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Abstract—Convolution is one of the most widely used digital 

signal processing operations. This work aims to distribute two-

dimensional convolution operation across Intel’s Single-Chip 

Cloud Computer (SCC), an experimental processor created by 

Intel Labs. This platform enables experiments with varying both 

the data sizes and the physical parameters of the platform such as 

voltage, frequency, and number of cores. The program can also be 

optimized subject to power and energy considerations. We find 

that implementing the convolution operation on the SCC can 

reduce the calculation time but results in a communication 

bottleneck. We find that calculations should be run at a lower 

frequency to reduce energy consumption, while communications 

should be run at a higher frequency to reduce execution time. 

Current applications are in the area of early vision using a 

Gaussian pyramid, while we aim to expand the study to additional 

image processing areas. 
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I. INTRODUCTION 

 Convolution is a widely used operation in image processing, 
including applications such as smoothing, blur removing, 
filtering, and edge detection. In all of these operations, a filter 
kernel is convolved with an image matrix that is typically much 
larger than the kernel. Performing a convolution operation in a 
parallel fashion should allow for reduced execution time hence 
better performance.  

 The Single-Chip Cloud Computer (SCC) experimental 
processor [1-3] is a 48-core ‘concept vehicle’ created by Intel 
Labs as a platform for many-core software research. The SCC 
combines 48 P54C Pentium processor cores on a single chip. 
The 48 cores are placed in a tile formation, with two cores per 
tile. A single router is shared by the cores on a tile, which is 
connected to an on-die mesh network. The tiles are arranged in 
a 6×4 mesh, as shown in Figure 1. Each core has a private on-
core L1 cache with 16 KB of data and 16 KB of instruction 
storage. Each core also has a private on-tile, unified L2 cache 
with 256 KB of storage. Each tile has a 16KB block of SRAM 
organized onto a shared address space visible to all cores on the 
chip. This memory is called the “message-passing buffer” 
(MPB), as it is a communication buffer that supports the 
movement of L1 cache lines between cores. The 64 GB off-chip 
DRAM is divided into memory regions that can be either private 
to each core or shared by all cores. 

Intel provides a small, customized message-passing library 
for the SCC called RCCE [4, 5]. Program execution begins on a 
second machine called the management console PC (MCPC), 
which then issues commands to load programs onto individual 
cores on the SCC. The MCPC and the SCC cores all run versions 

of the Linux operating system. RCCE is built similarly to the 
message-passing interface (MPI) and OpenMP with functions 
customized for the SCC. RCCE provides utilities for 
communication, synchronization, memory management, and 
power management [4]. Power management is done by setting 
the frequency and voltage. As shown in Figure 1, the granularity 
for frequency changes is one tile, while the granularity for 
voltage changes is eight cores and is called a power domain. The 
48 cores are divided into six power domains labeled from 0 to 5; 
note that the logical numbering of cores does not follow the 
power domain distribution. In total there are 69 frequency-
voltage combinations, or “gears”, possible on the SCC. This 
work will use a very small subset of gears for proof of concept 
purposes. 

 

Figure 1. SCC Layout (modified from [4]) 

 This work focuses on distributing the convolution operation 
across the 48 cores of SCC. The program can be optimized 
subject to power and energy constraints as well via SCC 
platform. Due to the novel status of the SCC, there is very little 
comparable work that has been published at present on the SCC. 
Wang et al. explored the parallelism of Fast Fourier Transform 
(FFT) on the SCC [6]. As our convolution approach will also 
use the FFT, there is some common ground. They found that 
they can achieve significant performance improvement by 
dividing the FFT task across multiple cores, up to 25 times 
speedup when using 32 cores. However, they do not perform any 
power or energy analysis. Additionally, their FFT algorithm 
requires that cores communicate during every transform 
operation due to a need to share data, while the approach we take 



will distribute data such that cores work on independent data 
segments.  

