
analyse the spatial patterns of urban growth as well 
as their spatiotemporally varying relationships 
with three driving factors (1) slope, (2) distance to 
major urban centres, and (3) distance to major 
roads. The historical urban growth from 1990 to 
2010 was derived from multi-temporal remote 
sensing images. Spatial metrics were used to quan-
tify the urban growth patterns for different periods. 
The effects of the factors on urban growth patterns 
were further investigated using GWR. The results 
indicate that the spatial patterns of Xuzhou have 
significantly changed along the urbanization pro-
cess. GWR performs better than ordinary least 
squares (OLS) in interpreting the relationships in-
dicated by higher adjusted R2, lower corrected 
Akaike information criterion (AICc) values and 
reduced spatial autocorrelations of residuals. The 
parameters of the driving factors obtained from 
GWR indicate that their effects on spatial patterns 
are spatiotemporally varying. The findings help in 
better understanding the effects of the considered 
factors on spatial patterns, as well as to provide 
support for urban planning and management.

Zusammenfassung: Raumzeitliche Beziehungen 
zwischen Einflussfaktoren und Stadtwachstum in 
Xuzhou City, China. Unterschiedliche Faktoren be-
einflussen städtische Flächennutzungsmuster im 
Urbanisierungsprozess. Gesicherte Erkenntnisse 
über Einflussfaktoren der Flächeninanspruchnah-
me sind wichtig für die Stadtentwicklungsplanung. 
Unser Beitrag beschreibt die Klassifizierung der 
Flächennutzung der chinesischen Stadt Xuzhou in 
fünf Flächennutzungsarten anhand der Landsat-
Bilder für die drei Zeitpunkte 1990, 2001 und 2010, 
die anschließende Berechnung von raumstruktu-
rellen Indizes (Class Area, Number of Patches, 
Mean Shape Index, Largest Patch Index, Area 
Weighted Mean Euclidean Nearest Neighbour Dis-
tance, Edge Density) und die Untersuchung der 
raumzeitlichen Beziehungen zwischen den drei 
ersten Kennzahlen und drei treibenden Faktoren 
der Flächennutzungsänderungen: (1) Steigung, (2) 
Entfernung zu urbanen Zentren, und (3) Entfer-
nung zu Hauptstraßen. Die Herausarbeitung der 
raumzeitlichen Beziehungen erfolgt unter Einsatz 
der geografisch gewichteten Regression (Geogra-
phically Weighted Regression, GWR) und der Me-
thode der kleinsten Quadrate (Ordinary Least 
Squares, OLS), wobei GWR die Zusammenhänge 
zwischen den genannten Faktoren und Indizes bes-
ser erklärt als OLS. Die GWR-Ergebnisse belegen, 
dass der Einfluss der Faktoren auf das Raummuster 
räumlich und zeitlich variiert. Dies gilt es bei künf-
tigen Stadtentwicklungen zu beachten.
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account the spatiotemporal dynamics of driv-
ing factors.

Satellite imagery is the most common data 
source for detection, quantification and map-
ping of land cover change patterns (Yuan et al. 
2005). It provides a cost and time effective tool 
for obtaining great amounts of multi-temporal 
information on the geographic distribution of 
land cover (Dewan & Yamaguchi 2009). Spa-
tial metrics are widely used to quantify the 
pattern of an urban area by computing them 
directly from thematic maps (Herold et al. 
2005). The temporal variations of spatial met-
rics have a potential to improve the levels of 
interpretation and assessment of urbanization 
processes and thus to contribute to a better un-
derstanding of spatial pattern changes, as well 
as of potential impacts on the environment 
and ecosystem (Dietzel et al. 2005).

Geographically weighted regression (GWR) 
has been developed and widely used to ex-
plore spatially varying relationships (Bruns­
don et al. 1996, Fotheringham et al. 2001). Lo-
cal rather than global parameters can be esti-
mated for analyzing the spatial dynamics of 
effects of driving factors on urban patterns.

This study aims at enhancing the under-
standing of urban growth patterns and the spa-
tiotemporally varying effects of the driving 
factors on urban growth patterns through the 
integration of remote sensing, spatial metrics, 
and GWR, with a case study of Xuzhou city in 
China. For this purpose multi-temporal land 
cover data is derived from remote sensing im-
ages. A set of selected spatial metrics is com-
puted for the detailed analysis of urban growth 
patterns and to improve the representation of 
urban spatial characteristics. GWR methods 
have been developed to investigate spatiotem-
porally varying relationships between urban 
growth patterns and their related factors.

2	 Material and Methods

2.1	 Study Area and Data

Xuzhou city in China is located in eastern part 
of China (Fig. 1), in the plains of Yellow River 
and Huaihe River, with an administrative area 
of 11,258 km2. It is regarded as a medium-
sized metropolitan area in comparison to oth-

1	 Introduction

Urbanization has been a universal and impor-
tant social and economic phenomenon tak-
ing place all around the world (Deng et al. 
2009). During the past decades, urban growth 
has been accelerating with the significant in-
crease in urban population, and this process is 
expected to continue to be one of the crucial 
issues of global change in the future, espe-
cially in less developed regions (Sui & Zeng 
2001). Urbanization alters the spatial struc-
ture of land use within a region (Jenerette & 
Wu 2001), which has resulted in a series of 
environmental problems such as the loss of 
natural vegetation, loss of open spaces, ap-
pearance of heat island effect, and general de-
cline in the spatial extent and connectivity of 
wetlands and wildlife habitat, which threaten 
sustainable urban development (Gao & Liu 
2010).

Recently, the efforts to understand spatial 
patterns and mechanisms, and the effects of 
urbanization have been highlighted. Here 
the analysis of spatial patterns can help to 
better understand the urban growth process 
and to make policy decisions (Dietzel 2005, 
Schwarz 2010, Thinh et al. 2002). Studies on 
the qualitative relationships between urbani-
zation and spatial growth patterns have dem-
onstrated that human induced factors play an 
important role in urban growth patterns (Deng 
et al. 2009, Kong & Nakagoshi 2006, Weng 
2007). Most of them, however, only focused 
on describing the characteristics of spatial 
patterns and their relationships with under-
lying determinants for the whole study area, 
and failed to address the spatial heterogenei-
ties in the effects of driving factors on spatial 
patterns in response to urbanization. In addi-
tion, analyzing the change of spatial patterns 
for one period would overlook the fact that an 
area experiencing the most intense urbaniza-
tion is not necessarily static, but could shift 
its location within the urbanization process, 
so that the characteristics of urbanization pro-
cess cannot be fully captured. In order to ad-
dress these gaps in previous studies and to ef-
fectively capture and analyze the urbanization 
process, it is necessary to explore the quan-
titative relationships between urban growth 
patterns and driving factors while taking into 
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noises in analyzing the urban spatial patterns. 
By employing the medium resolution Landsat 
data, this noise can be avoided. Therefore, the 
spatial resolution of Landsat data seems quite 
suitable to analyze the urban spatial patterns 
in this study.

Before the classification process, an at-
mospheric correction technique called cosine 
of the sun zenith angle (COST) was applied 
(Chavez 1988). After the atmospheric correc-
tion, all images were georeferenced using well 
distributed ground control points (GCPs) and 
topographic maps. A second order polynomi-
al was applied, resulting in root-mean-square 
errors (RMSE) less than 0.75 pixels. The im-
ages were resampled to a pixel size of 30 m 
× 30 m using the nearest neighbour algorithm 
to maintain the radiometric properties of the 
original data. The image processing was per-
formed using ERDAS IMAGINE 2011 soft-
ware.

A digital elevation model (DEM) at a spa-
tial resolution of 30 m, acquired from the 
global land cover facility (GLCF), was used 
to represent topography. Slope gradients were 
derived from the elevation surface. The ma-
jor road networks (1990, 2000, and 2010) were 
collected from Xuzhou Urban Planning Bu-
reau for the further analysis.

er cities in China. Xuzhou city is composed of 
five districts (Quanshan, Gulou, Yunlong, Ji-
awang and Tongshan), in which the first three 
districts are viewed as the city core. Main land 
cover types are built-up land, farmland, veg-
etation, and water body. The study area covers 
the main urban area of Xuzhou city and subur-
ban fringe, with the area of around 2,897 km2 
and the population of over 3 million inhabit-
ants in 2010.

In this research Landsat images for 1990, 
2001 and 2010 were obtained from the U.S. 
Geological Survey (USGS) and used for land 
cover classification. It is widely acknowledged 
that spatial pattern analysis is sensitive to the 
spatial resolution of the image data used for 
mapping (Weng 2007, Wu 2004). In this study, 
small urban patches (smaller than 900 m2) 
could not be recognized in Landsat data with 
the spatial resolution of 30 m. This leads to 
the underestimation of the amount of urban 
patches and total areas. In addition, the mixed 
pixel problem, caused by medium resolution, 
contributes to the low accuracy of the clas-
sification results, hereby, affecting the spa-
tial metrics values. However, the settlements 
in urban fringes of Xuzhou city are typically 
small-sized but numerous. These settlements 
are not important to study, but could cause 

Fig. 1: The study area.
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generated by TCT. In addition, a 3×3 majority 
filter was applied to remove salt and pepper 
appearances in the images.

In order to check whether the results are 
suitable for the spatial pattern analysis, an er-
ror matrix was calculated to assess the accu-
racy of the classification. The set of necessary 
reference data included topographic maps and 
field survey data. A total of 300 random points 
generated by stratified random sampling 
method were adopted to assess classification 
accuracy. Finally, the classified data and refer-
ence data were compared and statistically rep-
resented in the error matrix.

