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What makes segmentation good? A case study in boreal

forest habitat mapping

Segmentation goodness evaluation is a set of approaches meant for deciding
which segmentation is good. In this study, we tested different supervised
segmentation evaluation measures reviewed by Clinton et al. (2010) and visual
interpretation in the case of boreal forest habitat mapping in Southern Finland.
Used data were WorldView-2 satellite imagery and LiDAR digital elevation
model (DEM) and canopy height model (CHM) in 2-m resolution. Tested
segmentation methods were Fractal Net Evolution Approach (FNEA) and IDRISI
watershed segmentation. Overall, 252 different segmentation method, layer and
parameter combinations were tested. We also used eight different habitat
delineations as reference polygons against which 252 different segmentations
were tested. The ranking order of segmentations depended on the chosen
supervised evaluation measure; hence, no single segmentation could be ranked as
the best. In visual interpretation, we found out that several different
segmentations were rather good and selected one of them as the best. In
literature, it has been noted that better segmentation leads to higher classification
accuracy. We tested this argument by classifying 12 of our segmentations with
the random forest classifier. It was found out that there is no straightforward
answer to the argument, since the definition of good segmentation is inconsistent.
Highest classification accuracy (0.72) was obtained with segmentation which was
regarded as one of the best in visual interpretation. However, almost as high
classification accuracies were obtained with other segmentations. We conclude
that one has to decide what she/he wants from segmentation and use
segmentation evaluation measures with care.

1 Introduction

Since the early 2000s, with the rise of object-based image analysis (OBIA)
methodology (Blaschke 2010), segmentation goodness evaluation has been an emerging
topic within the remote sensing literature (Clinton et al. 2010; Marpu et al. 2010).
Evaluation has been concentrated on segmentation method development and
comparison as well as parameter optimization.

Generally in segmentation, the goal is to partition imagery into regions that are
meaningful; and thus, either mimic real world objects (Zhang, Fritts, and Goldman
2008; Clinton et al. 2010) or minimize intrasegment and maximize intersegment
heterogeneity (Zhang, Fritts, and Goldman 2008; Hou et al. 2013). Remote sensing
segmentation methods are a special case of more general image segmentation methods,
which can be divided into two complementary groups: similarity or region based
segmentation and discontinuity based segmentation. In region based segmentation, a
similarity measure is used to find suitable regions. In discontinuity based segmentation,
discontinuities of the images, usually boundaries, are detected (Zhang 1997; Gonzales
and Woods 2002). Some of the methods combine concepts from both groups. For
instance, in watershed segmentation, dividing lines between basin areas are sought by
flooding the image (Gonzales and Woods 2002).

Within remote sensing, many of the segmentation implementations have been
region based. Arguably, the most widely used remote sensing segmentation method has
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been Fractal Net Evolution Approach (FNEA) developed by Baatz and Schape (2000),
and implemented in eCognition software. FNEA has been used as a benchmark
segmentation, against which other methods have been compared. Although some
authors have claimed to have developed better methods (Derivaux et al. 2010; H. Li et
al. 2010; N. Li, Huo, and Fang 2010; Z. Wang, Sousa, and Gong 2010), FNEA has been
a good performer in method comparisons (Neubert and Meinel 2003; Meinel and
Neubert 2004; Carleer, Debeir, and Wolff 2005; Neubert, Herold, and Meinel 2008;
Marpu et al. 2010) and seems to still be the standard method (e.g. Bar Massada et al.
2012; Duro, Franklin, and Dubé 2012). Also many other standard remote sensing
analysis products such as ENVI, ERDAS Imagine and IDRISI Selva have included
segmentation methods in their newer versions. Yet, there are also numerous other
methods, algorithms and software applications for segmenting remotely sensed data. To
analyse the goodness of these methods, segmentation evaluation has been performed
(Zhang 1996; Clinton et al. 2010; Marpu et al. 2010).

Segmentation evaluation can be divided into two major categories: subjective
(visual) and objective evaluation. Objective evaluation can be further divided into
system-level, which evaluates the overall system in which segmentation is performed,
and direct evaluation (Zhang, Fritts, and Goldman 2008). As an example, final
classification output can be regarded as a system when assessing segmentation quality
(sensu H. Li et al. 2010; Smith 2010; Z. Wang, Sousa, and Gong 2010; Gao et al. 2011).
Direct evaluation can be either analytical or empirical, of which the former evaluates
the method itself and the latter its results. Empirical methods consist of supervised and
unsupervised methods, i.e. if ground truth is used as a reference or not (Zhang, Fritts,
and Goldman 2008).

In remote sensing, analytical methods (Hay et al. 2003) and unsupervised
methods (Espindola et al. 2006; Corcoran, Winstanley, and Mooney 2010; Dragut,
Tiede, and Levick 2010; Yue et al. 2012; Hou et al. 2013) have been used in
segmentation evaluation. For instance, Corcoran, Winstanley, and Mooney (2010)
evaluate segmentation goodness by measuring contrast between segments that share a
boundary. However, evaluation has largely been performed using supervised methods,
more specifically either area based or location based measures. From these two, area
based measures evaluate either if segmentation is too coarse (undersegmentation) or too
fine (oversegmentation). Over- and undersegmentation measures can also be combined.
Location based measures, on the other hand, are based on distances between segment
centroids and reference polygon centroids or distances between boundary pixels. For a
good review of these measures and an evaluation of different measures, see Clinton et
al. (2010). These goodness measures are applicable especially in mapping clearly
bordered urban features (Tian and Chen 2007; Zhan et al. 2005; Weidner 2008; Clinton
et al. 2010), agricultural areas (Lucieer and Stein 2002; Moller, Lymburner, and Volk
2007; Z. Wang, Sousa, and Gong 2010) or larger land use / land cover types (Weidner
2008). Yet, goodness measures have also been used in natural area segmentations
(Carleer, Debeir, and Wolff 2005; Ke, Quackenbush, and Im 2010; Bar Massada et al.
2012). Some of the supervised segmentation evaluation methods use a larger set of
reference polygons inside a larger area (e.g. Clinton et al. 2010) whereas some of the
methods use only a couple of distinct reference polygons and semi-automated
approaches (e.g. Marpu et al. 2010).

Segmentation evaluation can be used to compare different types of segmentation
methods, i.e. boundary against region-based (Carleer, Debeir, and Wolff 2005). As well,
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evaluation can be made between different segmentation methods or software, or inside a
segmentation method as parameter optimization (Marpu et al. 2010). Although similar
methods can be used in all these problems, also task-specific methodology for the
problems has been developed, especially to parameter optimization. For instance,
genetic algorithms have been used in optimizing segmentation to match reference
delineation (Feitosa et al. 2006; Chabrier et al. 2008). Optimization has also been made
without supervised goodness measures based on unsupervised evaluation. For instance,
Dragut, Tiede, and Levick (2010) developed a scale parameter optimization tool which
measures rate of change of local variance inside a scene. Optimal scale parameters are
those which have local maximum of the rate of change. In a bit similar vein, Espindola
et al. (2006), Gao et al. (2011), and Yue et al. (2012) tried to combine low intrasegment
variance and low intersegment autocorrelation. On the other hand, Kim, Madden, and
Warner (2008, 2009) hypothesized that optimal scales should only have low spatial
autocorrelation between segments; whereas L. Wang, Sousa, and Gong (2004)
maximized Battacharya distance between candidate segments. Finally, Smith (2010)
optimized segmentation scale by minimizing classification error in a random forest
classifier.

Forest inventory or forest habitat mapping is only one instance of where
segmentation is often used. Yet, forest inventories are more and more dependent on
automatic segmentations (Pekkarinen 2002; Hay et al. 2005; Castilla, Hay, and Ruiz-
Gallardo 2008; Mustonen, Packalén, and Kangas 2008; Wulder et al. 2008; Falkowski
et al. 2009; Kim, Madden, and Warner 2009; Ke, Quackenbush, and Im 2010; Hou et al.
2013). Segmentations used in forest inventory are usually made with feature values
calculated from aerial or satellite images; however, the usage of light detection and
ranging (LiDAR) data has recently become popular (Mustonen, Packalén, and Kangas
2008; Ke, Quackenbush, and Im 2010; Breidenbach et al. 2011; Eysn et al. 2012; Hou et
al. 2013). It has been noted that synergy of imagery and LiDAR provide promising
segmentation results and the selection of input data has an effect on segmentation
quality (Geerling et al. 2007, 2009; Mustonen, Packalén, and Kangas 2008; Ke,
Quackenbush, and Im 2010; Hou et al. 2013). Despite of this, studies incorporating
different datasets remain scarce; both in forest inventory and in other applications.

