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ABSTRACT:

Updating 2D databases has become a crucial issue in most mappingesge8uch a work traditionally starts out with a change
detection phase. A subsequent update phase is then carried out terrelggsges in the up-to-date database. The first phase is by far
the most costly and plodding, as it has until now required field or visugkittfon (of orthophotos). The main goal of this paper is
to present a new method for detecting changes in the building layer of a@&stal database. This method aims at giving potential
changes to a human operator for subsequent validation and updateatém. In this paper, we propose a new workflow for the change
detection process, by splitting it into 2 separate steps. The first steptsdnsisrifying automatically buildings through a hypothesize-
and-verify process: the initial description of the database is used to thedghange detection process. The second step consists in
extracting new buildings from geometric considerations. In this papemé#ihod is tested and assessed in a densely built-up area. A
specific methodology is firstly employed to estimate the best parameters o the system and also to characterise its performance.
Results are secondly assessed and show the high potential of our gysigrh a context.

1 INTRODUCTION 1.1 Related works

In the past few years, most 2D topographic databases have begriwnce the advent of high-quality digital aerial images and laser

. ’ . - . scanning, many researches have been carried out to detectshange
completed in developed countries. Most efforts in mapping agen: the building Iaver of a 2D diaital database
cies are now dedicated to the revision / update of such databas S German gthey WIPKA ro%&thas been iaunched to auto
Such a task is particularly time-consuming and tedious, as it i?natically vg’rify a topograghicj: database. Within this scope, a
generally carried out manually, by visual inspection of an Or_knowled e-driven approach (Busch et ai 2004) is pro osea to
thophoto to detect objects to be revised. Therefore, such a work i$ 9 pp u " prop

highly costly: (Steinnocher and Kressler, 2006) estimates that i;(ei::fey dif?h%%iféjiﬂel:iqnetrs]t;rr;dg;ﬁgiltgcrjef? z’rﬁri%p;agg .f;).r)eC:cnk;
can cost up to 40% of the whole cost entailed when generating th iect to be verified (to. down phase) and used to acc?e t of reiect
topographic database from scratch. Semi-automatic proceduri')g,lJ P P P 4

also need to be developed. Such procedures are commonly spli e object (bottom-up phase). This study is all the more interest-
. . ) ’ . : A ng as it shows that a change detection process is always data-
into 2 steps: in aflrsF change detection step, input data (h'gh Iresé)'(gpendent: the specificationgs of the datagase to be checzed need
lution aerial or satellite images, laser scanning ...) are givento a| b be taken into account before building the system design
algorithm that then determines focalisation areas where apossibﬁ Steinnocher and Kressler, 2006), an object-based cla.ssifica-
change has_taken place; in a second update s_tep!these focal_isat{%r?g is implemented to supp(;rt the l’deate of existing land use
fi‘(r)enaSA?T:ﬁngg;V;Tt;%%g:ggzgﬁgﬁgg i:);\gg(lztrlggh?gzgtefgzzzdatabases. Orthophotos are firstly segmented and each object is
s L X : : Classified into 4 classes (identical, plausible, questionable, new
we will _focus here on bU|Id_|ng§, which pla_y a c_rumal role in an by means of so-called e\(/aluation rr?atrices. F?esults are promis)-
Increasing number of .apph(.:atlons, especially in .the .productlor}ng but show the difficulty to deal with objects assigned to a
of 3D City models (Taillandier, 2005). As shown in Figure 1, a iven class for legal and not physical reasons, typically admin-

building chang_e can be of sgveral types: destroyed buildings a%trative sections. (Matikainen et al., 2004) proposes a similar
well as new buildings are obviously changes. Moreover, the mOd6b'ect-oriented classification based on laser scanning and digital
ification or the deletion of a part of a building (caused either by a y 9 9

human activity or planimetric inaccuracies in the initial geospa-aerlal images but focus on the building theme only. Results are

X . - all the best as buildings are big.
tial database) is a change and must be detected by the algomhr{blsen and Knudseng 2005) groposes a hierarchical method: a

coarse building mask is firstly computed from initial DSM and
NIR images, and then refined with respect to object size and form.
Eventually, it is compared to the database to update. The authors
outline the necessity to compute a DTM from the DSM, as height
features are very useful when detecting buildings.

