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Abstract: ImageJ is an open-source application widely used for image processing. It has developer API that can be used to
implement new plugins for specific image processing tasks. However, ImageJ wasn't designed to work on distributed systems.
Currently, it is still being used on single machines to process large medical images, which takes several hours to complete. In
this article, we present the approaches to make several essential and widely used ImageJ plugins to work in a cluster. As the
cluster nodes parallelly run the existing plugins for image processing, they write the results on a shared drive. But one of the
main challenges is, merging those results with high accuracy. Several ImageJ plugins were developed to distribute tasks and
generate combined results efficiently. The existing 3D-Object-Counter plugin was used for testing the designed system. The
experimental results on the test images of 3D objects stored in Tagged Image File Format(TIFF) show faster processing time
with high accuracy and similarity compared to the single machine-based results. The image processing time depends on the
number of nodes in the cluster. So, we present a mathematical model that determines the cluster size automatically for
optimizing the overall image processing time.

1௑Introduction
In recent years, advancements in the medical and biological
sciences made imaging an increasingly important discipline.
Though manufacturers of image acquisition devices include
dedicated image processing software, these programmes are not
very flexible and do not allow more complex image manipulations.
On the other hand, for being easy to use, ImageJ is a widely-used
open source JAVA software package for image processing and
analysis [1, 2]. ImageJ was originally developed at the Research
Services branch of the National Institutes Health (NIH) as a tool to
support the analysis of scientific imagery, and formerly known as
NIH Image. The software has grown in popularity over the last 30
years, used in many research labs across the world, and driven by a
large community of users actively developing extensions (known
as plugins) to the software via simple programming interface [3, 4].
Several modifications and application-specific versions of ImageJ
have also emerged, including FIJI [5] (a feature-rich ImageJ
distribution) with embedded plugins and tools for segmenting and
assessing biomedical image samples and beyond. These tools and
extensions are indispensable to many microscopists and augment
their ability to segment, analyse, and process relevant datasets in
the realm of biology and beyond.

While these resources are extremely useful, the rapid
development of equipment capable of generating massive datasets
and the need to analyse these are hindered by the lack of
computing power. In fact, the individual image stacks (containing
3D objects) to be processed are often very large. Processing these
image stacks using ImageJ/Fiji on a single machine takes a massive
amount of time. Also, ImageJ frequently duplicates the image
being processed and requires an individual computer to have a very
large main memory that might not be available in most of the
cases. However, if we can distribute the processing tasks among
several processors or small computers, then the processing time
could be reduced significantly, and this would also enable those
small machines to process large images satisfying large memory
requirements. These processing entities can be located at different
sites but must operate in a non-interfering and cooperative manner
[6]. Thus, providing the ability to distribute the computation within
ImageJ via a simple user interface could provide a significant

enhancement in throughput and scientific discovery for thousands
of research labs worldwide. However, ImageJ was not designed to
work on distributed systems. Rewriting all the available plugins
and macros (a series of ImageJ commands) for distributed
processing is not a feasible solution.

In this work, we implement a cluster-based system that makes
existing Macros and Plugins of ImageJ/Fiji run on distributed
nodes of the cluster. Many existing plugins, such as adding noise,
filtering, smoothing, sharpening, inverting, finding edges, making
binary, etc. process images without generating any statistical
information. They also do not need information about the full input
image while working on a selected area of the input image. For
these plugins, we need to split the input image into multiple
tiles(smaller image stacks) and assign them to the processing nodes
in a round-robin fashion. When every individual node successfully
finishes the processing of the designated tile, the next task is to
combine or stitch back all tiles to one large image. However, if a
plugin generates relevant data after parallel processing, merely
combining these output data from cluster nodes might not give
correct results. For example, there is an existing Plugin called
3D Ob ject Counter, which counts 3D objects from a stack of
images and provides some measurements, including the volume
and centre of each object found [7]. A 3D object in the image stack
is identified as a group of voxels (pixels in 2D) of the same colour.
If we split the input image stack into several tiles for parallel
processing, then there is a chance to divide some 3D objects into
multiple parts.

Fig. 1 shows the splitting of the Z-projection of image stack
containing 3D objects. As we can see, more than one image tiles
might have a chunk of the same object. Such a chunk of a
fragmented object is referred to as a duplicate object throughout
this paper. The 3D Ob ject Counter plugin will count each chunk as
an object in individual tile. So, it will lead to a problem of counting
an object more than once. We implement multiple ImageJ plugins
for detecting these duplicate objects and providing actual object
counting results from parallel processing. Thus, the developed
system provides a platform to run macros of existing plugins in
parallel. We consider the 3D-Object-Counter plugin for testing the
system. The experimental results on test images of 3D objects
stored in Tagged Image File Format (TIFF) show faster processing
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time with high accuracy and similarity compared to the single
machine-based results. We observe that the number of nodes in the
cluster has a significant impact on the image processing time. So,
we present a mathematical model that determines the cluster size
automatically for optimising the overall image processing time.

The remaining of this paper is organised as follows: In Section
2, we discuss related works. Section 3 presents the system
architecture used and the operational overview of the system. In
Section 4, we discuss different methods for splitting input images
and running the 3D object counter plugin in the cluster. Section 5
presents and discusses the experimental results. In Section 6, we
present the mathematical model to determine the cluster size
automatically. Section 7 concludes the paper.

2௑Related work
Previously, several attempts have been made to run ImageJ in a
distributed environment [8–11]. Lindsey developed a plugin called
Fiji Archipelago, which is useful for exporting Fiji/ImageJ
functionality over a network to several other computers [8]. It also
can add new cluster nodes on-the-fly. The root node starts and
manages the cluster and the client nodes perform computations
exported from the root node. The communication between the root
and clients is done over ssh standard IO by default. However, the
plugin does not provide any support to other plugins that require
additional correction on their results after running on the cluster.

