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ABSTRACT

We present an efficient parallel implementation of morphological
opening and closing by reconstruction operations, which have been
used in the past for extracting relevant features prior to classifica-
tion of remotely sensed hyperspectral images using morphological
profiles. The proposed implementation has been developed and
tested on various multi-core parallel platforms. These types of
multi-processor systems are increasingly being used as a commod-
ity parallel computing platform in different application domains.
Our experimental results demonstrate that the proposed parallel
codes fully exploit the processing power available in the considered
multi-core machines.

Index Terms— Mathematical morphology, morphological re-
construction, parallel processing.

1. INTRODUCTION

Mathematical morphology [1] is a classic nonlinear image process-
ing technique that has been successfully applied to the processing
of remotely sensed imagery [2]. Based on set theory, binary mor-
phology was established by introducing fundamental operators ap-
plied to two sets [1]. One set is processed by another one having a
carefully selected shape and size, and known as the structuring el-
ement (SE), which is translated over the image. The SE acts as a
probe for extracting or suppressing specific structures of the image
objects, checking that each position of the SE fits within the image
objects. Morphological operations have extended to grayscale im-
ages by viewing these data as an imaginary topographic relief. In
practice, set operators directly generalize to gray-tone images.

Morphological filters are characterized by the size and shape of
the considered SE. However, if the searched patterns do not have
regular properties across the scene, an adaptative scheme is needed
to ensure that the correct SE size is considered at each pixel [3]. As
reported by various authors [4, 5, 6, 7], this selection can be achieved
by plotting the morphological filter output at each pixel against the
value of a varying parameter. The resulting plot is called a morpho-
logical profile [4], which stems from the concept of granulometry
[3], and in which the varying parameter is the size of the SE.

Morphological profiles in grayscale imagery are based on open-
ing and closing by reconstruction [8], a special class of morpho-
logical filters that have proven to be very successful for multi-scale
image processing. These filters do not introduce discontinuities, and
therefore preserve the shapes observed in input images. Thus, con-
ventional opening and closing remove the parts of the objects that are
smaller than the SE, whereas opening and closing by reconstruction

either completely removes the features or retains them as a whole.
Although the morphological profile contains information about the
spatial content (size, orientation and local contrast), the formulation
refers to a single-band image and, therefore, the spectral informa-
tion contained in multi-band images (such as remotely sensed hy-
perspectral images) is not considered [9]. A simple approach to deal
with this problem is to extract several images that contain parts of
the spectral information, and then build the morphological profiles
on each of the individual images. In previous work [5, 6], it was
suggested that the first principal components (PCs) obtained from
the hyperspectral data could be used for this purpose. In this work,
we focus on the high computational complexity of morphological
reconstruction operations, which often prevents their application to
remotely sensed data sets, in particular, when the spatial resolution
of such data data sets is very high. In the last few years, the char-
acteristics of massively parallel computers have evolved due to the
limitations on the integration level of such systems. Today, multi-
core processors have become a common type of parallel system not
only available in high performance computing (HPC) platforms, but
also in commodity PCs and workstations, which now typically incor-
porate more than one processor/core for increased processing power
via multi-threaded programming [10]. Taking advantage of the ad-
vent of multi-core processor environments, we develop a parallel
version of morphological opening and closing by reconstruction op-
erations which can be easily extended to the case of multicomputers
for exploitation on larger-scale parallel platforms such as clusters or
heterogeneous networks.

2. MORPHOLOGICAL RECONSTRUCTION

2.1. Basic definitions

In the following, we adopt the notation in [8]. Let us denote an image
f as a mapping from a finite rectangular subset DI of the discrete
plane Z2 into a discrete set {1, 2, · · · , N − 1}, and the discrete grid
K ⊂ Z2 × Z2 provides the neighborhood relationships between
pixels: p is a neighbor of q if and only if (p, q) ∈ K, where K is
a SE. Similarly, f(x, y) will be defined as a gray-level function or
mapping representing an image. Using this terminology, the erosion
and dilation of image f(x, y) by SE K can be defined as:

ε(x, y) = (f ⊗K)(x, y) = inf(f(x, y),K)

= min
(s,t)∈K

{f(x+ s, y + t)− k(s, t)} (1)

δ(x, y) = (f ⊕K)(x, y) = sup(f(x, y),K)

= max
(s,t)∈K

{f(x− s, y − t) + k(s, t)} (2)
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where k(s, t) denotes the weight associated with the different
elements of the kernel or SE. The main computational task in deal-
ing with grayscale morphological operations is the query for local
maxima or minima in the local search area around each image pixel.
This area is determined by the size and shape of the SE denoted by
K.

