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Abstract: The volume of remote sensing images continues to grow as image sources become more
diversified and with increasing spatial and spectral resolution. The handling of such large-volume
datasets, which exceed available CPU memory, in a timely and efficient manner is becoming a
challenge for single machines. The distributed cluster provides an effective solution with strong
calculation power. There has been an increasing number of big data technologies that have been
adopted to deal with large images using mature parallel technology. However, since most commercial
big data platforms are not specifically developed for the remote sensing field, two main issues exist
in processing large images with big data platforms using a distributed cluster. On the one hand,
the quantities and categories of official algorithms used to process remote sensing images in big
data platforms are limited compared to large amounts of sequential algorithms. On the other hand,
the sequential algorithms employed directly to process large images in parallel over a distributed
cluster may lead to incomplete objects in the tile edges and the generation of large communication
volumes at the shuffle stage. It is, therefore, necessary to explore the distributed strategy and
adapt the sequential algorithms over the distributed cluster. In this research, we employed two
seed-based image segmentation algorithms to construct a distributed strategy based on the Spark
platform. The proposed strategy focuses on modifying the incomplete objects by processing border
areas and reducing the communication volume to a reasonable size by limiting the auxiliary bands
and the buffer size to a small range during the shuffle stage. We calculated the F-measure and
execution time to evaluate the accuracy and execution efficiency. The statistical data reveal that both
segmentation algorithms maintained high accuracy, as achieved in the reference image segmented
in the sequential way. Moreover, generally the strategy took less execution time compared to
significantly larger auxiliary bands and buffer sizes. The proposed strategy can modify incomplete
objects, with execution time being twice as fast as the strategies that do not employ communication
volume reduction in the distributed cluster.

Keywords: segmentation algorithm; distributed computation; image processing; spark platform;
digital disaster reduction

1. Introduction

The volume of remote sensing images has been increasing exponentially over the
last two decades. The number of earth observation satellites is growing rapidly, which
will generate increasingly larger amounts of high-resolution images and will allow more
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detailed observation of the earth’s surface, with higher temporal and spatial resolution [1,2].
Such progress is due mainly to advances in sensor technologies and reductions in the costs
to produce and launch satellites [3,4]. As a result, the processing of tremendously large
images is becoming a challenge for end users [5], as the high spatial resolution images
increase not only the richness but also the complexity of the information [6]. For example,
mining knowledge from the Landsat image archives over more than 40 years has become an
intractable issue for both manual and automatic processing capabilities [7,8]. Hence, there
will be an increased demand for highly efficient image processing technologies capable of
handling very large remote sensing images [9,10].

To overcome the above issues, big data platforms, such as the Hadoop platform [11]
and the Spark platform [12], are imported to process the large remote sensing images
over a distributed cluster [13]. As the big data platforms are not designed specifically for
processing remote sensing images, the number and types of the official algorithms used
in big data platforms are limited compared to the large amounts of sequential algorithms.
In order to process large images efficiently with numerous traditional algorithms, such
as object-based segmentation methods and graph-based methods [14,15], it is essential to
integrate sequential algorithms into the big data platforms. The big data platforms provide
the capability to organize and process large arbitrary datasets based on operations such
as extraction, transformation, and loading [16]. With big data platforms, the sequential
pixel-based and object-based algorithms may perform the corresponding procedures over
the distributed cluster, with similar results to those implemented in a single machine.
Although the big data platforms and sequential algorithms have matured recently, it
remains challenging to apply sequential algorithms directly to big data platforms over a
distributed cluster. To deal with this issue, distributed strategies have emerged and are used
to adapt the sequential algorithms, which are suitable over the distributed cluster, to acquire
the desired results. To the best of our knowledge, most research studies on distributed
strategies in image processing have concentrated on specific algorithms [17]. Therefore,
developing the distributed strategies to accommodate more sequential image processing
algorithms in big data platforms is one of the practical solutions to take advantage of both
big data platforms and traditional sequential image processing algorithms.

The distributed strategies for the various image processing algorithms may present dif-
ferent issues and challenges, although the basic workflows for big data platforms are similar.
As described in many studies, the large image is first decomposed into multiple tiles, then
the tiles are processed with specific algorithms simultaneously in big data platforms [4,18].
The pixel-based methods may be applied directly to tiles without modification, such as the
normalized difference vegetation index. The object-based image analysis (OBIA) [19,20]
methods tend to lead to incomplete object problems generated at the tile edges (artifacts)
of the results if they are employed directly to process the tiles, as the divisions of the
tiles are purely mechanical based on the tile size parameters. These issues encountered in
OBIA deserve further research, because the OBIA synthesizes the spectral, morphological,
texture, and shape information derived from the image objects [21,22]. Moreover, the OBIA
has been widely employed to recognize and analyze the landscape patterns in multiple
sequential applications [23,24]. Image segmentation is one of the critical operations of
the OBIA to derive image objects [25,26]. Hence, in this paper, the image segmentation
algorithms are used as a case study to construct the distributed strategy.

