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ABSTRACT:

The geographic database producers need improvedaated updating methods for their topographic loiasas to fulfil the user's
demand. In this context, change detection methsagyuemotely sensed data are interesting toolbcafyte on wide areas and are
less demanding for human work. Indeed, databaseatepts currently mainly realized through a tedicarsd laborious
photogrammetric restitution. The objective of thiady is to compare built-up and roads extractdtl wihierarchical region-based
classification method (Definiens) from VHR opticaldaSAR data to the ones of an old geographic dagaipasrder to pinpoint
changes. Simulation of PLEIADES data on Toulousa @solution of 0.7m in the panchromatic band 28 in the multispectral
one are used together with a DSM derived from SARn@eSkymet data. The NGI-France Topo-Pays datalsagerieralised to
map 5 classes: building, road, vegetation, watdrather. Their outline is used as a first leveligigithe segmentation process; the
objects of the database are then subdivided acmptditheir spectral homogeneity. This procedule@nal the use of the database as
prior knowledge and avoids objects matching betwdetected and database objects to map changes.aRatdassified with a
hierarchical scheme into 5 classes using spetirasholds and the nearest neighbour algorithm.r@idts show that the use of the
DSM in the classification process allows a bettamuaacy in the change detection process.

1. INTRODUCTION
1.1 Changedetection in the scope of the map update

Keeping the topographic information up-to-datessential for
the National Mapping Agencies as well as for thegser's
applications  (urban  planning, network
navigation...). Nevertheless most of those agencaesy @ut
the update process through photogrammetric rastituand
ground survey, collecting information about changiekest in a
non-systematic way. The update work is time conegmi
expensive, tedious and doesn't allow a sufficieqdate
frequency regarding to the user's demand.

Therefore, the topographical data producers needaan
operational as possible automatic method to détectthange
areas where focus the update capacities and, Bilges to
identify the change (Baltsavias, 2004; Bouziani £t24110).
Two principal objects of interest are identified bye data
producers: roads and buildings which need the rreguent
update. Those two types of object are focused bygdomatic
community active in the change detection field (Hsen et al.,
2003; Baltsavias, 2004; Zhang et al., 2004; Unsaaral.,
2005; Bouziani et al., 2010).

Studies have been carried out to explore the pitis#offered
by change detection in this map update field.

Bouziani et al. (2010) defines three main stepshia update
process: (1) Detect change, (2) Identify the chaagd (3)
Capture the change in the database. The authdrgy ¥italter
(2004), pinpoint that the change detection stepgh&s most
difficult one.

More and more, new satellites (e.g. GeoEye, Woedv2 and
the future Pléiades constellation) provide imaga eath a very
high resolution. Those images associate wide cgeeffeequent
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temporal intervals and a resolution closer to the of the aerial
photography used by the database producers for
photogrammetric restitution. The possibilities offé by those
products interest the data producers for mappingpqae
including continuous update of the database (Camtoal.,
2006; Holland et al., 2006).

the

managementys achieve this update goal, different groups ofnge

detection methods can be mobilized: the pixel-daeen
methods, the object-oriented methods, and diffestiategies:
image-image comparison and image-database compariso
(Carleer et al., 2008; Bouziani et al., 2010). Chategection
based on image-image approach consists on compapisel

by pixel of images of two different dates while timeage-
database methods use an existing map to localesectiange
from a recent image.

In the image-database methods, Bouziani et al. (2010
differentiates post-extraction methods where objenttracted
from the image are compared to those of the datafiasudsen

et al., 2003) and map-guided methods which use the
information extracted from maps to enhance therpnétation

of the image (Walter, 2004; Carleer et al., 2008)ose last
groups of methods use the a priori knowledge ohthe.

1.2 Useof apriori knowledge

In the case of the update of topographic datalibeegxistence
of an a priori knowledge of the field is guarante€de outdated
database can be used in the change detection tmvept

(Bailloeul et al., 2003; Bouzinani et al., 2010).

Baltsavias (2004) reviews researches using a pritrivledge
for object extraction by image analysis focusingroad and
buildings. The author pinpoint that the a prioriolledge is
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often used through rules, models or use of theestnt.e.
relations between neighbouring objects) but vemy fa the
form of maps, GIS of other geodatabase.

