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Segmentation of remote sensing images is a critical step in geographic object-based image analysis.
Evaluating the performance of segmentation algorithms is essential to identify effective segmentation
methods and optimize their parameters. In this study, we propose region-based precision and recall
measures and use them to compare two image partitions for the purpose of evaluating segmentation
quality. The two measures are calculated based on region overlapping and presented as a point or a curve
in a precision–recall space, which can indicate segmentation quality in both geometric and arithmetic
respects. Furthermore, the precision and recall measures are combined by using four different methods.
We examine and compare the effectiveness of the combined indicators through geometric illustration, in
an effort to reveal segmentation quality clearly and capture the trade-off between the two measures. In
the experiments, we adopted the multiresolution segmentation (MRS) method for evaluation. The
proposed measures are compared with four existing discrepancy measures to further confirm their
capabilities. Finally, we suggest using a combination of the region-based precision–recall curve and the
F-measure for supervised segmentation evaluation.
� 2015 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Detailed geometric information of geographical objects is
typically presented in high-spatial resolution remote sensing
images. To retrieve information from these images, geographic
object-based image analysis (GEOBIA) has been widely used and
represents an evolving paradigm (Blaschke et al., 2014). GEOBIA
operates based on segmented objects, which make it less sensitive
to spectral variation in high spatial resolution images. Moreover, it
can effectively use the spatial information of objects, especially
contextual information (Blaschke and Strobl, 2001; Schiewe
et al., 2001; Burnett and Blaschke, 2003; Yu et al., 2006; Hay and
Castilla, 2008).

Image segmentation is a prerequisite for GEOBIA. Its objective is
to partition an image into spatially contiguous and homogeneous
regions. In GEOBIA, segmented regions are viewed as image
objects, which represent the core of object-based analysis (Benz
et al., 2004; Blaschke, 2010). Thus, evaluation of segmentation
quality is essential for GEOBIA in selecting effective segmentation
approaches and determining optimal parameters (Neubert et al.,
2008).

In general, strategies for evaluating segmentation quality
include visual analysis, system-level evaluation, and empirical
goodness and empirical discrepancy methods. Visual analysis is
easy to perform, but it cannot provide quantitative evaluation
results and is inevitably affected by subjectivity. In system-level
evaluation, segmentation is viewed as a part of the classification
system. Segmentation quality is evaluated by classification accu-
racy, in which a high classification accuracy indicates high segmen-
tation quality (Laliberte and Rango, 2009; Smith, 2010; Gao et al.,
2011; Dronova et al., 2012). This strategy proves that segmentation
quality directly affects the performance of GEOBIA. However, it
does not reflect the many properties intrinsic to a segmentation
algorithm that are independent of applications (Unnikrishnan
et al., 2007).

The empirical goodness method (also known as unsupervised
evaluation method) assesses segmentation quality primarily by
calculating indicators of homogeneity within regions or differences
between regions (Levine and Nazif, 1985; Stein and De Beurs,
2005; Chabrier et al., 2006; Espindola et al., 2006; Faur et al.,
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2009; Corcoran et al., 2010; Drǎgut� et al., 2010; Gao et al., 2011;
Johnson and Xie, 2011; Zhang et al., 2012). Recently, this strategy
has received much attention (Zhang et al., 2008), primarily because
it is objective and does not require the ground truth. However,
researchers who employ the strategy have the added difficulty of
designing effective indicators and explaining the meaning of abso-
lute indicator values.

The empirical discrepancy method, or called as supervised eval-
uation method, evaluates segmentation quality by comparing seg-
mentation results with ground truth (Zhang, 1996; Neubert et al.,
2008; Clinton et al., 2010). This strategy is apparently effective
but it faces the difficulty of generating objective references because
of the uncertainty caused by different interpreters. Martin (2003)
and Albrecht (2010) examined the uncertainty for natural images
and remote sensing images, respectively. The results showed that
the references produced by different interpreters vary in their
degree of details, but the reference objects are consistent with each
other. It is indicated that the evaluation based on a single reference
is applicable to a given amount of details.

The empirical discrepancy method can be performed on several
selected objects (Neubert et al., 2008; Clinton et al., 2010) or on a
partition of an image (Cardoso and Corte-Real, 2005; Carleer et al.,
2005). The first case is suitable for optimizing segmentation
parameters or evaluating segmentation performance for certain
land cover classes. However, ensuring that the selected objects
appropriately represent the land cover classes or the image scene
is a challenge. The second case is based on the definition of image
segmentation in which two partitions are compared (Cardoso and
Corte-Real, 2005). However, it requires considerable effort to delin-
eate all the objects in an image as reference objects.

The discrepancy between a segmentation and reference directly
reveals the segmentation quality. If the discrepancy is small, the
segmentation quality is high. In an ideal case, if no discrepancy
exists, the segmented regions are identical to the reference objects.
Two types of discrepancies should be evaluated: geometric and
arithmetic (Liu et al., 2012). Measuring the discrepancies sepa-
rately is not difficult. However, measuring them concurrently is a
challenge.

