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Extracting Regions of Interest
Applying a Local Watershed Transformation
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Figure 1: The region extraction pipeline: a Selection of a region of interest (ROI). b Performing a simple edge detection. c Flooding the relief
applying the proposed local watershed transformation. d The result: a set of basins covering the entire ROI.

Abstract

In this paper, we present a new technique for extracting regions of
interest (ROI) applying a local watershed transformation. The pro-
posed strategy for computing catchment basins in a given region of
interest is based on a rain-falling simulation. Unlike the standard
watershed algorithms, which flood the complete (gradient magni-
tude of an) image, the proposed approach allows us to perform this
task locally. Thus, a controlled region growth is performed, saving
time and reducing the memory requirement especially when applied
on volume data.

A second problem arising from the standard watershed transfor-
mation is the over-segmented result and the lack of sound criteria
for merging the computed basins. For overcoming this drawback,
we present a basin-merging strategy introducing four criteria for
merging adjacent basins. The threshold values applied in this strat-
egy are derived from the user input and match rather the attributes
of the selected object than of all objects in the image. In doing so,
the user is not required to adjust abstract numbers, but to simply se-
lect a coarse region of interest. Moreover, the proposed algorithm
is not limited to the 2D case. As we show in this work, it is suitable
for volume data processing as well. Finally, we present the results
of applying the proposed approach on several example images and
volume data sets.
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Phone: +(49) 7071-2975464, Fax: +(49) 7071-295466, Email:
{sstoev,strasser}@gris.uni-tuebingen.de

Segmentation; Biomedical Image Segmentation; Watershed Trans-
formation;

1 Introduction and Related Work

The extraction of meaningful regions from image and volume data
continues to be an important and unsolved topic in the image anal-
ysis and image processing area. In the past years, the watershed
transformation [8, 12] has proven to be a very useful and powerful
tool for morphological image segmentation. Since its introduction
in [1], it is becoming more and more popular in different science
areas like biomedical, medical image processing [4, 15], computer
vision and segmentation [19], even mesh segmentation [7] etc.

The idea of the watershed transformation is quite simple. A (gra-
dient magnitude of a) gray-scale image or volume is considered as a
topographic relief [18]. Each pixel in this digital image is assigned
during the transformation to the catchment basin of a regional mini-
mum. The catchment basin of a regional minimum is defined as the
area, in which the pixels hit by a rain-drop will cause the rain-drop
to flow to the regional minimum. In this way, influence zones for
each of the (ev. pre-determined [8]) regional minima are defined.
The watershed lines are now the lines separating influence zones
from each other.

An immersion based watershed algorithm was first proposed by
Beucher and Lantuéjoul [2]. In [8] and [3] couple of techniques
and algorithms related to the problem of watershed computing are
described. In his work [8], Meyer defines the watershed transforma-
tion in the continuous and in the digital space in terms of a distance
function, called topographic distance. One of the classical algo-
rithms for computing the watershed transformation for a gray-scale
image is also found in this work. The author predetermines the
regional minima (single pixels or plateaus) and starts the flooding
process at these minima [8].

Another approach for computing the catchment basins is de-
scribed in [18]. The authors simulate flooding with water, com-
ing up out of the ground and defining the catchment basins without
predetermining the regional minima. This approach processes all
image pixels in a sorted order, such that pixels with lower altitude
are processed first. The preprocessing step here consists of sort-
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ing all (pointers to) pixels in an array. Utilizing a First-In-First-Out
(FIFO) structure, the pixels at altitude h+1 are processed after those
at altitude h. This divides the problem into m subproblems, where
m is the number of all present pixel altitudes. Due to the processing
of pixels at altitude h in every iteration, the problem is reduced to
computing the geodesic skeleton of influence zones (SKIZ).

In order to achieve a meaningful segmentation, the watershed
transformation is in general performed on gradient images. Since
in these pre-processed images the gradient maxima are more often
than not (watershed) lines, surrounding homogenous regions.

A disadvantage of the watershed transformation as described in
the literature is that it is a global transformation, hence it requires
the processing of the entire input data. However, the goal of the seg-
mentation is often the extraction of only a single region of interest
(ROI) out of a given image/volume data. Especially when volume
data is considered, the process of computing the watersheds is very
time and memory consuming step.

