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ABSTRACT

One of the major factors plaguing the performance of synthetic aperture radar (SAR) imagery is the presence of
signal-dependent speckle noise. Grainy in appearance, speckle noise is primarily due to the phase fluctuations of
the electromagnetic return signals. Since inherent spatial-correlation characteristics of speckle in SAR images are
not exploited in existing multiplicative models for speckle noise, a new approach is proposed here that provides
a new mathematical framework for modeling and reduction of speckle noise. The contribution of this paper is
twofold. First, a novel model for speckled SAR imagery is introduced based on Markov random fields (MRFs) in
conjunction with statistical optics. Second, utilizing the model, a global energy-minimization algorithm, based
on simulated annealing (SA), is introduced for speckle reduction. In particular, the joint conditional probability
density function (cpdf) of the intensity of any two points in the speckled image and the associated correlation
function are used to derive the cpdf of any center pixel intensity given its four neighbors. The Hammersley-
Clifford theorem is then used to derive the energy function associated with the MRF. The SA, built on the
Metropolis sampler, is employed for speckle reduction. Four metrics are used to assess the quality of the speckle
reduction: the mean-square error, SNR, an edge-preservation parameter and the equivalent number of looks. A
comparative study using both simulated speckled images as well as real SAR images indicates that the proposed
approach performs favorably in comparison to existing filtering techniques such as the modified-Lee and the
enhanced Frost-algorithms.
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1. INTRODUCTION

Synthetic aperture radar (SAR) systems use coherent radiation to create images. The major advantage of SAR
over non-radar imaging systems is that it does not rely on an external source. SAR systems transmit their own
radiation and remain effective independently of weather or daylight conditions.1 Unfortunately, the drawback
of this autonomy is their higher susceptibility to speckle noise. A SAR system coherently records the amplitude
and the phase echoed from a target. Since each resolution cell of the system contains several scatterers, and since
the phases of the return signals from these scatterers are randomly distributed, the inherent coherent processing
involved results in interference noise-like patterns called speckle.

In some applications such as digital image watermarking,2 the noise is willingly added to the image in order
to carry useful information such as copyright information. Speckle noise however, is considered harmful and the
goal is to eliminate it. The speckle is an inherent spatially signal-dependent noise as opposed to the impulse noise3

often generated in noisy sensors and communication channels. A large variety of speckle-reduction techniques
have been proposed in the literature. Among them are the Lee filter and its derivatives,4, 5 the geometric filter,6

the Kuan filter,7 the Frost filter and its derivatives,5, 8 the Gamma MAP filter,5 the wavelet approach9, 10 and
the approaches based on Markov-random-fields (MRFs).11, 12 These approaches assume a multiplicative model
for the speckled image intensity hence each observed image pixel is the product of the noise-free image pixel
with the noise13 pattern. The capability of MRFs to model spatially correlated and signal-dependent phenomena
makes them an excellent choice for modeling speckled images. However, exiting MRF-based methods for speckle
are not derived from the physical statistical properties of speckle.

In this paper no assumption of the multiplicative noise model is made. Instead, we consider the speckled
SAR image intensity, as a MRF configuration, with a high total energy. The goal of the de-noising process is to



lower this energy. A novel MRF model for speckled SAR imagery based on the spatial-correlation properties of
the speckle is derived. Simulation of speckled images are generated based on the derived model and reduction
of speckle noise is performed using a global energy-minimization algorithm that is based on using simulated
annealing (SA)14 in conjunction with the Metropolis sampler.15

2. FIRST-ORDER MRF MODEL

The MRF used is an undirected graph G = (V, E) that has undirected edges drawn as lines. The set V of vertices
of the graph is {Ik, Ik1 , Ik2 , Ik3 , Ik4} and E is the set of edges. Two type of cliques can be defined for the graph in
Figure 1a. The single-clique: C1 =

{
(xk, yk), k ∈ S

}
, and the pair-clique, C2 =

{
{(xk, yk), (xk1 , yk1)}, {(xk, yk),

(xk2 , yk2)}, {(xk, yk), (xk3 , yk3)}, {(xk, yk), (xk4 , yk4)}k ∈ S, ki ∈ S, i = 1, ···, 4
}