Geometric discrepancy is usually measured by boundary
matching or region overlapping. Segmentation can simply be trea-
ted as a boundary map. Then the discrepancy measures are calcu-
lated on an edge-versus-non-edge basis or by prioritizing the edge
pixels according to their distance to the reference (Martin et al.,
2004; Estrada and Jepson, 2009; Albrecht, 2010). However, in most
cases, especially in remote sensing image segmentation, the region
overlapping strategy is often employed (Räsänen et al., 2013;
Lucieer, 2004; Carleer et al., 2005; Zhan et al., 2005; Möller et al.,
2007; Tian and Chen, 2007; Neubert et al., 2008; Weidner, 2008;
Clinton et al., 2010; Liu et al., 2012; Marpu et al., 2010; Persello
and Bruzzone, 2010; Witharana et al., 2014). This may be not only
because the region overlapping reflects the geometric discrepancy
but also because the image objects in GEOBIA are closer to the unit
of region than to the edge pixels.

Arithmetic discrepancy corresponds to over- and under-seg-
mentation. During over-segmentation, a reference object may be
separated into several segments, whereas during under-segmenta-
tion, a segmented region may correspond to several reference
objects. A direct approach to identifying arithmetic discrepancy
is to compare segments with reference objects regarding their total
numbers (Carleer et al., 2005; Persello and Bruzzone, 2010; Xiao
et al., 2010; Liu et al., 2012).

Certain geometric discrepancy measures can reflect arithmetic
discrepancy implicitly. Some measures can tolerate over-segmen-
tation but incur penalties during under-segmentation, such as
the measure E proposed by Carleer et al. (2005), asymmetric
partition distance (Cardoso and Corte-Real, 2005), and global
consistency error (Martin, 2003). In a stricter case, certain mea-
sures are intolerant to both over- and under-segmentation, such
as the Rand index (Rand, 1971; Hubert and Arabie, 1985), symmet-
ric partition distance (Cardoso and Corte-Real, 2005), and bidirec-
tional consistency error (Martin, 2003). Measures that tolerate
under-segmentation and mutual refinement are examined by
Cardoso and Corte-Real (2005) and Martin (2003).

Some studies have proposed evaluating both geometric and
arithmetic discrepancies by combining several indicators. For
example, the indicators of over- and under-segmentation have
been combined to evaluate the two discrepancies concurrently
(Levine and Nazif, 1982; Yang et al., 1995; Clinton et al., 2010).
Persello and Bruzzone (2010) presented a set of indices that char-
acterize five types of geometric errors and then combined them.
Hoover et al. (1996) designed six indicators to apply to different
segments in order to evaluate segmentation performance. How-
ever, these combination strategies must be carefully designed to
achieve potential trade-offs of different measures. In addition,
when the number of measures is large, combining them is difficult.

This study proposes discrepancy measures that are sensitive to
both geometric and arithmetic errors when comparing two parti-
tions. Region-based precision and recall measures are proposed
based on region overlapping, which indicate segmentation quality
in a precision–recall space. A precision–recall curve is a standard
evaluation technique employed in the field of information retrieval
(Van Rijsbergen, 1979) and is commonly used for evaluating edge
or boundary detection results (Martin et al., 2004; Estrada and
Jepson, 2009). Martin (2003) proposed the region precision–recall
curve method based on information theory. In this study, we sim-
ilarly design the precision and recall measures based on region
overlapping and extend them for use with remote sensing images.
When calculating these measures, we focus on matching direction
and corresponding criteria for region overlapping. Furthermore,
the precision and recall measures are combined to reveal segmen-
tation quality by catching the trade-offs of the two measures. We
reveal the effectiveness of four combination strategies by means
of geometric illustration.

The remainder of the paper is organized as followed. Section 2
describes the study area as well as image data and references. Sec-
tion 3 discusses the evaluation and segmentation methods
employed in this study. The experimental results are presented
in Section 4 and reveal the effectiveness of our discrepancy mea-
sures. Section 5 includes additional discussion. Finally, a conclu-
sion is drawn in Section 6.
2. Study area and data

A QuickBird scene in Hangzhou, China, acquired on March 2,
2008, is used as the image data. The city is located at approxi-
mately 30.3�N and 120.2�E and is a Chinese city undergoing rapid
economic development. The spatial resolution is 0.6 m after pan-
sharpening is performed using the method proposed by Zhang
(2002). The radiometric resolution is 16 bits. Four subsets in the
QuickBird scene are used as test images to show segmentation
evaluation results. The test images are identified as T1, T2, T3,
and T4, representing the landscape for a watery area, farmland,
and residential and industrial zones, respectively. The image sizes
are 538 � 546, 474 � 489, 793 � 623, and 996 � 550 pixels for test
images T1–T4, respectively.