Furthermore, the extraction of a sole catchment basin does not
provide sufficient results. Since the global watershed transforma-
tion produces in general heavily over-segmented results, a sole
catchment basin is often meaningless for the segmentation of a re-
gion of interest. On the other hand, the correct contours are most
of the time present in the transformed image. Thus, an additional
task after applying the global watershed transformation has to be
performed: the computed catchment basins have to be merged ap-
propriately. Various approaches for accomplishing this task are de-
scribed in the literature and are based on gradient-watersheds on
graphs [18], basin dynamics [13], markers [9], inclusionary and
exclusionary cues [4], image component labelling [10], and multi
scale gradient analysis [5]. In practice, however, it is very diffi-
cult to define sound criteria for all objects in the image. Therefore,
the definition of local merging criteria, matching the attributes of a
given ROI, yields a sound solution of this problem.

In this paper, we present a new approach for locally applying
the watershed transformation. We first describe how a single basin
can be extracted without completely computing the watershed-
transformed and without pre-processing the input data. Afterwards,
this methods is generalized to the case, where a user makes a coarse
region selection, which is flooded and the basins within the selected
ROI are merged. These selected basins are now utilized to derive
threshold values for a set of merging criteria, which will be dis-
cussed later in this work. Thus, a sort of controlled basin growth
is performed based on both the regular input data and its gradient
magnitude transformed. This makes it possible to precisely define
the merging criteria for the object of interest, rather than for the
entire input data.

The remainder of this paper is organized as follows. In the next
section we describe how the watershed transformation is applied lo-
cally, without pre-processing the input data, in order to extract one
single basin. In Section 2.2, the processing of the user input is dis-
cussed and how this data is utilized for deriving the thresholds for
basin merging. The four merging criteria are described in detail in
Section 3, their evaluation in Section 4, and their application dur-
ing the basin growth in Section 5. Finally, in Section 6 we present
results produced with the proposed technique. Sections 7 and 8
include topics of future work and offer concluding comments.

2 The Local Watershed Transformation

Unlike the standard watershed algorithms, the aim of the approach
described in this section is to provide a strategy for basin comput-
ing, which does not require pre-processing or other global informa-
tion about the data. Unfortunately, all approaches described in the
literature require such pre-processing steps, in order to either sort
all pixels of the input image [18], to pre-compute the local minima
from where the basins are flooded [8], or to introduce a metric for

pixels with equal altitude: plateau pre-computing [11]. The last ap-
proach seemed to us to be the most suitable for modification toward
developing a local working basin extraction technique. Unfortu-
nately, the authors of [11] concentrate on the parallelization and
neither on the local applicability of the proposed approach, nor on
the processing of large data sets (i.e. volume data). However, since
the plateau computing can be performed only when this is required
(i.e. a plateau is reached), we utilize a modified version of this tech-
nique in our algorithm. In the pre-processing step required in [11]
the entire input data is traversed. This makes the approach time
and memory consuming, when applied on large volume data sets.
Moreover, the authors of [11] do not sort the outdoors of a plateau,
before it is flooded, hence an error is introduced compared with the
immersion based watershed algorithms (see below). Finally, a sec-
ond error source is introduced due to the arbitrary choosing of a
pixel in case 4 as described in the next section.

2.1 The Local Basin Extraction

During the data processing, a rain-drop-hit is simulated for every
pixel. Each rain-drop follows the path toward the line with the
steepest descent due to gravity, until a regional minimum is reached.
A regional minimumM is a single pixel or a set of pixels with equal
altitude, from which it is impossible to reach a point of lower al-
titude on an always descending path. When such a minimum is
reached, the pixels attracted on the path of steepest descent are
marked with the label of the latter.

The reached minimum M is now flooded in the following way.
For each of the (yet unmarked) pixels q adjacent to the minimum
M , again the steepest path is followed. In case the minimum
reached from q is alsoM , q is assigned to the catchment basin ofM
denoted by B (see Figure 2). In this case, the unprocessed pixels q′

Regional
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Figure 2: The pixel p is hit by a rain-drop. The algorithm follows
the steepest path toward a local minimum (upper diagram). After-
wards, the basin is flooded with water coming up out of the reached
minimum (lower diagram).

adjacent to each q are assigned to the set of unprocessed pixels Q.



