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Abstract— Techniques for performing change detection are  Photographic prints of Tessina exist from a number of flights
developed and applied to digital aerial photographs of the Tessina from 1954 to 1994, therefore spanning several reactivation
landslide in Italy. Several automatic thresholding algorithms are periods. Many of them, however, could not be suitably used
compared, and a variety of filters are employed to eliminate much for ima. e processin ,since eitf;er diapositives (for peecis
of the undesirable residual clutter in the thresholded difference ) ge p 9 . ) P . P
image, mainly as a result of natural vegetation and man-made Sc¢anning) or camera calibration data were not available. It

land cover changes. This has enabled us to discriminate mostwas thus decided to focus this experiment on mapping ground

ground surface changes related to landslide movement. surface changes in the landslide body and adjacent areas as
a consequence of the 1992 reactivation, for which black and
I. INTRODUCTION white aerial photographs acquired on 28/09/88, 31/08/&D an

PTICAL (visible-infrared) remote sensing has hard|)7(10/94_1_at 1:75,000 scale were ayailable. The photograph
O been used so far for direct landslide monitoring. A majd#i@Positives were scanned at 14 micron to produce the 1m-
reason for this has been the insufficient spatial resolyiion  resolution digital images used in this experiment.
vided until very recently by most spaceborne earth obsienvat
systems. Efforts have thus mainly concentrated on mapping
possible indirect indicators of landsliding such as landeco Il. | MAGE PRE-PROCESSING
pattern disruption and hummocky slope surfaces (e.g. 2]), [

In contrast, differential SA_R interferpmetry _(DINSAR_) has |n order to apply change detection and thresholding tech-
proved capable of measuring landslide centimetric digplacigues on multitemporal remotely sensed images, these must
ments [3]. However, its application is constrained by SARyst pe geometrically registered and radiometrically nor-
imaging geometry with respect to slopes, spatial resalution|ised. Geometrical registration of aerial photogragftisity

and signal phase decorrelation due to both vegetation ahd $@eas require orthorecitification of the single frames toorem
moisture changes between SAR data takes. The recent avgifacts caused both by central projection imaging and frelie
ability of 1m-resolution optical imagery from the |k0”05'2displacements.

satellite opens however new prospects for landslide mongo To orthorectify our images, a 20m-resolution digital el-

over extensive areas. To evaluate the potential applitaifo evation model (DEM) of the area was generated from an
these new images to detect ground surface changes as a resy .

of major S'Ope. movements, we have developed a_mq app“t%%hniques. For this process, the 31/08/89 photographs wer
change detection and thresholding methods on emstmglaeused because their lower shadowing effects enable better

photographs over the Tessina landslide in Veneto, Italy. round feature matching on the photo stereopair. Orthierect

The. Tessina landslide has developed on Eocene fly &\tion was first accomplished for one of the photographs of
deposits composed of marl, sandstone and calcareous UEE

g ] - [ rostore AL It affeo - 708/89 with the help of the 20m DEM. Orthophotos were
overlaying Jurassic limestone [4]. It affects an area ®lthen produced from the 1988 and 1994 photographs using the

mainly by grassland and woodland with some orchards, sm me DEM and the 1989 orthophoto as reference for GCP
villages and scattered houses. The movement consists o oftection

series of rotational slides at its head quickly transfoigriimto . . . .

a 2km-long mudflow. Surficial Quaternary deposits includin '{:e 11998984 o::]hqlmagebwas tr|1e_n radpmet(r;c;lly norr;.al}setd

colluvium and glacial till have also been mobilised by th ne orthoimage by applying gain and bias coetlicients
derived from regression analysis between the two images [6]

landslide. The Tessina landslide, which was first triggered Radi i lisati ired t :
1960, has since undergone a number of movement episoég , adlometric hormafisation was required o remove bixe
ue differences due to varying illumination, shadowimgl a

some of which have disrupted communication and threaten | heri diti 1 o diff i q
various villages. The latest major reactivation of the kit ?mosp eric CO_'lilh' |on.:,, as we ash 3 bl eren Icatmgr? an
occurred in 1992, when its surface increased from 454,000 response. ‘These two images had been selected for our

