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Toward Evaluating Multiscale Segmentations of High
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Abstract—Object-based analysis of high spatial resolution re-
mote sensing images addresses the matter of multiscale segmen-
tation. However, existing segmentation evaluation methods mainly
focus on single-scale segmentation. In this paper, we examine the
issue of supervised multiscale segmentation evaluation and pro-
pose two discrepancy measures to determine the manner in which
geographic objects are delineated by multiscale segmentations.
A QuickBird scene in Hangzhou, China, is used to conduct the
evaluation. The results reveal the effectiveness of the proposed
measures, in terms of method comparison and parameter opti-
mization, for multiscale segmentation of high spatial resolution
images. Moreover, meaningful indications for selecting suitable
multiple segmentation scales are presented. The proposed mea-
sures are applicable to performance evaluation and parameter
optimization for multiscale segmentation algorithms.

Index Terms—High spatial resolution remote sensing, image
segmentation, multiscale segmentation accuracy, object-based
image analysis (OBIA), scale selection, supervised evaluation.

I. INTRODUCTION

ECENT years have witnessed a proliferation of commer-
cially available high spatial resolution remote sensing
images. Technological advances in sensor spatial resolution
have allowed remote sensing to be used in detailed studies of the
earth’s surface [1] and have promoted a set of new applications
with great geometric mapping accuracy and a high level of
thematic detail [2]. However, improvement in spatial resolution
technology has increased the internal spectral variability of land
cover classes.
Pixel-based classification is often confused with increased
spectral variability and frequently neglects spatial elements
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within high spatial resolution images, therefore decreasing the
potential accuracy of classification [3], [4]. In order to exploit
fully the information content of high spatial resolution images,
object-based image analysis (OBIA) [1], [5] has become the
principal method and proven to be a new and evolving paradigm
[6]. OBIA mainly involves segmentation and classification (or
recognition) steps. Segmentation is the process by which an
image is partitioned into a set of spatially contiguous image
objects composed of a group of pixels with homogeneity or se-
mantic significance. Classification involves labeling image ob-
jects as geographical objects. Instead of analyzing the spectral
behavior of individual pixels, OBIA groups neighboring pixels
into objects. This process produces a meaningful representation
of object shape and causes spatial information, particularly
contextual information, to become explicit. Furthermore, OBIA
is insensitive to spectral variation, which aids in resolving the
problem of salt-and-pepper effects [7]-[10].

An important feature of OBIA is its ability to conduct mul-
tiscale analysis of one image by starting with objects at mul-
tiple segmentation scales [5], [11]-[15]. Several studies have
demonstrated a preference of using OBIA with multiscale seg-
mentations in lieu of a single segmentation scale [16], [17]. The
following requirements for multiscale segmentation in OBIA
are given. First, multiscale approaches are required for moni-
toring, modeling, and managing complex landscapes [18], [19].
In this case, an image is partitioned into objects, similar to the
manner in which humans conceptually organize a landscape.
Second, a high spatial resolution scene is often composed
of objects of different sizes, shapes, and spatial locations,
which creates difficulties for bottom-up segmentation methods
to describe various objects in a single scale by means of
low-level image features [7], [20], [21]. Based on multiscale
segmentations, significant objects can be represented and an-
alyzed at their respective optimal representation scales [11],
[22]. Third, objects in high spatial resolution images can be
described at different semantic levels, when applications using
different cartographic or mapping scales are employed. For
example, individual trees, a group of trees, and a forest can be
delineated at fine or coarse levels. In this paper, a multiscale
segmentation evaluation method is proposed to address the first
two concerns and evaluates how accurately the various objects
are represented by multiscale segmentations.

OBIA is sensitive to segmentation scale but has difficulty in
selecting segmentation scale parameters [1]. We can compen-
sate oversegmentation by a successive classification process.
However, undersegmentation decreases classification accuracy
[23]. Therefore, several studies have proposed using small
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primitive objects as minimum classification units [24], [25].
Nevertheless, the quest for an “optimal” segmentation scale has
led to the development of numerous evaluation methods. In
OBIA, evaluating segmentation results is critical to selecting
suitable segmentation approaches and parameters [26].

In addition to visual assessment [27], [28], several supervised
and unsupervised methods have been developed for segmen-
tation evaluation. A supervised evaluation method [29]-[39]
compares segmented results with the reference by region over-
lapping, boundary distance, or shape difference. This method
is apparently effective but is, in fact, time consuming when
creating the reference. An unsupervised evaluation method
[40]-[50] defines quality measures for conditions to be satis-
fied by an “ideal” segmentation. This evaluation method thus
characterizes segmentation algorithms by computing goodness
measures based on segmented results without the reference.
This method is objective but has the added difficulty of having
to design effective indicators. Another system-level strategy
attempts to include segmentation within object-based classifi-
cation, in which the segmentation scale with the highest clas-
sification accuracy is considered optimal [51], [52]. Although
several properties intrinsic to a segmentation algorithm but are
independent of applications may not be revealed by this strategy
[53], it shows that object-based classification is sensitive to
segmentation scales and that different segmentation scales can
result in apparent classification differences.