In [9], the image processing has been done on a cluster with
ImageJ in headless mode. It uses ImageJ macros for actual
processing. A short shell script runs the ImageJ macros after qsub
throws the jobs to the cluster. However, the system does not work
with macros that require displaying the images to be processed. In
[10], Zerbe et al. presented a distributed computing system for
image analysis using ImageJ and Java Parallel Processing
Framework (JPPF) [11]. They mention about data merging from
distributed nodes but no experimental data found with acceptable
result accuracy.

Other attempts of distributed Image processing are discussed in
[12–14]. In [12], Klimeck et al. demonstrated the efficient use of
cluster computers for the near real-time ground data processing of
Mars rover images for large-scale mosaics and left-right stereo
image correlation. For this task, they develop a parallel software
from existing serial software using Message Passing Interface
(MPI). However, the software was developed for Applied Cluster
Computing Technologies at JPL and it is not open for others to use.
A similar MPI-based parallel implementation is presented in [13],
where nearly real-time processing of raw synthetic aperture radar
(SAR) data was possible with eight times speedup on nine
processors. Liu et al. proposed the SEIP in [14], which is built on
Hadoop to support various kinds of image processing algorithms
on distributed platforms with GPU accelerators. However, none of
these works discusses the challenges associated with combining the
distributed results into final results.

In distributed image processing, it is important to use efficient
methods for splitting the input images and distributing them to the
processing nodes. The methods with high accuracy are also needed
to merge the distributed results. Some of these methods are
presented in [15–18]. Haralick and Shapiro described the main
ideas behind the major image segmentation techniques in their
paper, including the classic split-and-merge technique. The split
method for segmentation takes the entire image as an initial
segment. Then it successively splits each current segment into
quarters [15]. Fukada suggests splitting a region successively into
quarters until the sample variance is small enough [16]. Browning
and Tanimoto described the split and merge technique in their
paper, where they first perform the operations on mutually
exclusive sub-image blocks then merge the resulting adjacent
blocks [17]. Szenasi proposes a new version of the algorithm which
is capable of processing large images using the classic split-and-
merge technique. The algorithm splits the whole image into smaller
images in the first step. Then it runs the region growing on these
smaller images, and finally merges the results of the separate
region growing [18]. In the split methods discussed above, a single
computer must load the whole image in the memory, which can be
expensive in terms of memory requirement as well as splitting
time. In this work, we use modified split methods based on the user
input that helps to improve system accuracy and reduce splitting
time requiring small system memory.

3௑Cluster architecture and operational overview
3.1 System overview

We use the master–slave approach [19] to build the cluster, as
shown in Fig. 2. The master or slave can be any local or remote
computer. The master is responsible for distributing the work
among all the slave nodes, including itself. For our system
implementation, we set up a local cluster virtualising a server
computer allocating 6 GB RAM and 12 GB Hard Drive for each
cluster node. We preconfigure all the cluster nodes with (i) the
same Linux operating system, (ii) the same userID and password,
(iii) the IP addresses from the same network, (iv) the ssh enabled,
(v) a copy of latest version of Image/Fiji with all necessary plugins,
and (vi) the MPI package installed. A network drive is mounted
with the cluster nodes as a shared disk that stores the input images,
output images, and all other necessary files. All the nodes use the
shared disk space to reduce the cost of data communication [20,
21].

The system must start with the master node, which is set up
manually. Then, users can add the slave nodes manually or on-the-
fly using one of our easily accessible plugins. However, the node to
be added must be preconfigured, as mentioned above. Fig. 3 shows
the user interface (UI) for node add–delete plugin. It takes the IP
address of the node to be added or deleted along with the user ID
and the password. The master node maintains a file named hostfile
that stores the names or the IP addresses of the nodes of the cluster.
When the user clicks ‘OK’ to include a new node to the cluster, the
plugin automatically adds the name or IP of the new node in the
hostfile. The plugin also setup passwordless ssh and copies
necessary files to the new node. For deleting a node, the plugin just
removes the IP address or name of that node from the hostfile.
Thus, the user can modify their cluster according to the availability
of computers.

Fig. 1௒ Splitting image stack for distributed processing
 

Fig. 2௒ System architecture
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3.2 Methodology overview

In ImageJ, every image processing method is implemented as a
Java plugin. It has thousands of such plugins, including add-noise,
smoothing, filtering, sharpening, counting objects in 3D images,
segmentation, etc. Users can use a combination of these plugins for
a particular image processing task. Some of these plugins would
take so long time to process the large images that it would be
worthy of running them parallelly. Fig. 4 shows the steps that we
can follow for distributed image processing using ImageJ. Every
step runs one or more ImageJ plugin or java functions. In some
steps, we use existing plugins, such as image splitting,
preprocessing, etc. We develop plugins for other steps (task

distribution, result correction, merging, etc.) to automate the whole
method for single-click processing. The result correction plugin
would be different for every plugin to be parallelised.

3.2.1 Methods of splitting input image: For splitting the input
image, we can use one of the following methods:

∙ Image chopping: In this method, the master node chops the
original image into multiple equal-size tiles and save them in
different files. For the task distribution, the master needs to send
the file names to the slave nodes. This method requires large
memory at the node splitting the input image. The splitting will not
be possible if the image size is larger than the available memory
space in that node. Moreover, loading the whole input image in
memory takes a long time.
∙ Region allocation: Instead of splitting the input image, the master
node defines multiple equal-size regions. It calculates the width
and height of the regions from the width and height of the original
input image. For distributed processing, the master only needs to
send the dimension of the regions to the slave nodes. This method
is much faster compared to the Image chopping because the width
and height of the original image can be obtained without loading
the original image. Also, none of the cluster nodes need to load the
entire image in the local memory. So, it will allow processing
comparatively larger images.

We consider splitting the input images into d2 equal size tiles or
regions where we define d as the split dimension. The value of the
split dimension can be decided manually by the user based on the
image size, the number of available cluster nodes, etc. However,
the system itself can determine the d as well as the cluster size
automatically to ensure optimal image processing time. We present
a detailed model on this in Section 6.

