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1. INTRODUCTION

Segmentation is the process of partitioning an enago

multiple non-overlapping segments (image obje®@&qchkeet

al., 2006). Image segmentation is usually conductiaguonly
data extracted from the input image (Freixested., 2002). The
need for image segmentation is especially important
situations where real world objects are much bidghan pixels
(Atkinson, 2004) and, additionally, landscape <t and
geometry are unknown (Smith and Morton, 2010).

2. METHODS
2.1 Study Sitesand Data

The study area is an oil palm plantation in Puafitidches
(Colombia). The plantation encompasses 30 crofs plditich
cover approximately 224 ha. The terrain is flatméievation
200 m ASL. Crop plots include different oil palm prmaterials
and ages. A Landsat TM image, acquired by NASA eloréary
2007, with pixel size of 30 m, was used in thisexkpent. For
the study area, a vector polygon dataset deriveatin GPS

In many cases, image objects may be a more realistSurvey is an accurate representation of crop fotsndaries.

representation of real world objects than individpixels.

However, in regions with high quality spatial infeation,

where available GIS data sets provide accurateeseptations
of real world objects, image segmentation shouldu$oon
matching image objects to existing vector objecthar than
creating artificial image objects (Smith and Mort@910). A
main problem with this “guided” image segmentatisnthat,

even with fine pixel sizes, a raster-based solufiiortonducting
such a task may lead to producing image objecth w&éw-
toothed edges which barely match real
boundaries. The question here is: are tessellatade objects
really reliable?

The error introduced in converting existing vealata to raster
cells is very well documented (see, for examplerkelal985;

Veregin, 1989; Congalton, 1997). However, to thehai$

knowledge, there is no research related to theenfie of this
topic on image objects definition. The objectivettut paper is
to determine whether the metric and thematic vagerserated
from raster-based image objects are significanffergnt from

“true” values provided by existing vector data sets

For such a purpose, a method of defining boundarfiémage

objects based on vector data is proposed. The rethvah uses
a vector square grid for pixel representation. tBtgrat a given
pixel size, squares at boundaries are dividedsntaller pieces
to create realistic image objects boundaries whingtter

reproduce the shape and appearance of real wojddtebThe
proposed approach was applied to extract geomeinid

biophysical properties of agricultural plots fronemotely

sensed imagery. Vector-based and raster-based svaleee
compared using paired t-tests which determinedlekel of

statistical significance of the differences.

* corresponding author

world objects

Figure 1 shows the vector crop plots, in blue cotorerlaid
over a RGB 745 color composition of the Landsat image
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Fig. 1: Existing vector dataset of crop plots, outlined in white,
overlaid over a RGB745 color composition of the L andsat-TM
image.

2.2 Calculation of Vegetation Index

After doing an image-based atmospheric correctidhayez,
1996), the Landsat image was used to obtain thealized
difference vegetation index (NDVI). The NDVI is aextral
variable that can be used as proxy data for cragtihend
photosynthetic capacity (Rouse et al, 1974). The NiMs
computed by calculating the ratio of the VI (vegeta index,
i.e., the difference between TM channels 4 andng8)the sum
of channels 4 and 3.
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2.3 Image-objects definition

The polygon data set representing crop plots wasd wss
ground reference. Three of the polygons comprisiig data
set are shown in Figure 2. Note that this is cjearhigh spatial
resolution situation where pixels are much smahan objects
under study. Image objects were defined from thstieg data
set using a simple polygon to raster conversiorwguare. The
method used to determine how the cell will be assiga value
when more than one feature falls within a cellhis maximum
area. In this method, the single feature with theydst area
within the cell yields the attribute to assign e tell. Cell size
was defined as 30 m.

As shown in Figure 3, image objects created usinch san
approach exhibit a saw-toothed geometry very diffethan the
smooth boundaries of crop plots.

B3L1 B3L1(0)

Fig. 2: Three polygonsrepresenting crop plots, outlined in black,
overlaid over the NDVI image.

Fig. 3: Three raster-based image objects, outlined in red, overlaid
over the NDVI image. Note the saw-toothed geometry.

Thus, a procedure to obtairector-based image objects was
conducted using three steps:

(i) Pixels were vectorized and converted into squmolygons;
(i) The resulting square polygons were intersectéth the
existing polygon data to divide boundary pixelsoirgmall
pieces which replicate the outline of crop plots] a

(iii) The output pieces were dissolved using theregponding
lot identifier as common attribute in order to gpothhem into
vector “image objects”.

The resulting image objects, shown in Figure 4, am@posed
of squares and smaller pieces which better replita¢ true
geometry of crop plots.
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Fig. 4: Three vector-based image objects. Note that there is a one-
to-one correspondence between image objects and crop plots. Each
image object is composed of square pieces at core and smaller
irregular piecesat boundaries.

2.4 Propertiesextraction

The resulting vector-based image objects were tsesbtain
geometric and biophysical properties for each @ota of each
plot was calculated using equation (2):

Ap=a+a+..+ a()

where A is the plot's area, and, & the area occupied by piece
n.

In addition, a weighted NDVI for each plot was atdhted
according to equation (1):

NDVIp = & *NDVI; + &*NDVI , + ... + §*NDVI, (1)

where NDV} is the plot's NDVI, g is the area percentage
occupied by piece n, NDYlis the NDVI value at the pixel
where the n piece is located, and * is the prodpetrator.