Moreover, Bouziani et al. (2010) underline thatpinost of the
cases, the use of the geodatabase is limited tge¢benetric
information of the object (Baltsavias, 2004). Thedgtabase
can also be used for the training of the clasgiboa(Petzold et
al., 1999; Notarnicola et al., 2009).

The a priori knowledge can also cause problem$iénabject
extraction (e.g. linked to the generalisation & tfatabase) due
to an insufficient accuracy or completeness (Balésa\2004).
Another problem which occurs in the case of a pastaction
method is the matching between the object of tidedattabase
and the new ones detected by the image processiitpntify
the change. To solve object matching problems, ghetnal.
(2004) propose map conflation techniques to createew
database based on two databases covering the szene a

In the case of a map-guided method, this problem loa
avoided. For example, the outdated database camsé@ to
constraint the segmentation (Carleer et al., 2008).

1.3 Contribution of LIDAR data

The 3D information can also be useful as additiagmfarmation
in the change detection process. Indeed, a Dighaiface
Model coming from a laser scanner, or derived datkplacian
filter and slope images, can be introduce as inputhe
segmentation process and in the classification wvather
features (e.g. form) in order to distinguish builg from roads.
A comparison between the outdated topographic nmaptiae
detected buildings can then isolate the new buislinThe
extracted 3D information can also be extractedefich object
and added as an attribute to the database (Hoftran 2002).
Hu et al. (2004) used the height data coming froifDAR
(subtracting the DTM from the DSM) together withDAR
intensity and high resolution aerial imagery in ot
segmentation and classification to extract the rwetd/ork from
a dense urban area. A major advantage of LIDAR iddteat, in
dense urban areas where shadows or buildings ecaioad
segment, the height data can be used to deteobdlds (Zhang
et al., 2001). Hu et al. (2004) show that the udeoth LIDAR
data and very high resolution optical images gyeatiproves
the road extraction in correctness and accuradeirse urban
area.

Poulain et al. (2009) proposed to use SAR imagds aptical
data to extract features in a processing chaincéotography
creation/update. First, the building objects of tetabase are
verified by means of the features and then, thero#ineas are
segmented and classified to obtain a probabilibresdor each
new building object.

Moreover, if 3D information exists for several petiof time,
these could be used for change detection (buildarstruction
or destruction).

1.4 Objectives

the change detection from the topographic datapasguced
by the National Geographic Institute of Belgium dne second
one from an agricultural parcel database.

One of the main goal of this article was to chddké method
would be reproducible on another topographic daalf@opo-
Pays of NGI-France) and in another context (a plesin area in
the South of France).

The contribution of the use of a Digital Surfacedéb(derived
from SAR Cosmo-Skymet data) together with opticalgesto
change detection and identification will be testbtbreover,
the a priori knowledge of the outdated topograptétabase
will be used in the segmentation process especiallgvoid
object matching problems.

2. STUDY AREA AND DATA
2.1 Study area

The study area (about 1R)is situated in a periurban landscape
at 6km of the Toulouse’s center, France, and isatherized by
large isolated buildings, small and large roads pendings but
contains also large vegetated open space, a dangdt areas
and large areas of bare soils.

2.2 Data

The image data is a Pléiades simulation acquiredthen
September 17, 2004 and has a resolution of 0.7nthén
panchromatic band and 2.8m in the multispectralsorie
topographical coverage is extracted from the ToppsP
database produced by the National Geographic umstibf
France. The layers of the database used are: hgéidiroad
axis, road surfaces (corresponding to parking Jreaater
surfaces and wooded surfaces. Those layers wiludesl as
prior knowledge but will need first a generalizaticstep
described in the following methodology part.

Two reference maps are produced by comparison efott
database and the manually updated one: a natetenfile map
and a binary change map. The nature of change mep mbt
include the occlusion classes introduced to hasloielows.

In order to test the radar data, a Digital Surfilmalel (DSM)
derived by interferometry from a SAR COSMO-Skymed
simulation of 2006 will be used in the classificatiprocess.
Two DSM with pixel spacing of 1m and 5m were putoat
disposal thanks to the collaboration with the EMS@rd
GEMITOR projects (in the framework of the ORFEO peog).
Due to the noise and to the radar shadow effe, tm
resolution DSM hasn’t been used in the classificapirocess.

3. METHODOLOGY

The method is presented in figure 1 and the pralcifeps are
explained thereafter.

This paper focuses on the change detection process'® outdated topographic database is used bothhéen t

improvement allowing a facilitated update.

