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ABSTRACT:

In this paper, a near-realtime system for classification of GIS-objects is presented using multi-sensorial imagery. The system provides
a framework for the integration of different kinds of imagery as well as any available data sources and spatial knowledge, which
contributes information for the classification. The goal of the system is the assessment of infrastructure GIS-objects concerning their
functionality. It enables the classification of infrastructure into different states as destroyed or intact after disasters such as floodings
or earthquakes. The automatic approach generates an up-to-date map in order to support first aid in crisis scenarios. Probabilities are
derived from the different input data using methods such as multispectral classification and fuzzy membership functions. The main core
of the system is the combination of the probabilities to classify the individual GIS-object. The system can be run in a fully automatic
or semi-automatic mode, where a human operator can edit intermediate results to ensure the required quality of the final results. In this
paper, the performance of the system is demonstrated assessing road objects concerning their trafficability after flooding. By means of
two test scenarios the efficiency and reliability of the system is shown. Concluding remarks are given at the end to point out further
investigations.

1 INTRODUCTION Lu, 2004). The flooded areas can be derived from optical im-
ages (Van der Sande et al., 2003) as well as from radar images
A significant increase of natural disasters such as floodings an@artinis et al., 2009) via classification approaches. Zwenzner
earthquakes has been observed over the past decades (Kundze#szenzner and Vogt, 2008) estimates further flood parameter as
et al., 2005). There is no doubt that the disasters’ impact on thevater depth using flood masks and a very high resolution digital
population has dramatically increased due to the growth of popelevation model. Combining this results with GIS data leads to
ulation and material assets. The regrettable death of people &n additional benefit of information and simplifies the decision
accompanied by heavy economic damage, which leads to a longraking (Brivio et al., 2002, Townsend and Walsh, 1998). The
term backslide of the regions hit by the disaster. This situatiorcombination of the GIS and remote sensing data is often carried
calls for the development of integrated strategies for preparedsut by overlaying the different data sources. But, there are only
ness and prevention of hazards, fast reaction in case of disastefey approaches which use the raster data from imagery to assess
as well as damage documentation, planning and rebuilding of inthe given GIS data. In (Gerke et al., 2004, Gerke and Heipke,
frastructure after disasters. It is widely accepted in the scientifi@008) an approach for automatic quality assessment of existing
community that remote sensing can contribute significantly to algeospatial linear objects is presented. The objects are assessed
these components in different ways, in particular, due to the largesing automatically extracted roads from the images (Wiedemann
coverage of remotely sensed imagery and its global availability. and Ebner, 2000, Hinz and Wiedemann, 2004). However, in case
of natural disasters the original roads are destroyed or occluded
However, time is the overall dominating factor once a disastegnd, therefore, it is not possible to extract them using the original
hits a particular region to support the fast reaction. This becomegethods. Hence, new approaches have to be developed which
manifest in several aspects: firstly, available satellites have to b@ssesses damaged and occluded objects, too. The integration and
selected and commanded immediately. Secondly, the acquireskploitation of different data sources, e.g. vector and image data,
raw data has to be processed with specific signal processing alg@ras discussed in several other contributions (Baltsavias, 2004,
rithms to generate images suitable for interpretation, particularlButenuth et al., 2007). However, there is a lack of methods which
for Synthetic Aperture Radar (SAR) images. Thirdly, the inter-assess the GIS data concerning its functionality using imagery
pretation of multi-sensorial images, extraction of geometrically(Morain and Kraft, 2003).
precise and semantically correct information as well as the pro-
duction of (digital) maps need to be conducted in shortest timeln this paper, a classification system using remote sensing data
frames to Support crises management groups. While the first twand addltlonally aVaiIable information iS deVelOped to assess GIS-
aspects are strongly related to the optimization of communicatiofbiects. The main goal of the system is the automatic classifica-
processes and hardware capabilities, at least to a large extend, fii2n and evaluation of infrastructure objects, for example the traf-
ther research is needed concerning the third aspect: the fast, intécability of the road network after natural disasters. However,

grated, and geometrically and semantically correct interpretatiofe presented system can be transferred to other scenarios, such
of multi-sensorial images. as changes in vegetation, because its design is modular. A focus