To appear in the proceedings of ’IEEE Visualization 2000’, 8-13 Oct 2000, Salt Lake City, UT

These pixels are considered in the next pixel iteration for the cur-
rent basin. Otherwise, if another local minimumM′ is reached,M ′

is put on the queue containing the yet unprocessed basins/minima
(considered in the next basin iteration). The pseudo-code outline of
the algorithm for computing the catchment basin for a given pixel
follows:

0 follow steepest path(p,Mi); /* stores reached minimum inMi */

1 Bi ←Mi; /* initializeBi with the pixels inMi */

2 Q← border(Mi); /* initializeQ with the pixels surroundingMi */

3 while (not empty(Q))
4 q ← pop pixel(Q);
5 q id← follow steepest path(q);
6 if (q id == Id(Mi))
7 add pixel(Bi,q); /* assigns q to the basinBi */

8 get unmarked neighbors(Q, q); /* result- stored inQ */

9 endif
10 end while;

The only complex procedure requiring more detailed discussion is
the process of following the steepest path toward a local minimum,
starting at a given pixel (see line 0 and line 5 above and Figure 2).
In order to explain the single steps, we assume that we start with
pixel p, which has not been processed yet. Thus, four cases can
occur (see also Figure 3):

1. p has no adjacent pixel with lower altitude, hence p is an iso-
lated regional minimum;

2. p has only one adjacent pixel with lowest altitude q. This is
the regular case, where the algorithm follows the steepest path
along the shortest topographic distance;

3. p has at least one adjacent pixel with the same altitude
which means that p belongs to a (minimum or non-minimum)
plateau;

4. p has more than one adjacent pixel with lowest altitude qi. In
this case the algorithm can not determine which of the adja-
cent pixels is the one, the raindrop should flow to.

pp

lower neighbor
Case 2: There is only one

Case 1: There is no lower neighbor

q

Case 4: There is at least one

p

3

p

one lower neighborneighbor with equal altitude
Case 3: There are more than

2

q

q
q

1

Figure 3: The four cases, which can occur when the steepest path
toward a local minimum is followed.

The first two cases are the trivial ones. When case 1 occurs, a re-
gional minimum is reached and a new Id is assigned to the basin.

In case 2, the current pixel is assigned to the path and if the lowest
neighbor q is not marked yet, it is considered as the next processed
pixel: p← q. If q is already marked, the current path is terminated
and its pixels are labelled with the label of q (early path termina-
tion).

In case 3, the reached plateau has to be processed first, since the
steepest path can not be unequivocally determined within plateaus.
Therefore, when a plateau is reached, its border pixels are deter-
mined (see Figure 4). If there are no border pixels with lower alti-
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Figure 4: When the plateau with altitude 6 is reached, the algorithm
first determines its outdoors and then floods the plateau, wiring the
pixels within it. The pixels with the shortest distance and if these
are equal, the one with the lowest outdoor is chosen to be processed
next.

tude, the plateau is a minimum plateau and the algorithm proceeds
like in case 1. Otherwise, the outdoors1 of the plateau P are sorted
and used as starting points for flooding P , as depicted in Figure 4.

In order to prevent multiple flooding of the same plateau, the
flooding results are saved in a special data structure. In this struc-
ture, the pixels are wired, storing for each pixel the distance to
the nearest outdoor and the direction of the latter (see Figure 4).
This approach is similar to the arrowing technique described in [18]
and [8]. Later on, when a pixel of a processed plateau is reached,
the arrows to the nearest outdoor are followed and no additional
computations are performed. Thus, the nearest and lowest outdoor
considering p is now set to be the next pixel in the current path and
is processed next. If a marked pixel is reached within the plateau,
the current path is terminated and labelled with the Id of this pixel
(as in case 2).

When case 4 occurs, the algorithm can not unequivocally decide
which pixel should be processed next. In this case, all adjacent low-
est pixels are traversed as if they were hit by a rain-drop. Since the
lowest pixel pn = p of the current path (p1, . . . , pn) has a greater
altitude than the pixels qi and a path always follows the steepest
slope, none of the pixels (p1, . . . , pn) is affected while qi are being
processed. This allows for the algorithm to remain consistent in this
case. Hence, after processing all qi, the pixel qj with the lowest and
nearest outdoor is chosen to be the next processed one p ← qj and
the computation of the steepest path continues. For pixels qi not
belonging to a plateau, the outdoor-distance is considered as one.