500,000 nd [4], [5]. The landslide has since been intensivel}? anlgf de’iec.tlllon .anrilyss ;ln(;e th%'r dat(atstyvere rrlnorea:mmll
monitored by ground-based techniques [4]. nrela |on. o fflumina |or.1 efects an v.ege ation p ergyp
After this stage the images are differenced. This is the
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I1l. THRESHOLDING TECHNIQUES For our purposes we do not wish to detect the spatially
dandom noise, but rather to avoid it in out thresholded image

to threshold it into (say) two classes to provide a “changéﬁhis_is qchieved \_/vhe_n there is more clustering than a Poisson
and “no-change” classification. Over the years many metho@istribution, and is signalled by;. > 1. We therefore select
have been developed for image thresholding (e.g. see fgf), B¢ threshold which maximises the relative variance, there
few are directly applicable for change detection since th X|m!smg cI'um.pmgss (rgglons of change) and minimgsin
generally make assumptions that do not hold true in that cdfi€ Poisson distribution (noise).
text. For instance, many require the distribution of difere
image intensities to be bimodal, and furthermore, the sfze @. Connectivity Method
the modes should not differ too greatly. However, even in 1,4 location, size, and number of the regions of change
situations where two underlying classes exist, when one Js, generally unknown. However, we might expect that these
much larger than the other, its contribution to the histogis properties will remain fairly stable over a wide range of
so great that it tends to swamp and effectively obliterag thy, oqho1q values. This is in contrast to regions occurrinthe
presence of the other class, leaving a unimodal distributiGy eqhoided difference map due to noise; down at the noise
This has lead tq the recent development of several threﬁ@ldlevel small changes in the threshold value can substantiall
algorithms de_33|gned to_ operate under such conditions [1Qke the number of regions. Such an observation suggests
These are briefly described below. that if a range of threshold values is found that leads to
a stable number of regions, then these regions are unlikely
A. Normal and LMedS Methods to come from noise, and so a value from this range will

In many instances it is reasonable to assume that tﬂr(;"de asulltzabfle t_hrteshqld._ This a;rr)]proi]lcﬁldyvas ;u?r?eﬁﬁd b
image noise can be modelled by a zero mean Normal dg- or_manh[ ] ot;m efnsny_ |maghe nres (,) IIEn? a ek: a
tribution N(0,02). In this case, analysing the difference irﬁountmgt e number of regions the image's Euler number can

intensity images is straightforward. Differencing folled by e used, and was found to give almost identical results ahmuc

taking the absolute value will produce the Normal distridait Iow?]r corr]nputatlfonr;al (;]QSI' f Eul ber/threshold i
2N (0, 202) for positive values only. When thresholdingzat The shape of the histogram of Euler number/threshold is

the probability of incorrectly classifying a pixel as chang Modelled as a decaying exponential, and a suitable partitio
point between the signal and noise is the “corner” of the eurv

x which is detected as the point on the curve with maximum
V2o )’ deviation from the straight line drawn between the end goint
of the curve.

Having created the difference image it is generally re@lir

Pr = erfc <

This enables us to choose a suitable threshofdr a given
acceptable proportion of false change pixels.
In practice the variance of the noise is often unknown ari?l Corner Method

so it needs to be estimated from the image. This can bey; \as found that applying the Corner Method directly to
done from the data in the standard fashion. Alternatively, Whe gifference image histogram, also gave good results Thi

have used the more robust Least Median of Squares (LMeq¢3) peen analysed and demonstrated extensively in [13].
method which is insensitive to large amounts of outlierslevhi

