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We develop an image despeckling method that combines nonlocal self-similarity filters with machine learning,
which makes use of convolutional neural network (CNN) denoisers. It consists of three major steps: block match-
ing, CNN despeckling, and group shrinkage. Through the use of block matching, we can take advantage of the
similarity across image patches as a regularizer to augment the performance of data-driven denoising using a pre-
trained network. The outputs from the CNN denoiser and the group coordinates from block matching are further
used to form 3D groups of similar patches, which are then filtered through a wavelet-domain shrinkage. The
experimental results show that the proposed method achieves noticeable improvement compared with state-
of-the-art speckle suppression techniques in both visual inspection and objective assessments. © 2019 Optical

Society of America

https://doi.org/10.1364/AO.58.000B39

1. INTRODUCTION

Speckle is a signal-dependent noise, which is usually observed as a
high-contrast, fine-scale granular pattern in different kinds of co-
herent images [1]. The cause of this pattern involves the scattering
phenomenon and the interference of dephased waves in the im-
aging process. When radiation is either transmitted by stationary
diffusers or reflected from rough objects, it is scattered and com-
posed of various randomly phased wave components. In the
propagation to the observation spot, these out-of-phase but
coherent wavelets interfere with one another constructively or de-
structively, resulting in the appearance of chaotic and unordered
granular patterns, described as speckle [2]. Speckle is problematic
for different imaging modalities, such as synthetic aperture radar
(SAR), which uses microwave signals [3,4], ultrasound imaging
[5], and optical coherence tomography (OCT), which uses co-
herent light to capture images [6,7]. In this work, we focus
on suppressing speckle through computation. We illustrate our
technique by applying on SAR imaging, although the approach
works more generally with different imaging modalities.

SAR makes use of a microwave imaging radar mounted on a
moving platform (20 km airborne and 30–500 km space-borne
systems) that can acquire high-resolution images under differ-
ent weather conditions using a coherent source [8]. Given its
unique advantages, SAR imaging is considered a highly reliable
remote sensing technology and used extensively in different
areas. However, it generally suffers from serious speckle noise,
which severely degrades the quality of images and adversely
affects further image processing and analysis [8]. Therefore,
suppressing speckle noise is of great importance, and has been

studied for decades [9–11]. The observed speckled image
intensity y�s� at pixel s is commonly expressed as [12]

y�s� � x�s� · n�s�, (1)
where x�s� is the underlying noise-free reflectance, and n�s�
indicates multiplicative speckle noise [13]. For a fully devel-
oped speckle pattern, the amplitude, defined as a�s� � ffiffiffiffiffiffiffi

y�s�p
,

follows a Rayleigh probability distribution [1]:

Pfag � a
x2

exp

�
−
a2

2x2

�
: (2)

Therefore, the intensity y�s� of a single-look SAR image follows
a negative exponential distribution. As for a multi-look SAR
image, which is an average of several independent estimates
of reflectivity, the random variable n�s� is widely accepted
[14–16] to obey a Gamma probability density function:

Pfng � 1

Γ�L� L
LnL−1 expf−Lng, (3)

where L denotes the equivalent number of looks, and Γ�·�
represents the Gamma function. The mean and variance are
1 and 1∕L, respectively [17].

While many model-based computational techniques have
been developed for speckle suppression, in recent years, learn-
ing-based methods have become increasingly popular in dealing
with different imaging problems, such as in-phase aberration
compensation [18], hologram compression and reconstruction
[19,20], ghost imaging [21], scatter imaging [22], autofocusing
[23], classification [24], and depth-of-field extension [25].
Several recent works also explore the feasibility of applying
convolutional neural networks (CNNs) to suppress speckle
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noise in SAR images [26–28]. Compared with conventional
despeckling methods including wavelet shrinkage [9], probabi-
listic patch-based filter (PPB) [10], and synthetic aperture
radar-block matching 3D (SAR-BM3D) [11], CNN-based de-
noisers exhibit advanced modeling abilities to learn complex
features from the large amount of training data, and are gen-
erally better at reconstructing images with sharp edges and pre-
serving local details.

