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ABSTRACT 
 
Three-dimensional ultrasonic imaging, especially the emerging real-time version of it, is particularly valuable in 
medical applications such as echocardiography, obstetrics and surgical navigation. A known problem with 
ultrasound images is their high level of speckle noise. Anisotropic diffusion filtering has been shown to be effective 
in enhancing the visual quality of 3D ultrasound images and as preprocessing prior to advanced image processing. 
However, due to its arithmetic complexity and the sheer size of 3D ultrasound images, it is not possible to perform 
online, real-time anisotropic diffusion filtering using standard software implementations. We present an FPGA-
based architecture that allows performing anisotropic diffusion filtering of 3D images at acquisition rates, thus 
enabling the use of this filtering technique in real-time applications, such as visualization, registration and volume 
rendering.  
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1. INTRODUCTION 
 
Three-dimensional ultrasonic imaging is emerging as an important clinical tool because of its relatively low cost, 
real-time capability, portability and lack of ionizing radiation. Current applications of real-time 3D ultrasound 
include echocardiography and surgical navigation. A known problem with ultrasound images is their high level of 
speckle noise. An example of the results of anisotropic diffusion filtering of a 3D ultrasound image of the prostate is 
shown in Figure 1. Anisotropic diffusion filtering has been shown to be effective in enhancing the visual quality of 
ultrasound images and as preprocessing prior to advanced image processing [1-4]. However, due to its arithmetic 
complexity and the sheer size of 3D ultrasound images, it is not possible to perform online, real-time anisotropic 
diffusion filtering using standard software implementations. 

 
Anisotropic diffusion filtering is an iterative process in 
which an image is progressively smoothed while trying to 
preserve significant edges. Each iteration of the 
anisotropic diffusion algorithm is normally executed in 
three steps: (1) Gaussian smoothing, (2) calculation of 
derivatives and diffusion coefficients and (3) calculation 
of the new voxel intensity values. Previous efforts to 
accelerate nonlinear diffusion filtering used parallel 
processing architectures [5, 6], acceleration through 
graphics hardware [7] and analog hardware [8, 9]. We 
present an FPGA-based architecture that, using a single 
FPGA device with dual memory buses, achieves 
anisotropic diffusion filtering rates approximately 

 
 (a) (b) 
 
Fig. 1. (a) Example ultrasound image of the prostate. (b) 
After anisotropic diffusion filtering. 
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equivalent to those previously achieved by a 256-processor cluster [6]. Our implementation employs two parallel 
100 MHz, 32-bit external SDRAM modules to store the original and filtered images and is able to calculate 24 
iterations per second for images of size 128x128x128 voxels. Faster speeds of up to 96 iterations per second are 
attainable using wider DDRAM memories.  
 
Our architecture performs all three steps of anisotropic diffusion filtering in parallel using a pipeline that operates on 
7×7×7 voxel neighborhoods. For each 7×7×7 voxel neighborhood, a 5×5×5 Gaussian kernel is applied to the center 
value and its 6-connected neighbors. The results are used in the next stage to compute the corresponding derivatives. 
Calculation of diffusion coefficients is performed using LUTs. The last step is implemented using a multiply-add 
accumulator. 
 
Our architecture takes advantage of the symmetries present in the Gaussian kernel to minimize the number of 
multipliers, thus requiring only 10 constant multipliers for a 5×5×5 Gaussian filter. Furthermore, being able to 
calculate all steps of the algorithm in a pipelined fashion for each individual voxel neighborhood minimizes the 
memory requirements, since no memory is needed to store the intermediate Gaussian-filtered image. Image access is 
optimized by using a brick buffering approach.. Our architecture allows the use of anisotropic diffusion filtering as a 
preprocessing step for real-time segmentation, registration and visualization of 3-D ultrasound images, thus 
enhancing the robustness and usefulness of those algorithms.   
 
 

2. ARCHITECTURE 
 
2.1 Algorithm 
The nonlinear anisotropic diffusion algorithm for edge-preserving image smoothing was first proposed by Perona 
and Malik [10]. For a 3D image I of intensities I (v , t) , where v  is a vector in the 3D space and t a given point in 
time, the diffusion process is described by the following equation: 
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where c is called the diffusion coefficient, and has a value between zero and one. In general, the diffusion coefficient 
is defined as a function of the image gradient (i.e. c = f (∇ I)). For noisy images, Whitaker and Pizer [11] showed 
that gradient estimates taken from the image itself tend to be unreliable, and proposed instead the use of a Gaussian-
filtered version of the image to calculate the gradient values. The proposed Gaussian filter has a standard deviation 
σ(t) that decreases as the time t increases, thus resulting in a multi-scale approach. Dorati et al [1] showed the 

 
 
Fig. 2. Pipeline block diagram 
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usefulness of Whitaker and Pizer’s approach to 3D ultrasound image preprocessing. The diffusion coefficient is then 
defined as: 
 
 ( )( ) ( )( )tvItGfc ,⋅∇= σ . (2) 

 
Several diffusion functions have been proposed in the literature. The two most widely used are: 
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The parameter K adjusts the levels at which edges are diffused or preserved. The discrete expression for the filter is: 
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The integration constant ∆t affects the stability of the diffusion process. Gerig et al. [12] calculated maximum values 
for ∆t for different neighborhood structures. In this case diffusion is calculated in a 3-D space with 6-connectedness, 
which, according to [12], corresponds to a maximum ∆t value of 1/7. 
 
2.2 Pipeline 
The block diagram of the filter pipeline is shown in Figure 2. The input and output images are stored in two external 
memory banks. The direction of the dataflow between the memory banks can be selected to allow executing 
consecutive iterations without copying data between the memories.  
 
The filtering pipeline operates on 7×7×7 voxel neighborhoods. On each clock cycle the input data buffers feed a 7×7 
voxel neighborhood slice into the pipeline. The center voxel intensity value is passed to the Delay Element for 
accumulation at the end of the pipeline as per Equation (5). The 3×3 voxel neighborhood located at the center of the 
incoming 7×7 neighborhood is passed to the Gradient Calculator, which calculates ∇ I (v , t)  to be used in Equation 
(1). The Gaussian Filter module calculates the Gaussian-filtered values of the 3×3 voxel neighborhood and passes 

 
 
 
Fig. 3. Typical voxel access pattern for anisotropic diffusion filtering and neighborhood operations 
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