Most proposed evaluation methods emphasize evaluating
single-scale segmentation results. As previously described, var-
ious objects in a high spatial resolution image can be repre-
sented by different segmentation scales. Therefore, evaluating
multiscale segmentation quality becomes necessary. Recently,
multiscale segmentation optimization has garnered much at-
tention in the study of OBIA. For a system-level evaluation,
Johnson and Xie [17] identified multiple segmentation scales
by classification results based on multiscale segmentations. For
an unsupervised evaluation, other studies generated a single op-
timal segmentation by fusing multiscale segmentations accord-
ing to local-oriented unsupervised evaluation [11], [47], [54].
However, the range of involved scales was found to be limited.
By contrast, multiple segmentation scales were selected accord-
ing to a change in homogeneity [43], [55], [56]. The proposed
method in this study provides an elegant means of evaluating
the effectiveness of the selected scales for this unsupervised
strategy. For a supervised evaluation, multiscale segmentation
optimization has been achieved by using the single-scale eval-
uation measure based on different sets of reference objects.
For example, some studies have provided reference objects and
suitable segmentation scales for different land cover classes
[10], [22]. Dragut et al. evaluated the effectiveness of multiple
segmentation scales by providing several sets of reference
objects at different scales [55]. The difficulty of this strategy
is preparing appropriate sets of reference objects that reflect
changes of scales. Specifically, Trias-Sanz et al. have proposed
an edge-based evaluation method to optimize features for mul-
tiscale segmentations [57]. However, discussion on parameter
optimization and segmentation scale selection is lacking.

The objective of this study is to develop the multiscale seg-
mentation evaluation method. We demonstrate the applicability
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Fig. 1. Example of calculating the M O A; of a reference object R;, by com-
paring it with a set of multiscale segments { S, } at its corresponding location.
White circles for {SOA;;} and M OA; represent a value of 1, and gray circles
represent values less than 1.

of the proposed measures on parameter optimization and seg-
mentation scale selection. Furthermore, we try to address ques-
tions related to selecting suitable multiscale segmentations for
representing various objects in high spatial resolution images.

II. METHODOLOGY
A. Evaluating Multiscale Segmentations at Object Level

We conduct a multiscale segmentation evaluation in order
to reveal the manner in which various objects are represented
by segments at multiple scales. To assess the accuracy of
multiscale segmentations {.S;} at the object level, a multiscale
object accuracy (M OA) measure is proposed, by comparing
{S;} with the reference R. The M OA measure is defined on
the basis of each reference object, by examining how well it
is expressed by one of the multiscale segmented regions at the
corresponding location. Thus, we calculate and summarize the
MO A; values of all reference objects to obtain the M O A value
for the entire image. An example of an M OA; calculation is
shown in Fig. 1.

First, we define the single-scale object accuracy (SOA;;)
measure for a reference object R;, by comparing R; with a
set of overlapped segmented regions {S;x, k =1,2,...,ns} at
scale j, where ng is the number of segmented regions in S;.
SOA;j is calculated according to the following:

2|Ri ﬂSjk‘

SOA;; = max{,
: BT+ 151

len} (1)

where | - | denotes the number of pixels in a region.
The MOA; of R; is then defined as the maximal SOA;;
value across n scales, such that

MOAZ :maX{SOAij,j = 1,2,...,”}. (2)

Finally, the M O A value of multiscale segmentations {S;} is
the weighted summation of n, reference objects, yielding the
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following equation:

MOA =" MOA;|R;|/|R|. (3)

i=1

These definitions show that M OA is a generic framework
for multiscale segmentation evaluation because SOA;; can be
defined as different single-scale accuracy measures. However, a
single-scale measure should be calculated by considering each
object separately. An effective multiscale evaluation can then
directly reflect the manner in which various objects are repre-
sented by segments at different scales.

The SOA,; defined in (1) causes the M OA value to range
from O to 1. In an ideal case, when the segmented regions are
identical to the reference objects, the M OA value is 1. If the
segmentation quality is low, the M O A value decreases in direct
proportion. Moreover, the SOA;; measure is sensitive to both
over- and undersegmentation. Given the reference segment I?;,
if the segmented region S}, is oversegmented, the numerator of
(1) is significantly smaller than the denominator. By contrast, an
undersegmented S, can lead to a larger denominator than the
numerator in (1). Both of these make the SO A;; value decrease.
We note that the single-scale measure should be sensitive to
both over- and undersegmentation for each object. Otherwise,
the over- or undersegmented segments can achieve high values
for the multiscale evaluation measure.

According to the definition given in (2), the M OA value
increases or remains unchanged with each increment in the
number of scales in {S;}. The M OA measure not only can
indicate the overall accuracy of multiscale segmentations but
also can reveal specific properties. For example, we can know
the segmentation accuracy of each reference object in (2), from
which an accuracy map can be produced. This map is shown in
Figs. 7 and 9. In addition, we can determine that each reference
object is best represented by a corresponding segment across
the scales, according to .S;; in (2) and as shown in Figs. 12-14.
Revealing statistics can then be generated, such as the number
of reference objects that are best represented by the segmenta-
tion at each scale, as shown in Table II.