 The parallelism of the FFT has been well studied on several 
other hardware platforms, many of which use more sophisticated 
hardware than the SCC. Sapir implemented a distributed FFT 
algorithm on a 16-core Epiphany Network-on-Chip (NOC) 
processor, finding that this particular NOC was limited to a 
maximum image size of 128×128 and that almost 90% of the 
execution time was spent on the butterfly stages of the FFT [7]. 
Although the SCC has more cores that each have more memory 
than those of the Epiphany NOC, there is still some similarity in 
that our approach decomposes the image matrix in a similar 
manner to Sapir’s approach. Bahn et al. developed three parallel 
FFT algorithms that they tested on a simulated NOC using 
SystemC, concluding that the algorithm with the most balanced 
work load and least communication overhead allowed for fastest 
computation of the FFT [8]. Our approach is similar in that we 
attempt to minimize communication and ensure that all cores 
have the same amount of data to work on during parallel 
computation steps. Moreland et al. explored distributing the FFT 
on a commodity graphics processing unit (GPU) [9]. As the SCC 
is based on older Pentium processors, it is difficult to make a fair 
comparison to performance achieved by a GPU, though it may 
be of interest to adapt certain aspects of Moreland’s algorithm 
for the SCC. Pippig developed an MPI-based library for 
computing the FFT of multidimensional matrices which was 
tested on three supercomputers at the Jülich Supercomputing 
Center, showing scalability for large number of cores superior 
to previous FFT libraries, while also analyzing the percentage of 
execution time spent on communication and computation steps 
[10]. While Pippig’s use of supercomputers with thousands of 
cores and more than 0.5 GB of memory per core prevents any 
fair comparison to the SCC’s capabilities, the execution time 
trends observed may provide insight into how the SCC might 
perform as number of cores or matrix size is increased. 

 The rest of this paper is organized as follows:  Section II 
provides some background material on the convolution; Section 
III describes our algorithm and data collection methodology; 
Section IV presents experimental results; Section V discusses 
the results and experience of using our algorithm on the SCC as 
well as raising areas of future work and application; Section VI 
provides a conclusion summarizing the work. 

II. BACKGROUND 

This section will provide a brief overview of the 

mathematical foundations relevant to this work. We will give a 

high-level overview of the mathematical definitions and 

properties used to implement this study.  

Two-dimensional convolution of N×N matrices F and G is 

defined by the following integral [11-13]: 

 𝐻 = 𝐹 ∗ 𝐺 = ∬ 𝑓(𝑎, 𝑏)𝑔(𝑥 − 𝑎, 𝑦 − 𝑏) 𝑑𝑎 𝑑𝑏  (1) 

To calculate one entry in the convolution matrix H, due to the 

shifting operation of the convolution, the corresponding entry 

in the matrix F must be multiplied by all N2 elements of the 

matrix G. These products must be added together to obtain the 

final result. This process must be repeated for each of the N2 

elements of F to compute the remaining entries of H [14]. 

The convolution requirements can be greatly reduced by 

taking advantage of the properties of the Fourier Transform. 

The Fourier Transform of a two-dimensional matrix is given by 

the following integrals, with Equ. 2 giving the forward 

transform and Equ. 3 giving the inverse transform [13]: 

 𝐺(𝑎, 𝑏) = ∬ 𝑔(𝑥, 𝑦) ∙ exp(−𝑗2𝜋(𝑎𝑥 + 𝑏𝑦)) 𝑑𝑥 𝑑𝑦 (2) 

 𝑔(𝑥, 𝑦) = ∬ 𝐺(𝑎, 𝑏) ∙ exp(𝑗2𝜋(𝑎𝑥 + 𝑏𝑦)) 𝑑𝑎 𝑑𝑏 (3) 

Throughout the remainder of the paper, we will use the symbol 

FT{X} to represent taking the Fourier Transform of matrix X, 

and the symbol FT-1{X} will represent taking the Inverse 

Fourier Transform of the matrix X.  

The Fourier Transform of a convolution is equivalent to the 

product of the Fourier Transforms of the two input matrices 

[12]. This will allow us to calculate the convolution of two 

matrices using the following equation: 

 𝐻 = 𝐹 ∗ 𝐺 = 𝐹𝑇−1{𝐹𝑇{𝐹} ∙ 𝐹𝑇{𝐺}}           (4) 

Using the definition of the Fourier Transform, this approach has 

a run-time of 𝑂(𝑁2). However, the Fast Fourier Transform 

(FFT) can be used to improve the run-time performance to be 

𝑂(𝑁 log 𝑁). For sufficiently large matrices, the overhead from 

computing the FFT will be insignificant compared to the 

performance improvement versus calculating convolution 

directly from its definition. 

