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Abstract

The adaptively increased scale parameter (AISP) strategy is pro-
posed to control multi-scale segmentation based on region grow-
ing methods. AISP strategy contains a set of gradually increased
scale parameters to produce nested multi-scale segments.
Instead of independently assigning the set of scale parameters
ahead of segmentation, the contribution of this study is to
dynamically determine scale parameters during segmentation
procedure, making scale parameters adaptive to specific im-
ages and cover meaningful segmentation scales. Furthermore,
the effectiveness of gradually increased scale parameters on
segmentation accuracy is analyzed, which gives a thorough un-
derstanding to local-oriented region growing methods. The ex-
perimental results on a set of high-resolution images proved the
effectiveness of AISP on controlling multi-scale segmentation.
AISP holds the application potential for object-based analysis of
high-resolution images.

Introduction
High-spatial resolution remote sensing images present geo-
graphic objects in detail, which allows an accurate geometri-
cal analysis (Benediktsson et al., 2012). When dealing with
high-resolution images, the geographic object-based image
analysis (GEOBIA) method has become the principle method as
it is less sensitive to spectral variance within objects and can
make use of both object features and spatial relations between
objects (Hay and Castilla, 2006; Blaschke, 2010; Blaschke et
al., 2014). Image segmentation provides objects for GEOBIA by
dividing an image into a set of spatially contiguous regions
with spectral homogeneity or semantic coherence, on which
the GEOBIA performance highly depends.

In high-resolution images, objects emerge representing vari-
ous sizes, spectral heterogeneities, and shapes. It is difficult
to segment various objects as single regions in one segmenta-
tion result (Borenstein and Ullman, 2008). Objects can be
represented by multi-scale segmentations with large objects
at coarse scales and small objects at fine scales (Burnett and
Blaschke, 2003; Benz et al., 2004; Bruzzone and Carlin, 2006;
Sharon et al., 2006). Furthermore, users may describe the
same object at different semantic levels, i.e., ‘tree’, ‘tree group’,
‘forest’, which also requires the multi-scale segmentation of
objects. After multi-scale segmentation, the important work is
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to select meaningful segmentation scale(s) for specific applica-
tions (e.g., Carleer et al., 2005; Neubert et al., 2008; Clinton
etal., 2010; Dr gu et al., 2010; Zhang et al., 2012; Yang et al.,
2014). Hence, multi-scale segmentation can be viewed as pro-
viding candidates of meaningful segmentation scales.

The region growing method is a good choice to gener-
ate multi-scale segmentations by setting different stopping
rules (Dey et al., 2010). It can produce spatially contiguous
regions with closed boundaries intrinsically. These regions
are viewed as image objects in GEOBIA directly. The stopping
rule can be viewed as the scale parameter. On the control of
a scale parameter, if more growing iterations are allowed, the
coarser-scale segmentation result is produced. On the con-
trary, if fewer growing iterations are performed, the segmenta-
tion result is at finer scale. Region growing is convenient to
form the horizontal-topological links within a segmentation
scale. However, to form the hierarchical-nested links between
different scales, the multi-scale segments should be nested.

Among region growing methods, the hierarchical step-
wise optimization (HSWO) (Beaulieu and Goldberg, 1989) and
hierarchical segmentation (HSkG) (Tilton et al., 2012) algo-
rithms can produce a segmentation hierarchy, in which the
segmentations at coarser scales are merged from regions at
finer scales. Hence, the multi-scale segmentations are nested
intrinsically. On the other hand, local-oriented region grow-
ing methods (Cdmara et al., 1996; Baatz and Schépe, 2000;
Castilla et al., 2008; Wang et al., 2010) search the merging pair
within local vicinity. Local-oriented methods run fast and can
take the local contexts into account. However, local-oriented
region growing cannot guarantee to produce nested multi-
scale segments just by setting different scale parameters.