3.2.2 Task distribution among cluster nodes: For task
distribution, the master node creates a job (shell) script for each tile
or region. Each job script contains the command for running an
ImageJ macro. The macro has the statements for running a series of
plugins, including the preprocessing plugins, as well as the main
plugins to be parallelised. The user of the system should create the
macro manually with a fixed set of plugins. However, it can be
modified for a specific image processing task. The command also
includes some arguments to be used by the macro. These
arguments are the location and dimension of the region, a bit-
stream for the plugins, etc. The bit-stream specifies which set of
plugins to be executed from the macro.

So, the total number of job scripts is equal to the number of
regions or tiles upon splitting, which is d2. The master assigns these
scripts to the cluster nodes to run them in parallel. If the number of
cluster nodes is less than d

2, then it assigns the scripts in round-
robin fashion. We use qsub [22] to distribute the job scripts among
the cluster nodes for image processing in headless mode [9].
However, the headless mode restricts the execution of macros and
plugins that require display during the image processing. So, we
enable X11 forwarding to each node of the cluster and open Fiji on
them so that any plugin can work on the cluster system. We use
MPI instead of qsub to distribute the tasks among the cluster nodes
for working flexibility because it allows mapping MPI assigned
node IDs to job script names.

3.2.3 Parallel processing and result correction: When a cluster
node executes the assigned job script, the corresponding macro will
run the plugins listed in it, considering the bit-stream argument.
The preprocessing (*) plugins can be add-noise, smoothing,
filtering, making binary, etc. However, the prepossessing is
optional because it depends on the input image as well as the
plugin being parallelised. Each plugin has different requirements
on the input image to work better. For example, the common
preprocessing filters applied for segmentation plugin are
‘Deconvolution’, ‘Subtract Background’, ‘Gaussian Blur’, and
‘Find Edges’, [23]. For 3D Ob ject Counter, we use only ‘grey-
scale conversion’ and ‘Make Binary’ as preprocessing. If the input

Fig. 3௒ User interface for adding and deleting nodes
 

Fig. 4௒ Flowchart for distributed image processing using ImageJ
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image already satisfies the needs of the plugin, then preprocessing
is not required. After running all the plugins, the macro also stores
the related data and images on the shared disk.

However, not all the plugins will generate the correct data as the
operations executed in parallel may not be independent of each
other. For example, the 3D Ob ject Counter plugin may miscount
the number of 3D objects as the input image is split into several
tiles, which may cause one object to be divided into two or more.
So, the plugin requires the result correction if it is used in parallel
processing. We develop supporting plugins for finding the
duplicate objects in the output obtained from 3D Ob ject Counter

plugin and correcting the results. The user can instruct the master
to create and distribute another script for running the result
correction plugins in parallel. Finally, the master can merge the
corrected results stored on the shared disk. We discuss detail about
the result correction for 3D Ob ject Counter in Section 4.

3.3 Running the system

As mentioned earlier, ImageJ has thousands of plugins such as add-
noise, smoothing, filtering, sharpening, counting objects in 3D
images, segmentation, etc. For a particular image processing task,
any combination of these plugins can be executed to improve the
final result. A macro lists the ‘run’ statements of all the plugins to
be used for the image processing task.

For running the system for the image processing task, the
cluster must be set up, as mentioned earlier. ImageJ/Fiji must
contain all the necessary plugins, including the plugins for the
result correction. For running the distributed image processing job,
we provide a user interface (UI) directly accessible from ImageJ, as
shown in Fig. 5. From the UI, the user must provide the
information for logging in the master node, the split dimension d,
and the location of input and output data and images. The user can
also send a pipeline of operations/plugins to be executed for a
particular image processing task. The pipeline can include different
pre-processing operations such as adding noise, filtering,
smoothing, sharpening, inverting, finding edges, making binary,
etc. It can also include the plugin to be parallelised. Upon click on
the ‘OK’, the master node generates all the necessary shell scripts
mentioned earlier. The application converts the selected pipeline to
the bit-stream to be used in the macro. It then distributes the scripts
among cluster nodes using qsub or MPI. After executing all the
operations selected in the pipeline, the cluster nodes save the
output images and data on the shared disk drive. If result correction

is not required, then the master node stitches the output images and
combines the relevant data from all the cluster nodes. For other
plugins (such as 3D Object Counter), where data correction is
required, the master node creates and distributes another set of job
scripts to run the data correction plugins in parallel. After the result
correction, the master node combines the results and images.

4௑Methods for running 3D object counter in
cluster
The distributed execution of pre-processing plugins is simple and
straightforward because there is no result correction required when
combining the output images. In this section, we discuss how to
execute other plugins where complex result correction is required
after distributed processing. We pick 3D Ob ject counter plugin for
explaining the whole system. When a user runs this plugin on any
image stack of 3D objects, it returns the number of objects in the
image stacks, centre voxel of each object, their volumes, etc. The
plugin counts only those objects that have the total number of
voxels greater than a given threshold say M. The distributed
execution of 3D Ob ject counter plugin should be able to generate
all the measurements faster with the lowest error in measurements.

