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This letter presents an edge direction adaptive watershed segmentation method for
remote sensing images. First, the maximum gradient value among different directions
is chosen as the single band gradient value of the pixel, and a compound gradient value
is then calculated based on the gradient value in each band. Second, the marker-based
watershed segmentation is implemented to produce initial over-segmentation result to
avoid under-segmentation. Finally, the adjacent objects with high similarity values are
merged to reduce over-segmentation, which improves segmentation accuracy. The
performance of the proposed method is validated on two satellite images.
Experimental results show that, compared with the multi-resolution segmentation
method embedded in the eCognition software and the traditional multi-band watershed
segmentation method, the proposed method can decrease over-/under-segmentation
and thus produce satisfactory segmentation results.

1. Introduction
Image segmentation is a key step in very-high-resolution satellite image processing.
Segmentation can help with further research on remote sensing image processing, such
as object-oriented classification (Tarabalka, Chanussot, and Benediktsson 2010), change
detection (Tang, Zhang, and Huang 2011), and information extraction (Myint et al. 2011).
Object-based image analysis uses the segmentation object as the basic unit of analysis.
The quality of segmentation affects the accuracy of image processing.
Numerous image segmentation methods have been proposed and applied for different
image processing tasks. Based on the theory used, these methods can be generally
grouped into four categories: (1) the thresholding method (Otsu 1979), (2) the region
growing method (Fan et al. 2001), (3) the edge-based method (Vincent and Soille 1991;
Galambos, Kittler, and Matas 2001), and (4) methods based on other theories (DuarteCarvajalino et al. 2008). Although different segmentation methods are proposed from
different perspectives, obtaining a universal segmentation method for any situation is
difficult (Zhang 1997), and further studies are needed.
In the field of remote sensing, the edge-based watershed segmentation is one of the
commonly used methods. Vincent and Soille (1991) first proposed the watershed segmentation algorithm, which is the basis for the development of many modified watershed segmentation methods (Angulo, Velasco-Forero, and Chanussot 2009; Cousty et al. 2010). Although
*Corresponding author. Email: lswzshi@polyu.edu.hk
© 2015 Taylor & Francis

Downloaded by [Hong Kong Polytechnic University] at 18:18 17 January 2016

Remote Sensing Letters

391

watershed segmentation can efficiently provide a closed segmentation contour, it suffers from
the following limitations. First, most present gradient operators provide fixed edge direction
due to having only one or two gradient operator templates, which cannot reflect real gradient
directions. Second, most watershed methods are based on a single band, which neglects the
importance of spectral information provided by multispectral satellite images. Third, given
that the natural objects on a satellite image have different spatial sizes, watershed segmentation with a single-scale parameter generally leads to over-/under-segmentation, and therefore
multi-scale-based watershed segmentation method should be further studied.
Based on the aforementioned analysis, an edge direction adaptive watershed segmentation method (EDAWSM) for remote sensing images is presented in this letter. The
method fully considers the advantages of multiple bands, multiple scales, and multiple
features in addressing the over-/under-segmentation problem. The proposed method is
detailed in the following section.

2. Proposed segmentation method
The flow chart of the proposed EDAWSM is summarized in Figure 1. The EDAWSM
consists of four main steps, and details of each step are described in the following sections.
2.1. Adaptive gradient operator
In the traditional method, the gradient of a pixel is defined as the quadratic sum of
horizontal and vertical gradients. It should be noted that the true edge direction is
commonly not truly horizontal or vertical due to the complexity of natural images. To
solve this limitation, this letter proposes a gradient operator that is adaptive to the edge
direction. This gradient operator contains 12 templates (see Figure 2) that can be classified
into three groups: (1) linear type, which is equivalent to Prewitt operator (see Figures 2(a)
and (b)); (2) diagonal type, as shown in Figures 2(c) and (d), where the gradient operator
templates are obtained by changing the direction of the linear type; and (3) polyline type,
as shown in Figures 2(e)–(l), where the gradient operator templates are obtained by
combining the gradient operator templates of the linear and diagonal types. The weight
value templates are illustrated in Figure 3. The gradient value gi ðx; yÞ of the pixel (x, y) on
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Flow chart of the proposed method.
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Figure 2. Twelve edge directions. (a) and (b) are the linear type, (c) and (d) are the diagonal type,
and (e)–(l) are the polyline type.
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Figure 3. Gradient operator templates. (a) and (b) are the linear type, (c) and (d) are the diagonal
type, and (e)–(l) are the polyline type.

