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Abstract
Segmentation is very important in early stage of image processing pipelines. Final
results of image processing are strongly depending on the initial image segmentation
quality. A good quality result often comes at the price of high computational cost
including computation speed. Image segmentation requires long computation task caused
by sequential processing of huge sizes of image and complex tasks. Nowadays, multi-core
architectures are emerging as an attractive platform for parallel processing because it
has two or more independent cores in a single physical package and their comparatively
low cost. In this paper, two parallelization strategies (fine-grain and coarse-grain
approach) are proposed for computing leaf image segmentation. The Canny Edge
Detector and Otsu thresholding methods are used due to their wide range of usage for
leaf segmentation in plant classification. The implementation is developed under multicore architecture with shared memory multiprocessors. The OpenMP (Open MultiProcessing), an API (Application Programming Interface) is utilized for writing multithreaded applications in shared memory architecture. The comparative study with two
parallelization strategies is discussed further in this paper.
Keywords: Image processing, image segmentation, parallel processing, OpenMP, leaf
shape based classification

1. Introduction
Plant species classification is one of image processing application that has received
high attentions from scientists. In order to achieve better plant classification, the leaf
image must have a good segmentation framework as the necessary preparation step before
the processes of leaf features extraction and classification. The value of an image
processing system is determined first by the classification accuracy, and second, by the
computational cost to process the image.
Parallel architectures are considered an efficient solution to cut down the
computational cost when implementation in this high-computation application. The
motivations for parallel computing are the processing of large amount of data, parallel
nature problems and the parallel processor capability offered [1, 8]. However, the
potential benefits of multi-core processors do not come for free. In this study, we will
show readers some guidelines on how to decide which parallelization strategy is suitable
for a given multi-core architecture and tasks to reach peak performance.
This paper evaluates two different parallelization strategies using a quad-core CPU.
The study aims at determining guidelines for the efficient parallelization of this
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application. The Canny Edge Detector [9, 11] and Otsu methods [12, 14] are used as a
benchmark in the experiments since they have many common parallelism features, and
widely used in plant species classification applications. Finally, the article provides a
comparison analysis of two different parallel implementations for Canny Edge Detector
and Otsu methods on a quad-core CPU.
The rest of the paper is organized as follows: The next section, Section 2 reviews a few
related works on previous image segmentation using Canny Edge Detector and Otsu
methods thresholding including their algorithms. Section 3 discusses the proposed
parallelization strategies for Canny Edge Detector and Otsu methods thresholding.
Experimental results of each strategy are presented in Section 4. Conclusion is placed in
Section 5.

2. Related Works
There are limited literatures on parallel plant classification application unlike other
application, such as for medical imaging application [15]. Generally, the plant
classification processes consist of image segmentation, features selection and features
classification. Parallel image processing is an alternative way to solve image processing
problems that require large times of processing or handling large amounts of data. For
instance, the segmentation process using Canny Edge Detection and Otsu methods require
lots of memory space and time to process. In parallel processing, the computer program is
written for executing multiple tasks that work together to solve a problem [16]. The main
idea of parallel image processing is to divide the problem into simple tasks and solve
them concurrently, in such a way the total time can be divided between the total tasks.
Domain decomposition and loop-level parallelism are well known techniques to divide
the problems in parallel programming. Domain decomposition is used for solving a set of
tasks that operate independently on separate partitions of data on multiprocessor
architectures [17]. Meanwhile loop-level parallelism is the model that focuses on
processes or threads of execution [18]. Conversely, domain decomposition is considered a
coarse-grain technique, consisting in equally dividing input data structure into sub data
structures to be fed into tasks. Loop-level parallelism is considered a fine-grain technique
whereby it consists of parallelizing task loops where iterations can be executed
independently. If those techniques are applied in OpenMP environment, the operations are
performed by adding specific directives, and the OpenMP runtime will manage the
allocation and distribution work to threads.
Otsu method is used as a preprocessing phase in several plant classification
applications for extracting the internal characteristics (region-based) of leaf shape. The
internal characteristics of leaf shape are aspect ratio, rectangularity, eccentricity,
compactness, length, width, area and many more. [19] implemented parallel approach to
Otsu method and run their algorithm on multi-core architecture namely Graphics
Processing Unit (GPU). The results of their proposed parallel strategy achieved at least
1.6 times faster than sequential algorithm.
Canny Edge Detector method is applied as a preprocessing phase in several plant
classification applications for extracting external characteristics (contour-based) of leaf
shape. Example of external characteristics for leaf shapes are contour signatures and
elliptic Fourier descriptors. Some of researcher also used Canny Edge Detector method to
extract the leaf vein structures. Several implementations of Canny Edge Detector method
can be found in the literature, using different languages on different hardware platforms
[20, 21]. Canny Edge Detector method is also run on a NVIDIA GPU, using fine-grain
parallelism [22]. Although this implementation offers the best performance in terms of
execution time, there are no comparison works with coarse-grain parallelism.

