
 

 

Abstract: Image segmentation is one of the most 
common procedures and one of the most 
important tasks in medical imaging applications. In 
this paper, the algorithm for region of interest 
based image segmentation for breast mammogram 
images is ported onto Maxeler’s MAX4 Maia Data 
Flow Engine. The experiments for examining the 
acceleration of that algorithm on the DFE are taken 
with two DFE configurations with different 
frequencies. Those accelerations are presented 
and experimental results showed pretty good 
acceleration of algorithm for mammogram image 
segmentation – up to 7-folds. At the end, some 
conclusions are made and possible further work is 
presented. 

 
Index Terms: breast mammograms, Data Flow 

Engines, FPGA, image segmentation 
 

1. INTRODUCTION 

MAGE  segmentation is the most common 
procedure applied in medical imaging analysis. 

It is also one of the most important tasks in image 
processing [1] and one of the main parts in 
various applications in medical diagnostics. 
Among other applications, algorithms for image 
segmentation are used for detecting 
microcalcification in the mammography images 
[2]. Kallergi Maria [3] created automated 
computed tools for microcalcification detection 
which use artificial neural networks and are 
based on wavelet filters. Edge detection 
operators are used for tumor region extraction 
and enhancement of classification of 
mammographic images [4]. Aghdam Hamed  
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Habibi et al. [5] proposed a probabilistic approach 
for breast boundary extraction in mammograms. 

In most cases, detection of microcalcification 
is performed with preprocessed images. Oliver 
Arnau et al. [6] filtered images by different kinds 
of filters with an aim to create huge dictionary 
database. New images were compared to the 
database where every pixel of breast image is the 
center of the patch. The results are probability 
images where more brightness pixel corresponds 
to more reliance to be microcalcification. 

The segmentation of images has a significant 
application in digital mammography. The main 
goals of scientists and researchers are to develop 
sophisticated image analysis tools that can 
automatically detect suspicious mass regions of 
the breast. This process begins with the 
extraction of regions of interest (ROIs) from 
breast images. Then, the detection of suspicious 
regions and their classification is performed, after 
which the comparison with the existing image 
database starts.  

For medical diagnostic decision systems it is 
very important to provide a large training data set. 
For preparation of this data, a large database of 
medical images can be very helpful. The 
processing time can be a limiting parameter here. 
To accelerate the processing time, the multicore, 
many-core dataflow architectures can be used. 

In this paper, the dataflow architecture 
provided by Maxeler is used to accelerate region 
of interest based image segmentation algorithm 
for mammogram images developed by Milosevic 
et al. [7]. 

2. BACKGROUND 

Today, most computers are based on von 
Neumann architecture. This architecture 
transforms the program source into a list of 
instructions which are loaded into the memory. 
These instructions alongside appropriate data are 
fetched from the memory into the processor core 
where operations specified by instructions are 
performed and the results of those operations are 
written back to the memory. Modern processors 
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contain many levels of caching, forwarding and 
prediction logic to improve the efficiency of this 
architecture, but still, the main drawback of this 
architecture is that each execution of an 
instruction requires a cyclic access for memory, 
which results in a large number of data transfers 
between processor core and memory.  

 

Fig. 1. Compared to von Neumann architecture, in a 
dataflow computing architecture the program source is 
transformed into a dataflow graph rather than into a set of 
instructions. 

 

The dataflow computing architecture is 
fundamentally different from the von Neumann 
architecture. In a dataflow computing 
architecture, the program source is transformed 
into a dataflow graph rather than into a set of 
instructions. Dataflow graph, as shown in Fig. 1, 
consists of a lot of dataflow cores and is directly 
mapped to the DFE. 

 Each dataflow core performs specific 
operation on input data and outputs the result of 
that operation to another dataflow core in the 
dataflow graph without writing to the off-chip 
memory until the chain of processing is complete. 
Dataflow core executes only when all inputs are 
available. Thus, the data can be streamed from 
memory into the DFE where all of the processing 
is performed and only the results of that 
processing are outputted to the memory. In this 
way, the cyclic access for memory is avoided.  