is the integrated utilization of any available information, which
Remote sensing data was already used in order to monitor natursl important to ease and speed up the classification process with
disasters in the year 1969 (Milfred et al., 1969). Particularly, inthe aim to derive complete and reliable results (Reinartz et al.,
the case of flooding a lot of studies are carried out to infer in-2003, Frey and Butenuth, 2009). In comparison to the manual
formation as flood masks from remote sensing data (Sanyal anidterpretation of images the presented systems is very efficient,
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which is essential in crisis scenarios. Depending on the type ant@ihe fusion of multi-sensor images is an important issue, because
complity of the input data, the system can be run in a fully the corregistration between optical and radar images is still a cur-
automatic or semi-automatic mode, where a human operator caent research topic (Pohl and Van Genderen, 1998). Methods
editintermediate results to ensure the required quality of the finasuch as mutual information can be applied for the system (Inglada
results. and Giros, 2004). The system has to deal with multi-temporal
images having the possibility to derive important information on
Section 2 describes the generic near-realtime classification sy$me. This leads to an even more complex corregistration pro-
tem with the objective to classify and evaluate objects using recess. Change detection algorithms can provide information about
mote sensing and other available data. In Section 3 the systemtBe variation of assessed objects. In this article the temporal fac-
applied to road objects in case of natural disasters. Two test scéor is neglected, but will be an essential part in future research.
narios of flooded areas are used to verify the system. By means
of manually generated reference data, the applicability and effiThe main core of the system represents the classification. The
ciency of the system is evaluated in Section 4. Finally, furthergoal is to classify each object into a different stéte For each
investigations in future work are pointed out. object probabilities are derived belonging to a certain state. The
methods estimating the probabilities depends on the data: typ-
ical examples are multispectral classification or fuzzy member-
2 CLASSIFICATION SYSTEM ship functions (Figure 2).

T . GIS-
The goal of the developed classification system is the assessment Object

of GIS-objects using up-to-date remote sensing data. The system ¢
is designed in a general and modular way to provide the opportu

nity to label GIS-objects into different states. Typical states de-  data 1
scribe the functionality of infrastructure objects as roads or build-
ings. The generic system embeds different kinds of image date
multi-sensor as well as multi-temporal data. Additionally, any
kinds of available data sources and spatial knowledge, which cor
tributes information for the assessment, can be embedded. Typ
cal examples are digital elevation models (DEM) and further GIS
information, e.g. land cover or waterways. The minimum re-
quirement of the system are the objects to be assessed and ¢

up-to-date image which provides the information for the assess-
ment. Figure 2: Derivation of probabilities from data using various

methods
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Finally, the object is assigned to the statewith the largest prob-
ability ps,. A basic characteristic of the whole system is the
Figure 1: Classification system combination at the probability level in order to remain flexible
concerning the available data.

Theclassification system depicted in Figure 1 can be subdivided

into different components. Starting point are the GIS-objects to 3 MODEL FOR ROAD OBJECTS

be assessed. Secondly, the input data as imagery or digital eleva-

tion models which contribute the information for the assessmentAfter describing the generic system, a model is shown which as-
In the following this information is calledata. Thirdly, the clas- sesses linear objects as roads after flooding. However, this model
sification system by itself and, finally, a resulting up-to-date mapis transferable to other linear objects like railways and further
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natural disasters such as avalanches, landslides or earthquakes.

In case of natural disasters the GIS-object can be divided into the ar =0 —b A3)
stateintact/usableor not intact/destroyed. Furthermore, a state az = lp + ba,

between these extrema is possible. Hence, a third gtesibly

not intact/destroyeds introduced, if the automatic approach can in which [; is the lowest and;, is the highest water level in the
not provide a reliable decision. In order to assess roads after scene. In order to involve variations due to flows and barriers

flood disaster following states can be used: additional bufferd, b2 are added.
o trafficable
U(a)
o flooded 1

e possibly flooded

For every available data source the probability for each state has
to be derived. The methods which are employed to the differen s
data are shown in the following section.