This technique allows us to determine for each pixel the regional
minimum it belongs to, without performing a global flooding (typ-
ically performed in immersion based watershed transformation) or
pre-processing the data. In particular, a rain-drop follows the steep-
est path toward a local (gradient) minimum. This path is now tra-
versed and its pixels are labelled with the Id of the reached min-

1Outdoor-pixels of a plateau are pixels adjacent to the plateau with alti-
tude lower than the plateau’s altitude.
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imum. Afterwards, the basin is flooded “piercing” its minimum
and letting the water come up out of the ground. This procedure
is repeated until all boundary pixels of the current catchment basin
have adjacent pixels belonging to other basins. In this way, we are
able to extract a single catchment basin given an image/volume data
set and a starting pixel/voxel. When volume data is processed, 26-
connectivity grid is used, instead of the 8-connectivity grid applied
in regular 2D images. All other steps remain unchanged. Moreover,
the proposed approach can be applied even on data structures with
higher connectivity in the same way.

2.2 Flooding the Selected Region

As introduced above, the proposed approach requires a selection
of a region of interest (ROI) from the user. For user convenience,
this is performed with the original input image I . In a separate
pre-processing step, a simple edge detection based on the standard
Sobel edge detector [14] is applied to the entire input data. This is
a straightforward process with insignificant time cost, compared to
the global watershed transformation, hence not slowing down the
entire process.

When this is accomplished, the gradient of the input area
is flooded, simulating rain-drops starting with an arbitrary pixel
within the selected area. Afterwards, the above transformation is
repeatedly performed on I′ until all pixels and basins within the
ROI are processed (as shown in Figure 5 for the 2D case). Since
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Figure 5: The selected ROI in a simple 2D example, the corre-
sponding gradient magnitude image (lower diagram) and its basins.

these basins belong to the same region, due to the user selection,
they are used to derive thresholds for the merging criteria. As will
be shown in Section 3, both the original image data I and the gra-
dient magnitude image I′ are applied.

Unfortunately, there are basins which are not completely, but
only partially within the ROI. These basins are processed as fol-
lows: For each pixel, not belonging to a basin with local minimum
within the selected region, again a rain-falling simulation is started
(see also [16]) and the regional minimum of the new basin is de-
termined as described above (ev. outside the user selection). Each
of these minima is used to start a flooding process as described in
the Section 2.1. The so computed layer of basins surrounding the
user-selected area are utilized to derive a second set of auxiliary
thresholds for the merging criteria as will be discussed in Section 3.
When this step is completed, all basins which are partially or com-
pletely included in the selected region are processed.

3 Merging Criteria

The most important part of the proposed approach is the suitable
definition of the basin-merging criteria, since they define the quality
of the segmentation results. As introduced before, various merging
criteria are described in the literature. The most prominent ones are
based on gradient-watersheds on graphs [18], basin dynamics [13],
and multi scale gradient analysis [5]. Most of these approaches de-
fine appropriate merging criteria based on the basins itself, hence
using the information about the gradient image. In contrast, we
implemented a method, which uses a combination of the first two
approaches, additional information about the original image data
I , and the second derivation of the input image I′′. Thus, a more
sound merging condition is introduced. Additionally, it is very diffi-
cult, often even impossible, to define a merging criterion matching
the attributes of all objects in the input image. Applying a local
watershed transformation and merging only basins fulfilling local
ROI-specific merging criteria yields significantly better results as
will be shown in section 6.

