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Green: Power Efficiency

• Systems which are

• Embedded

• Portable

• Power constrained

• Cooling constrained
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NVIDIA ION 
(GeForce 9400)

Multiprocessors 30 2

Cores 240 16

Clock Rate 1.3 GHz 1.1 GHz

Memory
1GB

(device)
256MB
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GTX 280 ION

CPU Xeon e5405 x2 Atom 230

Cores 8 2

Clock Rate 2 GHz 1.6 GHz

Memory 4GB 3GB
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• OS: Linux

• Distribution: Ubuntu Hardy

• CUDA SDK 3.0

• GCC 4.2: all optimizations enabled
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Tested Applications
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• Tested 4 dwarfs

• N-Body

• Structured grid

• Dynamic programming

• Dense linear algebra
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N-Body: GEM

• Application

• Molecular dynamics

• Computes electrostatic potential along 
the surface of macromolecules

• Signature

• Compute intensive
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GEM: Signature
All-Pairs Vertices (ɸi) <-> Atoms (qi)
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Structured Grid:
SRAD

• Application

• Image cleanup

• Used to smooth sonic and radar imagery 
without losing important detail

• Signature

• Kernel launch intensive

35

35Friday, September 17, 2010

http://synergy.cs.vt.edu
http://synergy.cs.vt.edu


http://synergy.cs.vt.edu

SRAD: Signature

36

YU AND ACTON: SPECKLE REDUCING ANISOTROPIC DIFFUSION 1267

Fig. 2. Simulated data (a) backscatter cross section distribution (b) simulated
image (imaging parameters: MHz, , and ).

imaged to be represented by a scattering function, , the
raw (“RF”) data is governed by [4]

(62)

where denotes spatial convolution. accounts for
acoustic impedance inhomogeneities in the object due to
density and speed perturbation that generates the scattering,
and is the point spread function or impulse response
of a hypothetical ultrasound imaging system. We assume that

is separable, i.e., where
is a Gaussian-weighted sinusoidal function (a Gabor function)
determined by

(63)

where , is the speed of sound in tissue, is the
center frequency, and represents the pulse-width of trans-
mitting ultrasonic wave. The second term is the spatial
response for the transmitting and receiving aperture determined
by

(64)

where represents the beam-width of transmitting ultrasonic
wave. So, (62) can be computed by using two sequential 1-D
convolutions: .
A realistic biomedical model would include subresolution

variations in object impedance from an average value. There-
fore, in our test, we employ the following scattering model:

(65)

where is the echogenicity model (or ultrasound cross
section distribution) of the object being imaged, is a
Gaussian white noise field with zero mean and some variance.
Specifically, a carotid artery echogenicity model for
is employed in our experiments as illustrated in Fig. 2(a). We
chose the carotid artery as a prototypical experiment, because
it is an application in which precise segmentation/boundary
detection is required. The arterial wall thickness and the
diameter of the artery reveal important parameters concerning
diseases such as artheroschlerosis.
Since is a bandpass signal, we express it in quadra-

ture representation [1]

(66)

where is the Hilbert transform of with respect
to . Finally, we create an envelope-detected amplitude image
(representing echo magnitude) given by

(67)

TABLE I
CAROTID ARTERY MODEL PARAMETERS

The simulated ultrasound image corresponding to Fig. 2(a) is
shown in Fig. 2(b). The image is log-compressed for display,
and the size of the image is 128 128 pixels.

B. Criteria for Quantifying Algorithm Performance
In our experiments, we are quantifying the algorithm perfor-

mance in terms of edge preservation, mean preservation in a
homogenous region and variance reduction in a homogeneous
region.
1) Edge Preservation: To compare edge preservation per-

formances of different speckle reduction schemes, we adopt the
Pratt’s figure of merit [16] defined by

(68)

where and are the number of detected and ideal edge
pixels, respectively, is the Euclidean distance between the th
detected edge pixel and the nearest ideal edge pixel, and is
a constant typically set to 1/9. ranges between 0 and 1,
with unity for ideal edge detection.

