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ABSTRACT

Imaging time can be reduced using despeckled tomograms, which have similar image metrics to those obtained
by averaging several low speed tomograms or many high speed tomograms. Quantitative analysis was used to
compare the performance of two speckle denoising approaches, algorithmic despeckling and frame averaging, as
applied to retinal OCT images. Human retinal tomograms were acquired from healthy subjects with a research
grade 1060nm spectral domain UHROCT system with 5μm axial resolution in the retina. Single cross-sectional
retinal tomograms were processed with a novel speckle denoising algorithm and compared with frame averaged
retinal images acquired at the same location. Image quality metrics such as the image SNR and contrast-to-noise
ratio (CNR) were evaluated for both cases.
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1. INTRODUCTION

Optical coherence tomography (OCT) is a minimally invasive imaging technique, based on low-coherence interfer-
ometry, that utilizes the spatial and temporal coherence properties of optical waves backscattered from biological
tissue. Since OCT is based on detection of partially coherent light, speckle noise is an inherent component of
any OCT tomogram.

The presence of speckle noise results in granular appearance of the image, which in turn can obscure small or
low reflectivity features, thus degrading the image quality. Furthermore, it can impede or limit the performance
of image segmentation and pattern recognition algorithms that are used to extract, analyze, and recognize
diagnostically relevant features.

Both algorithmic (i.e. filtering techniques or anisotropic diffusion) and hardware (i.e. frequency or angular
compounding) approaches have been used the past to reduce speckle noise in OCT images. The first approach
requires processing time that is considerably longer than the acquisition time of a single cross-sectional OCT
tomogram therefore, it is currently unsuitable for real time viewing of processed OCT images. The second
approach adds to the complexity of the OCT system design and image acquisition procedure.

A simpler approach to speckle noise reduction that can be applied in real time is frame averaging, which
comprised acquisition of multiple cross-sectional OCT images from the same location in the imaged object and
subsequent registration and weighted summation of the frames. Although this approach has proven useful in
improving the overall image quality of OCT tomograms as viewed in real time, it has a few significant drawbacks:
a) the acquisition of N frames at the same sample location increased the overall image acquisition time by a
factor of N; and b) in the presence of fast sample motion, the averaging of the multiple frames needs to be
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preceded by image registration, which is time consuming and its precision is strongly dependent on the type and
magnitude of the sample motion. Imprecise registration of a limited number of images can result in blur of the
frame-averaged tomogram, which will reduce the visibility of fine morphological features in the image.

The earliest speckle reduction methods employ linear filtering strategies,4–6 which are effective at suppressing
speckle but also significantly degrades important image detail. Subsequent methods employed more advanced
nonlinear strategies such as adaptive median filtering,7 maximum a posteriori (MAP) estimation,8 and anisotropic
diffusion.9,10 These methods provide good speckle reduction capabilities and better detail preservation than the
earlier methods, but still suffer from degradation in fine image detail. More recently, multiscale methods based
on manipulating wavelet coefficients11,12 have proven to provide more effective speckle reduction as well as detail
preservation by considering details at different scales.

Here we present a quantitative comparison between image despeckling and frame averaging approaches to
processing retinal OCT tomograms. The results from this study could serve as a guide to the conditions under
which one or the other image processing approach would be optimal for retinal OCT tomograms.

2. METHODS

All human retina tomograms used in this project were acquired with a high speed 1060nm ultra-high resolution
optical coherence tomography (UHROCT) system,1 based on a compact fiber optic Michelson interferometer,
connected to a superluminescent diode, SLD (Superlum Ltd., λc = 1020nm, Δλ = 110nm). The UHROCT
system provided 5μm axial and 10μm lateral resolution in retinal tissue and 95dB SNR at 92,000 A-scans/s
image acquisition rate, for 1.5mW power of the imaging beam at the cornea. Up to 30 cross-sectional 2D images
were acquired from the same location in the retina, in-vivo from the fovea and optic nerve head of healthy human
subjects. The imaging procedure was approved by the University of Waterloo Human Ethics Committee.

Composite images are created by averaging each set of tomograms that are obtained from imaging the same
retinal location. Each tomogram in the set was manually aligned by displaying an alternating pattern of the
candidate tomogram against a reference tomogram; the two tomograms would alternatively flicker in a display.
A user can adjust the translation offset in the x and y direction of the imaging plane and could rotate the
candidate tomogram about a desired pivot point to a specified angle. The user can manipulate the parameters
until no significant motion, due to flickering, is observed. At this time, the user indicates that the candidate
tomogram has been aligned with a reference tomogram and continues to align the remaining images in the set.
While automated registration algorithms exist, this manual method was selected because it allows the expert user
to accurately align the images without the biases associated with automated algorithms. Existing automated
registration algorithms may be inappropriately applied to retinal alignment if their underlying assumptions are
not clearly understood. This study assumes that an accurate registration is somehow obtained. Composite
images are generated using groups of 2, 5, 10, 15, 20, 25 and 30 tomograms obtained from imaging the same
retinal location.