B. Evaluating Multiscale Segmentations at Pixel Level

The measure of bidirectional consistency error (BC'E*),
which evaluates a segmentation by multiple references [58],
is extended to assess the accuracy of multiscale segmentations
{S;}, by comparing multiple segmentations with a single ref-
erence R at the pixel level. A sample calculation is provided
in Fig. 2.

First, a measure A is defined to determine the degree to which
the reference R and a segmentation result S; agree at pixel py,.
That is

|B(R7pm)\B(Sj7pm)|

B S'7 m B R7 m
7y Pm

where B(S;, pn) and B(R, p,,,) denote the segmented region
in S; and the reference object in R that contains the point py,,
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Fig.2. Example of calculating the bidirectional consistency accuracy (BC'A)
for a pixel p,, within the reference object B(R, pm, ), by comparing B(R, pm,)
with a set of segmented regions {B(Sj, pm)} that contain p,,. The white
squares for { BCA(R, Sj,pm)} and BC A, represent the value of 1, and
the gray squares represent values less than 1.

respectively, and -\- indicates the set difference. For example,
B(R, pm)\B(S;, pm) represents the set of pixels that belongs
to B(R, p.,) but not to B(S;, pm,). The A(R, S;, p,n,) measure
is sensitive to oversegmentation, and A(S;, R, p,,) is sensitive
to undersegmentation. Given the reference object B(R, py,),
if B(S;,pm) becomes increasingly oversegmented, the value
of A(R,Sj,pnm) continues to decrease to 0. However, the
A(S;, R, pm) value does not change as it increases to 1. By
contrast, if B(S;, p,») becomes increasingly undersegmented,
the value of A(S;, R,p.,) continues to decrease to 0, but the
A(R,S;j,pm) value does not change after it increases to 1.
Therefore, to maintain the sensitivity to both over- and
undersegmentation, the measure of bidirectional consistency
accuracy BCA(R, S;, pm) or BCA(S}, R, pm,) of pp, at seg-
mentation scale j is defined as

BCA(R, Sj,pm) = BCA(S], R,pm)
= min {A(S}, R, pm), A(R, S, pm)}. (6)

Then, the bidirectional consistency accuracy at pixel p,,
(BCA,, ) across n segmentation scales is defined as

BCA,, =max{BCA(R,S;,pm),j=12....,n}. (1)

Finally, the BC'A of the entire image is calculated as the sum
of BCA,, ateach pixel. That is

N
1
BCA = mz::l BCA,,, (8)

where N is the number of pixels in the image. The BC' A value
is between 0 and 1 according to the definitions, and a large
BCA value indicates high multiscale segmentation quality.
Moreover, because the accuracy of each pixel across multiple
scales is given as the highest value in (7), the MOA value
increases if segmentation scales are added to the set of seg-
mentations. In addition to indicating the overall segmentation
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China

Hangzhou

Fig. 3. Location of the study area and the QuickBird image shown with near-
infrared, red, and green bands.

accuracy by BC' A in (8), the multiscale segmentation accuracy
of each pixel can be calculated according to (7), which is
visualized as an accuracy map shown in Figs. 7 and 9.

III. EXPERIMENTS
A. Data and Experimental Setup

The study area is a section of Hangzhou City, Zhejiang
Province, China (see Fig. 3). The city is located at approxi-
mately 30.3° N and 120.2° E and is part of the Yangtze River
Delta Economic Zone, i.e., China’s largest core economic re-
gion. A QuickBird scene was acquired for use in this study on
March 2, 2008, and is 107 km? in size. The spatial resolution is
0.6 m after pansharpening using the method proposed by Zhang
[59]. The area includes both urban (e.g., commercial, industrial,
and residential) areas and rural geographical objects (e.g., farm-
land, trees, and open water), thus providing a diversity of land
cover classes.

We used five subsets from the QuickBird scene as test
images, which we labeled T1-T5 and as shown in Fig. 4. These
images represent the landscapes of an urban area, a farmland,
a residential zone, a water area, and an industrial zone, respec-
tively. The sizes are 658 x 504, 474 x 489, 793 x 623, 538 x
546, and 996 x 550 pixels for T1-T5, respectively. The ref-
erence objects for T1-TS are created by a specialist in remote
sensing, who outlined the boundary of each semantic object,
rather than the homogeneous regions, because the definition of
homogeneity is more arbitrary than that of a semantic object
[58]. These manual delineations were reviewed by a second
operator to catch any obvious errors. Finally, we identified 165,
156, 554, 107, and 292 reference objects in T1-T5, respectively.

