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Existential Uncertainty of Spatial Objects Segmented From  The objective of this research is to quantify and visualize existen-

Satellite Sensor Imagery tial uncertainty of spatial objects derived from high-resolution satellite
sensor imagery with a split-and-merge image segmentation algorithm.
Arko Lucieer and Alfred Stein The study is applied on an IKONOS image of an agricultural area near

Enschede, The Netherlands. A topographic map is used to validate seg-

i i i ) i mentation results.
Abstract—This research addresses existential uncertainty of spatial ob-

jects derived from satellite sensor imagery. An image segmentation tech-

nique is applied at various values of splitting and merging thresholds. We 1I. METHODS
test the hypothesis that objects occurring at many segmentation steps have
less existential uncertainty than those occurring at only a few steps. A. Image Segmentation Using a Split-and-Merge Algorithm

Index Terms—EXxistential uncertainty, satellite sensor imagery, segmen- ~ Commonly, three approaches are distinguished toward segmen-
tation, spatial objects, visualization. tation: edge-based segmentation, region-based segmentation, and
split-and-merge segmentation [7]. Split-and-merge segmentation,
as applied in this study, consists of a region-splitting phase and an
agglomerative clustering phase. In the splitting phase, the infage

Object-oriented approaches to satellite sensor image processingi§énitially considered as a square block of pixel values with mean
come increasingly popular with the growing amount of high-resolutiofector M/ and covariance matri$z. The dimension is determined
satellite imagery. Segmentation techniques can help to extract spagiathe number of bands in the image; in case of IKONOS this equals
objects from an image scene. Uncertainty will be present in any ségur. This block is split into four square subblockB,( B-, Bs, and
mented image and can have a significant effect on further image Pmy), characterized by vectors of mean pixel valdés, , Mg, , Mp,,
cessing steps. Therefore, existential uncertainty is of a major impefd M5, and covariance matriceSs, , Ss,, Ss,, andSg, in the
tance for spatial objects, expressing the uncertainty that an objectsgbblocks. To define homogeneity, we consider a threshqldfor
identified by a segmentation procedure, exists [1]. the mean and thresholds, for the covariance matrix. These values

Image segmentation is primarily used to subdivide an image inge chosen in advance and kept constant during segmentation. An
different segments. These segments may or may not correspondnigige blockB is homogeneous if
objects as observed in the terrain. Image segmentation is in a sense
related to spectral classification, which puts pixels into classes de-

|. INTRODUCTION

fined eithera priori or during classification. Segmentation differs |Mp; = Mp| < €ms, fori=1,2,3,4 @)
from classification, however, as spatial contiguity is an explicit goal
of segmentation, whereas it is only implicit in classification. Spectrglnd
classification of satellite sensor images applied on a pixel basis ig-
|53i — SB| < €55, fori=1,2,3,4 (2

nores potentially useful spatial information between pixels. Whereas
image classification has become a routinely applied method, image
segmentation never became very popular in earth observation appfid heterogeneous if one of these equations does not apply. Hetero-
cations. The main reason is that the spatial resolution of satellf@n€ous subblocks are split recursively until homogeneity occurs or
sensor imagery is a prime limiting factor for segmentation [2]. [puntil a minimum block size of one pixel is reached. The resulting data
creasing availability of high-resolution satellite sensor imagery, suffucture is a regular quadtree. In the clustering phase, adjacent block
as acquired by the IKONOS satellite, however, requires additiorggments are merged if the combined segment is homogeneous. The
attention to uncertainty in segmentation procedures. homogeneity rules (1) and (2) are applied in a similar way. Thresh-
Quantification of existential uncertainty is essential to evaluate se@jds for mean and covariance matrix are denoted:by. and e,
mentation quality. Recently, probabilistic and fuzzy techniques ha{@spectively [8].
been used to quantify and model uncertainty in classification proce-
dures [2], [3]. This has mainly been applied on a pixel basis, and Bo Quantifying Existential Object Uncertainty

attention has been given to uncertainty related to image objects. The final result of a segmentation procedure depends upon the