In recent years, a number of research groups have channeled their efforts into devel-
oping distributed strategies for large images with sequential image segmentation algo-
rithms [27–29]. Michel, Youssefi [6], for example, presented a stable mean-shift segmenta-
tion algorithm to provide artifact-free results. Lassalle, Inglada [30] proposed a solution for
a region-merging algorithm to ensure equivalent results. Both of the aforementioned works
were conducted based on a scalable tile-based framework to produce similar results with
respect to the sequential results. Wang, Chen [18] proposed a distributed strategy for both
multi-resolution and graph-based segmentation to modify incomplete objects via several
recalculations. However, the studies referred to above only discuss the accuracy between
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the parallel and the sequential results, while the execution efficiency of the strategies is
ignored. Happ, da Costa [4] presented a distributed strategy for region-growing to tackle
the artifacts that occur in the tile borders according to the specific indexing mechanism
and hierarchical stitching method. Ye, Liu [31] reported on a raster dataset cleaning and
reconstitution multi-grid architecture for remote sensing monitoring of vegetation dryness
by using several operations on different types of datasets. Gotz, Cavallaro [32] proposed a
hybrid algorithm for the parallel computation of two particular trees. The flooding-based
algorithm was employed for the node-local computation, while the tuple-based merging
scheme was adopted to merge the partial images into a globally correct view. Gu, Han [33]
developed a parallel multi-scale segmentation method by combining the minimum span-
ning tree and the minimum heterogeneity rule, according to the message passing interface
parallel technology. Huang, Chen [34] investigated a parallel mean shift algorithm based
on a task-scheduling method with a message-passing interface and an OpenCL (comput-
ing language) model. Gazagnes and Wilkinson [35] presented a distributed connected
component filtering and analysis method by adapting the flooding techniques to build the
components trees and by implementing the merging approach to extend the computation
scale. This research extended the dynamic range from 2D to 3D or higher dynamic range
data sets. The focus was more on the evaluation of the execution efficiency, and the accuracy
comparisons were insufficient for the six studies highlighted above. Derksen, Inglada [36]
described a tile-based method for the modified simple linear iterative clustering (SLIC) to
overcome the segmentation errors that appear along the edges of the tiles. The experimen-
tal results showed a similar quality in terms of the four unsupervised segmentation criteria.
Lin and Li [37] presented a minimum spanning tree model according to the regional-based
parallel segmentation method. All of these studies achieved good speed and provided
effective solutions for parallel image segmentation. However, the speed increases were
all generated based on comparisons between multiple processors and a single processor,
and the comparisons among the different tile sizes were insufficient for most research.
Moreover, the communication problems generated during the shuffle stage were ignored.

As mentioned, there are various big data platforms and segmentation algorithms in
use. Most distributed strategies are built based on the message passing interface model but
this model is overly complicated for users to develop applications. In contrast, the Spark
platform offers a simple application programming interface, good fault tolerance [38,39],
and several distributed strategies that pay attention to optimizing the communication
volume in the inner Spark platform. Therefore, a distributed strategy involving seed-based
image segmentation algorithms with the Spark platform is proposed. In our strategy, one
large image is first loaded, decomposed, and distributed across multiple calculation nodes
over the distributed cluster. Second, the tiles are segmented independently, the maximum
buffer size is detected automatically, and the border objects are marked as mask areas in
each calculation node. The generated intermediate data and the seed points are synthesized
into the auxiliary band, including seed points, categories, border lines, directions, and
mask areas. Afterwards, the auxiliary and spectral bands are transformed by the shuffle
operation. The buffered tiles are collected and the mask areas are segmented in parallel
with the same algorithms. Finally, the cropped tiles over the distributed cluster are ingested
to obtain the final segmentation results. During the procedures, the incomplete objects are
modified by processing the border areas and the communication volume is optimized by
reducing the auxiliary bands and the buffer size as much as possible in the inner Spark
platform. The proposed strategy is evaluated by region growing [40] and watershed [41]
algorithms in terms of accuracy and execution efficiency to reveal the performance.

The main objectives of the research are to:

1. Detect the buffer size automatically to reduce the communication volume;
2. Synthesize the auxiliary bands to reduce the communication volume;
3. Construct the distributed strategy for seed-based segmentation algorithms and evaluate

its universality with respect to 10 images in terms of accuracy and execution efficiency.
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The organization of this paper is as follows. Section 2 outlines the materials and
methods. Section 3 describes the results. Section 4 presents the discussion, while the
conclusion is given in Section 5.

