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ABSTRACT

A watershed based on rainfall simulation is a proven
technique for image segmentation. The only problem
associated with it is the path regularization for pixels in the
plateau. As the existing methods employ sequential
techniques, the complexity of the algorithms remains high due
to repetitive scanning of pixels. We propose an iterative
method for finding the shortest and steepest path based on
Breadth first search (BFS), which addresses the path
regularization problem eliminating the repetitive scans.
Experiments show, that the proposed algorithm significantly
reduces the running time without compensating the
performance when compared with the fastest known
algorithm.

General Terms
Fast watersheds, Image segmentation, Breadth First search,
shortest path, path regularization.

1. INTRODUCTION

Image segmentation is a fundamental problem in image
analysis. The segmentation process can rely both on the
uniformity of features within the regions or on edge evidence.
The watershed transform from mathematical morphology is a
powerful region based image segmentation algorithm [4]. It
has been applied in various fields of images segmentation
such as medical image segmentation [24] [28], Remote sensor
images [24], cell image segmentation [25], CCD infrared
image segmentation [23] and for the segmentation of bubble
images [18].

Idea of watershed algorithm was developed from the field of
topography. If we consider the analogy of a landscape and
rain, water will find the swiftest descent path until it reaches
some lake or sea, we can envisage lakes and seas correspond
to regional minima [7]. The landscape can be completely
partitioned into regions which draw water to a particular sea
or lake. These regions are influence zones of the regional
minima in an image which forms catchment basin.
Watersheds, also called watershed lines, separate catchment
basins.

From the literature we can find various flavours of watershed
algorithms based on markers [24], graphs and graph cuts [19],
level sets [20] and a number of improved versions from the
references [25], [27], [28] and [29]. Watersheds algorithm was
also extended to 3D space by Lee Seng yeong et. Al. [26].
Though there are lot of variations and combinations with other
methods, watershed still remain in research to improve either
its time complexity, reducing the problem of over
segmentation, and solving the path regularization. We, in this
paper address all the three problems of watershed with our
proposed algorithm.
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1.1 Watershed Segmentation

Gradient of an image resembles a topographic surface. Pixels
having the highest gradient magnitude intensities (GMI)
correspond to watershed lines, which represent the region
boundaries. Water placed on any pixel enclosed by a common
watershed line flows downhill to a common local intensity
minimum (LIM). Pixels draining to a common minimum form
a catchment basin, which represents a segment.

There are two conceptually distinct methods for computing
watershed transform in digital images. The traditional
watershed algorithm is usually implemented by simulating a
flooding through immersion. The immersion simulation
process starts with piercing holes in each minima (LIM), then
this surface is gradually immersed into water. Starting from
the minima of lowest altitude, water progressively fills
different catchment basins. When water coming from different
minima is about to merge, dams are built to prevent
intermingle [3] [7]. At the end of the flooding process, each
catchment basin is separated from the other by dams.

Though morphological watersheds (immersion based) [2] [7]
are proven to be powerful image segmentation algorithm, they
entail a common problem, which is oversegmentation of
smaller regions. This is mainly due to construction of
watershed lines to limit flooding [7, 3]. Fig.. 1, illustrates over
segmentation problem of morphological watersheds in one
dimensional space.

Even though there are two regional minima, morphological
watershed constructs only one catchment basin. Moreover
morphological watersheds also create thick watershed lines,
but segmentation results are desirable to have lines which
never have a width greater than the minimum resolution in the
digital image (usually one pixel).

The second method creates watersheds by rainfall simulation.
The droplets that fall over a point will flow along the path of
steepest descent until reaching a minimum. Such a point is
labelled as belonging to the catchment basin associated with
this minimum. This process is repeated for all the points on
the surface such that, at the end, every point will be assigned
to a minimum and the surface will be divided into its
catchment basins.
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Fig. 1. lllustration of watershed line and oversegmentation
of watersheds based on flooding in one-dimensional case.

In this approach, no pixel will explicitly belong to a watershed
line, because every pixel is labelled as belonging to a certain
basin. The lines will therefore be formed by the edges of the
pixels that separate the different basins. Since each regional
minimum has its own catchment basin, oversegmentation
never occurs in rainfall based methods. Fig.. 2 shows
construction of catchment basins by rainfall simulation.

Fig. 2. Creation of catchment basins through rainfall
simulation.

This method has been implemented in Ref. [8], and improved
in Refs. [1, 3, 9, 14]. There also exist other studies focusing
on hardware adaptation [15] [27], and parallel processing
[15,16].