136

Copyright ⓒ 2015 SERSC

International Journal of Software Engineering and Its Applications
Vol. 9, No. 5 (2015)

2.1 Canny Edge Detector Method
The Canny Edge Detector method consists of five stages and one of these stages can be
placed in a same “for loop”, for example in stage 4 and 5 (for loop (4th)). The block
format of Canny Edge Detector algorithm is depicted in Figure 1.
The four “for loop” are:


Image smoothing



Find the image derivative in the horizontal direction (Gx) and the vertical
direction (Gy)



Image intensity gradient calculation (G) and find the edge direction (θ)



Non-maximal suppression and hysteresis thresholding calculation.

Sometimes, “for loop” is called “task”, for example “for loop (1st)” as “task 1”. From
observations, the task dependencies for all tasks available in Canny Edge Detector method
need to be processed in sequence manner whereby the process in task 1 must be
completed before task 2 begin its work and so on. All tasks in this algorithm are purely
paralleled. The purely parallel task indicates that this loop can be equally distributed over
some processors.

for loop (1st)

for loop (2nd)

1. Gaussian Filter

2. Gradient at X

2. Gradient at Y

3. Intensity Gradient

3. Edge Direction

for loop (3rd)

for loop (4th)

4. Non-maximal Suppression
5. Hysteresis Thresholding

Figure 1. Block Diagram of the Canny Edge Detector Algorithm
2.2. Otsu Thresholding
The Otsu method consists of five stages (see Figure 2). The five “for loop” are:


Calculate grayscale level image histogram



Find weight foreground (Wf) and background (Wb), and mean foreground (µ f)
and background (µ b) for all possible threshold value



Between class variance (𝜎𝐵2 ) calculation



Find the maximum value of (𝜎𝐵2 ) in order to get threshold value
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Convert image to binary based on the threshold level value.

The task dependencies for all tasks available in Otsu method are same with Canny
Edge Detector method in which each task needs to be processed in sequence
manner. All tasks for this algorithm are purely paralleled except for task 4 which is
strictly sequential. This is because this task is responsible to find a maximum value
in a loop. If this loop distributed over different processors, the maximum value will
not be generated properly.

for loop (1st)

for loop (2nd)

1. Calculate Histogram

2. Weight & Mean Foreground

for loop (3rd)

2. Weight & Mean Background

3. Class Variance

for loop (4th)

4. Threshold Value

for loop (5th)