2.3	 Spatial Patterns Analysis

Tab. 1 provides a description of the spatial 
metrics used in the study. The selection of the 
metrics was based on the research objective 
and their values in representing specific spatial 
characteristics as explored in previous studies 
on urban areas (Herold et al. 2005, Luck & 
Wu 2002, Schwarz 2010). SHAPE_AM was 

2.2	 Land Cover Classification

A maximum likelihood classifier (MLC) was 
selected to classify the Landsat images into 
four categories: built-up land, farmland, veg-
etation and water body. Post classification re-
finement was used to improve the accuracy of 
the classification. For this study, farmland was 
not expected to be found in areas with slopes 
higher than 10 degree. Therefore, the farm-
land pixels with slopes higher than 10 degree 
were reclassified as vegetation. The tasseled 
cap transformation (TCT) is a conversion of 
the original bands of an image into a new set 
of bands with defined interpretations that are 
useful for vegetation mapping (Dymond et 
al. 2002, Li & Thinh 2013). The built-up and 
bare soil areas have higher values compared 
with other classes in the brightness band. In 
the greenness band the built-up land has low-
er values, whereas the areas covered by green 
vegetation have higher values. In the wet-
ness band the water bodies have higher val-
ues. Therefore, we defined specific thresholds 
to distinguish different classes in each band 

Tab. 1: Description of the spatial metrics used in this study (McGarigal et al. 2012).

Spatial metrics Abbreviation Description

Class area CA The sum area (m²) of all urban land use patches, 
divided by 10,000.

Number of patches NP Total number of urban patches.

Largest patch index LPI The percentage of the area of the largest urban patch 
to the total area of the investigation.

Edge density ED The ratio of total edge of urban patches to total 
landscape area. 

Shape index
(Area weighted mean shape 
index/Mean shape index)

SHAPE
(SHAPE_AM/
SHAPE_MN)

The index describes the complexity of the patch 
shape.  It uses patch area as a weighting factor. It 
equals 1 if the patch has a square shape and 
increases as the irregularity of the shape increases.
SHAPE_AM averages the shape index of the 
patches by weighting patch area so that larger 
patches weigh more than smaller patches. 
SHAPE_MN equals the sum of shape index of the 
patches divided by the number of patches of the 
same type. 

Euclidean nearest-neighbour 
distance
(Area weighted mean 
Euclidean nearest-neighbour 
distance)

ENN
(ENN_AM)

ENN equals the distance (m) to the nearest 
neighbouring patch of the same type, based on 
shortest edge-edge distance. 
ENN_AM averages the ENN index of the patches 
by weighting with the patch area size. 
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considered as a major factor in several studies 
on land use change (Aspinall 2004, Dubovyk 
et al. 2011, He et al. 2006, Hu & Lo 2007, Li 
et al. 2013, Sui & Zeng 2001). Slope can speed 
up or slow down the process of urban develop-
ment as the costs of land development can in-
crease as the slope increases (Aspinall 2004). 
Socioeconomic development is one of the 
most important driving factor of urban growth 
patterns and can best be characterized by the 
access that a location has to important facili-
ties (He et al. 2006, Li et al. 2013, Verburg et 
al. 2004). The significant effects of distance to 
major urban centres on urban growth patterns 
have been confirmed by several studies (Aspi­
nall 2004, Batisani & Yarnal, 2009, Cheng 
& Masser 2003, Dubovyk et al. 2011, Hu & Lo 
2007, Li et al. 2013, Long et al. 2012, Reilly 
et al. 2009, Sui & Zeng 2001, Verburg et al. 
2004). Transportation plays an indispensable 
part in urban patterns because a good trans-
portation increases the accessibility of land 
and decreases the cost of construction (Reilly 
et al. 2009). Therefore, distance to major roads 
has been used as a driving factor by many re-
searchers (Cheng & Masser 2003, Dubovyk et 
al. 2011, He et al. 2006, Hu & Lo 2007, Li et 
al. 2013, Long et al. 2012, Reilly et al. 2009, 
Sui & Zeng 2001, Verburg et al. 2004). In this 
study, distance to major urban centres (ab-
breviation: Dis2urban) and distance to major 
roads (abbreviation: Dis2road) were used to 
represent socioeconomic factors. The gross 
domestic product (GDP) and population were 
not considered as their spatial resolutions are 
much coarser than that of other variables used 
in this study.

Coefficients could be misleading, if the un-
derlying variables are measured in different 
units. For comparing the impacts of different 
variables on the urban spatial patterns, a lin-
ear membership function method was adopted 
to implement the standardization. The varia-
ble with the highest value was assigned 1, and 
the lowest value was assigned 0.

2.5	 Geographically Weighted 
Regression

GWR is an extension of global regression 
method such as OLS (ordinary least squares), 

used for the general description of the urbani-
zation pattern in order to improve the measure 
of class patch fragmentation as the structure 
of smaller patches is often determined more 
by the image pixel size than by characteristics 
of natural or manmade features found in the 
landscape (Milne 1991). The higher the value 
of the ENN (Euclidean nearest neighbour), the 
greater is the isolation of the patches. In order 
to consider the different influence of patches 
according to the areas, ENN_AM is calcu-
lated by incorporating patch area size weight-
ing. Since the study focuses on urban growth, 
the land cover maps were reclassified into two 
classes: urban and non-urban. Built-up was 
defined as urban land, while farmland, veg-
etation and water body were reclassified into 
non-urban land. The spatial metrics associ-
ated with sustainability were calculated using 
Fragstats 4 (McGarigal et al. 2012).

2.4	 Variables Calculation

Investigation of the relationships between ur-
ban growth patterns and their related factors 
were performed on a block basis. The square 
block, the most commonly used shape for spa-
tial pattern analysis (Luck & Wu 2002, Weng 
2007), was applied in this study. A prelimi-
nary test of the effects of block size on spa-
tial pattern analysis was carried out consid-
ering sizes of 1 km, 2 km, 3 km and 5 km. A 
block size of 2 km was chosen because it re-
tains more details of the spatial pattern than 
a larger block size does. A block size of 1 km 
could lead to the situation that no urban patch 
or only a few urban patches exist in some 
blocks, which generates noise in the spatial 
pattern analysis. Therefore, the study area was 
firstly divided into several square blocks of 
2 km × 2 km. The selected metrics (CA, NP, 
SHAPE_MN in Tab. 1) being suitable at local 
level, were then calculated for each block to 
measure the urbanization intensity, fragmen-
tation and irregularity of urban area. After ob-
taining metrics values for the 1990, 2001 and 
2010 data, the changes of metrics were calcu-
lated for each block.

Urban growth patterns are the result of the 
complex interaction of physical, environmen-
tal and socioeconomic factors. Slope has been 
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minimises the AICc value: the model with 
lowest AICc values suggests a stronger abil-
ity of a regression model in reflecting reality.

For the comparison purpose, we also em-
ployed OLS models to investigate the relation-
ships between spatial patterns and explanato-
ry factors. Three statistical parameters were 
used to compare the performance between 
GWR and OLS: adjusted R2, AICc, and Mo-
ran’s I. Adjusted R2 and AICc measures pro-
vide some indications of the goodness of fit of 
the corresponding model. Higher adjusted R2 
values indicate that more variances can be ex-
plained for dependent variables. Moran’s I is 
widely used as an indicator of spatial autocor-
relation (range: -1 to 1). Large absolute values 
of Moran’s I indicate that spatial autocorrela-
tion is more significant. Residuals are the dif-
ferences between observed and predicted val-
ues. We employed Moran’s I value to examine 
spatial autocorrelation in the residuals.

3	 Results 

3.1	 Spatial Patterns Analysis

The overall accuracies calculated for 1990, 
2001, and 2010 were 86.4%, 87.7%, and 88.3%, 
respectively (Tab. 2). Urban landscape is a 
complex combination of different land cov-
ers. In this study, mixed pixel problems were 
found between built-up land and vegetation 
categories. In addition, some farmlands with-
out crop were misclassified as built-up due to 
their spectral similarities. The producer’s and 
user’s accuracy of built-up land cover are con-
sistently high, ranging from 85.0% to 88.7% 
and meet the minimum USGS total accuracy 
set out by Anderson et al. (1976). Hence, the 
classified results are considered suitable as 
data source for spatial pattern analysis. The 
multi-temporal land cover classification maps 
for Xuzhou city are shown in Fig. 2.

Tab. 3 presents spatial metrics values from 
1990 to 2010. The CA value of Xuzhou city 
shows a rapid urbanization process between 
1990 and 2010 (see also Fig. 2). The alloca-
tion of urban area included both the develop-
ing outward from the original city core and 
the growth of new individual urban patches, 
which is illustrated by the increases in both 

and can be used to explore the spatially var-
ying relationships between explanatory vari-
ables and spatial patterns by generating a set 
of local-specific coefficients (Brunsdon et al. 
1996, Fotheringham et al. 1996, Fothering­
ham et al. 2001). In contrast to traditional re-
gression method, GWR is conducted using lo-
calized points within geographic space. Thus, 
instead of producing a single average parame-
ter for each relationship, GWR has a potential 
to produce a set of local parameters that can 
be mapped to get insight into hidden possible 
causes of this pattern.

The GWR model can be expressed as:

0 ( , ) ( , )i i i k i i ik i
k

y a a xµ ν µ ν ε= + +∑ 	 (1)

Where (μi, νi) represents the coordinate lo-
cation of the ith point. a0(μi, νi) and ak(μi, νi) 
express the intercept and local parameter es-
timate for an independent variable xik at loca-
tion i, respectively. εi is the random error term 
for location i.