4.1 Image splitting and padding

The original image stack is split into several 3D tiles at the
beginning, depending on the given dimension (d). The equation for
calculating the number of new tiles (n) is

n = d
2 (1)

If d = 2, then the original image stack is split into four equal-sized
3D tiles or smaller image stacks. Each tile must have the same
width and height after the split. For the split operation, we might
lose some voxels from the input image. For example, if we have an
input image of height 100 and width 100 and if the splitting
dimension is d = 3, we get 9 images of height 33 and width 33. If
we stitch them back, we get an image of height 99 and width 99.
Thus, we lose some voxels from the input image. To avoid this
problem, we created a plugin for padding the input image with
some extra white voxel at the right and bottom side of it. We add
one or more extra lines of voxels to the input image as required.
For example, in the above case, if we added two rows and columns
of white voxels at the right and bottom side of the image. Then
after the split, we get 9 images of 34 height and width. Thus we do
not lose important voxels from the original image. So, if w and h
are the width and height of the input image respectively, we pad
input image with pw lines of white pixels at the right and ph lines
of white pixels at the bottom where

pw = d ∗ ⌈w/d⌉ − w

ph = d ∗ ⌈h/d⌉ − h
(2)

4.2 Parallel steps

The execution time of 3D Ob ject Counter significantly increases
with the image size. So, we can expect significant performance
improvement by distributing the execution of 3D Ob ject Counter.
The plugin takes greyscale or binary image stack as input. So, if we
have the input image in other formats, we have to apply
preprocessing to convert it to greyscale or binary. We can use the
available plugins of ImageJ for this purpose by putting them in the
preprocessing pipeline or applying explicitly from ImageJ
interface. For preprocessing explicitly, run the ImageJ/Fiji, open
the input image, then go to (i) Image->Type->8 bit (ii) Process->
Binary->Make Binary. Thus, the final input for the plugin is a
binary image stack where the black voxels construct the objects,
and white voxels are the background. The 3D Ob ject Counter can
be executed on allocated image tile or region in individual cluster
node, as explained in Section 3. After running 3D Ob ject Counter

in parallel, the result can be corrected centrally or in parallel. We

Fig. 5௒ UI for sending preprocessing pipeline
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implement our plugins for parallel correction to speed up the
overall processing task.

4.3 Necessity of result correction

The result correction is required because of the fragmentation of
objects caused by the splitting of the input image. We discuss two
methods for splitting image containing 3D objects and their
associated reasons for getting incorrect results below:

4.3.1 Splitting without overlaps: In this method, we logically
divide the image stack into equal-sized smaller image stacks or
tiles, as shown in Fig. 1 and then inform each cluster node to load
one of the regions for processing. If w and h are the width and
height of the input image after padding, then the dimension of split
image stack would be w′ = w/d and h′ = h/d. However, this
method can possibly divide one 3D object into at most four parts,
where more than one image tiles will have a chunk of the same
object. So, distributed execution of 3D Ob ject Counter plugin
would process the same object more than once in different tiles and
give incorrect statistics about the objects. Fig. 6 shows a few
examples of those critical conditions where an object could be
counted 0 to 4 times, depending on its position and the number of
voxels in the different tiles. 

Here ti is the number of voxels of an object in tilei, i = 0, 1, 2
and 3 and M is the minimum number of voxels together to be
counted as an object by 3D Ob ject Counter plugin. C denotes the
total number of times that the plugin counts the object. In the
figure, for different cases, we can see the different values of C,
which are supposed to be 1. Although the value of C is correct in
some cases, Case 1, for example but the volume and the centre of
the object, would be incorrect because the number C = 1 comes

from the first tile and voxels from other tiles are not considered to
calculate the volume and the centre. Therefore, a systematic
approach is required to correct the number of objects, their
centres, volumes after parallel execution of 3D Ob ject Counter

plugin. Besides, each node uses local coordinates of the allocated
image (each start from 0, 0, 0) and the identified centres of the
objects would be in local coordinates. So, the coordinate
transformation is also required to get the correct centre voxel of
objects in the original image.

4.3.2 Splitting with overlaps: In this method, the input image
stack is split based on the assumption that the objects to be counted
are close to spherical. Suppose the approximate diameter of the
largest object in the image stack is a, i.e. radius r = a/2. We split
the input image in d

2 new equal-sized images each of width
w′ = w/d + r and height h′ = h/d + r. Fig. 7 shows such a split
with d = 2 on the z-projection of an image stack containing
spherical objects. The image splitting with an overlap area of width
a makes sure that none of the objects will span from one tile to
another crossing the overlap area. This way, some or all voxels of
duplicate objects (the object counted at multiple nodes) would
always stay in the overlapped area, and at least one node will have
full information (centre and volume) of each fragmented object.
The objects A, B, C, and D are examples of such objects. The
object A is counted twice by adjacent two nodes processing tile0,
and tile1 and both nodes write the same centre and volume
information to the shared space. So, for correction, the number of
objects needed to be decremented by one and pick other
information from any node. Object B is counted four times, and all
four nodes write the same information. So, for objects like B, the
number of objects needs to be decremented by 3 and pick centre
and volume information from any node. For object C, the node
processing tile2 would have a portion of the object for processing,
while another node processing tile3 would have full of object C.
So, centre and volume generated by two nodes would be different.
Therefore, during the correction, we need to keep object
information from the later node and decrement the number of
objects by one. A similar case for object D but full information
would be available at node processing tile2. However, to generate
the final result, we must perform the coordinate transformation to
map local voxel coordinates of tiles to coordinate in the original
image.

4.4 Methods of correcting results

After parallel execution of 3D Ob ject Counter on allocated image
tiles, all nodes write their output data to a shared location.
However, each image, after the split, starts from the voxel (0, 0, 0).
So, the output centres from tiles except for tile0, need to be
corrected as their positions are different in the original input image.
Suppose the image was split without overlaps with dimension d.
The width and height of the smaller tiles are w′ and h′,
respectively. Then a centre (x, y, z) found in tile t can be corrected
into (x′, y′, z′) as follows:

x′ = x + w′ ∗ (t mod d) (3)

y′ = y + h′ ∗
t

d
(4)

z′ = z (5)

A similar conversion is also possible if the image is split with
overlaps. Now we discuss two different methods below based on
the two image splitting methods for finding the possible duplicate
objects and correcting the output data about the objects. The first
method based on splitting the image stack with overlaps and the
second method is based on without overlaps.