In order to simplify the algorithms developed, we refer only
to convex and plain SEs: a special class of SEs that results when
k(s, t) = 0, ∀(s, t) ∈ K. This is not a general requirement of
morphological operations, and other types of SEs can be used in the
future developments of the method. For illustrative purposes, let K
be a plain 3× 3 SE. If a dilation operation using K is applied over a
grayscale image, then the local effect of the operation is the selection
of the brightest pixel in a 3 × 3-pixel search area around the target
pixel. The constraints imposed on the kernel definition causes all
pixels lying within the kernel to be handled equally, i.e., no weight
is associated with the pixels according to their position along the
kernel, and the pixel with maximum digital value is selected. The
previous operation is repeated with all the pixels of the image, lead-
ing to a new image (with the same dimensions as the original).

2.2. Reconstruction operations

Let us assume that g and f are two grayscale images defined on the
same domain, taking their values in the discrete set {1, 2, · · · , N −
1} and such that g ≤ f . With the above definition in mind, one
can define the elementary erosion ε(1)f (g)(x, y) of grayscale image
g ≤ f as follows:

ε
(1)
f (g)(x, y) = (g ⊗K) ∨ f, (3)

where ∨ stands for the pointwise maximum and (g ⊗K) is the ero-
sion of g by the flat SE denoted by K. With this in mind, one can
further define the grayscale erosion of size n ≥ 0 as:

ε
(n)
f (g)(x, y) = ε

(1)
f ◦ ε

(1)
f ◦ · · · ◦ ε

(n)
f (g)(x, y)︸ ︷︷ ︸

n times

, (4)

which leads to:

ρ∗f (g)(x, y) =
∧
n≥1

ε
(n)
f (g)(x, y) (5)

The expression above implies that the reconstruction by erosion of
f from g is obtained by iterating grayscale erosions of g “above” f
until stability is reached. Similarly, we can define the reconstruction
by dilation δ(1)f (g)(x, y) of grayscale image g ≤ f as follows:

δ
(1)
f (g)(x, y) = (g ⊕K) ∧ f, (6)

where ∧ stands for the pointwise minimum and (g ⊕ K) is the di-
lation of g by the flat SE denoted by K. Thus, and similarly to the
definition of grayscale erosion of size n ≥ 0, the grayscale dilation
of size n ≥ 0 is given by:

δ
(n)
f (g)(x, y) = δ

(1)
f ◦ δ(1)f ◦ · · · ◦ δ(n)

f (g)(x, y)︸ ︷︷ ︸
n times

, (7)

which leads to:

ρf (g)(x, y) =
∨
n≥1

δ
(n)
f (g)(x, y) (8)

The expression above implies that the reconstruction by dilation of
f from g is obtained by iterating grayscale dilations of g “under” f

Table 1. Pseudo-code of the parallel algorithm executed by each
thread in the proposed parallel multi-core implementation.

Input: Remotely sensed image f(x, y); maximum number of
iterations it; size of SE denoted by K.

Output: Reconstructed image o(x, y).
Imgero ← Erosion (↓ f(x, y),↓ K);
Changesold ← -1;
Changesact ← 0;
Imgope(0)← Imgero;
iter← 0;
while iter < it do

Imgope(iter + 1)← Opening reconstruction(↓Imgope(iter),↓
f(x, y),↑Changesact);
if Changesact = Changesold ∨ iter = it then

End of the execution;
else

Changesold ← Changesact;
iter← iter + 1;

end
Return of Imgope;

end

until stability is reached.
In both erosion and dilation by reconstruction, the starting image for
reconstruction resulting from a morphological operation, i.e. erosion
or dilation, is called the marker image, while the image used to con-
strain the spread of the flood-filling only to its foreground pixels is
called the mask image.

3. PARALLEL ALGORITHM

In this section we describe the parallel algorithm used for efficient
implementation of morphological opening and closing by recon-
struction operations. From now on, we focus on the opening by
reconstruction operation (closing by reconstruction is exactly the
same, but interchanging the erosion operations by dilation opera-
tions and vice-versa). In general terms, the behavior of the parallel
algorithm can be summarized as follows: first, we apply a morpho-
logical erosion operation on the original image and then reconstruct
the image using as mask the original image and as marker the eroded
image. Since the operations are performed on grayscale images, we
can establish an absolute distance measure which assures that the
implemented method converges in a given number of steps.

Table 1 shows a pseudo-code of the algorithm executed by each
thread (program running in each core), where each core processes
a local partition of the image. It is important to emphasize that the
code in Table 1 does not need any communication primitives since
the multi-core platform is assumed to be a shared memory architec-
ture. This feature considerably simplifies the design of a parallel
multi-core algorithm, as shown by Table 1. In the table, the input
and output data are designated by ↓ and ↑, respectively. As shown
by Table 1, the parallel code has two stopping conditions:

1. The first and most important stopping rule is given by the
comparison between changes from the previous iteration to
the actual one. This comparison allows us to assess the con-
vergence of the method.