In GWR, the parameters for each observa-
tion at location i can be estimated by weight-
ing all observations around a specific point i 
according to their spatial proximity, which is 
calculated by the Euclidean distance in this 
study. The observations which are spatial-
ly closer to the location i will have a greater 
impact on the local parameters for the loca-
tion than those which originate at more distant 
points. Gaussian distance decay can be used to 
express the weighting function:

2

2exp ij
ij

d
w

h
 

=  
 

	 (2)

Where wij represents the weight of observa-
tion j for location i. dij is the Euclidean dis-
tance between points i and j. h is a kernel 
bandwidth that affects the distance-decay of 
the weighting function. There are three choic-
es of the bandwidth method: corrected Akaike 
information criterion (AICc), cross validation 
(CV) and bandwidth parameter. If the band-
width is known a priori, bandwidth parameter 
could be applied. If it is unknown, the first two 
types allow for using an automatic method to 
find the optimum bandwidth. In this study, the 
AICc method was used for the GWR model. 
The AICc method finds the bandwidth which 
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Tab. 2: Summary of Landsat classification accuracies (%) for 1990, 2001, and 2010.

Land cover class
1990 2001 2010

Producer’s User’s Producer’s User’s Producer’s User’s

Built-up 85.0 87.9 87.1 85.7 88.7 87.5

Farmland 89.0 85.8 90.2 87.5 89.1 89.8

Vegetation 79.2 82.4 81.8 88.2 81.1 86.0

Water body 88.2 90.0 88.2 90.0 93.6 88.0

Overall accuracy 86.4 87.7 88.3

Tab. 3: Spatial metrics derived from the land cover classification maps.

Date CA NP LPI ED SHAPE_AM ENN_AM

1990 27636 2345 1.8253 12.7665 3.4157 297.0055

2001 38559 2412 3.7846 15.4546 5.2129 275.0119

2010 54938 2509 7.0688 19.5735 8.4627 246.3587

Fig. 2: Multiple temporal land cover classification maps.
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between urban patches. As the increasing rap-
id urbanization process, Xuzhou’s irregular 
and fragmented growth is illustrated by the 
continuous increasing of SHAPE_AM, NP, 
and ED.

Changes of spatial metrics across the study 
area are shown in Fig. 3. The variations of spa-
tial metrics show spatiotemporal heterogenei-

metrics: LPI and NP. The development of new 
individual urban patches created more edges, 
which leads to the increase in ED value. Some 
individual urban patches continued to grow 
together to form larger patches, the connec-
tion of individual urban patches increased, ac-
cording to the decreasing ENN_AM value. It 
also implies the significant loss of open space 

Fig. 3: Changes of spatial metrics selected in this study for 1990 – 2001 (left column) and 2001 – 
2010 (right column) (CA = class area, NP = number of patches, SHAPE_MN = mean shape index).
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3.2	 Comparison between OLS and 
GWR Models

OLS models only provide one statistical aver-
age parameter for the whole study area, where-
as the GWR results show variables chang-
es throughout the study area. The adjusted 
R2 and AICc values generated by GWR and 

ties. Moreover, the variations of spatial pat-
terns can, in considerable parts, be explained 
by selected factors. For example, most of the 
blocks with significant growth of CA values 
are found around the city core, and the signifi-
cant decrease of NP values are also observed 
around the city core.

Tab. 4: Comparison of adjusted R2 between GWR and OLS for two periods.

 

1990 – 2001 2001 – 2010

CA NP SHAPE_MN CA NP SHAPE_MN

Dis2urban
Adjusted R2G 0.523 0.443 0.470 0.474 0.466 0.449

Adjusted R2O 0.136 0.175 0.101 0.119 0.079 0.047

Dis2road
Adjusted R2G 0.560 0.566 0.525 0.463 0.444 0.427

Adjusted R2O 0.099 0.057 0.075 0.002 0.007 0.001

slope
Adjusted R2G 0.509 0.349 0.581 0.461 0.474 0.423

Adjusted R2O 0.114 0.017 0.107 0.050 0.012 0.025

R2G is the R² for GWR model; R2O is the R² for OLS model.

Tab. 5: Comparison of AICc between GWR and OLS for two periods.

1990 – 2001 2001 – 2010

CA NP SHAPE_MN CA NP SHAPE_MN

Dis2urban
AICcG 6182.2 3957.6 4735.5 7388.5 5128.9 6003.2

AICcO 6590.6 4064.8 4888.0 7804.5 5541.6 6317.0

Dis2road
AICcG 6170.3 3949.2 4771.1 7403.9 5144.4 6022.2

AICcO 6622.5 4051.4 4901.5 7804.0 5536.4 6360.5

slope
AICcG 6256.6 3981.7 4812.9 7408.5 5124.5 6030.0

AICcO 6703.4 4089.5 4901.7 7802.0 5532.3 6340.3

AICcG is the AICc for GWR model; AICcO is the AICc for OLS model.

Tab. 6: Comparison of Moran’s I of residuals between GWR and OLS for two periods.

 

1990 – 2001 2001 – 2010

CA NP SHAPE_MN CA NP SHAPE_MN

Dis2urban
Moran’s IG 0.175 0.071 0.189 0.054 0.044 0.012

Moran’s IO 0.402 0.258 0.396 0.517 0.550 0.436

Dis2road
Moran’s IG 0.095 0.012 0.119 0.069 0.081 0.013

Moran’s IO 0.578 0.390 0.560 0.518 0.544 0.435

slope
Moran’s IG 0.120 0.147 0.048 0.073 0.053 0.027

Moran’s IO 0.611 0.421 0.589 0.505 0.547 0.435

Moran’s IG is the Moran’s I for GWR model; Moran’s IO is the Moran’s I for OLS model.
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ban and Dis2road had positive effects on CA 
values in a larger area in 2001 – 2010. Further-
more, significant positive influence was found 
in the area around the city core and roads. 
This indicates that the rise in distance to cen-
tres and roads up to a certain extent can cause 

OLS models for different periods are shown 
in Tabs. 4 and 5. For all cases in the different 
periods, the GWR results are characterized by 
higher R2 and lower AICc values compared 
to the corresponding OLS models. The com-
parison of these two indicators suggests that 
GWR models perform better than OLS mod-
els in investigating the relationships between 
urban spatial patterns and related factors. The 
results obtained from GWR indicate that the 
variations of selected spatial metrics are sig-
nificantly associated with the explanatory fac-
tors.

Moreover, Tab. 6 summarizes the Moran’s I 
statistics on the models residuals from GWR 
and OLS. Significant positive spatial autocor-
relations are found in all OLS models, which 
are characterized by higher Moran’s I values 
ranging from 0.258 to 0.611. In contrast, the 
Moran’s I values of GWR models range from 
0.012 to 0.189. This indicates that GWR mod-
els can improve the expressiveness of relation-
ships by effectively reducing spatial autocor-
relations in residuals.

3.3	 Spatiotemporal Heterogeneity of 
Relationships between Spatial 
Patterns and Driving Factors

The GWR model generated a set of parame-
ters for the blocks for each period, which can 
be used to analyse the spatiotemporally var-
ying effects of the driving factors on urban 
growth patterns (Figs.  4 – 6).

Clear relationships between the variations 
of CA values and three driving factors can be 
identified (Fig. 4). Dis2urban and Dis2road 
showed significant negative correlations with 
the variations of CA near the city core and 
roads for the period of 1990 – 2001. It suggests 
that greater urbanization intensity was strong-
ly related to shorter distance to major urban 
centres and roads within a certain extent, with 
stronger explanatory power indicated by local 
R2. However, the effects of these factors de-
creased or transformed to positive influence 
when extending to a certain distance. Slope is 
also an important factor that can explain more 
than 30% of the variations of CA outside the 
city core, whilst it explained less in the city 
core. Compared to the former period, Dis2ur-

Fig. 4: Spatial distributions of the coefficients 
and local R2 for CA. Figures in the two upper 
rows show the results for 1990 – 2001 and fig-
ures in the two lower rows show the results for 
2001 – 2010 (CA = class area, NP = number of 
patches, SHAPE_MN = mean shape index).

Fig. 5: Spatial distributions of the coefficients 
and local R2 for NP. Figures in the two upper 
rows show the results for 1990 – 2001 and fig-
ures in the two lower rows show the results for 
2001 – 2010.
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significant impact from the factor of slope, 
where the effects of road and urban centres 
could almost be neglected.

The spatially varying relationships between 
the SHAPE_MN values and the three ex-
planatory factors were identified through the 
GWR model (Fig. 6). A more significant effect 
of Dis2urban on the variations of SHAPE_
MN value concentrated on the city core dur-
ing 1990 – 2001. The influence varied signifi-
cantly from positive to negative, if distance to 
urban centres increases. The roads around the 
city core also had a significant positive effect 
on the variations of SHAPE_MN and higher 
local R2. This implies that the irregularity pat-
tern received more significant impacts from 
these two factors in highly urbanized areas 
than in less-urbanized areas. Relatively weak 
correlation with slope and higher local R2 val-
ues can be observed in areas far from the city 
core, which suggests that the irregularity was 
more strongly influenced by slope outside of 
the city core. Compared to the previous peri-
od, the relationships between explanatory fac-
tors and the variations of SHAPE_MN value 
varied in 2001 – 2010. In particular, Dis2ur-
ban had a stronger influence in suburban ar-
eas than in the city core. The distance to major 
roads presented a significant negative effect 
on the variations of SHAPE_MN value in the 
eastern part of the city core with higher local 
R2. The decrease in distance to major roads in 
this area could cause more irregular patterns. 
The effects of slope in 2001 – 2010 also varied 
from positive to negative across space.