3.1 Methods

A multispectral classification is accomplished in order to derive
different classes from the input imagery. The goal is to assess 0
each linear object individually without taking adjacent linear ob- ‘
J:bcéitl ?rt]c; 22?1?1[;21}\/33?[1: fozlécr? emgrlf {stﬁgorlg) grlge\lllal?ir&oi\;]vlsgsg igure 3:_ Membership functions for flooded roads and trafficable
of road networks hit by a natural disaster. Every linear object is éoadsderlved from DEM

polyline, which consists of several line segments. A line segment

is a straight line, which can be defined with two points. Every line3.2 Combination of Probabilities

segment is assigned to a class using an segment-based multispec-

tral classification. To this end, a buffer is defined around each lind he core of the classification system is to combine probabilities
to investigate the radiometric image information. In many casegesulting from a multispectral classification with the degree of

additional information as the width of the line object can be usedruth of membership functions. In this section, an example is
in order to generate the size of the buffer region. shown which combines the derived probabilities from optical im-

ages with membership functions inferred from a digital elevation
For the multispectral classification various classes have to be denodel. By means of multispectral classification for each class
fined depending on the underlying imagery in order to classify théwaterw, roadr, foresto, cloudc) the corresponding probabil-
road segments into the three stetedficable,floodedandpossi- ity p., for i = {w,r,0,c} can be derived. On the other side,
bly flooded. In case of optical imagery the classes road, watethe membership function provide the degree of trutla) and
forest and clouds are convenient, because the class road coryer(a). Utilizing the knowledge that roads higher thanare def-
sponds to the stateafficable, the class water ftoodedand the initely trafficable and roads lower than are very likely flooded
classes forest and clouds describe occlusions and therefore beease differentiation is carried out:
long to the statgossibly flooded. If radar images are available
the class clouds can be neglected. Beside the assignment to a

él Water Level a, Altitude

class each individual line segment consists of a probability be- ppla) =1 asa
longing to a classv;, which is derived from the k-sigma error pr(gsa) = Q ps(a) - po,(§) a1 <a<az 4
ellipsoid. The probability can be formulated as, (§), whereas pr(a) =0 a > asz
g defines the gray values. The length of the vector is equivalent
to the number of channels.
ue(a) =0 a<ar
Beside the imagery additional information such as digital eleva- we(g,a) =< pe(a)  po, (§) a1 <a<az (5)
tion models or GIS data can be integrated in the system. The pe(a) =1 a> as.

methods to derive probabilities depend on the data. One method
are membership functions of fuzzy sets (Zadeh, 1965). Mem;

bership functions do not describe the likelihood of some eventvanablea denotes the height of a road object. The road is as-

. . .~ _&igned to the statfoodedSr if the degree of truthus (g, a) ex-
but they only characterize a degree of truth in vaguely defmetieeds an thresholdl, which can be pre-estimated via the stan-

sets. Since itis often.dlfflcult' to derlvg sound probab||!t|es f.rom dard deviation of the likelihood function resulting from the train-
GIS data, membership functions provide an opportunity to infer.

. . L ing data for water. The road is assigned to the spetssibly
confidence values. To emphasize the distinction the membersh . o o ~
function is labeled ag instead ofp. HoodedsSp, if wyr(g,a)is less thari;. The probabilityu. (g, a)

is treated in an analogous manner. The road is assigned to the
The membership functions; (a), 11 (a) are introduced if a dig- statetrafficable St if 1.:(7, a) exceeds a pre-determined thresh-
ital elevation model is given. The functign (a) denote the be- 0ld t2. Otherwise, the road is again assigned to the gtassibly
longing to the staterafficablet depending on the altitude Sim-  floodedSex. The road segments which are classified as forest
ilarly 1:f(a) represents the stafmodedf. Both functions are ~ «o OF cloudsw, are assigned to the states in the following way:
depicted in Figure 3. There are two threshaldsandas which

determine the height of very likely flooded or trafficable areas, re- a < a = floodedSr
spectively. The current water level lies between these thresholds, a1 < a<ay = possiblyfloodedrs (6)
which can be calculated by a > as = trafficable St
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In Figure 4 a schematic overview of the used classification syslater than the studied TerraSAR-X scene was used to infer the ex-
temis depicted. A multispectral classification is carried out toact ground truth. To draw conclusions from the following results,
assign the road objects to the different classes. The results of thiis important to consider the kind of used reference data.
multispectral classification combined with the membership func-

tion leads to the assignment of the road objects to the differenfhe result of the Elbe scene is visualized in Figure 5. The red
states. lines refer to flooded roads, green lines to trafficable roads and
the yellow lines point out, that no decision is possible by the auto-
matic system. In Figure 6 a detail of the original IKONOS image
and the assessed roads is shown.