References for the test images were digitized by a specialist in
remote sensing. Manual extractions were then reviewed by a sec-
ond operator to catch any obvious errors. To reduce variation in
levels of details, operators were told to outline the boundaries of
each geographic object rather than those of homogeneous regions
because the definition of homogeneity is more arbitrary and



Fig. 1. Reference of test images T1 (a), T2 (b), T3 (c), and T4 (d). The images are shown with a combination of near infrared, red and green bands. Yellow lines represent the
boundaries of reference objects. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Scale parameters for test images T1–T4 given Shape 0.5.

Serial number of scale Scale parameter

T1&T2 T3&T4

1 20 20
2 25 30
3 30 40
4 40 50
5 50 60
6 60 70
7 70 80
8 80 90
9 90 100

10 100 110
11 110 120
12 130
13 140
14 150
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limiting than that of a geographic object (Martin, 2003). Finally,
107, 156, 554, and 292 reference objects were produced in test
images T1–T4, respectively, as shown in Fig. 1.

In this study, the multiresolution segmentation (MRS) method
(Baatz and Schäpe, 2000) is used to produce segmentation results
for evaluation. The shape and scale parameters of MRS are set as
followed. Five shape parameters (0.1, 0.3, 0.5, 0.7, and 0.9) are
set for each test image. For Shape 0.5, the scale parameters are
set as presented in Table 1. For the other shape parameters, the
scale parameters are set differently to achieve similar segmenta-
tion scales to those of Shape 0.5. The serial numbers of scales are
defined as {1, 2, . . .,n}, where n is 11 for T1 and T2 and 14 for T3
and T4.

3. Methodology

A schematic of calculating precision and recall measures to
evaluate segmentation quality is shown in Fig. 2. First, we overlap
segmentation result with reference to calculate the precision and
recall values by inverse matching direction. The two measures
are jointly used to indicate segmentation quality. Furthermore,
the two measures can be combined into a single measure to eval-
uate segmentation quality.

3.1. Region-based precision and recall measures

The precision and recall measures are calculated based on
region overlapping. Two aspects related to region overlapping are
declared prior to experimentation: the matching direction and
the corresponding criteria. The matching direction for the precision
measure is defined as a reference-to-segment directional corre-
spondence. In other words, we match the reference objects to the
segments, and not vice versa. However, for the recall measure,
we reverse this and match segments to reference objects. The
precision measure reflects the quality of the segments, whereas
the recall measure indicates the manner in which the reference
objects are described by the segments. The corresponding criteria
help to determine the sensitivity to over- and under-segmentation.
Some studies have defined the corresponding regions as those with
greater than 50% of pixels located in the target regions of the
matching process (Weidner, 2008; Clinton et al., 2010). Other stud-
ies have identified corresponding segments as those with a maxi-
mal overlapping area (e.g., Lucieer, 2004; Carleer et al., 2005).
We adopt this second strategy because it is more sensitive to the
over- and under-segmentation than is the first strategy. As shown
in Fig. 3, if the first strategy is adopted when matching the three
regions {O11, O12, O13} to the region O21, all three regions are
viewed as corresponding segments, and the overlapping area is
equal to O21. However, if the second strategy is adopted, only the
region O12 is defined as the corresponding segment and the
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Fig. 2. Schematic of calculating precision and recall measures to evaluate segmen-
tation quality.
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overlapping area is equal to O12. The area of O12 is smaller than that
of O21, incurring a penalty for over-segmentation if O21 is a refer-
ence object or for under-segmentation if O21 is a segmented region.

Given the segmentation result S with n segments {S1, S2, . . .,Sn}
and the reference R with m objects {R1, R2, . . .,Rm}, the precision
measure is calculated by matching {Ri} to each segment Si and
the recall measure by matching {Si} to each reference object Ri.

When calculating the precision measure, the matched reference
object (Rimax) for each segment Si is first identified, where Rimax has
the largest overlapping area with Si. The precision measure is then
defined as:

Precision ¼
Xn

i¼1

Si \ Rimaxj j
Xn

i¼1

jSij
,

; ð1Þ

where |�| denotes the area that is represented by the number of pix-
els in a region.

Similarly, the matched segment (Simax) for each reference object
Ri is searched according to the maximal overlapping area criterion
and the recall measure is defined as:

Recall ¼
Xm

i¼1

Ri \ Simaxj j
Xm

i¼1

jRij
,

: ð2Þ

The precision and recall measures are jointly used to indicate
segmentation quality. If the precision and recall values of one seg-
mentation result are both higher than a second segmentation
result, this indicates high segmentation quality. In an ideal case
in which the segmentation is identical to the reference, both the
precision and recall measures achieve the largest value of 1.
Moreover, the joint use of the two measures can indicate both
over- and under-segmentation and is not biased toward over- or
maximal

≤50%

Fig. 3. Sample illustrations of corresponding criteria and its sensitivity to over- a
under-segmented images. When an image is over-segmented, the
precision value is large but the recall value decrease to incur the
penalty. In an extreme over-segmentation case in which each pixel
is a segment, the precision value is 1 and the recall value is as low
as m/N, where m is the number of reference objects and N is the
number of pixels in the image. By contrast, when an image is
under-segmented, the recall value is high but the precision value
decreases. In an extreme under-segmentation case in which the
entire image is viewed as a segment, the recall value is 1 and the
precision value decreases to |Rmax|/N, where Rmax represents
the largest reference object.

