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Abstract: Optical coherence tomography (OCT) is an important in-
terferometric diagonal technique which provides crosgiseal views of
the subsurface microstructure of biological tissue. H@vethe imaging
quality of high-speed OCT is limited due to the large specidése. To
address this problem, this paper proposes a multi-franwitignic method
to denoise OCT volume images. Mathematically, both intemke and intra
frame priors are unified into an optimization model: low razdastraint
and sparsity are imposed on registered frames and sparkitynage
gradient. We use a convex algorithm based on Augmented hgigna
Method (ALM) method to solve the model. The results revealt thur
approach outperforms state-of-the-arts methods in terfim®th speckle
noise suppression and crucial detail reservation.
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1.

Introduction

Optical coherence tomography (OCT), which dates back t®[f§9provides cross-sectional
views of the subsurface microstructure of biological tesf@][3] and has developed into a


http://www5.cs.fau.de/en/research/software/idaa/

widely used diagonal technique in medical field due to its-mwasive diagonal manner. Dif-
ferent from common CCD imaging, OCT is an interferometraht@que and typically employs
near-infrared laser light to penetrate into the scattemieglium before capturing the backscat-
tered optical waves for the final imagery[4]. The signal asijon speed of OCT systems has
been greatly improved with the development of high speed@srand tunable lasers at MHz
scanning rates, which allows real-time imaging of vivouiss[5]. Furthermore, with the devel-
opment of ultrahigh resolution OCT (UHROCT) [6] and Foudemain OCT (FDOCT)[7], it
is feasible to visualize biological tissue at cellular lewp to depths of nearly 1mm below the
tissue with higher sensitivity and image quality. Thus, G€ghnique can capture morpholog-
ical details such as individual tissue layers, clusterspetclized cells, small blood vessels,
and so on. Specifically, ophthalmology has particularlyafiged from OCT with which it can
image retina to aid the diagnosis of eye disedses [8].

One of the important challenges limiting high-speed OCEgalopment is its unsatisfying
image quality caused by speckle noise. Due to the coherdrmgtioal waves, speckle noise
arises under limited spatial-frequency bandwidth of therfierence signal5[4]. The generation
mechanism of OCT determines that the properties of spechkée mre related not only to laser
source but also to tissue’s structural properties, andrsidts in non-stationary speckle noise
over the entire image. There has been some work investigtitenproperties of speckle noise
in OCT images[[4][9][10][11], showing that speckle noiseris both image information of
tissue structures and a single noise component. Due to thereenent of high precision in
medical diagnosis, it is greatly vital to remove specklesedrom OCT images for enhancing
image quality in order to recognize diseases correctly.

Large efforts has been invested in denoising OCT images aridus approaches are re-
ported. Here we classify these methods into two categarasaglysingle-frame methods and
multi-frame methods. Single-frame methods often assume a prior parametricrop@oametric
model for signal and noise, and then remove noise or usstgtatiethods to remove noise prob-
abilistically from a single image. Aydogan et al.]12] appérious digital filters to denoise OCT
images and the results indicate that nonorthogonal wafikéas together with enhanced Lee
and adaptive Wiener filters can significantly reduce spec&ise. Based on the wavelet filter,
Yong et al[[13] utilize the iterative edge enhancementfieadf nonlinear diffusion to improve
denoising results. Similarly, [14] uses nonlinear difarsin Laplacian pyramid domain to filter
ultrasonic images. Kovesi Nw filtering technique and Lajgad®yramid Nonlinear Diffusion
(LPND) are unified together i [15] to remove both shot noisd apeckle noise from OCT
images. Concerning on image contents, Jun ét al.[16] peoaaslient structure extraction al-
gorithm combining an adaptive speckle suspension term htargse ultrasound images while
restraining speckle noise. The work [n[17] uses a regud#idn method to minimize Csiszar’s
I-divergence measurement, which would extrapolate aafthti details to improve visual ef-
fects. Alexander et al.[18] and Andrew et [@l.[5] use sta@tiBayesian least square model to
reduce OCT speckle noise in logarithmic space. Differeminfthe above filtering or statistic
methods, based on sparse coding, the workin [19] learns anammplete dictionary from
high-SNR images, then utilizes this dictionary to recangtfow-SNR OCT images and result
in significant noise suppression. In all, making use of thrisic redundancy of a single-frame
OCT image can help noise removal to a large extent.