2. A second stopping rule is given by the number of iterations,
which is introduced as an input parameter to allow stopping
the parallel after a certain number of iterations in the case that
we are not using a distance measure that assures convergence
of the method.
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(a) (b)

Fig. 2. (a) Result of a morphological reconstruction of the Ikonos image using a SE of 15 × 15 pixels in size. (b) Differences between the
original Ikonos image and the reconstructed version of the same image using a SE of 3× 3 pixels in size.

4. EXPERIMENTAL RESULTS

In order to illustrate the proposed parallel implementations, we have
used a high-resolution panchromatic image obtained by Ikonos over
the city of Reykjavik in Iceland (see Fig. 1). This scene is particu-
larly suitable for our experiments thanks to the variability on the size
and orientation of the buildings and other urban features. Although
experiments with remotely sensed hyperspectral images would also
have been possible (e.g. by applying the proposed algorithm to the
first principal component obtained after processing a hyperspectral
image) we have decided to use a scene with very high spatial reso-
lution in order to better substantiate our findings. Table 2 shows the
multi-core systems used in this study to evaluate the performance of
the parallel implementation. As shown by Table 2, the considered
systems are quite different in nature and architecture, which allows
for a detailed study of issues related to the architecture of the parallel
systems which can ultimately affect parallel performance. Fig. 2

Fig. 1. Ikonos image of Reykjavik, Iceland.

shows the result of applying a parallel reconstruction operation with
a kernel or SE with 15 × 15 pixels in size, along with the result
of selecting the pixels with different value between the original im-
age and the result of a reconstruction of the same image with a SE

Table 2. Description of multi-core systems used.
System Type of Processor Number of cores
Escher Intel Itanium II 16
Frida AMD Opteron Quad Core (uma) 16

Warhol Intel Quad Core 8
Gaudi AMD Opteron Quad Core (numa) 32

with 3 × 3 pixels in size. As expected, the parallel reconstruction
operations behaved in exactly the same way as their corresponding
sequential operations. On the other hand, Figs. 3-6 summarize the
parallel performance of the proposed implementation by reporting
the execution times measured after applying different kernel sizes
with increasing number of cores. First of all, we evaluate the results
on the Escher machine (Itanium II), reported on Fig. 3. As can be
seen from this figure, a reduction of the execution time is generally
observed as the number of cores is increased, but the reduction is not
as significant as it could be expected. Also, we can observe a local
minimum around 8 cores, probably related to the optimal division of
the original image, which is around 8 partitions (i.e. the size of the
resulting partitions from this size fit into the cache memory of the
system). From this value, it is observed in Fig. 3 that the execution
time grows due to the small size of the problem in this particular
division, which is also affected by the overhead introduced by the
control code. Also, we can see in Fig. 3 that, for 2 cores, the exe-
cution time is greater than that of 1 processor only, probably due to
the bad performance of the libraries for the threads on the Itanium
architecture and a poor selection of compiler flags.

On the other hand, the results obtained in the Warhol machine
(Intel Quad Core with 8 cores) show much better performance, with
an almost linear decrease in execution times as the number of cores
is increased, in accordance to what is expected in an optimal paral-
lel implementation. Interestingly, with SEs of size 7 × 7 and 9 × 9
pixels, the response times are higher than those measured with SEs
of size 11× 11, 13× 13 and 15× 15 pixels, which is probably due
to the nature of the algorithm and complexity of the data (morpho-
logical reconstruction is a highly non-linear problem). Finally, the
results obtained for the AMD Opteron machines (Figs. 5 and 6) are
the ones showing the best parallel performance, with a more linear
decreasing slope in the reduction of execution times as the number
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Fig. 3. Execution times on Itanium II (16 Cores).

Fig. 4. Execution times on Intel Quad (8 Cores).

of cores is increased, resulting in very low processing times for the
reconstruction operations on the considered scene.

5. CONCLUSIONS

We have developed a parallel implementation of morphological
opening and closing by reconstruction operations of reconstruction
that can be used for the processing of remotely sensed images with
high spatial resolution. The proposed parallel implementation can
also be used to speed up the construction of morphological profiles
(using the first few principal components) for hyperspectral image
processing. Our experimental results with a high spatial resolution
image are promising, and reveal the benefits that can be obtained
after implementing this type of morphological operations in multi-

Fig. 5. Execution times on AMD Opteron numa (32 Cores).

Fig. 6. Execution time on AMD Opteron uma (16 Cores).

core systems, which reduce the problems related with memory
restrictions observed in other types of parallel implementations (e.g.
cluster computers or distributed networks). Further experiments
with additional scenes should be conducted in order to fully validate
the preliminary findings reported in this work.
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