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Image segmentation remains a challenging problem for object-based image analysis. In this paper, a
hybrid region merging (HRM) method is proposed to segment high-resolution remote sensing images.
HRM integrates the advantages of global-oriented and local-oriented region merging strategies into a
unified framework. The globally most-similar pair of regions is used to determine the starting point of
a growing region, which provides an elegant way to avoid the problem of starting point assignment
and to enhance the optimization ability for local-oriented region merging. During the region growing pro-
cedure, the merging iterations are constrained within the local vicinity, so that the segmentation is accel-
erated and can reflect the local context, as compared with the global-oriented method. A set of high-
resolution remote sensing images is used to test the effectiveness of the HRM method, and three
region-based remote sensing image segmentation methods are adopted for comparison, including the
hierarchical stepwise optimization (HSWO) method, the local-mutual best region merging (LMM)
method, and the multiresolution segmentation (MRS) method embedded in eCognition Developer soft-
ware. Both the supervised evaluation and visual assessment show that HRM performs better than HSWO
and LMM by combining both their advantages. The segmentation results of HRM and MRS are visually
comparable, but HRM can describe objects as single regions better than MRS, and the supervised and
unsupervised evaluation results further prove the superiority of HRM.
© 2014 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.
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1. Introduction

With the thriving development of high spatial resolution sen-
sors, an increasing number of metric and sub-metric resolution
remote sensing images are currently available, which allows for
accurate geometrical analysis of objects at fine scales. However,
the high spatial resolution also raises new challenges. For a given
application, even though more relevant information is available,
it also comes with an increased amount of irrelevant information
alongside (Benediktsson et al., 2012).

Image segmentation remains one of the challenges caused by
high spatial resolution. In order to deal with the abundant informa-
tion in high spatial resolution remote sensing (HR) images, image
segmentation can be viewed as a simplification method, which
partitions the HR image into a set of regions, providing objects
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for object-based image analysis (OBIA) (Blaschke, 2010). Compared
with pixel-based classification, OBIA is less sensitive to the spectral
variance within objects, and can make use of the object features
and the spatial relations between objects (Hay and Castilla,
2006). OBIA can achieve higher accuracy than pixel-based classifi-
cation (Myint et al., 2011), and it is becoming a new and evolving
paradigm (Blaschke et al., 2014).

To describe the various objects in HR images, OBIA requires
multiscale segmentation (Burnett and Blaschke, 2003; Hay et al.,
2003), and it is still struggling with the selection of suitable seg-
mentation scales for successive analysis (Hay et al., 2005). Usually,
it is dependent on a trial-and-error strategy by visual assessment
(Meinel and Neubert, 2004). In recent years, both the supervised
(Carleer et al., 2005; Liu et al., 2012; Witharana and Civco, 2014)
and the unsupervised (Dragut et al, 2010; Johnson and Xie,
2011; Chen et al., 2012; Zhang et al., 2012) segmentation evalua-
tion methods were introduced to determine the optimal segmenta-
tion parameters. In terms of accuracy assessment, the units on
which the map is based must be tested on their accuracy
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(Congalton and Green, 2008). Because OBIA is based on the units of
image objects, the object-based assessment is required to assess its
accuracy (Albrecht, 2008), and the classic random point sampling
method may not be sufficient for this purpose. In this paper, we
do not focus on researching the accuracy assessment and parame-
ter optimization methods, but propose a novel region-based seg-
mentation method for HR images that provides multiscale
segmentation results.

Among various image segmentation methods (Pal and Pal,
1993; Cheng et al., 2001; Yang and Kang, 2009; Dey et al., 2010),
the region merging method is an effective method for remote sens-
ing image segmentation. It can make use of the statistics inside a
region and the differences between adjacent regions, producing
final segments as spatially contiguous regions with closed bound-
aries, which are viewed as image objects to be analyzed in OBIA.
Moreover, it is convenient to produce multiscale segmentations
by setting different stopping rules. If few merging iterations are
allowed, the mean size of segments is small, resulting in a fine-
scale result. On the other hand, if more merging iterations are per-
formed, the segmentation scale is getting coarser. Hence, region
merging methods, such as recursive hierarchical segmentation
(RHSeg) (Tilton et al., 2012), size-constrained region merging
(SCRM) (Castilla et al., 2008), the multiresolution segmentation
(MRS) method embedded in the commercial image analysis soft-
ware eCognition Developer (Baatz and Schdpe, 2000; Benz et al.,
2004), and the segmentation method in the object-based
analysis system SPRING (Camara et al., 1996), continue to be the
state-of-the-art methods for remote sensing image segmentation.