To produce nested multi-scale parameters by local-oriented
region growing, the segmentation procedure can be controlled
by a set of gradually increased scale parameters (e.g., Zhang et
al., 2013), where each scale parameter determines a segmen-
tation scale. The merging iterations at a segmentation scale
(k) are performed on the segments produced at its former
segmentation scale (k — 1). Then, the multi-scale segments
are nested. Usually, the scale parameters are defined as the
threshold of similarity measure between adjacent regions.
Then, a set of gradually increased scale parameters is inde-
pendently assigned ahead of segmentation by setting a con-
stant gap between neighboring scale parameters. A question
raised is how to appropriately assign the set of scale param-
eters to capture the variety among different images and cover
meaningful segmentation scales.
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The features and objects are various among different im-
ages, so that the similarity measure varies across images, re-
sulting in the variety of scale parameters. On the other hand,
the gap between scale parameters determines the number of
scales in the set, which relates to the coverage of meaningful
segmentation scale directly. For an image, if the gap is small,
it can produce enough segmentation scales as candidates of
meaningful segmentation scales, but too many scales make it
difficult to select the meaningful scales. By contrast, if the gap
is large, it may lead to partial coverage of meaningful scales.
Hence, if the set of scale parameters is assigned ahead of the
segmentation procedure, it is independent with specific im-
ages, which is difficult to capture the variety among different
images and to produce appropriate number of scales to cover
meaningful segmentation scales.

In this study, we focus on automatically setting a set of
gradually increased scale parameters for region growing
method, especially for local-oriented region growing method,
to produce nested multi-scale segmentations. It is an exten-
sion of the step-wise scale parameter (SWSP) strategy by Zhang
et al. (2013). The contributions of this study mainly include
two aspects. First, instead of setting scale parameters inde-
pendently by swsp, we propose the adaptively increased
scale parameter (AISP) strategy to determine scale parameters
dynamically during the segmentation procedure, making the
scale parameters adaptive to specific images and segmenta-
tion procedures. Second, the influence on segmentation
accuracy by applying gradually increased scale parameter to
local-oriented region growing is analyzed, which reveals the
importance of changing growing regions.

Methodology

The flow diagram of the proposed multi-scale segmentation
method is presented in Figure 1. First, the region adjacency
graph (RAG) is built based on initial segmentation. Then, the
local-oriented region growing is applied under the control of
AISP. Finally, the segment tree model is used to record and
export nested multi-scale segmentation results.

‘ High resolution image |
1
‘ Initial segmenting |
l
‘ Region adjacency graph |
!
Calculating scale parameter S,
k=0 at the beginning
|

Local-oriented region growing |

l [t ]

Recording produced nodes at scale
S, in segment tree

Reaching target scale?

Exporting segmentation result by
cutting segment tree

Figure 1. Flow diagram of the AISP-based multi-scale segmenta-
tion method.
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Region Growing Based on Graph Model

The local-oriented region growing is performed on the basis
of RAG, where regions and adjacency between regions are rep-
resented by nodes and arcs, respectively (Trémeau and Col-
antoni, 2000; Felzenszwalb and Huttenlocher, 2004). RAG is
built from initial segmentation, which is over-segmented but
has accurate boundaries. The primary region growing method
in (Zhang et al., 2013) is used to produce initial segmentation.
Other methods, i.e., watershed transform (Vincent and Soille,
1991), mean-shift based method (Comaniciu and Meer, 2002),
can also be adopted.

The arc weight is calculated according to the merging
criterion (MC), indicating the similarity between two adjacent
regions. In this study, a smaller arc weight indicates a greater
similarity between two adjacent regions. The merging crite-
rion includes four features: the region size (a), change of stan-
dard variation (CStd) and compactness (CComp) after a virtual
merging, and edge strength (ES). Region size is the number of
pixels in a region, directly relating to segmentation scale. CStd
and CComp reflect the change of region homogeneity and
compactness caused by region merging, which drive to gener-
ate homogeneous and compact segments, respectively (Zhang
et al., 2013). In terms of ES, an adaptive edge penalty function
g(ES) is applied (Yu and Clausi, 2008; Zhang et al., 2014).

The effectiveness of ES is weak at initial merging iterations
and getting stronger gradually at latter iterations. Finally, the
features are combined to form the merging criterion as below:

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

where a, and a, are the size of two adjacent regions, and is
the spectral weight with default value 0.5. If w is set large,
region growing concentrates on generating homogeneous
regions. Otherwise, it would be driven to generate compact
regions.

The local-mutual best region merging (LMM) (Baatz and
Schipe, 2000) and local best region merging (LBM) (Camara
et al., 1996; Castilla et al., 2008) are selected and applied on
RAG. In LMM, two adjacent regions are allowed to be merged
if they are the best neighbor of each other. However, in LBM,
an adjacent region is merged into the growing region if the
adjacent region is the best neighbor of the growing region.
After each merging iteration, the features of the new region
are recalculated, and the adjacency and arc weights in RAG
are updated. The stopping rule is defined as the threshold of
arc weight, which also serves as the scale parameter. When all
the arc weights in RAG are larger than a given threshold, the
region growing procedure stops on the control of this scale
parameter.