Nevertheless, rainfall based methods can create
watersheds only if every pixel in the image has a steepest
neighbour (lower gray level). In images there exist plateaus
where pixels are at same gray level. For such pixels path
cannot be computed directly. Many algorithms were proposed
to solve the path regularisation problem. Bieniek et .Al [1]
proposed a method based on geometry of the plateau which
computed path for plateau pixels effectively using connected
components.

Han Sun et al [3] simplified the computation structure with the
help of chain codes to represent connected component which
were used by Bieniek for arrowing. In both of the algorithms
image is explored five times allowing a running time lower
than the fastest at that moment [2,17]. Victor et al [9]
enhanced Han Sun’s algorithm by limiting the necessary
neighbouring operations to compute the transform to the
outmost and achieved results using three scans, thus
decreasing the running time obtained by Sun [3] and Bieniek
[1]. Rambabu et. Al [27] has proposed a hill climbing method
which also produces a linear time complexity. But existing
methods use sequential approach which limited them from
achieving maximum efficiency.
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In this paper we propose an iterative method to solve path
regularisation problem. The proposed algorithm can compute
the watershed transform more effectively than existing
methods and is capable of producing results with lower
running time than current approaches. We demonstrate both
assertions throughout this paper supported by several
examples.

The paper is organized as follows; Section 1 being the
preamble, section 2 describes the necessary definitions for
creating watersheds. Section 3 details the problems with
existing algorithms using sequential approach to solve path
regularisation. The proposed algorithm is elaborated in section
4. In section 5 we display the results and analyse the time
complexity of our algorithm with the existing methods,
finally, we conclude in section 6.

2. DEFINITION AND PROPERTIES
OF THE WATERSHEDS

In this section we describe the basic definitions and properties
of watershed based on rainfall simulation which are used
throughout this paper.

Let us consider a two-dimensional gray scale image f whose
definition domain is denoted D; < Z2. fis supposed to take
discrete (gray) values in a given range [0, N], N being an
arbitrary positive integer.

Let G denote a square grid and ‘p’ denotes a pixel in G €
72 x 7. Path of a water drop can be expressed as follows,

Definition 1: A path ‘P’ of length L between two pixels ‘a’
and ‘b’ in image f is an (L + 1) ordered pair of pixels
starting from ‘a’ and ending in ‘b’.

Pap) = (Po,P1, - PL-1,PL) | Po=a, p=b:
Vpi €Ng(pi-1), i=1..1 @

Where, N;(p) denotes the set of the neighbouring pixels
of pixel p’, with respect to G

Ng(p) = {p € Z2,(p,p) € G} )

It is important to define the type of connectivity for the
neighbourhood operation. Typically either four connectivity
(every pixel is connected with neighbours in vertical and
horizontal direction) or 8 connectivity (diagonal pixels are
also included) is used. We assume 8 connectivity throughout
the paper, as it increases neighbourhood operation.

In terrain surface a water drop will flow along a steepest
descent path until it reaches minimum [1, 3, 4]. A digital
image is analogous to a terrain surface in which, pixels with
higher gray level form hills and those with lower gray level
form lakes. Fig. 3 pictures the topology simulation of a
sample image.
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Fig. 3. Topology structure of gradient image. (a)
Sample gray scale image. (b) Sobel’s Gradient
magnitude of Fig. 3.a. (c) 3d representation of

Fig. 3.b.

In rainfall based watersheds every path starts from pixel at
higher altitude and end in a pixel at lowest altitude. A regional
minimum is a pixel having gray level value smaller than any
other pixels in the region [3,8-11]. Hence, a steepest
descending path SP, ) can be defined as below,

Definition 3: Steepest descent path from a pixel p’ to
minimum ‘u’ is a series of connected pixels originating
from ‘p’; such that every descendent pixel in SP is strictly
smaller (low gray value) than its predecessor.

SPew =P ¢ Pi < pi—1 wherei=0,1,...,L. (3)

Suppose there are n regional minima
e, Uoy U3, - y—1, Uy, the catchment basin is defined as:
Definition 4: The catchment basin CB; associated with a
regional minimum y; is the set of pixels p of D, such that a
water drop falling at p flows down along the relief, following
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a certain descending path called the downstream of p [2,13],
and eventually reaches M.

CBL- = inf {Sp(p./li)} (4)

42 | 41
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Fig. 4. Sample image with catchment basins and
regional minima.