In forest inventory or habitat mapping, segmentation goodness evaluations have
been performed both qualitatively (Leckie et al. 2003; Wulder et al. 2008) and
quantitatively using unsupervised (Kim, Madden, and Warner 2008, 2009; Hou et al.
2013) or supervised methods (Radoux and Defourny 2007; Ke, Quackenbush, and Im
2010). Some evaluations have been based on thematic quality of segments against
reference polygons (Pekkarinen 2002; Mustonen, Packalén, and Kangas 2008). Wulder
et al. (2008) criticize quantitative evaluation because used ground truth is a subjective
delineation of forest patches; hence, real truth does not exist. Therefore, objects in
forests are not as clearly separable as e.g. urban features. Furthermore, also in urban
features, supervised evaluation has been criticized due to inaccurate ground truth
(Corcoran, Winstanley, and Mooney 2010). In this work, we wanted to test if supervised
segmentation evaluation methods are applicable to forested areas on a larger set of
reference polygons.

It has been stated and tested that segmentation goodness affects directly
classification accuracy in OBIA classification (Kim, Madden, and Warner 2009;
Clinton et al. 2010; Ke, Quackenbush, and Im 2010; Gao et al. 2011). Although there
are many different approaches and measures for segmentation goodness evaluation, the
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evaluation of goodness measures has not been thorough. In this paper, we will test if
widely used supervised segmentation goodness measures are applicable in boreal forest
habitat type mapping and if best segmentation leads to best classification accuracy. We
test supervised methods instead of unsupervised methods, because our goal is to find a
segmentation which matches with habitat type patches that are delineated using field
work. Furthermore, we try to find a segmentation method, parameter value and
image/data layer combination which suits our purposes. To do this, we test two different
methods (FNEA region based segmentation and IDRISI watershed segmentation),
several parameter combinations and different layers derived from WorldView-2
imagery and LiDAR data. We also test if different methods are habitat type, reference
polygon, or area sensitive.

2 Methods

2.1 Study area and reference polygons

We studied a 7 km? rural-forested area southwest of the city of Jyviskyla located in
Southern Finland. The area belongs to southern boreal vegetation zone (Ahti, Himet-
Ahti, and Jalas 1968). The geographic coordinates (WGS84) of the site are 62° 10°30"'—
62° 13'30"" N and 25° 29°0""-25° 38'0"" E. The study area mainly consists of both
coniferous and deciduous forest habitats, mires and agricultural area. The main tree
species of the study area are the Scots Pine (Pinus sylvestris), Norwegian Spruce (Picea
abies) and Birches (Betula pubescens and B. verrucosa). The study area was divided
into three sub-areas with slightly varying land cover. The sub-areas were classified into
25 different habitat types (Table 1), which were mapped by field work during June-
August 2011. Habitat patches were used as reference polygons in segmentation
goodness measures.

(Table 1 should be inserted here)

Most of the studied forest area is under heavy forestry and clear-cuts which
create a human induced dynamic. Yet, two of the three delineated sub-areas included
also one protected area which covered 100 ha and 25 ha of these sub-areas. Protected
areas were dominated by semi-natural, over 100-year-old, forest. The larger protected
area is part of a NATURA 2000 area. Inside the NATURA area and our study area,
several different NATURA 2000 habitats are found. NATURA 2000 habitats were not
mapped per se, but they were included in some of our mapped habitat types.

The three studied sub-areas were selected from different parts of a larger area
southwest of Jyvéskyla so that they included many different habitat types and different
landscape configurations. Each sub-area was delineated into habitat patches whom there
were 628 in total. Sub-area 1 (Sallaajirvi) included small to medium sized patches of
different age, mostly mesic forest, some spruce mires, small streams, meadows, lakes
and yards. In the area, there are also some old fields, which have been afforested.
Moreover, in the middle of the area, there is a 250 ha conservation area with semi-
natural forest. Sub-area 2 (Kuusiméki) included large areas of protected old mesic forest
with spruce mire patches. As well, this sub-area had some open and pine mires, small
lakes and fields, yards, and different aged forest around the old forest. Sub-area 3
(Lapinmaéki) included areas of bare rock surrounded by mesic forest, and with yards,
fields and lakes on the fringes.
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During field work, patches were drawn into paper printouts of orthophotos,
which included 5 meter contour lines derived from a topographic map. Additionally,
Trimble GeoXT and Juno SB GPS devices with differential location correction were
used for checking accurate location and in delineating patches, which were difficult to
distinguish from aerial images. ArcGIS 9.3.1 editor was used when patches were
manually drawn into digital format. Patches were initially mapped as they were in the
terrain. Afterwards, some recent clear-cuts were modified to be of the same age and
forest type as neighbouring forest patches to match the state of the forest in the used
satellite image and LiDAR data.

As alternative reference polygons, we used a forestry planning dataset created
for the City of Jyviéskyld and a biotope classification dataset created by Finnish Forest
and Park Service (FFPS) (Vesterbacka 2010). In forestry planning dataset, polygons are
drawn first from aerial imagery and after initial drawings; polygons are double checked
using field work. This data was from sub-area 1 only. . FFPS biotope data is also
generated using field work and aerial imagery and was from sub-area 2 only.

2.2 Remotely sensed data

Our primary data consisted of 8-band multispectral 2-meter resolution WorldView-2
(WV-2) satellite image taken in July 14™ 2010 and LiDAR data with a minimum of 0.5
points per 1 m” from May 2010. Additionally, we used 20 cm resolution aerial images
(orthophotos) taken in 2007 in assisting the drawing of reference polygons.

WV-2 image, taken by Digital Globe Inc., consists of 8 bands: coastal blue
(band 1, 400450 nm), blue (2, 450-510 nm), green (3, 510-580 nm), yellow (4, 585—
625 nm), red (5, 630—690 nm), red-edge (6, 705—745 nm), NIR1 (7, 770-895 nm), NIR2
(8, 860—1040 nm) in 2 meter resolution and a panchromatic band (450—800 nm) in 50
cm resolution. Image was delivered radiometrically and sensor corrected, projected to a
plane with average terrain elevation. In our preprocessing phase, the image was first
orthorectified using 5-meter resolution digital elevation model derived from LiDAR
data. In georeferencing, 13 ground control points from block features (buildings etc.)
which were scattered all over study area were taken from orthophotos and nearest
neighbour sampling was used. In visual interpretation, the differences between
orthophotos, LIDAR data and orthorectified WV-2 were at maximum a couple of
meters. From WV-2, we used all multispectral bands in 2 m resolution.

LiDAR data was created by National Land Survey of Finland. Flying altitude is
on average 2000 meters. Used scan angle was + 20° and laser pulse footprint on the
ground approximately 50 cm. Mean error in elevation information is at maximum 15
centimetres and in planar information at maximum 60 cm. Data was delivered
automatically classified to ground hits, low vegetation hits, low error hits and
unclassified hits.

LiDAR point clouds were first triangulated and after that rasterized using
LASTOOLS (Isenburg 2011). We first derived two layers in 2 m resolution from
LiDAR: digital terrain model (DTM) and digital surface model (DSM). In DTM, only
ground hits were used whereas in DSM, point cloud was first thinned to one meter
resolution to include highest hits. Then we subtracted DTM from DSM to create canopy
height model (CHM). CHM was further manipulated to include values only between 0
and 40 meters to filter out unrealistic values. The CHM still had some wrong values
below 40 meters but these could not be corrected easily.
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From DTM, we calculated also Saga Wetness Index (SWI) in 2 m resolution
using SAGA-GIS to model soil moisture; and thus, potential places for mires. SWIl is a
modification of topographic wetness index (TWI). It has been noted that in wetland
mapping standard TWI performed worse than some other models; however, mainly
because in these studies TWI underestimated extent and contiguity of wetlands (Grabs
et al. 2009, Murphy, Ogilvie, and Arp 2009). This might be due to that the standard
TWI concentrates large values to stream networks where water flow is concentrated.
This underestimation problem is overcome in SWI, which assumes homogenous
hydrologic conditions in flat areas and predicts larger moisture values for cells with
small vertical distance to streams (Boéhner and Selige 2006, Equations 1 and 2).

