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Abstract: We describe a convolutional neural network for image despeckling with the
exponential linear unit activation function, which outperforms state-of-the-art approaches on
the reduction of speckle noise.
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networks.

1. Introduction

Synthetic aperture radar (SAR) images are often affected by strong multiplicative noise such as speckle noise, which
severely hinders the interpretation process. Therefore, suppressing speckle noise of SAR images has been considered
an essential step before further image processing. Apart from traditional despeckling methods such as probabilistic
patch-based filter (PPB) [1] and block matching 3D (BM3D) [2], several recent papers have explored the feasibility
of applying convolutional neural network (CNN) in SAR image despeckling [3, 4]. Despite the promising results they
presented, studies in deep learning based SAR despeckling are still at an early stage with room for improvement. In this
work, a CNN network with exponential linear unit (ELU) [5] and batch normalization (BN) [6] has been introduced
for suppressing speckle noise in SAR images.

2. Method

The multiplicative speckle noise can be modeled as y = x · n [7], where y denotes the observed speckled image, x is
the noise-free image and n indicates speckle noise. The random variable n has been commonly assumed to follow a
Gamma distribution: p(n) = 1

Γ(L)LLnL−1e−Ln [7], where L denotes the equivalent number of looks and Γ(·) represents

the Gamma function. The mean and variance are 1 and 1
L respectively. As presented in Fig. 1, the proposed ELU

network for SAR image despeckling, motivated by [5], consists of a total of 8 convolutional layers. Instead of using
the rectified linear unit (ReLU) [3], we adopt ELU as the activation function and utilize the “Conv-ELU-Conv-BN”
structure [5] which has been demonstrated to show noticeable improvement in Gaussian denoising. The ELU activation
speeds up learning with a close-to-zero mean and also ensures the robustness to noise. Using a division layer with skip
connection and hyperbolic tangent layer at the end, the network learns an end-to-end mapping between speckled and
clean images. The loss function adopted here is a combination of total variation and L2-norm [4].

3. Results

We present results on synthetic speckled SAR images and compare them with leading despeckling methods including
PPB [1], SAR-BM3D [2] and SAR-CNN [3]. The training patches of size 40× 40 are extracted from 400 images in
UC Merced Land Use dataset [8]. The network is trained 50 epochs with a mini-batch size of 128 using ADAM [9].
The learning rate is decayed from 0.001 to 0.0001 and the regularization parameter is increased from 0.0001 to
0.001 after 30 epochs. For quantitative comparison among these methods, the peak signal to noise ratio (PSNR) and
structural similarity (SSIM) index are calculated with results shown in Table 1. The proposed method presents superior
performance over all comparison methods in three different noise levels (except for the PSNR when L = 4). Consistent
with the objective evaluation result, improvements on the preservation of local details can be seen in Fig. 2.

4. Conclusion

In this work, we have investigated an ELU-based CNN for SAR despeckling. The comparison with state-of-the-art
methods has demonstrated the reliability of applying ELU for speckle reduction in SAR images. Both visual inspection
and objective assessments (PSNR and SSIM) have presented promising despeckling results.
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Fig. 1. Proposed network architecture for SAR image despeckling.

Fig. 2. Sample results on synthetic SAR images contaminated by single-look speckle noise. From
left to right: Noisy, PPB, SAR-BM3D, SAR-CNN, ours.

Table 1. PSNR and SSIM results

Method PSNR SSIM
L = 1 L = 4 L = 10 L = 1 L = 4 L = 10

PPB 23.13 26.30 28.30 0.6135 0.7551 0.8253
SAR-BM3D 24.55 28.83 30.06 0.6903 0.8144 0.8704
SAR-CNN 24.62 28.25 30.75 0.6766 0.8124 0.8731

Ours 24.84 28.64 30.97 0.6991 0.8237 0.8736
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