, where S ⊂ ZZ is the set of indexes
of the image. The conditional probability density function (cpdf) of the intensity Ikj

at point kj given the value
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Figure 1. (a) Graph form of the first-order neighborhood. (b) Lattice form of the first-order neighborhood.

of the intensity Iki at point ki is drawn from statistical optics theory and provided by Goodman.16 Here, the
global mean, 〈I〉, has been substituted by (it)kj , which is defined as the true intensity image at point kj . The
realization of the random variable Ikj at point kj is denoted by ikj . More precisely, the conditional probability
density function of the intensity Ikj at the kjth pixel given the intensity Iki at the kith pixel is given by16

p
Ikj

|Iki
(ikj |iki) =

exp
(
− |µ(rkikj

)|2iki
+ikj

(it)kj
(1−|µ(rkikj

)|2)
)

(it)kj (1− |µ(rkikj )|2)
I0

( 2(ikiikj )
1/2|µ(rkikj )|

(it)kj (1− |µ(rkikj )|2)
)
, (1)

where I0(·) is a modified Bessel function of the first kind and zero order, and |µ(rkikj )| and rkikj are, respectively,
the coherence factor and the Euclidian distance between the points ki and kj . After some analysis, it follows that
the cpdf of the intensity of the center pixel, ik, given the four neighbors ik1 , ik2 , ik3 and ik4 takes the following
form:

p
Ik|Ik1···4

(ik|ik1···4) = exp
[− U(ik, ik1···4)

]
, where U(ik, ik1···4) = VC1(ik) + VC2(ik, ik1···4)

From the Hammersley-Clifford theorem,17 the energy function is identified to be U(ik, ik1···4). The terms VC1(ik)
and VC2(ik, ik1···4) are, respectively, the single-clique and the pair-clique potential functions. The above energy
function will be utilized in the speckle simulation as well as in the speckle reduction processes.

3. SIMULATION AND EXPERIMENTAL RESULTS

3.1. Image quality assessment parameters

The assessment of the speckle-reduction quality will be based on four metrics. The first metric is the mean square
error (MSE) between the noise-free and the denoised images each having K pixels; it is defined as follows

MSE = K−1
K∑

i=1

(Ii − Îi)2,

where Îi is denoised pixel corresponding to Ii. The second metric is the so-called β parameter,10 which assesses
the quality of the edge preservation. It is defined by

β =
Γ(IH − IH , ÎH − ÎH)√

Γ(IH − IH , IH − IH)Γ(ÎH − ÎH , ÎH − ÎH)
.



with Γ(I1, I2) =
∑K

i=1 I1i
I2i

, where I1i
and I2i

are the ith pixel intensities of images I1 and I2 respectively. The
best preservation of the edges corresponds to β = 1. The quantities IH and ÎH are the high-pass filtered versions
of I and Î, respectively (using the Laplacian operator), and I and Î represent the original (or noise free) and the
noisy (or despeckle) intensity image, respectively. The third metric, which is the signal-to-noise ratio (SNR) in
dB is defined by

SNR = 10 log10(
K∑

j=1

Ii
2
/ K∑

j=1

(Ii − Îi)
2
).

The forth and final metric is the effective number of looks (ENL), which it is often used to estimate the speckle-
noise level in a SAR image.12, 13, 18 The higher the parameter the lower is the speckle noise in the area. The
ENL is used to assess the reduction performance not only on simulated but also on real speckled images. It is
obtained by using the mean and variance intensity over a uniform area as follows

ENL = (mean2)UniformArea

/
(variance)UniformArea.

3.2. Simulated annealing using the Metropolis sampler algorithm

In this section, an outline of the proposed speckle reduction approach, which combines the SA and the Metropolis
sampler (MS) is given.
Step 1: Initialization stage: Set the parameters of the MRF model.
Step 2: Perform the uniformity test: Consider the kth pixel with intensity ik.

1. Run the testing mechanism to detect the presence of line or noisy pixel.
2. If no noise is suspected, the intensity ik is left unchanged.
3. If the kth pixel is deemed to be noisy, proceed to the intensity update.