In the experiment, we first determine the effectiveness of the
proposed measures on evaluating single-scale segmentation by
comparing them with existing discrepancy measures. Since the
multiscale evaluation measures are extended from single-
scale segmentation evaluation, if they cannot accurately reveal
single-scale segmentation quality, they are considered inef-
fective in evaluating multiscale segmentations. We then illus-
trate the effectiveness of the proposed measures on optimizing
parameters for multiscale segmentations. Using the multires-
olution segmentation method (MRS) [60] embedded in the
eCognition Developer 8 as an example, we employ the proposed
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Fig. 4. References of test images: (a) T1, (b) T2, (c) T3, (d) T4, and (e) T5.
Blue lines indicate manually delineated object boundaries.

measures to optimize its shape parameter. In Section III-D, the
measures are applied to compare three region-based multiscale
segmentation algorithms, including the MRS, the fast hierar-
chical segmentation method (FHS) [61], and the mean-shift-
based clustering method (MS) [62]. In addition to showing the
effectiveness of the proposed measures in selecting the multi-
scale segmentation method, we reveal the relationships between
the performances of single-scale and multiscale segmentations.
Finally, the MOA measure is used to reveal the effectiveness of
different combinations of segmentation scales on representing
various objects, which indicates the manner in which multiple
segmentation scales are selected appropriately.

B. Accuracy Assessment for Single-Scale Segmentation

The proposed measures M O A and BC' A can be used to eval-
uate single-scale segmentation, when the number of scales n is
equal to 1 in (2) and (7), respectively. If the measures cannot
reveal single-scale segmentation quality, their performance in
evaluating multiscale segmentations must be ineffective. We
used three single-scale evaluation measures for comparison,
including the symmetric partition distance (Dsym) [63], the
adjusted Rand index (ARI) [64], and the discrepancy measure
E proposed by Carleer et al. [65].
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Fig. 5. Evaluation results of single-scale segmentations produced by the MRS method using accuracy measures MOA, BCA, ARI, RR, and D, Test

images T1-T5 are shown in (a)—(e), respectively.

Dygyry is defined as the minimal number of pixels that must
be removed from both the reference segmentation (R) and the
segmentation result (.S) in order for the remaining pixels in R
and S to be identical. The measure E is defined as the ratio of
the number of improperly segmented pixels to the number of
pixels in the image. The ARI assesses the level of agreement
of two partitions based on the comparison of object triples,
i.e., the manner in which three distinct objects are delineated
by the two partitions. In this paper, we change Dgyy, to Dgym
and E to a rightly segmented ratio (RR), according to the
formulas D, =1~ Dgm and RR =1~ E, respectively.
The maximal value for the three measures is 1, and a large
value indicates high segmentation quality. The RR measure is
tolerant to oversegmentation, such that it continues to increase
when the segmentation becomes increasingly oversegmented.

The segmentation results produced by the MRS method [60]
are evaluated. MRS is a region-growing method controlled
by scale, shape, and compactness parameters. The shape and
compactness parameters are set at a constant of 0.5, but dif-
ferent scale parameters are set for each test images. The scale
parameters of T1, T3, and T5 are increased from 20 to 150 in
10-unit steps, and those of T2 and T4 are set as 20, 25, and
from 30 to 110 in 10-unit steps. According to visual analysis,
the small scale parameters produce oversegmented results, and
large scale parameters result in undersegmentation. We calcu-
lated the evaluation measures of M OA, BCA, Dgym, RR,
and ARI for each segmentation scale and plotted the results

sym*

in Fig. 5 to show the quality change in conjunction with
segmentation scales.

The changes of MOA, BCA, D{,,, and ARI are similar
when the values increase starting from the finest scale and de-
crease after reaching the highest value. The best segmentation
scales individually indicated by the four measures are nearly the
same, except that the best scale for AR/ is slightly coarser than
that of the M OA, BCA, and D;ym measures for T1-T3. As ex-
pected, the RR values continue to decrease from fine to coarse
scales. However, it is interesting to note that, if the decreasing
rate of RR is slow, the values of the other four measures
decrease less significantly at coarse scales, as for T4 and T5.
The comparisons show that the proposed measures M OA and
BC A can reveal the quality of single-scale segmentations and
are sensitive to both over- and undersegmentation, which is
the necessary condition to achieve effective performance during

multiscale segmentation evaluation.

C. Optimization of Multiscale Segmentation Parameters

The MRS method is used to show the effectiveness of the
proposed measures in optimizing parameters for multiscale seg-
mentations. We set the compactness parameter of MRS as 0.5,
due to its lack of sensitivity [66], and we focus on optimizing
the shape parameter. Five sets of multiscale segmentations for
each test image are produced by setting the shape parameters
to 0.1, 0.3, 0.5, 0.7, and 0.9, respectively. For shape 0.5, the
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Fig. 6. Multiscale segmentation accuracy of MRS results when setting different shape parameters for test images T1-T5: (a) M O A measure; (b) BC A measure.

scale parameters are set to the same as those in Section III-B.
For the remaining shape parameters, the scale parameters are
set to achieve similar multiscale segmentations as those of
shape 0.5. The MO A and BC A measures of each set of multi-
scale segmentations are then calculated to show the differences
caused by shape parameters in Fig. 6.