Ay = Amart PEPEE) for  a <y, t=FexP(tF) (1)

Specific catchment area (a) used in TWI is defined as the pixels upslope contributing
area per contour width whereas a,, is modified catchment area used in SWI. In
calculating a, slope angle f (in radians) and neighbouring cell maximum o, are taken
into account unless results remain unchanged. Parameter ¢ is a value for suction, so that
lower values, e.g. under 10, lead to stronger suction and stronger spreading of large «
values, and higher values lead to weaker suction. After counting oy, SW1I is calculated
with the standard equation given in Equation (2).

a
SWI = In (tar“jﬁ) )
Before calculations, DTM was filled to remove uncertainties, missing values and false
values from the data. Before the filling, values in DTM in known and evident places of
bridges and culverts were manipulated to let imagined water to flow through road banks
in those locations. To angle £, 0.0174532 rad was added so that division by 0 was
avoided. In flow direction calculations, we used multiple flow direction method by
Freeman (1991). In this method, the slope value is raised to the power of 1.1. Thus,
steeper slopes are weighted only a bit. It has been noted that in relatively flat areas
multiple flow direction methods, in which slope value is raised by a low exponent (e.g.
0.5 to 2), give good results in TWI calculation (Giintner, Seibert, and Uhlenbrook 2004;
Serensen, Zinko, and Seibert 2006; Kopecky and Cizkova 2010). Furthermore,
parameter ¢ in Equation 1 was decided to be default 10 after visual interpretation of SWI
with different ¢ values.

Before segmentation, SWI was quantized to 32 classes using equal intervals and
CHM was quantized to 40 classes (nearest integer). WV-2 layers were first filtered
using a 3%3 window and a median filter. After filtering, layers were quantized to 256
classes.

2.3 Segmentation methods

Data was segmented using different datasets, methods and parameters. To compare
different types of segmentation methods, two segmentation methods were used: one
watershed segmentation and one region based segmentation method. Next, brief
introductions of the used segmentation methods and their parameters are given.
Watershed segmentation was implemented in IDRISI Taiga software. In IDRISI
segmentation, a variance image is derived from each layer by moving window analysis.
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A weighted average of variance images is the final surface image for watershed
delineation. Both the size of the moving window as well as the weights of averaging can
be adjusted by the user. The values of this surface image are treated as elevation values
like in a DEM, and pixels are grouped into watersheds. After watershed delineation,
watersheds are merged iteratively. Pairs of segments are merged if they are most similar
segments to each other in the neighbourhood and if their difference is smaller than a
similarity tolerance adjusted by the user. Difference is evaluated by two aspects: the
mean value and the standard deviation. The weights for the mean and for the standard
deviation are set by the user.

Our region based segmentation was the widely used segmentation method of
eCognition software, Fractal Net Evolution Approach (FNEA) (Baatz and Schépe 2001;
Benz et al. 2004). FNEA segmentation was carried out using TerraLib 4.2.0 C++-GIS-
library (Camara et al. 2008). In FNEA, regions are formed by merging pixels; i.e. in the
beginning, each pixel is treated as a region. In segmentation, three user parameters can
be adjusted: scale parameter and weights between colour and shape (Woj0r + Wspape =
1) as well as smoothness and compactness (Wsmooth + Weompt = Wshape)- Scale
parameter controls the average object size. The more weight is given to colour (or
spectral) homogeneity, the less weight is given to a specific shape i.e. spatial
homogeneity. Smoothness and compactness define the shape as follows. Smoothness is
the ratio of the border length of the segment and border length of the bounding box of
the segment. Compactness, on the other hand, is the ratio of the border length of the
segment and the square root of the number of pixels in the segment. Hence, they are not
antagonistic but the weight is defined between them. Finally, the weights for the
different layers are set by the user.

2.4 Initial work for segmentation goodness evaluation

In segmentation, several issues affect the final segmentation goodness: segmentation
method, parameterization including weights for the layers (e.g. Marpu et al. 2010), used
layers (e.g. Ke, Quackenbush, and Im 2010), (re)classification of the layers,
transformations made for the layers and filtering of the layers (e.g. Carleer, Debeir, and
Wolff 2005). Easily thousands of different combinations can be tested. Therefore, we
first did initial trial-and-error testing and visual interpretation for different types of
segmentation. We segmented single layers, reclassified and filtered the layers and tried
different parameter combinations and segmentation methods. In our initial analysis, the
goal was to find good segmentation methods that could be further evaluated using the
evaluation measures. As well, we wanted to scale our layers so that they could be used
in same segmentations; in other words, the segments that are produced in single layer
segmentations should be approximately of same size. Needless to say, our initial
evaluation was not thorough but it was good enough to find good segmentation
methods. All possible combinations could not be tested but we found a set of
segmentations that were probably among the best that are available.

2.5 Used parameter and layer combinations

Four different layer combinations were tested: (a) WV-2 layers only, (b) LiDAR layers
only, (c) WV-2 bands 2, 3, 5, 7 (blue, green, red, NIR1) and LiDAR layers, and (d) all
layers. IDRISI segmentation was performed using a window size of 5. Similarity
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tolerance was varied between 20 and 70 with intervals of 5. Three different
combinations of mean and variance weights were used: mean 0.5, variance 0.5; mean
0.9, variance 0.1; and mean 0.1, variance 0.9. Hence, overall 33 IDRISI segmentations
were performed for all layer combinations. FNEA segmentation was performed by
varying the scale parameter between 5 and 50 with intervals of 5, and using colour
parameter values of 0.25, 0.5 and 0.75. Therefore, 30 different FNEA segmentations
were done for all layer combinations. In all segmentations, all layers were given equal
weight.

2.6 Different reference polygons

We tested different segmentation methods using eight different reference polygon sets.
First, all reference polygons from the whole study area were used. Second, three sets
included all reference polygons from three different sub-areas separately. Third, two
sets included reference polygons of only one habitat type: one set included all mires and
one set water. Finally, we tested segmentation quality against two other reference
polygon sets (FFPS biotope and forestry planning data) (Figure 1).

(Figure 1 should be inserted here)

2.7 Goodness evaluation measures

Segmentation goodness was evaluated using several different supervised measures
(Table 2) reviewed by Clinton et al. (2010) with a Java tool that they developed. For
more clarification and equations, please refer to Clinton et al. (2010) and original
publications listed in Table 2. All measures were calculated as a mean of all reference
polygons inside a reference polygon set. The value for a specific reference polygon was
calculated as a mean (or standard deviation) of the values of those segments that met at
least one out of four criteria. Criteria were: (1) the centroid of the segment is inside the
reference polygon, (2) the centroid of the reference polygon is inside the segment, (3)
the shared area of the segment and the reference polygon is over 0.5 of the segment
area, and (4) the shared area of the segment and the reference polygon is over 0.5 of the
reference polygon area (Clinton et al. 2010). Some of the measures were weighted by
the reference objects (Table 2). Furthermore, we calculated combined measures which
were proposed by Clinton et al. (2010) and which all included measures from single
authors only (Table 3). Some of the combined measures were calculated as root mean
square (RMS) individual criterion values whereas some of them were simple sum
calculations. In RMS calculations, all measures were adjusted so that ideal segmentation
was set to 0. Finally, a combined measure COMBINED was calculated which was a
RMS of all basic area and location-based measures as suggested by Clinton et al.
(2010). However, QLoc was not included since it was the same measure as RPsub.
Before RMS calculation in COMBINED, all measures were scaled to [0,1] by dividing
each value with the maximum and setting ideal segmentation to 0.