Merging Criterion A
Now let us consider two adjacent basins as depicted on the left

of Figure 6. As proposed in [12] the basin’s dynamic introduces a
good criterion for merging adjacent basins. The dynamic of a basin

Gradient magnitude image I’

bas 1
basin A basin B

Dy
na

m
ic

 o
f A

Dynamic of B

avrg. color

bas 10

region A region B

Input image I

Figure 6: The basin’s dynamic is shown on the left. On the right, a
case is shown in which the basin’s dynamic only does not provide
a good merging criterion.

is defined by the minimum height, which has to be overcome, in
order to reach a basin with lower or equal minimum altitude. Basins
with dynamics lower than a given value dt (dynamics threshold)
are now merged in larger regions. The usual values of dt are in the
interval [5, 20] for 8-bit gray-scale images and depend on the image
content and it’s noise. Applying this strategy for basin merging
helps us to merge insignificant basins, introduced by various noise
sources in I and I′ (see Figure 9 image b).

Merging Criterion B
Nevertheless, there are still situations, in which even basins with

a great difference between the (mean) gray-values in I have to be
merged when only their dynamic is taken into account (as shown
on the right of Figure 6). To overcome this problem, we applied ad-
ditionally to the concept of basin dynamics a second criterion. This
is based on the mean gray value of the region in I , corresponding
to the basin in I′. A similar strategy is introduced in [18], where
the authors use the infimum of the area in I , corresponding to the
basin’s regional minimum in I′. Furthermore, the authors apply a
watershed algorithm on a graph with nodes representing the basins
and arcs linking adjacent basins. Thereby, the nodes are colored
with the infimum value of the basins minimum in I . For our appli-
cation, however, it turned out that applying the average color ca of
the catchment basin in the original image I is a better criterion for
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basin merging. Unlike [18], we compare the values c′a and c′′a of
each two adjacent basins in order to determine whether they should
be merged or not (|c′a − c

′′
a | < ct - color threshold). In this way

we defined a second criterion for basin merging based on the global
basin attributes in I and in I′.

Unfortunately, another problem occurs with these merging crite-
ria: too many basins fulfilling the requirements, but not belonging
to the same region are merged. This may significantly worsen the
segmentation results (see Figure 9, image c). To circumvent this
obstacle, we introduced two additional rules for preventing basins
from merging.

Merging Criterion C
The third criterion we applied in our algorithm is based on the

characteristics of the dam between two basins BA and BB . During
the basin extraction, we record the length, the average color, and the
color of the lowest pixel pb on the dam between BA and BB in I ′.
If the altitude difference between the lowest common border pixel
pb and the average height of the border ba is greater than a given
threshold value bt (border threshold, with values typically within
the interval [5, 15]), the basins are not merged even if the conditions
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Figure 7: The basins are not merged if the gap between the lowest
border pixel, defining the dynamic, and the average border altitude
is too large as shown on the right.

stated in the first two criteria are fulfilled (see Figure 7). In case
the basins have more than one common border, the border pieces
are processed as if they were connected. This criterion prevents
from merging basins, which have similar dynamics due to noise-
containing borders.

Merging Criterion D
Finally, we introduced a measurement for the steepness of the

border between two basins in I′. For this, we consider each border
pixel pb and the next pixel on the path toward the local minimum p1,
as shown in Figure 8. For each such border pixel pb, we determine
the pixel p1 and compute the magnitudes of the second derivations
p′′b and p′′1 , hence the values of pb and p1 in I ′′. The absolute differ-
ence between these values ps = |p′′b − p

′′
1 | gives a measurement of

the gradient’s variation in I′. If ps is greater than a given threshold
st (steepness threshold), for any pixel on the border between adja-
cent basins, this basins are not merged even if the criteria A-C are
fulfilled (see the right of Figure 8). This criterion is applied to each
two adjacent basins (for instance A and B in Figure 8). The border
steepness of both of them has to be below the given threshold (in
general within the interval [5, 20]), in order to merge the basins.

To summarize, for each extracted basin B, we dispose of and
evaluate the following data structure, in order to determine whether
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Figure 8: The magnitude of the second derivation is computed at
each inner border pixel and at the next pixels on the path toward the
basin’s minimum (pixels (3,2) and (3,3)). If the absolute difference
between these two values is greater than a given threshold st, the
basins are not merged. On the right, a case is shown in which the
steepness of the basin’s border prevents from merging two adjacent
basins.

it should be merged with an adjacent one B′:

• the average grey value of the basin in I (criterion B);

• the lowest and highest altitude of a basin pixel in I′ (criterion
A,C, and D);

• lowest and average border value for each pair of adjacent
basin (B,B′) (criterion C);

• for each inner pixel of the border and each adjacent basin the
maximum ps (criterion D).