Although the absolute MO A and BC A values are different,
the qualitative changes of the two measures as the shape param-
eter increases are similar. Both measures indicate that shape 0.9
achieves the worst performance for all test images and that the
performance of shape 0.1 is the next worst. This illustrates the
necessity of integrating spectral and shape features. The best
shape parameter is 0.7 for T2, 0.3 for T4, and 0.5 for T1, T3,
and TS5, which parallels the characteristics of the test images.
The farmlands in T2 have regular shape, so that the relatively
large shape parameter is of high quality. The objects in T4 are
mainly ponds and trees displaying significant spectral contrast,
so that the small shape parameter performs more effectively
than does a large shape parameter. The shape and spectral
features of objects in T1, T3, and TS5 are complex, so that shape
0.5 achieves the best performance.

To illustrate the differences caused by shape parameters,
multiscale segmentation accuracy maps of TS are presented in
Fig. 7. The M OA accuracy map clearly shows the segmenta-
tion quality of each reference object. It is clear that most objects
in the M O A accuracy map of shape 0.5 are brighter than those
in shapes 0.1 and 0.9, indicating that shape 0.5 performs more
effectively than the other shapes. In the BC'A accuracy map,
reference objects are broken, and the segmentation quality is
represented at the pixel level, which suggests the heterogeneous
parts in reference objects that decrease segmentation accuracy.
For example, when comparing the accuracy maps of shape
0.5 with those of shape 0.9, we show that the pixels near
object boundaries have lower values in the BC' A accuracy map
of shape 0.9, which reflects the effect of neglecting spectral
information when setting a large shape parameter.

To optimize parameters for other multiscale segmentation
algorithms, a similar procedure as used in this example can be
applied, which is to produce sets of multiscale segmentations
by establishing different parameters. Multiscale segmentation
evaluation results, including values and accuracy maps, can
then be used to determine suitable parameters.

Fig. 7. Multiscale segmentation accuracy maps of MRS results for test image
T5: (a) MOA, shape 0.1; (b) BC A, shape 0.1; (c) M O A, shape 0.5; (d) BC A,
shape 0.5; (e) M O A, shape 0.9; (f) BC A, shape 0.9. The white areas represent
segmentation accuracy with a value of 1, and the black areas represent a
value of 0.

D. Comparison of Multiscale Segmentation Methods

Here, we use the proposed measures to compare segmen-
tation methods MRS, MS, and FHS. This process allows us
to demonstrate the effectiveness of selecting an appropriate
multiscale segmentation method. (For more details on segmen-
tation methods, please refer to references [60]-[62].) The scale
parameters of MRS are set identical to those in Section III-B,
and the shape parameter is set at a constant of 0.5. The scale
parameter of the FHS method is the number of regions. We then
produce multiscale segmentations of FHS that have the same
region number as that of MRS. In addition, the spectral weight
of FHS is set to 0.5. The MS method has three parameters
(hs, hy, M) to control the segmentation scale, where h; and h,-
are bandwidth parameters of the spatial and range domain, and
M 1is the minimum region area. Determining the proper scale
parameters for the MS method [67], [68] is difficult. In this
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TABLE I
MULTISCALE SEGMENTATION ACCURACY OF MRS, MS, AND FHS METHODS BASED ON M OA AND BC'A MEASURES

Segmentation Tl 12 13 T4 TS
method MOA BCA MOA BCA MOA BCA MOA BCA MOA  BCA
MRS 0.764 0599 0782 0650 0701 0537 0.761 0589 0.784 0.590
FHS 0778 0.619 0799 0.660 0.684 0502 0757 0.587 0.783  0.589
MS 0.746 0612 0825 0723 0697 0544 0723 0562 0760 0.586

j
=

’

Fig. 8. Multiscale segmentation accuracy maps of (a) and (d) MRS, (b) and
(e) MS, and (c) and (f) FHS results for test image T4. The top row is associated
with the M OA measure, and the bottom row is associated with the BC' A
measure. The white areas represent a segmentation accuracy of 1, and the black
areas represent an accuracy of 0.

paper, the h, and h, parameters are set from 7 to 20 at an
interval of 1 for T1, T3, and T5, and from 7 to 27 at an interval
of 2 for T2 and T4. These settings are necessary because the
spectral contrast among objects in T2 and T4 is larger than
those of the other images. The parameter M is set differently
to ensure the segmentation scales of MS approximate those
of MRS.

Multiscale segmentation accuracies indicated by MO A and
BC A for the three segmentation methods are shown in Table 1.
The two measures are consistent in revealing the segmentation
quality for each segmentation method. In most cases, the MRS
method can achieve the best multiscale segmentation perfor-
mance. The FHS method performs similarly to MRS, except
with respect to test image T3. However, the performance of the
MS method is different with MRS and FHS. For test images T2
and T3, the MS method can achieve the best performance. How-
ever, for T1, T4, and TS, it has the worst performance among
all methods. The causes will be illustrated in the following,
by combining with single-scale segmentation quality. Finally,
the multiscale segmentation evaluation results reveal that no
segmentation method can achieve the best performance for all
test images.