the ith band is defined as the maximum value of the results derived from 12 gradient
operator templates, as shown in Figure 3.


gi ðx; yÞ ¼ max gik ðx; yÞ; k ¼ 1; 2; :::; 12 ;

(1)

where gik ðx; yÞ denotes the gradient value that is calculated using kth operator template on
the ith band.

2.2. Weighted compound gradient
To take full advantage of the multispectral information in remote sensing images, the
weighted compound gradient is calculated using the gradients of all bands. The weights
are calculated based on the correlations between bands in a n pixel × n pixel neighbourhood of each pixel. The correlation coefficient ρij ðx; yÞ between the ith and jth bands at
pixel (x, y) is defined as


fi ðk Þ  f i fj ðk Þ  f j
k¼1
ρij ðx; yÞ ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
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(2)

k ¼1

where fi ðk Þ and fj ðk Þ are grey values of the ith and jth bands of pixel k, which is located in
the neighbourhood of the pixel (x, y); fi and fj denote the average grey values of the ith
and jth bands in the neighbourhood of the pixel (x, y), respectively.
The sum of the correlation coefficients between the ith band and the other bands at
pixel (x, y), denoted as ρi ðx; yÞ, is defined as follows:
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ρi ðx; yÞ ¼

ρij ðx; yÞ ;
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(3)

j ¼ 1; j Þ i

where N is the number of bands in the remote sensing image. The bigger the correlation
coefficient, the higher the information similarity. The weight assigned to the gradient for
each band is calculated as

Downloaded by [Hong Kong Polytechnic University] at 18:18 17 January 2016

wi ðx; yÞ ¼

1=ρi ðx; yÞ
;
N
P
1
i¼1

(4)

ρi ðx;yÞ

where wi ðx; yÞ is the weight value of the ith band at pixel (x, y). Finally, the compound
gradient value g ðx; yÞ is defined as
gðx; yÞ ¼

N
X

ðwi ðx; yÞgi ðx; yÞÞ;

(5)

i¼1

where gi ðx; yÞ stands for the gradient value of the ith band.

2.3. Object merging
Given the different scales of different geographical entities, segmenting the image in only
one scale is unreasonable, which generally leads to over-/under-segmentation issues. In
this study, the initial over-segmentation result is first produced to avoid under-segmentation. After that, over-segmentation result is adjusted and merged based on the spectral
characteristics, texture features, and spatial relations of two adjacent objects. If two
adjacent objects have a low merging cost value, they will be merged. The merging
criterion is denoted as the cost function C that is defined as
C¼





minðLA ; LB Þ minðSA ; SB Þ
ρΔ FAS ; FBS þ ηΔ FAG ; FBG ;
LAB
maxðSA ; SB Þ

(6)

where LA and LB are the perimeters of segmentation objects A and B, respectively. LAB
denotes the common edge length between objects A and B. SA and SB are the areas of
objects A and B. ρ and η are the weight values of spectral characteristics and texture
features, respectively, which are the contribution proportions of the variances of spectral
characteristics and texture features to their sum. FAS and FBS are the average spectrum
values of objects A and B. FAG and FBG are the average texture values of objects A and B,




and Δ FAS ; FBS and Δ FAG ; FBG are the Euclidean distances of the average spectrum and
average texture values between objects A and B, respectively.