Multispectral Classification

R S S

water forest clouds roads

possibly
flooded

Figure 4: Schematic overview of the classification system

4 RESULTSAND EVALUATION

The presented system has been exemplarily tested with two sc
narios representing flood disasters. In both cases roads are ¢
sessed concerning their trafficability. The first scenario is the Elbx
flood in the year 2002 near Dessau, Germany. Three differer
data sources are used for the assessment: Firstly, an IKONO!
Image with four channels (red, green, blue and infrared), cf. Fig- *

ure 5. The ground-sampling distance of the panchromatic chargigure 5: Automatic assessment of roads using the classification

nel is 1 meter and the color-channels is 4 meter. As secondystemflooded roads (red), trafficable roads (green) and possibly
source a digital elevation model with a resolution of 10 meters;ooded roads (yellow)

is used. Finally, the objects to be assessed are taken form the
ATKIS (German Official Topographic Cartographic Information
System) database. The test scene covers an area of’38vkich
contains 5484 line segments. In the following investigations onl
the road objects are studied.

The second study area is located in Gloucesterhire Region i
Southeast England. In July 2007 the record flood level at Tewkes
bury was measured. During the flooding a TerraSAR-X scene i
StripMap mode with a spatial resolution of 3 meter was acquired
The polarization is HH, which is more efficient than HV or VV
to distinguish flooded areas (Henry et al., 2003). The test sce
covers an area of of 9,5 Km Additionally, linear membership
functions from the original rivers are derived and an automati-  Figyre 6: Detail of original and assessed IKONOS scene
cally extracted flood mask is used. As GIS-objects 522 roads

from OpenStreetMap are assessed.

Comparinghe result with the manually generated reference leads
The test scenarios are very appropriate to test the classificatido the numerical results shown in Table 1. "Correct assignment”
system due to their diverse global context and the different kindsneans that the manually generated classification is identical with
of roads. The roads vary from paths to highways. Both test scethe automatic approach. In the case of "Manuel control neces-
narios are evaluated using manually derived reference data. Theary” the automatic approach leads to the sgatssibly flooded
availability of reference data describing the real status of roadsshereas the manual classification assigns the line segments to
during the flooding is very difficult caused by the fast changes ofloodedor trafficable. The other way around denotes the expres-
the water level and the accessibility of the roads. One possibilsion "Possibly correct assignment”. "Wrong assignment™ means
ity is to derive the reference data from the image itself, which isthat one approach classifies the line segmerilotmdedand the
done for the Elbe scenario. This kind of reference data does natther totrafficable. With the current implementation of the sys-
describe the ground truth, but the information which is possiblgdem the approach achieves a correct assignment for 78% of the
to get from the studied image. In the case of the Gloucesterhireoad objects. Only a very small value of false assignments is
scenario high resolution airborne image with a resolution of 20obtained. This result is deteriorated due to the 5% of "Possibly
cm are available. This imagery which was acquired half a daywrong assignments”. Less than 1/5 of all road segments (17%)
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should be controlled manually in order to reach a correctness and, therefore, the overlapping of the class road and water. Road

95%. segments in urban areas occluded by shadows are responsible
i _ for this effect. The threshold; is depicted in blue which dev-
| Possible assignment || Result | ide the assignment of the roads to the statededandpossible
Correct assignment 76.99% flooded(Figure 8). Shifting this parameter leads to the results il-
Manual control necessary|| 17.87% lustrated on the right plot in Figure 7. Furthermore, the improve-
Possibly correct assignment 4.96% ment of the combined probability is shown in Figure 8. If only
Wrong assignment 0.18% one probability is available, the threshaldwould be depicted
. . as a straight horizontal or vertical line. The total required time
Table 1: Results Scenario: Elbe to generate the manual reference is about three hours. Compared

to the time needed for the automatic classification (less than one

Theresults are obtained with the threshold parameters 0.5 dminute) points out the efficiency of the approach.

andt> = 0.001. The variations of the parameters are depicte

In Figure 7. The parameters are responsible for the amount QFhe results of the second test scenario are depicted in Figure 9.

road segments which are assigned to the g@ssibly floodedn ; o
condition that they are classified to the classes water or road. TH% detail of _the orlgln_al T_erraSAR-X scene and the assessed road
egments is shown in Figure 10.

decrease of "Wrong assignment” comes along with the decreass
of "Correct assignments” and an increase of manual control.