An essential step in image segmentation is its validation. The &Ktesholds . . .. e ande,».. For various thresholds, objects of
istence of objects_, howeyer, depen(_js on the contex_t ofa §tudy: for Bifferent size emerge. Smallvalues lead to small objects, whereas
ample, topographical objects may differ from geological objects or langh e \ajues result in large objects. Some objects are insensitive to
cover objects. In this study, we take the approach that an object with,dqh4|d values, whereas some objects disappear beyond a particular
high eX|ste_nt|aI certainty corresponds to an object as represented %ArBshold and others expand in size. We hypothesize that objects
topographic map. o . _emerging in a uniform shape irrespective of threshold values corre-

Besides quantification, visualization is important to communlcagepond to real-world objects as represented on a topographic map
uncertainty [4], [5]. Visualization allows the user to explore uncertainlpiects disappearing at a specific threshold have a high degree of
|nﬁspat|a|fdita [6]. €.9., by animation or by linked views, and t0 revieWistential uncertainty and are called “unstable objects.” Objects that
effects of changing parameters during segmentation. remain the same at different segmentation levels are “stable” objects

and have a low degree of existential uncertainty.
To quantify existential uncertainty in a segmentation procedure,

Manuscript received December 4, 2001; revised July 5, 2002. This work wanges for the splitting thresholds s ande,; and merging thresholds

supported by the European Commission under Project FET14189 “REV!GI%:M ande.,, are chosen. These ranges are divided intsteps. At
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a segment—boundary imade. This results in a boundary stability of M, many boundary pixels in the neighborhoogafccur, and there-

image BSI), defined as fore, low D( B) values are obtained. A boundary image with a high
N value may be extremely oversegmented. To correctfan the calcu-
I lation of D(B), we propose the following correction factor
BSI = =2 | (3)
N — M
" o D(B)eor = |\7,M| + D(B). (6)
A BSI has values between 0.0 and 1.0, the value 0.0 emerging in the :

absence of a boundary at each step, the value 1.0 in the presence of
a boundary at each step, and intermediate values in between. Segment
boundaries with largBSI values are boundaries with a high existential

certainty, and smalBSI values represent boundaries with high existen- The study area, characterized by agriculture, is located southwest

lll. STUDY AREA

tial uncertainty. of Enschede, The Netherlands. Six land cover types occur in the area:
water, grassland, woodland, bare soil, cereals, and buildup area. Both
C. Visualization of the Existential Uncertainty of Objects homogeneous and heterogeneous parcels occur, with crisp objects

Correct interpretation of uncertainty information depends largely cﬂ?mmatmg the reﬁ|on._A TUbjet of 512512 plxel_s ?jf an /LKgleogooo
communication from system to user. Several visualization techniq gage, covering all major land cover types, acquired on April 3,

can be used to depict existential uncertainty of segmented image used in this study [Fig. 1(a)].

jects. For visualizing uncertainty of object boundaries, a continuousA vector-based topographic map on scale 1:10 000 is used as a ref-

gray scale or a color scale can be used. According to Blenkiesap erence dataset for segmentation validation. The vector map is converted

[5], grayscale images are most effective in communicating uncertaini&’ﬁraswr format with a spatial resolution equal to the IKONOS image.

In addition, dynamic linking and geographic brushing functionalitie e image is geometricglly corrected with ground contral points de-
ngd from the topographic map. The root-mean-squared error (RMSE)

f geometric correction is 0.349 pixels. A first-degree polynomial func-
on is used to register the image to the topographic map coordinate

can help to increase perception of uncertainty. Uncertainty values
obtained from the image by dynamically linking the uncertainty ima
and the original image with a data window. The data window displa
the coordinates, reflection value, and uncertainty value of a pixel at
cursor location. Relations between original reflection values and re-
lated segments can be explored in this way. IV. RESULTS

. L A. Quantification and Visualization of Existential Uncertainty
D. Segmentation Validation

) o . Fig. 1(b) presents a single segmentation of the image. In this seg-
Segmentation validation is necessary to assess segmentation agelhi-tion. the following values are used:, = 10.0, e,. = 300.0

racy. To quantitatively assess a segmentation result, we identdip- — 20.0, ande.,, = 100.0. In the spliting phase, 60355 ho-

. €7n7
jects from areference_da_taset and cal_culate the percen_tage of overlargg eneous blocks are formed. After merging, 18 387 objects remain.
the largest segments inside these objects. The image is oversegmegelsieq areas and urban regions contain a large number of very small

if overlap is less than 100% and undersegmented if overlap is MQigyenis caused by the large variance in reflection in these areas.

than 100%. To quantify the fit of each of the reference objects with trl‘-?omogeneous parcels and the water body are correctly segmented,

largest segments overlapping these objects, we use the area fit inggx oo heterogeneous parcels are oversegmented.