(Tables 2 and 3 should be inserted here)

Furthermore, we measured segmentation goodness using visual interpretation. In
visual interpretation, we paid detail especially to if the segmentation methods find the
boundaries of some reference polygons and habitat types. Hence, we were more worried
about undersegmentation than oversegmentation. Additionally, we checked if different
kinds of habitat types are segmented and if the segmentation produces objects that are
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meaningful entities and can be easily used in classification and planning (Hay et al.
2005). Therefore, segments should not be too complex (Mustonen, Packalén, and
Kangas 2008). Due to the large number of different segmentations, our visual
interpretation was not thorough; instead, we tried to find some general trends from
different segmentation methods as well as layer and parameter combinations.

2.8 Classifications

After segmentation evaluation, we selected 12 segmentations for classification.
Segmentations were selected using subjective evaluation; so that meaningful evaluation
of segmentation performance versus classification accuracy could be made and some of
the segmentations could be compared to each other. Both good and not as good
segmentations, based on evaluation measures and visual interpretation, were selected. In
classification, we calculated mean values of each layer per segment. In all
classifications, all layers were always used regardless of which layer combination a-d
was used in the segmentation phase.

Supervised classification was performed using the random forest classifier
(Breiman 2001) with R package randomForest (Liaw and Wiener 2004) in R version
2.15.2 (R Development Core Team 2012). Random forest classification has been used
in remote sensing and OBIA with good experience (Lawrence, Wood, and Sheley 2006;
Rodriguez-Galiano et al. 2012). Random forest is an ensemble classifier, which
combines several bootstrapped classification trees. In the final classification majority
vote over all trees is made. Trees are randomized at each node by selecting only a subset
of variables of which the best split is chosen. When a tree is built, approximately 2/3 of
the data is selected for training the classifier and the rest is called out of bag (OOB) test
data. OOB data is used for error rate estimation, which is averaged over all trees to get
an error rate for the whole classification. Because of the OOB, independent test data or
cross-validation is not needed when random forest is used (Breiman 2001; Breiman and
Cutler 2007) which has been confirmed in remote sensing studies (Lawrence, Wood,
and Sheley 2006; Rodriguez-Galiano et al. 2012).

When random forest was performed, 500 trees were built and the number of
features at each split was given the default value of square root of all features. We used
our own reference polygons over all three sub-areas as training data, not the FP nor the
FFPS data. Training set in random forest run was all those segments that had a
minimum of 60 % coverage of one reference habitat type. Classification accuracies
were calculated using all reference polygons with simple cross-tabulation matrices.

3 Results

3.1 Segmentation goodness based on evaluation measures

Based on all area and COMBINED measure, best segmentation was FNEA with layer
set b, scale parameter 25 and colour parameter 0.5 (Table 4, Table 5). However,
choosing this segmentation as the best was contradictory, since no other segmentation
evaluation measure ranked it as the best method. As well, its rank was between 4 and 94
when COMBINED measure and other reference polygons than all area were used.
Hence, different segmentations were chosen as the best or being among the best, when
different goodness measures or reference polygons were used (Table 4). Some of the
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measures (UnderMerging, OverMerging, CountOver, SimSize sd, RAsuper, RAsub,
OverSegmentation, UnderSegmentation), nonetheless, gave rather consistent results,
i.e., the same segmentation was the best or one of the best using different reference
polygon sets. Other measures, on the other hand, had larger variation in their results.
Consistency in results can be seen as a downside, since reference sets were different as
illustrated in Figure 1. For instance, individual measures may prefer segmentation
result, which is as fine or as coarse as possible. On the other hand, consistency can also
be seen as an asset if some of the segmentations truly are better despite of the reference
set used, i.e. those segmentations contain almost all meaningful patch boundaries.

(Tables 4 and 5 should be inserted here)

Some overall evaluations can be made from segmentations ranked as the best
(Table 6). First, FNEA segmentation outperformed IDRISI segmentation, since FNEA
was ranked best 140 times against 44 times of IDRISI. Second, layer set b outperformed
other layer sets. Therefore, it could be thought that FNEA with layer set b provides the
best results. If undersegmentation is wanted to be avoided, low scale parameter brings
good results. Vice versa, high scale parameter should be selected when
oversegmentation is not desired. Segmentations with intermediate scale or similarity
parameter value were not ranked as best as often as segmentations with high or low
parameter value. Yet, different combined measures as well as AFI, RP measures,
SimSize mean, QLoc mean, QLoc sd and QR usually preferred intermediate scale
parameter values. For instance, when all area reference polygons were used, the
COMBINED measure favoured intermediate scale parameter values; whereas it ranked
those segmentations with low scale parameter value as the worst (Table 5). In FNEA
segmentations, high value for colour parameter gave more often best segmentations
than low or intermediate value for colour. In IDRISI segmentations, on the other hand,
high mean, low variance combination gave the largest number of best segmentations.

(Table 6 should be inserted here)

When correlations between different goodness measure results were evaluated
(Table 7), it was found out that correlations range from large negative correlations to
high positive correlations. Hence, measures did give different results and preferred
different issues in segmentation. It can also be seen that measures that measure
oversegmentation had positive correlations with the COMBINED measure whereas
undersegmentation measures had negative correlations (for over- and
undersegmentation measures, see Table 2). Some measures (RPsuper, MergeSum, M,
ZH1) had even both positive and negative correlations. Correlations were dependent on
reference polygons used; but correlations between the COMBINED measure based on
different reference polygons were rather high and positive (Table 8). Only water has
correlations below 0.75.

(Tables 7 and 8 should be inserted here)

3.2 Segmentation goodness based on visual interpretation

In visual interpretation, it was found out that segmentations based on layer set b
(LiDAR data only) were especially successful in delineating mires and small streams.
Also the problem of shadow effect in WV-2 imagery was overcome when LiDAR data
was used. On the other hand, the shorelines of water bodies were insufficiently
delineated with LiDAR data only. As well, boundaries between deciduous and
coniferous forests were better delineated using WV-2 imagery. However, more gradual
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boundaries, for instance between mesic and xeric forests, could not be easily segmented
using any method or layer combination. In visual interpretation, we could not make a
preference between layer sets ¢ and d. Although segmentation outputs were slightly
different, differences were minor. Same kinds of observations were made, when
different IDRISI mean/variance weight alternatives were compared. Furthermore, to
delineate some small objects, small values of scale or similarity parameters were
needed. In finding meaningful and simple entities, it was found out that FNEA
segmentation with low (0.25) or intermediate (0.5) weight for colour brought superior
results over other segmentation methods. Putting little weight to colour had its
downside, on the other hand. In other words, segment boundaries did not necessarily
follow natural or data boundaries but segments were equally sized objects with often
arbitrary boundaries. Nevertheless, FNEA segmentations with large weight for colour
and IDRISI segmentations were unnecessarily complex. Additionally in IDRISI
segmentations, boundaries were often crisscrossing reference polygon boundaries.
Using visual interpretation, we chose FNEA segmentation with layer combination c,
scale parameter 10 and colour parameter 0.5, as the best one (Figure 2¢). This selection
was, yet, more or less arbitrary, since many different segmentation options gave quite
similar results. Furthermore, since there were so many different segmentation options,
visual interpretation was not thoroughly reliable in finding the best parameter values.
Hence, choosing the best segmentation using visual interpretation was tricky.