Benefiting from the development of high speed OCT imagintesys, researchers gradually
begin to investigate using multiple OCT frames to attenspezkle noise, namely multi-frame
methods. Technically these methods could be classifiedtimiocategories as well, namely
hardware methods and algorithmic methods. The generabidesdware methods is changing
parameters of OCT imaging systems to decorrelate specide momultiple frames from the
ground truth, and then get a noise-free OCT image by direwiyaging these frames after im-



age registration. For example, [10][20][21][22] alter tnegle of incident light when shooting
different frames/[[23[[24] change the detection angle aldeflected light, while[[25] changes
the frequency of the laser beam in the imaging progress. Tdia disadvantage of hardware
methods is the complex data acquisition procedure, whichidvgreatly increase the design
complexity of OCT imaging systems[5]. There are severaméalgorithmic multi-frame de-
noising methods for OCT images making use of the redundaieyemt sharp OCT image in
frequency domain. The work i [26] performs 3D curvelet sfanm to the volume data, and
determine a threshold for coefficient attenuation befoverise 3D curvelet transform. Simi-
larly, Markus et al[[8] use the same idea but replacing thee@ielet transform with wavelet
transform. In spite of the promising performance, theseoémg algorithms run the risk of
losing crucial details by truncating the wavelet coeffitgen

In this study, we propose an algorithmic multi-frame op#iation method making use of
both inter-frame and intra-frame priors to denoise OCT wwlimages. Firstly, registering the
images in the cubic OCT data results in the low-rank propeftye data at the image count
dimension. Secondly, by applying the sparse gradient pfioatural images to OCT data, we
force the gradient of OCT images being still sparse. Baséembove two priors, combining
the restraints of image formation and noise variance, wkl lzupreliminary non-convex op-
timization model to minimize the rank of OCT volume data ahd sparsity of its gradient.
To get the closed-form global optimal solution, some mathtiral transforms and approxima-
tions are made to make the model convex, and a numeric digobased on the augmented
lagrangian multiplier method [27] is provided by this wotk.summary, the contributions of
this study are mainly in three aspects as follows:

« Introduce both inter-frame and intra-frame priors of OGiaj which effectively promise
separation between signal and speckle noise.

< Use non-parametric and non-stationary noise restraimtwsimplifies the optimization
model and raises the precision.

 Derive a convex optimization algorithm to solve the mataémmodel, which ensures
that the problem converges to a global optimum.

The remainder of this paper is organized as follows: In Setw@ preprocessing operations
including frame registration and noise estimation areosticed firstly, followed by model con-
struction, algorithm derivation and explanation of sel/evaluation methods we use to judge
recovered quality. Then we apply our method to actual OCTgisan Sed.]3, and compare
our approach with several other classical methods in reedvienage quality and algorithm
runtime. Convergence analysis and model parameter asayesiconducted in this section as
well. Finally, we conclude this paper with some conclusiand discussions in Sdd. 4.

2. Method

2.1. Frameregistration and noise estimation

There tend to be slight misalignment among OCT image se@sdnacsivo imaging due to the
life dynamics or other system factdrs[8], though the opticenerence tomography facilities
are usually of high shot speed. Therefore, we should firstlyster the frames before further
operations. Here we adopt the registration methodlin [8kneta powell optimizer is utilized
for minimizing the sum of squared distances (SSD) amongipteltegistered images. Specif-
ically, the approach applies translation and rotation musets to warp the pixels describing
the same tissue point in different frames to the same imagelowte.

Another preprocessing operation is estimating standaritien of the image noise. Con-
sidering the satisfying performance of median absolutéatiem (MAD) method for noise
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Fig. 1.Framework of the proposed approach. After logarithm, each frame is represented
by a single column, and there is slight misalignment conphbémeother frames, as (ld9

shows. Then by noise estimation and frame registration, et@agt only the optimization

constraints but also the optimization objective, nanéiow rank and the sparsity afL,
as shown byl() and 7L ). Finally, the model is iteratively solved by a convex optation
algorithm, thud. is separated from\l.

estimatior[28], we utilize the MAD noise estimation methind5]. Because of the scattering
of laser source, the speckle noise in OCT images is muléifiie[9][1C], and can be described

as

M(s) = L(s) x N(s),

(1)

whereM(s) represents the captured data at locaspandL(s) andN(s) denote the ground
truth data and measurement noise at the same locationcteghe To convert the relationship
betweerF andN from multiplication to addition, we take logarithm to botles of Eql(ll) and

get

logM(s) = logL(s) + logN(s).