(AF1) As crisp objects dominate the image scene, we assume that objects

can be represented by their boundaries, and we calculate the boundary

stability imageBSI. The number of segmentation stepsis 100.

Thresholds for splitting are kept small,, = 10.0 ande,; = 300.0

whereA is the area in pixels. For a perfect fit, the overlap is 100% anghd are kept constant for all steps to avoid blocky artifacts in the

AFI = 0.0. A reference object is oversegmented if the overlap is |e§§gmentation result. Thresholds for merging range fegm = 12.0

than 100% and\FI > 0.0. A reference object is undersegmented ifg 42.0 ande.,, = 25.0 to 275.0. Fig. 1(c) shows the resultinBSI

the overlap is 100% andFI < 0.0. In some situations, overlap canin gray scale. Bright values depict high boundary stability, while

be less than 100% anilF'T < 0.0; then the object is oversegmented|o stability is represented by darker values; nonboundary pixels are

but the largest segment is larger than the reference object. black. Boundaries of heterogenous parcels and boundaries of small
Another technique for segmentation validation is to quantitativeyhjects in urban and forested areas are characterized by low stability

compare segment boundaries with boundaries on a reference map. gg#, therefore, high uncertainty values. Boundaries of the water body,

lowing Delveset al. [9], let p be a boundary pixel of a region in the homogeneous parcels, and roads can be clearly identified in the image
reference map anB(p) be the shortest (Euclidian) distance, measureghd are depicted by highSI values.

in pixels, betweep and any boundary pixel in the segmented image.
Then B. Segmentation Validation

AFI = flreference object — fhm‘gest segment (

44rcfcrcn ce object

> ] D(p) Thefirst step in segmentation validation is a visual comparison of ob-

% (5) jectboundaries from a segmentation result with object boundaries from
N the topographic reference map. Again, dynamic linking can help to ex-

where the sum is taken over all boundary pixels in regicand NV is  plore similarities and discrepancies between the two maps. To quan-
the number of boundary pixels in the reference dataset. As gu@h, titatively assess segmentation results, we have taken seven reference
measures the average distance between a segment boundary pixebhjetts from the topographic raster map. These objects represent the
the reference boundary. For a perfect fitf(h) = 0. If the regionb land cover in the study area (Table ).
equals the whole image, the image segmentation accuracy measure T® quantify the goodness-of-fit of a segmentation with the reference
obtained, denoted b&(B). The number of boundary pixels in the seg-objects, we calculate th&€FI [see (4)].AFI values for the seven refer-
mented imagél/, however, is not taken into account. For high valuesnce objects for all segmentation steps are presented in Fig. 2. Object

D(b) =
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TABLE |

DESCRIPTION OF THEREFERENCEOBJECTSUSED IN VALIDATION
Object | Area [pixels] Description
object 1 16453 Water body laukegl
object 2 421 Recreational beac
object 3 560 Road
object 4 33 Building
object 5 1540 Homogeneous crop parcel
object 6 2101 Heterogeneous crop parcel
object 7 2823 Forest patch
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Fig. 2. AFI values for each reference object for each segmentation step.
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Fig. 1. IKONOS image of the study area southwest of Enschede, Thfy 3. Boundary fitD(B) andD(B).... values for the whole image for each
Netherlands (acquired April 3, 2000). segmentation step.

