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~ Abstract—In this note, improvements to the non-local means  Although the quality of the results in [2] is state-of-the-
image denoising method introduced in [2], [3] are presented. art, this method is quite slow to be practically realizable. The
The original non-local means method replaces a noisy pixel by high computational complexity is due to the cost of weights

the weighted average of pixels with related surrounding neigh- lculati f Il pixels in the i duri th
borhoods. While producing state-of-the-art denoising results, this calculauon tor all pixels In the Image during theé process

method is computationally impractical. In order to accelerate the Pf den(_)ismg- For every pi.xel being processed, the Wh0|_e
algorithm, we introduce filters that eliminate unrelated neighbor- image is searched and differences between corresponding

hoods from the weighted average. These filters are based on localneighborhoods are computed (see below). The complexity is
average gray values and gradients, pre-classifying neighborhoods then quadratic in the number of image pixels. This has been

and thereby reducing the original quadratic complexity to a . L
linear one and reducing the influence of less-related areas in the addressed in a follow-up paper by the authors, [3], limiting

denoising of a given pixel. We present the underlying framework the weight computation to a sub-image surrounding the pixel
and experimental results for gray level and color images as well being processed (as commonly done for example for motion

as for video. estimation in video compression). This sub-image will still
Index Terms -Image and video denoising, non-local neighborhood have to be quite large for high resolution images and to make
filters, contexts, computational complexity. sure enough similar neighborhoods are included in the compu-
tation. In this note we address the computational complexity of

|. INTRODUCTION the algorithm proposed in [2], [3] in a different fashion, which
we believe is more in harmony with the concepts introduced

Denoising is still one of the most fundamental, widel o ) X
studied, and largely unsolved problems in image processinn these papers. We significantly improve the computational

The purpose of denoising (or restoration) is to estimate tfs mplexity at no qugllty cost (a_nd the qual_lty can even be
Improved, see experimental section for details).

original image (or a “better” representative of it) from noisy o . . :
. - he basic idea here proposed is to pre-classify the image
data. Many methods for image denoising have been suggesfééks according to fundamental characteristics such as their

and an outstanding review of them can be found in [2]. . . : .
. .~ _dverage gray values and gradient orientation. This is performed
This paper also proposes a very elegant non-local image. : L
e m_a first path, and while denoising in the second path, only
denoising method shown to produce state-of-the-art results. In ; P -
. o - blocks with similar characteristics are used to compute the
this method, the restored gray value of each pixel is obtaingd. . - .
X . . Weights. Accessing these blocks can be efficiently imple-
by the weighted average of the gray values of all pixels in the N S .
: . . . P mented with simple look-up tables. The basic idea is then to
image. Each weight is proportional to the similarity between S .
. . . ombine ideas from [2], namely weighted average based on
the local neighborhood of the pixel being processed and the. L . . L
: . . : eighborhoods similarity, with concepts which are classical in
neighborhood corresponding to the other image pixels (tme%

optimality of this approach under reasonable criteria is Shov'v#ormanon theory and were introduced in image denoising

) o . : . 6], namely contexts. As in [6], and in contrast with [2],
in [2] as well). The bas_|c idea is t_hat Images contain repeafcﬁ]de[ a]llgorithmyrunning time is IiLgar in the number of im[ag;e
strgctures, and averaging them will r_educg the (random ) nO'S%iels. In contrast with [6], the “contexts” are not learned
.Th's new congept for image denoising is popqlar in oth \5vhich is only asymptotically optimal), but pre-determined,
image processing areas, such as texture synthesis, where anew S : i

ixel is synthesized as the weighted average of known imaméilnly based on prior information about what is important to
P getermine block similarities. And in contrast with the speed-

pixels with similar neighborhoods [4], [9], [10]. The authors : )
of [6] proposed a method closely related to the one in [2 ,p mgthoq proposed in [3], the blpcks/pe|ghborhoods sub_set
. L g . .- selection is based also on block similarity and not on spatial
where the denoised pixel is obtained sampling from similar_ =" : o . .
) . roximity, much in the spirit of the algorithm itself.
contexts that are learned from the image. The paper inclu e . . . .
he remainder of this note is as follows. In Section Il,

fundamental thgoretlcal _results showmg_ the optimality of th%e brief description of the non-local means method of [2] is
proposed technique (which by the way, is of course related to

original ideas by Shanon on producing new values by sam Iiﬁre:sented. In Section Ill, we introduce our new approach in
9 . y P 9 y P8 tail. Finally, Section IV presents examples and concluding
from their contexts).