2. Materials and Methods
2.1. Image Data and Preprocessing

In the experiments, 10 images of different places from the Copernicus Open Access
Hub [42] were collected. To fully evaluate the proposed strategy, the criteria for selecting
images was that the landscape categories should vary greatly from each other. Each scene
was cropped to 4096 × 4096 cells with three bands (red, green, and blue). The 10 images
were acquired in 2020 and are designated T1 to T10, respectively. As can be seen in Figure 1,
the landscape patterns of these images are diverse and include an urban area, villages,
forests, mountains, croplands, prairies, wetlands, and vegetable greenhouses.
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Figure 1. The landscape patterns of 10 scenes of true color images (Sentinel-2) for segmentation experiments.

The region growing and watershed algorithms were employed to evaluate the pro-
posed strategy, given that the algorithms have demonstrated acceptable segmentation
performance in broad applications and have been used at the pretreatment stage in var-
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ious image processing procedures [43–47]. The algorithms were constructed according
to Adams and and Bischof [40] and Vincent and Soille [41]. Both of the algorithms are
seed-based algorithms, as the programs start growing from the seed points every time.
The parameters for the preprocessing of the input images are presented in Table 1, and the
preprocessing operations are described below.

Table 1. Parameters used for the preprocessing of input images.

Algorithm Bands Median Radius Spectral Seed Points Tile Size Range

Region growing 2 2 pixels Grayscale Local peaks 4
Watershed 2 2 pixels Gradients Gradient threshold 4

The input image for both algorithms consisted of two bands, namely the spectral band
and the seed points band. In terms of the spectral band, the three true color bands for each
image were first converted to the single grayscale band by forming a weighted sum of the
red, green, and blue band components, as detailed in Equation (1) according to the function
rgb2gray in MATLAB [48]. Afterwards, all single band images were processed with a
median filter to remove image noise with a radius of two pixels. The spectral band for the
watershed method was the gradient image produced by the gradient function imported
from the scikit-image package [49], while that for the region growing method was the
original grayscale image. In terms of the seed points band, the seed points were generated
by the threshold of the gradient image for the watershed method, while that for the region
growing method was based on finding the local maximum and minimum peaks of the
spectral band with a specific window size. The four groups of tiles ranged in size from 256
to 512, 1024, and 2048 pixels.

The reference (also called the ground truth) images were the segmented results gen-
erated in a sequential way. The reference images for different seed point densities and
segmentation algorithms were diverse with respect to the 10 images:

Gray = 0.299 ∗ R + 0.587 ∗ G + 0.114 ∗ B (1)

where R, G, and B represent the values from the red band, the green band, and the blue
band, respectively; gray indicates the acquired grayscale value.

2.2. Methods

In this research, the distributed strategy was explored to implement the seed-based
image segmentation algorithms over the Spark platform. The distributed strategy focused
on modification of incomplete objects and a reasonable reduction of the inner communica-
tion volume during the shuffle stage. Details of the proposed strategy and the performance
evaluation are given in the following sections.

2.2.1. Overview

An overview flowchart of the distributed strategy is presented in Figure 2. The
flowchart consists of six main parts; that is, image pretreatment, tile segmentation, buffer
size detection, auxiliary band synthesis, border area processing, and tile integration. The
buffer size detection and auxiliary band synthesis are discussed in detail in
Sections 2.2.2 and 2.2.3, respectively. First, the Spark platform loads in the large image and
decomposes the image into multiple tiles with a desired shape. The tiles are encapsulated
into a Spark RDD (resilient distributed dataset) structure, which distributes the tiles to
designated calculation nodes. Second, the seed-based segmentation algorithms are imple-
mented over each tile independently. The buffer size detection obtains the maximum size
of the border objects with respect to the total tiles, and then the border objects are masked
to create the target mask areas via auxiliary band synthesis. Afterwards, the auxiliary band
records intermediate data and the spectral bands are shuffled to transform the buffered
tiles as needed over the distributed cluster. Third, all tiles are extended with auxiliary
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and spectral bands in their neighbors and the seed-based segmentation algorithms are
implemented on the mask areas of the tiles in the border area processing stage. Finally, the
tile integration step acquires the cropped tiles from each calculation node to generate the
final results.
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The tiles distributed over multiple calculation nodes acquire spectra, seed points, cate-
gories (indicating the index of objects), border lines, and directions (indicating the relative
locations of objects within each tile, including the upper, the right, the lower, and the left)
from the neighboring tiles to modify the incomplete objects. This procedure demands
data transformation and creates the most communication volume among the designated
calculation nodes. In general, the available communication bandwidth is not large enough
compared to the transformed volume of the buffered tiles. The communication issue places
limits on achieving high-performance parallel image processing. Decreasing unnecessary
data transformation among the calculation nodes is an effective way to reduce the com-
munication volume and enhance the performance over the Spark platform. Therefore, the
primary objectives are to reduce the communication volume in a reasonable manner and to
achieve execution efficiency with high accuracy. The two main solutions are described in
the following sections.

