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Abstract

Computer analysis of image objects starts with finding them-deciding which pixels belong to each
object. Digital elevation maps or models (DEMSs) are arrays of numbers representing the spatial
distribution of terrain elevations. They can be seen as gray-scale images, whereby the value of a
pixel represents an elevation rather than a luminance intensity (the brighter the gray-tone level of a
pixel, the higher the elevation of the terrain point corresponding to this pixel). Useful applications
of DEMs can be found in civil/rural engineering, geographic information systems (GIS),
geomorphology, water resources management, photogrammetry, satellite imaging. A watershed is
defined as a region of land that assists in draining water (usually rainwater) into a river or a creek. It
is an area of high ground through which water flows into the river or creek. Simply defined, the
watershed is a transformation in grayscale images. This technique aims to segment the image,
typically when two regions-of-interest are close to each other, their edges touch. Thus far, we have
discussed segmentation based on three principal concepts.
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1. Introduction

Image segmentation is one of the most important categories of image processing. The purpose of
image segmentation is to divide an original image into homogeneous regions. It can be applied as a
pre-processing stage for other image processing methods. There exist several approaches for image
segmentation methods for image processing. The watershed transformation is studied in this report
as a particular method of a region-based approach to the segmentation of an image. First, the basic
tool, the watershed transform is defined. It has been shown that it can be implemented by applying
the flooding process on a grey tone image. This flooding process can be performed by using basic
morphological operations. The complete transformation incorporates a pre-processing and post-
processing stage that deals with embedded problems such as edge ambiguity and the output of a
large number of regions. Watershed Transform can be applied to grayscale images, textural images,
and binary images. The watershed transform has been widely used in many fields of image
processing, including medical image segmentation. A comprehensive review of hydrological,
geomorphological, and biological applications of DEMs is proposed in [1]. A low-cost solution for
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generating a DEM consists of interpolating the elevation values between the elevation contour lines
extracted from digitized topographic maps. For example, a sample of a digitized topographic map is
shown in Figure la. The contour lines of this image can be automatically extracted using color
information. The resulting image is then cleaned using size criteria (surface area opening and
closing). The filtered contour lines are then thinned using a skeletonization algorithm. Finally,
disconnected lines are reconnected by considering the distance separating their extremities as well
as their orientation. The resulting contour lines are shown in Figure 1b. Once the contour lines have
been assigned their elevation value, it is still necessary to interpolate the elevation values of the
points located in between two successive contour lines. The term watershed refers to a ridge that
divides areas drained by different river systems. A catchment basin is a geographical area draining
into a river or reservoir.
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Figure 1. a) Digitized topographic map; b) extracted contour lines

A larger image of elevation contour lines is shown in Figure 2: each line has a constant gray-scale
value corresponding to the terrain elevation along the line and the elevation values of the pixels
belonging to white regions in between two successive contour lines are unknown. In this problem,
contour lines are associated with terrain elevation values but they could represent other spatial-
dependent characteristics of an object. For instance, one could transform a gray-tone image into an
image of iso-intensity contour lines and then attempt to regenerate the original image (i.e., lossy
image compression technique). There is, therefore, a need for interpolating values located in
between successive contour lines. Geodesic transformations are at the basis of an efficient method
taking advantage of the topological and morphological properties of the contour lines. The method
requires two steps:

i) Generation of two plateau images, and ii) interpolation along the steepest slope lines.

2. Research Background

Segmentation divides an image into its constituent regions or objects, and the segmentation must be
stopped when the objects of interest in an application have been isolated [1]. Image segmentation is
based on three principal concepts: edge detection, thresholding, and region growing. The most
common one is thresholding. Thresholding has a high speed of operation and ease of
implementation. However, its performance is relatively limited since image pixels with the same
gray level value will invariably be segmented into the same class [2]. Segmentation by
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morphological watersheds [3-10] embodies many of the concepts of the other three approaches,
which produces more stable segmentation results, as well as providing a simple framework. A
simple watershed transformation causes over-segmentation [11]. In order to prevent this over-
segmentation, the watershed method passed through several stages of evolution. The original
watershed method was developed in [12] and was widely described together with its applications by
some other researchers [13, 14]. the result of the enhancement by imposing regional minima at the
locations of both the internal and the external markers, combine the top/bottom hat transformation
algorithm and the markers algorithm by using suitable weight function, and subject the combination
to the watershed algorithm. The new algorithm can prevent over-segmentation of the simple
watershed segmentation algorithm. The other particularity of the proposed algorithm is insensitivity
to noise.