Despite the promising results they presented, there are still
limitations in these methods. Existing CNN-based despeckling
methods are all discriminative models based on local informa-
tion, which fail to take advantage of the nonlocal self-similarity
(NSS) property of SAR images. Furthermore, the general net-
work design of these methods lacks problem-specific knowl-
edge, and therefore depends significantly on the selection and
coverage of the training dataset. We aim at overcoming the
above limitations of CNN denoisers in SAR despeckling
problems by judiciously combining with nonlocal mean
algorithms (See Algorithm 1.)

Algorithm 1. Procedure of proposed architecture

Input: y: noisy signal
Input: L: number of looks

1: pilot estimate: x̂ � SAR − BM3D�y, L�
2: match table: M � Block −Match�x̂, y, L�

Input: K : number of iterations
Input: λ: weight parameter
Input: β: shrinking parameter

3: for k � 1 to K do
4: y0 � y
5: yk � λky � �1 − λk�x̃k−1
6: x̃k � CNN −Despeckle�yk , L�
7: g̃ k � Group�x̃k ,M �
8: G̃k � T 1D�g̃ k�
9: Ḡk � Shrinkage�G̃k , βk�
10: ḡ k � T −1

1D�Ḡk�
11: x̄k � Aggregate�ḡ k ,M , βk�
12: end for
Output: x̄K

In fact, in regard to the suppression of additive white
Gaussian noise, several recent studies have proposed neural net-
works incorporating both CNN models and nonlocal means
filters [29–31]. A notable example of the NSS-based method
is the block-matching algorithm, which has been demonstrated
as a very efficient approach in various image processing appli-
cations, including photograph [32] and hologram [33] inpaint-
ing restoration, motion estimation, and video compression
[34], image registration [35], etc. Inspired by the framework
introduced in [31], we develop a SAR-oriented speckle suppres-
sion method using a nonlocal CNN architecture, henceforth
named SAR-NN3D. The key strength of this approach is that
it can combine different state-of-the-art CNN despeckling
methods with a nonlocal filtering method known as SAR-
BM3D [11]. As summarized in Fig. 1, our technique initially
obtains the group coordinates of similar blocks based on the
similarity measure [11] in block matching. The speckled im-
ages are then processed iteratively by CNN despeckling for
noise suppression and group shrinkage for regularization
guided by NSS priors. We evaluate the proposed method using
synthetic speckled SAR images under different noise variance
levels. To the best of our knowledge, this is the first study
incorporating NSS-based filters and CNN-based denoisers
for suppressing image speckle.

2. METHODOLOGY

A. Block Matching
The proposed architecture consists of a block-matching session
and an iterative filtering session with CNN despeckling and
group shrinkage. The block-matching phase aims at locating
the blocks most likely to have the same signal component as
the reference blocks. In our framework, we first compute an
initial despeckled image x̂�s�, which is estimated by applying
the nonlocal filtering method SAR-BM3D [11] to the speckled
image y�s�. Then, the block matching is performed on both y�s�
and x̂�s� as follows.

Fig. 1. Proposed iterative speckle suppression architecture. The input to the CNN despeckling module is the convex combination of the original
noisy image and the estimate from the last iteration. The group shrinkage is performed in the wavelet domain on 3D groups of similar image patches,
which are extracted from the output of the CNN and formed according to the coordinates obtained from the non-iterative block-matching session.
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Different from the case of additive white Gaussian noise,
speckle noise is signal dependent. Consequently, Euclidean
distance is not the optimal way to estimate the likelihood that
the underlying noise-free reflectance of two speckled observa-
tions is the same. Therefore, instead of using Euclidean dis-
tance, we adopt a distribution-specific similarity measure,
proposed in Ref. [11], taking into account the probabilistic
property of speckled SAR images [10]. Given an L-look
SAR image speckle, the amplitude a�s� conditioned on the
noise-free reflectivity x�s� obeys a square-root Gamma
probability distribution [15]:

Pfa�s�jx�s�g � 2LL

Γ�L�x�s�L a�s�
2L−1 exp

�
−
a�s�2
x�s� L

�
,

a ≥ 0. (4)

Furthermore, the following proportionality can be derived by
calculating the similarity probability and the Kullback–Leibler
divergence between the conditional probability densities of two
reference pixels s and t, given the initial estimates x̂�s� and x̂�t�
from SAR-BM3D, such that

P1fa�s�, a�t�jx�s� � x�t�g ∝
�

a�s�a�t�
a�s�2 � a�t�2

�
2L−1

�
�
a�s�
a�t� �

a�t�
a�s�

�
−�2L−1�

, (5)