Region growing (Adams and Bischof, 1994; Shih and Cheng,
2005) can be considered a special case of region merging, where
the growing region and the candidate pixel at its boundary are
viewed as two regions to be merged. Split-and-merge (Wuest
and Zhang, 2009) can also be considered a special case of region
merging, in which the splitting stage produces initial segmenta-
tion, and the merging stage can make use of different region merg-
ing strategies as well. In general, the region merging method is
categorized into global- and local-oriented according to the merg-
ing strategy. The former searches for the globally most-similar pair
of regions to be merged iteratively (Beaulieu and Goldberg, 1989),
whereas the latter chooses the merging pair within a local vicinity
(Camara et al., 1996; Baatz and Schdpe, 2000; Wang et al., 2010).

The hierarchical stepwise optimization (HSWO) method
(Beaulieu and Goldberg, 1989) has the strongest constraint for
optimization problems among all the region merging strategies,
and is widely used for segmentation of remote sensing images
(Yu and Clausi, 2008; Gaetano et al., 2009; Li et al.,, 2010b;
Carvalho et al,, 2010; Zhang et al., 2014; Shui and Zhang, 2014)
as well as natural images (Haris et al., 1998; Arbeladez et al.,
2011). However, the hierarchical segmentation procedure is
time-consuming because only a pair of regions is allowed to be
merged per iteration, and it has to search for the merging pair
among all pairs of adjacent regions in the entire scene. Hence,
the improvement of hierarchical segmentation mainly focuses on
two aspects. One is to accelerate the searching procedure by reduc-
ing the candidate pairs, or using the heap or priority queue
(Beaulieu, 1990; Kurita, 1994; Haris et al., 1998; Gofman, 2006).
The other is to allow multiple merges per iteration, such as in
the multi-pass approach (Woodcock and Harward, 1992), and the
recursive hierarchical segmentation method (Tilton et al., 2012).
Moreover, HSWO focuses on achieving global optimization but
neglects the influences from local context.

The local-oriented region merging method searches for the
merging pair among only the neighbors of the growing region,
and hence, it runs faster than the global-oriented method and
can be influenced by the local structure. However, its optimization
ability is not as strong as that of HSWO. In local-oriented region

merging, the starting point of the growing region should be
assigned as a pixel or an initial region. However, it is difficult to
obtain proper starting points. In the case of seeded region growing,
the seeds serve as the starting points, which are determined by
several predefined rules (Adams and Bischof, 1994; Shih and
Cheng, 2005). In the MRS method (Baatz and Schdpe, 2000), the
distributed treatment order is used to determine the starting point
by distributing the candidate pairs as far from each other as possi-
ble. Recently, the marker-based segmentation method (Tarabalka
et al.,, 2010, 2012) was proposed, in which the marker is deter-
mined on the basis of classification result. The marker could also
be viewed as the starting point. In any case, a solution to this prob-
lem is to choose the starting point in a random sequence.

In this paper, a hybrid region merging (HRM) method is pro-
posed by combining the global- and local-oriented region merging
methods. The local-mutual best region merging strategy is embed-
ded in HRM, which accelerates the merging procedure more than
the global-oriented method does and allows HRM to be con-
strained by local context. On the other hand, HRM provides an ele-
gant way to assign the starting point of a growing region by
choosing the globally most-similar pair, which also enhances the
optimization ability more than the local-oriented method does.
The organization of this paper is given as follows. Section 2
describes the HRM method, Section 3 presents the experimental
results, and Section 4 presents the discussions and Section 5 con-
cludes the paper.

2. Methodology
2.1. Overview

The flow diagram of HRM is presented in Fig. 1. First, the initial
segmentation is performed to produce over-segmented regions.
Second, the graph model (Zhang et al., 2014) is built based on ini-
tial segments, including the region adjacency graph (RAG)
(Trémeau and Colantoni, 2000; Felzenszwalb and Huttenlocher,
2004) and the nearest neighbor graph (NNG) (Haris et al., 1998).
Then, hybrid region merging (HRM) is applied on the graph model
to produce the segmentation result. The stopping rule of HRM is
defined as the threshold of the similarity between adjacent
regions.

2.2. Graph model on initial segmentation

Regions and the adjacency between them are represented by
nodes and arcs in the graph model, respectively, thus making it

| Original image |
]

| Initial segmentation |
1

| Graph model |

!