In the following sections, we assume that all the variab®stbeen log transformed.
Because of similar tissue properties and light directiartbé neighborhood, we assume uni-

form noise parameters within a small patch. Therefore, tléNvithin a small neighborhood

N; of pixel sis firstly computed in the log space as

G(s) = 1.4826/, (|logM(s) — .y, (logM)|)

(2)

3)

where.# stands for median operation agdis theith neighboring point o&. To make the
estimated deviation more precise, we choose a larger réicarounds, calculated of each

small neighborhood within this region, and treat the modthe$ed as the preliminary noise
deviation estimation of as

0(s) = modey, (0).

(4)

Empirical studies in[[5] tell that the noise estimation penfis best when the neighborhood
sizes ofN; andN; are 9x 9 and 15x 15, respectively. Finally, to force smoothness of noise
parameters among adjacent pixels, a cubic spline fittingress is conducted to ameadand

get the final standard deviation estimation of OCT noise.

2.2. Modeling

Suppose that there akdrames of OCT data and the resolution of each franmesian pixels, we
denote temporally registered noisy OCT images, their tatbarp version, and the measure-
ment noise adl, L andN, respectively (all in logarithm space). Mathematicalhg image




formation equation can be written as
M=L+N. (5)

Representing each frame with a column vector, the dimesibll, L, andN are all(mx
n) x k. After registration, theoretically the entries at one s$fiemw of L should be exactly the
same, just as Fig.1 shows. Therefore, in mathematics wereatitas a low rank matrix and
use its nuclear norr as||L||. as inter-frame priors in denoising.

According to statistical studiés[20][80], the adjacentgts in natural images are of similar
intensities and thus the distribution of image gradienteenaround zero at large probability,
as shown in Figll. In the task of natural image restoratiam @s denoising, sparse gradient
has been widely used and effective prior. Although captwiada different imaging mecha-
nism from usual CCD imaging, the OCT tissue images stilbi@lsimilar statistics and we also
impose gradient sparsity of the latent OCT images as im&naé prior. Specifically, we mini-
mize itslp norm||OL [|;, which counts the number of non-zero entries. In impleméniatve
use matrix multiplication for gradient calculation becaisage gradient is usually calculated
by a high frequency filtering. Adopting the same represenian [31], we replaceg|CL]||;,
asy2_;|[HalL|i,, whereH; andH; are gradient operators defined as the diagonal matrices of
correspondindp; andhy, i.e., [-1,1] and [-1;1].

As mentioned before, speckle noise includes both the imaEgennation and a single noise
component whose mean value is zero. What we concern mo#t isitoval of the noise part.
So in the following, we treat the first information componehtspeckle as a part of image
groundtruth and concentrate on attenuating the zero-meiae ntomponent. According to the
three sigma rule which indicates that nearly all (99.73%efinstances of a random variable
lie within 3 times standard deviation of its mean, we can faolate the noise constraint as

IN| < 30 (6)

whereg is the standard deviation matrix whose dimensidqmis n) x kas well. By introducing
a nonnegative matrix variabg& we can replace the above inequality with an equality as

NON-90600+€e=0 (7)
where® is the component-wise product that for any two matri¥esndY, i.e., (X®Y)ij =

XijYij.
Based on the above notations, the optimization model carefiesd! as

2
{L"N"} =argmin  [[L[l.+A y [[HaL [, (8)
a=1

st.  M=L+N,
NoON-90©0+£=0

whereA is a positive weighting parameter balancing different &erm

2.3. Derivation

The above model defined ifil(8) is obviously non-convex, so vatlyficonduct some trans-
formations to convexify it and resort to convex optimizatimethod for the final solution. As
shown in[32][33], replacinty norm withl; norm is one typical convexification transformation,
and we replacéHal ||, with [|[HalL [|;,, where|| - ||;; denotes the sum of the absolute values
of matrix entries. Further, it is hard to get its closed fowfusion of the convexified objective



funcion due to the high nonlinearity. To decrease the nealiity, we replace the variables,
whose nuclear norm ¢f norm needs minimization, with introduced auxiliary vatedss; and
S;. Besides, we pacg2_; ||HaL ||1 as||PL || for computation simplicity, wher® = [Hq; Hp).
Now we can rewrite the model as

min.  [|S1][« +A[[S[[1 9
st. G1=5 L,

G2=%—-PL,

G3=M—L+N,

G4=NGN-90600+¢
whereG1. 4 are supposed to kin theory.
The augmented Lagrangian of the formulation in Bg.(9) isvéeras