Prametert, = 0.5 Prameter t, = 0.001
100 %, ] 100 %
e, i k%% §
TT— ]
10 %
0%t
1% \
\
\
1%
0.1%
0.01% 0.1% . . . -
0 0.02 0.04 006 0.08 0.1 0 0.2 0.4 0.6 0.8 1
Parameter t, Parameter t,

Figure 7: Results dependent on paramete@mdt, (red=Wrong
assignment, orange = Possibly correct assignment, yellow = Mal
ual control necessary, green = Correct assignment)

Reference: 09 . . . e
o (el Figure 9: Automatic assessment of roads using the classification
possibly flooded 08 systemflooded roads (red), trafficable roads (green) and possibly
* flooded 07 flooded roads (yellow)
0.6

~

= 05 ,;

B E
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Figure 8: Combination of probabilities and impact of the param-_

eterty
Figure 10: Detail of original and assessed TerraSAR-X scene

In Figure 8 the combination of the probabilitieg(a) andp.,,, (§)

is shown. The grayscale bar indicates the combined probabilityn the second test scenario the real ground truth is available. Hence,
ur(d,a). Every star defines a road segment assigned to the clagse assignmenpossibly floodeds not existing in the reference
water by multispectral classification, the color shows the state agdata. The comparison with the automatic classification system
signed in the reference. Many road segments which are assignézhds to the result shown in Table 2. After controlling 5% man-

to the statdrafficablein the reference are wrongly classified by ually, altogether over 86% are correctly assigned. The value
the system to the class water. The reason is the high standaod 14% of wrong assignment is caused by mainly two reasons:
deviation of the probability densitiy function for the class road Firstly, the resolution of the StripMap mode hardly enables to
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detect flooded roads in urban areas. Secondly, the geometric adenry, J., Chastanet, P., Fellah, K. and Desnos, Y., 2003. EN-
curag of the used OpenStreeMap road objects are in many caséélSAT multipolarised ASAR data for flood mapping. Proceed-
not accurate enough for a correct assignment. ings of Geoscience and Remote Sensing Symposium, IGARSS 2,
pp. 1136-1138.

| Possible assignment || Result |
Correct assignment 81.22%

Hinz, S. and Wiedemann, C., 2004. Increasing efficiency of road
extraction by self-diagnosis. Photogrammetric Engineering and

Manual control necessary 4.60% Remote Sensing 70(12), pp. 14571464
Wrong assignment 14.18%

Inglada, J. and Giros, A., 2004. On the possibility of auto-
matic multisensor image registration. IEEE Transactions on Geo-
science and Remote Sensing 42(10), pp. 2104-2120.

Table 2: Results Scenario: Gloucesterhire

CONCLUSIONS Kundzewicz, Z., Ulbrich, U., Bicher, T., Graczyk, D., Kger,

. . o . A., Leckebusch, G., Menzel, L., 8kwar, |., Radziejewski, M.
This artlc_:le pre§ents a clasglflcatlon system to assess GIS-objecig,q Szwed, M., 2005. Summer floods in central europe - climate
concerning their functionality. The system is evaluated by meanghange track? Natural Hazards 36(1), pp. 165-189.
of two test scenarios with the goal to derive the trafficability of
roads during a flooding. Both test scenarios show the good peMartinis, S., Twele, A. and Voigt, S., 2009. Towards opera-
formance and especially the efficiency of this approach. In futional near real-time flood detection using a split-based auto-
ture work, the whole system will be evaluated using real groundnatic thresholding procedure on high resolution TerraSAR-X
truth to identify the reliability in disaster scenarios. Moreover, data. Natural Hazards and Earth System Science 9(2), pp. 303~

the additional benefit combining different image data types suc :
as optical and radar will be part of further study. Currently, theMiIfred C., Parker, D. and Lee, G., 1969. Remote sensing for re-
combination of the probabilities is accomplished with a simpleggrce management and flood plain delineation. 24th Midwestern

different probabilities could be realized better using a Dampster-

Shafer framework. In addition, future work comprises the devel-Morain, S. and Kraft, W., 2003. Transportation lifelines and haz-
opment of multi-temporal models to better exploit different imageards: Overview of remote sensing products and results. Proceed-
acquisition times including different data types. A further pointings of Remote Sensing for Transportation 29, pp. 39 — 46.

is the preprocessing of the used GIS-objects to impove the spati

. . E"ohl, C. and Van Genderen, J., 1998. Multisensor image fusion
accuracy of the used infrastructure objects.

in remote sensing: concepts, methods and applications. Interna-
tional Journal of Remote Sensing 19, pp. 823-854.
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