Hybrid region merging

|Globaloriented| I Local oriented |

Satisfy stopping rule?

| Segmentation result |

Fig. 1. Flow diagram of the proposed hybrid region merging method.
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convenient to perform region merging on the graph model.
Furthermore, the stochastic model, such as the Markov random
model, can be defined on the graph, and region merging can be
performed to lower the energy function of the stochastic model
(Sarkar et al., 2000; Yu and Clausi, 2008).

In HRM, the graph model is built on over-segmented initial seg-
ments. Several methods, such as region growing, watershed
(Vincent and Soille, 1991), and the mean-shift based method
(Comaniciu and Meer, 2002), are qualified to produce initial seg-
mentation. Here, we design a primary region growing method to
produce initial segmentation. The starting point of a growing
region is assigned as a pixel according to the scanning order, which
is from top-left to bottom-right of the image. The similarity
between the growing region and its adjacent pixel is evaluated
by the spectral difference. Then, the stopping rule is defined as
the thresholds of spectral difference and region size. If the region
size or the spectral difference is larger than the threshold, the
growing procedure stops for the current region and turns to next
one.

Based on the initial segmentation, the undirected RAG, G =(V,
E), is defined, where V is the set of nodes {#;} and E is the set of arcs
{eii}. Anode v, represents an initial segment, and an arc e;; indicates
the adjacency between node v; and v;. The weight of e; represents
the similarity between v; and #;. Next, the directed NNG is built
based on the RAG. The nodes of NNG are the same as those of
RAG. Only one directed arc starts from each node, and the arc
points to the most-similar adjacent node. Then, the cycle arc in
NNG is defined where the arcs of two nodes point to each other
coincidently. The globally most-similar pair of regions must belong
to the pairs connected by cycle arcs. Supposing there are N nodes in
NNG, the number of cycle arcs is N/2 in the worst case. Then, the
number of candidate pairs is significantly reduced when searching
for the globally best pair among cycle arcs. All the cycle arcs are
recorded in a priority queue (pq) sorted by the arc weight, where
the arc with the smallest weight is at the top of pq. For more details
about NNG, please refer to Haris et al. (1998) and Zhang et al.
(2014).

The similarity between adjacent regions is calculated and
recorded as the arc weight. In order to improve the segmentation
performance, various features, such as spectral homogeneity
(Baatz and Schdpe, 2000), texture (Trias-Sanz et al., 2008; Ryherd
and Woodcock, 1996; Hu et al., 2005), shape (Baatz and Schdpe,
2000; Shackelford and Davis, 2003; Zhang et al., 2005), edge (Yu
and Clausi, 2008; Li et al., 2010a), and structure (Pesaresi and
Benediktsson, 2001; Akcay and Aksoy, 2008), have been used for
remote sensing image segmentation. In this paper, four features
are selected to calculate the arc weight, including the region size
(a), the change of standard deviation (CStd) and compactness
(CComp) after a virtual merge, and the edge strength (ES). The def-
initions of the four features are similar to those in Zhang et al.
(2013), but the features of CStd and ES are further improved.

The feature of region size is the number of pixels in the region,
which is directly related to segmentation scale. The feature of
CComp reflects the change of region compactness caused by region
merging, which drives to generate compact segments. The defini-
tion of CComp is as below:

CComp =L/va— (aiLy /v + azL/v/a2)/ (a1 + @), (1)

where L, Ly, and L, are the boundary lengths of the newly created
region and two original regions, respectively, and a represents the
region size.

The feature of CStd reflects the change of region homogeneity
caused by region merging, which drives to generate homogeneous
segments. To combine the information from multiple spectral
bands, CStd is calculated as below:

n
CStd = > "CStd; - std;/SumStd, 2)

i=1

where CStd; and std; represent the change of standard deviation
caused by merging and the standard deviation of band i for the
newly created region, n is the number of bands, and SumStd is the
sum of standard deviation values over all bands.

The feature of ES is calculated in terms of the common bound-
ary between adjacent regions, which is defined as the spectral dif-
ference within the neighborhood of the common boundary (Zhang
et al., 2013). Similar to the spirit of graduated increased edge pen-
alty (GIEP) proposed by Yu and Clausi (2008), the effectiveness of
ES is increased along with the region merging procedure, where
the effectiveness is weak at the initial merging iterations, and it
gets stronger with the increase of the region size (Zhang et al.,
2014). Then, the feature of ES is normalized as below:

g(ES) = exp(&/ES), 3)

where the normalized factor ¢ is assigned as the square root of the
mean edge strength. Because the mean edge strength is increased as
the merging procedure progresses, the effectiveness of ES would be
enhanced to lower the arc weight.