One of the principal applications of watershed segmentation is in the extraction of nearly uniform
(blob-like) objects from the background. Regions characterized by small variations in intensity have
small gradient values. Thus, in practice, we often see watershed segmentation applied to the
gradient of an image, rather than to the image itself. In this formulation, the regional minima of
catchment basins correlate nicely with the small value of the gradient corresponding to the objects
of interest. The earlier methods of transformation treat the image as a topographic map, with the
intensity of each pixel representing the height. For instance, dark areas can be intuitively considered
to be ‘lower’ in height and can represent troughs. On the other hand, bright areas can be considered
to be ‘higher’, acting as hills or as a mountain ridge. Any gray tone image can be considered as a
topographic surface. If we flood this surface from its minima and, if we prevent the merging of the
waters coming from different sources, we partition the image into two different sets: The catchment
basins and the watershed lines. If we apply the watershed transformation to the image gradient, the
catchment basins should theoretically correspond to the homogeneous gray level regions of this
image. However, in practice, this transform produces an important over-segmentation due to noise
or local irregularities in the gradient image. To perform image segmentation and edge detection
tasks, many methods incorporate region growing and edge detection techniques. For example, it is
applying edge detection techniques to obtain Difference in Strength (DIS) map. Then employ region
growing techniques to work on the map as in [2]. According to the paper [3], combining both
special and intensity information in the image segmentation approach based on multi-resolution
edge detection, region selection, and intensity threshold methods to detect white matter structure in
the brain. In [3, 6, 7, 9] adaptive clustering algorithm and K-means clustering algorithm are
generalizing to include spatial constraints and to account for local intensity variations in the image.
The spatial constraints are included by the use of a Gibbs Random Field model (GRF). In such a
“topographic” interpretation, we consider three types of points: (1) points belonging to a regional
minimum; (2) points at which a drop of water, if placed at the location of any of those points, would
fall with certainty to a single minimum; and (3) points at which water would be equally likely to fall
to more than one such minimum. For a particular regional minimum, the set of points satisfying
condition (2) is called the catchment basin or watershed of that minimum. The points satisfying
condition (3) form crest lines on the topographic surface, and are referred to as divider lines or
watershed lines.
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3. Mathematical Model of Proposed Method

The watershed segmentation algorithms are based on the representation of an image in the form of a
topographic relief, where the value of each image element characterizes its height at this point.
These algorithms can process not only 2D images but also 3D images, so the term element is used
in the paper to combine the terms pixel and voxel. For a better outcome, watershed segmentation is
often applied to the result of the distance transform of the image rather than to the original one.
Thus, the relief consists of low-lying valleys (minimums), high-altitude ridges (watershed lines) and
slopes (catchment basins). The concept of the plateau (an area with the same height of elements) is
also used. The main task in this segmentation method is to determine the location of all catchment
basins and/or watershed lines since in this case, each catchment basin is considered to be a separate
segment of the image. In some tasks, we only need to get the segments, but in some, we also need to
know the boundaries of each segment.

So, let My, My, ..., MR be set denoting the coordinates of the points in the regional minima of an
image, g(x,y). As mentioned earlier, this typically will be a gradient image. Let C(Mi)be a set
denoting the coordinates of the points in the catchment basin associated with regional minimum Mi
(recall that the points in any catchment basin form a connected component). The notation min and
max will be used to denote the minimum and maximum values of g(x,y). Finally, let
T[n] represent the set of coordinates (s, t) for which g(s, t) <n. That is,

T[n] ={(s,0lg(s,t) <n} (1)
Geometrically, T[n] is the set of coordinates of points in g(x, y) lying below the plane g(x,y) = n

In this work, A magnified section of an image of contour lines is shown in Figure 3a. The pixel p
lies within a white region surrounded by two contour lines referred to as its lower and upper contour
lines. The lower contour line of a pixel p is denoted by C,;(p) and the upper one by C,(p). These
two contour lines may be identified as shown in Figure 3b or when p is located precisely on a
contour line. The elevation of both the lower and upper contour lines associated with each pixel is
determined by calculating two plateau images P; and P, from the image CL of Contour Lines:

P,(p) = CL[G,(p)] (2)