Precision and recall values can be presented in a precision–recall
space to indicate segmentation quality visually. The precision–recall
space allows us to characterize the performance of segmentation
algorithms in a manner that is independent of particular choices
regarding input parameters (Estrada and Jepson, 2009). Each point
in the two-dimensional space corresponds to a segmentation result.
A precision–recall curve can then be plotted based on a set of
segmentations produced by setting different values for a single
parameter. Thus, a precision–recall curve can show a change in seg-
mentation quality caused by a parameter. For example, a curve can
indicate a change from a fine scale to a coarse scale, as in Fig. 6. In
addition, we can determine the effectiveness of more than one seg-
mentation parameter by comparing different curves.
3.2. Combination of precision and recall measures

As previously mentioned, if the precision and recall values of
one segmentation are both higher or both lower than those of
another segmentation, distinguishing between the two segmenta-
tions is easy. For example, a point (0.7, 0.7) in the precision–recall
space apparently indicates higher segmentation quality than (0.6,
0.6). However, it is common that the two measures of one segmen-
tation do not concurrently have higher or lower values than those
of another segmentation. For example, determining the higher seg-
mentation quality achieved between (0.7, 0.7) and (0.8, 0.6) is dif-
ficult. To deal with this complexity, the precision and recall
measures can be combined into a single measure to capture the
trade-off between the two measures. The combined measures
can then clearly expose segmentation quality. However, the effec-
tiveness of the combined measures is directly determined by the
manner in which they are combined. Accordingly, we compared
four combination strategies to reveal their effectiveness.

The first combination strategy is the F-measure (Van Rijsbergen,
1979), which is defined as:

F ¼ 1
a 1

Precisionþ ð1� aÞ 1
Recall

; ð3Þ

where the weight a is a constant 0.5 in this study. The value of
F-measure ranges from 0 to 1.
nd under-segmentation when matching regions {O11, O12, O13} to region O21.
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The second combination strategy involves the sum of the preci-
sion and recall measures, which is similar to the method of com-
bining the over- and under-merging indicators (Levine and Nazif,
1982). The SUM value is less than 2.

SUM ¼ Precisionþ Recall: ð4Þ

The Euclidean distance strategy is similar to the method com-
bining the over- and under-segmentation measures, as introduced
by Clinton et al. (2010). However, we define two distances for the
point in the precision–recall space. The first is identified as ED,
indicating the distance to the point (0, 0) in the space. The second
is identified as ED0, indicating the distance to (1, 1). Both ED and ED0

values change from 0 to
ffiffiffi
2
p

.

ED ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Precision2 þ Recall2

q
: ð5Þ

ED0 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1� PrecisionÞ2 þ ð1� RecallÞ2

q
: ð6Þ

As discussed in Section 3.1, large precision and recall values
indicate high segmentation quality. According to the above defini-
tions of the combined measures, large precision and recall values
increase the F-measure, SUM, and ED values but decrease the ED0

value. Hence, large F-measure, SUM, and ED values and small ED0

value indicate high segmentation quality. Geometrically, all the
four combined measures show that the points located in the
upper-right portion of the precision–recall space indicate high seg-
mentation quality. The combined measures determine the manner
in which to separate the upper-right and lower-left portions of the
precision–recall space. The space is separated by the precision–
recall curve, in which all points have the same value of a combined
measure, as shown in Fig. 4. We call this an ‘‘isocurve’’. Each value
of a combined measure has a corresponding isocurve in the preci-
sion–recall space. When comparing two segmentations by means
of a combined measure, if two corresponding points in the preci-
sion–recall space are located in the same isocurve, the two seg-
mentations have performed identically. Otherwise, if the two
points are not in the same isocurve, at least one isocurve on either
side of which the two points are located must exist. The point
located in the upper-right portion of the isocurve indicates higher
segmentation quality than that of the other point.

The definition of a combined measure determines the shape of
its isocurve. Different definitions correspond to different isocurve
shapes, which results in different forms of separation within the
precision–recall space. The isocurve shapes of the four combined
measures are shown in Fig. 4. The isocurve shape of SUM is a
straight line with a slope of 135�. The isocurve shape of ED and
ED0 is an arc of a circle centered in (0, 0) and (1, 1), respectively.
However, the isocurve shape of the F-measure changes along with
Fig. 4. Sample isocurves of the combined measures SUM, ED and ED0 (left) and F-measur
the same value of a combined measure.
the values. Therefore, the indications of the four combined mea-
sures are inconsistent with one another due to the obtained
trade-offs of the precision and recall measures. For example, when
comparing the points P1 (0.5, 0.9) and P2 (0.7, 0.7) in the preci-
sion–recall space as shown in Fig. 5(a), we determine that the
SUM measure indicates equivalent segmentation quality because
the two points are located in the isocurve that has a value of 1.4.
However, in the other three measures the two points are not
located in the same isocurve. For the ED measure, P1 is located in
the upper-right portion, indicating the better segmentation quality
than that of P2. By contrast, P2 is located in the upper-right portion
according to the isocurve of ED0 and F-measure. In the experiments,
the influence of different combination strategies on revealing seg-
mentation quality will be analyzed in detail.