Finally, the four features are combined to form the merging cri-
terion (MC) as below:

MC = (a; + az)(w - CStd + (1 — w)CComp)g(ES), (4)

where a; and a, are the size of two regions, w is the parameter of
spectral weight, and its default value is 0.5. If w is set as a large
number, the region merging would concentrate more on generating
homogeneous regions and neglect the compactness of the regions.
On the other hand, if it is set as a small value, it would be driven
to generate compact regions with less consideration of the homoge-
neity. In particular, when the weighted sum of CStd and CComp is
negative in certain cases, the features of region size and edge
strength are not integrated in MC. The arc weight is calculated
according to MC. The small arc weight indicates that the adjacent
regions connected by the arc have greater similarity.

2.3. Hybrid region merging

Both the global-oriented and local-oriented region merging are
integrated in HRM. Specifically, HRM is a combination of the hier-
archical stepwise optimization (HSWO) (Beaulieu and Goldberg,
1989) and the local-mutual best region merging (LMM) (Baatz
and Schdpe, 2000). The stopping rule is defined as the threshold
of the arc weight. If the threshold is set to a large value, more
merging iterations are allowed, resulting in coarser-scale segmen-
tation. The stopping rule is used to control both the global-oriented
and the local-oriented parts in HRM. The starting point of a grow-
ing region is determined by the globally most-similar pair of
regions. Taking one region in the pair as the growing region,
LMM is performed. If the growing region and one of its neighbors
are the best neighbors of each other, they are mutually best neigh-
bors. Then, the mutually best neighbors are merged successively. If
the mutually best neighbors do not exist or if the arc weight
between two mutually best neighbors is larger than the threshold,
the local-oriented region merging procedure of the current grow-
ing region stops and turns to the next growing region. Finally,
the entire hybrid region merging process would stop if the smallest
arc weight in the graph is larger than the threshold, producing the
segmentation result. The algorithm of HRM based on the graph
model is described in Table 1.

Global-oriented optimization in HRM is performed to deter-
mine the starting point of the growing region and the ending point
of HRM. The globally most-similar pair of regions is viewed as the
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Table 1
Algorithm of hybrid region merging (HRM).

Input: the graph model RAG and NNG, the priority queue (pq) recording all
the cycle arcs. Parameters: The spectral weight @ and the threshold of arc
weight T

Output: the segmented regions

(1) Obtain the arc e; pointed by the top of pq
(2) If the weight of e;; is smaller than T, view node ; or ¢ as the growing
node V, and go to (3). Else, hybrid region merging is completed, and output
all the remaining nodes {V,} as segmented regions
(3) Repeat local-mutual best region merging
(3-1) Find the cycle arc e, pointed to V, in NNG
If e. does not exist or the weight of e. is larger than T, go to (4)
Else obtain the other node V, connected by e,
(3-2) Merge V, into Vg, and remove V;, from RAG and NNG. Recalculate V,
in RAG
(3-3) Update the adjacency and arc weight in RAG, and the arcs in NNG
caused by merging
(4) Update pq by removing the changed cycle arcs and adding the newly
emerged cycle arcs, and go to (1) for the next growing region

starting point to grow, which enhances the optimization ability
compared with local-oriented region merging. On the other hand,
local-oriented region merging is performed to make HRM con-
strained to local context, which would accelerate the merging pro-
cedure compared with global-oriented region merging. Moreover,
since the local-oriented region merging is controlled by both the
threshold of arc weight and the existence of a mutual best neigh-
bor, when there is no mutually best neighbor for the growing
region, the growing procedure stops even though the arc weight
is smaller than the threshold. Therefore, the growing process is
influenced by the local structure, and the final segmented region
is not produced directly by growing from a single starting point
but from several starting points successively.

The computational complexity of HRM is lower than that of
HSWO, but higher than that of LMM when applied on the same
graph model. The computational complexity mainly involves the
update of the graph model and that of the priority queue. The com-
plexity of updating the graph model is the same for HRM, HSWO,
and LMM, so that the difference mainly results from the update
of the priority queue. LMM does not need to record the cycle arcs
in a priority queue, so that its computational complexity just
depends on the local-oriented update of the graph model. Suppos-
ing the number of merging iterations is n, then the complexity of
LMM is O(hn), where h represents the complexity of updating the
graph model at a merging iteration. Compared with LMM, HSWO
has to update the priority queue at each merging iteration. Suppos-
ing the queue height is B (B < N/2 according to Subsection 2.2) and
the number of times to update the priority queue at a merging iter-
ation is B (Zhang et al., 2014), the computational complexity of
HSWO is O(hn + ng log,B). On the other hand, HRM just updates
the priority queue after several local-oriented merging iterations,
so that its computational complexity is O(hn + mp log,B), where
m is equal to n/k, and k represents the number of local-oriented
merging iterations per hybrid merging iteration, as described in
step 3 of Table 1. Therefore, the complexity of HRM is mp log,B

higher than that of LMM and (n — m) B log,B lower than that of
HSWO.