P,(p) = CL[C,(P)] (3)
Hereafter, we assume that the image CL of contour lines has values strictly greater than 0 along the
contour lines, the remaining pixels being set to 0. The computation of the plateau images requires
the definition of the following image M:

M(P) = {C,(p) if p belongs to a counter line} (4)
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Figure 2. Magnified section of an image of iso-intensity contour lines with a pixel p located in a white region
The plateau images are then obtained by performing a morphological reconstruction by the erosion
of CL from M for the lower plateau image P, and a morphological reconstruction by dilation of M
from CL for the upper plateau image P,:
Py =R¢, (M) (5)
P, = Ry(Cy) (6)
The proposed morphological reconstruction algorithms have been used for generating a pair of
plateau images starting from an image of elevation contour lines. This was the first step towards the
interpolation of the elevation values of the pixels located between two successive contour lines. The
second step consists in calculating the value of each pixel p by a linear interpolation along the
geodesic going from its upper contour line C,(p) to its lower contour line C,(p) and passing
through p.
A magnified section of an image of contour lines is shown in Figure 4. In the figure, a pixel p
located in between its upper and lower contour lines is drawn with the corresponding geodesic
linking the pixel to both contour lines. The shortest path going from C,,(p) to C;(p) , included in M
and passing through p, is made of the geodesics from p to C;(p) and from p to C,(p). We assume
that the difference of elevation between C,(p) and C;(p) is evenly distributed along the geodesic
path. The interpolated value H,, of p equals, therefore, the weighted mean of B,(p) and P;(p) by
the geodesic distances from p to €, (p) and to C;(p), respectively:
Pi(p) Lij\[[’-/,!("ll(p)] + Pu(p) d}\[[l”,cl(lﬂ]
dulp,Ci(p)] +dulp,Cu(p)] @)
where the geodesic mask M is the set difference between the image definition domain and the
contour lines, and B, and P, are the plateau images defined in the earlier section. The length of the
geodesics linking each pixel to its upper and lower contour lines is determined from two geodesic
distance functions: from odd to even contour lines and vice versa (odd contour lines are obtained by
considering one contour line out of two and starting from the contour line at the lowest level).

H(p) =
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Figure 3. Interpolation of the value

3.1 Marker Control and Measuring Image Information

Direct application of watershed transform to a gradient image can result in over-segmentation due
to noise. Over segmentation means a large number of segmented regions. An approach used to
control over-segmentation is based on the concept of markers. A marker is a connected component
belonging to an image. Markers are used to modify the gradient image. Markers are of two types
internal and external, internal for an object, and external for boundary [7]. The marker-controlled
watershed segmentation is a robust and flexible method for the segmentation of objects with closed
contours, where the boundaries are expressed as ridges. Markers are placed inside an object of
interest; internal markers associate with objects of interest and external markers associated with the
background. After segmentation, the boundaries of the watershed regions are arranged on the
desired ridges, thus separating each object from its neighbors [1,8]. Its fundamental premise is that
the generation of information can be modeled as a probabilistic process that can be measured in a
manner that agrees with intuition. Following this supposition, a random event E with probability
P(E) is said to contain:

1
I(E) = log% = —logP(E) (8)
units of information. If P(E) = 1 (that is the event always occurs), I(E) = 0 and no information is

attributed to it. Because no uncertainty is associated with the event, no information would be
transferred by communicating that the event has occurred where it always happens if P(E) = 1.
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Figure 4. Lower complete transformation: a) original gray image; b) geodesic function and c) lower complete image.

4. Experimental Results and Performance Evaluation

In this section, we present the experimental results to demonstrate the performance of the watershed

technique. The performance of the method under the presence of intense noise is also analyzed, and
18
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the results are compared with other segmentation methods. When a pixel drains towards another,
the result of the latter is incremented by that of the former. The process is then repeated for the
second-highest elevation and so forth until the lowest elevation is reached. When a pixel has more
than one neighbor at the lowest elevation, one of them is chosen randomly to avoid systematic
errors. The resulting image of contributing drainage areas is shown in Figure 6. This image can be
thresholds at a user-defined value S to extract the drainage network pixels draining at least S pixels.
Figure 5 shows the drainage networks for various threshold levels. Figure 6 illustrates the lower
complete transformation with a perspective view of plateaus and its lower complete version. Note
that values of points higher than the plateau are increased by the largest computed geodesic
distance. Consequently, the resulting DEM has more levels than the original one but ordered
relationships between pixels are preserved. The lower complete transformation can be achieved
utilizing sequential algorithms. The result of the watershed algorithm is global segmentation,
border closure, and high accuracy. It can achieve a one-pixel wide, connected, closed, and exact
location of the outline. The basic concept of the watershed is based on visualizing a gray level
image into its topographic representation, which includes three basic notions: minima, catchment
basins, and watershed lines.