4	 Discussion and Conclusion

4.1	 Spatiotemporally Varying 
Relationships between Urban 
Growth Patterns and Explanatory 
Factors

The study suggests that the historical urban 
growth patterns in Xuzhou city can, in con-
siderable parts, be affected by distance to ur-
ban centres, distance to major roads and slope 
with relatively high levels of explanation of 
the spatial variability. This corresponds with 
the findings in literature related to other cities 
in the world (Braimoh & Onishi 2007, Clarke 

a considerable increase in urbanization inten-
sity. The effects of slope on the variations of 
CA were similar to the former period.

Fig. 5 exhibits both, the positive and nega-
tive correlation between the variations of NP 
and the explanatory factors. In 1990 – 2001, 
stronger effects of Dis2urban on the varia-
tions of NP as well as higher local R2 were lo-
cated around the city core, while negative and 
weaker relationships and lower local R2 values 
were found outside the city core. Dis2road had 
a similar effect on the variations of NP values. 
The results indicate that the increase in dis-
tance to urban centres and roads can lead to 
more fragmented pattern. Compared to other 
factors, slope had less significant influence on 
the fragmentation (lower adjusted R2 and local 
R2, Tab. 2). For the period 2001 – 2010, an in-
crease in distance to the new urban centre had 
a direct influence on the variations in NP val-
ues, whilst weaker correlations with Dis2ur-
ban were found around the former city core 
in 2001 – 2010. Dis2road had a weaker impact 
on the variations in NP values, according to 
the coefficients and local R2. In contrast to the 
weaker effect of slope in the former period, 
both significant positive and negative effects 
were observed in 2001 – 2010. The variations 
of NP in areas with higher slope received more 

Fig. 6: Spatial distributions of the coefficients 
and local R2 for SHAPE_MN. Figures in the 
two upper rows show the results for 1990 – 
2001 and figures in the two lower rows show 
the results for 2001 – 2010.
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auto-correlated (Gao & Li 2011). Therefore, 
the way of how causal factors affect the ur-
ban growth patterns differently across space 
should be addressed. However, many studies 
examined pattern-process relationships using 
the global relationship estimated over the en-
tire study area (Weng 2007, Batisani & Yar­
nal 2009). Consequently, spatially varying ef-
fects of driving factors on spatial patterns are 
lost. The use of GWR model includes a spatial 
component in its specifications. This indicates 
that the coefficients estimated for this regres-
sion vary according to the geographical loca-
tion. The results show that GWR models can 
provide detailed information about the differ-
ent roles of related factors in different parts of 
the study area, rather than generating an aver-
age coefficient for the entire area.

4.3	 Implications for Urban Planning 
and Management

The temporal analysis of spatial metrics in 
Xuzhou city throughout the study period re-
vealed that urbanization not only dramatical-
ly increased the size of the built-up areas, but 
that the urban area became also fragmented 
and irregular. Fragmented and irregular de-
velopment patterns are associated with eco-
logical and environmental problems, which 
threaten the sustainable development (Jenks 
et al. 1996). Therefore, some related plans and 
measures should be implemented to facilitate 
connectivity between built-up fragments in-
stead of random development. Furthermore, 
the positive effect of slope on urban expansion 
which has been found in some areas, suggests 
an increasing pressure for development in the 
mountainous areas which in turn are regarded 
as ecologically valuable zones. Therefore, the 
implementation of policies for protecting such 
ecologically valuable zones is required.

4.4	 Outlook

Although some successful results have been 
obtained, challenges lie ahead. Firstly, differ-
ent block shape and size can result in different 
explanatory ability of models. Notwithstand-
ing preliminary tests were conducted, further 

et al. 1997, Weng 2007). Our research extends 
these previous studies by investigating spati-
otemporally varying effects of related factors 
instead of global effects.

Overall, significant correlations were found 
around the city core and around major roads. 
This can be linked with the attraction due to 
locations closer to the urban centres or roads 
offering more opportunities to access socio-
economic resources. In the city core, the land-
scape is dominated by a well-connected ma-
trix of built-up land, whereas the expanded 
built-up areas on the edge of town are always 
highly fragmented and complex in shape (So­
lon 2009, Weng 2007). Some unexpected lo-
cal relationships were also identified by GWR. 
For example, significant positive influence of 
slope on urban growth was observed around 
highly urbanized areas. This can be explained 
by the shortage of land for development 
around existing highly urbanized areas.

Furthermore, temporal changes of the ef-
fects of driving factors were also assessed in 
this study. The effects of Dis2urban on the 
variations of CA varied from negative to posi-
tive over the study period, which can be ex-
plained by the socioeconomic processes and 
the consequence of urban development pol-
icy. In the first period, urbanization mainly 
occurred in the city core. Due to the lack of 
space for further development in the city core, 
the edges of the town were those places where 
rapid urbanization occurred in 2001 – 2010. 
As a result, the influences of related factors 
on fragmentation and irregularity also var-
ied significantly over time in the city core, be-
cause the degree of landscape fragmentation 
and irregularity gradually decreased when ur-
ban use became dominant in city core. In ad-
dition, the urban growth was focused more on 
the development of new urban centres to form 
a polycentric development pattern in the pe-
riod of 2001 – 2010. 

4.2	 Methodological Implications

One of the crucial findings in the study is the 
use of GWR model, which enables to ana-
lyse the spatial variability of results. Urban 
growth patterns and the effects of their caus-
al factors are usually location-dependent and 
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China. – Landscape and Urban Planning 62 (4): 
199–217.

Clarke, K.C., Hoppen, S. & Gaydos, L., 1997: A 
self-modifying cellular automaton model of his-
torical urbanization in the San Francisco Bay 
area. – Environment and Planning B: Planning 
and Design 24 (2): 247–261.

Deng, J.S., Wang, K., Hong, Y. & Qi, J.G., 2009: 
Spatio-temporal dynamics and evolution of land 
use change and landscape pattern in response to 
rapid urbanization. – Landscape and Urban 
Planning 92 (3–4): 187–198.

Dewan, A.M. & Yamaguchi, Y., 2009: Land use and 
land cover change in Greater Dhaka, Bangla-
desh: Using remote sensing to promote sustain-
able urbanization. – Applied Geography 29 (3): 
390–401.

Dietzel, C., Herold, M., Hemphill, J.J. & Clarke, 
K.C., 2005: Spatio-temporal dynamics in Cali-
fornia’s Central Valley. – International Journal 
of Geographical Information Science 19 (2): 
175–195.

Dubovyk, O., Sliuzas, R. & Flacke, J., 2011: Spa-
tio-temporal modelling of informal settlement 
development in Sancaktepe district, Istanbul, 
Turkey. – ISPRS Journal of Photogrammetry 
and Remote Sensing 66 (2): 235–246.

Dymond, C.C., Mladenoff, D.J. & Radeloff, V.C., 
2002: Phenological differences in Tasseled Cap 
indices improve deciduous forest classification. 
– Remote Sensing of Environment 80 (3): 460–
472.

Fotheringham, A.S., Charlton, M.E. & Brunsdon, 
C., 1996: The geography of parameter space: an 
investigation of spatial non-stationarity. – Inter-
national Journal of Geographical Information 
System 10 (5): 605–627.

Fotheringham, A.S., Charlton, M.E. & Brunsdon, 
C., 2001: Spatial variations in school perfor-
mance: a local analysis using geographically 
weighted regression. – Geographical and Envi-
ronmental Modelling 5 (1): 43–66.

Gao, J. & Li, S., 2011: Detecting spatially non-sta-
tionary and scale-dependent relationships be-
tween urban landscape fragmentation and relat-
ed factors using Geographically Weighted Re-
gression. – Applied Geography 31 (1): 292–302.

Gao, J. & Liu, Y., 2010: Determination of land deg-
radation causes in Tongyu County, Northeast 
China via land cover change detection. – Inter-
national Journal of Applied Earth Observation 
and Geoinformation 12 (1): 9–16.

He, C., Okada, N., Zhang, Q., Shi, P. & Zhang, J., 
2006: Modeling urban expansion scenarios by 
coupling cellular automata model and system 
dynamic model in Beijing, China. – Applied 
Geography 26 (3–4): 323–345.

studies need to be carried out to consider the 
different block shape and size in order to ob-
tain insight into their effects on spatial pat-
tern analysis. Secondly, three spatial variables 
were incorporated to analyse the effects of 
driving factors in this study. The GWR mod-
el did not include other possible variables that 
may affect urban growth patterns, as it lacked 
input data. Although a good agreement be-
tween model results and actual maps was ob-
served, it is recommended to include further 
potential variables into future studies.
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13. Internationales 3D-Forum,  
6.–7. Mai 2014, Lindau

Das 13. Internationale 3D-Forum Lindau fand 
am 6. und 7. Mai 2014 im Kongresszentrum 
Inselhalle Lindau statt und erreichte erstmals 
die 200-Teilnehmergrenze. Zudem wurde mit 
30 ausstellenden Firmen auch hier ein neuer 
Höchststand erreicht. Die Teilnehmer kamen 
aus 7 Ländern, vornehmlich aus Europa.

Die Veranstalter Dipl.-Ing. Claus Bihl 
(Stadt Lindau) und Dr.-Ing. Achim Hellmeier 
(Ingenieurbüro Real.IT, Aalen) hatten unter 
den Schwerpunktthemen Mobile Mapping 
und UAVs – Effiziente Erfassung von 3D-Da-
ten, 3D-Stadtmodelle in Architektur und 
Stadtplanung und Open Data – Neue Mög-
lichkeiten durch freien Zugang zu raumbezo-
genen Daten wieder ein sehr aktuelles Pro-
gramm erstellt, das von Referenten aus Wirt-
schaft, Wissenschaft und Verwaltung ausge-
füllt wurde. Partner der Veranstaltung waren 
die Gesellschaft für Geodäsie, Geoinformati-
on und Landmanagement (DVW), die Deut-
sche Gesellschaft für Photogrammetrie, Fern-
erkundung und Geoinformation (DGPF) und 
das Virtual Dimension Center (VDC) Stutt-
gart/Fellbach. Hauptsponsor der Veranstal-
tung war die Firma Esri Deutschland GmbH.