In addition, the isocurve shapes of the combined measures
directly relate to the sensitivity of the measures to over- and
under-segmentation. An example is shown in Fig. 5(b). Given point
(0.9, 0.1) or point (0.1, 0.9) in the precision–recall space, severe
over- or under-segmentation is indicated according to the defini-
tion in Section 3.1. The given point is located in the same isocurve
with points (0.18, 0.18), (0.36, 0.36), (0.5, 0.5), and (0.64, 0.64) for
the F-measure, ED0, SUM, and ED, respectively. This shows that the
F-measure incurs the greatest penalty for over- and under-seg-
mentation and has the highest sensitivity. The sensitivity of ED0

is greater than that of SUM and the sensitivity of ED is the weakest.

3.3. Discrepancy measures for comparison

In this section, we present four existing discrepancy measures
and compare them to the proposed measures. All measures are
sensitive to both geometric and arithmetic discrepancies when
two partitions are compared.

The first measure is the quality rate (QR) proposed by Weidner
(2008). However, in our study, we change the corresponding crite-
ria to the maximal cover because of measure sensitivity to arith-
metic discrepancy. Furthermore, the matching direction is
considered. QRsr is then calculated by matching the segments to
the reference objects and QRrs by matching the reference objects
to the segments.

QRsr ¼
Xm

i¼1

jRi \ Simaxj � jRij
jRi [ Simaxj � jRj

; ð7Þ

QRrs ¼
Xn

i¼1

jSi \ Rimaxj � jSij
jSi [ Rimaxj � jSj

; ð8Þ

where the meaning of the variables are equivalent to that in Eqs. (1)
and (2). The largest value of both QRsr and QRrs is 1 when the
e (right). An isocurve represents the precision–recall curve in which all points have



Fig. 5. (a) An example of inconsistent indications of the four combined measures; (b) an example to show the sensitivity of the combined measures to over- and under-
segmentation.
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reference is identical to the segmentation. Both over- and under-
segmentation decrease the values of the two measures according
to the definition.

The second measure is the symmetric partition distance (Dsym)
proposed by Cardoso and Corte-Real (2005). Dsym is defined as
the minimal number of pixels that must be removed from both
the reference (R) and segmentation result (S) so that R and S in
the remaining pixels are identical. Then Dsym is normalized to [0,
1] by dividing (N � 1), where N is the number of pixels in the
image. In this study, we change Dsym to Dsym

0 according to the for-
mula Dsym

0 = 1 � Dsym, which can be described as the maximal
number of pixels that remain such that R equals S. The maximal
Dsym

0 value is 1, indicating the equivalence of R and S without
any pixels being deleted.

The third measure is the bidirectional consistency error (BCE)
proposed by Martin (2003). First, the local refinement error (LRE)
is defined to measure the degree to which R and S agree at a pixel
pi.

LREðR; S; piÞ ¼
jBðR;piÞ n BðS;piÞj

jBðR; piÞj
; ð9Þ

LREðS;R; piÞ ¼
jBðS;piÞ n BðR;piÞj

jBðS; piÞj
; ð10Þ

where B(A, p) is the segment in partition A that contains point p, and
� n � denotes the set difference. For example, BðR;pÞ n BðS; pÞ indicates
the set of pixels fpjp 2 BðR; pÞ;p R BðS;pÞg. In the over-segmentation
case, LRE(S, R, pi) is large and LRE(R, S, pi) is small. By contrast, in the
under-segmentation case, LRE(S, R, pi) is small and LRE(S, R, pi) is
large. To incur penalty to both over- and under-segmentation, BCE
is defined to adopt the larger local error at each pixel and combine
all N pixels within the image.

BCE ¼ 1
N

XN

i¼1

maxfLREðR; S;piÞ; LREðS;R; piÞg: ð11Þ

We change BCE to the bidirectional consistency accuracy (BCA)
based on BCA = 1 � BCE so that the larger BCA value indicates
higher segmentation quality. The largest BCA value is 1 when the
segmentation and reference are identical.

The fourth measure is the adjusted Rand index (ARI) proposed
by Hubert and Arabie (1985), which examines the correspondence
between two partitions. ARI is an extension of the Rand index
(Rand, 1971), which measures correspondence based on how
object pairs are classified in a contingency table. However, ARI
evaluates the level of agreement between two partitions based
on a comparison of object triples. In other words, it examines the
manner in which three distinct objects are delineated by the two
partitions. ARI has a maximal value of 1, which means perfect
agreement between the reference and segmented result. A large
ARI value indicates a high correspondence to the reference.