Adaptively Increased Scale Parameter

To generate nested multi-scale segmentations by local-orient-
ed region growing, the step-wise scale parameter (SWSP) strat-
egy (Zhang et al., 2013) was proposed. SWSP strategy defines a
set of increased scale parameters, {S, S,, ..., S, ..., S 1S <
S,<..<§ <..<S, 1} in which each scale parameter deter-
mines a segmentation scale. Given the target scale parameter
S, the region growing first satisfies the lowest scale parameter
S,, and then up to S,, and finally, after the step-wise increas-
ing process, reaches S,. Owing to the gradually increased
scale parameters, the regions at coarse scales are merged from
the ones at fine scales, resulting in nested multi-scale seg-
ments. However, the scale parameters in SWSP are defined
prior to segmentation without considering specific image
features and merging procedure. To make the scale parameters
adaptive to specific images, the following two aspects should
be taken into consideration.
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1. The distribution of arc weights in different images
is various, and the change of arc weights in growing
procedure is complicated. The set of scale parameters
should capture this variety so that it can be qualified to
control the growing procedure for various images.

2. In a given image, different objects are peculiarly
presented at several scales, as shown in Figure 2. We
consider these scales as meaningful scales, which
should be covered by multi-scale segmentation results.
To ensure the coverage, the scale parameters should
increase smoothly and the increment step parameters
should be set properly.

(d)

Figure 2. Samples of meaningful segmentation scales. Objects
are severely over-segmented in (a) and under-segmented in (d).
(b) and (c) are considered as meaningful because the single
houses in (b), and the group of houses and trees in (c) are repre-
sented as single regions.

Following the above considerations, SWSP is extended
to adaptively increased scale parameter (AISP). Instead of
assigning scale parameters independently, we calculate the
scale parameter based on the mean arc weight (#) in RAG. In
the region growing process, the expansion of regions makes w
increased according to Equation 1, resulting in increased scale
parameters adaptive to specific images and growing procedure.

However, if wis assigned as the scale parameter directly,
too many regions would be merged at each scale, leading to
few scales and partial coverage of meaningful scales. Hence,
a normalized factor (NF,) is added to calculate the k™ scale
parameter (S,) as below:

S, = W/NF,. (2)

The increment of S is jointly determined by W and NF,.
Generally, wis increased itself in the merging procedure. NF,
decreases from a large number to 1 at a proper rate to form the
continuous increment of S, which helps to cover meaningful
scales entirely. NF, is involved as below:

NF,, ifk=0
NF, ={ NF_,, ifk>1nP> T, (3)
B-NF,_, ifk>1nP< T,
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First, it is assigned as the initial normalized factor (NF).
Then, NF, (k >1) is calculated on the basis of NF,, at the former
segmentation scale. At scale k — 1, if there are many merging
iterations performed,  has been significantly changed, then
NF, is set the same as NF, ,. On the other hand, if few merging
iterations are performed at scale k — 1, the change of wis not
significant. In this case, NF, is calculated by multiplying NF,_

, with the decreasing rate (8, 0 <f <1). Hence, the number

of merging iterations at the former scale determines the
normalized factor at current scale. We define the proportion (P)
of the number of merging iterations to the number of regions

at the former scale. If P is less than the threshold (7)), the
normalized factor is decreased to increase the scale parameter.

The threshold T, determines where to change the value of
NF,. The influence of T, is not as significant as the other two
parameters of NF; and f, which determines how to change
the value of NF,. T, is set as 0.1 in this study because it is
small enough to form the smooth change of scale parameters.
NF, should be set large enough so that the scale parameter
could be small enough to cover small objects at fine scale.

In terms of the parameter g, a small value would accelerate
the decreasing procedure of the normalized factor, leading

to partial cover of meaningful scales. However, a large value
slows down the decreasing procedure of the normalized
factor, producing too many scales. In this study, NF,and f are
set as 10 and 0.9, respectively. The effectiveness is analyzed
in detail in the experiments to indicate how to set the two
parameters properly.