Wie in den Vorjahren wurde die Veranstal-
tung in einen Vortragsteil am ersten Tag und 
in Vertiefungsthemen und Workshops am 
zweiten Tag aufgeteilt. Dr. Gerhard Ecker, 
Oberbürgermeister der Stadt Lindau, eröffne-
te die Veranstaltung. Er hob in seiner Begrü-
ßungsrede u.a. hervor, dass die Stadt Lindau 
in den kommenden Jahren zwei große Bau-
projekte durchführen wird, bei denen bereits 
in der Planungsphase 3D-Modelle eine wichti-
ge Rolle spielten und auch in den weiteren 
Ausführungsschritten von Bedeutung sein 
werden.

Nach der Eröffnung übernahm Achim Hell-
meier die Moderation der Veranstaltung und 
führte den ersten Vortragenden, Dieter 
Fritsch von der Universität Stuttgart, ein. 
Fritsch gab mit seinem Eröffnungsvortrag 
Von der Punktwolke zum Augmented Reality 

3D Modell einen umfassenden Überblick über 
die Entwicklungen im 3D-Bereich der letzten 
Jahre. Anschließend berichtete Walter Sieh 
von der Freien und Hansestadt Hamburg über 
Zehn Jahre 3D-Stadtmodell im Vertrieb. Die-
ser Beitrag zeigte eindrucksvoll, wie wichtig 
es ist, die richtigen Vermarktungsstrategien 
zu finden, um ein 3D-Stadtmodell für potenti-
elle Anwender attraktiv zu machen.

Den zweiten Vortragsblock eröffnete Frank 
Engel vom Landesamt für Vermessung und 
Geoinformation Thüringen in Erfurt. In sei-
ner Präsentation mit dem Titel 3D-Geobasis-
daten in Thüringen – Stand und Ausblick zeig-
te Engel sehr klar, wie Thüringen Schritt für 
Schritt LOD2 realisiert und welche Rolle die-
se 3D-Daten innerhalb der Geobasisdaten 
Thüringens spielen. Der letzte Vortrag im 
Vormittagsprogramm kam von der Stadt 
Kempten. Thomas Volkwein und Wilhelm 
Fehr stellten unter dem Titel Mobile Mapping 
– Wirtschaftliche Erfassung von Gebäuden 
und Straßen im kommunalen Bereich vor, wie 
bei der Stadt Kempten 3D-Daten aus einer 
Mobile-Mapping-Befahrung vielfältig und er-
folgreich eingesetzt werden.

Um den Tagungsteilnehmern ein gezieltes 
Zugehen auf die ausstellenden Firmen zu er-
leichtern, stellten die Veranstalter vor der Mit-
tagspause die beteiligten Firmen in Kurzpor
träts vor.

Das Nachmittagsprogramm eröffnete Ste-
fan Overmann von der Stadt Aalen. Er berich-
tete unter der Überschrift Die Kombination 
von GIS und 3D-Stadtmodell – Basis für viel-
fältige Anwendungen über sehr interessante 
Projekte im kommunalen Bereich. Danach 
zeigte Ulrich Schwarz vom Architekturbüro 
21_ARCH Architekten (Calw) auf, wie 3D-
Stadtmodelle aus Sicht des Architekten und 
Stadtplaners bewertet werden. Im letzten Vor-
tragsblock am Dienstag gab Stephan Nebiker 
von der Hochschule für Bau und Architektur 
der FHNW aus Muttenz/Schweiz einen sehr 
informativen Überblick über UAVs im Einsatz 
für die Erfassung von 3D Geo- und Gebäude-
modellen.

Berichte von Veranstaltungen
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verdeutlichte, welche Entwicklungen sich hier 
in den nächsten Jahren auftun werden. In der 
letzten Präsentation dieses Blockes stellte 
Günter Pomaska von der Fachhochschule 
Bielefeld Verfahren zur Effizienten 3D-Ob-
jekterfassung kleiner und mittlerer Gebiete 
für Denkmalpflege, Deponien etc. vor. Dabei 
ging Pomaska u.a. auch auf UAVs für die Da-
tenerfassung und Open Source Lösungen für 
die Modellberechnung ein.

Nach Abschluss des eigentlichen Vortrags-
programms folgten dann am Nachmittag 
Workshops. Neben vier Firmenworkshops 
fand zum vierten Mal der CityGML Work-
shop mit Experten aus der SIG3D und der 
Standard Working Group des OGC statt. Hier 
wurde neben Anwendungen im kommunalen 
Bereich auch über den aktuellen Stand und die 
weiteren Planungen von CityGML berichtet. 
Die Firmenworkshops wurden von Esri, Vir-
tualCitySystems (VCS), UVM Systems und 
Leica abgehalten. Esri berichtete über den 3D-
City-Workflow, VCS über webbasiertes Ver-
walten, Verteilen und Veröffentlichen von 3D-
Geodaten. UVM stellte die automatische Tex-
turierung von 3D-Stadtmodellen und Leica 
das neu zur Leica Geosystems gehörende 

Mit einem geselligen Beisammensein auf 
der Insel Lindau im Gasthaus Sünfzen, das 
aus einer mittelalterlichen Trinkstube der Pat-
rizier hervorgegangenen ist, klang der erste 
Veranstaltungstag aus. Dieser Abend ist tradi-
tionell fester Bestandteil des 3D-Forums 
Lindau und führte bei guter Stimmung wieder 
einmal zu einem angeregten Gedankenaus-
tausch zwischen den Teilnehmern.

Das Vormittagsprogramm des zweiten Ver-
anstaltungstags begann mit drei Vertiefungs-
themen, am Nachmittag folgten dann Work-
shops. Das erste Vertiefungsthema 3D-Stadt-
modelle und kommunale Energiekonzepte 
wurde von Volker Coors von der Hochschule 
für Technik, Stuttgart, präsentiert. Mit den 
Unterpunkten Erzeuger, Verbraucher, Netze 
und Wärmebedarfsatlas zeigte Coors ein-
drucksvoll auf, welche Rolle 3D-Stadtmodelle 
in diesen Themen spielen und vor allem, zu-
künftig noch spielen werden. Im zweiten Ver-
tiefungsthema referierte Ministerialrat Tobias 
Kunst vom Bayerischen Staatsministerium 
der Finanzen, für Landentwicklung und Hei-
mat über Open Government / Open Data – 
mehr Transparenz durch Geoanwendungen. 
Ein überaus aufschlussreicher Beitrag, der 

Abb.: Eröffnung durch den Oberbürgermeister der Stadt Lindau Dr. Gerhard Ecker
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Zudem wurden auch zwei weitere wichtige 
Ziele der Veranstaltung erreicht: das Präsen-
tieren von praxisnahen Beispielen mit den da-
zugehörigen Diskussionen sowie das Herstel-
len und die Pflege persönlicher Kontakte und 
der Erfahrungsaustausch zwischen den Teil-
nehmern.

Das nächste Internationale 3D-Forum 
Lindau findet am 5. und 6. Mai 2015 statt 
(www.3d-forum.li).

Uwe Lohr, Salem

Softwaresystem Tridicon für die automatische 
Erstellung von 3D-Stadtmodellen vor.

Die Workshops bildeten den Abschluss der 
Veranstaltung, die gegen 17 Uhr zu Ende ging. 
Zusammenfassend lässt sich festhalten, dass 
das 13. Internationale 3D-Forum Lindau nicht 
nur wegen der hohen Teilnehmer- und Aus-
stellerzahl als voller Erfolg gewertet werden 
kann, sondern vor allem auch wegen der ein-
drucksvollen Vorträge und der interessanten 
Präsentationen der teilnehmenden Firmen. 

Hochschulnachrichten

Karlsruher Institut für Technologie
Dissertation von Nawras Shatnawi
Herr M.Sc. Nawras Shatnawi promovierte am 
13. Februar 2014 an der Fakultät für Bauinge-
nieur-, Geo- und Umweltwissenschaften des 
Karlsruher Instituts für Technologie mit der 
Arbeit Assessment of Ground Water Potential 
Zones in the Lower Jordan Valley Using Re-
mote Sensing Approaches zum Dr.-Ing.

1. Gutachter: Prof. Dr.-Ing. habil. Stefan Hinz, 
Karlsruher Institut für Technologie (KIT).
2. Gutachter: Prof. Dr. rer.nat. Heinz Hötzl, 
Karlsruher Institut für Technologie.
3. Gutachter: Prof. Dr. Abdullah Al-Zoubi, 
Al-Balqa Applied University, Jordanien.

Zusammenfassung:
Jordanien liegt in einer ariden bis semi-ariden 
Region und ist eines der an Wasserressourcen 
ärmsten Ländern der Welt. Das Jordantal ist 
ein wichtiges Gebiet für die landwirtschaftli-
che Nutzung, leidet aber an der zunehmenden 
Wasserknappheit. Diese Arbeit leistet einen 
Beitrag zu Grundwassererkundung und -ma-
nagement im jordanischen Teil des unteren 
Jordantals. Hauptziel ist dabei eine verbesser-
te Entdeckung potentieller Grundwasservor-
kommen durch die Kombination von Ferner-
kundungs-, GIS- und terrestrischen Metho-
den.