3.3 Classification results

Classification accuracies between classifications derived from different segmentations
varied a bit (Table 9, some of the segmentations in Figure 2). Best accuracy (0.72) was
achieved using best segmentation in visual interpretation (Figure 2¢) whereas worst
accuracy (0.60) was got using segmentation that was ranked high using some of the
measures (Figure 2h). Many of the different segmentations got reasonably good results
compared to the best classification. Some of these segmentations were selected based on
measures, some by using visual interpretation. On the other hand, best segmentation
based on COMBINED measure and all area (Figure 2¢), was not among the best
segmentations in classification accuracy analysis. It can be seen that fine or moderately
fine segmentations led to better classification accuracies. Vice versa, coarse
segmentation led to poorer accuracies. On the other hand, too fine segmentation can
lead to salt-and-pepper effect (Figure 2b) and thus possibly also make classification
accuracy worse. Also in visual interpretation it became evident that classifications
performed with FNEA segmentations and scale parameter value 5 suffered from this
effect more than classifications performed with segmentations with scale value 10. Best
classification accuracies were achieved using segmentations with both LIDAR and WV-
2 layers. This might be due to the fact that boundaries were best detected using both
data types in segmentation. Yet, classification accuracies using only segmentations
performed with LiDAR or WV-2 data were nevertheless little worse. In all,
classification accuracy evaluation was not thorough; in other words, good classification
accuracies can be got using segmentations, which were not among the 12 segmentations
tested here. Moreover, some measures may be good in selecting segmentations that
maximize classification accuracy.

(Table 9 and Figure 2 should be inserted here)
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4 Discussion

4.1 Segmentation goodness compared to classification accuracy

One of our study objectives was to test if better segmentation leads to better
classification accuracy as it has been argued by others (Kim, Madden, and Warner
2009; Clinton et al. 2010; Ke, Quackenbush, and Im 2010; Gao et al. 2011). After our
analysis, it is obvious that there is no straightforward answer to this question. Although
it is self-evident that good segmentation is needed for good classification, there is no
adequate definition of what makes a good segmentation. After classification analysis
one can easily state that the best segmentation was the segmentation with the best
classification accuracy. There is no method, however, to test before classification,
which segmentation will give the best classification accuracy. This is illustrated also by
the studies of Kim, Madden, and Warner (2009) and Gao et al. (2011). While they both
claim that optimal segmentation produced best classification output, their definitions of
optimal segmentation were contradictory. Kim, Madden, and Warner (2009) minimized
spatial autocorrelation between different segments, whereas Gao et al. (2011) sought for
segmentations that combined low intersegment autocorrelation and intrasegment
variance. Furthermore, Gao et al. (2011) had the lowest intersegment autocorrelation at
the coarsest scale which did not produce best classification accuracy. On the other hand,
the tasks in these studies were different, since Kim, Madden, and Warner (2009) used 4-
m resolution IKONOS data in forest type mapping, while Gao et al. (2011) used 25-m
Landsat ETM+ data in mixed mountainous shrub-forest-grassland landscape.

Based on ambivalence of what segmentation is good, we propose that the
goodness of segmentation should be defined in each case. In other words, one should
know and clarify what he/she wants from segmentation; and critically evaluate if the
best segmentation can be selected based on evaluation criteria. In our case, good
segmentation was segmentation with (1) meaningful and not too complex segments, (2)
boundaries parallel to reference polygon boundaries even for the smallest reference
polygons but (3) as coarse as possible. Taking the best segmentation based on some
measure does not automatically lead to the best classification accuracy, as it has been
already noted by Verbeeck, Hermy, and van Orshoven (2012). Nevertheless, the
classification accuracies between different classifications were rather small in our case
study. This might point out to the robustness of OBIA methodology: good classification
accuracy can be obtained even if the segmentation is not the best possible. On the other
hand, the classification outputs that had better classification accuracies were visually
more appealing. Boundaries were more often in right place, different habitat types could
be mapped and patches were not too small.

Many authors have argued that oversegmentation is a smaller problem than
undersegmentation in post-segmentation classification (e.g. Weidner 2008; Marpu et al.
2010). However, in the analysis by Verbeeck, Hermy, and van Orshoven (2012), it was
found out that more under-segmented output gave better classification accuracy than
more over-segmented output. Our results suggest that both arguments are partly correct.
In other words, both oversegmentation and undersegmentation are problematic in
classification as it was found out also by Kim, Madden, and Warner (2009) and Gao et
al. (2011). First, segmentation cannot be very coarse, since smaller objects are thus
easily under-segmented. Second, if segmentation is too fine, salt-and-pepper effect is
obtained. Salt-and-pepper effect can lead to worse classification accuracy as it has been
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found out in OBIA vs. pixel-based classification studies (e.g. Bock et al. 2005;
Whiteside, Boggs, and Maier 2011). Also, objects are more meaningful when they are
not too small (Blaschke 2010). Yet, the better classification accuracy of OBIA is not
automatic and some smaller, but rare, objects may be easily missed in OBIA
classification (Dingle Robertson and King 2011). Overall, it has been noted that in
single-scale segmentation optimal segmentation is class-dependent, i.e., some classes
can be poorly segmented even if overall segmentation is optimal. Hence, multi-scale
segmentation has been offered as a solution to this problem (Hay et al. 2003; Kim et al.
2011; dos Santos et al. 2012).

4.2 Object and patch delineation

We found out that some habitat patches were not segmented properly using any of the
methods, layers or parameter combinations. For instance stream-sided habitats or mires
were often poorly delineated. Therefore, some extra analysis is needed, such as stream
network mapping (Résédnen et al., in prep), other ancillary information or expert
knowledge (Mustonen, Packalén, and Kangas 2008) or segmentation post-modification
to delineate some of the patches correctly. It can even be asked, can the segmentation
goodness over difficult patch delineation even be calculated. For instance, Radoux and
Defourny (2007) delineated only those patches that could be seen from imagery.
Therefore, it is not realistic to expect that segmentation delineates those objects that
cannot be easily seen from the data that is segmented. LIDAR data, however, helped in
finding some of the tricky features, such as mires. On the other hand, segmentations
with LiDAR data and four WV-2 layers were not significantly different compared to
segmentations with LiDAR data and eight WV-2 layers. As well, our study reasserted
earlier studies that the problematic shadow effect of aerial or satellite imagery can be
mitigated using LiDAR data (Geerling et al. 2007; Mustonen, Packalén, and Kangas
2008; Ke, Quackenbush, and Im 2010). Segmentations based on imagery only;
nonetheless, produced classifications with almost as high classification accuracies as
segmentations based on both imagery and LiDAR data. There can be at least two
possible reasons for this small difference. First, segmentation based only on imagery
may have other benefits compared to segmentation using both data types. Second, the
proportion of shadow areas over all area can be rather small, especially with data
resolution not higher than 2 m.

One major question in segmentation evaluation is whether it is better to
delineate meaningful objects with meaningful thematic quality and maximum
homogeneity (e.g. Mustonen, Packalén, and Kangas 2008) or to find segmentation that
mimics field observations. Some authors (Wulder et al. 2008; Corcoran, Winstanley,
and Mooney 2010) have questioned the rationality of supervised segmentation
evaluation, especially in natural environments. It is true that nature is not easy to
interpret. Different mappers classify habitat patches differently and also delineate patch
boundaries differently. Yet, according to Cherrill and McClean (1995, 1999) the former
type of error was more common in habitat mapping in the UK. Nevertheless, boundaries
are not easy to draw and their location depends on the study scale (Lang et al. 2010). In
our analysis, there were differences between boundary locations when our field data
was compared to either FP or FFPS data. There were some differences between optimal
segmentations based on different reference polygons. These differences were mostly
minor, and approximately same kinds of segmentations were preferred irrespective of
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the reference data. As well, correlations between COMBINED measures based on
different reference data were rather high (SA1 to FP 0.79 and SA2 to FFPS 0.89).
Furthermore, segmentation evaluation based on thematic quality is not unproblematic
either. Although the segmentation has good thematic quality, the segmentation
boundaries do not necessarily match with habitat type boundaries that exist in nature.
This can lead to difficulties in habitat classification, if it is performed, and eventually to
differences in planning decisions.

In a more general level, one can question if automated segmentation is worse
than manual delineation when it cannot find the boundaries that are manually
delineated. Delineations are different; that is true, but it is not straightforward to judge
either one of them better. For instance, automated delineation often produces more
complex objects. Complexity of the objects, however, can be both good and bad.
Although complexities hinder the usage in operational context, complexity can be
reduced using GIS techniques. Furthermore, complex boundaries can be even truer,
since natural boundaries are not always straight (Wulder et al. 2008). Therefore,
automated and manual delineations are two different interpretations and both of them
can be either good or bad depending on the segmentation method, mapper skills or the
operational context. In other words, question is not necessarily if one of them is correct
or incorrect but whether it is appropriate or inappropriate (Lang et al. 2010).