4.4.1 Method 1: In this method, we discuss the result correction
process for image distribution with overlaps. After parallel
execution of 3D Ob ject Counter on allocated image tiles, all nodes

Fig. 6௒ Problems of splitting the original image
 

Fig. 7௒ Split with overlapped area
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write their output data to a shared location, so the master node can
further process these data for a correction. Suppose, the master
node accumulates all centres found in all cluster nodes in Lall and
filter out the distinct centres of the overlapped area in Loverlap,
therefore, Loverlap ⊂ Lall. We observe that for every centre in Loverlap,
there are at least two centres of the same object in Lall. Those
multiple centres in Lall can be the same (for objects like A and B)
or can be different (for objects like C and D). For result correction,
we traverse from each centre u(x1, y1, z1), uϵLoverlap to every centre
v(x2, y2, z2), vϵLall using 3D region growing [24, 25]. In the region-
growing, we use Euclidean distance calculated as follow to move
from voxel u towards v,

e = (x1 − x2)
2
+ (y1 − y2)

2
+ (z1 − z2)

2 (6)

In each iteration, we find up to 26 neighbours of the current
voxel (8 in the current tile, 9 in each of lower and upper tiles). The
region growing moves towards the neighbour who gives the lowest
value of e. If both centres u and v are part of the same object, then
e becomes 0 eventually. For every such case, we decrement the
number of objects by 1, but for every u, we increment 1. For
example, Loverlap would have a single centre for objects A, C, and
D, but Lall will have two centres. So, for these objects number of
objects would be decremented twice and incremented by one. For
object B, Lall will have four copies of the same centre. So, the
number of objects will be decremented by four and incremented by
one. Thus, we correct the number of objects. However, at the same
time, we can also correct the volumes and the centres of the
objects. From 3D Ob ject Counter, for every object which is
counted, a centre (x, y, z) and associated volume is written to the
disk. So, when u reaches other centres v, the v with the largest
volume is considered as the corrected centre and the corresponding
volume as the corrected volume for that object. This information is
correct because, during distributed processing, one of the nodes
would have the full object while others get a chunk of it. However,
traversing from Loverlap to Lall is expensive because Lall contains the
centres of all objects in the input image, and most of them do not
have any connection with centres in Loverlap. So, we create Loptimal

that contains all centres from the overlap area (keeping duplicates)
and some centres around the overlapped area. Then for result
correction, we use Loptimal instead of Lall. This works because some
centres of the duplicate objects might be just outside of the
overlapped area. This way, we can correct results for any possible
fragmentation of objects.

However, if the estimation of the diameter of the largest object
is smaller, then there is a possibility that some objects will be in
multiple tiles crossing the overlap area. In this case, the number of
objects would be corrected using the same way as discussed above,
but for centre and volume correction, we have to perform the
additional calculation. On the other hand, a significant overlap area
would increase the search space for result correction, and that will
increase the overall processing time. So, the correct estimation of
the diameter of the largest object is crucial.

This method is ideal for spherical objects and will not work
well for complex 3D objects, where the source centre and
destination centre of the same object are not traversable from each

other by using the shortest path distance method. Fig. 8 shows two
bent objects where red dots represent the calculated centres by
cluster nodes using 3D Ob ject Counter plugin and blue connected
lines represent the calculated searching line of voxels by the
shortest path distance. Tile 0, tile 1, tile 2, and tile 3 are represented
by t0, t1, t2, and t3, respectively. For object 1, centres in t0 and t1 are
not traversable by the shortest path distance as there is no
continuous black voxel in the calculated search line. On the other
hand, though object 2 is also a bent object, centres from t2 and t3 are
traversable from each other by shortest path distance. Thus, the
algorithm will detect object 2 as a fragmented object but fail to
detect object 1 as a fragmented one. This problem can be solved by
using a traverse function that can move back and forth in the image
stack to find every voxel of the objects even they are extremely
bent.

In practical use of this method, we have a few limitations, as
discussed above. In addition, this result correction is done centrally
on the master node and it requires the full input image, which
would create out of memory issues for large input data and may
take huge time to process. For all these reasons, we use method 2
for our system implementation.

4.4.2 Method 2: This is a distributed result correction method
unlike method 1 and it is based on the image split without overlap
to solve problems discussed in Fig. 6. We have seen that the
incorrect results come from the object fragmentation. So, in
distributed result correction, each node looks for object
fragmentation at the adjacent right and the bottom tiles of the tile it
is processing. For that, if a node is allocated to process the tile t,
then it also loads the tile t + 1 if (t + 1) mod d  is not 0 (i.e. t has
a right tile) and the tile t + d if ⌈(t + 1)/d⌉ is less than d (i.e. t has
tiles under it). We refer these three tiles as Self, Right, and Bottom,
respectively, in the rest of the paper. In Fig. 8, if the tile t0 is
assigned to a node for processing, then Self = t0; Right = t1 and
Bottom = t2.

As we mentioned earlier, the input is a binary image where
objects are with black voxels and the background is white. After
running 3D Ob ject Counter we colour the centre to a different
colour (say blue) than the object colour. When the image is split,
then some voxels (at least one) of fragmented objects would
always be on the boundary. Therefore, each cluster node scans all
voxels at the rightmost column and the most bottom row of Self
image stack to find the fragmented objects. During scanning the
voxels at the rightmost column, for every black voxel, the node
checks for its possible black neighbour in the leftmost column of
the Right image stack. If it finds such a neighbour, it means both of
them are parts of the same object that got separated during the
image split. Now the node starts the 3D region growing from both
black voxels. When region growing, the black voxels in Self tile are
changed to grey colour and the number of voxels is counted at both
sides. It is also checked if it finds any centre voxel, which is of the
colour blue. After the region growing, we will have the following
four cases:

∙ Case 00 – no centres in either sides.
∙ Case 01 – centre found only in Right, no centre in Self .
∙ Case 10 – centre found only in self .
∙ Case 11 – centre found in both side.