Als Ausgangspunkt der Arbeit wird die 
Landschaft entsprechend ihrem Grundwas-

serpotential, welches als Potential zur Grund-
wasserneubildung definiert ist, in verschiede-
ne Klassen unterteilt. Dies geschieht auf Basis 
unterschiedlicher Kontrollparameter, die 
durch die Oberflächenbeschaffenheit und die 
Versickerung von Niederschlagswasser in den 
tieferen Untergrund beeinflusst werden. Zur 
Evaluierung und Gewichtung der relevanten 
Parameter wurden zwei Methoden weiterent-
wickelt und angewandt: Der Analytische 
Hierarchieprozess (AHP) sowie die Fuzzylo-
gik. Hierbei ergaben sich für die Erzeugung 
einer Karte der Grundwasserpotentialzonen 
(GWPZ) insgesamt neun Parameter wie z.B. 
die topographische Höhe, morphologische 
Klasse, Neigung, Entwässerungslineamente 
bzw. -netze, Landnutzung/-bedeckung und 
allgemeine Lineamentdichte.

Die entsprechenden Werte der Parameter 
wurden unter Verwendung von Fernerkun-
dungsdaten und Photogrammetrie- bzw. Bild-
verarbeitungsmethoden erzeugt. Zusätzlich 
standen Daten über Geologie/Lithologie, Erd-
reich und jährlichen Niederschlag aus ver-
schiedenen Quellen zur Verfügung. Als 
Grundlage der Erzeugung einer thematischen 
Karte über die Landnutzung/-bedeckung wur-
den LANDSAT-5 und LANDSAT-7 Bilder der 
Winter- und Sommersaison von 2010 und 2011 
kombiniert, was in einer Klassifikationsge-
samtgenauigkeit von über 90% bei einem Kap-
pa Koeffizienten von 0,95 resultierte. Außer-
dem wurden durch Bildanalysemethoden an-
gewandt auf CARTOSAT-1 Bilder Lineament-
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und Fernerkundung) der Technischen Univer-
sität München mit der Arbeit Reconstruction 
of urban surface models from multi-aspect 
and multi-baseline interferometric SAR zum 
Dr.-Ing.

1. Gutachter: Prof. Dr.-Ing. Uwe Stilla, Tech-
nische Universität München (TUM).
2. Gutachter: Prof. Dr.-Ing. Joachim Ender, 
Universität Siegen.
3. Gutachter: Prof. Dr.-Ing. Uwe Sörgel, Tech-
nische Universität Darmstadt.

Zusammenfassung:
Schon seit vielen Jahren wird Synthetik Aper-
tur Radar-Interferometrie dazu verwendet, die 
dreidimensionale Topographie der Erdober-
fläche unabhängig von Wolkenbedeckung 
oder Tageszeit zu erfassen. Sie gilt deshalb als 
wertvolles Werkzeug für schnelle Datenerfas-
sung vor allem in zeitkritischen Szenarien. 
Die seitwärtsblickende SAR-Abbildungsgeo-
metrie führt jedoch zu den störenden Effekten 
Überlagerung und Radarschatten. Mit dem 
Ziel, diese Nachteile aufzulösen, untersucht 
die vorliegende Arbeit innovative InSAR-Pro-
zessierungsstrategien zur Rekonstruktion ur-
baner Oberflächenmodelle unter Verwendung 
von Daten mehrerer Aspekte sowie Basislini-
en. Da nur Flugzeuge die Möglichkeit bieten, 
hochkohärente Single-Pass-Daten von beina-
he beliebigen Aspektwinkeln aufzunehmen, 
liegt der Fokus der Arbeit dabei auf der Ver-
wendung von flugzeuggetragenem SAR.

Der erste Schritt in einer Mehrfachbasisli-
nien-InSAR-Prozesskette ist normalerweise 
die Schätzung der komplexen Kovarianzma-
trizen aller Pixel im Stapel der koregistrierten 
Bilder, da diese Matrizen die vollständige in-
terferometrische Information der zugehörigen 
Auflösungszelle beinhalten. Deshalb ist der 
erste Beitrag dieser Arbeit die Vorstellung 
zweier neuer adaptiver Verfahren zur Kovari-
anzmatrix-Schätzung, die speziell für Single-
Pass-InSAR-Stapel mit nur wenigen Aufnah-
men entworfen wurden.

Als zweites wird ein neuartiger Algorith-
mus zur SAR-Tomographie beschrieben, der 
darauf abstellt, überlagerte Streuer zu trennen 
und die Fokussierung dünnbesetzter dreidi-
mensionaler SAR-Bilder zu ermöglichen. Im 
Gegensatz zu den meisten bislang vorgeschla-

karten und statistische Parameter über deren 
Verteilung und Orientierung erzeugt. Die rest-
lichen topographischen Parameter wurden 
mithilfe eines hochaufgelösten DGM – eben-
falls erzeugt aus CARTOSAT-1 Stereobild-
paaren – abgeleitet. Zur Bewertung der DGM-
Genauigkeit wurden unterschiedliche Kame-
ra- und Orientierungsmodelle genutzt und ge-
genübergestellt, die in Abhängigkeit der ver-
wendeten Passpunktdaten Genauigkeiten im 
Bereich von zwei bis fünf Metern liefern.

Die verwendeten Methoden zur Erzeugung 
der GPWZ Karten – AHP und Fuzzylogik – 
zeigten relativ ähnliche Ergebnisse. Diesen 
entsprechend wurde das Untersuchungsgebiet 
in fünf Zonen aufgeteilt und stichprobenartig 
mit Karten des jordanischen Ministeriums für 
Wasser und Bewässerung (WAI) verglichen.

Dabei zeigte sich in einer ersten Analyse, 
dass die verwendeten Daten keinen offen-
sichtlichen Zusammenhang zwischen Ergie-
bigkeit der Brunnen und den GWPZ aufwei-
sen, was auf die unterschiedlichen Tiefen der 
Grundwasserzonen und Brunnentiefen zu-
rückzuführen ist. Für eine vertiefte und zu-
sätzliche Kontrolle wurden daher die Ergeb-
nisse mit Daten aus geophysikalischen Mes-
sungen mit Bodenradar, kernmagnetischer 
Resonanz und vertikalem Echolot verglichen. 
Diese zeigten schließlich, dass die mittels 
Fuzzy-Logik erzeugte GPWZ Karte eine hö-
here Signifikanz aufweist als die AHP-basier-
te Karte.

Abschließend wurde eine Sensitivitätsana-
lyse der Parameter durchgeführt, die vor al-
lem unterstrich, dass die generierten GPWZ-
Karten empfindlich gegenüber Parametern 
aus Geologie, Morphologie und Lineament-
dichte sind, wohingegen die anderen Parame-
ter weniger sensitiv sind.

Die Arbeit ist in der KIT-Bibliothek unter 
http://digbib.ubka.uni-karlsruhe.de/
volltexte/1000041841 veröffentlicht.

Technische Universität München

Dissertation von Michael Schmitt

Herr Dipl.-Ing. Michael Schmitt promovierte 
am 28. Juli 2014 an der Ingenieurfakultät Bau 
Geo Umwelt (Fachgebiet Photogrammetrie 
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zeigt werden, dass eine flächendeckende Re-
konstruktion von 2,5D-Höhenkarten und 3D-
Punktwolken mit Genauigkeiten im Meterbe-
reich mit flugzeuggetragenen Single-Pass-In-
SAR-Daten möglich ist.

Technische Universität Dresden

Dissertation von Stefan Hahmann

Mr. Dipl.-Ing. (FH) Stefan Hahmann, com-
pleted his doctorate (Dr.-Ing.) at the faculty of 
Environmental Sciences of the Technische 
Universität Dresden, Institute of Cartography, 
on June 12, 2014, with the work On the rela-
tionship of space and content of volunteered 
geographic information.

1. Reviewer: Prof. Dr. Dirk Burghardt, TU 
Dresden.
2. Reviewer: Prof. Dr. (em.) Dr. Bernd Tei-
chert, TU Dresden.
3. Reviewer: Prof. Dr. Ross Purves, Universi-
tät Zürich.

Summary:
In the past ten years, there has been a signifi-
cant progress of the World Wide Web, which 
evolved to become the so-called “Web 2.0”. 
The most important feature of this new quality 
of the WWW is the participation of the users 
in generating contents. This trend facilitates 
the formation of user communities, which col-
laborate on diverse projects, where they col-
lect and publish information. Prominent ex-
amples of such projects are the online encyclo-
pedia “Wikipedia”, the microblogging-plat-
form “Twitter”, the photo-platform “Flickr” 
and the database of topographic information 
“OpenStreetMap”.

User-generated content, which is directly or 
indirectly geospatially referenced, is often 
termed more specifically as “volunteered geo-
graphic information”. The geospatial refer-
ence of this information is constituted either 
directly by coordinates given as meta-infor-
mation or indirectly through georeferencing 
of toponyms or addresses that are contained in 
this information.

Volunteered geographic information is par-
ticularly suited for research, as it can be ac-

genen TomoSAR-Ansätzen ist er nicht auf 
Repeat-Pass-Datenstapel, die sich durch eine 
große Gesamtbasislinie und eine hohe Zahl an 
Beobachtungen ausweisen, angewiesen, um 
eine ausreichende Elevationsauflösung bereit-
zustellen.