4.3 How to evaluate and measure segmentation goodness?

According to our analysis, the FNEA was better segmentation method than the
watershed segmentation in IDRISI Taiga. Still, also IDRISI’s segmentation method
provided good results. As already noted earlier, FNEA has been a good performer in
segmentation evaluations and is a standard method in OBIA studies. However, we
cannot give any percentage or any other quantitative evaluation which indicates how
much better FNEA is compared to IDRISI contrary to values given e.g. by N. Li, Huo,
and Fang (2010). N. Li, Huo, and Fang (2010) classified different types of objects to
correctly delineated, acceptably delineated and wrongly delineated. From these
classifications, they calculated performances of different segmentations and also the
percentage difference of performance. In our framework, such quantitative difference
evaluation would be more or less artificial, since in our study different measures of
segmentation goodness gave different results. This inconsistency has also been noted by
Clinton et al. (2010). Partly this inconsistency can be explained in terms of over- and
undersegmentation; i.e., deliberately avoiding one of them results often in getting the
other. However, also evaluation measures that should quantify the same phenomenon
can give different results. One explanation to this is that we tested several different
segmentations of which some were rather similar to each other. Furthermore, measures
are a bit dependent on the training data set used. One should, thus, be careful in the
selection of the reference data. On the other hand, some of the measures were robust,
i.e. produced similar results irrespective of the reference data. Additionally, general
picture was more or less similar with different reference polygons.

According to classification accuracies derived in our study, the best
segmentation was found using visual interpretation. Therefore, it could be argued that
supervised segmentation goodness evaluation measures evaluated by Clinton et al.
(2010) are not good. On the other hand, we knew what we wanted from visual
interpretation and fixed our objectives based on these needs. Automated supervised
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segmentation goodness evaluation measures, on the contrary, were just selected based
on what has been done before. Therefore, we knew better what we want from
segmentation when we evaluated them visually: meaningful objects and boundaries.
Yet, we would have included our own automated and supervised evaluation method in
our analysis, if we had found a successful way to do automated evaluation. One reason
that supervised segmentation goodness evaluation measures partly failed in our analysis
could be that we used continuous reference polygon data and objects that were difficult
to delineate. On the other hand, segmentation goodness measures did not work that well
on water bodies either although water bodies are usually easy to delineate and are not
bordered by each other. Based on measures, best segmentations for water bodies were
usually segmentations using LiDAR data or segmentations as fine as possible. In our
visual interpretation, it was, nonetheless, found out that water bodies cannot be
delineated using LiDAR data alone. Only evaluation measure M ranked best a
segmentation that could be good in water body delineation. Nevertheless, we cannot say
that supervised evaluation measures are completely useless. On the contrary, one should
know what evaluation measures favour and what she/he wants from segmentation
before using evaluation measures. As well, visual interpretation is subjective, tedious
and time-consuming (Zhang, Fritts, and Goldman 2008). It can be even practically
impossible if several different segmentations over large areas should be evaluated.

Automated segmentation goodness evaluation could be done using landscape or
shape metrics and thus unsupervised evaluation (Neubert and Meinel 2003, Meinel and
Neubert 2004, Neubert, Herold, and Meinel 2008, H. Li et al. 2010, Ji et al. 2012). This
is problematic, though, since for instance FNEA method uses shape metrics as
parameters which the user can modify. Hence, using shape metrics also in evaluation
could lead to circular reasoning. Another possible solution in finding good segmentation
evaluation measures could be focusing on boundaries. In other words, it could be
examined if boundaries drawn in the reference map are found in segmentation. For
instance, Neubert and Herold (2008) measured what proportion of segment’s perimeter
is inside specific reference polygon’s buffer zone. In similar vein, Lucieer and Stein
(2002) have proposed boundary based measure and Clinton et al. (2010) included a
modification of this measure in their analysis. Whereas Lucieer and Stein (2002)
calculated shortest distances from reference polygons to any boundary pixel in
segmentation, Clinton et al. (2010) averaged all distances to all segments inside
reference polygon. Of these measures, original measure by Lucieer and Stein (2002) is
more tempting, since boundaries inside reference polygon can disappear in
classification but boundaries near reference polygon boundaries cannot be moved.
However, Lucieer and Stein (2002) noted that finest segmentations ranked best using
this evaluation. Taking this into account, they modified the original measure to take the
length of boundary into account. These kinds of modifications, on the other hand, are
difficult to design, because they easily favour either undersegmentation or
oversegmentation. Furthermore, boundaries of natural objects are not exact. Hence, it is
not always meaningful to find the “real” boundaries but boundaries that are visible in
data.

Finally, unsupervised segmentation evaluation methods that often measure
intersegment and intrasegment homogeneity or heterogeneity have been found useful in
segmentation evaluation (Kim, Madden, and Warner 2009; Gao et al. 2011; Yue et al.
2012; Hou et al. 2013). While in our case the goal was to find segmentation that mimics
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reference polygons, it could be interesting to test if unsupervised methods work well in
this kind of task.

5 Conclusion

We tested different supervised segmentation goodness evaluation measures and visual
interpretation to find a good segmentation for boreal forest habitat mapping. While
different supervised segmentation goodness measures were fast to calculate from
several segmentations, they provided inconsistent results. In other words, different
segmentations stood out as being best when different measures were used. Visual
interpretation, on the other hand, was tedious and segmentations could not be evaluated
thoroughly in reasonable time. Although we selected only one segmentation as being
the best based on visual interpretation, also other segmentations were visually good. In
classification analysis, the visually selected segmentation gave the best classification
accuracy but differences between different segmentations were rather small. Better
segmentation may lead to better classification but there are several different definitions
for good segmentation. Therefore, the relationship between segmentation and
classification is not straightforward. We propose that the goodness of segmentation
should be defined in each case separately and evaluation measures should be selected
based on that definition. In our case, good segmentation was segmentation with (1)
meaningful and not too complex segments, (2) boundaries parallel to reference polygon
boundaries even for the smallest reference polygons but (3) as coarse as possible. There
were, however, no evaluation measures to find these kinds of segmentations
automatically. Overall, the best segmentations were FNEA segmentations with both
imagery and LiDAR data. We conclude that different segmentation evaluation methods
should be used with care especially in natural environment mappings. When
segmentation evaluation is rigorously used; though, it can assist in finding a more
optimal segmentation. Quantitative segmentation evaluation might provide better results
in urban environments but more thorough testing is needed to support this claim.
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Table 1. Different habitat types that were mapped during field work when the reference

polygons were drawn and that were used in the classification part of the research.
Habitat type Number of age groups/management possibilities
xeric (pine dominated) forests 4: clear-cut, sapling stand, young, mature
mesic (spruce dominated) forests 5: clear-cut, sapling stand, young, mature, natural
herb-rich (mixed/deciduous) forests  4: sapling stand, young, mature, natural
bare rock 1
pine mires 1
spruce mires 2: not drained, drained
open mires 1
water (lakes and streams) 1
small creeks 1
springs 1
grasslands 1
fields 1
roads 1
yards 1
sand pits 1
Table 2. Simple segmentation goodness evaluation measures that were used in
segmentation evaluation. Column MEASURES refers to what the method should
measure. Column SOURCE refers to the article where the measure was first used.
Column WEIGHTED refers to if the measure is weighted by a reference object.
METHOD MEASURES SOURCE WEIGHTED NOTE
UnderMerging undersegmentation Yang et al. (1995)
OverMerging oversegmentation Yang et al. (1995)
AFI area match Lucieer & Stein (2002)
CountOver oversegmentation Lucieer & Stein (2002) based on AFI
CountUnder undersegmentation Lucieer & Stein (2002) based on AFI
SimSize mean area match Zhan et al. (2005) X
SimSize sd area match Zhan et al. (2005) X
RAsuper undersegmentation Madller, Lymburner, and Volk (2007) X
RAsub oversegmentation ~Modller, Lymburner, and Volk (2007) X
QR area match Weidner (2008) X
OverSegmentation  oversegmentation Clinton et al. (2010) X
UnderSegmentation undersegmentation Clinton et al. (2010) X
RPsuper distance to centroid Moller et al. (2007) X
RPsub distance to centroid Moller et al. (2007) X
QLoc mean distance to centroid Zhan et al. (2005) X =RPsub
QLoc sd distance to centroid Zhan et al. (2005) X
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Table 3. Combined segmentation goodness evaluation measures that were used in
segmentation evaluation. Column INCLUDES refers to the simple measures that are

included in the respective combined measure. Column CALCULATION refers to how
the combined measure was calculated.