Multi-Scale Segmentation

On the control of AISP, region growing is implemented on RAG
until reaching the target scale by satisfying the smaller scale
parameters sequentially. A segmentation scale is indicated

by the serial number (k). If k is large, segments are at a coarse
scale. By contrast, a small k results in a fine-scale segmenta-
tion. Since it is difficult to link the scale parameters directly
to the semantics of segments, the meaningful scales for a
given application still need to be selected from the multi-
scale segmentations. To accelerate the selection process, we
introduce the segment tree to represent and export multi-scale
segmentations. The multi-scale segmentation algorithm is
described in Table 1.

TaBLE 1. THE MULTI-SCALE SEGMENTATION ALGORITHM ON THE CoNTROL OF AISP
Basep oN THE GRAPH MODEL AND SEGMENT TREE

Input: The region adjacency graph (RAG), the segment tree (ST).

Variables: nl-the number of levels in ST, cs—the serial number of
current scale.

Parameter: The serial number of the target scale k.
Output: The segmentation result at scale k.

1) If ST is empty, assign the nodes in RAG as leaf nodes of ST, and set
csas 1.
Else if nl-1<k, set c¢s as nl-1.
Else if nl-1>k, go to 3).

2) Repeat when cs<k.
(2-1) Calculate the current scale parameter S_ by Equation 2.
(2-2) Perform region growing controlled by S _based on the
remaining nodes in RAG at scale cs-1.
(2-3) Assign all the remaining nodes in RAG as the nodes at level
cs+1in ST.
(2-4) Set cs=cs+1.

3) Output segmentation result by cutting ST at level k+1.

The initial segments are the leaf nodes in the tree and the
segments at scale S, are represented as the nodes at level k
+ 1 of the tree. As S, increases gradually, the segments are
getting coarser and represented by the nodes at higher level
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of the tree. Finally, the root node represents the whole image.
Each node records the labels of its parent node and children
nodes, building the hierarchical links between multi-scale
segments. Then, we can find all the corresponding leaf nodes
for each node in the segment tree. After combining the initial
segments represented by the corresponding leaf nodes of a
tree node, we can obtain the region indicated by the tree node.
When exporting a segmentation result at scale S,, we cut the
segment tree at level k + 1, which is to find all the leaves
corresponding to each node at the level. Once the segment tree
has been built, it is much more efficient to produce multi-scale
segmentations by cutting the tree at different levels than by
repeating the similar region growing procedure in many times.

Finally, if the target scale k is coarse enough and the
meaningful scales are included in the segment tree, then
users can select the proper scale(s) by cutting the tree for
specific applications. However, if the nodes at the coarsest
level, except for the root node, are still too fine to represent
certain objects, a larger scale parameter needs to be set to
produce coarser segments. In this case, region growing is not
performed based on the initial segmentation but on the graph
nodes related to the coarsest level of the segment tree, which
avoids repeating the same growing procedure from the initial
segmentation to the coarsest level.

Experiments

Data and Evaluation Methods

A QuickBird-2 scene acquired on 02 March 2008 in Hang-
zhou, China and a WorldView-2 scene acquired on 20 May
2010 in Xuzhou, China are used in the experiment, as shown
in Figure 3. Three subsets of the QuickBird scene and one
subset of the WorldView scene are selected as samples to
show the effectiveness of Alsp. The test images are called as
T1 to T4, respectively.

The spatial resolution of T1 and T2 is sharpened to 0.6
m by the method proposed by Zhang (2002), as shown in
Figure 4. The test images T3 and T4 are shown in Figure 9.
The spatial resolution is 2.4 m and 2.0 m, respectively. The
sizes of T1 to T4 are 658x 504, 538 x 546, 512 x 512, 512 x
512 pixels. The test images T1 and T3 represent an urban
landscape, and T2 and T4 indicate a rural landscape.

The supervised evaluation is performed on T1 and T2 to
show the segmentation accuracy. The references are produced
by manual delineation to separate different geographic
objects, as shown in Figure 4. There are 165 and 106 reference
objects for T1 and T2, respectively. The supervised evaluation
indicators include the bidirectional consistency indicator
(BCE) (Martin, 2003), symmetric partition distance (D,,,)
(Cardoso and Corte-Real, 2005), and adjusted Rand index
(ARID (Hubert and Arabie, 1985).

Hangzhou

120°60°E

|204'0"E
0 1 2 3 4km
— —)

in Xuzhou, China.

Xuzhou

117°340°E

0 1 2 3 4km
— —

117°360°E

Figure 3. Locations of the test images T1 to T3 in the QuickBird scene in Hangzhou, China and the test image T4 in the WorldView scene
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Figure 4. The references of the test images T1 (a) and T2 (b). There are 165 and 106 reference objects in T1 and T2, respectively.