3.4. Segmentation method under evaluation

Of the various image segmentation methods, the region-based
method is particularly suitable and thus widely used for segmenta-
tion of remote sensing images (Schiewe et al., 2001; Carleer et al.,
2005; Dey et al., 2010). The region-based method can produce spa-
tially contiguous segmented regions having inherent continuous
boundaries and these regions can be viewed as image objects
directly within GEOBIA. In this study, the MRS method (Baatz
and Schäpe, 2000) embedded in the commercial software eCogni-
tion Developer 8 is selected and evaluated to show the effective-
ness of the proposed discrepancy measures.

The MRS method adopts a bottom-up region growing strategy
starting from the pixel level based on local-mutual best merging.
The merging criteria consists of the region size, the spectral homo-
geneity, and the region shape (compactness and smoothness),
which indicates the similarity or merging probability of two adja-
cent regions. The scale parameter is defined as the threshold of the
similarity, which determines the upper limit of the merging crite-
ria. If the scale parameter is set at a large value, additional merging
iterations are allowed and the segmented result becomes coarse.
By contrary, a small scale parameter results in fine-scale segmen-
tation result. Two other parameters for the MRS method exist:
shape and compactness, both of which range from 0 to 1. If the
shape parameter is set as small, MRS will concentrate primarily
on generating segments with spectral homogeneity. By contrast,
if the shape parameter is set as large, the segments will likely have
a regular shape and neglect the spectral constraint. As the segmen-
tation results are only somewhat sensitive to the compactness
parameter (Witharana and Civco, 2014), we set the compactness
parameter for this study at a constant 0.5 and focus on optimizing
the scale and shape parameters.

4. Experimental results

4.1. Effectiveness of the region-based precision–recall curve

Given a shape parameter for the MRS method, a precision–recall
curve is plotted on a set of multiscale segmentations in the
precision–recall space, which reflects the change in quality in
conjunction with segmentation scale. Furthermore, several preci-
sion–recall curves are plotted to show the influence of shape
parameters on segmentation quality across scales. The precision–
recall curves with different shape parameters are shown in Fig. 6.
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Fig. 6. Precision–recall curves plotted on multiscale segmentations produced by the MRS method. Given a shape parameter, each curve covers segmentations from Scale 1 to
11 for test images T1 and T2 and from Scale 1 to 14 for T3 and T4.

1 For interpretation of color in Fig. 9, the reader is referred to the web version of
this article.

X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 102 (2015) 73–84 79
Each curve moves from the upper left to the lower right as the seg-
mentation scale coarsens, which means that the precision value
decreases as the recall value increases.

As explained in Section 3.2, a curve located in the upper-right
part of the precision–recall space indicates high segmentation qual-
ity. This suggests the Shape 0.9 performs the worst for all test
images in Fig. 6, because all Shape 0.9 curves are located in the
lower-left part of the space. In addition, it is clear that Shape 0.1 is
the second worst performer for test images T2–T4 and Shape 0.7
for T1. Then we can know with certainty that Shape 0.3 and 0.5 per-
form best for T1 and T3, respectively, because all points in the curve
are located in the upper-right portion. But for T2 and T4, Shape 0.5
and 0.7 curves alternately perform best in conjunction with the
change of segmentation scales, which means judging the best shape
parameter is difficult. Moreover, although the precision–recall
curve can reflect the change in quality during a coarsening of seg-
mentation scales, it cannot directly reveal the optimal scale param-
eters. The combination of the precision and recall measures resolves
these difficulties, as discussed in the next subsection.

4.2. Effectiveness of different combined measures

The combined measures F-measure, SUM, ED, and ED0 for each
point in Fig. 6 are plotted as curves in Fig. 7 for each test image.
As illustrated in Section 3.2, the larger F-measure, SUM and ED val-
ues and the lower ED0 values indicate higher segmentation quality.
In general, the ED measure shows significant difference about indi-
cations from the other three measures. The change in range of ED
values is small during the change of scale, and the changing
direction of ED varies more often. Moreover, ED is not as sensitive
to over-segmentation as are the other indicators. Taking T4 as an
example, the poor performance of the ED indicator is revealed in
Fig. 8. The isocurve shape of ED more closely resembles the actual
precision–recall curves than do the other three indicators.
Therefore, it cannot distinguish segmentation quality as well as
the other indicators can.
Based on the combined indicators F-measure, SUM and ED0, we
can definitely know the change of segmentation quality when set-
ting different shape and scale parameters for MRS. For example, in
Fig. 7, Shape 0.9 always performs the worst. Shape 0.3 and Shape
0.5 perform the best in most scales for T1 and T3, respectively.
These indications confirm the results presented in Fig. 5. However,
in Fig. 7, Shape 0.7 at Scale 6 and Shape 0.5 at Scale 13 perform the
best for T2 and T4, respectively. These facts are not very clear in the
precision–recall curves given in Fig. 5. Furthermore, the combined
indicators clearly reflect the change of segmentation quality when
the scale coarsens. For example, all the three indicators in Fig. 7
show that the segmentation quality tends to improve as the scale
parameters for T1 and T4 increase. However, for T2 and T3, the seg-
mentation quality improves in the initial stages, and then, after the
highest quality is attained, the segmentation quality diminishes as
the scale coarsens.