4 0
=Sl + Al 3 (<V1.65> +516:18 (10)
= 2

where< -,- > denotes the inner produdt,defines the Lagrangian Multipliers (in matrix form)
and@ is the parameter balancing the equation constraints. Alaogto the lagrangian formu-

lation, we derive the updating rules f8rL,N, € andY respectively as follows according to the
augmented lagrange multiplier (ALM) algorithm n27].

OptimizeS. By removing all the items irrelevant §, in f, we can get

f(Sy)

0
|[S1]]«+ < Y1,G1 > +§|IG1IIE

6 _
||51||*+§||Gl+9 byq 2

ISull+ 1S - (L0 — 0¥ ) 2.
According to ALM algorithm, we can get the updating ruleafas

SIY =Usy 1(Semp)V ", (11)
whereU SempV T is the SVD ofL ¥ — 6*1Y(1k>, and

x—01 x>01
Spa(X) =< x+071 x<-671
0 others.

)

Similarly, keeping items related & in f yields
6 (k) -1y (K2
f(S2) =Al1S2lla+ 5[1S2 = PLT + 6775 [
0 _1y(k
= (l1sal+ gl1Se - (L -6 ¥R )
so we can get the updating rule &f

5, =5, (PLO — 07 1vY)). (12)



OptimizeL. Keeping only the items related tg f is simplified into

3

0
(L = 3 (<¥16>+3l6i2)
2, 2
0 -1 2 0 -1 2 0 -1 2
= SlISi-L+87 Y|+ 5[[S~PL+ O Yol [f +5|IM — L~ N+ 67152

The partial derivative of (L) to L is

T~ o s -0 () 4 oPTPL - PT(S 6 YY)

+ B(L-M+N®_pg1y)

Obviously, it's hard to compute the valuelofsatisfying%_u = 0. So we resort to gradient
descent method to upddteapproximatively:

af(L)

LD — LR _aAx 0—L|L:L<k)

(13)

HereA is the descent step parameter.

OptimizeN and €. Similar to updatind-, the closed form solution t% = 0is not easy
to get either. Therefore, we here take derivative with resfmethe optimization variables and
adopt gradient descent approach to updaieratively as follows.

af(N)

N(k+1) — N(k) —AXx 0—N|N:N(k)’

(14)

with the partial derivativ% defined as

a;(l\ll\l_) = onN-M+LM —6vJ)) tONON-900 o +eM 1 6 LY (] 2N.

The derivative off with respect tce is

o1 (g)
o€

and under the nonnegative assumptiorepwe can get its updating rule as

—0(e+N¥ N _9000+671YY)

e — max(90 0~ N¥ oW — 92V ¥), o). (15)

For more clarity, the entire algorithm based on the abovealions is summarized as fol-
lows (please see the attached derivation material forlddtderivation).

2.4. Evaluation criteria

To qualify the performance of our approach compared to atiethods, we utilize two kinds
of the most common image quality criteria, namely peak digmaoise ratio (PSNR) and
structure similarity (SSIM)[34] as metrics to evaluateaeered images.



Algorithm 1: Algorithm for OCT image Denoising

Input : Capturing dataM, Noise standard deviatiam
Output : Denoised framek and separated noid¢

1 LO=MNO=M—-LO g9 =0Yy.,4=0;
2 while not converged do
3 | UpdateL **1 according to[(IB);

4 Updatesgf’rzl}> according to[(T1) and (12);

5 | UpdateN®D according to[(T4);

6 | Update slack variables!**V) according to[(15);
(k+1) _ (K - .

7| Y gy =Y gt 0 G gy

8 0+ — min (pe(k), Gr,«ax);

9 k:=k+1;

10 end

PSNR analysis: Peak signal-to-noise ratio has traditionally been usedssess the image
quality of imagel . regarding to the groundtruth imagyg«n, which is calculated as

MAX?
PSNR = 10x| 16
Xog“’(%z{"lz?1[L<i,j>—|(i,1>]2> "
mn x MAX?2
= 10x]| i 0]
10% oglo(Zimlz?1['—('71)—'("1)]2>

whereMAX = 2° — 1 is the maximum possible value of image pixels represenyagsimgb
bits. For example, if the pixels are stored using 8 bits, thiekX = 28 — 1 = 255. From the
equation we can see that PSNR mainly describes the valwetiffe of pixels between two
images, and would be smaller with greater difference. Theigxpect that the restored image
better owns great PSNR. In general, typical values of PSNRbatween 20 dB and 40 dB,
provided that the bit depth is 8.