Each DFE consists of one or more kernels, 
manager, fast memory (FMem), large memory 
(LMem) and is connected to the CPU via PCI 
Express bus. Architecture of DFE is presented in 
Fig. 2. Kernels represent hardware 

implementation of some algorithm and their main 
task is to perform computation as data flows 
through DFE. Each DFE design can have multiple 
kernels which communicate among each other. 
The manager has a task to define the way data 
flow between kernels, memories and host 
processor. The DFE has two types of memory: 
fast memory and large memory. The FMem is on-
chip memory and can store several megabytes of 
data with terabytes/second of access bandwidth. 
The LMem is off-chip memory and it is 
substantially larger than the FMem. It can store 
many gigabytes of data. The cost of the greater 
capacity LMem pays off with much lower access 
bandwidth. 

 

Fig. 2. In DFE architecture, each DFE consists of one or 
more kernels, manager, fast memory (FMem), large memory 
(LMem) and is connected to the CPU via PCI Express bus 

 

The main advantage of dataflow architecture in 
comparison to von Neumann architecture is that 
each operation is given its own part of the DFE, 
and all operations execute with true-parallelism. 
This means that DFE is essentially computing 
multiple results at a time. On each tick, a new 
result is calculated, even though the number of 
operations required for computing may be very 
large. This is achieved because the instructions 
are executed in a natural sequence, in space 
rather than in time, as data propagate through the 
algorithm. DFE also reduces the effect of memory 
access latency because all data travel through 
the graph and they are attached to their own 
nodes. Thus, DFE architecture is especially 
suitable for big data applications where very low 
latency is needed. Also, DFE runs on much lower 
frequency (up to few hundred MHz) than 
computers based on von Neumann architecture 
(few GHz), thus it makes applications more 
energy efficient. 

Dataflow computing is currently used in a large 
number of applications and is the subject of many 
current studies. Veljovic [8] described 
discrepancy reduction between the topology of 
dataflow graph and the topology of FPGA 
structure on the example of moving from two 
input adders to three input adders. Riebler et al. 
[9] studied the design and development of DFEs 
methodology. Another study [10] demonstrated 
the key search algorithm calculation speed could 
be improved with DFEs up to 205 fold. The 
development of flexible and customizable long-



 

length LDPC decoders for DFEs was proposed by 
[11]. They compared the performance of the DFE 
approach with state-of-the-art parallel computing 
architectures and showed that for the real-time 
throughputs the DFE solution is much more 
power efficient. Li et al. showed that DFEs have 
the potential to conduct large-scale and fast 
simulation of the Digital Spiking Silicon Neuron 
(DSSN) model-based network [12]. Niu et al. [13] 
proposed DFE implementation of stencil-based 
algorithms and achieved linear speedup using 
Maxeler’s MPC-C500 computing system with four 
Virtex-6 SX475T FPGAs. Pell et al. presented the 
framework for finite difference wave propagation 
modeling using DFEs [14] demonstrating that the 
proposed solution was up to 30 times more 
energy efficient than conventional CPUs. Oriato 
et al. were able to increase execution speed up to 
74 fold compared to x86 CPU in their dataflow 
implementation of the meteorological limited area 
model [15]. 

3. MATERIALS AND METHODS 

In this study the dataflow architecture provided 
by Maxeler was used to accelerate the region of 
interest based image segmentation algorithm for 
mammogram images. As inputs we used images 
taken from the mini-MIAS database. This 
database was created by Mammographic Image 
Analysis Society (MIAS), an organization of UK 
research groups. There was a dataset which 
consisted of more than 200 patients - 2D images 
of 1024 x 1024 pixels. 

The method for mammogram ROI detection 
was composed of pectoral muscle removal and 
background removal which represent any artifact 
present outside the breast area, such as patient 
markings, presented in Fig. 3. 

 
Fig. 3. Pectoral muscle and background represent artifact 

present outside the breast area 
 

The basic idea of background partition removal 
algorithm is to find the largest area of connected 
non-black pixels and then setting all other pixel to 
black. The result of the background partition 
removal algorithm is shown in the Fig. 4. As it can 
be noticed from there the unnecessary 
background has been removed successfully. 