northing in meters

Figure 5. Concord Roads with proposed transformation model

Except for graph cuts and proposed watershed transformation in the segmentation process, the
material in the previous section dealt mostly with what we might call “non-traditional”
segmentation method, based primarily on detecting intensity discontinuities or similarities. In this
work, we discuss techniques that approach segmentation from a “modeling” point of view.
Specifically, we develop methods whose origin can be traced to work on deformable models
conducted in the 1990s. Deformable watershed models are physically based models of deformable
curves, surfaces, and solids used non-traditionally in computer graphics. In this research, a novel
transformed watershed active contour (also called evolving fronts or evolving interfaces), has been
proposed which is a deformable model and confined to the plane. The term “active” indicates that
the curves are dynamic, as opposed, for example, to segmentation curves resulting from a global
thresholding operation. In segmentation, these active curves are attracted to region boundaries,
acting under the influence of forces extracted typically from an image being segmented. Work on
active contours related specifically to image segmentation evolved along two different paths.
Statistical evaluation of analytic performance in general and specifically ROC curve analysis was
conducted for calculating the performance of proposed transformed watershed. The confusion
matrix was calculated to define the performance of the suggested approaches. The confusion matrix
describes all possible results of forecasting results in the table structure.
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Specificity: The prospect of the test finding the correct class among all classes:

TN
TN+FP (9)
Accuracy: The fraction of test results in those are correct:
TP+TN
ey (10)
TP+FN+TN+FP

Table-1 Geographic Cells Reference with properties

Parameter Ranges Performance
Latitude Limits [44.2475 44.37775] 89%
Longitude Limits [-71.38025 - 86%

71.24525]

Raster Size [521 540] -

Raster Interpretation Cells 92%
Columns Start From South 93%
Rows Start From West 91%
Cell Extent in Latitude 1/4000 90%
Cell Extent in Longitude 1/4000 90%
Raster Extent in Latitude 0.13025 84%
Raster Extent in Longitude 0.135 88%
X Intrinsic Limits [0.5540.5] 91%
Y Intrinsic Limits [0.5521.5] 91%
Coordinate System Type Geographic -

Angle Unit Degree -

Specificity - 92%
Accuracy - 94%
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(a) Original Quickbird image (b) Labeled samples given by the expert

(¢) Standard watershed Transformation (d) Proposed Transformation watershed model

Figure 6. Remotely sensed image of a part of Strasbourg (France)

5. Conclusion

Watershed transform is a powerful tool for image segmentation. However, the purpose of the
watershed transform is not limited in image segmentation. In this paper, we have overviewed and
measured the expended computational resources of the watershed segmentation algorithms that are
implemented in some open source libraries. We identified two libraries that showed the best results
in our tests. Thus, for the best performance of the watershed segmentation, one should try different
implementations from modern versions of libraries and choose the one that consumes the least
computing resources, even though most of them contain implementations of the same algorithms.
With this testing, one can already achieve a significant increase in performance for some problems,
when the memory becomes a crucial issue, the only appropriate solution is splitting of the initial
image into smaller parts, segmenting of these parts in parallel and following the merging of results.
Even in this case, the performance of the segmentation algorithm implementation plays a significant
role, since each part of the image must be processed with minimal computational resources. To
solve the over-segmentation and noise sensitiveness of the simple watershed transform, the new
algorithm is proposed in this paper. The proposed segmentation algorithm was implemented for
several images and produced very satisfactory results with respect to suppression of over-
segmentation. The appropriate weight function is used to combine the enhanced final multi-scale
gradient algorithm with markers algorithm to get the new algorithm. A combination of these two
algorithms can contribute to overcome the over-segmentation and under segmentation which is
caused by enhanced final multiscale gradient algorithm and markers algorithm, respectively. The
experimental results show that the new algorithm is superior to the final multiscale watershed
segmentation model with an average accuracy of 94%.
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