We present sample segmentations to further show the effec-
tiveness of the combined measures. Given a shape parameter, sam-
ple segmentations at different scales of T1, T3, and T4 are shown in
Fig. 9. For T1, the segmentation at Scale 1 is apparently over-seg-
mented and the coarse segmentations at both Scale 6 and 10 can
discriminate geographic objects well. For T3, the segmentations
at Scales 1 and 10 are apparently over- and under-segmented,
respectively. For T4, the segmentations at Scales 12, 13, and 14
are presented to reveal a slight difference. The green rectangles
point out that the segmentation at Scale 13 can more effectively
describe large buildings as single regions than can the segmenta-
tion at Scale 12. The yellow1 rectangles show the under-segmenta-
tion at Scale 14. Accordingly in , the combined indicators F-measure,
SUM and ED0 show that the segmentations at Scale 6 and 10 have
similar but significantly higher quality than that at Scale 1 for T1,
the segmentation quality at Scale 6 is significantly higher than that
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Fig. 7. Plots of the combined measures F-measure, SUM, ED and ED0 for MRS segmentations with different scale and shape parameters.

0.35

0.45

0.55

0.65

0.75

0.85

0.95

0.15 0.25 0.35 0.45 0.55 0.65 0.75

shape 0.5

shape 0.3

shape 0.1

shape 0.7

shape 0.9

Recall

Pr
ec

isi
on

F=0.6

ED=1

ED'=0.6

SUM =1.3

Fig. 8. An example to show the effectiveness of the combined indicators on
distinguishing segmentation quality by overlaying the isocurves with the
precision–recall curves plotted on MRS segmentations of test image T4.

80 X. Zhang et al. / ISPRS Journal of Photogrammetry and Remote Sensing 102 (2015) 73–84
at Scale 1 and 10 for T3, and the segmentation quality at Scale 13 is
slightly higher than that at Scale 12 and 14 for T4.

In Fig. 10, sample MRS segmentations of T1 and T2 are pre-
sented to show differences caused by shape parameters. The differ-
ences are addressed by the yellow rectangles. For T1, given the
scale serial number of 9, it shows that the segmentation with
Shape 0.1 can produce accurate boundaries, but it is sensitive to
spectral variation near boundaries and can result in over-segmen-
tation in these areas. By contrast, the segmentation with Shape 0.7
does not reveal over-segmentation, but it produces inaccurate
boundaries compared to that of Shape 0.3. Given Scale 6 for T2,
Fig. 10 shows that the segmentation with Shape 0.7 can separate
farmland with less influence of spectral variations near the bound-
aries, which results in over-segmentation for Shapes 0.5 and 0.3.
Accordingly in Fig. 7, segmentations with Shapes 0.1, 0.3, and 0.7
at Scale 9 are ranked from better to worse as Shapes 0.3, 0.1 and
0.7. For T2, segmentation with Shape 0.7 is of higher quality than
that with Shapes 0.5 and 0.3 at scale 6.



T1:  Scale 1, Shape 0.5            Scale 6, Shape 0.5          Scale 10, Shape 0.5

T3:  Scale 1, Shape 0.5           Scale 6, Shape 0.5           Scale 10, Shape 0.5

T4:  Scale 12, Shape 0.5          Scale 13, Shape 0.5          Scale 14, Shape 0.5

Fig. 9. Subsets of multiscale segmentations produced by the MRS method for test images T1, T3, and T4. The green and yellow rectangles in T4 highlight the differences
between Scale 12 and 13 and Scale 13 and 14, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)
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4.3. Comparison with existing discrepancy measures

The effectiveness of the combined indicators is further demon-
strated by comparing with the existing discrepancy measures QRsr,
QRrs, Dsym

0, BCA, and ARI presented in Section 3.3. Because the com-
bined indicators F-measure, SUM and ED0 perform similarly in
Fig. 7, only the F-measure is presented for comparison in this sub-
section. The shape parameter of MRS is set as 0.5 for all test images
and the scale parameters are set the same as those described in
Section 2. The evaluation results of the multiscale segmentations
are plotted in Fig. 11.

For all test images, the qualitative changes in Fig. 11 indicated
by the F-measure and the measures employed for comparison
are similar when the segmentation scale becomes coarser, except
for the unusual changes of the ARI measure for T3. All measures
show that the optimal scale is 13 for T4. Both the F-measure and
the employed measures show a sudden decrease at Scale 8 and
indicate the optimal segmentation at Scale 7 or Scale 10 for T1.
Large variations in segmentation quality occur between the F-mea-
sure and the employed measures for T2 and T3. However, the vari-
ations are limited at Scales 7–9 for T2 and at Scales 4–6 for T3
because the differences in these scales for each measure are slight.
5. Discussion

The precision and recall measures are jointly used to evaluate
segmentation quality. Evaluation results are presented in the pre-
cision–recall space. They are thus independent of segmentation
parameters, which may prove advantageous when comparing dif-
ferent segmentation algorithms or optimizing parameters. When
comparing two segmentation results, if one segmentation has
higher values regarding both of the two measures than the other,
then its quality is higher than that of the other. The proposed mea-
sures are sensitive to both over- and under-segmentation. In the
case of over-segmentation, the precision value is large and the
recall value is small. On the contrary, a large recall value and small
precision value indicate under-segmentation.