strongly depends on what method is used to obtain a
binary edge map. Instead of using different edge detector that
maximizes for each despeckle scheme, we apply the
same detector, the Canny detector [5], to provide a fair compar-
ison of algorithms. To avoid oversmoothing due to the detector
itself, we let the standard deviation of the Gaussian kernel in
the Canny detector be . Note that edge detection is per-
formed on the processed intensity data, not upon the processed
log compressed data (used for display). The ideal edges are ex-
tracted by applying the Canny detector with to the carotid
artery model as shown in Fig. 2(a). The resulting ideal edges are
close to manually delineated edges from the synthetic image.
2) Mean Preservation and Variance Reduction: The mean

preservation and fluctuation reduction in homogeneous region
are measures of success in terms of radiometric estimation. A
successful speckle reducing filter will not significantly alter the
mean intensity within a homogeneous region. Likewise, the ef-
fective speckle-reducing filter will reduce the variation within
each homogeneous region. We compute and compare the mean
and standard deviation over three different regions in our carotid
artery simulation: within the artery, within the vessel wall and
within fat/muscle regions.

C. Results
1) Simulation Results: Here, we present three sets of exper-

imental results using three carotid artery echogenicity models
that are parameterized as in Table I. In this table , and
denote the mean values of the ultrasound cross sections of

1268 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 11, NO. 11, NOVEMBER 2002

Fig. 3. (a)–(d) Filtered images using En-Lee, En-Frost., AD-Homomorph, and
SRAD. In each case, the image displayed in Fig. 2(b) is the input image.

the artery interior, the muscle/fat region and the vascular wall,
respectively. is the variance of the Gaussian fluctuation
around mean cross sections, and Tilt denotes the orientation of
the artery with respect to the horizontal direction.
Fig. 2(b) shows the simulated noisy image used in experiment

I. Fig. 3 shows the smoothed images in experiment I, processed
by using four speckle reduction schemes: enhanced Lee filter
[12], enhanced Frost [12], anisotropic diffusion-based homo-
morphic filtering (denoted by “AD-homomorph” in the results),
and SRAD, respectively.When applying the enhanced Lee filter
(En-Lee) and enhanced Frost filter (En-Frost), the input data are
intensity images, and the window sizes are set to 7 7 pixels.
To compare SRAD to conventional anisotropic diffusion [15],
we implemented diffusion in a homomorphic manner, since the
conventional algorithm cannot eliminate multiplicative noise.
The anisotropic diffusion-based homomorphic filtering is per-
formed as follows: first we take the logarithmic transform of
input data; then, we apply anisotropic diffusion [see (1) and (3)],
and then compute the exponential point operation of the diffused
data. In implementing the homomorphic anisotropic diffusion,
we used a fixed number of iterations ( 150) and a fixed time
step ( 0.1). To achieve the best results, we chose scaling factor

for synthetic data and SAR data, and for real ultra-
sound data in (3). SRAD, in contrast, is applied directly to the
intensity data. With SRAD, the diffusion coefficient is chosen
as (33), the time step size is set to , and the number
of iterations applied is 300.
Table II summarizes the mean preservation and variance re-

duction performance of the four filtering schemes in three exper-
iments. In each experiment, the mean and standard deviations of
three test areas are computed for each filtering scheme. The test
areas are chosen in the artery interior (area I), the muscle/fat re-
gion (area II) and vessel wall region (area III).
Table III summarizes the edge preservation performance of

the four filtering techniques in the three experiments.
These quantitative results show that the SRAD can elimi-

nate speckle without distorting useful image information and
without destroying the important image edges. In each exper-
iment, SRAD outperformed the conventional speckle reducing
filters and the conventional anisotropic diffusion algorithm in
terms of edge preservationmeasured by the Pratt figure of merit.
In nearly every case in every homogeneous region, SRAD pro-
duced the lowest standard deviation and were able to preserve
the mean value of the region. The numerical results are further
supported by qualitative examination (see Fig. 3, for example).