P2fx�s� � x�t�jx̂�s�, x̂�t�g ∝ exp

�
−L

jx̂�s� − x̂�t�j2
x̂�s�x̂�t�

�
: (6)

Details of the derivations can be found in Ref. [10].
Let Bs and Bt be the N × N blocks centered on pixels s

and t, respectively. The similarity measure d �Bs,Bt� is defined
by combining the above proportionality [11], according to the
probabilistic principle of locating blocks that are most likely to
have the same underlying noise-free reflectance, i.e.,

d �Bs,Bt� �
X
m

�
− log

�
a�s � m�
a�t � m� �

a�t � m�
a�s � m�

�
−�2L−1�

−γ log

�
exp

�
−L

jx̂�s � m� − x̂�t � m�j2
x̂�s � m�x̂�t � m�

���

�
X
m

�
�2L − 1� log

�
a�s � m�
a�t � m� �

a�t � m�
a�s � m�

�

�γL
jx̂�s � m� − x̂�t � m�j2
x̂�s � m�x̂�t � m�

�
, (7)

where m is a scanning variable, and γ is a weighting factor
balancing the relative importance of the two terms. For each
group, similar blocks are ranked according to their similarity
to the reference block, and the coordinates of the top P mutually
similar blocks are recorded in the look-up table for a subsequent
group shrinkage phase. The block matching is conducted only
once for each image at the beginning without any iteration, to
avoid the deformation introduced by CNN denoisers.

B. Machine Learning
Next, we proceed to the iterative filtering session where the
speckled input yk�s�, at iteration k, first undergoes noise
suppression by the CNN despeckling module and outputs

an intermediate estimate x̃k�s�. As stated earlier, different
CNN modules can be used here; in the experiments to be
discussed in the next section, we will compare the performance
of three specific implementations. Group shrinkage is then per-
formed on the similar patches from x̃k�s� to generate the final
denoised estimate x̄k�s�.

It should be noted that the input yk�1�s� to CNN despeck-
ling at the �k � 1�th iteration is a convex combination of the
original speckled image y�s� and the filtered output from the
group shrinkage of the �k�th iteration x̄k�s�, which can be
computed as

yk�1�s� � λk�1y�s� � �1 − λk�1�x̄k�s�, (8)

where λk�1 is a weight parameter balancing the original noisy
image y�s� and the estimate from the last iteration x̄k�s�, which
therefore manages the progress rate of the iterative filtering pro-
cedure. As k increases, a monotonically decreasing λk�1 lowers
the weight of the original noisy signal and increases the propor-
tion of updated noise-free estimate x̄k�s� in the new input
yk�1�s� at iteration k � 1.

In the CNN despeckling session, we can directly use an
existing pre-trained CNNmodel for noise suppression, without
the need for any re-training, according to the noise variance in
yk�1�s�. Since y�s� has a noise variance equal to 1∕L, and the
estimate from the previous iteration x̄k�s� is assumed to have no
noise, the noise variance of yk�1�s� computed from Eq. (8) is
therefore λ2k�1∕L.

The nonlocal group shrinkage is then performed to enforce
the NSS prior of the original image, so as to suppress the un-
wanted artifacts introduced by the CNN. Making use of the
group coordinates from the block-matching step given by
Eq. (7), similar patches from the intermediate estimate x̃k�s�
of the CNN denoisers are stacked into 3D groups of size
N × N × P and undergo group-wise smoothing. In an earlier
study on group shrinkage, the spectrum of each 3D group was
then calculated by performing 2D spatial undecimated discrete
wavelet transform T 2D and 1DHaar discrete wavelet transform
T 1D along the third dimension [11]. However, here we com-
pute only the latter, which we refer to as the inter-patch sim-
ilarity dimension. Our rationale is that speckle noise has been
largely suppressed by CNN despeckling, and further spatial fil-
tering will result in over-smoothing of the image. As a result,
the shrinkage is conducted along the inter-patch similarity
dimension for each group individually [36].