Eventually, other methods exist in literature and could be used
in a change detection process, even if they are not originally
built for that purpose. For example, the method described in

Figure 1: Update Problems(1) : Destroyed buildings. (2) :

New buildings. (3) : Planimetric inaccuracies. Lhttp://iwww.ipi.uni-hannover.de/html/forschung/lauféwipka/wipka.htm,
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3 METHOD

A new workflow is proposed for this study: contrary to studies
found in literature, the change detection process is here split into
2 separate steps. In a first (so-called automatic verification of the
database) step, the initial scene description of the database is used
to guide the detection of old and geometrically shifted buildings
and to validate existing buildings. In a second (so-called detec-
tion of new buildings) step, a specific algorithm allows detecting

Figure 2: Semantic differences: one building can be split into 2neéw buildings. Combined together, these 2 steps perform a com-
or more objects in the database. prehensive change detection workflow.

(Rottensteiner et al., 2005) deals with building detection from3'1 Step I Automatic Verification of the database

aerial images and laser scanning. It is based on a hierarchic Ih first step i dof 3st ol firstl lected
Dempster-Shafer classification. This method is being adapted l; IS irst step IS composed ot 5 Stages. clues are lirstly coliecte

enter the framework of a new EuroSDR Building Change Detec 0" each object to be checked (1). A similarity measure is then
tion project computed (2) to give a final acceptance or rejection decision (3).

3.1.1 Features Extraction Following the recommendations
1.2 General Scheme found in (Olsen and Knudsen, 2005), robust geometric criteria
are preferred to radiometric criteria, too dependent on illumina-

The main goal of this paper is to present a new method for changiéon conditions, and not necessarily robust to recent buildings that
detection in the building layer of a 2D geospatial database fron@re often built with various, non-conventionnal (and sometimes
digital aerial images. Digital aerial images are chosen as primar{ncommon) material.

input data, as they are most of time necessary for photogrammef! large amount of geometric criteria can be found in litterature:
ric projects and therefore do not imply additional costs, contraryobjects height (Jordan et al., 2002), height textures based on the
to other data like laser scanning. In our study, only significanturface roughness (Rottensteiner et al., 2005), structural (form)
changes (with a size larger than 952) corresponding to new, features (Miller and Zaum, 2005), edges delimitation (Tarsha-
old, partially destroyed and enlarged buildings are considered<urdietal., 2006) ... In ouvector database, objects to be checked
Other inconsistencies (typically, inaccuracies in planimetry) areire well structured, as they are represented by their boundaries.
considered as well. Therefore, features based on edges (i.e. contours / height discon
In Section 2, input data are firstly described. In Section 3, oufinuities) appear to be the best adapted.

method is detailed. Section 4 is devoted to the presentation dff our work, contours are extracted in the initial DSM with the

the results and their evaluation. Eventually, forthcoming researchlassical gradient operator (Deriche, 1987), followed by a hys-
axes are given in concluding remarks. teresis detection of local maxima in the direction of gradients,

with a sub-pixel (0.5 pixel) accuracy. Sub-pixel local maxima are
then chained and poligonized to obtained DSM contours.

2 STUDY AREA AND INPUT DATA L
3.1.2 Similarity Measure

The study area is located in Marseille, southern France and cor-
responds to a very dense urban area.

2.1 Input Data

In our study, RGB and IR aerial images are used, with a Ground
Sample Distance (GSD) of 20 cm, a forward and a side lap of
60%. A correlation DSM with a GSD of 20 cm is then derived,

with the method described in (Pierrot-Deseilligny and Paparodi- / Outer boundaries /  Inner Boundaries
tis, 2006). Moreover, true RGB and IR orthophotos are com-
puted. Eventually, a tree mask and a lawn mask are automatically Figure 3: Inner and Outer boundaries.

derived, with the method described in (lovan et al., 2007).

Selection of pertinent building boundaries As previously men-
2.2 The database to update tioned, the building boundaries in the database correspond to lim-

its of ownerships. Therefore, as shown in Figure 3, boundaries
The database to update is a cadastral map, composed of 3 layease split into 2 categories: inner boundaries and outer bound-
the building layer is here the object of the revision and is de-aries. Inner boundaries (i.e. shared by 2 adjacent buildings) cor-
scribed now. As buildings are captured in the field by surveyorsrespond to the intangible limit between 2 ownerships and they
their boundaries are given in the database by walls and not gutteosly seldom correspond to a physical (height, even radiometric)
(like in DSM or orthophotos). Moreover, as they are initially built discontinuity. By contrast, outer boundaries (i.e. belonging to
for tax purposes, the limits of a building actually correspond toonly one building) must have a corresponding height disconti-
the limits of an ownership: when shared by 2 different homeown-nuity in DSM. Moreover, boundaries covered by vegetation are
ers, one physical building is systematically split into 2 objectsnot verifiable. Therefore, only pertinent boundaries (i.e. outer
(Figure 2). These 2 particularities have been taken into accourifoundaries not covered by vegetation) are kept in the process for
when designing the system. subsequent verification.
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e "Destroyed” if SM < T,
e "Modified” if SM > Ty and SM < Ty
e "Validated” if SM > Ty