A final property used to improve performance in this study 

is that the Fourier Transform is a separable operation [13,15]. 

That is, a multi-dimensional Fourier Transform can be 

separated into a series of one-dimensional Fourier Transforms. 

This can be derived from Equ. 2, as the exponential function 

can be split into independent functions of x and y, allowing for 

integration along the x-dimension to be performed 

independently of the y-dimension. The benefits of this relation 

are two-fold. First, we need only implement a one-dimensional 

Fourier Transform to perform the convolution. Second, as each 

one-dimensional transform will work with less data than a 

multi-dimensional transform, we would expect the one-

dimensional transforms to complete faster. 

III. METHODOLOGY 

This section will discuss the methodologies and algorithm 

used in this work. The algorithm design will be presented, 

followed by discussion of how certain aspects of the algorithm 

will be implemented on the SCC. This will be followed by a 

brief overview of the measurement and calculation schemes 

used to assess this work. 

A. Algorithm Design 

The algorithm developed for this study is an attempt to 

balance some known improvements for computing two-

dimensional convolution alongside the specific attributes of the 

SCC. A pseudo-code representation of the algorithm is 

presented in Figure 2.  



 
Figure 2. Pseudo-code of Convolution Algorithm 

The algorithm consists of eight repeated steps, which we will 

refer to as the program phases; these have been highlighted in 

bold in Figure 2. Note that due to the use of the Fourier 

Transform, all matrices are complex data, which we represent 

using one matrix to store the real part and another to store the 

imaginary part. This program is a mixed workload consisting of 

some sequential steps and some parallel steps. We use Core 00 

of SCC to control the process and perform the sequential 

operations of file input/output, partition, assemble, and 

transpose operations. In the partition operation, Core 00 uses 

message-passing to send sub-matrices to the other cores, while 

in the assemble operation the other cores send their submatrix 

results to Core 00. Forward and inverse Fourier Transforms as 

well as the complex multiplication are distributed across all 

cores involved in program execution. As discussed previously, 

we implement a one-dimensional Fourier Transform. By 

transposing the matrix after a row transform, we are able to use 

the same code to process the columns, as in [15]. By sending an 

entire row of data to each participating core, the core has all the 

data it needs to perform the transform and thus does not need to 

communicate with any other cores while performing the 

calculation. All phases use custom implementations of the 

desired operation. The FFT and IFFT implementations use an 

iterative version of the Cooley-Tukey algorithm [16], which 

was adapted for the SCC from a version presented in [17]. 

Table 1. Gear Settings 

Gear Voltage Frequency 

Idle 0.8 V 200 MHz 

Low 0.8 V 533 MHz 

High 1.1 V 800 MHz 

 

In addition to the message-passing interface, other SCC 

features are taken advantage of in this study as well. The most 

obvious one is the distribution of calculation steps across 

multiple cores. Cores are assigned not based on their numerical 

numbering, but based on their physical location in order to 

minimize the number of power domains used in each operation, 

in reference to Figure 1. We utilize three gear settings for 

testing our program on the SCC, where each gear is a distinct 

combination of voltage and frequency settings. Cores that are 

not active are placed in a low-power, idle state. In addition, 

execution is tested using high and low power gears, as shown 

in Table 1. Power domains are set statically at the start of 

program execution. 

B. Data Collection 

For this study, both execution time and average power data 

were collected for each program phase as well as for the entire 

program. Execution time was measured after every phase of the 

program as well as at the end of the SCC program, using the 

RCCE timing function [4]. Power measurement was done in the 

standard way for the SCC presented in [18]. 

From the execution time and average power measurements, 

energy consumed by the SCC can be estimated. The energy was 

calculated as the product of total execution time and average 

power: 

 𝐸 = 𝑇𝑒𝑥𝑒𝑐𝑃𝑎𝑣𝑔 (5) 

In addition to calculating the energy consumption with Equ. 5, 

we are also able to compute the energy-delay product (EDP). 