2.2.2. Automatic Buffer Size Detection

One of the solutions for decreasing the communication volume is to estimate the
buffer size accurately, rather than simply assuming a large enough threshold, as was done
by Derksen, Inglada [36]. Clearly, the communication volume generated by the tile shuffle
operation may be determined partly by the buffer size. A larger threshold value for the
buffer size may lead to a heavy communication volume among the calculation nodes.



Remote Sens. 2021, 13, 1969 7 of 23

The function of the buffer size detection workflow over the distributed cluster is to
detect and record the maximum length or width of the border objects around the four
aspects in each tile. Each tile acquires four buffer sizes and the maximum one is selected
as the return value of the automatic buffer size detection operation. The maximum of the
return values integrated from each tile is the desired maximum buffer size. This workflow
deals with the issue using distinct logic compared with that used in a single machine.
As the tiles are distributed in multiple calculation nodes, the maximum buffer size of
each tile cannot be returned directly from each calculation node to the master node over
the distributed cluster. Hence, accumulators in the Spark platform are imported to solve
the problem. Accumulators are basically write-only structures and allow us to aggregate
the desired values from the calculation nodes to the master node. In our program, the
accumulator records the maximum buffer size in a parallel manner in each calculation
node and integrates the acquired values to the master node by the numeric list.

However, the numeric list is not returned to the master node immediately, as the
operating mechanism of the Spark platform by default is a lazy calculation [50,51]. In the
Spark platform, two basic types of Spark RDD operations are used to deal with the various
datasets, namely transformations and actions [52]. The transformations produce new RDDs
from the existing ones, while the actions acquire non-RDD values from the given RDDs [53].
The program does not process datasets until the action operation is triggered. Hence, the
accumulator does not acquire any buffer size values in the transformation stage until the
action operation is called.

To obtain the maximum buffer size, the action operation needs to be called after the tile
segmentation and before the border area processing stage. The program processes the tiles
and obtains the maximum buffer size when it meets the action operation, such as the count
operation. Furthermore, the persist operation is also called to save the results of the first
action operation in the CPU to avoid unnecessary recalculation, as each action operation
would implement the total program fragment from the beginning to the current position
without the persist operation [54]. Therefore, the maximum buffer size could be used to
acquire the buffered tiles in each calculation node before the border area processing stage.
The automatic buffer size detection mechanism is implemented in the distributed cluster.

2.2.3. Auxiliary Band Synthesis

Another solution for reducing the communication volume greatly is to limit the
number of auxiliary bands. This is because the communication volume generated by the
tile shuffle operation could be also partly determined by the number of auxiliary bands.
A large number of auxiliary bands for buffered tiles gives rise to larger communication
volumes relative to that of fewer auxiliary bands with the same buffer size.

The auxiliary bands are created to record the intermediate data during the tile pro-
cessing, as reported by Wang, Chen [18]. The intermediate data need to be saved and
transformed because these data would guide the following procedures. As mentioned in
Section 2.1, the input images consisting of two bands store the spectrum and seed points,
respectively. Neither of these could be reduced during the tile shuffle stage because they
would be used several times in the following procedures. Therefore, synthesizing the
intermediate data into the seed points bands is one of the feasible solutions to reduce the
communication volume.

In a previous study [18], three auxiliary bands were imported to record the border
lines, categories, and directions, respectively. In our distributed strategy, the three types of
data recorded separately in three auxiliary bands were all synthesized to a single auxiliary
band in each tile in a reasonable manner. As can be seen in Figure 2, step 4©, this presents
the generation procedure of a new auxiliary band. The auxiliary band is produced by
implementing the seed-based segmentation algorithms to process each tile independently
over the distributed cluster. The band consists of the categories and their corresponding
border lines. The seed point band records the seed points of the tiles. The categories and
the surrounding border lines located in the inner tiles remain, while those located in the
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four border aspects comprise the border areas in each tile. Next, the border area objects are
masked with four directions (the upper, the right, the lower, and the left) and marked with
a specific signature in the intermediate band. At last, the seed points located in the border
areas are masked and combined with the intermediate band to generate the new auxiliary
band, which would replace the original seed points band.