The presented method was carried out in the CHADE1(G&
detection for updates of vector databases througti-tavel
region-based classification of VHR data) projecislbased on
the method proposed by Carleer et al. (2008) deeelap the
previous part of the project. This method is basedn image-
database comparison using an object-based apperathvas
previously applied on two test areas in Belgiumdsidential
periurban area and an agricultural one). The fest concerns

segmentation process to reflect the geometry afatbj(Carleer
et al., 2008) and in the classification procesagishe previous
type as feature in the landuse and the changefidaten tied

with the spectral, textural and other context feegu

The Digital Surface Model is used in the classtfma as well

as two derived image: the slope image and a laplafilter

image (Hofman et al., 2002).
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Figure 1: Proposed method

3.1 Co-registration

The first and maybe most important step of the gbatetection
process is the correct co-registration betweedatth (Lu et al.
2003). Indeed, miss registration can lead to fatbange
detection. The optical data and the DSM were céstege with
the topographic database. The obtained Root Mearar&qu
Error (RMS) for the Pléiades simulation is 0.65mXnand
0.79m in Y with 12GCPs. The co-registration of thBNDwas
more difficult because of its lower resolution: GORwe to be
chosen only where a great height difference octarson the
edge of tall buildings. 18 GCPs were found and #wmulting
RMS error for the Digital Surface Model is 3.4m.

3.2 Generalisation

In the case of the Toulouse study zone, the landasabase
was derived from the different available layersidings, roads
(linear data), surfaces of roads (parking), wated s&vooden
surfaces. The road surfaces are derived from tfeatidata and
the width is determined by the width category of time. This
leads to a cartographic generalization and decadethee spatial
accuracy of the landuse data used in the experinidat
semantic generalization is needed.

3.3 Segmentation

The image was segmented in the Definiens Develepiérare.
In this software (Definiens, 2007; Benz et al.
segmentation is achieved merging pixels or existimgge

objects by minimizing the average heterogeneity andyildings —in

maximizing their respective heterogeneity. Threeapeters
have to be fixed: the scale factor, (2) the shapgeof (defining
the relative importance of the colour to the shap®) (3) the
compactness (the relative importance of the comgsst to
smoothness).

The hierarchical approach allows creating varioasel of
generalisation. In this case, two different leveEsegmentation
were created: the first level is constraint by tié database
reflecting the geometric information of the objectee second

2004) classification

level is an over-segmentation of the first one #areated
according to the spectral characteristics of thagien

3.4 Classification and change detection

The first level of the segmentation is classifieithwrules
according to the old database classes: buildingd,ravater,
vegetation (wooden areas) and other.

The second segmentation level is then classifiedrding to
same legend. However, the low vegetation and baik s
aggregated in the old database in the “other” class too
different spectrally to be aggregate in this classion. The
low vegetation has been grouped with the woodefaseirto
form the vegetation class and a new class has treated for
bare soil. A first step in this classification @rded out by rules
(for vegetation and shadows) and secondly, theassifled
segments are classified with the Nearest Neighlassification
method in the Definiens software. This Nearest Nieqy
classification uses spectral, textural and contdxteatures of
the segments including features from both opticad ®SM
data. It also uses the nature of the object irotalatabase.
Thirdly, the change detection map was done accgrtbinthe
class in first and the second classification, idging the nature
of change: construction of buildings, constructioh roads,
destruction of buildings, destruction of roads, losion of
roads, occlusion of buildings, destruction of vagien and no
change.

Special classes have been introduced in the dtzdgih to
group the probable occlusion areas: the “road samiti class
which groups the former roads identified in thesslfication as
vegetation and the “building occlusion” class grogp
segments from former buildings which are classifiad
vegetation and which are not a destruction (thffeidince is
done according to the form of the segment and rtipoitance
of the vegetation in the former building).

Finally, a binary change map (change/no change) crneated
grouping all the change classes and consideringl rard
building occlusion as No-change.

3.5 Assessment

A validation set using a total amount of 886 poiraadomly
chosen is extracted from the reference maps arl tosereate
the error matrix.

The accuracy of the results is then estimated byctmparison
of the well-classified point (on the diagonal ire tbrror matrix)
in regards to the whole validation set.