Ergänzend dazu wird als dritter Beitrag die 
Fusion von Multi-Aspekt-InSAR-Daten unter-
sucht. Dabei ist das Ziel, Informationen dort 
aufzufüllen, wo sie in einzelnen Aspekten von 
Radarschatten verdeckt wurden. Zu diesem 
Zweck wird ein radargrammetrischer Regis
trierungsansatz, der als Vorprozessierungs-
schritt für weitere Fusionsoperationen ver-
wendet wird, beschrieben. Auf dieser Voraus-
setzung aufbauend wird ein neues Maximum-
Likelihood-Schätzverfahren entwickelt, das 
verwendet wird, um InSAR-Daten mehrerer 
Aspekte und Basislinien simultan zu fusionie-
ren, um ein flächendeckendes 2,5D-Höhen-
modell zu generieren. Analog dazu wird eine 
Voxelraum-basierte Fusion von 3D-Punkt-
wolken, welche durch SAR-Tomographie ge-
wonnen wurden, vorgeschlagen.

Alle in der Arbeit beschriebenen Methoden 
werden mit Hilfe von experimentellen SAR-
Daten des flugzeuggetragenen Millimeterwel-
len-Sensors MEMPHIS untersucht. Sie beste-
hen aus Single-Pass-Mehrfachbasislinien-In-
SAR-Stapeln, die vier koregistrierte Aufnah-
men enthalten. Der Testdatensatz zeigt die 
Innenstadt von München und dient als Bei-
spiel für komplexe urbane Szenen. Er ist zu-
sammengesetzt aus dichten Gebäudeblocks, 
isolierten großen Gebäuden, Straßen und vie-
len Stadtbäumen.

Zuerst wird in den Experimenten sowohl 
die Effizienz als auch die Adaptivität der Ko-
varianzschätzungsmethoden mit Hilfe von 
Bildverarbeitungstechniken evaluiert. An-
schließend wird die Fähigkeit, Überlagerun-
gen aufzulösen, des TomoSAR-Algorithmus 
untersucht, bevor die Rekonstruktionsergeb-
nisse, die mit der simultanen Fusion von Mul-
ti-Aspekt- und Mehrfachbasislinien-Daten er-
reicht werden, analysiert werden. Zuletzt wer-
den diese Rekonstruktionsergebnisse mit den 
3D-Daten, die durch eine Fusion von Multi-
Aspekt-TomoSAR-Punktwolken erhalten 
werden, verglichen. Indem die beiden Rekon-
struktionsergebnisse mit einer dichten Laser-
Punktwolke abgeglichen werden, kann ge-
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microblogging-texts produced on mobile de-
vices serve as research corpus. Microblog-
ging-texts are short texts that are published via 
the World Wide Web. For this type of informa-
tion the relationship between the content of 
the information and their position is less obvi-
ous than e.g. for topographic information or 
photo descriptions. The analysis of microblog-
ging-texts offers new possibilities for market 
and opinion research, the monitoring of natu-
ral events and human activities as well as for 
decision support in disaster management. The 
spatial analysis of the texts may add extra val-
ue. In fact, for some of the applications, the 
spatial analysis is a necessary condition. For 
this reason, the investigation of the relation-
ship of the published contents with the loca-
tions where they are generated is of interest.

Within this thesis, methods are described 
that support the investigation of this relation-
ship. In the presented approach, classified 
Points of Interest serve as a model for the en-
vironment. For the purpose of the investiga-
tion of the correlation between these points 
and the microblogging-texts, manual classifi-
cation and natural language processing are 
used in order to classify these texts according 
to their relevance in regard to the respective 
feature classes. Subsequently, it is tested 
whether the share of relevant texts in the prox-
imity of objects of the tested classes is above 
average. The results of the investigation show 
that the strength of the location-content-corre-
lation depends on the tested feature class. 
While for the feature classes ‘train station’, 
‘airport’ and ‘restaurant’ a significant depend-
ency of the share of relevant texts on the dis-
tance to the respective objects may be ob-
served, this is not confirmed for objects of 
other feature classes, such as ‘cinema’ and 
‘supermarket’. However, as prior research that 
describes investigations on small cartographic 
scale has detected correlations between space 
and content of microblogging-texts, it can be 
concluded that the strength of the correlation 
between space and content of microblogging 
texts depends on scale and topic.

Dissertation von Thomas Schulz

Mr. Dipl.-Ing. (FH) Thomas Schulz, President 
of SGK, completed his doctorate (Dr.-Ing.) at 

cessed with low or even at no costs at all. Fur-
thermore, it reflects a variety of human deci-
sions, which are linked to geographic space. 
In this thesis, the relationship of space and 
content of volunteered geographic informa-
tion is investigated from two different per-
spectives.

The first part of this thesis addresses the 
question for which share of information there 
exists a relationship between space and con-
tent of the information, such that the informa-
tion is locatable in geo-space. In this context, 
the assumption of about 80% of all informa-
tion having a reference to space is well known 
in the community of GIS users. Since the 
1980s it has served as a marketing tool within 
the whole geo-information sector, although 
there has not been any empirical evidence. 
This thesis contributes to fill this research gap.

For the validation of the “80%-hypothesis” 
two approaches are presented. The first ap-
proach is based on a corpus of information 
that is as representative as possible for world 
knowledge. For this purpose, the German lan-
guage edition of Wikipedia has been selected. 
This corpus is modeled as a network of infor-
mation where the articles are considered the 
nodes and the cross references are considered 
the edges of a directed graph. With the help of 
this network a graduated definition of geospa-
tial references is possible. It is implemented by 
computing the distance of each article to its 
closest article within the network that is as-
signed with spatial coordinates. Parallel to 
this, a survey-based approach is developed 
where participants have the task to assign 
pieces of information to one of the categories 
“direct geospatial reference”, “indirect geo-
spatial reference” and “no geospatial refer-
ence”. A synthesis of both approaches leads to 
an empirically justified figure for the “80%-as-
sertion”. The result of the investigation is that 
for the corpus of Wikipedia 27% of the infor-
mation may be categorized as directly geospa-
tially referenced and 30% of the information 
may be categorized as indirectly geospatially 
referenced.

In the second part of the thesis the question 
is investigated in how far volunteered geo-
graphic information that is produced on mo-
bile devices is related to the locations where it 
is published. For this purpose, a collection of 
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history of statistics and cartography, it helped 
to explain the historical and societal back-
ground as well as motivations on the institu-
tional side to publish such atlases at certain 
times. Altogether, eight historical periods 
could be identified, that characterise the evo-
lution of this atlas type since the first issue 
around 1818.

Twenty statistical atlases with more than 
6000 individual maps were representatively 
selected for a more detailed quantitative anal-
ysis. In respect of contents, a unique system in 
the topical structure of all atlases could be dis-
covered, to which occasional changes oc-
curred over time, but almost never between 
regions. In a comparison to the overall content 
structures of public statistics it could be 
shown, that only half of all general statistical 
topics also appear in statistical atlases. Rea-
sons are mainly to be found in the data acqui-
sition methods for each topic. Through their 
access to primary data statistical atlases in 
general reach a degree of topicality unlike any 
other atlas type. Relative and absolute data in 
the form of simple key figures (98% share) are 
dominating the atlases.

The overwhelming availability of elemen-
tary analytical data in the public statistical do-
main clearly correlates to the cartographic 
representation methods applied in these prod-
ucts. Three methods (also 98% share) domi-
nate statistical atlases: area cartograms, sym-
bol cartograms and combinations of both. 
Other methods remain at the margin. The 
choice and application of appropriate refer-
ence areas have always been of crucial and 
timeless importance for the composition and 
quality of statistical maps. Therefore, one 
chapter deals explicitly with this complex. For 
the first time also a structural scheme of the 
about twenty known and available area types 
was developed. In spite of this theoretical 
abundance of reference areas, official statis-
tics, due to their methods and for political rea-
sons, are generally unable to go beyond the 
representation of administrative boundaries. 
96.2% of all maps still refer to this area type. 
Existing and innovative possibilities for opti-
mising these representations were studied and 
assessed.

Statistical atlases usually apply the techno-
logical means and standards of their time. 

the faculty of Environmental Sciences of the 
Technische Universität Dresden on June 26, 
2014, with the work The Statistical Atlas – 
studies on classificatory, conceptual, formal, 
technical and communication aspects (Der 
Statistische Atlas – Untersuchungen zu klas-
sifikatorischen, inhaltlichen, gestalterischen, 
technischen und kommunikativen Aspekten).

1. Reviewer: Prof. Dr. (em.) Dr. Wolf Günther 
Koch, TU Dresden.
2. Reviewer: Prof. (em.) Dr. Wolfgang Denk, 
Hochschule Karlsruhe.
3. Reviewer: Prof. Dr. Manfred Buchroith-
ner, TU Dresden.

Summary:
For more than 150 years statistical institutions 
have been issuing large thematic atlases that 
portray social and economic facts about coun-
tries, regions or cities. Currently, about 2500 
statistical atlases can be found in respective 
bibliographies. However, all those works have 
almost never played a role in scientific studies, 
be it in statistics or in cartography. Extensive 
research on this atlas type is lacking until to-
day. It is the expressed objective of this thesis 
to fill this gap, especially in the field of the-
matic and atlas cartography, by closely analys-
ing the character, the historical development 
and current features of the Statistical Atlas us-
ing various theoretical and empirical methods.

Within the special framework of rules and 
regularities of public statistics, that influence 
the atlases from the publisher’s side, and gen-
eral classificatory features for atlases, four es-
sential parameters could be identified, which 
single out the Statistical Atlas from the exist-
ing plethora of other atlases: contents, topical-
ity, source and publisher. Based upon these 
parameters, a fundamental clarification of the 
term «Statistical Atlas» could be reached for 
the first time, followed by a new and general 
definition. Such atlases were then dissociated 
from other atlas types, such as national, re-
gional or planning atlases. In the last conse-
quence and based upon these results, a new 
atlas classification could be set up, which com-
prises the Statistical Atlas.