The categories and directions marked in the new auxiliary band are the same as those
proposed by Wang, Chen [18], while the border lines are used to distinguish various objects.
As can be seen in Figure 3, with such a strategy, the categories, border lines, directions,
and seed points are recorded by only one auxiliary band (Figure 3c) and not transformed
among the calculation nodes via each corresponding individual band (Figure 3b) any more.
The buffered tile E only acquires pixels from adjacent tiles with the intersection region of
the red box and green box rather than that of the purple box and green box (Figure 3a).
Furthermore, the new auxiliary band would be transformed with the input spectral band
together in the shuffle stage. As a result, all of the above-mentioned information would
be transformed via two bands without any increment of the auxiliary band for use in
seed-based segmentation algorithms.
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2.2.4. Performance Evaluation

The performance of the proposed strategy was evaluated to assess the accuracy and
execution efficiency. In terms of the accuracy assessment, this was evaluated using the
F-measure metric [55] as expressed in Equation (6). The F-measure consists of two basic
components—the recall and precision metrics, as presented in Equations (4) and (5), and
the object matching criteria [56,57], as defined in Equation (2). The F-measure was then
acquired based on the following metrics given by Equations (2)–(6):
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where Ss
i and Sr

i are the sets of pixels in the i-th segment object and reference object,
respectively; ns and nr are the object numbers of segment objects and reference objects,
respectively; wi is the weight factor of the i-th object; Sr

match and Ss
match are the sets of pixels

in the matching reference and segment object, respectively; α is a constant and =0.5; and
the values of the F-measure range from 0 to 1.

In terms of execution efficiency, the variability in the execution time of the proposed
strategy against the same scene images for different auxiliary bands and buffer sizes are
evaluated. The settings for the number of calculation nodes in all experiments are based on
the experimental results carried out in the beginning of Section 3.2.

3. Results

The accuracy and execution efficiency are assessed in the following sections.

3.1. Results for Accuracy Assessment

The experimental results produced by a single machine are treated as the reference
image, and these results are used to evaluate the results generated by the distributed cluster.
In this study, two groups of comparisons are set for both the region growing and watershed
algorithms. In the first group, the entire objects generated by the distributed cluster with
and without border area processing are extracted and compared with the reference objects.
Clearly, however, the accuracies are all too high to distinguish the variation. In the second
group, the border areas in each tile are extracted and regarded as the border mask. The
objects generated by the distributed cluster with and without border area processing are
extracted according to the border mask. These border objects are also adopted to make
accuracy comparisons with the corresponding objects in the reference images.

To evaluate the accuracy of the distributed strategy for the region growing and wa-
tershed algorithms, comparisons of the density levels of the five groups of seed points for
each algorithm were undertaken. As illustrated in Table 2, the seed point density increases
gradually from level 1 to level 5. Accuracy assessments of both segmentation algorithms
with and without border area processing are illustrated in Figures 4–7. The four groups of
figures present the accuracy assessments of (1) the entire image using the region growing
method, (2) the border image using the region growing method, (3) the entire image using
the watershed method, and (4) the border image using the watershed method. Accuracy
assessments of the entire image and the border image correspond to the first and second
groups of comparisons, respectively.

Table 2. The seed point density levels for the two algorithms.

Algorithm Level 1 Level 2 Level 3 Level 4 Level 5

Region growing 33 × 33 27 × 27 21 × 21 15 × 15 9 × 9
Watershed Gradient < 2 Gradient < 3 Gradient < 4 Gradient < 5 Gradient < 6