4. RESULTS

The results of the classification of the naturecbinge are
presented in the Figure 2. Visually, the resultsh& change
are good: the major changes occgrrin
of road -in dark blue- and constctiof
red-) are well identified as well #ee building
destruction —in orange.

However, over-estimation occurs for building andado
construction. The building over-estimation problé&nmostly
linked with the forest edges where bare soils aso@ated to
shadows. Indeed the proximity to shadow was usexdfaature
identifying the buildings. This feature works wdbr new
building but causes over-detection. Another causbuiding
construction over-estimation is large areas of etad
surrounding the tall buildings.

(construction
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Figure 2.(a) Classification of the nature of char{g¢Reference map;

Legend: white: no change; red: construction ofding; dark blue: construction of road; orange: degton of building; light blue:
destruction of road; light green: destruction afeation; black: occlusion.
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Table 1. Nature of change error matrix

About the road construction over-estimation, itnsgeto be
partially linked with problems of generalization:part of the
non-detected segments consist of long and narr@mesets
along the roads. An erroneous width category indhtlated
database leads to a false detection of changeirotid edges.
It is here an example of the limitation of the a$@n outdated
database as defined in Baltsavias (2004).

The error matrix of table 1 allows calculating tlebBange
detection accuracy for the nature of change ciaasién. With
the use of the DSM, the change detection accuraaghes
74%. However, too many changes remain classifiedNas
change. The non-detected construction of buildinginip
concerns modifications of the shape of a pre-existeilding.
The three destruction classes are less frequeheistudy area
and the areas of those segments are smaller thaonth of the
other classes. It partially explains the difficulipn their
detection.

The accuracy of the change detection classificafitiscerning
change from no change) benefits from the broadessels and
reaches 78% (table 2). This accuracy is compatabthe one
described by Carleer et al. (2008).

Reference
Ho change
Mo change 520
Change oo

Table 2. Change error matrix

Change
100

167

Chssification

To test the real contribution of the DSM informatiin the
change detection process, those results have toropared to
the results of the classification which don't useSND
information. The table 3 presents the change detedarror
matrix for the binary change/no change detectiahauit DSM
information. The detection accuracy reaches 75%aveer than
the 78% of the previous classification. The DSMoinfation
seems then to allow better accuracy in the chargjection
classification.



The International Archives of the PhotogrammetrymBee Sensing and Spatial Information Sciences, X¥XVI11-4/C7

g Reference

.E Mo change [Change
% Ho change 400 102
é Change 120 165

Table 3. Change detection without DSM error matrix

Reference

Mo change |Foad construction |Building construction [vegetation destruction| Building destruction |Foad destruction

Mo change 401 46 11 17 3 19

o |Poad construction 95 20 3 1 3 1
-.E Building construction il o 3l 3 1] 1]
W [vegetation destruction 2 2 1 8 1] ]
E Building destruction 1] 0 1] 1] 7 1]
U |Fioad destruction 1] 1] 1] 1] 1] 0

Table 4. Nature of change without radar data eraitrix

The table 4 shows the accuracy of the classifinatib the
nature of change without using the DSM informatibiere also
the accuracy (73%) is lower than using DSM (74%).

The classification benefits from the DSM informatiexcept for
the identification of the object (especially roaid) the sun
shadow of tall buildings (counter to Zhang et &l02) probably
due to the low resolution of the used DSM.

5. CONCLUSIONS

Change detection for map update remains a challgrigic in
order to produces operational Image-based systefmlfiothe
data producers’ needs.

In this paper, the reproducibility of the changéedgon method
developed by Carleer et al. (2008) has been proted:
accuracy reaches 78% for the change detection 4¥dfar the
identification of changes. Aside from the genegdin
difficulties, the general method has been succhgsipplied on
another database (the IGN-France topographic deglzad in
another context (a periurban landscape in the Safufinance).
The benefit of the DSM information in the changeed@on
process using the old database as constraint leasdigcussed,
showing a small improvement of the classificationuaacy (3%
for the change detection and 1% for the identificatof the
nature of change) but also limits due to the DSNbhation.
Due to this low resolution of the DSM, the probleoh
identifying objects in the shadow has not been lehth this
case.

Further works could assess the benefit of the ratem of
other SAR-derived data as coherence image (Chi,e2G09).
This method and its results could allow map updater
cartography Agencies e.g. to identify the changasmand the
most interesting types of change for them (invavioad or
buildings) and to focus the resources on thosesarea
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