remarks are provided in Section V.
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the observed noisy and original images respectively, wheré&ollowing a first path where these average gray values have
is the pixel index. The restored values can be derived as theen computed for all the needed image blocks, these closest
weighted average of all gray values in the image (indexed lilocks can be easily accessed witthél) complexity look-up

the set/): table addressed by the (quantized) average gray value of the
NL(v)(i) = Zw(i,j)u(j), (1) neighborhood for the current pixel being processed.
JeI Another method to approximate the similarity between

where N L(v)(i) is the restored value at pixél The weights WO neighborhoods is their average gradient.Mb(i) =
express the amount of similarity between the neighborhoods (1), vy (?)) stands for the image gradient, the average gra-
of each pair of pixels involved in the computationandj), ~ dient in the neighborhood of pixélis defined as
lo(N)—v(NHIZ T (7)) — (7=(3) (4
LU(Z,J) — %e,iﬂ > , (2) VU(Z) (Uﬂf@)vvy(z))a (3)

. 7 ) ~_ where7,(i) and, (i) are the average horizontal and vertical
where Z(i) is a normalizing factor,.Z(i) = 3_;w(i,j), derivatives in the neighborhood of pixél(derivatives com-
and / is the decay parameter of the weights. In the aboygited with standard numerics). In contrast with works such as
equation,v(N;) is the vector of neighborhood pixel valuesis) (8], where the magnitude of the gradient is considered,
v(N;) = (v(j)), j € Ni, where N; defines the neighbor- \ye here use the gradient orientation. Note for example that
hood of pixeli, normally a square-block of pre-defined sizg noise-free image block will have very different average
aroundi. The vector norm used in Equation (1) is simplyradient magnitude with the same block but with (zero-mean)
the Euclidean difference, weighted by a Gaussian of zegggitive noise, while the gradient direction is expected to be
mean and variance [2]. For an image withM pixels, M gimilar. The average gradient orientations difference at pixels
weights have to be computed for each pixel. Computation pgndj is given by
the M? overall weights makes the algorithm inefficient and -
impractical. Reducing the total number of computed weights 0(i, ) = £(Vo(i), Vo(j)), 4
by neglecting in advance neighborhoods with expected small

. - . s . qnd can also be used as a measure to filter-out unrelated
weights is important in order to improve the computationa] . : . -
neighborhoods (once again, blocks can be easily pre-classified

complexity of this non-local means algorithm. This reductmgmd accessed with look-up tables),

may also improve the overall denoising quality by removing To find a threshold, above whidhis considered as outlier

the influence of pixels belonging to unrelated neighborhoods, . .
We show how to approach this next. d(Smeanmg not the same type of neighborhood block), we use

robust statistics following [1], [7]

IIl. NEIGHBORHOODS CLASSIFICATION . . . ..
) ] i o9 = 1.4826 medianyx1[||0(i, )| — mediany«1(|0(i, 5)])|]-
In this section, two types of filters are suggested to pre- (5)

classify the image blocks and thereby reduce the number olye have observed that the gradient orientation is not a
weight computations in the non-local means denoising alggsjiaple measure for neighborhood similarity when the overall
rithm. One of the filters is based on average neighborhood gigy gient magnitude of the block is small. Therefore, once the
values and the second one is based on gradient (directioj$d ks have similar averages, the weightt, j) is computed

Finding easily computed measures for neighborhood Sim"argjﬁon-zero) if the gradients in pixelor j are small 0B(i, j) <
[Z

is fundamental to make the non-local means algorithm pracli- A similar formula as in Equation (5) is used to compute

cal.. ) ) the threshold under which the gradient is considered small.
First, the average gray values in the neighborhood of eachT0 recapp, all the above mentioned filters are brought

pixel is introduced as one measure of similarity between piﬁigether in the following equation:

els. Intuitively, considering zero-mean additive noise, similar

neighborhoods should have similar average gray values. In our

lo(N)—v (N3,

proposed algorithm, for each pixéla maximum of2n + 1 ﬁe =, (| V(i) ||< ov)
weights are calculated, for then + 1 pixels j with closest o or (|| Vo(j) ||< ov)
neighborhood average gray value to that;oDepending on w(i, j) = or (10(4, j)| < o9)]

the selected value of, the average of the obtainedh + 1 and (m < 23 < 12)
neighborhoods might be too far from the average for the neigh- 0, otherwise.