The MOA and BC'A accuracy maps of T4 are shown in
Fig. 8 to illustrate the differences caused by the three seg-
mentation methods. According to Table I, for T4, the overall
multiscale segmentation accuracy of MRS is the highest, and

the accuracy of FHS is slightly lower than that of MRS but
significantly higher than that of MS. In the accuracy maps, it is
apparent that not all the objects are better segmented by MRS
than by FHS and MS. The segmentation accuracy of certain
objects produced by MRS, such as the trees that surround pools
of water, is even lower than that produced by MS and FHS.
This illustrates that although one method achieves the better
overall multiscale segmentation performance than the others, it
is not necessarily the best method for each object. The findings
may inspire future studies to integrate different segmentation
methods, in order to represent various objects more accurately
in high spatial resolution images.

To further illustrate the relationship between single-scale
and multiscale segmentation performance, single-scale accu-
racies calculated by MOA and BCA for the three segmen-
tation methods are plotted in Fig. 9. In most cases, the FHS
method achieves the highest single-scale segmentation accu-
racy, followed by the MS method. However, this observation
is inconsistent with the multiscale segmentation accuracy in-
dicated in Table I, in which the MRS method achieves the
best performance in most cases. This inconsistency shows
that no direct relationship between the best single-scale per-
formance and the best multiscale segmentation performance
exists.

As previously discussed, the multiscale segmentation perfor-
mances of MRS and FHS are similar, whereas MS performs
differently. Accordingly, compared with that of MS, the single-
scale accuracy curves of MRS and FHS in Fig. 9 are rela-
tively similar, as the segmentation scale coarsens. However,
the single-scale segmentation accuracy of MS is often higher
than that of MRS and FHS at fine scales, but it decreases
considerably at coarse scales. This shows that MS can perform
better at fine scales but worse at coarse scales than can MRS
and FHS. In addition, this may explain why the multiscale
segmentation accuracy of MS is high for test images T2 and
T3 but significantly low for the other images compared with
the accuracy of MRS and FHS. The reference objects in T2
and T3 (see Fig. 4) are relatively small. Therefore, a high
performance of MS at fine scales contributes to high multiscale
segmentation accuracy. By contrast, the reference objects in test
images T1, T4, and TS are relatively large. Thus, a poor perfor-
mance of MS at coarse scales contributes to reduced multiscale
segmentation accuracy compared with that of MRS and FHS.
Based on this analysis, we can determine that the single-scale
segmentation qualities for all segmentation scales are related
to multiscale segmentation accuracy. However, the relation is
qualitatively limited and cannot be described quantitatively at
present.
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Fig. 9. Accuracy of single-scale MRS, MS, and FHS segmentation results based on M O A and BC A measures.

E. Selection of Multiple Segmentation Scales

Here, the effectiveness of combinations of different segmen-
tation scales in representing various objects are analyzed, giv-
ing indications on how to select suitable multiple segmentation
scales for high spatial resolution images. In Sections III-C and
D, we describe that multiscale evaluation is performed on a set
of segmentations having more than ten scales. However, the
following questions arise: 1) Are so many segmentation scales
necessary to represent the various objects? 2) How many scales
are sufficient and how to choose these scales appropriately?
Multiscale segmentations produced by the MRS method (i.e.,
the same as those described in Section III-B) are used to
examine these questions during an evaluation of the MOA
measure.

First, we examine the effect of the number of segmentation
scales in multiscale segmentation accuracy. Changes in the
MO A accuracy as the number of scales increases are plotted in
Fig. 10. When selecting m scales from n scales (m < n), the
number of combinations of m scales is ¢(n, m), which is equal
to n!/((n — m)!m!). For each m, we generate all combinations
and calculate the M OA accuracy of each combination. The
maximal, minimal, and mean M OA values and the standard
deviation of the MO A values in the set of combinations of m
segmentation scales are calculated. Fig. 10 shows that, when
the number of scales increases, the maximal, minimal, and
mean MOA values of the corresponding set of combinations
all increase. However, this rate decreases with each increment
in the number of scales. Generally, when the number of scales is
three or four, the maximal M O A accuracy achieves nearly the
highest for all test images. This shows that three or four seg-

mentation scales are sufficient to represent the various objects.
However, the standard deviation and changing range of M OA
values for each set of combinations decrease in direct propor-
tion to the increment in the number of scales. This shows that,
when the number of selected scales is small, the variations
of multiscale segmentation accuracy within different combi-
nations are significant. In this case, selecting proper multiple
segmentation scales is difficult.