(b)
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Figure 5. Evolution curves of the (a) scale threshold (Sk), (b) number of regions (NR) in segmentation, and (c) normalized factor (NF,) as
the serial number of segmentation scale (k) increases by applying LMM on test image T1. The decreasing rate (B) is set as 0.9 and the

BCE measures the consistence between the segmentation
result and the reference. At first, the local refinement error
(LRE) is defined to measure the degree to which the reference
(R) and the segmentation (S) agree at a pixel p;:

| B(S,p;)\ B(R.p;) |
| B(S’Pi) |

LRE(S,R, p,) = (4)

N
BCE = % > “max{LRE(R,S, p,), LRE(S,R, p,)} (5)
i=1

where B(A, p) is the segment in the partition A that contains
point p, and -\ denotes the set difference. For example, B(R,
P)\B(S, p) denotes the set of pixels {p | pe B(R, p), pe B(S,
p)l. In the over-segmentation case, LRE(S, R, p) is large, and
LRE(R, S, p)) is small, and in the under-segmentation case,
by contrast, LRE(S, R, p) is small, and LRE(S, R, p) is large.
In order to address the sensitivity to both over- and under-
segmentation, BCE is defined to adopt the larger local error
at each pixel and combine all the N pixels within the image.
Moreover, an accuracy map can be generated by presenting the
local error at each pixel, as shown in Figure 8 and Figure 9.
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N
BCE = % > max{LRE(R,S, p,), LRE(S,R, p,)} (6)

i=1

D, is defined as the minimal proportion of pixels
that must be removed from both the reference and the
segmentation result so that the remaining pixels are identical.
The indicator of ARI is the measure of correspondence
between the segmented result and the reference; it evaluates
the degree of agreement of two partitions based on the
comparison of object triples, i.e., how the three distinct
objects are delineated by the two partitions. All the three
indicators are sensitive to both over- and under-segmentation,
and range from 0 to 1. The lower BCE and D, ,, values and the

higher ARI value indicate the better segmentation quality.

The Effectiveness of NF_ and f of AISP on Scale Coverage

In this subsection, we focus on analyzing the effectiveness

of the initial normalized factor NF, and the decreasing rate
on the involvement of the scale parameters, which indicates
how to set NF, and g properly. The number of regions (NR) is
used to indicate the segmentation scale. A segmentation with
more regions is considered at finer scale than that with fewer
regions. The experiments have been performed extensively
on several images; the test image T1 is selected as a sample to
illustrate the findings.
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Figure 5a and 5b show that when NF, is set small, i.e., 1
and 3, the changes of scale threshold (S,) are significant, mak-
ing NR change significantly accordingly. However, when NF,
is set as 6, 10, and 20, the changes of S, and NR are smoother
and slower than those with small NF,. Moreover, the changing
rate for the three large NF, is similar with each other. The dif-
ferent changing rates of S, and NR result in different numbers
of segmentation scales. Consequently, the coverage of mean-
ingful segmentation scales would be different.

For T1, the segmentations scales with approximately 150
to 1,100 regions are viewed as meaningful candidates because
various objects can be represented well within this range
through visual analysis. Given a decreasing rate f, the number
of scales within the meaningful range produced by setting dif-
ferent NF, is shown in Table 2. When NF, is equal to or larger
than 6, the number of meaningful scales is similar for both the
LMM and LBM methods, but it is decreased significantly when
NF, is set as 3 and 1, leading to the limited candidate scales.

Combining Figure 5b and 5¢, we can see that the meaning-
ful scales are controlled by the normalized factors approxi-
mately ranging from 4 to 5.5 when is NF, 20, 10, and 6. Hence,
the large NF| can capture the sensitive normalized factors and
make the scale parameter change smoothly to cover meaning-
ful segmentation scales. On the other hand, when NF, is 3 or
1, since it is smaller than the sensitive normalized factors,
the scale parameter is increased too fast, leading to limited
numbers of candidates to cover meaningful scales.

According to the above analysis, we can know that if NF,
is set smaller than the sensitive normalized factors, it cannot
produce enough candidates to cover meaningful segmentation
scales. The number of meaningful scales is similar when setting
different NF, if they are larger than the sensitive normalized fac-
tors. However, the sensitive normalized factors for different im-
ages would be various. We set NF, as 10, which is large enough
to cover the sensitive normalized factors after extensive tests.