If the region-grow finds a group of black voxels but does not
find any centre among them, then it means the number of voxels is
less than M. Therefore, the plugin did not count this group of
voxels as an object. Fig. 9 shows the examples of Case 10 and Case
11, where two objects A and B are divided into two tiles t1 and t2. 
Where object A is divided into a1 and a2 and object B is divided into
b1 and b2. For easy explanation, we show the z-projection of 3D
objects with centres coloured in blue. Let the minimum number of
voxels for the 3D Ob ject Counter plugin as input is 5. The number
of voxels for a1, b1, and b2 is greater than 5. So, the plugin counts
them as objects, i.e. finds their centres. However, as the number of
voxels for a2 is less than 5, the plugin does not count it and we do

Fig. 8௒ Bent objects
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not get any centre for a2. So, the object A is the example for Case
10 and object B is the example for Case 11. For object A, we only
have one centre and one volume, which is from t0(Sel f ). For
volume and centre correction of object A, we simply ignore a2 as it
has only a few voxels. However, during the region growing, we
know the number of voxels in a2 and that can be used to correct the
centre and volume. Case 01 is processed in the same way as Case
10. For Case 00, we have voxel-count from the region growing
from both Self and Right. If the total voxel count from both sides is
greater than M, then we consider it as a new object and increase the
number of objects by one. The volume is estimated from the
number of voxels and the centre would be a voxel on the splitting
border.

For object B, we have a pair of volumes and centres that are
calculated from all voxels of the object, i.e. no missing
information. However, when a node is working on Self and Right, it
does not know if there are any parts of these objects (for all cases)
in other adjacent tiles. So, it also processes Self and Bottom as
discussed above to find centres of fragmented objects at
Sel f − Bottom splitting line. The only difference is, the objects in
Self are now of black and grey colours. This way, every cluster
node finds all possible pairs of centres that are part of the same
object along with their volume information and they are stored as
pair as follows for the next step:

[(centreX1, centreY1, centreZ1), Sel f , volume]

→ [(centreX2, centreY2, centreZ2), Right /Bottom, volume]

where (centreX1, centreY1, centreZ1) is the centre found in Self
and (centreX2, centreY2, centreZ2) found in Right or Bottom tiles
for the duplicate counted objects.

When all pairs of duplicate centres of fragmented objects
available from all cluster nodes, then the master node can further
analyse these centre pairs to find all the parts of the object because
each object can possibly have four parts. If there are two pairs of
centres (a,b) and (b,c) then (a, b, c) ϵ x, where x denotes an object.
Adding volume associated a, b, and c we get an actual volume of
an object x. The centre of x is calculated by taking the average of
the centres a, b, and c. When combining the results, the number of
object counts is decremented accordingly.

5௑System implementation and experimental
results
5.1 System implementation

For our system implementation, we set up a local cluster
virtualising a server computer allocating 6 GB RAM and 12 GB
Hard Drive for each cluster node. We implement our system by
developing multiple ImageJ plugins based on the image allocation
without overlaps and method2 of result correction. We do not use
method1 for developing the final system because the result
correction is done centrally on the master node, which takes a long
time compared to the time taken by method2 where a major
correction task is completed in parallel. Moreover, the method1
works better only for spherical objects and the user needs to
provide the estimated diameter of the largest object in the image.

5.2 Input 3D image

The images we use for our experiment are of DAPI (4′,6-
diamidino-2-phenylindole) stained mouse nervous tissue slices
imaged in 3D using an Olympus FV1000 confocal microscope
[26]. DAPI is a fluorescent stain that emits 461 nm (blue) light
when bound to DNA and is used to label and detect cell nuclei. It is
one of the most widely used stains for many biological applications
and an important tool for localising, identifying, and counting cells.
DAPI can be combined with other types of stains to probe many
different cellular functions in tissues and cell culture systems. Our
particular sample is from an animal model of neurodegenerative
disease and the ability to count cells provides a measure of the
number of infiltrates that are associated with disease severity. The
number, centre and volume of the nuclei allow us to probe regional
changes in tissue and identify morphological differences in specific
sub-types of cells' nuclei. As such, being able to automate counting
in large samples provides a method to augment throughput and
accuracy by dramatically increasing sample sizes and reducing
human error to enhance our ability to screen pharmacological
therapies and beyond. Furthermore, the method is applicable to
many other studies counting cells (even using different stains) well
beyond the scope of neurodegeneration, such as flow cytometry,
bacteria colony analysis and cancer drug studies, to name a few.

5.3 Experimental results and discussion

For our experiment, we first run 3D Ob ject Counter plugin on
different sizes of images, 881, 8894, 59402, and 1266073  KB (1.2 
GB) directly in the main server machine. Then the same images are
processed in the cluster of different sizes (1, 2, and 9 nodes) using
our implemented system. The results from the main server are the
ground truth that we expect from the parallel processing of the
image. The following sections discuss the result correction method
(method2) for the image of size 8894 KB processed on the cluster
of four nodes. So, we split the input image with d = 2. After
executing the 3D Ob ject Counter in parallel, each node starts the
result correction method loading Self, Right, and the Bottom image
tiles. After scanning and processing, each node generates the pairs
of centres for fragmented objects, as shown in Fig. 10. The node
processing tile3 does not report anything as it does not have any
Right, or Bottom to search for an object fragmentation. The result
of tile 0 shows that the number of centres in Self is 1 less than the
centres found from Right and Bottom. It means we had a Case 01
from self to Bottom.