3. Experiment and performance evaluation
3.1. Data and evaluation methods

In the experiment, a set of HR images, as shown in Table 2, is
used to test the HRM method, including QuickBird, WorldView,
and aerial images. The multi-spectral bands of T1 and T2 are sharp-
ened to 0.6 m by the method proposed by Zhang (2002). The pro-
posed method is compared with other state-of-the-art region
merging methods for remote sensing image segmentation accord-
ing to both supervised and unsupervised evaluation methods and
visual assessment. Finally, the segmentation time is presented.

The supervised evaluation indicators include the rightly seg-
mented ratio (RR) (Carleer et al., 2005; Zhang et al., 2013), the
adjusted Rand index (ARI) (Hubert and Arabie, 1985), and the sym-
metric partition distance (Dsy;,) (Cardoso and Corte-Real, 2005).
The indicator of RR is calculated based on the number of accurately
segmented pixels compared with the reference segmentation, indi-
cating the segmentation accuracy. The indicator of ARI is the mea-
sure of correspondence between the segmented result and the
reference segmentation. The indicator of Dy, represents the pro-
portion of pixels that should be removed to make the segmentation
result identical to the reference. The higher RR or ARI value or
lower Dy, value indicates the better segmentation. In this study,
the supervised evaluation is performed in terms of the test image
T1. The objects in T1 are very complex. For example, the buildings
include homogeneous factories with both different sizes and col-
ors, and other heterogeneous roofs with various colors and tex-
tures. Hence, it would be difficult to segment T1 automatically.
The reference segmentation of T1 is delineated by a remote sensing
expert, who is asked to separate different classes of objects from
each other. The produced reference segmentation is shown in
Fig. 2, which contains 165 reference segments.

T @\
R

o

Fig. 2. Reference segmentation of test image T1. There are 165 regions.

Table 2
The list of test images.
Image Platform Size (pixel) Spatial resolution Shown with color compositing Landscape
T1 QuickBird 658 x 504 0.6 m NIR, R, G Urban area
T2 WorldView 439 x 412 0.5m R, G B Factory
T3 Aerial 531 x 352 0.5m R,G B Urban residential area
T4 Aerial 651 x 589 0.5m R, G B Rural residential area
T5 Aerial 1000 x 800 0.5m R, G B Rural area
T6 Aerial 701 x 383 0.5m R, G B Forest area
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Table 3

Supervised evaluation results of multiresolution segmentations of test image T1 produced by different methods. RR, ARI and D,,, represent rightly-segmented ratio, adjusted

Rand index, and symmetric partition distance, respectively.

Number of regions HRM HSWO LMM MRS

RR ARI Dgym RR ARI Diym RR ARI Dgym RR ARI Dy
730 0914 0.296 0.615 0911 0.290 0.631 0.910 0.292 0.623 0915 0.249 0.663
515 0.903 0397 0.549 0.894 0.353 0.568 0.897 0.354 0.563 0.906 0.305 0.603
360 0.882 0.449 0.496 0.875 0.443 0.509 0.872 0.439 0.516 0.879 0.404 0.518
195 0.804 0.512 0.456 0.797 0.499 0.470 0.791 0.521 0.450 0.799 0.501 0.472

Moreover, three unsupervised evaluation indicators, including
the indicator Z proposed by Zhang et al. (2012), SU by Corcoran
et al. (2010), and E by Zhang et al. (2004), are adopted to further
assess the segmentation accuracy. The indicator Z is the sum of
two parts. One indicates the homogeneity within regions and the
other reflects heterogeneity among regions. The indicator E is an
entropy-based measure, which is also the sum of two parts. One
is the expected region entropy to evaluate the region uniformity,
and the other is the layout entropy that is increased with the num-
ber of regions. The indicator SU, which is the ratio of the separation
part to the cohesion part, can take the spatial properties between
regions into consideration. The separation part reflects the inter-
region heterogeneity by measuring the contrast between adjacent
regions, and the cohesion part corresponds to the intra-region
homogeneity criterion. Generally, the higher SU value or lower Z
or E value indicates the higher segmentation quality.