On the other hand, given a NF,, the number of meaningful
candidate scales is also changed when setting different 5. Gen-
erally, if § is set large, more segmentation scales are produced,
but the difference is not very significant according to Table 2.
After extensive tests, we choose to set # as 0.9 since the evolu-
tion of meaningful candidate scales is smooth enough.

TaBLE 2. NUMBER OF SEGMENTATION SCALES WITHIN IMEANINGFUL RANGE FOR THE
Test Image T1 WHEN SETTING DIFFERENT INITIAL NORMALIZED FACTORS (NF,) AND
DecreasiNG RATES (f) For LocaL-MutuaL Best Reclon MERGING (LMM), AND
LocaL Best RecioN MeraING (LBM) MEeTHoD

Number of scales

NF, £ =08 £=0.9 f=0.95
LMM LBM LMM LBM LMM  LBM
20 15 16 19 17 19 21
10 14 14 18 18 20 19
6 12 15 17 19 22 22
6 4 6 4 6 4
1 4 1 4

The Effectiveness of AISP on Segmentation Accuracy

In this subsection, the effectiveness of AISP on segmentation
accuracy is analyzed to show how the gradually increased
scale parameters could influence the performance of local-ori-
ented region growing. In Table 3, the segmentation accuracy
is similar for LMM whether AISP is applied or not, and it is also
similar when different NF, is set. This shows that AISP would
not influence the segmentation accuracy significantly for LMM
method. For LBM method, the segmentation accuracy is simi-
lar when A1spP is applied with different NF,. However, AISP
can improve the segmentation accuracy for LBM significantly,
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TaBLE 3. THE ACCURACY OF SEGMENTATIONS AT SIMILAR SCALE FOR TEST IMAGE T1
WHEeN SETTING DIFFERENT INITIAL NoRMALIZED FACTORS (NF;). NR REPRESENTS
THE NUMBER OF REGIONS IN SEGMENTATION. THE LOWEST Row REPRESENTS THE

SEGMENTATION REsuLT witHouT Using AISP

LMM LBM
NF, NR BCE D, ARl NR BCE D,  ARI
20 281 0.591 0.495 0.463 250 0.582 0.476 0.494
10 289 0.582 0.479 0.470 245 0.575 0.467 0.500
6 275 0.595 0.500 0.462 260 0.593 0.488 0.474
273 0.589 0.490 0.467 230 0.587 0.489 0.494
- 276 0.578 0.476 0.485 245 0.646 0.557 0.420

(b)

Figure 6. The segmentation results of LBM under the control of (a)
AISP or (b)not. The region number of both results is 245.

o

%)

Rnl an

LMM
LBM+AISP

Figure 7. A sample explanation of how Aisp can improve the seg-
mentation accuracy for LBM method. The arrows in the left part
point to the best neighbor for each region.

making LBM achieve similar accuracy as LMM. The segmen-
tation results in Figure 6 further show the difference. The
reasons are illustrated in Figure 7.
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Given a growing region, LMM searches its locally mu-
tual best neighbor for merging, which involves not only its
neighbors, which is termed first-order neighbors, but also the
second-order neighbors that are the neighbors of the first-or-
der neighbors. If there is no mutual best neighbor, the merging
procedure stops for the growing region and turns to another
one. However, LBM just searches the local best neighbor for
merging among the first-order neighbors. The growing region
would not change until the minimal adjacent arc weight
exceeds the scale threshold. As shown in Figure 7, when the
growing region (R,) is getting larger after several merges, its
neighbors are still’ small, including the locally best first-order
nelghbor R,, and the second-order neighbor R,,. Since the size
of R, is large the weight of arc between R, and R, increases
accordlng to Equation 1. Then, even though R, 1s ' the best
neighbor of R, the best neighbor of R, could be R,, because
the size of an is small. Supposing Hm is also the best neighbor
of R,,, LMM refuses to merge R, and R,, and turns to merge the
mutual best neighbors R,, and R,,,. However, LBM would keep
merging R,, into R,. On the other hand, when AISP is used to
control LBM, since ‘the scale parameter is increased gradually,
the merging of R, and R, could be prevented by a small-scale
parameter during the increment schedule of the scale param-
eters, and turn to merge R,, and R,, first.