EDP is a metric that incorporates information about both the 

execution time and energy consumption of a program, which is 

a balanced measure of both the response time from the user 

point of view and energy saving from the system point of view. 

EDP is calculated as the product of energy and total execution 

time: 

 𝐸𝐷𝑃 = 𝑇𝑒𝑥𝑒𝑐𝐸 = (𝑇𝑒𝑥𝑒𝑐)2𝑃𝑎𝑣𝑔  (6) 

Beyond analyzing the complete program, we were also able to 

calculate the energy and EDP consumed by each program phase 

by measuring the execution time and power consumed by each 

phase and applying Equ. 5 and 6 to each phase. 

The program was tested for matrices of representative sizes 

of 64×64 and 128×128. These sizes were felt to be reasonable 

to represent large image processing filter kernels. The program 

was also tested using various numbers of cores to explore the 

tradeoffs between parallel calculation and the overhead from 

the increased communication required as the number of cores 

increases.  

IV. RESULTS 

First, results for the entire program will be presented. This 

will be followed by a presentation of results for specific phases 

of the program. The program was tested with configurations 

using 1, 2, 4, 8, 16, 32, and 48 cores. 

A. Results for Entire Program 

Execution time, power, energy, and EDP trends were 

calculated for the entire program as a function of the matrix size 

as well as the number of cores. The trends for the low gear 

setting are shown in Table 2 and Table 3 for the 64×64 and 

128×128 matrices, respectively; while the higher gear data for 

the 64×64 matrix is shown in Table 4 with the 128×128 matrix 

results in Table 5. As would be expected, in an identical 

configuration the high gear has better execution time, while the 

low gear has the better power reading. The results also show 

evidence of a communication bottleneck, indicated by the trend 

for execution time to increase as the number of cores increases. 

1. Load A and B from memory 

2. Partition A and B across N cores 

3. Each core calculates row FFT of 1/N rows of A and B 

4. Assemble 𝐶 = 𝐹𝑇{𝐴} and 𝐷 = 𝐹𝑇{𝐵} 

5. Compute transpose 𝐸 = 𝐶𝑇 and 𝐹 = 𝐷𝑇 

6. Partition E and F across N cores 

7. Each core calculates row FFT of 1/N rows of E and F 

8. Each core calculates 1/N rows of complex multiplication 𝐺 = 𝐸 ∙ 𝐹 
9. Each core calculates row IFFT of 1/N rows of G 

10. Assemble 𝐻 = 𝐹𝑇−1{𝐺} 

11. Compute transpose 𝐼 = 𝐻 

12. Partition I across N cores 

13. Each core calculates row IFFT of 1/N rows of I 

14. Assemble 𝐽 = 𝐹𝑇−1{𝐼} 
15. Save J to memory 



In the absence of communication delays, we would expect that 

increasing the number of cores would reduce execution time. 

This issue will be discussed in more detail in the following 

subsection. 

Different trends are observed for energy and EDP. For the 

smaller matrix size of 64×64, the lower gear always consumes 

less energy. In terms of EDP, the lower gear is slightly better 

when using a single core, while the reduced execution time of 

the higher gear results in better EDP reading when using 

multiple cores. For the larger matrix size of 128×128, the lower 

gear has better energy performance except when all 48 cores 

are active, at which point the higher gear consumes less energy. 

For the 128×128 matrix, the EDP performance is typically 

better with the higher gear. An exception occurs for the 16-core 

case, where the EDP of the lower gear is 1.3 J∙s less than the 

higher gear scenario. In general, the reduced execution time of 

the higher gear allows for optimization of EDP performance, 

while the reduced power consumption of the lower gear allows 

for optimization of energy consumption.  

B. Results for Program Phases 

For each program phase, the percentage of total execution 

time spent in that phase was calculated. Performance trends for 

energy and EDP were also calculated for each phase. The 

program phases can be grouped into three categories:  

 Communication phases consisting of partition and 

assemble;  

 Calculation phases consisting of FFT, transpose, 

multiply, and IFFT;  

 File input/output phases consisting of load and 

save. 