The composite images are then compared to the results of despeckling a single tomogram using a novel
algorithm.2 In that algorithm, the image is projected into the logarithmic space, and the speckle reduction
problem is formulated as a general Bayesian least squares problem. Based on this formulation, an estimate of
the speckle-free image is computed based on a conditional posterior sampling strategy.

The original, composite images, and the despeckled images were then compared using image quality metrics
such as signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) in order to determine how well despeckling
compares to averaging tomograms. The results, shown in the following section, indicate how despeckling can
improve image quality while imaging at high speeds.

3. RESULTS AND DISCUSSION

Tomograms for this study represent 13 datasets collected from 4 healthy subjects at imaging speeds of 47,000
and 92,000 A-scans/s. For each dataset, the tomograms were manually registered using the process described in
the previous section; the composite tomograms could be constructed by averaging two or more of the registered
images. In addition, the despeckling algorithm2 with σ = 19, σ = 26, and σ = 32 was applied to each single
tomogram.
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Figure 1. (a) CNR results. (b) SNR results. 19 statistical groups are compared using anova to determine which groups
have statistically different means. The first 8 groups, SA1, SA2, . . . , SA30, are composites containing 1, 2, . . . , 30
images at 47,000 A-scans/s. The following 3 groups, FD1A1, FD2A1, and FD3A1, are despeckled 92,000 A-scans/s single
tomograms..The last 8 groups, FA1, FA2, ..., FA30, are composites containing 1, 2, ..., 30 images at 92,000 A-scans/s.
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Figure 2. Set 1, (a) single 92,000 A-scans/s tomogram, (b) composite of two 92,000 A-scans/s tomograms, (c) composite
of ten 92,000 A-scans/s tomograms, (d) single 92,000 A-scans/s despeckled tomogram σ = 26, (e) single 92,000 A-scans/s
despeckled tomogram σ = 32.
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The relationships between the SNR and CNR for the 47,000 A-scan/s and 92,000 A-scan/s images are shown
in figure 1. This figure shows the results of an analysis of variance (ANOVA), which statistically tests whether
the means of each category were equal.3 Figure 1 shows that the CNR for the despeckled images is comparable to
averaging two 47,000 A-scan/s tomograms or comparable to averaging up to twenty 92,000 A-scan/s tomograms.
The lower portion of the figure shows that the SNR of the despeckled images is comparable to averaging between
two and three 47,000 A-scan/s tomograms or comparable to averaging between ten and fifteen 92,000 A-scan/s
tomograms. Table 1 contains the detailed metrics for 92,000 A-scan/s tomograms.

These results indicate that despeckling a single tomogram can obtain similar quality images as averaging
multiple 47,000 and 92,000 A-scan/s tomograms. Data can be obtained around twice as fast as using the 47,000
system or about ten to fifteen times faster than using the 92,000 A-scan/s system. This is a major advantage of
using despeckled tomograms.

The detailed ANOVA results are described below.

1. The despeckled images have a mean for the CNR and SNR that is statistically higher, with 95% confidence,
than the corresponding means for a single slow image, single fast image, and a composite of two fast images.

2. The despeckled images have a mean for the CNR and SNR that is statistically lower, with 95% confidence,
than the corresponding means for composites containing at least 10 slow images.

3. The despeckled images have a mean for the CNR and SNR that is within a 95% confidence interval for a
composite of two slow images, a composite of five slow images, and composites containing between 5 and
30 fast images.

4. Composites containing at least 10 slow images have a mean for the CNR and SNR that is statistically
higher, with 95% confidence, than composites containing less than 30 fast images.

5. A single slow image has a mean for the CNR and SNR that is statistically higher, with 95% confidence,
than a single fast image.

The comparison of despeckled and composite tomograms can also be seen visually. Figure 2 illustrates the
application of the despeckling algorithm compared to a single image captured at 92,000 A-scans/s and visual
compares the result to two composite images. Figure 2b-e have less visible noise than figure 2a, the single
tomogram. The composites containing 2 and 10 tomograms, figure 2b and c, are visually comparable to the
despeckled tomograms figure 2d and figure 2e. The value for σ can be modified after the imaging session has
been completed to find the value that produces the best image metrics. Figures 3 and 4 also provide additional
comparisons.

4. CONCLUSION

Despeckling can reduce the imaging time by improving a single tomogram obtained using a high speed system.
The quality obtained by despeckling a high speed tomogram is similar to that obtained using the average of two
low speed tomograms (or similar to the average of ten to fifteen high speed tomograms). Despeckling can be
much faster than averaging to obtain tomograms with similar image quality metrics.