Objects contained in the 2 first classes are considered changes
and are also given to a human operator for validation and update
purposes (not described here). Remaining objects are considered
unchanged. In our applicatioffy, is setto 0.1 and’y is set to
Figure 4: Description of the similarity measure. DSM contoursg 61.77; is by far the most important parameter in our system, as
extracted from the Canny-Deriche edge detector are pictured i fully determines "Change” from "No Change” objects. Perfor-
black over the DSM. Each pertinent boundary is represented witfhance tests are introduced in Section 4.1 and applied to estimate
its associated DSM contours and similarity measure. In whitethe best value to use.

the over-all similarity measure assigned to the building.

3.2 Step II: Detection of new buildings

Definition of the similarity measure For each building to be Once the buildings of the database have been verified, new build-

checked, pertinent boundaries are selected. Then, as illustrat s remain to b? detected. For that purpose, a new workflow
in Figure 4, for each boundary, DSM contours, located at a give ased on th.e initial DSM and a reliable and automatically com-
distance from it and fulfilling a preset relative orientation with puted DTM is proposed.

respect to it, are selected (top-down phase). A first measure 52,1 Automatic Estimation of aDTM  As illustrated in Fig-
computed per boundary: it is based on the rate of coverage Qfye 7, a DTM is automatically derived from the initial DSM and
selected contours on it. At the end, the building is assigned aghe above-ground mask with the algorithm described in (Cham-
over-all similarity measure that corresponds to a weighted meapjon and Boldo, 2006). Note that the above-ground mask is com-
of previous boundary measures. posed of the initial tree mask and a building mask, directly de-
rived from the database to update. Buildings, labelled as de-
stroyed in Step |, are removed from the mask, as they potentially
correspond to ground.

More formally, let B be a building to be checked ang, a per-
tinent boundary (Refer to Figure 5 for an illustration). A Region
Of InterestRO; is then defined for each pertinent boundayy
as a buffer given by its widtHy, centred on and aligned witt} . The algorithm used in our study belongs to surface-based algo-
The similarity measur& M is given by: rithms: the DTM to reconstuct is supposed to be a regular surface
, (defined by some internal properties) and is estimated so that it
Yo, 5 103l p (b, {ci - ci € ROI; and [0} < 60},)  best fits observation data (points out of the above-ground mask).
SM = e b5l A special gttention has be(_an paid to deal with outliers_ (above-
7 @ ground points not present in the above-ground mask i.e. cars,
street furniture and above all new buildings). As such points sys-
tematically deviate the DTM upwards, a module based on the
M-estimator theory is integrated to the algorithm to filter them
e c; is a DSM contour out: once outliers are removed, the final ground surface fits true
ground points (inliers) and best reconstructs the true topographic
surface, as shown in Figure 6.

where:

e 0 is the relative orientation betweepandb,

e 0y is a preset relative orientation

Height (in m)
e ||| gives the length ob; 40"
e p computes the coverage rate betwégemnd selected con-
tours m
20 sl
ROI;  Non-selected contours U
N
d | ¢ %% 500
_ DSM _~ DM

Figure 6: Profile along the red arrow (See Figure 7-1). The DTM
Buildings To be Checked calculated with our algorithm perfectly clings to lowest points in
streets and courtyards.

Figure 5: Similarity measure - Sketch.

3.2.2 Detection of new buildings A normalised DSM (nDSM)

In our applicationdo andd, are respectively set to 2m and®. i then generated by substracting this DTM from the original
Performance tests, similar to the one described in Section 4. DSM. Easy-to-use height thresholding techniques applied to this
show that these parameters are not critical. nDSM leads to the extraction of above-ground objects (in our ap-

plication, the height threshold is set to 2m). Man-made structures
3.1.3 Decision-making Module Once similarity measures are and tree objects already present in the database to update or the
computed per building, the bottom-up phase is completed by &ree mask are then filtered out and no significant above-ground
rule-based acceptance or rejection decision. Objects are heobjects are subsequently eliminated by morphological opening.
classified into 3 classes: Remaining objects correspond to new buildings (Figure 7-6).
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4) ®) (6)

Figure 7: Detection of new buildings in Marseille(1) : Initial DSM. (2) : Initial Above-ground Mask{Trees U Buildings} —
{Destroyed Buildings} (3): Automatically processed DTM (Contour lines are superimposed overTh, With a contour interval
of 3m). (4) : Building Height. (5) : Processed Above-Ground Mask6) : New building Mask.