The accuracy assessments in terms of the entire image using the region growing
method with and without border area processing are illustrated in Figure 4. In all images,
the accuracy rises gradually along with the seed point density from level 1 to level 5 over
each tile size group. The largest and least accurate increment from level 1 to level 5 of
seed point density occurred in tile size groups 256 and 2048, respectively. In each seed
point density level, the accuracy rises across the tile size groups from 256 to 512, 1024, and
2048 in each subfigure. The accuracy increment from tile sizes 256 to 512 was the largest,
while that from tile sizes 1024 to 2048 was the smallest. The accuracies with border area
processing were higher than those without border area processing in almost subfigures,
except the first bin in tile size group 2048 in Figure 4e. The accuracy differences in almost
all cases decreased gradually, along with not only the tile sizes increasing from 256 to
512, 1024, and 2048, but also the seed point density varying from level 1 to level 5. The
differences in accuracy ranged from 0.02% to 2.7%, except for one outlier with a value of
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−0.1%. Meanwhile, the mean accuracies of the first bin in tile size 256 with and without
border area processing were 95.2% and 92.8%, respectively.
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The accuracy assessments in terms of border images using the region growing method
with and without border area processing are shown in Figure 5. In all images, the accuracy
rises gradually along with the seed point density from level 1 to level 5 in most tile size
groups. In general, the largest and smallest accuracy increments of the seed point density
from level 1 to level 5 occurred in tile size groups 256 and 2048, while those without border
area processing exhibited insignificant variations in accuracy. At each seed point density
level, the accuracy values with and without border area processing rose monotonously
across the tile size groups from 256 to 512, 1024, and 2048 for most subfigures. For the
monotonously increasing groups with border area processing, the accuracy increment
from tile sizes 256 to 512 was the largest, while that from tile sizes 1024 to 2048 was the
smallest. However, the situation varied for most groups without border area processing.
The accuracies with border area processing were larger than for those without border area
processing in almost subfigures except the first bin in tile size group 2048 in Figure 5e. The
differences in accuracy did not exhibit any clear trends for increases in tile sizes from 256 to
512, 1024, and 2048, neither for variations in the seed point density from level 1 to level 5.
The differences in accuracy ranged from 0.2% to 11.6%, except for one outlier with a value
of −1.3%. Meanwhile, the mean accuracies of the first bin in tile size 256 with and without
border area processing were 90.2% and 84.4%, respectively.
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The accuracy assessment for the entire image using the watershed algorithm with
and without border area processing is illustrated in Figure 6. In all images, the accuracy
level with and without border area processing increased along with the seed point density
from level 1 to level 5 in most cases and in all cases separately in each tile size group. In
most cases, the largest and smallest accuracy increments of the seed point density from
level 1 to level 5 occurred in tile size groups 256 and 2048. At each seed point density
level, the accuracy increased across the tile size groups from 256 to 512, 1024, and 2048 in
almost all subfigures. In general, the accuracy increment from tile sizes 256 to 512 was the
largest, while that from tile sizes 1024 to 2048 was the smallest. Accuracies with border
area processing were higher than those without border area processing in all subfigures.
In most cases, the differences in accuracy decreased gradually not only with increase of
tile sizes from 256 to 512, 1024, and 2048, but also for the varying seed point density from
level 1 to level 5. The differences in accuracy ranged from 0.001% to 0.8%. Meanwhile, the
mean accuracies of the first bin in tile size 256 with and without border area processing
were 99.8% and 99.1%, respectively.
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The accuracy assessments in terms of the border image using the watershed method
with and without border area processing are shown in Figure 7. In all images, the accuracies
with border area processing increased slightly, while those without border area processing
increased significantly along with the seed point density from level 1 to level 5 for most tile
size groups. For each seed point density level, the accuracy increased across the tile size
groups from 256 to 512, 1024, and 2048 for almost all subfigures. In most cases, the accuracy
increments exhibited no obvious trends with respect to the growth of the tile size or the
increase in the seed point density. The accuracies with border area processing were higher
than those without border area processing in all subfigures. In almost all cases, the least
accurate differences occurred in tile size group 2048. The differences in accuracy ranged
from 0.001% to 10.7%. Meanwhile, the mean accuracies of the first bin in tile size 256 with
and without border area processing were 98.1% and 91.1%, respectively.
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3.2. Results for Execution Efficiency

In this study, the efficiencies for both the region growing and the watershed methods
are indicated by the execution time. The best number of calculation nodes is first evaluated
over one image with 4096 × 4096 cells. Given that there are seven physical calculation
nodes in the distributed cluster in total, the numbers of calculation nodes range from 1 to 7
with a tile size of 512 × 512, an executor number of 1, and an executor memory of 2G. As
can be seen in Figure 8, in general the execution time decreases with increasing numbers of
calculation nodes.
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As time elapses, a rapid decrease occurs for the first three bins, a gradual decrease
for the middle two bins, and an erratic response in the last two bins. At the beginning,
an increment in the calculation nodes could bring effective CPU to reduce the insufficient
calculation power. In the middle stage, the communication volume also increases as the
number of calculation nodes increases. However, strengthening of the calculation nodes
outweighs the cost of the communication volume, and the execution time is still decreasing
gradually. In the last stage, the cost of the communication volume continues to increase
and exceeds the contribution of the calculation nodes, such that the execution time becomes
unstable and the decrease in magnitude becomes weak. An increase of the calculation
nodes at this stage would not greatly decrease the execution time. Hence, the number of
calculation nodes was set as 4 in the following experiments.

To illustrate the advantages of having an improved execution efficiency for the dis-
tributed strategy, comparisons of the execution time were made by selecting various auxiliary
bands and buffer sizes. In addition, the execution time was compared with another parallel
strategy proposed by Wang, Chen [18] rather than that of algorithm implemented in a sequen-
tial way. For the images presented in Figure 1, the number of auxiliary bands for comparison
purposes were set as 1 and 3, and the buffer size was based on automatic detection and
manual settings, respectively. As a result, each of the subfigures includes four types of values,
comprising (1) the manual buffer size setting with one auxiliary band, (2) the manual buffer
size setting with three auxiliary bands, (3) the automatic buffer size with one auxiliary band,
and (4) the automatic buffer size with three auxiliary bands. The manual settings comprised
five groups of buffer size ranging from 100 to 500 in increments of 100, while the automatic
buffer size plot values were based on the number of pixels practically available. Ten images
with various landscape patterns were available; therefore, the automatic detection buffer size
of each image for both segmentation algorithms was variable, with the sizes listed in Table 3.
Given that the operations of the distributed cluster were unstable, each buffer size for T1 to
T10 was tested five times, which gave a total of 1200 for all cases. The settings of the Spark
submit routine were as follows. Four executors were adopted in the experiment with four
executor cores for each and 2G executor memories with the tile size 512; the driver memory
and the size for the maximum result were both set as 15G.