SSIM analysis: Structure similarity is proposed ih [B4] designed to extrsteuctural in-
formation from images and assess structural similaritetsveen two images. The criterion
method firstly select two sets of patches franandl, and then calculate SSIM between two
corresponding patchgs andp; as

(2m i +c1) (205 +¢2)

SSM i) =
(p|7p|) (u|2+ui2+cl)(o-|2+o'i2—|—02)

(17)

where andy; are respectively the average pixel values of pagchnd p;, while g; andg;

are the patches’ variances; is the covariance betwegn and p;. ¢; andc, are calculated as
c1 = (kiMAX)?, ¢ = (kaMAX)?, wherek; andk; are two variables set by users whose default
values are 0.01 and 0.03, respectively. The final SSIM vadtwden two images is the average
of all the patches’ SSIM values.

SSIM concerns on images’ structural similarity and thusrionps the assessment ability of
traditional methods such as PSNR, which only reveals sipiflels’ difference between two
images. SSIM ranges from 0 to 1, and is greater when two imagesore similar to each
other structurally.



3. Experimental Results

In this section, we implement our denoising method on OCByohages, and compare our
denosing results with that of several classical methodisiditg complex diffusion method
[35], Bayesian method [18], BM3D [36] and multi-frame wasteOCT denoising method][8].
Besides, runtime and convergence analysis together witty sin algorithm performance due
to different values of the model paramedeare also conducted.

3.1. Dataand parameters

We firstly illustrate the source of OCT data and the valueslgdrithm parameters we use
for our experiments in this subsection. For OCT data, we hisgublic pigeye OCT dataset
published in[[37], which is also used as experiment sourta idd8]. The dataset is acquired
by using a Spectralis HRA & OCT (Heidelberg Engineering)¢arsa pig eye in high speed
mode with 768 A-scans. There are totally 455 images in thasgaincluding 35 sets, and 13
frames are included in each set sharing the same imagintiqodihere exists slight misalign-
ment between two different sets for different imaging poss, resulting that speckle noise is
decoupled between the scans.

To assess recovered images’ quality, we need a noise-fredbark image for comparison.
However, due to the high speed of imagery, the original figiregnal-to-noise ratio is very
low. So we consider using the averaged image of all the 45bdsavhich have been registered
in advance for image quality assessment, which is same dschrique in[[8].

There are several important parameters in our algorithmse/hvalues should be declared
ahead of time as well. As shown in Alg.1, the algorithm par@mseincluder, 89, p, Brax,
andA. A is the model parameter to decide the regulation relatigrisbiween low-rank objec-
tive ||L||. and sparsity objectivg[IL||1, as shown in Ed.{8), and is set to be 0.2 for the best
algorithm performanced?, p, and 6 are algorithm parameters to determine the varying
value of iteratived. Here we seB©) = le— 2, p = 1.6, and@mx = 1el. A is the descent step
parameter foL. andN in the iteration process. Considering different value abtars ol and
N, we choose different descent steps for themyas- 5e— 3 andAy = 1le— 2.

3.2. Comparison to other methods

In this section, we run our algorithm and the other four kilmdgrevious methods on the
OCT dataset, and compare algorithms’ performance in bathvered image quality and algo-
rithm runtime. What should be noticed is that the first twomoels, namely complex diffusion
method and Bayesian method are both single-frame methodseSake the averaged image
of registered frames as algorithm input. Besides, for tts¢ fiiree methods, the standard devi-
ation is assumed to be space-invariant. To tackle with tliblpm, we use the maximum value
of deviation matrix estimated by MAD method described in.§&d) as the input noise stan-
dard deviation. Utilizing the above techniques, we run Blaiimplementations of the overall
five methods on an Intel Xeon 2.27 GHz CPU workstation with 84\indows 7 system. By
random selection, the serial numbers of input sequentiaiés including 8 frames range from
'35_6" to '35_13". Recovered images are shown in Hifj.(2), where only oreigift images is
presented for each method. Numerical image assessmehtdingcPSNR and SSIM of every
method , together with running time are recorded in Thb. 1.