Step 3: Perform intensity update
1. Generate iknew ∈ L\{ik} at random with L\{ik} being the set of grey levels excluding ik
2. Update the temperature with Tk = λ× Tk−1

3. Compute p = min{1, e−∆U/Tk}, where ∆U = U(iknew , ik1···4)− U(ik, ik1···4)
4. Acceptance/Rejection step:

(a) Generate a uniformly-distributed random variable R ∈ [0, 1]
(b) If R < p then accept iknew , i.e., ik ← iknew

(c) If R ≥ p then reject iknew , i.e., ik is unchanged
Step 4: Repeat steps 2 and 3 for the next pixel
Increment k and go to Step-2 until k = M ×N , the M ×N being the size of the image.
Step 5: Repeat steps 2-4 until the uniformity test is positive for almost every pixel.

Steps 2-4 constitute one iteration of the SA-MS scheme. The test in Step 2 constitutes a reliable criterion
(based on our experience) to assess when to end the update of the intensities and hence gives us a stopping
criterion. Indeed, if the test is true overwhelmingly for the entire image, the four indicators of speckle reduction
quality will remain almost the same. The test in Step 2 will therefore be used as a stopping criterion.

3.3. Simulation of speckled images

The generation of speckled images is the focus of this section. The original (true) image is feed into the Metropolis
sampler algorithm described in Section 3.2-Step 3 and run once. When the initial temperature T0 is set very
low, almost no change is allowed and the output image is visually identical to its input (see Figures 2(a)-(b)).
On the other hand, if T0 is set high, all configuration changes in the image are accepted, which resulted in a
very noisy image as seen in Figure 2(f). The noise-free image used is an aerial photography of an urban scene
Figure 2(a).19 The speckled versions of the true image for various values of T0 are shown in Figure 2(b)-(f).

T0 0 5 10 15 25 50 1000
SNR(dB) 28.66 18.65 14.50 12.28 10.29 8.73 6.73

Table 1. Variation of the SNR in terms of T0.



(a) (b)

(c) (d)

(e) (f)

Figure 2. (a) True-scene. Speckled version of True-scene with: (b) T0 ≈ 0 and SNR=28.66 dB. (c) T0 = 15 and
SNR=12.28 dB. (d) T0 = 25 and SNR=10.29 dB. (e) T0 = 50 and SNR=8.73 dB. (f) T0 = 1000 and SNR=6.73 dB.



3.4. Speckle reduction of simulated speckled images

The goal of this subsection is to reduce the simulated speckle existing in Figure 2(c). The algorithm described
in Section 3.2 is feed with the speckled image created in Section 3.3 (see Figure 2(c)). We compare our proposed
approach against two well-known speckle removal filters such as the modified Lee and the enhanced Frost filters.5

The results of the simulations are presented in Figure 3. The four parameters introduced in Section 3.1 are
measured and reported in Table 2. Based on the results obtained the proposed approach performed better
than the other filters. Indeed, according to all four indicators of quality, after the 21st iteration, the proposed
speckle reduction approach outperforms the other filters. Besides, the stopping criterion discussed in Section 3.2
indicates that the convergence of the algorithm occurs after 80 iterations. As seen in Table 2, after 80 iterations
the four parameters remain relatively constant.

ENL MSE β SNR(dB)
Noisy scene 16.88 1199.5 0.2259 12.28

Modified-Lee filtered version of the noisy scene 61.31 464.65 0.3767 16.14
Enhanced Frost filtered version of the noisy scene 62.13 461.41 0.3341 16.43

Proposed approach after the 21st iteration 62.55 280.83 0.4012 18.58
Proposed approach after the 40th iteration 70.58 260.36 0.4249 18.91
Proposed approach after the 60th iteration 72.73 258.15 0.4298 18.95
Proposed approach after the 70th iteration 72.91 257.80 0.4301 18.95
Proposed approach after the 80th iteration 73.10 257.53 0.4305 18.96
Proposed approach after the 100th iteration 73.11 257.17 0.4307 18.96

Table 2. Some results of speckle reduction
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Figure 3. (a) True-scene. (b) Speckle version with SNR = 12.28 dB. (c) Modified-Lee filtered version. (d) Enhanced-
Frost filtered version. Proposed approach after: (e) 21 iterations. (f) 40 iterations. (g) 60 iterations. (h) 70 iterations.
(i) 80 iterations. (j) 100 iterations.