Therefore a catchment basin is a domain in an image, In Fig.
4, the shaded regions are the catchment basins to their
corresponding regional minima which are encircled.

Definition 5: The geodesic distance between two pixels p and
g belonging to a certain domain CB in an image is the
minimum length of any path from p to g without leaving the
domain CB.

GD(p,q) = inf SP, )| v, q € CB; (5)

Following is another definition of catchment basin based on
minimum geodesic distance,

Definition 6: A catchment basin CB; associated with a
regional y; is a set of pixels closer to y; than to any other
regional minima y; .

CB; ={p}: GD(p,u;) < GD(p, 1) ©)

3. PROBLEM FORMULATION

Many images have regions where pixels have the same gray
level. These plateaus of pixels pose a problem when they do
not form regional minima [1-3]. Since there are no neighbour
with lower gray level, computation of steepest descent path
cannot be done as given by definition 3. Solution to this
problem is based on the geometry of the plateau. Pixels at the
boundary of non minimal plateau will have a steepest descent
path [8] and will be associated with a catchment basin. By
calculating the geodesic distance between edge pixels and non
edge pixels, steepest descending path can be assigned to the
edge pixel whose cost function is low.

In existing methods [1-3] this solution is achieved by dividing
the plateau into two groups:

1. Descending edge points of plateau: this group consists
of every point of the plateau that has a neighbour with a
gray level less than its gray level.



2. Inner points of plateau: this group consists of every
point of the plateau whose neighbours have gray levels
of equal or higher value than its gray level.

Subsequently, the geodesic distance of an inner point of the
plateau to all edge points is calculated having the plateau as
domain [1, 3, and 9]. Steepest path is formed to edge point
whose geodesic distance is low. However, this sequential
method for computing the steepest path requires finding all
edge pixels in the plateau, which can be achieved only if the
image is scanned at least once [1], thus imposing a mandatory
complexity O(N), where N is the number of pixels in the
image.

Furthermore, if there are m pixels in a plateau of which m1
and m2 pixels belong to edge and inner points respectively,
then computing steepest path for all pixels in m2 is the
Cartesian product of m1 and m2. Hence, if the size of plateau
is large or number of plateaus is high or both, then these
algorithms suffer high execution time.

4, PROPOSED ALGORITHM

An edge pixel with low cost implies that it can be reached
more swiftly than any other edge pixel in plateau. Therefore,
instead of computing geodesic distance to all edge points, an
iterative approach can be adopted to search foremost edge
pixel and assign the steepest path to corresponding edge pixel.
Hence, time spent in finding all edge pixels and computing
geodesic distance between them can be eliminated. Since a
Breadth First Search (BFS) algorithm processes all pixels at
the same distance from the current pixel before moving to
next level, incremental geodesic search can be achieved. BFS
can be adopted to search the foremost edge pixel and assign
the steepest path to the corresponding pixel.

4.1 Description of Algorithm

The proposed algorithm has two major steps: First is to arrow
complete image function and second is to label the regional
minima and propagate the labels along the image via
arrowing. Arrowing process is represented with the help of
chain codes [12]. Fig. 4 illustrates chain code values for the
direction to which current pixel points. Fig. 4.b is the mirror
image of Fig. 4.a, which represents the value a neighbourhood
pixel must possess when it points to current pixel.

NN
ZOS

(@ (b)
Fig. 5. (@) Chain code (b) Modified chain code (From
reference [3])

2
3 1

4

In Fig. 6, the path from the pixel 49 at position (10, 4) to pixel
14 at position (7, 8) is represented by arrows; its
corresponding chain code representation is 001211. Mirror
image simplifies the process of tracing the arrows during
labelling step. Regional minima are differentiated by
assigning a special chain code value 8.
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Fig. 6. Example of steepest descending path. Solid lines
represent the steepest descending path that originates
from point (10, 4) until a minimum situated in (7, 8).

Regional minima are encircled.

4.2 Arrowing step

The proposed algorithm scans image sequentially and
computes steepest descending path to all pixels having at least
one lower neighbour. Regional minima are assigned a special
chain code values and their position is stored in a queue which
will be used in labelling step. For pixels belonging to lower
complete image, the algorithm initiates a breadth first search
algorithm. Fig. 7 exemplifies the arrowing process with the
proposed algorithm.

|
.nput Pixel
image

Is pixel
belongsto
lateau

Is pixel a
regional Label a,s
inima? plateau pixel
Labelas normal
ixel : Initiate BFS
d Label as regional
l minima
Assign to the Assign shortest
lowest neighbour steepest path

Fig. 7. Arrowing process of the proposed algorithm
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Fig. 8. (a) Sample image. (b) Breadth First Search for
the sample matrix given in 7.a (c) Shortest steepest path
for the sample matrix

As mentioned earlier we use 8 pixel connectivity, In an eight
connectivity, all the 8 neighbouring pixels are pushed in to the
queue in raster scanning order.

