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ABSTRACT — The watershed transforma-

tion is widely used in morphological image seg-
mentation [1], e.g., in industrial, and biomedi-
cal applications, where digital pictures of 512 x
512 pixels, 1K x 1K, or even larger are not un-
common. Therefore, large amount of data and,
consequently, complex analysis, entail parallel
algorithms. In this paper, a fast SPMD(Single
Program Multiple Data) watershed algorithm
based on sequential scannings 1s rendered. The
task performed by the present algorithm is to
compute the watershed i1mage by integrating
the morphological gradient of the original im-
age. The technique, iterative by nature, 1s 1m-
plemented on a multitransputer system (with
the Bruijin interconnecting network) by re-
peated scans and message passing among pro-
cessors until the computation stabilizes. The
algorithm 1s well suited for SIMD (Single In-
struction Multiple Data) computers since no
ordered queues (see {1, 4]) are used. Speedup
evaluates the quality of the parallel algorithm.

1 Introduction

Watershed transformation is a segmentation algo-
rithm applied on gray-scale images. A more com-
pact image representation 1s provided by split-
ting the morphological gradient of an image into
geodesic influence zones.

The parallelization strategy is based on the dis-
tribution of the image in a chessboard fashion into
m X n subimages, corresponding to a mapping of
the application to m X n processes. In order to
perform computation in all pixel locations within
the distribution subimages, each subimage is ex-
tended with an area of one grid-point width, such
that the underlying subgrids are overlapping (one
row/column/point from the adjacent subimage,
if any, otherwise, fictious pixels with very high
intensity—255).

Our watershed algorithm is based on the flood-
ing scheme used by F. Meyer [3] in which flooding
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is done by image integration [7]. The algorithm
performs repeated raster and antiraster scans in
the image, i.e. it is a sequential algorithm [6]. By
assigning to the pixels of the regional minima, val-
ues equivalent to their values in the original im-
age as limit conditions, integration of the gradient
image reproduces the original image {2, 3]. Im-
age integration is essentially used for searching of
minimal paths between regional minima and all
other pixels, where the length of a path is given by
the topographic distance [3]. Each pixel belongs
to a shortest path originating from a minimum,
from where a label is propagated along the whole
path. Pixels on paths originating from the same
minimum will get the same label, representing a
distinct zone in the output image.

The remainder of the paper is organized as fol-
lows. In Section 2 commonly used definitions
are introduced. Section 3 presents the parallel
watershed algorithm in detail. Simulations and
speedup evaluations are presented in Section 4.

2 Preliminary Definitions

e Dy C Z? denotes the domain of a two-
dimensional (2-D) digital gray-scale timage f;

¢ Ng(p) denotes the neighboring pizels of a pixel p
with respect to a given grid G C Z? x Z?;

e If we consider a global domain Dy split to
equal size, disjoint subdomains D4 -disiribuiion

subdomains—1.e. Dy = Dpa UDga U...UDja

mixn

and Dya N Dye = 0,1 # j, then Dy, = {p[p €
Dy, Ng(p) N D;a # 0} are the overlapping sub-

domains, and the associated subimages f; are
overlapping too. Dy \D;s denotes the extension
area;

e The neighboring subimages Ny (f;) of a subimage
fi are those subimages f; such that Dy, N Df;: +

@. In addition, if f; belongs to the workspace of
the process P;, then Ng(P;) = {P; | f; € Ns(fi)}
denotes the set of the neighboring processes ot F;;

e A boundary between two neighboring subimages
fi and f; is B(fi, f;) = Dy, 0 Dys, and the edge



of the distribution subimage of f; with the same
neighboring subimage f; is E(f;, f;) = D;aNDy,.

B(fi, f;) acts as a replica in F;’s workspace of
the edge E(f;, fi) of the subimage f; stored in
the adjacent process Fj;

e J(p) equal to 0 if Vp' € Ng(p) f(p') > f(p), and
max{f{p) — f(p') [p" € Na(p), f(p') < f(p)},

otherwise, defines the morphological gradient of
an image f [3, 7};

¢ The lower distance function d 1s defined as fol-
lows: d(p) = 0 if p i1s a minimum; else, d(p)
18 the length of the shortest path P = {p =
po,P1,---,Ps = ¢} between pixels p and ¢ such

that f(g) < f(p), f(p:i) = f(p), 0<i<s—1;

¢ The lower-complete function ! is defined by {(p) =

Ax f{p)+d(p)Vp € Dy, where A = max{d(p) {p €
Dy} + 1 denotes the largest lower distance in d.

3 Description of the Parallel Water-
shed Algorithm Based on Sequential
Scanning

The parallel watershed algorithm here introduced
performs in four stages: detection of the minima
pixels, computation of the lower-complete image,
labeling the minima, and flooding by image inte-
gration. Each of these stages are next presented.