METHOD INCLUDES CALCULATION
M RAsuper, RAsub, RPsuper, RPsub RMS
ZH1 SimSize mean, SimSize std, QLoc mean, QLoc std RMS
ZH2 SimSize mean, QLoc mean RMS
D OverSegmentation, UnderSegmentation RMS
OverUnder CountOver, CountUnder SUM
MergeSum OverMerging, UnderMerging SUM
COMBINED all other simple measures than QLoc mean RMS, normalized
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1006

1007  Table 4. Best segmentations according to different measures and reference polygons. Segmentation methods are marked as follows. Text

1008  refers to method, letter after the text to layer combination a-d (see text), s to scale (FNEA) or similarity parameter (IDRISI), ¢ to colour

1009  parameter, m to weight given to mean and v to weight given to variance.
MEASURE All area SAl SA2 SA3 water mires FP FFPS
UnderMerging FNEA_d_s5_c.75 FNEA_d_s5_¢.75 FNEA_a_s5_c.75 FNEA_a_s5_c.75 FNEA_a_s5_c.5 FNEA d s5 ¢.75 FNEA ¢ s5_¢.75 FNEA a s5 c.5
OverMerging FNEA b _s50 c.25 FNEA b s50 c.25 FNEA_b_s50 c.5 FNEA b s50 c.5 IDRISL b s70 ml v9 FNEA b s50 ¢.25 FNEA_b_s50 ¢.25 FNEA ¢ _s50_c.75
AFI IDRISI a s25 m9 vl  IDRISI a s25 ml vO  IDRISI d s20 m9 vl  IDRISI ¢ s35 ml v9 IDRISI d s70 m5 v5 FNEA b s5 ¢.25 IDRISI a s45 m5 v5  IDRISI b s35 m9 vl
CountOver FNEA b s50 c.25 FNEA b s50 c.25 FNEA b s50 c.25 FNEA ¢ s50 c.25% FNEA b s50 c.5 FNEA d s45 c.25* FNEA b s50 c.5* FNEA b s50 c.75%
CountUnder IDRISI a s20 ml v9* IDRISI a s25 ml v9*  IDRISI a s20 m9 v1* IDRISI b s50 m9 vl FNEA b s25 c.25* IDRISI a s40 ml v9*  IDRISI a s70 ml v9* IDRISI a s70 ml v9*
SimSize mean FNEA b _s30 c.75 FNEA_b_s30 c.75 FNEA _d s30 c.75 IDRISI ¢ $65 m9 vl FNEA b s45 c.75 IDRISI ¢ s55 m9 vl  FNEA c s30 c.25 FNEA_d_s40 c.25
SimSize sd FNEA_a_s5_c¢.75 FNEA_b_s5_c¢.75 FNEA _a_s5_¢.75 FNEA_a_s5_c.75 FNEA _a s5_c¢.5 FNEA_b_s50_c.25 FNEA_a s5_¢.75 FNEA_d _s5_c¢.75
RAsuper FNEA_b_s5_c¢.75 FNEA_b_s5_c¢.75 FNEA_b_s5 _¢.75 FNEA_a_s5_c.75 FNEA c_s5_c¢.5 FNEA_d_s5_c¢.75 FNEA_b_s5_¢.75 FNEA_b_s5_c¢.75
RAsub FNEA_b_s50 c.25 FNEA b _s50 c.25 FNEA_b_s50 c.5 FNEA b _s50 c.25 FNEA_b_s50 c.5 FNEA_b_s50 c.25 FNEA_b_s50 c.25 FNEA_b_s50 c.25
QR FNEA b s35 c.75 FNEA b s30 c.75 FNEA ¢ s30 ¢.75 FNEA a s45 ¢.75 IDRISI b s65 m9 vI IDRISI a s45 ml v9  FNEA c s45 ¢.75 FNEA d s40 c.75
OverSegmentation ~ FNEA_b_s50 _c.5 FNEA_b_s50_c.25 FNEA_b_s50 c.5 FNEA_b_s50_c.5 IDRISI_b_s70_ml_v9 FNEA b _s50 _c.25 FNEA b s50_c.25 FNEA ¢ _s50 c¢.75

UnderSegmentation

FNEA b s5 ¢.75

FNEA b s5 ¢.75

FNEA b s5 ¢.75

FNEA b s5 ¢.75

IDRISI a s20 m5_v5

FNEA b s5 ¢.75

FNEA b s5 ¢.75

FNEA b s5 ¢.75

RPsuper IDRISI_d_s55 m9 vl FNEA_b_s20 c.5 FNEA_d s20 c.5 FNEA_b_s15_c.5 IDRISI_b_s65 m9 vl FNEA_d s10_c.25 FNEA_d s30_c.75 IDRISI_d_s60_m9_vl
RPsub FNEA b s35 ¢.75 IDRISI b s55 m5 v5 FNEA a s40 c¢.75 FNEA ¢ s40 c¢.75 IDRISI b s65 m9 vl FNEA b sl5 c.25 FNEA ¢ s30 ¢.75 FNEA d s40 c.75
QLoc mean FNEA b s35 ¢.75 IDRISI b s55 m5 v5 FNEA a s40 c¢.75 FNEA ¢ s40 ¢.75 IDRISI b s65 m9 vl FNEA b sl5 c.25 FNEA ¢ s30 ¢.75 FNEA d s40 c.75
QLoc sd FNEA_a_s45 c.25 IDRISI_b_s65_m9 vl FNEA _c_s45_¢.75 FNEA_c_s40 c.75 IDRISI_b_s65_ml_v9 FNEA_ b s20 _c.25 FNEA_c_s30 _c.75 FNEA_c_s50 c.25
M FNEA_c_s25 ¢.75 IDRISI_b_s45_m9 vl FNEA_a_s5_c.5 FNEA_b_s20_c¢.75 FNEA _c_s45_¢.75 FNEA_d_s5_c¢.75 FNEA_b_s5_¢.75 FNEA_a s25 ¢.5
ZH1 FNEA _d s50 _c.25 FNEA _d s50 _c.25 FNEA c_s5_c.25 FNEA b s45 ¢.5 IDRISI b s40 m5 v5 FNEA b s50 c.25 FNEA a s5 c.25 FNEA a s45 c.25
ZH2 FNEA_b 835 ¢.75 IDRISI_b_s60_m9 vl FNEA_d s30_c.75 FNEA_c_s40 c.75 FNEA_b_s45 ¢.75 IDRISI ¢ 855 m9 vl FNEA_c_s30 _c.25 FNEA_d s45 _c.25
D FNEA d s35 c¢.5 FNEA d s35 c¢.5 FNEA d s35 c¢.5 FNEA b s35 ¢.75 IDRISI b s70 m1 v9 FNEA b s20 c.75 FNEA ¢ _s35_¢.75 FNEA d s40 c.5
OverUnder IDRISI_b_s70_m9_vl IDRISI_b_s65_ml_v9 IDRISI_a_s70_m5_v5 IDRISI_b_s70_m9 vl FNEA_b_s50 c.5 IDRISI_a s70_m9_v1 FNEA ¢ s50 _c¢.75 IDRISI a s70 ml_v9
MergeSum FNEA_b_s15_c.5 FNEA_b_sl15_c.5 FNEA_a_sl5_c.75 FNEA_b_s20 _c.75 IDRISI_b_s65 m9 vl FNEA b s10_c.25 FNEA_c_s25_c¢.5 FNEA_d s25_c¢.25
COMBINED FNEA b s25 ¢.5 IDRISI b_s50 m5_v5 FNEA b s45 ¢.75 FNEA b s30 c.75 IDRISI b s70 ml1 v9 FNEA a s40 c.5 FNEA b s45 c.5 FNEA a s35 c.25
*=tie with other segmentations which are not indicated here. Segmentation that is shown ranked best using OverUnder evaluation method
1010
1011
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1012