Table 2. Low gear performance on 64×64 matrix 

Cores 𝑇𝑒𝑥𝑒𝑐 (s) 𝑃𝑎𝑣𝑔 (W) 𝐸 (J) 𝐸𝐷𝑃 (J∙s) 

1 0.28 28.20 7.86 0.59 

2 0.37 28.32 10.41 0.91 

4 0.46 28.16 12.92 1.62 

8 0.60 29.90 17.73 3.63 

16 0.83 31.85 26.37 10.14 

32 1.29 36.35 46.89 43.88 

48 2.39 36.68 90.14 185.75 

Table 3. Low gear performance on 128×128 matrix 

Cores 𝑇𝑒𝑥𝑒𝑐 (s) 𝑃𝑎𝑣𝑔 (W) 𝐸 (J) 𝐸𝐷𝑃 (J∙s) 

1 1.12 28.14 31.59 11.86 

2 1.43 28.27 40.72 15.33 

4 1.79 28.56 50.19 25.53 

8 2.30 29.86 68.81 54.76 

16 2.69 31.73 85.66 132.61 

32 5.22 36.41 190.08 619.82 

48 12.25 36.78 456.69 3013.46 

 

 

 

 

Table 4. High gear performance on 64×64 matrix 

Cores 𝑇𝑒𝑥𝑒𝑐 (s) 𝑃𝑎𝑣𝑔 (W) 𝐸 (J) 𝐸𝐷𝑃 (J∙s) 

1 0.25 46.43 11.67 0.77 

2 0.27 48.06 12.96 0.82 

4 0.33 49.23 16.43 1.45 

8 0.43 52.93 22.65 3.31 

16 0.61 59.47 36.18 10.03 

32 0.97 71.83 69.86 42.10 

48 1.54 73.44 116.66 136.30 

Table 5. High gear performance on 128×128 matrix 

Cores 𝑇𝑒𝑥𝑒𝑐 (s) 𝑃𝑎𝑣𝑔 (W) 𝐸 (J) 𝐸𝐷𝑃 (J∙s) 

1 0.83 46.35 38.59 10.13 

2 1.02 48.12 48.93 12.88 

4 1.25 49.37 61.80 21.76 

8 1.61 52.87 84.96 45.98 

16 2.25 59.52 133.03 133.92 

32 3.63 71.91 260.32 583.54 

48 5.66 73.53 428.38 1816.03 

 

As a representative example, the percentage of execution 

time for each phase for the high gear operating on the 128×128 

matrix is shown in Table 6. The trends for the other 

configurations are very similar to this example, which would be 

expected as the percentage of execution time should be 

independent of the gear setting. Several interesting 

observations can be made from the data in Table 6. For a small 

number of cores, the file input/output operations occupy the 

majority of the execution time. As desired, the execution time 

spent on the calculation steps decreases as the number of cores 

is increased. The communication phases of partition and 

assemble dominate execution time when 4 or more cores are 

used for this application. In particular, the partition step 

consumes at least 50% of execution time for 8 or more cores, 

as execution is essentially halted until Core 00 has been able to 

distribute all of the data to the other cores. From another 

perspective, for 8 or more cores, the parallel calculation steps 

occupy 1% or less of the execution time. This suggests that the 

program is not utilizing the message-passing architecture as 

well as it could be, as the current implementation results in a 

communication bottleneck which dominates execution time. 

This is in contrast to Pippig’s algorithm, where message-

passing was used without any significant communication 

bottleneck [10]. Alternative communication approaches are 

discussed in Section V as a possible area of future work. 

Table 6. Percentage of Execution Time for Phases at High Gear 

 Number of Cores 

 1 2 4 8 16 32 48 

Load 19.25 14.01 10.95 8.52 6.26 3.80 2.47 

Partition 10.31 26.48 37.77 49.45 63.15 77.19 85.78 

FFT 5.38 2.20 0.92 0.66 0.16 0.06 0.03 

Assemble 6.07 13.84 14.51 12.83 9.97 6.27 4.12 

Transpose 4.58 3.73 2.99 2.32 1.67 1.02 0.66 

Multiply 0.43 0.12 0.05 0.03 0.01 <0.01 <0.01 

IFFT 3.15 1.28 0.55 0.50 0.11 0.05 0.02 

Save 50.82 38.36 32.27 25.71 18.66 11.60 6.92 

 