2) Real Image Results: A real ultrasonic image (128 128
pixels) of a human cartoid artery is shown in Fig. 4(a). The data
was acquired using a LOGIQ 700 MR ultrasonic scanner man-
ufactured by GE Medical Systems. During the data acquisition,
the baseband complex echo signal was recorded. The real ultra-
sound image is taken as the amplitude of the baseband complex
data set with time gating compensation for attenuation losses.
Fig. 4(b)–(e) shows the smoothed images given by the four fil-
ters tested on the synthetic data. Note the smoothness of the ho-
mogeneous regions and the sharp, strong edges given by SRAD.
The only negative feature of the SRAD result that is observ-
able qualitatively is the slight broadening of the vessel walls.
SRAD was implemented in Matlab (Mathworks, Natick, MA)
and achieved a processing rate of 40 msec/iteration for a 128
128 image on a PC with a Pentium 4 (1.7 GHz) processor.
Fig. 5(a) shows a HH polarized 4-look SAR image of a cen-

tral area in Hong Kong, China. The image data set was ac-
quired by the NASA SIR-C L band polarimetric SAR system.
Fig. 5(b)–(e) shows the smoothed images of the four filters when
applied to the test data set. For AD-Homomorphic, and SRAD,
the diffusion is stopped automatically when the residual error,
defined as the mean square error of images between two itera-
tions is smaller than 0.01.
From Fig. 5, it may be observed qualitatively that the con-

ventional anisotropic diffusion cannot preserve salient features
in the presence of speckle. The En-Lee filter and the En-Frost do
reduce speckle but blur details. The proposed technique, SRADs
gives the best performance in terms of smoothing noise and pre-
serving edges at various scales. This SAR example is a dramatic
exhibition of the improvement made possible by the PDE ap-
proach.
For all the results shown in Fig. 5(b)–(e), it appears that the

linear features at the bottom of the image in Fig. 5(a) have
beenmarkedly degraded or lost. Essentially, features at the same
scale as the speckle will be eliminated by all of the speckle re-
ducing algorithms shown (Lee, Frost, SRAD) and will be also
degraded by the conventional diffusion algorithm. The major
region boundaries, however, are preserved, especially by the
SRAD technique. Although this processed SAR result is purely
qualitative, it shows promise for SRAD as a general-purpose
speckle reducing filter.

V. CONCLUSIONS

In this paper we have developed a nonlinear anisotropic dif-
fusion technique, speckle reducing anisotropic diffusion, for re-
moving multiplicative noise in imagery. Unlike other existing
diffusion techniques [2] that process log-compressed data, our
technique processes the data directly in order to preserve useful
information in the image. We have shown that with a special
window, both the Lee filter and the Frost filter (which are com-
monly used for filtering SAR imagery) can be cast into the
framework of a diffusion method. This observation has directed
us to formulate a new adaptive edge-preserving PDE (in contin-
uous image domain) tailored to speckled imagery. The SRAD
PDE exploits the instantaneous coefficient of variation in re-
ducing speckle. The performance figures obtained by means
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Dynamic Programming:
Needleman Wunsch (NW)
• Application

• Sequence alignment

• NW performs a global alignment 
between two sequences, usually DNA

• Signature

• Synchronization intensive
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NW: Signature

38

G A A T T C A

G 1 1 1 1 1

G 1 1 1 1

A 1 1 2

T 1 2

C 1

G

38Friday, September 17, 2010

http://synergy.cs.vt.edu
http://synergy.cs.vt.edu


http://synergy.cs.vt.edu

Dense Linear Algebra:
K-Means

• Application

• Clustering

• Uses iterative refinement to cluster items 
in a space

• Signature

• PCI-E Memory transfer intensive
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K-Means: Signature
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Results
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Xeon SMP GTX 280 ION
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• Common circuit design metric

• EDP = (joules) * (seconds)
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Conclusions

• GPUs are “Green” for some applications

• Discrete GPUs are highly efficient 
according to EDP

• Integrated GPUs are highly efficient 
according to total energy consumption

• Integrated and low-power GPUs are viable 
options for power constrained systems
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• Traditional embedded accelerators

• Expand into OpenCL testing

• Investigate clustering low-power GPUs
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