Mathematically, let g̃ k and ḡ k denote a 3D group stacked by
P similar patches of size N × N before and after the smoothing
operation, respectively. Each is therefore of sizeN × N × P. We
first compute G̃k � T 1D�g̃ k� to obtain the 1D Haar wavelet
transform of the original 3D group. The inter-patch smoothing
can then be calculated using

Ḡk �
G̃2

k

G̃2
k �W 2

k

G̃k, (9)

where W k is a threshold value that determines the strength of
the shrinkage. Subsequently, we compute ḡ k � T −1

1D�Ḡk� to go
back to the spatial domain.

With the Haar wavelet, the detail coefficients are differences
obtained by subtracting the average of two adjacent data
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from the former one at different sequence resolutions [37].
Therefore, two adjacent data with a large difference would
be shrunk less. Such an operation works similarly to the firm
shrinkage proposed in Ref. [38]. However, different from the
case with additive white Gaussian noise [31], the shrinking

threshold W k depends not only on the noise variance 1∕L
but also on the pixel intensities of the group. Let us first take
two data points, x̃�s� and x̃�t�, in a group for illustration.
Similar to Eq. (6), the conditional probability that x�s� and
x�t� are equal given the prior x̃�s�, x̃�t� (intermediate estimate
by applying CNN models to yk�s�) can be derived in the same
way to be proportional to expf−Ljx̃�s� − x̃�t�j2∕x̃�s�x̃�t�g, i.e.,

Pfx�s� � x�t�jx̃�s�, x̃�t�g ∝ exp

�
−L

jx̃�s� − x̃�t�j2
x̃�s�x̃�t�

�
: (10)

A higher probability indicates that the underlying noise-free
intensities of pixels x�s� and x�t� are more likely to be the same,
conditioned on the preliminary despeckled estimates provided
by the CNN denoisers. Therefore, the stronger smoothing
should be applied, and a larger shrinkage threshold W k should
be adopted.

Furthermore, when the difference jx̃�s� − x̃�t�j2 is deter-
mined in Eq. (10), the probability is positively correlated with
�x̃�s�x̃�t��∕L. As a result, for a sequence with two data points
x̃�s� and x̃�t�, the shrinkage threshold W k could be demon-
strated to follow the proportionality W 2

k ∝ �x̃�s�x̃�t��∕L, or

Table 1. Quantitative Evaluations on Synthetic Speckled
Images Measured by PSNR (dB) and SSIM

L � 1 L � 2 L � 4

PSNR SSIM PSNR SSIM PSNR SSIM

SAR-BM3D 21.32 0.6609 23.05 0.7560 24.76 0.8267

SAR-CNN 20.75 0.6572 23.68 0.7845 24.73 0.8356
SAR-NN3D
(SAR-CNN)

Iter � 1 20.79 0.6580 23.72 0.7857 24.76 0.8362
Iter � 2 21.77 0.7106 24.01 0.8026 25.72 0.8545

ID-CNN 22.10 0.6742 24.00 0.7700 25.93 0.8403
SAR-NN3D
(ID-CNN)

Iter � 1 22.17 0.6746 24.06 0.7704 25.99 0.8412
Iter � 2 22.26 0.6929 24.19 0.7847 26.13 0.8488

SAR-ELU 22.29 0.6961 23.95 0.7716 26.14 0.8512
SAR-NN3D
(SAR-ELU)

Iter � 1 22.35 0.6958 24.04 0.7736 26.19 0.8515
Iter � 2 22.51 0.7190 24.32 0.7926 26.28 0.8572

Fig. 2. Sample results on tennis court image contaminated by single-look speckle noise.
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equally, W k ∝ jx̃�s�x̃�t�j12∕ ffiffiffi
L

p
. By generalizing to P data

points, we define the shrinkage threshold W k at iteration k
consistent to the shrinking criterion illustrated above as

W k �
βkffiffiffi
L

p
				
YP
n�1

g̃ k�:, :, n�
				
1
P

, (11)

where βk is an adjustable real-valued scalar, n is an index rep-
resenting the �n�th data point in the corresponding sequence of
g̃ k, and j

QP
n�1 g̃ k�:, :, n�j

1
P is the geometric mean of pixel inten-

sities for each group g̃ k along the inter-patch dimension at the
�k�th iteration.

For aggregation, we adopt the same strategy as introduced in
Ref. [31]. Since each pixel can be included in more than one
group, a weighted average should be performed before
repositioning each pixel to its original location. The detailed
operation can be found in Ref. [31].