4 RESULTS AND EVALUATION TPR Rate

The database to update contains 256 buildings. 238 are still present Optimal Point
in the database to update, 11 buildings correspond to modifica- 1.0

tions or planimetric inaccuracies and 7 buildings have been de- AN <~ ¢
molished. Moreover, 9 buildings have been built. 0.75
In this section, the methodology chosen to determine the best *- Optimal Threshold _.-*
thresholdT’y to use in the decision-making process is firstly de- ‘_."'.;(\fo\\o
scribed. Results are then given, assessed and discussed. 0.50 { %G\\"\
e O\

RN\

4.1 ROC Curves: How to optimise and characterise the per- 0.25 . \,‘\$
TS
formance of a system? ﬂj W FPR Rate
The outcome of our process is also a binary classification, in 0 o
0 0.50 1.0

which buildings are labelled either as "Change” or "No Change”.
When comparing this classification to a reference classh‘icatior,kigure 8: Performance Evaluation. In green, our experimental
(labels are here edited manually), 4 possible cases happen, as gex : . : '

tailed in the2 x 2 confusion matrix (Table 1), C curve. In blue, its corresponding trend curve.

Algo True Change| No Change
In ROC curves (Figure 8), the so-called optimal point is located
Change ™ FP in the upper left corner and corresponds to a perfect classification,
No Change FN TN in which all changes are detected whitout any FP. Points located
in the main diagonal (aka line of no discrimination) correspond
Table 1: Confusion Matrix to the result of a process that would randomly label buildings.

Moreover, a test is said to be non-discriminative if its correspond-
(Fawcett, 2004) proposes to evaluate a decision-making proce#sg point in ROC space is situated below the main diagonal. Con-
by plotting its Receiver Operating Characteristic aka ROC curveversely, a test is all the more discriminative as its corresponding
That comes down to plot the True Positive Rate (TPR) vs. theoint is closer to the optimal point: the TP (benefit) / FP (cost)
False Positive Rate (FPR), as the decision threshold is variedate is then optimized.

where the TPR and FPR rates are respectively defined as: To assess the performance of our system7thehreshold is also
tuned from 0 to 1 and corresponding TPR and FPR rates are cal-
TPR = re € [0;1] 2) culated and plotted in ROC space. As shown in Figure 8, the
TP+ FN optimal threshold is easily derived and here corresponds to 0.61.
FPR — Fp € [0;1] ©) Note that a small shift (highlighted with a red arrow) occur at the
FP+TN ' origin of the curve, which means the FPR rate is never null re-
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gardless of the value dfy. Such a characteristic is caused by
both the database and the system design. Indeed, 11 unchangec
buildings correspond to small structures in courtyards. All their
boudaries are shared with other buildings and also considered in-
ner boundaries in the selection phase (Subsection 3.1): in that
case, the similarity measure is not computed; instead, an alert is
systematically (and here wongly) sent.

4.2 Change Detection Results

The results of our change detection process is now presented
(Figure 9) in a similar way as the so-called Traffic Light Paradigm
(Forstner, 1994): destroyed buildings are highlighted in red, mod-
ified buildings in yellow and new buildings in orange. Concern-
ing “No Change” objects, they are highlighted in green.

/ P FP / FN N

Figure 10: Evaluation in Marseille Test Area.

True
Algo Change | No Change
Change 25[9.3%)] | 45[16.7%]
No Change 2[< 1%] | 197[73.2%)

Completeness = 0.93
Correctness = 0.37

Table 2: Confusion Matrix and Quality Measures

. planimetry but validated.

/ Validated Modified / Destroyed / New Concerning false alarms (False Positive), they are of several types:
they can correpond to the previously mentioned small structures

Figure 9: Change Detection Results in Marseille Test Area. in courtyards (2) or building-like structures, such as prefabs (3)

or footbridges. Moreover, lots of false alarms correspond to in-

. . . accuracies / false correlation in the initial DSM. For example,
4.3 Evaluation and Discussion the height of narrowest streets in shadows areas is sometimes
. . . . overestimated and, at the end, considered new buildings by the