We then illustrate the manner in which to select proper
multiple segmentation scales, particularly a small number of
scales. The intervals between selected neighboring scales are
considered the main factor and analyzed. In an ideal case, all
neighboring scales have the same interval. For example, if we
select three from six scales in intervals of two, the set of combi-
nations of three scales is limited to {{1,3,5},{2,4,6}}. Given the
number of selected scales, the effectiveness of scale intervals on
multiscale segmentation performance can be shown by evaluat-
ing different sets of scale combinations at different intervals.
The evaluation results are plotted in Fig. 11, for each given
number of scales. When the number of selected scales is two,
the mean MOA values increase in direct proportion to the
increment of scale intervals and then decrease when the scale
intervals is large for T1-T3. For T4 and TS5, the mean M OA
values do not decrease significantly when the scale intervals
become large. When selecting two segmentation scales having
a large interval, one scale should be fine and the other coarse.
Since the objects in T4 and TS are relatively large, coarse-
scale segmentation contributes to high multiscale segmentation
accuracy. By contrast, coarse-scale segmentation decreases the
multiscale segmentation accuracy of T1-T3 because the objects
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Fig. 10. Changes in the maximum, mean, minimum, and standard deviation of M/ O A values for sets of MRS multiscale segmentations with increasing numbers

of scales. Given the number of scales, each set includes all possible combinations of segmentation scales.

in these images are small. If the number of the selected scales
is large, the allowed scale intervals in the ideal case are limited.
However, we observe that the mean M OA values continue to
increase in direct proportion to increments in the scale intervals,
when the number of selected scales is large. The results show
that we should select multiple segmentations at suitably large
scale intervals to represent the objects in high spatial resolution
images.

The optimal combinations of three segmentation scales are
used to further illustrate the manner in which we select multiple
segmentation scales. Statistics of the three optimal segmen-
tation scales for each test image are presented in Table II.
Scale parameter intervals are extensive. Progressing from fine
to coarse scales, the number of segments in the three segmenta-
tions is significantly larger than, similar to, and significantly
smaller than that in the reference segmentation. This shows
that the optimal combinations of segmentations simultaneously
include the scales of apparent oversegmentation, a similar scale
to that of the reference, and apparent undersegmentation. The
number of expressed reference segments by the three scales
decreases from fine to coarse, but the area of the expressed
objects at each scale does not decrease in direct proportion.
This shows that fine-scale segmentation can represent large
numbers of small objects, whereas coarse-scale segmentation
can describe several large objects.

Finally, to present visually Table II statistics related to the
optimal combination of segmentation scales, the three optimal
segmentation scales and segments that best express reference
objects at each scale are shown in Figs. 12—14. The three seg-
mentation scales are oversegmented, medium, and underseg-
mented, respectively. Small reference objects are represented
best by fine-scale segmentation. Medium reference objects are
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TABLE II
STATISTICS RELATED TO THE OPTIMAL COMBINATION OF THREE
SEGMENTATION SCALES INDICATED BY THE M O A MEASURE

Test Scale Number of Number of ATea proportion
image paramefers  seements expressed of the expressed
g P & objects objects
Tl 50/100/150  435/152/70 120/35/10 0.362/0.365/0.273
T2 30/60/100  549/169/65 86/54/16 0.168/0.478/0.354
T3 30/70/150 1306/374/125  406/134/14  0.317/0.462/0.221
T4 40/70/110  266/108/59 70/20/17 0.187/0.435/0.378
TS 30/60/140 1341/481/138  162/81/49 0.149/0.284/0.567

delineated best by the segmentation with a similar scale as
that of the reference. Finally, coarse-scale segmentation distin-
guishes large reference objects more effectively than do other
scales.

IV. DISCUSSION

In this paper, we conduct multiscale segmentation evaluation
on a single reference. Although high-level information is re-
tained in the reference by delineating the boundaries of seman-
tic objects rather than those of homogeneous regions, variations
caused by different interpretations should be addressed. Uncer-
tainties encountered when delineating references is a topic that
has been studied by Albrecht [69], with respect to remote sens-
ing images, and by Martin [58], with respect to natural images.
Albrecht explained that the disagreement between interpreters
was not related to the entire area of objects indicating thematic
uncertainty, but rather to the margins along the object bound-
aries. Moreover, Albrecht separated the different interpretations
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Segmentation results
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Fig. 12.  (Left) Optimal combination of three segmentation scales produced by
the MRS method for test image T2. (Middle) Optimal segments at each scale.
(Right) Expressed reference segments.

into detailed and generalized groups. This is similar to the
research of Martin, who determined that the references pro-
duced by different interpreters are consistent except in the case
of variations of oversegmenting or undersegmenting certain ob-
jects. Both researchers discovered that the boundary deviation

6 8 10 12

Scale interval

(e)

Changes in multiscale segmentation accuracy as scale intervals increase.