5. Image Binarization

Figure 2. Block Diagram of the Otsu Thresholding Algorithm

3. Parallelization Strategy
Loop-level parallelism is considered as a fine-grain technique. It consists of
parallelizing loops where iterations can be executed independently. In OpenMP, this
operation is performed by adding #pragma omp for directives, and the OpenMP runtime
will manage the allocation and distribution work to threads. Loop-level parallelism has a
potentially higher reusability than domain decomposition. For example in Canny Edge
Detector method, it includes a set of algorithms common to image processing programs,
such as Gaussian blur and gradient calculation, whereas their parallel implementation can
be easily reused in other image processing programs. However, loop-level parallelism
may suffer from the overhead due to the thread’s fork-join operations, and from poor data
locality.
On the other hand, domain decomposition is considered as a coarse-grain technique,
consisting in equally dividing an input data structure into sub data structures. In this
study, the input image to the Canny Edge Detector and Otsu methods are divided into sub
images with equal sizes, and the original sequential program is executed on each sub
image independently and in parallel. This can be done in OpenMP using #pragma omp
sections directives for splitting up sub image to appropriate processors. The main benefit
of data decomposition is to ease parallelization, since a large section of the code base is
maintained, even though some additional code is needed to split and merge the data
structures. It is also necessary to assess the presence of dependencies between
neighboring sub-images: in this case, the partitioning strategy has to be tuned in order to
minimize the dependencies’ impact on performance. In additional, domain decomposition
can avoid the additional overhead caused by fork-join operations, and an increase in data
locality.
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3.1. Parallelization of Canny Edge Detector
The fine-grain and coarse-grain approach for parallelization of Canny Edge Detector
algorithm are shown in Figure 3(a) and Figure 3(b) respectively. In fine-grain, all of tasks
are distributed equally among processors. The size of loop is based on the size of input
image. In coarse-grain technique, input image is split into sub images with equal size, and
all tasks are executed on each sub image independently and in parallel. Based on Figure
3(b), exception implementation is on task 4 because this process need to compare eight
neighboring pixels based on the result in intensity gradient and edge direction (task 3). In
order to avoid data lost during execution of task 4, the task 4 must wait all the processes
in previous sub-images to be finished first before begin its process.
(a)

(b)
for loop
(1st)

for loop
(2nd)

for loop
(1st, 2nd &
3rd)

€

€

for loop
(3rd)

for loop
(4th)

for loop
(4th)

Processor 1

Processor 2

Processor 3

Processor 4

Start or/and End
Parallel Regions

Figure 3. Parallelization Strategies for Canny Edge Detector Method: (a)
Fine-Grain (b) Coarse-Grain
3.2. Parallelization of Otsu thresholding
The parallelization strategies for Otsu thresholding are shown in Figure 4(a) and Figure
4(b) respectively. In fine-grain, all tasks are distributed equally among processors except
for task 4 (strictly sequential). In coarse-grain technique, input image is split into sub
images with equal size. This step can be done only in task 2 and task 3. In the beginning
of task 2 to the end of task 3, the loop is getting smaller into constant value of 255,
grayscale image level value. To calculate histogram for each of grayscale level (task 1),
the conversion of RGB to grayscale image must be completed first before calculating the
histogram to avoid data lost. This also occurred in final task (task 5), whereby to convert
the original image into binary image, the threshold value must be obtained in a first place.
Other tasks in coarse-grain technique are the same with fine-grain technique.
As theoretical overhead and data locality comparison for this algorithm, the OpenMP
has to construct six times start or/and end parallel regions in fine-grain at five different
places of data locality. Whilst, five time start or/and end parallel regions are needed in
coarse-grain technique with four different places of data locality sharing.
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(a)

(b)
for loop
(1st)

for loop
(1st)

for loop
(2nd)

€

€

for loop
(2nd & 3rd)
for loop
(3rd)

for loop
(4th)

for loop
(4th)

for loop
(5th)

for loop
(5th)

Processor 1

Processor 2

Processor 3

Processor 4

Start or/and End
Parallel Regions

Figure 4. Parallelization Strategies for Otsu Method: (a) Fine-Grain
Approach and (b) Coarse-Grain Approach

4. Experimental Results
All developed algorithms are written in C++ language and implemented using GCC
4.3.2 OpenMP compiler under a quad core platform. To evaluate the proposed strategies,
the target leaf image size used is 2300x1540. The sample of image used in the
experiments is shown in Figure 5. The multi-core CPU platform used is an Intel Core 2
Quad CPU Q8200, where each processor has 4 cores working at 2.33 GHz with 4.00 GB
DDR3 memory.