remaining computationally efficient.
9 P y IV. SHAPE DESCRIPTION

. There are a host of techniques available for describing
B. Poisson Method the shape of regions [14]. The majority attempt to extract
If we assume that the noise is white then its spatial dis- descriptive property from the region such as compactness,
tribution over the image will be random. For the analysis @longatedness, and convexity. The effectiveness of thege p
spatial data there are many measures of randomness [Jgl}, o#rties will depend on the reliability of their computationthe
based on the assumption that the observations follow advispresence of noise, as well as their specificity with regard to
distribution. Since a Poisson distribution has its mearaktju their specific application.
its variance then the ratio of the sample variance to the Eamp Because of their omnipresence in human environments,
mean is a natural test for that distribution, and is callegl thhere is also a substantial body of descriptors for standard
relative variance ) ometric shapes such as ellipses, triangles, and rectajidglps
V, = 5 We use in this work the standard method for estimating the
T rectangularity of a region, which is the ratio of the regson’
It is calculated by first counting the number of observatiorerea against the area of its minimum bounding rectangle
(in our case the number of above threshold pixels in tH{MBR). The MBR can be efficiently calculated using Tou-
difference map) im windows,z;—; ., from which the mean, ssaint’'s optimal, linear algorithm [16]. Although the MBR
z, and variances?, of the z; can be found. Although the testis potentially sensitive to noise a comparison against some
is sensitive to the window size and point density it workalternative algorithms for measuring rectangularity sédvit
adequately as long asis sufficiently large (e.gz > 1). to work relatively well [17].
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Fig. 1. Images of Tessina before and after the landslideivaséion with the difference image
V. EXPERIMENTS Changes detected by the corner, moments, Normal, LMedS

and Poisson algorithms include on the one hand those within

Figure la&b shows images of the Tessina area coveritige landslide body surface as a result of the 1992 movement
the period before and after the most recent major landsligier instance new soil outcrops because of disruption of the
movement. The landslide runs from near the top right corngggetation cover) and those produced after the movement
to the centre bottom left of the images; the thinner sectgh stable sectors of the landslide prior to the second image
represents the mudflow. After some cropping their size igquisition. These generally represent vegetation graath
2703 x 2590. The difference image (figure 1c; black indicategether with local soil moisture increase during the retativ
high change, white low change) is calculated by taking thgability period following the 1992 reactivation. Thesedfings
absolute difference of the pixel intensity values over te t are confirmed by interpretation of both ground photographs
dates. Examination of the histogram of the difference imag@d low altitude aerial photographs taken during the 1992
shows it to be close to a folded Normal (figure 1d). Thghovement period, and are in agreement with reports in [4]
irregularity close to zero may be an artifact of incompletgnd [5]. The other changes detected by these five meth-
radiometric or geometric registration. ods correspond mainly to man-made changes which include

Figure 2 shows the effects of applying the thresholdinghanges on grass parcels, orchards, new roads, tracks, and
methods described in section Il to the difference imagadn houses, as well as some tree canopy changes on woodland
dition, three standard image thresholding methods whigkrco areas. Much of the noise is due to the residual effects after
a wide range of the available techniques are applied. These diometric normalisation which are more severe in woadilan
based on statistics [18], moments [19], and entropy [2@ait areas. The statistical and especially the connectivityhouot
be seen that there are significant similarities between stfimehave overestimated the changes, while the entropy method ha
the results, e.g. the righthand column, while the few reingin underestimated the changes.
algorithms appear as outliers.
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Fig. 2. Binary change map produced by thresholding the diffee image

A. Blob Filtering (density). The following sections describe the implemgoite

It is evident that simple thresholding is not sufficient t(?f these fiIt_ers and show their application to the thresiwlde
identify the true changes from the difference image. Wehage obtained from the corner method (see figure 2d).
therefore considered improving the raw thresholded output
by filtering out the undesirable change blobs. This can be )
done based on the local properties of the blobs; we considerMdth and Density
the following: size (area) and shape (width, perimeter andTo eliminate blobs according to their width the well-known
rectangularity). erosion and dilation operators are used. Applyingerations

In addition, more global properties also play @e;, and of erosion followed byn dilations will eliminate blobs whose
we take into account the spatial relationships betweensblobidth is less thar2n. To encourage grouping of fragmented
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Fig. 3. Filtering using width, perimeter, and area

blobs, i.e. the merging of pixels in dense areas, the safnem the landslide are amplified.