Results of applying the various merging strategies are shown in Fig-
ure 9. We first show the result of applying the standard global wa-
tershed transformation and the application of the criteria A and B.
Afterwards, the results of applying the local watershed transforma-
tion are shown evaluating the criteria A and B in image c and criteria
A-D in image d.

4 Evaluation of the Merging Criteria

After flooding the ROI selected by the user, we compute the values
for the thresholds: T = (dt, ct, bt, st). The value of dt is the
value of the greatest dynamic for basins within the selected ROI.
ct is defined as the greatest allowed mean color deviation for two
adjacent basins. When all basins in the given ROI are computed,
the mean color of this regions is used to define the reference grey
value. ct is now applied for defining the deviation threshold relative
to the reference grey value. bt is initialized with the maximum
difference between the average border color and the lowest border
pixel for each pair of adjacent basins. Finally, the magnitude of the
greatest second derivation of the grey value in I′ on the inner border
is assigned to st (see Criterion D above).

In order to determine whether a computed catchment basin
matches the initial user selection, we evaluate the following merg-
ing rule, applying the thresholds T :

IF Criterion A AND Criterion B
AND Criterion C AND Criterion D
THEN Merge Basins(A,B).

Since there are basins, which are only partially covered by the
selected ROI, these border basins are utilized for deriving an ad-
ditional threshold set: T ′ = (d′t, c

′
t, b
′
t, s
′
t). When a new basin is

extracted, we first check whether the premise of the above rule is
true for the threshold set T . If this is the case, the basin is assigned
to the initial ROI. Otherwise, the second threshold set T′ is applied
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Figure 9: Results of applying the watershed transformation. Image a shows the result of applying the standard algorithm, which obviously
produces heavily over-segmented images. After merging the basins with the described criteria, more meaningful segmentation is achieved as
shown in image b. Image c shows the results achieved with the proposed local watershed transformation, starting with the selected ROI and
applying the criteria A and B. Applying all of the proposed criteria (A-D) results in image d. The basins in Bc are also shown in image d.

and if the rule’s premise is ‘false’, the basin is definitely marked
as not matching the user selection. Finally, if the condition of the
above rule is true applying of the second set of thresholds T′, the
current basin is assigned to the layer of basins surrounding the user
selection and processed as described next (see Figure 9 gray area in
image d and Figure 10).

5 Basin Growth

After the user input is processed so far, the algorithm starts with the
controlled basin growth. At this stage all basins completely or par-
tially within the selected ROI and a one-pixel thick layer surround-
ing these basins are processed. When following the path of steepest
descent for each of the pixels in this layer, the reached minima are
completely outside the given ROI and thus not processed (flooded)
yet. The regional minima of these basins, however, are known and
the flooding process can be started as described in Section 2.1. In
this way, in every basin-iteration a set of basins, surrounding the
ones extracted in the previous step are computed.

Every time a new basin B is extracted, it’s attributes are ap-
plied for evaluating the merging rule with the threshold set T . If
B matches the user selection, that is if the rule’s premise is true,
it is assigned to the initial ROI. Unprocessed basins, adjacent to B
are pushed on a queueM containing the yet unprocessed minima
and are flooded in the next basin iteration. Otherwise, ifB does not
match the user selection, the merging rule is evaluated again with

the thresholds T ′. If the rule’s premise is true this time, the basin
is assigned to a set of potential candidates for merging Bc. Finally,
in case the rule’s condition is false for both threshold sets T and
T ′, the current basin is a border basin, not matching the initial user
selection (see Figure 10). In the following, this algorithm is stated
in pseudo-code:

0 /*M – contains yet unprocessed minima */

1 do
2 N ← card(M);
3 while (N > 0)
4 N ← N − 1;
5 M ← pop(M);
6 B ← flood(M,M); /* basins adjacent toB are added toM */

7 if (merging rule(T,B)) /* check threshold set T */

8 assign to ROI(B);
9 else if (merging rule(T ′, B)) /* check threshold set T ′ */