Table 3. The buffer sizes for automatic detection of the two segmentation algorithms for T1 to T10.

Algorithm T1 T2 T3 T4 T5 T6 T7 T8 T9 T10

Region growing 204 46 97 512 96 53 123 89 86 182
Watershed 512 341 73 108 440 512 298 228 248 85

The acquired elapsed time for the region growing and watershed methods are listed
in Figures 9 and 10, respectively. In general, the overall execution time for all subfigures
(Figures 9 and 10) increases as the buffer size grows from 100 to 500 for both cases with
one and three auxiliary bands. The time increment for the watershed method is clearer
compared to that for the region growing method, while the total execution time of the
region growing method is less than that for the watershed method. The time gaps between
the cases with one and three auxiliary bands also vary among the 10 images. The execution
times of almost all cases with three auxiliary bands are larger than those with one auxiliary
band, a finding which is particularly evident in the buffer size groups of 400 and 500. For
automatic buffer size detection, almost all cases with three auxiliary bands take longer than
those with one auxiliary band when handling the same image. There are usually outliers
present in the subfigures, with those conditions being imported as a result of the instability
in the distributed cluster. Decreasing trends among two adjacent buffer size groups exist,
although the trend overall is a gradual increase. On the one hand, the execution time
produced by the proposed strategy is less than that for three auxiliary bands in most cases.
On the other hand, in general, the execution time of the automatic detection buffer size is
less than that of the nearest manually applied buffer size selection.
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3.3. Results of Visual Comparison

To demonstrate the patterns of segmentation results with five different seed point
density levels, the subset image results generated by the region growing and watershed
methods for T10 in Figures 11 and 12 are illustrated for comparison purposes. The perfor-
mances of the proposed strategy can be clearly seen. Objects in the images are outlined
with black border lines, the modified border area objects are marked with red border lines,
and the seed points are marked in yellow. According to Figures 11 and 12, the inner objects
generated by the region growing and watershed methods are identical to those in the
corresponding reference image. The border objects are quite similar to those in the corre-
sponding reference image. For the segmentation results generated by the region growing
method (Figure 11), the object sizes become increasingly larger as the seed point density
decreases from level 5 to level 1. For the segmentation results produced by the watershed
method (Figure 12), the object sizes become larger as the seed point density increases from
level 1 to level 5. The object sizes for the region growing results for each seed point density
level are relatively uniform, while there are significant differences for the watershed results
and only part of the objects become larger as the seed point density increases. Meanwhile,
the seed point characteristics for each segmentation algorithm are the same as those for the
object sizes discussed previously. The artifacts in the border areas for both segmentation
results are generally eliminated. Thus, the results reveal that the seed-based segmentation
algorithms are suitable for implementation over the distributed cluster.
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produced in the tile segmentation stage. The yellow regions indicate the seed points in the area.

4. Discussion

Both the accuracy levels with and without border area processing are higher than
those achieved in previous work [18]. This is due mainly to the characteristics of the two
seed-based image segmentation algorithms. The processing sequences for the seed-based
algorithms first grow the candidate pixels surrounding the seed points, then handle the
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remaining candidate pixels. Furthermore, the seed-based objects may grow from the same
seed points into the same shape with approximately identical pixels, regardless of whether
the seed-based objects are located in the inner or border regions of the tile. Therefore, the
seed-based algorithms ensure that accuracy is higher for all images.

The density of the seed points also influences the accuracy greatly. In general, the
larger the seed point density, the better the performance. A larger seed point density means
that the seed points occupy a higher ratio of the entire image. In other words, a larger
seed point density leads to more seed-based objects and fewer non-seed-based objects,
which may be regarded as being produced by a random growing sequence. The ideal
solution is that each object is grown from unique seed points, such that the entire image is
constructed from these objects. However, different types of seed points play different roles
in the processing stage. The seed points of the region growing method clearly make the
size and distribution uniform. Hence, the accuracy of the region growing method would
increase linearly with an increase in the seed point density in almost all circumstances.
The seed points of the watershed method are influenced mainly by the characteristics
of the image pattern. The size and distribution of seed points is non-uniform, as there
are various images. In addition, the increment of seed points between every two levels
is approximately scalable for the region growing method, while that for the watershed
method is nearly random in each image. Accuracies for the watershed method could not
increase linearly with increases in the seed point density from level 1 to level 5, as the
higher density regions would go on increasing while the lower density regions would still
lack seed points in many cases. The accuracy levels among the same seed point density
levels for the region growing method show few variations, while accuracy levels vary
greatly for the watershed method. For the same seed point density level, the greater the
seed point density, the higher the accuracy.