Referring to Fid.R, we can see that the recovered imagessidtanpic diffusion method and
Bayesian method still contains undesired noise, whiclcedffenage quality seriously. BM3D
has a better performance than the above two methods, betékists some artifacts similar to
'watermarks’, and too many details are attenuated, whickesithe image relatively blurred.
Multi-frame wavelet method and our method are both supécidhe first three approaches.
Comparing the results of these two methods, we can see tlsatd@oth regions, the wavelet



(a) Original image

SRR fre

(c) Averaged image

(g) Multi-frame wavelet method (h) Our method

Fig. 2. Comparison with state-of-the-arts. (a) is the original image in log space, while
(b) is the averaged image of 455 registered frames. (c) iawvheaged image of the input
8 frames, and (d)-(g) are results of four comparison meth®ls result of our method is
shown in (h). The two clipped patches on the right of evenyfigube are closeups of the
regions of interest.

method leaves out more noise than our method, while in tegtuegions the result of our
method maintains higher color contrast which would impreisaial effects. Stronger com-
parison is presented in the closeups. For example, in trengextangle clip region, wavelet
method nearly blurs the information of the left white spoljle our method still contains grey
value changes which would offer some important informat@rdiagnosis.

More numerical assessments are shown inJab.1. We can s@uthmethod could increase
noisy image’s PSNR from 17.19to 31.74, and increase SSIM &mund 0.13to 0.91. Regard-
ing of PSNR and SSIM, our method is superior to all the othethoas. Considering the only



Table 1. Quantitative comparison of different denoisinghods

Metric Input Average Diffusion Bayesian BM3D Wavelet Ours
Entire PSNR(dB) 17.19 24.56 29.14 28.38 31.32 30.7531.74
Image SSIM 0.1272 0.4515 0.7359 0.7043 0.8982 0.865m9121

Running time(s) — — 79 33 49 477 519
Red PSNR(dB) 15.03 22.02 26.60 26.07 28.24  27.8528.92
Clip SSIM 0.0631 0.2921 0.6504 0.6346 0.8134 0.7378 0.8124
Green PSNR(dB) 15.13 21.91 26.14 25.35 27.97 27.838.75
Clip SSIM 0.0604 0.2547 0.6094 0.5749 0.7901 0.723D.8033

two kinds of multi-frame methods, namely the multi-framevselet method and our method, it
can be concluded that our method obtains higher PSNR and &&ipéctively by 1 and 0.1

than wavelet method on average. In addition, one of thesifrgine methods, namely BM3D,
behaves very well regarding of the two numerical criteriicl is better than the other meth-
ods except for our approach. This is not surprised consigdhat the averaged image of 8
frames is utilized as the input of the three single-frameoiténg methods.

Runtime results are also shown in Tab.1, from which we cartrsethree kinds of single-
frame methods own the same runtime level under 100s, whdentwiti-frame methods need
around 500s to recover all the 8 frames. What should be nibisdeat for the three single-frame
methods, the showing items are only the runtime for recagavne single frame. If we replace
the averaged image input with eight frames in turn and igtieeelecreased image quality, then
for each of the three single-frame methods, the algorithmime would be around eight times
of the presentinterval. In this view, we can conclude thatdiffusion method is the most time-
consuming, followed by our method, the wavelet method and3BMThe Bayesian method
owns the minimum runtime.

3.3. Convergenceanalysis

The convergence properties of usihgnorm to replacdy norm and using ALM algorithm
framework to solve; problem have been proven in a lot of work|27][32][33]. Here don't
give extra theoretical analysis about algorithm convecgem stead, we study some objective
variables’ evolution that we are interested in during tleeation, which would reveal more
characters of our optimization framework and would showveogence properties from the
numerical point of view.

What we concern most is the evolutions of the two objectigens in our model and the
recovered images’ quality. So according to the above aisalye record all the values ¢t ||,
[|OL||1 and recovered image’s two quality criteria values, nam@&@WR and SSIM, in every
iteration. The results are shown in [Fig.3, from which we cem that values of two objectives
both descend in the process, while values of two criteri& lmtrease. Specifically|CL |1,
PSNR and SSIM all approach to stable values from around 2@#@tion. For||L||., though
the values fluctuate at beginning, it descends steadily enféHowing process. Comparing
value’s decrease proportion gE ||, with that of ||0L||;, we can see thatOL||; has a more
obvious attenuation.