If only averaging is used, the operator can image patients about 4 times faster using the despeckled 92,000
A-scans/s tomograms instead of composites obtained from single 47,000 A-scans/s. Statistical testing also
demonstrates that a despeckled image from 1 tomogram is capable of providing similar CNR and SNR to
47,000 A-scans/s composites containing between 2 and 5 tomograms and 92,000 A-scans/s composites containing
between 5 and 30 tomograms.

Ideally, despeckling can be combined with averaging to obtain very high quality tomograms that are visually
appealing at a much higher rate than could be obtained using only averaging or using a much slower imaging
system (which may be susceptible to motion artifacts).

The optimum value of σ can also be automatically determined (either during or after the image process)
to generate a despeckled tomogram to maximize the image quality metrics. The image quality metrics can be
extended to include subjective image quality metrics based on input from specialists.
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Table 1. Detailed SNR and CNR obtained from 8 retinal tomogram data sets captured at 92,000 A-scans/s.

Absolute Value Absolute Difference
Set Despeckle # Samples CNR SNR CNR SNR
1 none 1 -0.96 17.99 0.00 0.00
1 none 2 -1.19 20.47 -0.23 2.47
1 none 5 -1.47 23.11 -0.52 5.12
1 σ = 19 1 -1.53 25.34 -0.58 7.35
1 σ = 26 1 -1.96 26.30 -1.00 8.30
1 σ = 32 1 -2.24 26.45 -1.28 8.45
2 none 1 -1.14 16.89 0.00 0.00
2 none 2 -1.34 19.21 -0.20 2.32
2 none 5 -1.52 21.63 -0.37 4.75
2 σ = 19 1 -1.52 23.09 -0.38 6.20
2 σ = 26 1 -1.72 24.12 -0.58 7.23
2 σ = 32 1 -1.89 24.26 -0.74 7.38
3 none 1 -1.03 17.57 0.00 0.00
3 none 2 -1.26 20.28 -0.23 2.71
3 none 5 -1.45 22.67 -0.42 5.10
3 none 10 -1.58 24.46 -0.55 6.89
4 none 1 -0.96 17.42 0.00 0.00
4 none 2 -1.13 19.78 -0.17 2.36
4 none 5 -1.34 22.15 -0.38 4.73
5 none 1 -0.91 17.65 0.00 0.00
5 none 2 -1.06 18.97 -0.15 1.32
5 none 5 -1.23 22.35 -0.33 4.70
5 none 10 -1.35 23.17 -0.45 5.52
5 σ = 19 1 -1.22 24.51 -0.31 6.86
5 σ = 26 1 -1.36 25.43 -0.45 7.78
5 σ = 32 1 -1.46 25.56 -0.55 7.92
6 none 1 -0.69 17.48 0.00 0.00
6 none 2 -0.82 19.90 -0.12 2.42
6 none 5 -0.93 22.16 -0.24 4.68
6 none 10 -0.95 22.60 -0.26 5.12
7 none 1 -1.11 17.65 0.00 0.00
7 none 2 -1.32 20.17 -0.21 2.52
7 none 5 -1.51 22.72 -0.40 5.07
7 none 10 -1.59 24.22 -0.49 6.57
7 none 15 -1.66 24.84 -0.55 7.19
8 none 1 -1.15 18.15 0.00 0.00
8 none 2 -1.41 20.84 -0.26 2.68
8 none 5 -1.62 23.51 -0.47 5.36
8 none 10 -1.76 25.10 -0.61 6.95
8 σ = 19 1 -1.57 25.91 -0.42 7.75
8 σ = 26 1 -1.79 26.66 -0.64 8.51
8 σ = 32 1 -1.93 26.77 -0.78 8.62
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Figure 3. Set 2, (a) single 92,000 A-scans/s tomogram, (b) composite of two 92,000 A-scans/s tomograms, (c) composite
of five 92,000 A-scans/s tomograms, (d) single 92,000 A-scans/s despeckled tomogram σ = 19, (e) single 92,000 A-scans/s
despeckled tomogram σ = 26.

Proc. of SPIE Vol. 7889  78893C-7

Downloaded from SPIE Digital Library on 08 Jul 2011 to 129.97.72.149. Terms of Use:  http://spiedl.org/terms



(a)

(b) (c)

(d) (e)
Figure 4. Set 3, (a) single 92,000 A-scans/s tomogram, (b) composite of two 92,000 A-scans/s tomograms, (c) composite
of five 92,000 A-scans/s tomograms, (d) single 92,000 A-scans/s despeckled tomogram σ = 19, (e) single 92,000 A-scans/s
despeckled tomogram σ = 26.
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