3.5. Application of speckle reduction to real SAR image
We have seen in Section 3.4 that our filtering approach behaves as expected on simulated speckled images. It
will now be tested on a real SAR images.20 Similarly to the simulated image, the real SAR images is feed to the
SA-MS algorithm. The parameters of the MRF model are set on a case-by-case basis. The results of the speckle
reduction are shown in Figure 4 and Table 3 gives a summary of the results obtained. It can be seen that after
20 iterations, the proposed approach yields a higher ENL compared to the other filters, which is an indication
of a more efficient speckle reduction. After the 70th iteration, the ENL remains constant, which indicates the
convergence of the algorithm.

We will now analyze and compare the image degradation (blur) due to the various speckle denoising processes.
Let us zoom on two areas of the results obtained in Figure 4. The first set of results is shown in Figure 5 and
the second set is shown in Figure 6. It is clear that the proposed approach does not affect the noise-free area
and de-noises the rest, contrarily to the enhanced-Frost and the modified-Lee versions which are more blurred.
As a consequence, the proposed approach better preserves the edges compared to the other approaches. Another
illustration of this feature can be found in Figure 7 and its zoom in Figure 8, which represents an approximate
profile of the point-spread function (PSF) obtained by observing the same bright line in Figure 6(a) and its
speckle reduction versions. It can be seen that the proposed approach has preserved the initial peak more
faithfully than that rendered by the enhanced-Frost and the modified-Lee filters.

ENL
Noisy SAR 3.01

Modified-Lee filtered version of the noisy SAR 10.14
Enhanced-Frost filtered version of the noisy SAR 10.40

Proposed approach after the 20th iteration 10.62
Proposed approach after the 40th iteration 13.57
Proposed approach after the 50th iteration 14.31
Proposed approach after the 70th iteration 15.13
Proposed approach after the 80th iteration 15.17

Table 3. Speckle reduction using real SAR Image.
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Figure 4. (a) Real noisy SAR image. (b) Modified-Lee filtered version of SAR. (c) Enhanced-Frost filtered version of
SAR. Proposed approach after: (d) 20 iterations. (e) 40 iterations. (f) 70 iterations.



(a) (b) (c)
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Figure 5. The first zoomed area of: (a) Noisy SAR image. (b) Modified-Lee filtered SAR image. (c) Enhanced-Frost
filtered SAR image. Proposed approach after: (d) 20 iterations. (e) 40 iterations. (f) 50 iterations.

(a) (b) (c)

(d) (e) (f)

Figure 6. The second zoomed area of: (a) Noisy SAR image. (b) Modified-Lee filtered SAR image. (c) Enhanced-Frost
filtered SAR image. Proposed approach after: (d) 20 iterations. (e) 40 iterations. (f) 50 iterations.
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Figure 7. (a) The original PSF-like curve (+) and its outputs using the enhanced-Frost filter (¤), the modified-Lee

filter (◦) approaches and after 20 iterations of the proposed approach (4). (b) The original PSF-like curve (+) and its

outputs using the enhanced-Frost filter (¤), the modified-Lee filter (◦) approaches and after 50 iterations of the proposed
approach (4).
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Figure 8. The zoom version of Figure 7

4. CONCLUSION

In this paper we presented a novel model of speckled imagery in the context of MRFs. We have generated
speckled images based on the derived model and we used the derived model together with the Metropolis SA
algorithm to reduce the speckle in simulated speckle images as well as in real SAR imagery.



The reduction process using our proposed approach seems to outperform other common filters such as the
modified Lee and the enhanced Frost. Various simulated as well real speckled images have been tested showing
a similar trend.21 Three main reasons can explain this improved performance. Firstly, the intrinsic spatially-
correlated and signal-dependent nature of speckle noise makes the undertaken MRF-framework a natural choice.
Secondly, the SA, being an iterative method, allows a gradual and interactive noise removal compared to the
standard methods.12 Thirdly, the energy function used in the SA is derived according to the physical model of
the speckle, which, in turn, leads to a reliable speckle reduction.

Due to the computational complexity of the SA-MS algorithm, a more efficient version of the speckle de-
noising approach, within the same MRF framework, has also been lately developed showing comparable results.
The new procedure is based on an optimal estimate of the true image intensity, in the sense of minimizing the
MSE, and it is given by the conditional expectation of a pixel given its four neighbors.

The authors wish to thank Dr. Armin Doerry at Sandia National Laboratories for providing valuable sug-
gestions and SAR imagery.
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