process can be run in reverse. Thus the results shown in

figure 3a&b are generated by the sequence dilations, 2n C. Perimeter

erosionsy dilations. From the figures it can be seen that small Calculating the perimeter of the blobs requires the blobs to
amounts of filtering are sufficient to remove small noise blolbe isolated (unlike the previous filter step) which is catrie
as well as thin structures such as paths/roads. Higheisle¥el out using connected component labelling. (Unfortunatbly t
filtering successfully connect the fragmented blobs withie boundaries of objects and holes that we obtain are not distin
landslide body to form a few unified regions of change. Thguished, and so this causes some minor artifacts in the pro-
drawback is that the man-made and vegetation changes awagsing.) The perimeter filter was applied to figure 2d with tw



perimeter thresholds set to produce similar numbers ofsblots map ground surface changes related to landslide motion.
as the width filtering. Figure 3c&d shows that narrow manFhe processing sequence finally adopted consisted of (1)
made features like new roads and tracks are better retaimethorectifying and radiometrically normalising the ram-i
compared to width filtering, although for this applicatidrat ages to generate images which are both geometrically and
is actually a disadvantage. At higher levels of filtering mosadiometrically comparable; (2) differencing the prepssed

of the landslide-related changes are retained while remgoviimages; (3) preliminary thresholding the difference image

much of the extraneous changes. using the histogram corner method; (4) rectangularitg+iiig
the thresholded image in combination with area filtering to
D. Area remove most man-made change blobs. Alternatively, peemet

Having isolated the blobs their area can be easily caldiitering could be used instead of area filtering with similar

. . . tS.
lated, and again appropriate thresholds are set to keefasim ec ) ,
numbers of blobs as before. It can be seen from figure 3e&fSome constraints to this method were however found that

that both the area and perimeter methods produce very sim e mainly due to the single-band wide spectral range of

results. Most of the changes outside the landslide have b@@ﬁia_lbrl)hotograph;, IaCI;Of imagle chalibration, and. esiijyct&.n h
removed and the major regions of change have been cﬁ?—ss'.e maln-madeban naturha ¢ afllggls ocrc]:urrlngThurngt €
criminated although their boundaries are coarsely defatka ong time elapsed between the available photos. The latter,

Nevertheless, overall width filtering was more successiidl. in particular., may mask actual movement in some Iandsl?de
course, combinations of filters can be applied in order ggetors. This can however be partly overcome by making

capitalise on their individual merits. Although the higlvéé assumptions based on image analysis and field checking.

of width filtering in figure 3a created undesirable large aois . Because of the repetitive observations starting to be pro-

blobs these can be removed by an area filter as shown|€d Py high spatial resolution satellites with multispet
figure 3g, in which the true regions of change within th aging capabilities, the methods reported in this papetcco

landslide have been fairly well discriminated, althougle th ecome complementary to ground-based techniques for land-

overall boundaries have been very coarsely delineated. slide monitoring on extensive areas at scales up to 1:10,000
Figure 6 illustrates that splitting up positive and negativ

E. Rectangularity change to.futher_ discriminate changes associated v_vitdjr lan

' slide reactivation is part of our current research. Foraineg,

Many of the man-made changes have simple polygonghite within the landslide body indicates ground change
shapes such as rectangular buildings, agricultural fieldd, patterns mostly associated with the reactivation occuimed
even some road segments. In some cases it would be usefuld92 whereas pixels in black appear mostly associated with
apply filtering to identify these objects. In this case hogrev gjther simple land cover changes or soil moisture increase.
we just wish to eliminate them since they do not typicallynajor research effort, however, will still be needed to weri
correspond to effects of the landslide. The effects of tgjgc |andslide movement rates from optical satellite imagexy. T
and retaining blobs according to their measured rectangula this end we are investigating several promising altereativ

in combination with perimeter and area filtering are showfpproaches like the application of Anandan’s [21] optiaaivfl
in figure 4. A suitable rectangularity threshold was seléécteechniques (figure 7).

by analysing the graph of the number of blobs retained
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