As seen in the evaluation of the execution efficiency, the decreasing patterns of the
adjacent buffer size groups are caused mainly by the image volume and the hardware
conditions of the distributed cluster. On the one hand, when the image volume is small,
the memory size and the capability of the CPU are sufficiently powerful to handle the
images relative to the memory occupied by the processing procedure. Hence, the variation
of execution time between buffer size groups 200 and 300 is mainly governed by the
cluster states, which influence the execution time more than the original image volume.
On the other hand, the buffer size gaps utilized in the experiment are relatively small and
the increment volume is not large enough to influence the execution time. For example,
although decreasing trends occurred in adjacent groups in Figure 9c–e, this condition is
not manifested in buffer size groups 100 and 500, which could be regarded as the evidence.
Hence, it is necessary to apply automatic buffer size detection in the strategy, as can be seen
in Figures 9 and 10. The largest increment in time for the buffer size groups from 100 to 500
could be approximately 100 s for an image of 4096 × 4096 cells (the proposed strategy runs
twice as fast as the one without communication volume reduction), while the increase in
time could be greater as the tile size gets larger.

In this study, we did not record or analyze the computational complexity. The com-
putational complexity is affected by various factors in our six processing steps, mainly
influenced by the adopted segmentation algorithms. Different segmentation algorithms
would generate different computational complexity levels for the distributed strategy.
The differences among various segmentation algorithms depend on the characteristics.
Hence, the computational complexity of the distributed strategy is ignored. In terms of the
reliability, this research takes two seed-based segmentation algorithms; ten testing images,
including various landscapes; and 5 testing times for each variable (collecting a total of
1200 data points for all cases) to verify the performance of the distributed strategy and
guarantee the reliability of the experiment results. The experimental designs could reduce
the influences of unstable factors with respect to the execution time and could provide
dependable data. Furthermore, the variation trends for the execution time are similar to
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each other in all study areas. In summary, our experimental results could be considered to
be reliable.

According to the verification results of the proposed strategy, the memory calculations
adopted in this experiment are the smallest so that the three auxiliary bands can handle
the test images successfully, however when only one auxiliary band is adopted it is not
the smallest. In some cases, the distributed strategy could be implemented with relatively
smaller calculation memory, while the programs with three auxiliary bands would not
be able to satisfy the execution conditions. Therefore, the distributed strategy affords not
only a higher execution efficiency but also lower hardware requirements. This means
that the proposed strategy has a powerful capability to handle very large remote sensing
images. However, if we are talking about a complex method that only makes minor
improvements to a very small number of objects, its computational complexity might not
be so clearly justifiable.

5. Conclusions

The distributed image processing algorithms may handle very large remote sensing
images efficiently. Employing the sequential algorithms using the Spark platform is an
effective way to handle large images over the distributed clusters. However, the sequential
algorithms employed directly by the Spark platform over the distributed cluster may lead to
significant problems in terms of accuracy and efficiency. Specifically, the incomplete objects
generated in the tile edges result in a decrease in accuracy and the large communication
volume in the inner Spark platform reduces the execution efficiency.

To overcome these issues, the distributed strategy of seed-based segmentation algo-
rithms, which focus on modifying the incomplete objects and optimizing the communi-
cation volume in the inner Spark platform, is proposed. In the distributed strategy, the
additional communication volumes are optimized by addressing two aspects. On the one
hand, the buffer size is detected automatically to limit the maximum buffer size for each tile.
On the other hand, the auxiliary band numbers are synthesized into only one. Meanwhile,
the incomplete objects are modified by implementing algorithms over the mask areas of
the buffered tiles, including the spectral and auxiliary bands. Region growing and water-
shed algorithms are introduced to evaluate the performance in terms of the accuracy and
execution efficiency. In the accuracy assessment, the results with border area processing
exhibited better accuracy than those without border area processing. With respect to execu-
tion efficiency, tasks with significantly larger auxiliary bands and buffer sizes in general
require more execution time than smaller ones. Therefore, the proposed strategy for using
seed-based algorithms is to increase the accuracy and increase the execution efficiency
effectively over the Spark platform. Moreover, the seed-based segmentation algorithms are
suitable for implementation in the distributed strategy over the Spark platform.

In future work, the communication volume in the inner Spark platform should be
quantified accurately by recording the execution time of the shuffle stage rather than the
entire processing stage, given that the total execution time could be affected by many other
compounding factors. The computational complexity of the proposed strategy will be
recorded and analyzed in future studies. In addition, the buffer size is the same for the
various tiles in this study, however each of the tiles needs a specific buffer size to further
resolve the communication problems. The proposed strategy should be implemented with
newer segmentation algorithms.
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