3.2. Comparison of hybrid region merging with other segmentation
methods

Based on the same initial segmentation and graph model in
Subsection 2.2, the HRM, HSWO (Beaulieu and Goldberg, 1989),
and LMM (Baatz and Schépe, 2000) methods are applied for com-
parison. Then, the segmentation difference only results from the
merging strategies. When producing the initial segmentation, the
threshold of spectral difference and region size is set as 10 and
100 for different test images, respectively. The thresholds would
not be the best for all the images, but they can help to produce
over-segmented results with high accuracy in the experiment.
Moreover, the multiresolution segmentation (MRS) method
embedded in the commercial software eCognition Developer is
used for comparison. The segmentation method MRS also adopts
the local-mutual best region merging strategy (Baatz and Schdpe,
2000), but it uses the distributed treatment order to assign the
starting point for the growing region, where the authors defined
two conditions of selecting a sequence of starting points and pro-
vided a solution of deriving the sequence from a dither matrix pro-
duced by a binary counter. However, LMM determines the starting
point according to the scanning order in the graph. Compared with
the merging criterion of MRS, the feature of edge strength is added,
but the shape factor of smoothness is not used in this study. The
spectral weight of the merging criterion of MRS and that in this
study are both set as 0.5. Because a detailed discussion of the spec-
tral weight is beyond the scope of this paper, we do not show the
segmentations produced by setting different spectral weights.

The supervised evaluation results of four multiresolution seg-
mentations of T1 produced by HRM, HSWO, LMM, and MRS are
presented in Table 3. The number of regions is used to indicate
the segmentation scale, which means that the segmentation with
more regions is at the coarser scale, and vice versa. The perfor-
mance of HSWO and LMM are similar in terms of the three indica-
tors. Comparing HRM with HSWO and LMM, the RR value of HRM
results is approximately 1% higher than that of HSWO and LMM,
and the ARI value of HRM results is also higher than that of HSWO
and LMM results. Accordingly, the HRM results achieve the lower
Dsym value than both the HSWO and LMM results. Comparing
HSWO and LMM with MRS, the RR value of MRS results is about
1% higher than that of HSWO and LMM results. However, the ARI
and D, values are significantly higher and lower than those of
MRS results, respectively. Furthermore, comparing HRM with
MRS, the RR value is almost the same, and the difference of the
ARI and Dy, values between the HRM and MRS results is even
larger.

The unsupervised evaluation results of the multi-resolution
segmentations of T1 are shown in Table 4. The three indicators
are not sensitive to the segmentation difference of HRM, HSWO,
and LMM. Especially, the E and SU values for the three methods
are almost the same. The performance of HRM is better than
MRS according to the three indicators. In terms of all the four seg-
mentation results, the Z and E values of MRS are approximately 50
and 0.05 higher than those of HRM, respectively, and the SU values
are approximately 0.01 lower.

The segmentation results of T1 produced by the four methods
are presented in Fig. 3. We choose the scale according to visual
assessment and the following criteria: (1) the scale is neither too
coarse nor too fine, (2) different objects are distinguished from
each other, and (3) there are few apparently wrong segments. In
Fig. 3, most objects can be separated from each other. The general
segmentation patterns of HRM, HSWO, and LMM results are very
close to each other. The difference between the HRM and MRS
results is also not visually significant.

Then, in Fig. 4, three subsets in the four segmentation results
are zoomed in to show the difference. In the first row, where there
is mainly a factory with shading roof, only the HRM method can
segment it as a single region neglecting the influence of the shad-
ing. Compared with HSWO, the difference results from integrating
local-oriented merging strategy in HRM, which is influenced by
local context. On the other hand, when compared with LMM and
MRS results, the difference shows the effectiveness of determining
the starting point of the growing region by the globally best pair.

Table 4

Unsupervised evaluation results of multiresolution segmentations of test image T1 produced by different methods.
Number of regions HRM HSWO LMM MRS

z E Su z E SU V4 E Su V4 E Su

730 1668.41 4.45 0.11 1653.25 4.46 0.12 1654.13 4.46 0.11 1720.75 451 0.10
515 1723.20 4.36 0.10 1713.36 4.38 0.10 1724.02 437 0.10 1779.78 4.43 0.08
360 1835.02 4.28 0.09 1802.74 4.28 0.09 1791.47 4.28 0.09 1861.04 4.32 0.08
195 2108.09 411 0.07 2084.12 4.11 0.07 2142.39 4.10 0.07 2146.65 4.16 0.06
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Fig. 4. Subsets of segmentations in Fig. 3, which are in the HRM, HSWO, LMM, and MRS results from left to right.