1013 Table 5. 20 best and 10 worst segmentations based on all area reference polygons and
1014  COMBINED measure. Segmentation methods are named as in Table 4.
SEGMENTATION COMBINED

1 FNEA b s25 ¢.5 0.646
2 FNEA b s25 ¢.75 0.649
3 FNEA_b s30 c.75 0.650
4  FNEA c s25 ¢.75 0.650
5 FNEA_d s25 ¢.75 0.651
6 IDRISI b s55 m9 vl  0.652
7 FNEA_a s30 ¢.75 0.652
8 IDRISI b s65 m9 vl  0.652
9 IDRISI d s65 m9 vl  0.652
10 FNEA d_s30 ¢.75 0.652
11 IDRISI b s50 m5 v5  0.653
12 FNEA_ b s20 c.5 0.653
13 IDRISI b s55 m5 v5  0.653
14 IDRISI b s60 m9 vl  0.653
15 IDRISI b s50 m9 vl  0.653
16 IDRISI ¢ s60 m5 v5  0.653
17 IDRISI a_s60 ml v9  0.653
18 1IDRISI a s70 m9 vl  0.653
19 IDRISI d s65 m5 v5  0.654
20 IDRISI a s60 m5 v5  0.654

243 IDRISI ¢ s20 m9 vl 0.770

244 FNEA_a s5_c.25 0.771
245 FNEA c_s5_c¢.5 0.782
246 FNEA d s5 c.5 0.789
247 FNEA a s5_c.5 0.796
248 FNEA b _s5 c.5 0.797
249 FNEA c s5 ¢.75 0.801
250 FNEA d s5 ¢.75 0.805
251 FNEA a s5 c.75 0.811
252 FNEA b s5 ¢.75 0.813
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Table 6. Best segmentations based on different measures sorted by segmentation
method, layer combinations, and different parameter options. Numbers refer to the
number of segmentations that were regarded as best.

all segmentations FNEA segmentations IDRISI segmentations
value count value count value count

method FNEA 140 scale 5 36 similarity 20 4

IDRIST 44 10 2 25 3

15 6 30 0

layers a 35 20 6 35 2

b 93 25 6 40 2

c 28 30 13 45 3

d 28 35 10 50 2

40 12 55 5

45 13 60 2

50 36 65 9

70 12

colour 0.25 40

0.5 30
0.75 70

mean/var 0.1/0.9 15

0.5/0.5 8
0.9/0.1 21

Table 7. Correlations between the COMBINED goodness measure and individual

goodness measures based on different reference polygons. SA refers to sub-area, FP to
forestry planning data and FFPS for FFPS data.

MEASURE ALL SAl SA2 SA3 water mires FP FFPS
UnderMerging -0.24 -039 -0.63 -0.13 -0.63 -0.61 -0.69 -0.33
OverMerging 0.89 090 095 090 088 097 091 0.90
AFI -022 -036 -0.63 -0.10 -0.40 -0.61 -0.54 -0.24
CountOver 0.69 0.78 091 0.73 0.87 091 088 0.71
CountUnder -0.25 -031 -0.73 -031 -0.53 -0.62 -0.53 -0.10
SimSize mean 0.89 091 091 089 085 029 092 0.82
SimSize sd -091 -093 -093 -091 -094 -0.34 -0.93 -0.85
RAsuper -0.79 -0.86 -094 -0.83 -0.95 -0.93 -0.96 -0.86
RAsub 043 054 080 0.53 086 075 0.85 0.52
QR 091 094 093 092 095 035 095 0.90
OverSegmentation 048 0.60 0.79 056 081 084 084 0.50
UnderSegmentation -0.52 -0.65 -0.82 -0.58 -0.79 -0.86 -0.87 -0.63
RPsuper 0.85 0.67 0.52 0.78 0.88 -0.55 0.74 0.96
RPsub 0.86 094 088 094 095 001 092 0.87
QLoc mean 0.86 094 0.88 094 095 0.01 092 0.87
QLoc sd 0.63 0.68 080 0.79 0.80 030 0.80 0.72
M 098 098 -0.88 0.97 -0.50 -0.72 -0.90 0.97
ZH1 0.66 0.60 -0.83 0.84 0.76 -0.29 -0.87 0.83
ZH2 0.89 096 092 094 094 029 092 0.89
D 077 0.82 088 0.81 0.83 036 090 0.65
OverUnder 076 0.84 090 0.78 091 086 0.89 0.75
MergeSum 041 0.50 -0.34 0.69 0.86 -0.52 0.85 0.90
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1025  Table 8. Correlations between the COMBINED measure values based on different
1026  reference polygons.
ALL SAl SA2 SA3  water  mires FP FFPS
ALL 1.00 0.89 0.85 0.94 0.64 0.84 0.78 0.94
SAl 0.89 1.00 0.83 0.84 0.59 0.83 0.79 0.88
SA2 0.85 0.83 1.00 0.87 0.82 0.97 0.97 0.89
SA3 0.94 0.84 0.87 1.00 0.73 0.87 0.83 0.88
water 0.64 0.59 0.82 0.73 1.00 0.80 0.80 0.63
mires 0.84 0.83 0.97 0.87 0.80 1.00 0.95 0.85
FP 0.78 0.79 0.97 0.83 0.80 0.95 1.00 0.84
FFPS 0.94 0.88 0.89 0.88 0.63 0.85 0.84 1.00
1027  Table 9. Classification accuracies derived from classifications based on different
1028  segmentations. Segmentations are marked as in Table 2. Also, criteria why each
1029  segmentation was chosen to the classification analyses are given.
SEGMENTATION ACC Why segmentation was selected to classification
FNEA b s5 ¢.75 0.69 BEST in avoiding undersegmentation, WORST based on COMBINATION and ALL AREA
FNEA ¢ s5 ¢.75 0.69 Comparison against FNEA b _s5 c¢.75
FNEA a s10 c.5 0.71 WV-2 layers only, comparison against FNEA ¢ s10 c.5
FNEA c_s10_c.5 0.72 BEST segmentation based on visual interpretation
FNEA d sl15 c¢.25 0.71 GOOD in visual interpretation
FNEA a s20 c.75 0.69 Segmentation based on WV-2 data only, OK visually
FNEA b s25 ¢.5 0.66 BEST segmentation based on COMBINATION and ALL AREA, OK visually
FNEA d s35 c¢.5 0.66 BEST based on D and ALL AREA
FNEA c_s50_c.75 0.65 GOOD in avoiding oversegmentation, GOOD in visual boundary evaluation

IDRISI d s30 m9vl 0.70
IDRISI ¢ s40 m5v5 0.69
IDRISI b s70 m9vl 0.60

OK in visual interpretation, small segments
OK in visual interpretation, quite small segments
BEST based on OverUnder and ALL AREA, BAD in visual interpretation
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Figure 1. Different reference polygons used. Reference polygons drawn in our field

work are marked with black borders. Sub-area 1 is located in the eastern, sub-area 2 in

the north-western and sub-area 3 in the southern part of the whole area. Water bodies
are drawn with blue colour and mires with yellow colour. Forestry planning polygons
are marked with magenta outlines and FFPS polygons with green outlines. FNEA
segmentations were performed inside the black rectangles whereas IDRISI
segmentations were performed also in the areas between the black rectangles.
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Figure 2. Reference polygons and a visually chosen set of different segmentations
drawn on a WV-2 false colour image (red: band 7/NIR1, green: band 5/red, blue: band
3/green) in background. a) reference polygons, b) FNEA b s5 c¢.75, ¢)
FNEA c s10 c.5,d) FNEA a s20 c.75,e) FNEA b s25 c.5, f) FNEA ¢ s50 c.75,
g) IDRISI d s30 m9vl, and h) IDRISI b s70 m9vl. Images are from the southern
part of the sub-area 2.
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