The energy and EDP trends are summarized for each of the 

three categories of phases: communication, calculation, and file 

input/output. As before, the high gear always optimizes 

execution time for a given phase, while the low gear always 

optimizes power consumption. The high gear energy and EDP 

have been normalized against the low gear energy and EDP for 

comparison purposes in this section. That is to say, relative 

values less than one indicate that the high gear has better 

performance, while values greater than one indicate that the low 

gear has the better performance. The relative energy and EDP 

trends for the 64×64 matrix are shown in Figure 3 and Figure 

4, respectively, with the trends for the 128×128 matrix shown 

in Figure 5 and Figure 6, respectively.  

 

Figure 3. Relative energy trends for 64×64 matrix 

 

Figure 4. Relative EDP trends for 64×64 matrix 

For the 64×64 matrix, energy consumption in every phase is 

minimized by using the lower gear, similar to the result 

observed across the entire program. In order to minimize EDP 

for a 64×64 matrix, from Figure 4 it appears that the low gear 

should be used for all calculation steps with the high gear used 

for all communication steps. This makes intuitive sense given 

that the communication steps are consuming the majority of the 

execution time and thus contribute more significantly to the 

EDP than any other phase. The file input/output phases for the 

64×64 matrix follow a more complicate pattern, in which EDP 

is minimized by using the low gear for a single core as well as 

when 32 or 48 cores are used. This is believed to be due to the 

fact that while Core 00 is performing the file operations, the 

other cores are essentially doing nothing and should be set into 

the lowest possible gear in order to reduce power consumption.  

 

Figure 5. Relative energy trends for 128×128 matrix 

 

Figure 6. Relative EDP trends for 128×128 matrix 

The results for the 128×128 matrix are similar, with energy 

almost always minimized by using the low gear as shown in 

Figure 5. An exception occurs for the file input/output phase 

when using 48 cores; this exception requires further 

investigation. The EDP trends for the 128×128 matrix shown in 

Figure 6 are also similar to the 64×64 matrix trend, with EDP 

of communication phases minimized in high gear and 

calculation phases minimized in the low gear. With the 

exception of the 16-core case, the EDP of the file input/output 

phases is also minimized in the high gear. This implies that for 

a larger matrix size, the reduced execution time from operating 

in the higher gear has more of an impact on the EDP than the 

increased power consumption. The 16-core case requires 

further investigation to determine why there is such a dramatic 

increase in the EDP. 

 



V. DISCUSSION 

In this section implications of the preliminary results will be 

discussed. Following this, a few areas for potential future work 

will be described. Finally, a possible application for this study 

will be presented that is tolerant of the current limitations. 

A. Optimal Configurations 

This subsection will briefly present the optimal 

configurations determined from the data collected for both the 

entire program and the different program phases. When looking 

at the entire program, in order to minimize energy consumption 

it is typically best to run in the low gear. An exception occurs 

when using 48 cores to process 128×128 matrices. On the other 

hand, when attempting to minimize EDP it is best to run in the 

high gear. The case of 16 cores operating on a 128×128 matrix 

offers an exception where the EDP of the high gear is 

approximately the same as the EDP of the low gear. These 

trends show that the increased power consumption of the high 

gear drives up its energy consumption, while the reduced 

execution time allows for a reduction in EDP. 

The results for the individual program phases can also be 

used to optimize performance in terms of energy or EDP. In 

general, the low gear should be used on all phases in order to 

minimize the energy consumption. The EDP performance 

follows a more complicated pattern. The communication 

phases of partition and assemble should always be run in the 

high gear in order to reduce EDP; this suggests that the 

reduction in execution time of these phases is much more 

significant than their increased power consumption. The 

calculation phases require such a small percentage of the 

execution time that they can be run in the low gear in order to 

minimize EDP, showing that the power consumption is a more 

important consideration for the calculation phases than the 

execution time. Finally, the EDP trend for the file input/output 

phases follows a slightly more complicated trend. The low gear 

minimizes EDP for the file input/output phases using a 64×64 

matrix when the program is executed on 32 or more cores. The 

high gear minimizes EDP for the 64×64 matrix when using 

fewer than 32 cores as well as for the larger 128×128 matrix, 

regardless of the number of cores. This suggests that the 

interaction between power consumption and execution time is 

more complicated for the file input/output phases than for the 

communication or calculation phases. Nonetheless, this 

information can be used to generate an optimal configuration in 

terms of energy or EDP for a specific matrix size and a specific 

number of cores. 