However, as there could be more than two duplicates for an
object, we analyse the pairs found from different tiles and search if
there is any relationship among them. Fig. 11 shows such relations
for this particular input. We can see, an object was divided into

Fig. 9௒ Effects of choosing large value of M
 

Fig. 10௒ Duplicate centre pairs written by cluster nodes
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four smaller objects with centres (151, 149, 66), (154, 165, 39),
(144, 148, 66), and (145, 162, 48). Taking the average of these
duplicate centres, we recalculate the probable centre of the actual
object. For this particular object, the probable centre will be (148,
156, 54). And the volume would be 10,088 after adding the
volumes of its four duplicates. When merging, the number of
objects is decremented by 3 in this case. Similarly, other groups are
combined, and the number of objects is decremented by one for
each pair. So finally, we report a final list of objects where we
replace the fragmented objects by their recalculated centres and
volumes. We mark all the objects to show if they are duplicate or
original objects with ‘duplicate’ or ‘original’ tag. In the output file,
those objects are listed in a format of [Number. centreX, centreY,
centreZ, volume, tag]. For this example, we report a total of seven
duplicate objects as given below:

1. 147, 10, 20, 3298.0, duplicate
2. 141, 104, 33, 10238.0, duplicate
3. 148, 156, 54, 10088.0, duplicate
4. 195, 149, 2,309.0, duplicate
5. 244, 142, 28, 9289.0, duplicate
6. 224, 146, 74, 4664.0, duplicate
7. 145, 208, 9, 3240.0, duplicate

In total, we found 64 objects. Among them, 7 are marked as
duplicate and 57 are marked as the original objects. In Fig. 12, we
show these seven objects marking their corrected centres with red
and the centre of original non-fragmented objects with blue on Z-
projection of the input image stack. 

Table 1 shows the results generated by the different system set
up to process the input images of the aforementioned sizes. 
Analysing the results from this table, we observe that the system
found duplicate objects with an error of < 2.5% for very large
images. At best, the error rate could be as good as 0%. To achieve
that, we can set the minimum voxel count M to a lower value in
such a way that 3D Ob ject Counter finds all the split objects.
However, small M may increase the overall image processing time.
We observe that for the smallest input image (881 KB), the system
running on 9 nodes misses out one object giving an error of 6.25%.
So, it is not recommended to use the cluster for processing very
small images as the overhead of splitting and finding duplicates
will degrade the performance as compared with running in a single
machine. If we compared the processing time of these images, we
find for smaller images (881 KB and 8.68 MB) running in a single
machine (main machine and master node) works faster than
running in the cluster. However, for a very large image (1.20 GB),
the master node could not even run 3D Ob ject Counter due to
insufficient memory. For the input image stack of the size 58.01 
MB, the master node takes around 5 to 6 times longer compared to
cluster-based processing. At the same time, though the main
machine has 70 GB RAM, which is more than the total RAM of
cluster nodes, it works significantly slower compared to running in
the cluster. For the largest image (1.20 GB), it takes around 80 h to
run while a cluster of four nodes takes around 18 h and 9-nodes
cluster takes only around 5 h to run the plugins and correct the
results. Logically, if the input image is divided among nine nodes,
we expect the running time of plugin on these images should be
around 1/9 times of running time in a single node. As the largest
input image (1.20GB) takes 80 h to run on a single machine, we
expect from each cluster machine to have a running time of around
80/9 or 8.8 h. In our case, we get ∼5 h, which is much faster than
expected. The reason behind this is, the computation is highly
dependent on the distribution of 3D objects in the input image. In
fact, if we consider the input image with all the 3D objects
distributed evenly, we will get a faster running time. Because for
the larger images, the 3D Ob ject Counter plugin needs to do much

more computations compared to the total computations required
when the large image is divided. We also observe that the cluster of
four nodes works faster for small images, while the 9-nodes cluster
works faster for very large images. Also, running in nine nodes is
likely to have more duplicate fragmented objects as the original
image is split into smaller tiles. However, the success rate largely
depends on the distribution of objects around the split line.

Fig. 13 shows a logarithmic plot for the processing time in the
cluster of different sizes against the size of image stacks. It also
shows the processing time of the main server machine. Here, NON
stands for the number of cluster nodes. It is clearly pointing that,
for smaller input images, the parallel execution does not work well,
but as the input size grows, it works significantly faster than
running on a single machine. We also observe, as the image size
grows, large size clusters work faster. However, splitting the image
in more tiles causes more fragmentation of objects, which may
reduce the accuracy of the system depending on the distribution of
objects. Moreover, because of overhead for task distribution and
result correction, only the cluster with a certain number of nodes
would give optimum time to process an image of a particular size.
We analyse this detail in the next section and provide the formula
to automatically calculate the cluster size given the size of the
image to be processed.

6௑Determining the cluster size
6.1 Determining the split dimension d

Assuming the cluster system has enough cluster nodes so that only
one tile is assigned to each processing node, the required number
of cluster nodes would be P = d

2, where d is the split dimension of
the input image. So, the value of the split dimension d is very
important in this system because it determines how many
processors to be used in the system as well as what will be the
processing time of an image. So, given the image size S first, we
want to calculate the optimal value of d (i.e. P = d

2) so that the
overall image processing time is nearly minimum. Processing
images in a distributed system have overhead for task distribution
and combining the results to obtain final results. Suppose tc is the
time taken to send processing command to one of the cluster nodes
and tm is the time to retrieve and merge results from each process.
Each node can process C′ bytes of images per second. The total
time taken to process the image stack of size S can be estimated
from the following equation:

Td = tc × P +
S

P × C′
+ tm × P (7)

Fig. 11௒ Grouping of centres of all duplicate objects
 

Fig. 12௒ Sample output with marked duplicate objects on Z-projection
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For a single computer with image processing capacity per
second C, the total processing time would be

Ts =
S

C
(8)

If we plot the execution time Td against P for some sample
values of other parameters shown in Table 2, we get a quadratic
line shown in Fig. 14. The dotted line is for the single computer
processing time Ts with C = 10.

From the graph we can see, the image processing time is
minimum where

dTd

dP
= 0

or, tc −
S

P
2
C′

+ tm = 0

or, C′tcP
2
− S + C′tmP

2
= 0

so, Poptimum =
S

C′(tc + tm)

(9)

Therefore

d = Poptimum

=
S

C′(tc + tm)
4

(10)

We use floor function because poptimum might not be a perfect
square of an integer number. We could use ceiling function as well,
but it would cause more splits in the input image, which leads to
more inaccuracy in the combined results.