 

Fig. 4. Background partition removal algorithm result 
 

After the background partition removal has 
been done, the next task to accomplish in the 
process of extraction the ROI is the pectoral 
muscle removal. Pectoral muscle tissue is usually 
denser than the rest of the breast. Therefore, 
pectoral muscle and a central part of the breast 
can be extracted by applying local threshold 
operation with appropriate threshold value. The 
result of the pectoral muscle removal algorithm is 
shown in the Fig. 5. As it can be noticed from 
there the unwanted pectoral muscle has been 
removed successfully. 

 

 

Fig. 5. Pectoral muscle removal algorithm result 

 
As DFE platform for mapping the region of 

interest based image segmentation algorithm the 
Maxeler’s MAX4 Maia DFE was used. Detailed 
explanation of mapping this algoritham onto DFE 
can be found in [16].  

In the case of this algorithm, the graph that 
represents it consists of a kernel for background 
partition removal and pectoral muscle removal 
which is presented in Fig. 6. The kernel consists 
of input and output stream, several scalar inputs, 
arithmetic, multiplexer, counter and stream ofset 
nodes. Scalar inputs “width” and “height” define 
images dimension. Scalar input “black” is used as 
a threshold for determining the color of the pixel: 
black or nonblack and scalar input “threshold” is 
used as threshold for determining whether the 
current pixel belongs to the pectoral muscle 
tissue part of the mammogram image. 
Arithmetical nodes are responsible for some 
mathematical operations while multiplexer nodes 
are the ones which, based on the select bit, 
chose wheater the pixel is black or white. 

 



 

 

Fig. 6. Kernel graph for pectoral muscle and background 
removal 

 

The manager is responsible for getting the data 
about mammogram images from the host 
processor, streaming them to the input of the 
kernel and streaming the output of this kernel 
back to the host processor as it is presented in 
Fig. 7. Data are streamed from host via PCIe bus 
and after calculation the results are streamed 
back to the host via PCIe bus. 

 
Fig. 7. Manager graph for pectoral muscle and background 

removal 
 

The DFE was configured to work with different 
frequencies: 75 MHz, which is the default 
frequency, and 200 MHz. The code for Maxeler’s 
DFE was written in MaxIDE development 
environment and compiled using MaxCompiler 
[17]. The resource usage of the DFE is presented 
in Table 1. As it can be noticed from the table, 
there are a lot of unused FPGA resources on the 
DFE. 



 

Table I 
DFE Resource Usage 

 

LUTs FFs BRAMs DSPs  

524800 1049600 2567 1963 
total available 
resources for 

FPGA 

12723 16692 74 2 
total 

resources 
used 

2.42% 1.59% 2.88% 0.10% % of available 

3720 5035 2 2 
used by 
kernels 

0.71% 0.48% 0.08% 0.10% % of available 

8015 9786 59 0 
used by 
manager 

1.53% 0.93% 2.30% 0.00% % of available 

4942 6858 14 2 
stray 

resources 
0.94% 0.65% 0.55% 0.10% % of available 

 

The execution speeds of the algorithm for 
region of interest based image segmentation on 
general purpose processor and Maxeler’s DFE 
are compared. The general purpose processor 
that was used is Intel Core i3-3240 which works 
on frequency of 3.40 GHz. The operating system 
of the machine with this processor was CentOS 
release 5.10. The code was written in C 
programming language and compiled with GCC 
compiler. The experimental results showed that 
there was a significant speedup, close to seven 
times, in algorithm execution on DFE compared 
to the general purpose processor. 

4. CONCLUSION 

In this paper the implementation of the region 
of interest based image segmentation algorithm 
for mammograms on the DFE is proposed. The 
experimental results showed that the algorithm 
execution exhibits 7-fold speed increase for the 
DFE.  

Further work on this research may be to try to 
utilize more FPGA resources by parallelizing this 
algorithm in multiple pipes. Also, it would be 
interesting to implement other stages of 
procedure for breast cancer detection from 
mammogram images on the DFE and explore 
those acceleration results.  
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