Let p be the pixel to which steepest path cannot be computed
directly. The algorithm initiates a BFS with p as root node as
level 0. The BFS algorithm scans neighbouring pixels and
inserts them in a queue when value of neighbouring pixel is
less than or equal to root node. The process stops when a
minimum is found after scanning all the pixels in current level
or next level is out of the plateau. When the BFS terminates
we can encounter one of the following cases:

1. A minimum is obtained.
2. No minimum is obtained

Computation of steepest descending path for two cases is done
as follows:

Case one: By definition 6, path to the node with least value
should be assigned as steepest path. All pixels belonging to
non minimal plateaus will form case one.

Case two: only minimal plateaus will create case two.
Steepest path is assigned to any of the leaf nodes and the leaf
node is represented as regional minimum.

4.3 Labelling of Catchment Basins

Once arrowing of the function F is completed, catchment
basins can be labelled following the arrows. Each regional
minima identified in arrowing step is put into a queue (one at
a time). Until the queue is not empty, an element is dequeued
and its neighbouring chain code values are compared with
modified chain codes and the following operations are
performed:

1. Value of dequeued element is assigned a label
(Normally gray value of current regional minima)

2. All neighbouring pixels whose chain code values
match with modified chain codes are enqueued back
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4.3.1 Algorithm Description
The following are the description of elements and operations
used in the algorithm,

Input image f

Output image TwW
Neighbour of pixel p at distance L :Ni(p)
Inserting an element in a queue :
Enqueue(q)

Removing an element from queue : dequeue(q)
Current pixel 'p
Neighbour pixel of p at level 0 ‘p'E
NO(p)

The gray value of p, p’ : f(p), f(p")

Description of functions used in the algorithm:

BFS (P, L): Performing Breadth first search on a pixel P, at
distance L inside the plateau.

Input: Image matrix
Ouput: Segmented image.
Step 1: Arrowing Pixels
Rasterscan(p)
{
qa={p' eN®If(p) <
FINo(@)]} and Af [No ()] == f(p)
m = {plf(No(p)) > f ()}

/I Check whether pixel belongs to plateau.
If exists (q)

SP(p) = Path(p,q)

/I Check whether pixel is regional minima.
Else if exists (temp)

{
Rmin_queue = Enqueue(m)
W(p) = f(p);
[l This pixel is in lower complete image
else {
L=0, roof=p
While (1)

{
/I perform Breadth First Search at specified level L
and store results for constructing tree.

Q = BFS(root, L)

s=size(Q)

/I check whether boundaries of the plateau is reached
if size(Q)==Zero

sp=Path(root, q)
break;

Else
if(size(minqueue) #0)

min=radixsort(minqueue)

/I Finding minimum amongst all
edge pixels.

sp=Path(root, min)

break;

}



Else // No minimum in current
distance increment BFS to next
level.

{

¥
}

} end while

L=L+1,;

} end scan

STEP 2: Labelling the catchment basin
While (Rmin_queue # empty)

{
temp=dequeue(regqueue);
label_g=enqueue(temp);
while(queue_empty()==false)
{
p= dequeu(label_q);
for each mirrorcode(p « p")
while (p) = f(p)
{
Labelg=enqueu(p’)
}
Hd
}

5 COMPLEXITY ANALYSIS
The proposed algorithm runs in linear time with respect to
number of pixels N in the image. In arrowing step the
algorithm performs a single scan on the pixels which do not
belong to lower complete image. For pixels belonging to
lower complete image, number of pixels scanned depends on
the distance of edge pixel from the current pixel.
Suppose L be the shortest edge distance and C denotes
connectivity of pixels, then number of pixels 'k’ processed to
compute the shortest path is given by,

k= ZLL:1 Ci M
Therefore, for N, pixels in a plateau, each pixel is associated

with different edge distance L, ; the number of pixels scanned
is,

Nic =2, 27, Cj ®)
Time complexity of step one is O(N — N, + N¢)

Step 2 of the algorithm labels all the pixels in the catchment
basin following the arrows from regional minima. If Ngy is
the number of pixels belonging to regional minima, the
complexity of step 2 isO(N — Nyy ). Hence the total time
complexity of proposed algorithm isO(2N + Ny¢c — N, —
Nrm)- Existing algorithms possess higher complexity, which
is given in table 1 as below;