4.3.1 Quality Measures As mentioned in (Rottensteiner et @?orithm (4). Nevertheless, this relatively high FP rate (approx-

al., 2005), 2 quality measures are classicaly used to assess ately twice the number of factual changes) has to be put into

results of a change detection process: the completeness and grspective.
correctness. At first sight, this relatively high FP rate may appear to be a high
TP limitation of our system. On one hand, it prevents us to consider
Completeness (T PR) = TP FN © [0; 1] 4} afully automatic change detection process. On the other hand,
TP it systematically leads a human operator to check uselessly un-
Correctness = TPLFP < [0; 1] (5)  changed buildings. Nevertheless, the matter-of-fact / pragmatic

approach employed in this study (that consists in splitting the
As explained in (Heipke et al., 1997), these 2 measures respechange detection problem into 2 easier subtasks) allows check-
tively answer the questions: (1) How complete is the change deing only one quarter of the database (70/256 buildings) with very
tection? (2) How correct is the change detection? From a pracsatisfying results: only 2 minor changes are not detected; more-
tical point of view, the completeness refers to errors kept in theover, the detection of new buildings, which remains the most im-
final database, once updated. As for the correctness, it refers firtant part when updating maps, is complete (9/9); eventually,
the time lost by a human operator to check unchanged buildingshe detection of difficult configurations (typically new buildings
As expected in a change detection process, the FN rate must tebdilt at the same location as destroyed ones) is possible with our
towards O (i.e. the completeness towards 1) whereas the FP rag¢gorithm (Figure 11-6).
must be as small as possible (i.e. the correctness as close to 1laghe present (and initial) state of the development of our method,
possible). fully automatic change detection is therefore not achieved yet.

However, our method can already be considered as an efficient in-
4.3.2 Quantitative Results The results of the evaluation are teractive tool to Support Change detection and updating’ and also
depicted in Figure 10 and also given in the confusion matrix (Tatg reduce the time-consuming aspect of such a work.
ble 2).

4.4 Discussion 5 CONCLUSION AND FUTURE WORK

As shown in Figure 11, the 2 non-detected changes (1) corré@ur goal was to build a system to detect changes in the building
spond to minor changes: the courtyard is not properly located itayer of a 2D cadastral database. The system described here show
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4 ®) (6)
Figure 11: Evaluation Details. The colour code (Green / Yellow / Red h@rhais the same as Figure 9(1) : (FN) Inaccuracy in
planimetry not detected(2) : (FP) Internal structures(3) : (FP) Building-like objects. (4) : (FP) Height inaccuracy in DSM(5) :
(TP) Inaccuracy in planimetry detected) : (TP) Detection of destroyed and new buildings, even when located atiie slace.

a very high potential, as all the factual changes (especially newieipke, C., Mayer, H., Wiedemann, C. and Jamet, O., 1997.
buildings) in the study test area are detected, except for 2 mindevaluation of automatic road extraction. In: International
changes. False alarms are almost caused either by building-likechives of Photogrammetry and Remote Sensing, Vol. XXXII,

objects that do no need to be registered in the final up-to-datgp' 47-56.
database (prefabs, footbridges ...) or height inaccuracies in thevan, C., Boldo, D. and Cord, M., 2007. Automatic extraction
initial DSM. of urban vegetation structures from high resolution imagery and

We plan to test our method in a more challenging context, typi_DigitaI Elevation Model. In: Proceedings of 4th International
Symposium Remote Sensing and Data Fusion over urban areas

cally with high-resolution satellite imagery. Here again, the de-(JRgaAN 2007), Paris, France. To Appear.
tection of new buildings does not appear as the critical point of( ’ '

the method. Tests have already been carried out with Pleiadg®rdan, M., Cord, M. and Belli, T., 2002. Building detection
imagery, with a GSD of 70cm (Durupt et al., 2006) and show that{rom high resolution Digital Elevation Models in urban areas. In:

the processed DTM is accurate enough to extract, after appropr&cffr)?ja(t)'g\r}%érrtc g%/eé:)asztA%t&%?mmetry and Remote Sensing,
| Vol- : , , .

ate filtering processes, new buildings correctly. Future work wil

also focus on improving the performance of the first step of théMatikainen, L., Hyyp@, J. and Kaartinen, H., 2004. Automatic

method. For that purpose, a similarity measure, computed pedetection of changes from laser scanner and aerial image data for

tw t tracted f ial i d buildi isb updating building maps. In: International Archives of the Pho-
€en contours extracted irom aerial images and bulldings, 1S b&g g ammetry, Remote Sensing and Spatial Information Sciences,

ing considered and should be added to our decision-making prastanbul, Turkey, pp. 434—439.
cess: the main challenge here remains to assign the right height

to the 2D building boundaries (from noisy correlation DSM). gﬂel#![;ri n?a gensd. ZI%I:JrB’roDc'eveyd'ir?gs?%f t'?]ce’b%séggl%?kiﬁf;tg&%

2005, Vienna, Austria, pp. 143-148.
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