The distributed treatment order strategy in MRS also works, which
results in only two regions. However, it is still not better than HRM
in terms of the shading roof. In the second row, the trees are sep-
arated from other objects in the entirety by HRM, and the HSWO
method still omits one tree in the bottom-right part. Moreover,
the trees are wrongly merged with other objects in the LMM and
MRS results, but the lower boundary is spatially accurate. The dif-
ference shows the effectiveness of the combination of HSWO and
LMM into the HRM framework, which makes use of the advantages
of both the HSWO and LMM methods. Then, the third row further

shows the advantage of the HRM method. The road in this subset is
segmented out by HRM, whereas the other three methods cannot
distinguish it very well.

Furthermore, the test images T2-T6 with other landscape are
used to show the effectiveness of the HRM method. The test images
T2-T6 represent the landscape of a factory, an urban residential
area, a rural residential area, a rural area and a forest area, respec-
tively. In this part, we select one segmentation scale for each test
image, and the scale selection criteria are same as those for T1 in
Fig. 3. The segmentation results are shown in Fig. 5 for visual
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Fig. 5. Segmentation results produced by HRM (left) and MRS (right) for test images T2-T6. The number of regions is 64, 157, 200, 50, and 50 for T2, T3, T4, T5, and T6,

respectively.
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Table 5
Unsupervised evaluation results of segmentations of test images T2-T6 produced by different methods. The segmentation results of HRM and MRS are shown in Fig. 5.
Test image HRM HSWO LMM MRS
Z E NS VA E SuU Z E SU Z E SuU
T2 567.59 3.27 0.18 551.66 3.27 0.19 596.04 3.24 0.19 542.87 333 0.13
T3 475.74 3.67 0.15 487.78 3.67 0.15 474.03 3.68 0.15 446.23 3.73 0.13
T4 482.38 3.85 0.15 479.96 3.84 0.15 475.27 3.85 0.15 492.33 3.91 0.13
T5 357.71 3.14 0.19 360.88 3.16 0.21 347.00 3.14 0.19 370.14 3.19 0.17
T6 351.41 2.95 0.13 365.33 2.95 0.13 369.70 297 0.12 247.56 3.18 0.07
Table 6
Segmentation time of different methods.
Test image Image size (pixel) Number of initial segments Segmentation time (s)
HRM HSWO LMM MRS
Aerial image 2000 x 2000 309,035 39.5 57 27.7 29
QuickBird 2453 x 2375 503,795 88.5 140 48.0 45
QuickBird 2781 x 2492 421,552 77.9 124 533 58

comparison, where only the HRM and MRS results are presented.
The unsupervised evaluation results for HRM, HSWO, LMM and
MRS are presented in Table 5. Similar to Table 4, the three unsuper-
vised evaluation indicators are not sensitive to HRM, HSWO, or
LMM in Table 5. Comparing HRM and MRS, the indicators E and
SU consistently show that HRM performs better than MRS in terms
of all five test images. Generally, the HRM and MRS results are
comparable in Fig. 5, and most objects can be distinguished from
others. However, MRS tends to produce segments with similar
region size, whereas HRM can produce segments representing
single objects better with less constraint of the region size. The
difference is mainly caused by the adaptive edge strength in
HRM. For example, both the large roofs and the small roofs are
segmented as single objects in Fig. 5(a) by HRM, whereas the small
roofs are merged with each other to form large objects with similar
size to other objects in Fig. 5(b) by MRS. On the other hand, the
large pool in Fig. 5(g) and the group of trees at the right side of
Fig. 5(i) are segmented as single objects by HRM, whereas in
Fig. 5(h) and (j), they are separated into several small segments
with similar size to other regions.

3.3. Segmentation time

The HRM, HSWO, and LMM are implemented by C# program,
and MRS is implemented by eCognition Developer Trial 8.0. The
segmentation time performed on a laptop computer with CPU of
2.6 GHz is listed in Table 6. Three large test images are used to cal-
culate the segmentation time. In accordance with the computa-
tional complexity analyzed in 2.3, the segmentation time of HRM
is larger than that of LMM, but it is significantly reduced compared
with that of HSWO. The segmentation time of HRM and HSWO is
directly influenced by the number of initial segments since the
two methods have to search the globally most-similar adjacent
pair within the entire scene. The segmentation time of LMM is sim-
ilar to that of MRS because the region merging strategy is the same.