B. Future Work Ideas 

The current program was developed as a proof-of-concept to 

explore the two-dimensional convolution problem and could 

potentially be improved. A significant area for future work 

would be to improve the communication structure used in this 

program. It was observed in the phase analysis that the 

communications phases become a bottleneck for a large number 

of cores. This is because Core 00 writes one piece of data at a 

time into its MPB, and then waits for the desired core to read 

this data. This sequential communication structure will greatly 

limit the potential execution time improvement of the parallel 

sections of the program as per Amdahl’s Law [19]. Recently, 

an improved version of RCCE, named iRCCE [20], has been 

released. The iRCCE is the non-blocking communication 

extension to the RCCE library for SCC. It could reduce the 

communication overhead caused by RCCE during program 

execution, which is the subject of our next phase work. Another 

approach is to form a tree-structure among cores during data 

distribution. For example, Core 00 could initially distribute 

larger pieces of data to the master core in each power domain, 

which could then distribute to the remaining cores within each 

domain. Another option might be for each core to initially load 

its own input data and to write its own output file at the end of 

program execution. These separate output files could be 

combined together into a single output file later. This approach 

would remove the communication phases following the load 

operation and preceding the save operation, but would not offer 

any improvement to the other communication operations. 

Alternatively, a completely different approach could be taken, 

such as the lookup table based copy operation detailed in [21]. 

Other future work areas would help to move this work from 

a proof-of-concept state into something closer to an eventual 

application. In image processing, a filter kernel is typically a 

different size than the image to which it is applied, implying 

that one modification to the program would be to operate on 

matrices of different sizes. In addition, the filter kernel is 

typically applied to different regions of the image in order to 

achieve complete coverage, suggesting that the current work 

could be adapted to represent a function performing 

convolution of a filter kernel with a subsection of an image. An 

additional function could be written to iterate across the entire 

image, repeatedly performing the convolution operation 

designed in this work. Finally, the program’s memory 

utilization could be improved by either performing more 

operations in place or using the RCCE dynamic memory 

allocation functions instead of static allocation [4]. 

C. Possible Application Space 

Although this study presently has a number of areas that 

could potentially be improved, it is still possible to see an 

application space for the current implementation. There is a 

common technique in image processing and computer vision in 

which a scaled representation of an image is generated, where 

each scaled representation has dimensions one-half of the 

previous scale [11]. This is also called creating a “Gaussian 

pyramid.” This is done to generate images that contain some of 

the information of the original, larger image but can be 

processed more easily due to their reduced size. These are 

commonly used in applications termed “early vision”, where 

some rudimentary processing or filtering is applied to 

determine regions of potential interest in the image. These 

regions can then be processed in more detail in the larger scales. 

As the current implementation has been shown to work 

properly on small matrices, it could be an ideal candidate for 

processing the lower scale images of a Gaussian pyramid in a 

distributed way. 



VI. CONCLUSIONS 

This work presents a proof-of-concept for implementing 

two-dimensional convolution on Intel’s Single-Chip Cloud 

Computer. The program was run using two gears to assess 

overall performance as well as individual performance of the 

eight program phases. It was found that the message-passing 

architecture results in a severe communications bottleneck as 

the number of cores is increased, such that the gains from 

distributed calculations are outweighed by the additional time 

spent on communications. It was also determined that the 

program should be run in the lowest gear possible in order to 

minimize energy consumption. On the other hand, the 

optimization of EDP requires consideration of the different 

program phases. For calculation phases, the program should be 

run in a low gear such that power consumption is reduced; 

while it should be run in a higher gear for the communication 

and file input/output phases such that execution time is reduced. 

Plans exist to explore the communications bottleneck and 

implement more advanced features. Even in the current state, 

this work could be applied to early vision analysis of low scale 

images in a Gaussian pyramid. Future work will aim to expand 

the application space for this study. 
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