The sample analysis above shows that AISP can prevent
LBM from keeping merging adjacent regions into the growing
region when the arc weight is getting large, but changing the
growing region and merging other region pairs with small arc
weight first, which actually enlarges the searching range and
enhances the optimization ability for LBM. Hence, AISP can
improve the segmentation accuracy of LBM. Since the search-
ing range of LMM is larger than that of LBM, it can change the
growing region automatically under the constraint of local-
mutual best. Thus, AISP cannot improve the accuracy signifi-
cantly for LMM, as well as for other region growing strategies
that have stronger optimization ability than LMM.

Furthermore, the segmentation accuracy of LMM on the
control of AISP is compared with the multi-resolution segmen-
tation (MRS) method in eCognition® Developer 8. The spectral
weight of the two methods is set as 0.5. The supervised evalu-
ation is performed on 5 and 4 multi-scale segmentation results
for T1 and T2, respectively. The evaluation results are shown
in Table 4. The BCE and D, , values of LMM+AISP are smaller
than those of MRS, and the ARI values of LMM+AISP are higher,
which shows the slightly better performance of LMM+AISP.

Segmentation results of T1 and T2 are presented in Figure
8 to show the visual difference further. Combined with the
accuracy map indicated by BCE, the segmentation difference
is clearly presented for each object. The object boundaries are
accurate for both methods and the difference mainly caused
by over- or under-segmenting certain objects. LMM+AISP tends
to describe objects as single regions better, which is resulted
from the adaptive edge penalty function as analyzed in
(Zhang et al., 2014).

Multi-Scale Segmentation Results

To show the effectiveness of AISP on producing multi-scale
segmentations as candidates of meaningful scales, four multi-
scale segmentation results of test images T3 and T4 produced
by LMM+AISP are selected by visual analysis and presented in
Figure 9.

In the fine-scale segmentation of Figure 9a, single farm-
lands and houses are discriminated. As the segmentation
scale is getting coarser, the water areas are segmented as
single regions in Figure 9b, and the trees and farmlands are
separated as large objects in Figure 9c. Finally, in Figure 9d,
the impervious area, farmlands and trees are segmented as a
few large regions at the coarse scale. In Figure 9e, the small
objects, i.e., houses, farmlands, and alleys, are separated from
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TABLE 4. SUPERVISED EVALUATION RESULTS FOR IMULTI-SCALE SEGMENTATIONS OF
TesT ImaGges T1 AND T2 ProbuceD BY LMM+AISP, AND MRS; NR REPRESENTS
THE NUMBER OF REGIONS

Test LMM-+AISP MRS

image NR BCE D,, ARl NR BCE D,, ARI
740 0.734 0.627 0.290 730 0.758 0.663 0.249
519 0.677 0.566 0.354 515 0.705 0.603 0.305

T1 315 0.595 0489 0.456 319 0.617 0.517 0.433
198 0.562 0.459 0.504 195 0577 0.472 0.501
133 0.547 0423 0536 136 0561 0.461 0.522
429 0.566 0.470 0.431 445 0.681 0.586 0.315

[, 186 0450 0.349 0531 188 0.532 0438 0.452
107 0.426 0.329 0.560 108 0.436 0.347 0.554
79 0.416 0.323 0.572 79 0.424 0.349 0.553

TaBLE 5. SEGMENTATION TIME (sEc) DiFFereNce Causep BY AISP; THE Size oF THE
TesT IMages TS AND T6 1s 2000%x2000 PixeLs anp 3171 x 3000 PixeLs,

RESPECTIVELY
Test AISP Without AISP
image LMM LBM LMM LBM
T5 20.0 19.9 19.5 19.3
T6 57.0 56.0 53.5 52

each other. In Figure 9f, the houses, and farmlands with simi-
lar tone are merged into larger objects. In Figure 9g and 9h,
the large objects, such as the river, roads, forest, rural residen-
tial areas, and super objects of farmland, are represented in
the coarse segmentation result. Moreover, Figure 9 shows that
the multi-scale segments are nested.

Segmentation Time

The additional computation time when applying AISP to
local-mutual best region merging (LMM) and local best region
merging (LBM) on two large test images, namely T5 and T6, is
shown in Table 5. The segmentation is performed on a desktop
computer with the cPU of 3.2 GHz. When AISP is applied, the
segmentation time of LMM and LBM is a bit longer. This is be-
cause AISP needs to calculate the mean arc weight at each seg-
mentation scale. The additional computational complexity of
applying AISP is O(N_ +B-N), where N, and N, are the number
of arcs and nodes in RAG, and B is the number of arcs whose
weights are changed at each merging iteration. Furthermore,
we calculate the segmentation time of producing multi-scale
segmentations by cutting the segment tree. It only takes 0.08
sec for T5 and 0.18 sec for T6. This shows the great priority of
using the segment tree to represent multi-scale segments.