4. Discussions

The hybrid region merging (HRM) method combines hierarchi-
cal stepwise optimization (HSWO) and local-mutual best region
merging (LMM) into a unified framework. Actually, it is a unified
framework that can combine HSWO with other local-oriented
region merging methods. HRM makes use of the advantages of
both HSWO and LMM. Compared with HSWO, HRM is significantly
accelerated by allowing several local-oriented merging iterations,

and the merging procedure of HRM is constrained by the local con-
text rather than just focusing on achieving the global optimization
by HSWO. Compared with LMM, HRM assigns the globally
most-similar pair as the starting point for the growing region,
which provides a solution to determining the proper starting point
for local-oriented region merging. Moreover, it helps to enhance
the optimization ability compared with local-oriented region
merging.

The stopping rule of HRM is the threshold of the arc weight in
the graph model. The HRM method is able to produce multiscale
results by setting different thresholds of the arc weight. When
the threshold is set larger, more merging iterations are allowed,
and the segmented regions are coarser. However, HRM is not cer-
tain to produce nested multiscale segments just by setting differ-
ent thresholds directly because the local-oriented region merging
is integrated. Then, the stepwise scale parameter (Zhang et al.,
2013) can be directly applied to control the merging procedure
to produce nested multiscale segments. In the future, we will focus
on expanding HRM to produce multiscale segmentations, and
choosing the proper scale for a given application automatically.
Then, building the correspondence between the scale parameter
and the semantic meaning of objects will be necessary. In this case,
the object segmentation strategy (Borenstein and Ullman, 2008)
combining the bottom-up and top-down segmentation would be
a proper solution.

According to the supervised evaluation results, all the three
indicators show that HRM performs better than both HSWO and
LMM. Since the merging procedures are applied on the same graph
model, it proves the advantage of the combination of global- and
local-oriented region merging. The ARl and D,y differences
between the HRM and MRS results are even larger, which further
show the superiority of the combination strategy in HRM method.
The visual difference among the HRM, HSWO, and LMM results is
not significant, and the differences are mainly reflected from local
areas as shown in Fig. 4. This may be the reason that the unsuper-
vised evaluation results for the three methods are similar. Then,
the unsupervised evaluation results for test images T2-T6 also
show that HRM can achieve better performance than MRS, espe-
cially according to the indicators of E and SU. The visual assessment
for T2-T6 show that HRM can produce segments representing sin-
gle objects better than MRS, and the difference is mainly caused by
the adaptive edge strength in HRM (Zhang et al., 2014).

The computational complexity of HRM is higher than that of
LMM because HRM has to update the priority queue for the entire
image, whereas lower than that of HSWO because HRM does not
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need to update the priority queue at each merging iteration but
just after several local-oriented merging iterations. Then, the com-
plexity of HRM would depend on the number of local-oriented
merging iterations within each hybrid merging iteration. More-
over, since HRM, LMM, and HSWO are performed on the graph
model, the computational complexity of the three methods all
relates to the number of nodes in the graph, or the number of ini-
tial segments. Hence, in Table 6, even though the size of the first
QuickBird image is smaller than the second one, it takes more time
to segment the first one because it has more initial segments.

5. Conclusions

The hybrid region merging (HRM) method was proposed to
segment high-resolution remote sensing images. First, the over-
segmented initial segmentation is produced by a region growing
method, and then the graph model, including both RAG and
NNG, is defined on the basis of the initial segmentation. Finally,
HRM is performed on the graph model to produce segmentation
results. HRM is a unified framework to combine the global- and
local-oriented region merging. Specifically, it is the combination
of hierarchical stepwise optimization (HSWO) and local-mutual
best region merging (LMM) in this study. In order to show the
effectiveness of HRM by making use of the advantages of both
HSWO and LMM, a set of high spatial resolution remote sensing
images is used to perform the experiments. Three supervised eval-
uation indicators and three unsupervised evaluation indicators are
selected to assess the segmentation quality and to compare HRM
with other segmentation methods, including HSWO, LMM and
the multi-resolution segmentation (MRS) method embedded in
eCognition Developer 8. In terms of the test images, the supervised
evaluation results show that HRM can perform better than
the other three segmentation methods, and the unsupervised
evaluation further prove the superiority of HRM. In the future,
we will pay attention to the combination of HSWO with other
local-oriented region merging methods and address multiscale
segmentation solutions for HRM.
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