3.1 Detection of the minima pixels

The key of the watershed computation is the in-
tegration of the gradient image. The sources of
the integration are the regional minima, and their
values act as integration constraints. Therefore,
minima are first detected inside each subimage by
computing the lower distance subimage, initial-
ized with MAXDIST (= oo) in every pixel loca-
tion. Then, in a raster and antiraster scan in each
distribution subdomain, the following corrections
are made for each pixel p according to all pixels
p’ in the past neighborhood (already scanned) of

p denoted by N (p):

(l)ifdf(s'(g?’) <1 fi(p) and di(p) > 1

i\p) — 1,

(2)else if f;(p') = fi(p) and d;(p) > d;(p') + 1
di(p) — di(p') + 1.

Unfortunately, a single raster and antiraster
scan i1s not enough to set the correct lower dis-
tance for some plateaus of non-minima (spiral
shaped constant region embedded in higher alti-
tude areas). Consequently, raster and antiraster
scannings are repeated, until no changes occur.
The task performed in this loop is to adjust the
distances insides connected plateaus. Therefore,
step (1) in the above described loop is not com-
prised in these subsequent loops.

However, because the global domain is dis-
tributed, it is possible for plateaus of non-minima

to extend over several subdomains. In order to
compute the global shortest paths, every process
P; sends to each process P; € Ng(P;) the dis-
tance values of pixels within the edge E(d;,d;).
At its turn, P; stores similar information coming
from each neighboring process P; on the bound-
ary B(d;,d;). Then, a new loop consisting of
raster and antiraster scans is performed as above
to update the distance values inside the distribu-
tion subdomain D yq, according to the data in the

extension area. Again, a single communication it-
eration may not be enough. Consider the case of a
plateau of non-minima spread over several subdo-
mains, and which has a lower neighbor exactly in
one subdomain. After one communication step,
the correct lower distance will be available only
in the subdomain where the lower pixel lies and
the adjacent subdomains which contain parts of
the plateau. Changes in the edges of the distri-
bution subdomains must be communicated again
to the neighboring subdomains. The above iter-
ation, consisting of communication and update,
18 repeated until the computation stabilizes, such
that changes are propagated within the entire im-
age. The moment of termination is detected by a
master process which supervises all the processes.

At the end of this stage, all regional minima
have a distance equal to MAXDIST, the initial-
ization value since no smaller pixels are found in
their neighborhood.

3.2 The lower-complete transformation

Before the lower-complete image is computed, the
value of A must be generated. Thus, each process
P; computes a local value A; = max{d;(p)|p €
Da,di(p) < MAXDIST} + 1. These values are

centralized by the master process to compute the
global maximum A = max)<i<mxn{Ai}- Ais then
broadcasted to all the processes P; to map each
subimage f; to its lower-complete version {;. Note
that minima must be treated separately when ap-

plying the lower-complete transformation since
their lower distance is MAXDIST, and not 0, as in

the definition. Therefore, if d;(p) = MAXDIST,
li{p) = AXx fi(p), else li(p) = Ax fi(p)+di(p). The
lower-complete image retains the order of pixels
which have different graylevels in the original 1m-
age, and introduces a new ordering relation be-
tween pixels having the same graylevel, but differ-
ent lower distances. Thus, a 2D ordering relation
(graylevel in one dimension and lower distance in
another dimension) is reduced to 1D-the lower-
complete value.

While the lower-complete subimages /; are gen-



erated, the integration constraints f. are initial-
ized and the output subimages o; updated. At
the initialization time, all the pixels within o,
were set to NARM(Not A Regional Minima).
But pixels in the boundary of each subimage
were marked with a special label IMOUTBORD.
Since minima became distinguishable from other
pixels(d;(p) =MAXDIST), the following settings
are done: Vp € Dy, [.(p) « lLi(p), o:i(p) « INIT
(a special initialization label) for minima, and
[:(p) — MAXDIST, otherwise.

Henceforth, the original image is replaced by its
lower-complete version, and the gradient of the
latter is computed in each subimage 8¢ accord-
ing to the definition. Since the lower-complete
mapping is a point operation, and /; subimages
are overlapping, no communication between pro-
cesses is needed neither for the lower-complete
transformation nor for the gradient computation.