Discussion

The gradually increased scale parameters in AISP are calculated
based on the mean arc weight in the graph, which are dynami-
cally determined during the merging procedure and adaptive
to various images. AISP avoids the arbitrary setting of scale
parameters ahead of segmentation. However, it is noted that
AISP is proposed for region growing on the basis that the scale
parameter is defined as the threshold of similarity measure be-
tween adjacent regions. AISP can be applied to region growing
procedure with different merging criteria. However, if other
measures, such as region size or number of regions, are defined
as the scale parameter, AISP cannot extend to such cases.

To form continuous increment procedure of scale param-
eters and cover meaningful scales, the normalized factor (NF)
is added into the scale parameter, which mainly depends on
the parameters of initial normalized factor (NF,) and decreas-
ing rate (§). NF, determines the coverage of meaningful scales.

June 2015 467



o
R

)

? N N

e e
NS =
,\ﬁ“

L B>

AN & =
: ®{w’?§§: NS

T

Iff-
‘I,'.

G S
)\
4 A
» & R
3
> s
S Wit
)
-j&
e

Figure 8. (a) through (d): segmentation results: (a) LMmm+aisp, 315 regions, (b) MRs, 319 regions, (c) LMM+AISP, 107 regions, and (d) MRS,
108 regions. (e) through (h) are the accuracy maps indicated by BCE measure for (a) through (d), respectively, where the white indicates
0, and the black indicates 1.
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204, 61 in (a) through (d), and 226, 166, 83, 33 in (e) through (h).

Figure 9. Multi-scale segmentation results of T3 (top row) and T4 (bottom row) using LMM+AISP. The number of regions is 1174, 335,

If it is set larger than the sensitive normalized factors, it can
make sure to cover the meaningful scales. # determines the
smoothness and continuity of the increased scale parameters.
The experiments show that the increment of scale parameters
is not very sensitive to f, as shown in Table 2. Hence, it is not
difficult to set the two parameters according to the analysis.

The effectiveness of AISP on segmentation accuracy for lo-
cal-oriented region growing is also analyzed to reveal how the
gradually increased scale parameters can influence segmenta-
tion accuracy. The results show that AISP has no significant
influence on the accuracy for LMM, but it can enhance the op-
timization ability of LBM by changing the growing region and
allowing region pairs with large similarity to be merged first.
The analysis presents a manner to improve the performance
for local-oriented region growing, which is that we should
not keep growing a region until it satisfy the stopping rule but
change the growing regions after several iterations to merge
other region pair with greater similarity first.

AISP controls to produce nested multi-scale segmentations,
which serve as candidates of meaningful segmentation scales.
In the following step, we should select meaningful scales for
given applications. To accelerate scale selection, the segment
tree is used to represent the nested multi-scale segments,
where the nodes at different levels are hierarchically linked. It
is very fast to produce multi-scale segmentations by cutting the
segment tree at different levels. In this study, the segmentation
scales for evaluation and shown are selected by visual analy-
sis. Owing to the efficiency of cutting segment tree, we suggest
to setting the target scale parameter large to build the segment
tree. Then, the segment tree records segmentation scales coarse
enough to cover meaningful segmentation scales and we can
select meaningful segmentation scales by cutting the segment
tree. In the future, we would pay attention to choosing mean-
ingful scale(s) for a given application automatically. Then,
there is a need to build the correspondence between the scale
parameter and the semantic meaning of objects.
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Conclusions

The adaptively increased scale parameter (AISP) strategy has
been presented for multi-scale segmentation of high-spatial
resolution remote sensing images. AISP is used to control
region-growing procedure to produce nested multi-scale
segmentations. In this study, we focused on dynamically
determining a set of gradually increased scale parameters in
AISP, which are adaptive to specific images so that they can
capture the variety among different regions. The normalized
factor was introduced to calculate scale parameters, which
contributes to form continuous upscaling mechanism to cover
meaningful scales. The experiments proved the effectiveness
of AISP on controlling multi-scale segmentation. Especially,
the influence of gradually increased scale parameters on
segmentation accuracy was analyzed in experiments, indicat-
ing the importance of changing growing regions for improving
segmentation performance of local-oriented region growing.
The comparison with MRS method showed that LMM + AISP
can achieve slightly better performance.
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