6.2 Choosing the cluster size from possible values

To choose multi-point distributed image processing over any single
computer with image processing capacity per second C, we want
the following inequality to be true:

tc × P +
S

P × C′
+ tm × P <

S

C
(11)

or,

CC′(tc + tm) × P
2
− SC′ × P + SC < 0 (12)

This equation is in form of quadratic equation ax
2
+ bx + c = 0,

where a = CC′(tc + tm), b = − SC′, and c = SC.
So, if we solve (12) we get

P =
SC′ ± (SC′)

2
− 4CC′(tc + tm)SC

2 × CC′(tc + tm)
(13)

Now, to get any real value of P, following inequality must be
true:

(SC′)
2
− 4CC′(tc + tm)SC) ≥ 0 (14)

Therefore

S ≥
4C

2
(tc + tm)

C′
(15)

Table 1 Output from different size of images
Size, KB No of nodes Time No of total objects Original object Duplicate object Undetected object % Error
881 1 (main machine) 1 min 27 s 16 16 0 0 0

1 (master node) 2 min 2 s 16 16 0 0 0
4 7 min 17 s 16 14 2 0 0
9 10 min 30 s 15 11 4 1 6.25

8894 1 (main machine) 1 min 33 s 64 64 0 0 0
1 (master node) 2 min 29 s 64 64 0 0 0

4 7 min 40 s 64 57 7 0 0
9 11 min 26 s 63 50 13 1 1.56

59,402 1 (main machine) 1 h 28 min 11 s 218 218 0 0 0
1 (master node) 2 h 52 min 25 s 218 218 0 0 0

4 38 min 15 s 213 211 2 5 2.29
9 29 min 24 s 215 213 2 3 1.38

1,266,073 1 (main machine) 80 h 9606 9606 0 0 0
1 (master node) unable to run — — — — —

4 18 h 9 min 27 s 9674 9646 28 68 0.71
9 5 h 14 min 3 s 9803 9778 25 197 2.05

 

Fig. 13௒ Comparison of processing time among cluster systems and main
machine for different sizes of images

 

Fig. 14௒ Nature of image processing time in cluster
 

Table 2 Sample parameters for (7)
S tc tm C′

100 0.2 0.2 5
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So, given (15) is true

Pmax =
SC′ + (SC′)

2
− 4CC′(tc + tm)SC

2 × CC′(tc + tm)
(16)

If (15) is false then there is no real value solution for (11), i.e.
single computer will be faster. So, to provide faster image
processing by distributed nodes/processors, (15) must be true and
the value of P must be between 2 and Pmax. However, the system
can now automatically determine the value of P = d

2 as it can
easily calculate d from (10). This value will always be between 2
and Pmax.

6.3 Estimating P from experimental results

From the experimental results in Table 1, we first estimate the
value of C′ and tc + tm using (7), which is possible because several
combinations of values for other parameters are available. We
found the average C′ = 6.5 KB and the average tc + tm = 57 s for
our system. Then we calculate Poptimum, the split dimension d and
the actual number of nodes should be used in the cluster, which is
P as shown in Table 3 for different sizes of the input images. We
also calculate Pmax considering that we have only cluster computers
with all of the same computing power, i.e. C = C′. We observe that
in the cluster system like we set up, 881 KB is too small to process
in parallel. From (15), we get, the image size must be greater than
1485 KB to process it in the cluster. For 1.2 GB image, the
poptimum = 58 and if we put this value with other parameters in (7),
then the image processing time would be 1 h and 51 min. However,
according to (10), the split dimension d = 7, i.e. P = 49 is the best
for our system setup and this value of P will take 1 h 52 min to
process that image. For lack of resources, we used a maximum of
nine nodes, which takes 5 h 14 min and 3 s. The Pmax can be up to
3416, i.e. we can split the input image in 3364 chunks and the
cluster system will still give faster processing time compared to
using a single computer. However, as the split dimension increases,
the number of fragmented objects also increases significantly. This
will reduce the accuracy of the system. So, when splitting the input
image, we suggest observing the accuracy of the system. We have
to choose d, even far less than the best value if system accuracy
drops significantly.

7௑Conclusion and future work
ImageJ was not designed to be run in a distributed system. So,
running plugins of ImageJ on a distributed system generates highly
incorrect results. Simply combining those distributed results would
produce very inaccurate overall results. We present different
methods for efficiently splitting the input images and correcting
results after the distributed execution of ImageJ plugins. Based on
these methods, we develop several supporting plugins that allow us
to run many ImageJ plugins to run in a cluster system for parallel
image processing. For the experiment, we pick 3D Ob ject Counter,
which can process the input image stack of 3D objects and provide
the number of 3D objects in the image, their centres as well as
volumes as output. We run the plugin on the image stacks of
different sizes (maximum 1.2GB) in the cluster of different sizes
(here 4 and 9). We observe that for very large images, cluster-based
processing works significantly faster compared to processing on a
highly configured single node. The methods used for result
correction generate combined results from the cluster nodes with
very high accuracy. However, because of overhead caused by task

distribution and merging the results to/from cluster nodes, smaller
images are found to be processed faster on a single computer
instead of distributed processing. So, it is important to know
whether the input image should be processed in a cluster or not.
Therefore, we present a mathematical model that can be used to
develop an ImageJ plugin to automatically calculate the cluster size
from the size of the input image and other network parameters. We
also implement a plugin for cluster management, which provides a
user interface for ImageJ to add or remove cluster nodes on-the-fly
based on their availability. One main limitation of the system is
that it requires a graphical user interface for each Virtual Machine
of the cluster. In the future, we would like to make the system work
in headless mode so that we can deploy our system in any cluster
easily.
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