Object boundary fit [-]

1 reachesAFI = 0.0 at segmentation step 50; its overlap is 96% &, but overlap is 83% andFI = 0.17. Object 7 is best segmented
this step. Objects 2 and 3 do not reachAdrl of 0.0. Object 2 is over- whenAFI = 0.08, and overlap is 82% at step 85. After segmentation
segmented for all steps. At segmentation step 76, the largest segmesteyh 86, object 7 is undersegmented.

object 3 is merged with an agricultural parcel, resulting in a large nega-Segmentation validation for the whole image is carried out using a
tive AFT value. Object 4 has a negati%&'T value, between-0.36 and boundary-matching procedure. We use the meas\y@®) [from (5)]
—0.44, for each step. Thus, the largest segment is larger than the refedescribe a segment’s fit to a reference object by means of its bound-
ence object (undersegmented), but does not entirely overlap (maximames. Thus, all boundaries from each segmentation step are compared
overlap= 82%). Segmentation of object 5 is best at the final segmenta-the boundaries of objects in the topographic reference Dap.)

tion step (overlap is 90% amdlF'I = 0.10). The same holds for object values in Fig. 3 show that the best fit of segment boundaries is obtained
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at the first segmentation step. Most objects, however, are severely owerage, segment boundaries are used to calculate the fit) with the

segmented in the first step. Therefore, a corrected VRIUB).... [see

topographic boundaries. We have used a correction fdetét).o.. to

(6)] is applied to correct for the number of boundary pixels in the segerrect for the number of boundary pixels in the segmented image. We
mented image. Whe® ( B) ... equalsD(B), the number of boundary conclude that the boundary stability indexSI) allows a quantifica-
pixels is equal in both the segmented image and topographic map, &od of existential uncertainty and is suitable for its visualization. The

the correction factor is 1.0. At this steP)(B) = 1.33. D(B)cowr

area fit index AFI) and the corrected boundary fit inde® (B)corx)

values show that an optimal segmentation result, for a best boundaryfi¢ suitable measures for validation of segmentation results.

and an optimal number of boundary pixels, is obtained at segmentation
step 55; herd(B)corr = 0.91.
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V. DISCUSSION
(1]

The split-and-merge algorithm used in this study generally produces[Z]
good segmentation results. Glasbey [10] found that boundaries, derived
this way, are rough and retain some of the artifacts of blocks from the[3]
splitting phase. If the thresholds for splitting are kept small, however,
these blocky artifacts are no longer present in the final segmentation
result. Texture measures could be used to improve segmentation in te
ture-rich areas such as the forested and urban regions in the IKONOS
image. Long-shaped objects (e.g., objects 2 and 3) give difficulties in
segmentation. This can be explained by the fact that neighbor adja[5
cency is calculated in four directions (north, east, south, west), called
a four-adjacency model. The eight-adjacency model takes into accounfs)
the diagonal neighbors as well. This adjacency model might be useful
in segmenting long-shaped objects with a diagonal orientation, like ob-
jects 2 and 3. Undersegmentation of small objects, like object 4, cal
be explained by the fact that the spatial resolution of the muItispectraI[S]
IKONOS bands is too coarse for detection of these small objects. Incor-
poration of information from the panchromatic band could be helpful
in this case.

In this study, existential uncertainty of image objects is discussed.
Other types of uncertainty, like extensional uncertainty, can be disting10]
guished as well [1], [11]. This type of uncertainty refers to the uncer-
tainty in spatial extent of an object. Extensional uncertainty is impor{11]
tant for the spatial representation of fuzzy objects. For a crisp object,
existential uncertainty plays the most important role. The context of the
validation map is also an important issue. Topographic objects used as
reference are likely to give other segmentation accuracy values as ob-
jects derived from a soil map, vegetation map, or geological map.

VI. CONCLUSION

In this communication, we propose a method to quantify and vi-
sualize existential uncertainty of spatial objects derived from satellite
sensor imagery with a split-and-merge image segmentation algorithm.
Objects disappearing at a specific segmentation threshold have a high
degree of existential uncertainty and are called “unstable objects.” Ob-
jects that remain the same at different segmentation levels are “stable”
objects and have a low degree of existential uncertainty. Existential
uncertainty is characterized by the boundary stability imB§é de-
rived from a range of segmentations generated with different threshold
values. Seven reference objects on a topographic map have been se-
lected for segmentation validation. The percentage of overlap and the
areafitindexA FI are measures used to quantify segmentation accuracy
for these objects. To determine segmentation accuracy for the whole
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