;s

Optimal segments Reference egments

Fig. 13.  (Left) Optimal combination of three segmentation scales produced by
the MRS method for test image T3. (Middle) Optimal segments at each scale.
(Right) Expressed reference segments.

of reference objects is not significant. To address boundary de-
viation, Albrecht produced a medium interpretation as the refer-
ence. However, unfortunately, the effect of boundary deviation
on segmentation evaluation results was not analyzed, which
we believe would be a meaningful guideline for reference
delineation. On the other hand, some researchers conducted
segmentation evaluation for natural images based on multiple
references [53], [58]. In the future, extending the proposed mea-
sures to evaluate single-scale or multiscale segmentations of
high spatial resolution images using multiple references would
be beneficial to this field of research. Regarding the evaluation
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Fig. 14.  (Left) Optimal combination of three segmentation scales produced by
the MRS method for test image T5. (Middle) Optimal segments at each scale.
(Right) Expressed reference segments.

of single-scale segmentation using multiple references, the
MOA and BC A measures can be applied directly by exchang-
ing the roles of the reference and segmentation. Specifically, by
preparing multiple references with different abstract levels, we
can evaluate the manner in which the multiscale segmentation
method can describe objects at different semantic levels (e.g.,
a single tree, group of trees, or an entire forest) in high spatial
resolution images.

The proposed multiscale segmentation evaluation measures
are first conducted on each object or pixel and then com-
bined to evaluate the performance of the whole partitions. In
Section II-A, we argued that multiscale segmentation evalua-
tion should be performed on each unit of object or pixel first
across multiple scales. The combination of units can then indi-
cate the manner in which the objects are described by multiple
segmentations, as shown in Table I. By contrast, if we first eval-
uate all segments at each segmentation scale and then combine
the single-scale evaluation results across the scales, the multi-
scale segmentation performance is not clear, as shown in Fig. 8.
Table I reveals the multiscale segmentation quality directly, but
Fig. 8 does not. Although a qualitative relationship exists be-
tween Fig. 8 and Table I based on our analysis in Section III-D,
this relationship cannot be quantitatively described at present.
A critical concept of the proposed measures is to characterize
the delineation quality of each evaluation unit (i.e., an object
or pixel) based on corresponding multiple segmentations. In
this paper, the maximal operator is used for evaluation, as in
(2) and (7), which is designed to show the semantic coherence
by exploring the one-to-one relation between the segments and
the reference objects. However, other fusing strategies can be
applied according to requirements of specific applications, such
as the weighted summation strategy [57].

During some evaluation tasks, we evaluate segmentations
based on selected objects or land cover classes. For example,
if an application extracts farmland from an image, the segmen-
tation evaluation tends to be performed on specific farmland
objects. In these cases, the proposed measures can be applied by
combining the selected elements rather than all elements in the
image.

The evaluation results show that the proposed measures
can assess multiscale segmentation accuracy and indicate the
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manner in which multiple segmentation scales can be selected.
The proposed measures can manage various combinations of
multiple segmentation scales. Therefore, applications for pa-
rameter optimization using multiscale segmentation methods
can be expanded. For example, in this study, we optimize
the shape and scale parameters of the MRS method sepa-
rately. However, they can be optimized concurrently to produce
multiple segmentations that more effectively represent various
objects. Moreover, the proposed measures can help to evaluate
the effectiveness of methods for automatic selection of suitable
multiscale segmentations [43], [55], [56].

The evaluation results in Figs. 12—14 show that objects with
significant spectral heterogeneity and complex shape remain
poorly represented by single segments. This reflects the limi-
tations of bottom-up segmentation methods that use only low-
level image features and may require the integration of prior
knowledge into remote sensing image segmentation procedures
[20], [21].

V. CONCLUSION

In this paper, we examined the problem of evaluating mul-
tiscale segmentation performance. Two discrepancy measures
are proposed to assess multiscale segmentation accuracy: the
MOA measure at the object level and the BC'A measure at
the pixel level. In addition to indicating the overall accuracy
of multiscale segmentations, the proposed measures can reveal
accuracy from local insight according to accuracy maps. More-
over, the M O A measure illustrates a general multiscale evalu-
ation framework at the object level, in which other indicators of
object accuracy can be embedded. The proposed methods are
suitable for multiscale segmentation evaluation.

We used five test images from a QuickBird scene in
Hangzhou, China, to conduct the evaluation. The effectiveness
of the proposed measures is demonstrated in the case of single-
scale evaluation by comparing them with existing measures,
which is the necessary condition to achieve effective perfor-
mance during multiscale segmentation evaluation. Then, the
proposed measures are successfully applied to parameter opti-
mization and method comparison for multiscale segmentation
of high spatial resolution images. The relationships between
the performances of single-scale and multiscale segmentations
were analyzed and reveal that the single-scale segmentation
qualities of a set of multiscale segmentations are qualitatively
related to multiscale segmentation performance.

Finally, the proposed measures were used to analyze the
effect of different combinations of multiple segmentation scales
in representing objects. Meaningful findings related to the
selection of suitable multiscale segmentation scales include the
following: 1) Multiscale segmentation accuracy continues to
improve if additional segmentation scales are evaluated. How-
ever, three or four scales used with the test images can ap-
proximate the best performance in terms of accuracy. 2) High
multiscale segmentation accuracy can be achieved by setting
suitably large scale intervals. 3) Multiple segmentation scales
should include oversegmented, medium, and undersegmented
scales concurrently to represent various objects in high spatial
resolution images.
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