3.3 Labeling the minima pixels

This stage consists of labeling each regional min-
imum (labeled with INIT above) with a differ-

ent label. Labels run from 1 up to a maximum

value denoted by MAX_LABEIL. The values of
the labels are ordered such that MAX_LABEL <

INIT < NARM <IMOUTBORD. Each process

P; uses an equally and sufficiently long subrange
of labels of length = MAX _LABEL

mXxXn

label — &)z — 1) X length + 1.
The labeling is performed in a very simple fash-
ion, but with several scannings. First, each pro-
cess iterates through a loop to label regional min-
ima inside its distribution subdomain D _4. An

iteration is the following:

(1)changed «+FALSE
(2)Raster_scan(p € D,q¢) {

(2.1)for each p' € NS (p)
if(0;:(p} # NARM and o;(p’) < 0;(p) {
0i(p) «— 0i(p’); changed — TRUE

, starting at

(2.2)if(0s(p) = INIT) {
0i(p) « label; label++; changed — TRUE

(3)Anti-raster_scan{p € D,a) {
(3.1) do step 2.1
}

This first loop continues until changed stabi-
lizes at FALSE. Then, parts of regional minima
in different subimages must be merged since they
received different labels in different processes.
Therefore, each process P; sends to all its neigh-
bors P; € Ng(F;) the labels in the edge E{o;, o),
and receives in exchange labels to be stored in the

boundary B(o;,0;). A similar loop with that de-
scribed above, but without step (2.2), is initiated
to update labels in the distribution domain based
on the new received ones in the extension area.
New changes in the edges are communicated back
to neighboring processes. This loop consisting of
update and communication terminates when no
changes have been registered in any process. It is
again the role of the master process to detect as
in the first stage when the computation stabilizes.

3.4 Flooding by image integration

As explained above, a catchment basin associ-
ated with a regional minimum is obtained by
assigning the label of the latter to all pixels Iy-
ing on minimal paths originating from that min-
imum. This is also computed by repeated raster
and antiraster scannings in each distribution sub-
domain. A pixel p gets a label from a pixel
Pl € Ng(p) if [i(p) > [(p') + 3i(p), and sets
[:(p) to [(p') + 0:(p). Scannings are repeated
as long as changes occur. During this raster
and antiraster scannings, pixels within the edges
update their labels and integration values based
on labels and integration values of pixels in the
boundaries. The latter locations in a subimage
are always accessed for reading only. They are
written by the corresponding neighboring pro-
cesses, being parts of those particular distribu-
tion subdomains. Therefore, even if the compu-
tation stabilized in a process, new integration val-
ues and labels may have been set in neighboring
processes for the boundary pixels. In order to
compute the shortest paths within the global im-
age, replica of the edges of the integration subim-
age [. and labels o; within each process P; are
done by message passing in the paired bound-
aries of each corresponding neighboring subim-
ages [. and oy, respectively(B(o;,0;) « E(o0;,0;),
B([;, f;) < E([;, f;))- New raster and antiraster

scans are Initiated to update labels and integra-
tion values based on the new data and changes
are communicated back to neighboring processes.
Scannings and communications are repeated until
no changes occur in all subimages. This moment
1s detected by the master process.

4 Simulations

The algorithm described above was integrated
into the parallel image processing system PIPS
i5] on a massive MIMD parallel computer of type
Parsytec SuperCluster 128 with distributed mem-

ory and reconfigurable network of transputers.
These are T805 transputers with 4 Mbytes RAM
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I'igure 1: The performance of the Sequential-
Scanning basced Parallel Watershed Algorithm

and 4 links each. The links are bidirectional serial
channels which perform a point-to-point commu-
nication with neighboring transputers at a rate of
[.8 Mbytes/sccond.

For the images we tested, the proposed water-
shed algonlhm utilizes increasing processing re-
sources efficiently.  Thus, it 1s scalable up to a
certain number of processors. The running time
T'(N) is the time clapsed between the moment
the first processor starts computing and the mo-
ment {he last processor ends computing when N
processors are used. The relative speedup 1s de-
fined as Sp(N) = T(Npn )/ T(N), whoro N, 1s
the mmimum numl)m of processors that the algo-
rithm can bandle, and ¥ > N,,;, s the numhber
of processors for which the speedup is computed.
Here, N, = - since for large images the re-
guired amount ol imemory for one process exceeds
the avatlable memory per transputer. The run-
ning time and speedup of watershed algorithms
are, of course, data dependent.  In Figure [, we
plot the average speedup for ditferent images of
three different sizes as a function of the number
of processors used. I'rom the figure, the following
can be observed:

e Lhe speedup increases with the number of proces-
sors, bul not hnearly;

o the speedup tends to become saturated and the
curve {lattens;

o a larger size nnage yields gher speedup for the
saine number of processors.

Oune of the images we tested 1s part of the Na-
tional Library of Medicine’s Visible Human Pro-
gram. The original tmage is shown in Figure 2.
IYigure 3 tllustrates the output of the watershec
algorithm when the input is the morphologica
gradient of the nmage in Figure 2, l.lil(‘h.'l()l{l(‘.
with a value of 20.
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