3.4. Model parameter behavior

In the model represented in E{$.(8), the only model parantieae we can adjust ia, which
controls the regulation relationship between the low raekni||L||. and the sparsity item
[|OL]|1. To be more specific, the regulation of low rank item will beeploose compared to
that of the sparsity item as increases. To shed light on the impact caused by value chariige
A on optimization progress and final results, the valug & set to range from 0.05 to 0.5, and
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Fig. 3.Numerical analysison the evolution of objectivetermsand quantitative evalua-
tions. (a) represents the iterative change$ bf|.. standing for the rank df. The evolution

of image gradients’ sparsity(IL ||1 is shown in (b). (c) and (d) respectively present value
changes of PSNR and SSIM in iteration process.

we record iterations and runtime of our algorithm, togethign PSNR and SSIM of recovered
images for each value &f. The results are shown in Hig.4.

From the figure we can see that it will take more iterations time& to converge for our
algorithm asA increases, while the quality of recovered images becomigsrbSpecifically,
iteration and runtime share the same variation trend, aiidiborease acceleratedly Asde-
creases. SSIM doesn’t change much uhig greater than 0.2, while PSNR owns fatest descent
rate when\ is smaller than 0.2. So how to choose an appropriate valuk ferelated to the
tradeoff between image quality and algorithm runtime. &€ @oncerns more about the algo-
rithm’s running speed, thehshould be set to be greater. In the contrarghould be set smaller
if there are stronger requirements for recovered imageaityu

4. Conclusion and Discussion

In this study, we propose a multi-frame OCT denoising metldizing two priors including
an inter-frame prior and an intra-frame prior. Specificaly inter-frame prior means low rank
of registered OCT frames and the intra-frame prior is spacfiimage gradient. In our opti-
mization framework we derived for attenuating speckle aodisgarithmic transformation and
image registration are firstly done to the original captuD€il frames. Then we use nuclear
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Fig. 4.Numerical analysis on algorithm performance under different valuesof A. (a)
and (b) respectively show PSNR and SSIM of recovered imagtsrespect to thaf
ranges from 0.05 to 0.5, while (c) and (d) record correspapdtierations and algorithm
runtime.

norm to regulate the rank of image matrix in which each frasnaligned to one column, and
uselp norm to represent the sparsity regulation of corresponiiiragye gradient matrix. To-
gether with image formation in log space and restriction@$a range, we build a nonconvex
model for multiple OCT frames containing two objective iteand two constraints. To make
the model solvable and get a global optimal solution, théamment ofg norm withl; norm
and some other approximations are made to the model to trams$fie non-convex model to a
convex one. Next, an iterative optimization framework lobse ALM algorithm is derived to
solve the model. Thus, by applying the algorithm to the timsed convex model, we could
separate speckle noise from ideal signals and get the fioaeeed images.

We run our algorithm as well as another four kinds of previoethods on the pigeye OCT
volume dataset available on the internet, and compare tiferpgnce of our method with
that of them. The four kinds of methods are respectively demgiffusion method, Bayesian
method , BM3D and multi-frame wavelet OCT denoising methBelsides, the comparison
is conducted regarding of three criteria that includes PSSI®M of recovered images and
algorithm runtime. The results reveal that our method isesop to the other four approaches
for that our method could effectively attenuate speckles@avihile preserving more important
image details. For numerical assessment, our approackd aoprove OCT image’s quality
by increasing image’s PSNR from 17.19 to 31.74 and imagelMS®m 0.1272 to 0.9121,



which are better than the other four methods. What's mofieignce on algorithm performance
caused by the regulation model paramates also studied and we could conclude that though
PSNR and SSIM both increase with the increask,aforresponding iteration and runtime also
increase logarithmically. This would guide one to chooserapriate value foA according to
different weigh between image quality and runtime.

In a word, the proposed approach could recover high quatityeifree OCT images from a
little number of original captured frames, which would daadf help to occasions requiring
tiny image details, such as medical diagnosis and pathzdbginalysis. The method briefly
benefits from the development of high speed OCT imaging systevhich assures that we
could capture a set of OCT frames in little time and that ngsehent among serial frames
is slight. Besides, due to the non-parametric and nonesiaty noise model we derived, our
approach could be widely applied to other kinds of multirimimage denoising tasks with
different noise models.
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