In the context of this work, also a bibliogra-
phy of statistical atlases with app. 800 titles 
was established. Together with inputs from the 
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tography. Over the years many expert systems 
have been developed which are designed to 
perform specific classification or detection 
tasks in specific types of image data, e.g. for-
est detection in SAR images, land-use classifi-
cation in hyperspectral images, building de-
tection in optical images, etc. Although these 
expert systems are to some degree successful 
in their domain, they can seldom be applied to 
other classification tasks.

The objective of this work is to develop a 
framework, which is not specifically designed 
to solve one single, specific task, but can be 
applied to any image-based classification 
problem and shows a good performance on av-
erage. In the context of this thesis “generic 
object categorization” refers to the task of de-
tecting instances of object classes within im-
ages. However, unlike other works, this thesis 
assumes that the final categorization problem, 
i.e. objects of which specific classes are 
searched for in the images, is not known dur-
ing the design of the framework. Consequent-
ly, any kind of category-specific optimization 
such as sophisticated feature design or manual 
selection, top-down processing, or task-spe-
cific choice of the classifier is not possible. Al-
though the main focus of this work is on pola-
rimetric synthetic aperture radar (PolSAR) 
images, it is by no means limited to it. The 
generic framework of the developed system 
provides a certain independence of the specif-
ic classification task as well as of the given 
data type.

The proposed system is based on a two-
stage framework. The first stage consists of a 
feature extraction module (FEM) and a subse-
quent classification module. The FEM con-
tains a large set of general low-level feature 
operators that capture mainly radiometric and 
textural properties of PolSAR, SAR, colour, 
grayscale, as well as binary images. A given 
PolSAR image is projected to all of these im-
age types before the corresponding operators 
are applied. Images of a lower data level are 
projected to the corresponding subset of these 
image types. A colour image for example only 
leads to colour, grayscale, and binary images, 
but not to SAR or PolSAR images. In the case 
of PolSAR data nearly 400 different features 
are extracted. A newly proposed variant of 
random forests (Projection-based random for-

Nevertheless, in lack of existing solutions for 
some current needs on the cartographic mar-
ket, the statistics itself has stimulated the de-
velopment of new mapping methods during 
three periods, which eventually contributed to 
the enhancement and efficiency of thematic 
map production in general. This was the case 
in the early phase of thematic cartography 
during the 19th century, later on during the in-
troduction of computer maps via an automated 
production, and currently in the field of semi-
automated atlas platforms and Content Man-
agement Systems. Finally, in the scope of the 
evolution of the modern information society 
and her impact on all of us, the reception and 
acceptance of many official publications de-
pend today (again) largely on the good presen-
tation of their contents, especially by means of 
visually edited information modules. Thus, 
maps and atlases for the last two decades have 
experienced a true revival in statistics. They 
are able to address a broad user audience from 
all professions and classes in society.

Technische Universität Berlin

Dissertation von Ronny Hänsch

Mr. Dipl.-Inform. Ronny Hänsch completed 
his doctorate (Dr.-Ing.) at the faculty of Elec-
trical Engineering and Computer Science of 
the Technische Universität Berlin (TUB) on 
January 22, 2014, with the work Generic Ob-
ject Categorization in PoLSAR images – and 
beyond.

1. Reviewer: Prof. Dr.-Ing. Olaf Hellwich, 
Technische Universität Berlin.
2. Reviewer: Prof. Dr.-Ing. Stefan Hinz, 
Karlsruher Institut für Technologie.
3. Reviewer: Prof. Dr.-Ing. Christian Heipke, 
Leibniz Universität Hannover.

Summary:
The automatic understanding of digital imag-
es is still a difficult task despite decades of 
research. The analysis of remotely sensed im-
ages is particularly challenging due to usually 
larger image size, less reference data, as well 
as high intra-class and low inter-class varia-
bility if compared to close-range digital pho-
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large input images. The system allows addi-
tional trade-offs between accuracy and speed, 
depending on what is of more importance to 
the user. It can be easily extended and special-
ized if necessary, e.g. by extending the feature 
extraction module.

Although no task-specific expert knowl-
edge is used during the design of the classifier, 
it is possible to incorporate this information 
into the system if it is available. The end user 
is for example able to include his knowledge 
of which features are relevant for his specific 
classification task.

The exhaustive experimental study of the 
thesis not only investigates the basic charac-
teristics of the newly proposed extension of 
the random forest classifier. It also applies the 
developed framework to a vast amount of im-
age data, including PolSAR data, remotely 
sensed optical images, and close-range photo-
graphs with various categorization tasks rang-
ing from land cover classification, over build-
ing detection, to the localization of cars. Not a 
single system parameter is adapted to the 
problem at hand. The whole framework is 
evaluated, i.e. trained and applied, without 
further optimization. Nevertheless, reasona-
ble classification accuracies are achieved, 
which partly even compare favourably with 
state-of-the-art expert systems.

The dissertation is available under: http://
opus4.kobv.de/opus4-tuberlin/frontdoor/
index/index/docId/4933

ests, ProB-RF) is used to estimate a first prob-
abilistic label based on these features. RF in 
general are able to handle high-dimensional 
input spaces, while ProB-RF exploit local 
contextual information which is inherent in 
structured data like images. The second stage 
starts with a semantic segmentation of the im-
age, which is not only based on the radiomet-
ric or texture information of the image itself, 
but also on the classification result of the first 
stage. For each segment several high-level fea-
tures are computed, which represent geomet-
ric, radiometric, textural, as well as semantic 
information. A second ProB-RF classifier es-
timates the final category posterior distribu-
tion in a fully probabilistic manner.

In contrast to many other classifiers, the 
proposed framework is not a black-box sys-
tem. On the one hand, it provides meaningful 
internal measurements to understand and in-
terpret the achieved classification perfor-
mance and to give cues how to adapt system 
parameters to improve accuracy and/or speed. 
On the other hand, it provides not only a prob-
abilistic classification output, but also which 
of the used features are especially relevant/ir-
relevant for the given classification task.

Random forests are known to be not only 
robust and accurate, but also very efficient 
classifiers. Many processing steps of the pro-
posed system are independent of each other 
and can be carried out in parallel, which leads 
to relatively fast processing times, even for 
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26.–31. Juli: IGARSS 2015 – International 
Geoscience and Remote Sensing Symposium 
2015 in Mailand, Italien. igarss2015.org

23.–28. August: ICC – International 
Cartographic Conference in Rio de Janeiro, 
Brasilien. icc2015.org

30. August – 2. September: UAV-g: 
Unmanned Aerial Vehicles in Geomatics in 
Toronto, Kanada. uav-g2015.org

6.–9. Oktober: GCPR (DAGM): German 
Conference on Pattern Recognition in 
Aachen. 

7.–13. Dezember: ICCV 2015 – International 
Conference for Computer Vision 2015 in 
Santiago, Chile.

Weitere Konferenzen und Workshops finden 
sich beispielsweise unter:
isprs.org/calendar
conferences.visionbib.com

2014

9.–12. Dezember: ISPRS Technical 
Commission VIII Symposium 2014 in 
Hyderabad, Indien. nrsc.gov.in/
technicalcommission8.html

14.–17. Dezember: ICDM – IEEE Conference 
on Data Mining 2014 in Shenzhen, China. 
icdm2014.sfu.ca/

2015

25.–27. Februar: CIPA + 3D-ARCH‘2015 in 
Avila, Spanien. 3d-arch.org

16.–18. März: 35. Jahrestagung der DGPF in 
Köln, dgpf.de/con/jt2015.html

23.–27. März: ESA FRINGE Workshop in 
Frascati, Italien. seom.esa.int/fringe2015

25.–27. März: PIA15 + HRIGI: Joint 
Conference of Photogrammetric Image 
Analysis and High Resolution Earth 
Imaging for Geospatial Information 2015 in 
München. pf.bgu.tum.de/isprs/pia15/index.
html

30. März – 1. April: JURSE - IEEE Joint 
Urban Remote Sensing Event 2015 in 
Lausanne, Schweiz. jurse2015.org

11.–15. Mai: ISRSE36 – International 
Symposium on Remote Sensing of the Earth 
in Berlin. isrse36.org

7.–12. Juni: CVPR 2015 – Conference on 
Computer Vision and Pattern Recognition 
2015 in Boston, USA. pamitc.org/cvpr15/

Veranstaltungskalender
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CGI Systems GmbH
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TU Darmstadt, Institut für Photogrammetrie und 
Kartographie
TU Dresden, Institut für Photogrammetrie und 
Fernerkundung
TU München, FG Photogrammetrie und Ferner-
kundung 
TU Wien, Institut für Photogrammetrie und 
Fernerkundung
Uni Bonn, Institut für Photogrammetrie
Uni Göttingen, Institut für Waldinventur und 
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Uni Kassel, FB Ökologische Agrarwissenschaften
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Uni Stuttgart, Institut für Photogrammetrie
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HS Karlsruhe, Fakultät für Geomatik
HTW Dresden, FB Vermessungswesen/Kartogra-
phie
LUH Hannover, Institut für Kartographie und 
Geoinformatik
LUH Hannover, Institut für Photogrammetrie und 
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MLU Halle, FG Geofernerkundung 
Ruhr-Uni Bochum, Geographisches Institut
RWTH Aachen, Geodätisches Institut
TU Bergakademie Freiberg, Institut für Mark-
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TU Berlin, Computer Vision & Remote Sensing
TU Berlin, Institut für Geodäsie und Geoinforma-
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Photogrammetrie
TU Clausthal, Institut für Geotechnik und 
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