Table 1. Time complexity of various algorithms

Algorithm Complexity

Vincent and Soille [2]
(Immersion Simulation) O(7.25n)

Bieniek [1](Rainfall using

connected components) O(5n+n2+n3logn3)

Han Sun [3] (Rainfall using

Chain codes) O(5n+n2)

Victor Ozma [4]
(Rain fall simulation using
shortest path)

O(3n+NNMP-NRM)

Proposed method

O(ZN +NLC - Np - NRM)
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As far as memory requirements are concerned, the proposed
algorithm requires memory to store input and output. It also
requires a queue to store the regional minima; generally
compared with image size, the queue is relatively small.
Memory used to construct octagonal tree for one pixel can be
reused for another pixel. Nevertheless, size of memory to hold
octagonal tree is negligible. The algorithm also requires two
matrices to store chain code values.

5.1 Results and Performance analysis
Proposed algorithm is tested with various images and the
results are compared with existing algorithms. Table 2 shows
the comparison of algorithms computation speed on standard
images. It can be observed from the table, that the speed of
proposed algorithm does not compensate the results.

The objective to algorithm is to effectively compute the
steepest descent path for pixels in plateau. To analyse the
performance of various algorithms we tested with an input
image made of only plateaus. We assume the image to be with
width and height in odd number. This enables centre pixel to
be at equidistant from boundaries.

Now, all the pixels at the boundary will form edge pixels and
remaining are inner pixels. The graph in Fig. 10 shows the
plot among number of pixels processed to compute the path
edge pixel versus geodesic distance.

250

[ —*—Proposed |
——Existing ||
L -—-Mean
200~ 1

150~ g

100~ 1

Number of pixels scanned

0 3 6 9 12 15 18 A % 7 0
Geodesic distance of edge pixel

Fig. 10: Complexity comparison of proposed algorithm
with existing algorithms.
As illustrated in Fig. 10, the proposed algorithms require only
half the computation time of existing algorithm. Fig.. 11
shows the cumulative cost for plateaus of different size.
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Fig.. 11: cumulative computation cost of algorithms for

different plateau size.
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It can be observed in Fig..s 10 that the number of pixels
scanned by proposed algorithm is high with geodesic distance.
The plateaus are always irregular in an image. For irregular

surfaces number of pixels having edge pixels at higher
geodesic distance is relatively low. Therefore, the proposed
algorithm performs better with natural images.

6. CONCLUSION

This paper presents an ideal approach to solve the path
regularization problem existing in fast watersheds.
Experimental results show that speed achieved by this method
does not compromise on accuracy achieved by existing
algorithms. Memory requirement of proposed algorithm is
very low which makes hardware implementation feasible.
Overall efficiency of proposed algorithm is above 20% when
compared with fastest method proposed so far.

Table 2: Comparison of Proposed algorithm with existing algorithms.

Existing Algorithms .
Test Images Parameters Vincent et. Al | Bieniek et. Al| Han Sun et.al | Victor et.al Klrggrc:fﬁsn ImprO\//oement
[2] [1] [3] []
Lena Catchment Basins 19852 19852 19852 19852 19852 15 56
(1024 x1024) | Running time (ms) 2565 1533 1242 951 803
Baboon Catchment Basins 24613 24613 24613 24613 24613 1476
(1024x1024) | Running time (ms) 2767 1509 1144 779 664
Peppers Catchment Basins 26101 26101 26101 26101 26101 1457
(1024x1024) | Running time (ms) 2879 1527 1220 913 780
Lena Catchment Basins 10656 10656 10656 10656 10656 2 50
(512 x512) Running time (ms) 234 67 64 40 31
Baboon Catchment Basins 18197 18197 18197 18197 18197 23,24
(512x512) | Running time (ms) 544 478.72 287 185 142
Peppers Catchment Basins 16143 16143 16143 16143 16143 2163
(512x512) [ Running time (ms) 489 393 298 203 153
Brain Catchment Basins 6227 6227 6227 6227 6227 30.70
(388x395) | Running time (ms) 141 35 33 18.76 13
Blood Catchment Basins 1644 1644 1644 1644 1644
(272x265) | Running time (ms) 47 20 20 13.7 11 1971
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Fig.. 11. (a) Original Image (b) Result of Watershed Segmentation (c) Result of Proposed algorithm
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