2.4. Segmentation accuracy assessment
The common empirical accuracy assessment methods for image segmentation are based
on the difference between the segmentation results and the reference data. The coincidence degree between these two data sets can reflect the feature difference and the
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position error of objects (Zhan et al. 2005). Thus, this study selects the coincidence degree
to evaluate the segmentation accuracy, which is implemented in three steps:
(1) Segmentation objects are matched. A ‘one segmentation object corresponding to
many reference objects’ or ‘many segmentation objects corresponding to one reference
object’ situation exists when the segmentation objects match with reference objects. The
segmentation and reference objects form a matching pair when they have the maximum
coincidence degree. The coincidence degree lij between the ith object in the segmentation
result and the jth object in the reference data is defined as

lij ¼

SiC \ SjR
SiC [ SjR

;

(7)

where SiC is the area of the ith object in the segmentation result while SjR is the area of the
jth object in the reference data; and SiC \ SjR and SiC [ SjR stand for the intersection and
union areas between SiC and SjR , respectively.
(2) The difference of each matching pair is calculated. The difference is measured in
two means: one is the correctness, which describes the under-segmentation phenomenon;
and the other is the completeness, which describes the over-segmentation phenomenon.
pi ¼

SiC \ SiM
;
jSiC j

(8)

ri ¼

SiC \ SiM
;
jSiM j

(9)

where pi and ri denote the correctness and completeness of the ith object in the segmentation
result, respectively; SiM denotes the area of the object in the reference data which is matched to
the ith object; and SiC \ SiM denotes the intersection area between SiC and SiM .
(3) Segmentation accuracy is assessed. The weighted average correctness p and
completeness r are used to evaluate the segmentation accuracy, which are defined as
p¼

m
X

wi pi ;

(10)

wi ri ;

(11)

i¼1

r¼

m
X
i¼1

where wi is the weight of the ith object in the segmentation result that is defined as
proportion of the area of the ith object to the whole image area, and m is the object
number in the segmentation result.

3. Experiments
This letter selects two satellite images from SPOT-5 and GeoEye-1 to validate the proposed
method. The proposed method is combined with the multi-resolution segmentation method
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(MRSM) embedded in the eCognition software, the traditional multi-band watershed segmentation method (TMBWSM) (Tarabalka, Chanussot, and Benediktsson 2010). A 5 pixel ×
5 pixel window was used in the experiments to compute the correlation between bands. The
experiments were conducted on a PC that has an Intel Core2Quad processor with 1.80 GHz
clock speed. MATLAB® was used to program TMBWSM and EDAWSM.
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3.1. Experiment 1
The data used in experiment 1 is a pan-sharpened SPOT-5 satellite image with a spatial
resolution of 2.5 m per pixel and an area of 400 × 400 pixels. The study area is covered by
five classes, including pond, vegetation, bare land, concrete surface, and low building.
Figure 4(a) shows the reference data, which are manually produced using ArcGIS software
with a sub-pixel segmentation precision. The object number in this reference data is 92.
MSRM is controlled by three parameters, including scale parameter, shape, and
compactness. To produce the best MSRM result, these parameters are changed with a
step of 5, 0.1, and 0.1, respectively. The optimal scale parameter is 50, while shape is 0.6

(a)

0

(d)

(b)

392.29

(e)

(c)

(f)