Once each image object has received its correspgndi
weighted NDVI value, a meaningful digital objectshbeen
created which resembles accurately both geometnd a
biophysical properties of its corresponding crogt pl

For comparison, the NDVI and area values of theventional
raster-based image objects were also computedicim & case,
area of each image object was calculated by coginitis
pixels and multiplying by the area of each pixelimifarly,
NDVI of each image object was calculated lay simple
average of NDVI values for pixels comprising thgeat.
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Comparison of area and NDVI values for vector-baaad
raster-based image objects was conducted usingredpzest.
The paired t-test null hypothesis was that the ntiffarence
between the values obtained from the two methodsOwva

In order to examine sensitivity of raster-baseshaand NDVI
values to cell's size, an additional test was cmbed. In this
case, conversion of existing polygons to imagedaibjwas done
using coarser cell sizes, i.e. 60, 90 and 120 rar each cell
size, a bilinear convolution resampling techniqueswsed to
interpolate new pixel values for the Landsat image.

3. RESULTSAND DISCUSSION

Raster-based image objects (cell size of 30 m) aatbw-based
image objects provided similar results for the assal the
NDVI values. In the paired t-test, no significarffetence was
found between the two methods. Table 1 shows sefuitarea
values. Table 2 shows results for NDVI values.

Table 1: Statistical results of the paired t-test for raster-based vs
vector-based Area values (raster cell size of 30 m).

Vector Raster
Mean 747 7452
Variance 20907 21217
Observations 30,000 30,000
Pearson Correlation 0,997
Hypothesized Mean Difference 0,000
df 29000
t Stat 0,293
P(T==t) one- tail 0,386
t Critical one-tail 1.699
P(T==t) two-tail 0,771
t Critical two-tail 2.045

Table 2: Statistical results of the paired t-test for raster-based vs
vector-based NDVI values (raster cell size of 30 m).

Vectar Raster
Mean 0,159 0,156
Variance 0,014 0,015
Observations 30,000 30,000
Pearson Correlation 0,997
Hypothesized Mean Difference 0,000
df 29000
t Stat 1,288
P(T==t) one- tail 0,104
t Critical one-tai 1.699
P(T==t) two-tail 0,208
t Critical two-tail 2.045

These results support the claim that when the aisalynit is
significantly larger than cell size the “edge effeof raster
polygon boundaries is very low (Waedkeal., 2003).

Both the area and NDVI paired t-tests showed sicpmifi
differences between vector and raster based imbgete for
coarse cell sizes, i.e. 60, 90 and 120 m. FiguseirBmarizes
statistical results.

Table 4: Summary of statistical results of the paired t-test for
raster-based vs. vector-based values.
Pixel size (m)

50 90 120
Areavalues - t Stat 3.231 5344 9,124
NDVI values - t Stat 2,833 3,201 5.644

In the conversion of polygon data sets to rastergenobjects,
boundaries were distorted. Figures 5, 6, 7 and @&vshow
raster cell size impacts geometry.

Fig. 5: Raster-based image objects, cell size 30 m, displayed under
vector -based image objects.

Fig. 6: Raster-based image objects, cell size 60 m, displayed under
vector-based image objects.

Fig. 7: Raster-based image objects, cell size 90 m, displayed under
vector-based image objects.
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According to results, cell size is a very importgarameter to
take into account when using image objects foryaimbf both
geometric and biophysical properties of real watbjects.

29 30

Fig. 8: Raster-based image objects, cell size 120 m, displayed under
vector -based image obj ects.

It can be seen that when cell size approachest tabject sizes,
using raster-based image objects can lead to ignif
inaccuracies. In such cases, it could be advantsgém use
vector-based image objects as those proposedsipéipier.

4. CONCLUSIONSAND OUTLOOK

The purpose of this study was to learn how wellngetnic and
biophysical properties of tessellated image objeefzresent
“true” values. Raster-based and vector-based imdgects
were used to extract area and NDVI values for ¢otp It was
shown that there may be significant differencestnh values
depending on raster cell size.

Atkinson (2001) raised a concern that
practitioners tended to choose images without pippe
considering if pixel size was appropriate for thadg being
conducted. The same could be said for object-basage
analysis. GEOBIA users should make sure their aizalyeet
an H-resolution condition (i.e. pixel size is sraalthan objects
of interest) (Blasckhet al., 2006).

There is no a rule of thumb to define precisely mvbell size is
appropriate or not to create raster-based imagectshjMuch
more research needs to be conducted to reach toefini
answers. However, it could be suggested that a lesenmatch
of image objects to real-world objects is a mustddhorough
integration between GEOBIA outputs and GIS procestisks.
It has been shown that, in many cases, accuraggafetric
properties impact greatly on accuracy of biophygicaperties.
This fact suggests the need to incorporate refoeddary data
in GEOBIA studies.

The contribution of this paper can be summarizeiliésys:

(1) A GIS-based method to refine image-objects ggomusing
existing vector data has been proposed.

(2) The new method converts image primitives fréra taster
domain into the vector domain and adjust the remplt
geometry to break real world objects into smallcpge which
better represent boundaries of real-world objects.

(3) Experimental results demonstrate that the meethod
allows capturing differences on biophysical proiesrtwhich
are sometimes ignored using raster image objectgchwh
artificially tessellate the geographic space.

remote s@nsin

The proposed method can be used to optimize theeodional
GEOBIA procedures which usually do not pay too much
attention to create image objects with smooth batied. By
doing that, it is expected that remote sensing yctsdcan be
better integrated with existing GIS vector produdts addition,
this study case suggests that, in many cases, iaaghysis
would benefit of focusing much more on vector baebgbct
geometries than on tessellated geometries.
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