3. EXPERIMENT AND RESULTS

To evaluate the proposed computational speckle suppression
architecture, three state-of-the-art CNN-based despeckling

models, namely, SAR-CNN [26], image despeckling CNN
(ID-CNN) [27], and SAR exponential linear unit (SAR-
ELU) [28], have been chosen for the CNN despeckling module
of the framework. SAR-CNN [26] is the first CNN network
applied on SAR ID, which is based on residual learning with
logarithm and exponential transform to deal with multiplicative
speckle noise. Getting rid of the homomorphic transformation
in SAR-CNN, ID-CNN directly estimates speckle noise and
generates a despeckled image [27]. Motivated by this, SAR-
ELU, proposed in our earlier work [28], is an end-to-end
CNN-based network for SAR despeckling with an ELU as ac-
tivation function. It consists of eight convolutional layers, a di-
vision layer of skip connection, and a hyperbolic tangent layer
at the end. To avoid the adverse influence caused by connecting
ELU and batch normalization (BN) directly, a “Conv-ELU-
Conv-BN” structure [39] is adopted. All the CNNmodels used
in the paper are pretrained with all the parameters and hyper-
parameters adopted from the original papers. In the experi-
ments, the parameters are set to be γ � 1, N � 10,
P � 32, λk � 21−k, and βk � 21−k∕10. The experiments are
performed on a total of 100 synthetic speckled SAR images

Fig. 3. Sample results on overpass image contaminated by single-look speckle noise.

Research Article Vol. 58, No. 7 / 1 March 2019 / Applied Optics B43



selected from five image classes (the last 20 images for
each image class) in the UC Merced Land Use dataset [40],
which are “algriculture,” “buildings,” “mobilehomepark,”
“parkinglot,” and “river,” for different numbers of looks
(L � 1, 2, 4) and different iterations (K � 1, 2).

Table 1 presents the performance of the three CNN
despeckling methods and their corresponding SAR-NN3D,
measured by the peak signal-to-noise ratio (PSNR) and
structural similarity index (SSIM) [41], respectively. The high-
est PSNR and SSIM for each number of looks are emphasized
in bold. The proposed architecture with SAR-ELU as the
CNN module outperforms other methods for all noise levels
(except for the SSIM results with L � 2). It also appears
that the performance of our proposed approach is largely
influenced by the CNN modules, since it always gives better
numerical results with CNN blocks presenting better
performance.

Nevertheless, it can be seen that SAR-NN3D with two iter-
ations shows noticeably greater improvement in SAR ID for all
CNN models under all cases. Especially in the case of stronger
noise, our framework generally achieves larger gains over the
corresponding CNN denoisers. It is also worth noting that
comparable and better performance can already be achieved
through direct combination of CNN denoisers and nonlocal
filtering with only one iteration.

In Figs. 2 and 3, two synthetic single-look SAR images of
different scenes are presented for visual inspection, and
their numerical evaluations are listed in Table 2. In both sets
of images, the proposed architecture with SAR-ELU as the
CNN module again outperforms all other methods. Larger
numerical gains are achieved on image “overpass” compared
with “tennis court”, as the former possesses stronger self-
similarity. Moreover, SAR-NN3D is able to smooth out
the unwanted artifacts exhibited in the despeckled images from
the CNN denoisers. This attenuation is regularized according
to the NSS priors. At the same time, the proposed architecture
also generates better reconstructions in detail preservation from
the original images. Especially for the service lines in the tennis
court image and the road markings in the overpass image, it is
evident that the proposed framework has made non-negligible
improvement to the original CNN denoisers in preserving
sharper edges and maintaining such detailed information in
the despeckled images.

4. CONCLUSION

In this paper, we present the first investigation of combining
block matching and machine learning to suppress speckle noise,
using a flexible modular framework. The modular design
enables the feasibility of adopting different existing CNN net-
works without re-training, which makes the approach less time
consuming and more adaptable. The experimental results dem-
onstrate that the proposed approach achieves noticeable im-
provement on all selected CNN methods both visually and
numerically, which not only suppresses artifacts but also enhan-
ces the reconstruction of details and presents sharper edges.

Funding. University of Hong Kong (HKU) (104004582,
104005009); Hong Kong Research Grants Council
(17201818, 17203217, C7047-16G).
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