Figure 5. The Leaf (F. deltoidea) Image used in the Experiments
The comparative analysis for execution time of fine-grain and coarse-grain parallelism
for both Canny Edge Detector and Otsu methods is made on a quad-core CPU. Figure
6(a) and (b) shows that the coarse-grain strategy offers a lower execution time compared
to the fine-grain strategy. It was happened because of the number of parallel region
constructs overhead more in fine-grain compared to coarse-grain. In Canny Edge Detector
method, the OpenMP has to construct five times start or/and end parallel regions in fine-
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grain. Meanwhile, only three time start or/and end parallel regions are needed in coarsegrain. The same reason also occurred in Otsu in which the OpenMP has to construct six
times start or/and end parallel regions in fine-grain and only five time start or/and end
parallel regions are needed in coarse-grain.
The results show a better speedup (coarse-grain vs. fine-grain) in Canny Edge Detector
method compared to Otsu method due to the increasing of data locality in Canny Edge
detector. In Canny Edge Detector, the different in data locality for coarse-grain and finegrain happened in task 1, task 2 and task 3. These tasks are depending on the size of
image. Task 1, task 2 and task 3 in fine-grain need to access the data in a shared memory
in a separate way. Different to coarse-grain, the data in a shared memory are accessed in a
same time fashion.
As a result, the coarse-grain approach will contribute more execution time saving for
Canny Edge Detector method. Meanwhile in Otsu method, only task 1 and task 5 are
depending on the size of image. Task 2, task 3 and task 4 are based on the constant size of
grayscale value which is 255. If these tasks are changed into coarse-grain, the size of data
that need to be accessed in a shared memory remains the same compared to fine-grain.
The performance of two parallelization strategies is evaluated by calculating its
speedup. Speedup shows how much of an improvement is practically possible in the best
case. Assume that the speed of processors and its communication is constant; the speedup
of k processor(s) is calculated using the following equation:
𝑆(𝑘) =

𝑇1
𝑇𝑘

5
4.5
4
3.5
3
2.5
2
1.5
1
0.5
0

Coarse-grain

Fine-grain
Execution Time (s)

Execution Time (s)

where T1 is the time required to execute an equivalent sequential program on one
processor and Tk is the time required to execute the parallel version of the program on k
processors. Figure 7 shows the speedup of Canny Edge Detector and Otsu methods.
Based on the performance evaluation of the two studied parallelization strategies, we
can conclude that coarse-grain works well on multi-core architectures. Here, with more
tasks can be executed by splitting sub images equally on each processor. Although a small
speedup gap between coarse-grain and fine-grain obtained in Otsu method, it is
considered as a speedup improvement. As a conclusion, coarse-grain approach is also
appropriate to be implemented in Otsu method.
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(a) Canny Edge
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Figure 6. Execution Time (a) Canny Edge Detector Method and (b) Otsu
Method
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Figure 7. Overall Speedup: (a) Canny Edge Detector Method and (b) Otsu
Method

5. Conclusions
The nature of tasks in Canny Edge Detection and Otsu methods are highly suitable for
parallel implementation. In addition, the size of image in matrix form also makes the
parallel implementation more possible. The main contribution of this paper is to describe
two parallelization strategies that are generally not well studied for multi-cores
architecture using fine-grain and coarse-grain parallelism. In this paper, experiments have
proved that the fine-grain overhead to start a parallel region each time in OpenMP is
bigger when constructing more parallel regions. Different to the coarse-grain model, the
data have been split to each processor in the beginning of parallel region construct and
this situation will reduce data synchronization across threads. Based on the performance
evaluation of the two studied parallelization strategies, we can conclude that coarse-grain
parallelism is more suitable to be implemented on Canny Edge Detector and Otsu
algorithms in order to reduce some of additional time overhead and data locality that exist
in OpenMP and multi-cores architecture. Even though the fine-grain model is the easiest
way to be coded in OpenMP, it is worth to change the codes into coarse-grain model for
more processing time reduction.
In terms of immediate future work, we intend to evaluate the performance of manycore architecture for each strategy used this experiment. The performance on different
programming models is also needed to strengthen the effectiveness of these strategies.
The parallel processing that guide to plant species classification is partly done and the
next other future work is to focus on parallelizing features extraction process and features
classification process.
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