10 assign to potential ROI(B); /* assign to Bc*/

11 endif;
12 end; /* while (N > 0) */

13 while (card(M) �= N) /* until no new basins are added */

The mosaic of un-merged basins in Bc and their adjacency we
utilized for the definition of an adjacency graph G. In this graph the
nodes correspond to the basins, the arcs link adjacent basins, similar
to the approach introduced in [18]. The nodes within the initial ROI
and the ones merged during the basin growth are pooled together in
a node U (as depicted in Figure 10). The basins, for which the
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Figure 10: The user selection on the left and the extracted region in
the middle. The graph on the right shows (a part of) the (colored)
adjacent basins in Bc.

merging rule returns true only for the second threshold set T′, are
also assigned to the graph. However, they are not merged with the
node U , but are connected with each other and with U . Each of
these basins contains the attributes listed at the end of Section 3.
Thus, in a post-processing step, the user can manually assign basins
out of Bc to the initial ROI. Furthermore, the threshold set T can be
updated each time a basin is manually assigned to U . This makes
a precise final basin-level-adjustment possible, without having to
explicitely manipulate single parameters.

In both cases, the result of the proposed algorithm is a set of con-
nected basins, extending the initial ROI. In other words, the input
data is classified and marked in such a way, that there is a (con-
nected) region of interest and an area not belonging to the ROI. In
the 3D case, this data can be used to generate a surface surrounding
it (see Color plate) for volume-rendering, or for ray-casting [17].

6 Results

To demonstrate the power of the proposed approach, we applied
it on several images and two volume data sets. Each data set was
first pre-processed and the standard Sobel edge detector [14] was
applied on either the image data in the 2D case, or on each slice in
the volume data. In the next step, a slice was selected out of the two
volume data sets and a region was marked (as depicted in the Color
plate). Afterwards, the algorithm described above was applied on
a 26-connectivity grid. The computed results, consist of a set of
marked pixels. In order to visualize this region, we extracted a
surface applying the standard marching cubes algorithm [6].

The image data was processed in a similar way. After selecting a
region and applying the proposed technique, the pixels defining the
border between the marked region and the unmarked background,
were colored red as shown in the lower row in the Color plate. The
computation times are displayed in Table 1.

7 Future Work

The approach described above is implemented and works well.
However, when the computation is completed, we currently per-
form surface extraction with the standard marching cubes algo-
rithm [6], in order to visualize it. Unfortunately, this introduces
‘stairs’ in the surface. To solve this problem, we are working on
basin extraction combined with surface extraction. Since borders

Data set Data size Number of Computation
regions time

Jaw bone 300x400x50 36542 14.07 sec
Vessel tree 512x512x64 54263 21.6 sec
Peppers Region A 512x512 2320 2.8 sec
Peppers Region B 512x512 3859 3.91 sec
Peppers Region C 512x512 3619 3.34 sec

Table 1: Computation times for the example volumes and images
measured on an SGI O2 with 180MHz R5000.

between adjacent basin are in general smooth, this will improve the
quality of the generated surface. In addition, the color values on
the extracted region border can be used to assign appropriate color
values to the surface. This will even increase the (photo-)realistic
effect of the computed results.

8 Summary

In this paper, we presented a new semi-automatic method for ex-
tracting regions of interest based on a local watershed transforma-
tion. We described how a catchment basin can be computed, given
an initial pixel and a data set. The proposed technique does not
require pre-processing of the data, while applying a modified rain-
falling simulation. Unlike the standard watershed transformation,
which floods the entire input data, the presented approach computes
and merges only the catchment basins fulfilling a set of criteria.
Therefore, we introduced four criteria for merging the catchment
basins in a meaningful region, exploiting the attributes of the man-
ually selected ROI.

Furthermore, the described technique can be applied more pre-
cisely, since it is easier to define merging criteria for basins within
one object of interest in the input data, than for the entire data set.
The merging rule introduced in this way, utilizes basin attributes
like the basin’s dynamics, it’s average grey-color, and border char-
acteristics like it’s steepness and gradient magnitude. This sig-
nificantly improves the results computed with the proposed tech-
nique, offering a reasonable solution of the segmentation problem
addressed in the introduction.
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Results of applying the proposed local watershed transformation. The surfaces on the right of A and B are extracted with the marching cubes
algorithm, after performing the basin growth approach.