A precision–recall curve is plotted on a set of multiscale seg-
mentations, which clearly reflects the change from over- to
under-segmentation. In general, precision value deceases and
recall value increases as the segmentation scale coarsens. Through
a comparison of different curves, the influences of shape parameter
for the MRS method across multiple scales can be presented, as in
Fig. 6. However, the precision–recall curve is not limited in this
manner and can be applied to other cases. By combining Figs. 6
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Fig. 10. Subsets of MRS segmentations with different shape parameters for test images T1 and T2. The differences are highlighted by the yellow rectangles. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)
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and 7, it is interesting to see that the decreasing rate of precision
values in Fig. 6 indicates close relation to the change of
segmentation quality as scale coarsening in Fig. 7. In Fig. 6, the
decreasing rates of precision values for T1 and T4 are relatively
slow but the rates for T2 and T3 are large. Accordingly in Fig. 7,
the combined indicators show that the segmentation quality of
T1 and T4 tends to be improved when the scale is getting coarse,
whereas the segmentation quality of T2 and T3 is improved at ini-
tial stages but decrease apparently at coarse scales. This reveals
that the large decreasing rate of precision values in precision–
recall curve indicates the poor performance at coarse segmentation
scales.
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The precision and recall measures are combined by four differ-
ent methods to indicate segmentation quality and to capture the
trade-off between the two measures. This can resolve the difficulty
of comparing two segmentations when the precision and recall
values of one segmentation are not both higher or both lower than
those of the other. Because of their different isocurve shapes, as
shown in Fig. 4, the different combined measures have some incon-
sistencies. A point located in the upper-right part of an isocurve
indicates higher quality than does a point in the bottom left. We
analyze the effectiveness of the proposed combined measures in
the experiments and the results show that the F-measure, ED0,
and SUM measures perform more effectively than does ED. The
effectiveness of the combined measures is confirmed by sample
segmentations and by comparing them with existing discrepancy
measures. Based on our analysis in Section 3.2, we suggest using
the F-measure because it shows the greatest sensitivity to over-
and under-segmentation. Moreover, because the combined mea-
sures are sensitive to a combination strategy, it deserves to develop
other effective combination strategies.

In this study, precision and recall measures are proposed based
on a comparison of two partitions. The measures are calculated by
summing all regions in the image by means of Eqs. (1) and (2).
However, extending these measures to segmentation evaluation
tasks based on selected objects is not difficult. In this case, we sim-
ply alter Eqs. (1) and (2) by summing the regions that correspond
to the selected objects.

The proposed measures focus on single-scale segmentation
optimization. However, in many cases multiple scales should be
used jointly for image analysis because representing the various
objects in high spatial resolution images by a single segmentation
is difficult. Some studies examined the matter of optimizing multi-
scale segmentations through supervised (Trias-Sanz et al., 2008),
unsupervised (Drǎgut� et al., 2010; Drăgut� et al., 2014), and sys-
tem-level (Johnson and Xie, 2013) strategies. To apply the pro-
posed measures for evaluating multiscale segmentations, one
possible way is to prepare different groups of reference objects at
multiple scales (Drăgut� et al., 2014). Then we can optimize the seg-
mentation parameters for each scale in the groups of reference
objects. In this case, the measures may be altered so that calcula-
tions are based on selected objects. On the other hand, we will
focus on extending the proposed measures to multiscale segmen-
tation optimization based on the presentation of different objects
at their respective scales in the future.

6. Conclusion

Region-based precision and recall measures have been pro-
posed for evaluating segmentation quality. The two measures are
jointly used to reveal segmentation quality by points or curves in
a precision–recall space. In addition, to indicate segmentation
quality clearly, four combined measures F-measure, SUM, ED0 and
ED are proposed and evaluated according to the shapes of their iso-
curves. The MRS method embedded in eCognition Developer 8 is
adopted for evaluation and a set of high spatial resolution images
is used in the experiments to show the effectiveness of the pro-
posed measures. The experimental results show that the preci-
sion–recall curve can reflect changes in segmentation scale and
show the influence of shape parameters for MRS. The combined
measures can clearly reveal segmentation quality when different
scale and shape parameters are set. The effectiveness of the com-
bined indicators is further proven by comparing them with four
existing evaluation measures. Finally, we recommend combining
the precision–recall curves and the F-measure for segmentation
evaluation. In addition, we suggest using them to compare
different segmentation methods for high spatial resolution remote
sensing images.
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