borhood of the pixel being processed. Therefore, in addition (6)

to using a fixed pre-defined number of blocks, we consider th1€ré ov is the threshold under which the gradient magni-
ratio of average gray values in the neighborhoods of pixeldude is considered small. As mentioned before, using look-
andj when computings(i, j). The weightw(i, j) will have a  UP table.s, the COI’]dItIOI’!S in .the above formula reduce the
non-zero value (that is, the corresponding neighborhood wiPMPplexity from quadratic to linear.

be considered) ify; < g((;g < 12, where(i) ando(j) are

the average gray values’in the neighborhoods of pikelsd IV. EXPERIMENTAL RESULTS

j,andm < 1and7, > 1 are two constants close to ohe. e tested our algorithm both on gray scale and color

1Considering this ratio criteria alone might lead to too many blocks if Iargiénages' We used Bl x 11 neighborhOOd window for average
similar areas exist in the image, thereby hurting the computational speed.gradient computation and ax 7 window for average gray




value computations and similarity tests. The parameteand vector (RGB) is used instead of the difference of gray values
h were chosen following experimentation, while we selectdd the gray scale images. In Equation (6y; is a3 x 1 vector,
m =0.9andn, = 1.1. oy is defined using the average of 3 orientations, and instead
In Figure 1 we compare the original non-local means algof v in v the average of the 3 RGB values is used.
rithm with our proposed modifications. For this image, which Finally, in Figure 5 four frames of a noisy image sequence
was originally noisy,h = 10 andn = 100. The proposed and their denoised version are presented. For video, the
algorithm is 10.53 times faster than the original method icomputational improvement introduced in this paper becomes
[2]. It can also be observed that some details of the buildiryen more critical. As clearly detailed in [3], there is no need
are better preserved in our algorithm as a result of removify optical flow computation, and the only modification is that
unrelated pixels from the weighted average. In general, ttee neighborhood around the pixel being denoised is compared
proposed modification works better in parts with more detailgjth neighborhoods also in adjacent frames. As detailed in
e.g., parts of the building in Figure 1, while flat regions lik¢10], where this was used for texture synthesis, searching for
the sky are better denoised by including more blocks as in [2].flat 2D neighborhood in the 3D data (space plus time) is
The main reason is the large number of similar pixels in flabore appropriate than searching for a 3D neighborhood.
parts compared to detailed parts. Therefore, there is a trade off
in the selection of the number of blocks with similar average V. CONCLUSIONS

to be considered: A large number of blocks reduces the speeq{1 this note, improvements to the original non-local means

of t.he d_enoising process, t_hough it re§ults in better d‘?r_‘OiSiWﬂage denoising method introduced in [2] were proposed. In
mainly n flat parts of the |mag§.ln F!gure 2 We'mOCEiIerd order to significantly accelerate the algorithm, we introduced
the algorithm parameters following this observation, in Ord?ﬁters to eliminate unrelated neighborhoods from the weighted

to further smooth the image, while the obtained speed is 719 rage used to denoise each image pixel. These filters are
times less than before. In the example in Figure 3, the selecﬂied on average gray values as well as gradients, pre-

parameters are. = 50 and i = 7, while our method is 24 .5qqjfying neighborhoods and thereby reducing the quadratic
times faster than the original method. complexity to a linear one and diminishing the influence of
less-related areas in the denoising of a given pixel.

The work here presented can be considered as a combination
of techniques from [2] with those in [6]. Part of our ongoing
efforts include the investigation of image characteristics that
provide good context classifications for image denoising. Re-
sults in this direction will be reported elsewhere.
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Fig. 2. The left image is denoised with = 50 while the right image is (9
denoised withn = 500, a 5 times largety, 1 = .5, andnz = 1.5.

Examples for color images are presented in Figure 4. In
computing the weights, thd., norm of pixels’ difference

2The thresholds can depend on the block characteristics themselves, e.g.,
allowing for more blocks when the average gradient magnitude of the block
is small.



Fig. 3. Left to right: Original image, denoised image by our algorithm, denoised image by the method in [2].

Fig. 4. Left to right: Original, noisy, and denoised image by our method.

Fig. 5. Four noisy frames (left) of a video sequence denoised by our algorithm (right).