Figure 4. Reference data and segmentation results of SPOT-5 image fused with panchromatic and
multispectral bands (the centre coordinate: 39° 06′26.86″ N, 117° 02′53.39″ E) acquired in February
2009. Areas A and B in detail indicate the advantages of the proposed method. (a) is the reference
data; (b), (c), and (f) are results from MRSM, TMBWSM, and EDAWSM, respectively; and (d) and
(e) are the gradient image and initial minimum mark segmentation result of EDAWSM, respectively.
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and compactness is 0.7, resulting in Figure 4(b). The segmentation results of TMBWSM
and EDAWSM are shown in Figures 4(c) and (f), respectively. The gradient image and
initial minimum mark segmentation result of EDAWSM are given in Figures 4(d) and (e).
Figures 4(b)–(f) show that all three methods produce over-segmentation results in area B
where ground objects are complex. However, in area A, which is covered by a single landcover class, over-segmentation also occurs in Figures 4(b) and (c) to varying degrees. By
contrast, over-/under-segmentation is non-existent in Figure 4(f). Meanwhile, the zigzagged segmentation boundary is observed in Figure 4(b), which means the segmentation
objects obtained by MSRM significantly differ from the real-world objects.
Table 1 reports the quantitative assessment results of three methods. From Table 1, it
can be seen that TMBWSM has the lowest r value, which means that it has the most
serious over-segmentation problem. Although the object number produced by MRSM is
close to that of the reference data, its r value is smaller than EDAWSM, which indicates
that MRSM suffers from over-segmentation more than EDAWSM. Table 1 also shows
that the p values of three methods are not very low, thereby indicating that these three
methods do not present serious under-segmentation. Considering both visual and quantitative assessment results, EDAWSM outperforms the other two methods.

3.2. Experiment 2
The data used in experiment 2 is a pan-sharpened GeoEye-1 image at 0.5 m spatial
resolution. The study area is 400 × 400 pixels and is characterized by classes of building,
grass, road, tree, and bare land. Figure 5(a) shows the reference data, which contain 199
objects.
Table 1.

Quantitative assessment result of experiment 1.

Method

Number of objects

p

r

176
292
283

0.892
0.943
0.956

0.618
0.571
0.650

MSRM
TMBWSM
EDAWSM

(a)

(b)

(c)

(d)

Figure 5. Reference data and segmentation results of GeoEye-1 fused image with three multispectral bands (red, green, and blue) acquired on 7 August 2008, and its centre coordinate is 40° 30′
47.06″ N, 75° 47′00.94″ W. (a) is the reference data and (b), (c), and (d) are the results from MRSM,
TMBWSM, and EDAWSM, respectively.

Remote Sensing Letters
Table 2.

Quantitative assessment result of experiment 2.

Method
MSRM
TMBWSM
EDAWSM
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Number of objects

p

r

272
325
323

0.787
0.769
0.803

0.596
0.637
0.655

Similar to experiment 1, segmentation results of MSRM, TMBWSM, and EDAWSM are
produced, as shown in Figures 5(b)–(d), respectively. The best result of MSRM is achieved at
scale parameter 45, shape 0.6, and compactness 0.5. Figure 5(b) shows that the segmentation
result contains over-segmentation areas and boundaries of some objects are zigzagged.
Comparing Figures 5(c) and (d), more errors are witnessed in Figure 5(c); for instance,
some tree and grass areas have been segmented together. The quantitative assessment results
of these three methods are presented in Table 2. It can be seen that although the object
number of MRSM is closest to that of the reference data than the other two methods, its r
value is the lowest, thereby indicating that its result has the most serious over-segmentation
issue. On the other hand, TMBWSM has less over-segmentation but more serious undersegmentation than MRSM. The p and r values of EDAWSM are the highest among these
three methods, thereby showing that EDAWSM can reduce over-/under-segmentation and
improve the segmentation accuracy, which again versifies the advantage of EDAWSM.

4. Conclusion
This letter proposes an EDAWSM for remote sensing images. The main advantages of the
proposed method are the following. (1) EDAWSM integrates multi-band gradient values
into one weighted compound gradient value, which overcomes the limitations of traditional watershed segmentation method that is relying on a single band. (2) EDAWSM
chooses the maximum gradient value from 12 directions as the pixel gradient value, which
reflects the real edge direction of objects. (3) EDAWSM merges adjacent objects with
high similarity based on multiple features, thereby overcoming the challenge caused by
the multi-scale characteristic of natural objects. The preliminary experimental results show
that the proposed method can significantly improve the matching degree between segmentation and ground-truth objects and reduce over-/under-segmentation phenomena
compared with MRSM and TMBWSM. The proposed method can be used for objectoriented classification and feature extraction.
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