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ABSTRACT

Nowadays, satellite images are used in various governmental applications, such as urbanization and monitoring
the environment. Spatial resolution is an element of crucial impact on the usage of remote sensing imagery.
As such, increasing the spatial resolution of an image is an important pre-processing step that can improve
the performance of various image processing tasks, such as segmentation. Once a satellite is launched, the more
practical solution to improve the resolution of its captured images is to use Single Image Super Resolution (SISR)
techniques. In the recent years, Deep Convolutional Neural Networks (DCNNs) have been recognized as a highly
effective tool to reconstruct a High Resolution (HR) image from its Low Resolution (LR) counterpart, which is
an open problem due to the inherent difficulty of estimating the missing high frequency components. The aim
of this research paper is to design and implement a satellite image SISR algorithm by estimating high frequency
details through training Deep Convolutional Neural Network (DCNNs) with respect to wavelet analysis. The
goal is to improve the spatial resolution of multispectral remote sensing images captured by DubaiSat-2 satellite.
The accuracy of the proposed algorithm is assessed using several metrics such as Peak Signal-to-Noise Ratio
(PSNR), Wavelet-based Signal-to-Noise Ratio (WSNR) and Structural Similarity Index Measurement (SSIM).
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1. INTRODUCTION

Remote sensing imagery has been a trending topic ever since the 70s when the first Landsat image was captured.
The variety of satellites that emerged since then facilitate different remote sensing applications, such as urban-
ization, Land Cover Land Use (LCLU), oceanography, and vegetation. Most of these applications require high
spatial resolution in order to achieve satisfactory results with high accuracy. Once a satellite is launched, the
resolution of the captured image can no longer be controlled by hardware means. Additionally, there exists a
trade off between the cost and the resolution of the image. Therefore, the most practical solution is to estimate
the High Resolution (HR) image from the existing Low Resolution (LR) one. This process is known as Single
Image Super Resolution (SISR). SISR is an ill-posed problem due to the difficulty of estimating the missing high
frequency details from the LR image. One of the traditional solutions in literature include interpolation, such as
bilinear,1 bicubic,2 and lanczos.3 This technique is used in real-time applications due to its low computational
complexity. However, interpolation techniques cannot estimate the high frequency details due to their low-pass
filtering process. Thus, the results often appear blurry with artifacts around the edges. A more successful
alternative to interpolation is example-based methods.4 These methods include machine learning algorithms,
such as Neighbour Embedding5678 , Sparse Coding91011 , Regression Trees121314 , and Deep Learning (DL). DL
is a sub-field of machine learning, which is in turn a sub-field of Artificial Intelligence. DL is the process of
making Deep Neural Networks (DNNs) capable of supervised learning using labeled data. Convolutional Neural
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Networks (CNNs) are a special type of Neural Networks that are capable of performing various image processing
tasks depending on their architecture as well as the formats of their inputs and outputs. When a CNN has several
hidden layers, it is known as Deep CNN (DCNN). DCNNs have proven superiority in SISR1516171819 , and they
are currently being widely utilized for this purpose. One of the most well-known CNNs for such task and the
one of interest in this paper is Super-Resolution CNN (SRCNN)20.21 In this paper, wavelet decomposition tasks
are introduced alongside SRCNN to enhance LR image in the YCBCR color domain. In the paper authored by
Aburaed et al.,22 it has been hypothesized that if the luminance channel is processed with a DCNN by itself,
then the result is similar to the one obtained by processing RGB channels using the same DCNN. The same
hypothesis is used here, while processing the luminance channel in the wavelet domain instead of the spatial do-
main to enhance the results further. This modified SRCNN will be referred to as Wavelet SRCNN (WSRCNN).
DubaiSat-223 images are used for the purpose of training, testing, and evaluating WSRCNN.

The rest of the paper is organized as follows: Section 2 describes the dataset used in this study. Section 3
explains the methodology used, including SRCNN, wavelet decomposition, and the training strategy for WSR-
CNN. Section 4 discusses the results obtained from the training. Finally, Section 5 draws the conclusions and
the future direction of this study.

2. DATASET

A set of 1000 images of size 512×512 were collected from DubaiSat-2. These images are used as ground truth
images. This set was downsampled to size 256×256 in order to be used to train the WSRCNN. Similarly, in
order to test the network, 200 images of size 512×512 are used as ground truth, and they were downsampled to
size 256×256, which were used to evaluate the network. The dataset maintains variety of structures to ensure
consistency and to avoid learning bias and overfitting. The images contain a balanced amounts of desert areas,
water bodies, buildings, vegetation, and roads.

3. METHODOLOGY

The following subsections explain the different components of the proposed SISR algorithm and the training
strategy for WSRCNN.

3.1 Super-Resolution Convolutional Neural Network (SRCNN)

SRCNN is a feed-forward CNN that consists of three main parts; patch-extraction, non-linear mapping, and
reconstruction. Due to its simplicity, it is faster than other SISR algorithms and has superior performance in
most cases in terms of Peak Signal-to-Noise Ratio (PSNR). It is necessary to upscale the low-resolution image to
the same size as the output HR images by applying bicubic interpolation before feeding them to the network. In
the patch extraction layer, the overlapping patches are extracted from the low resolution interpolated image and
then each extracted patch is represented as a high dimensional vector and this can be expressed as Equation (1):24

F1(Y ) = max(0,W1 ∗ Y + B1) (1)

where Y , W1, and B1 are the low-resolution image, filter, and bias, respectively. W1 is c× f1 × f1 × n1, where
c corresponds to the number of channels in the input image, f1 is the filter spatial size, and n1 is the number
of convolution kernels. The purpose of the second convolutional layer is to perform non-linear mapping of the
extracted low dimensional vector features to high dimensional vector features, this step can be expressed as
Equation (2):

F2(Y ) = max(0,W2 ∗ F1(Y ) + B2) (2)

where W2 is n2 × f2 × f2 × n1, and B2 is the bias. After the non-linear mapping, image reconstruction is used
to generate the final HR image from HR features as given in Equation (3):

F (Y ) = (W3 ∗ F2(Y ) + B3) (3)

where W3 is the kernel of the reconstruction convolution layer with size of n2 × f3 × f3, and B3 is the bias.



3.2 Multiscale Wavelet Decomposition

Wavelet analysis is a successor of Fourier analysis and is based on the same principle. An image can be translated
to the frequency domain by choosing a set of linearly dependent functions, and the image is represented as a sum
of these functions with coefficients. Thus, the changes of the image can be tracked in the frequency spectrum.
Also, this allows the transition to multi-scale representation of the image. Wavelet image representation is more
compact than the spatial representation. Additionally, the spatial image can be estimated by using a fraction of
the wavelet coefficients. Hence, wavelet transformation is widely used in image compression and scaling. Discrete
Wavelet Decomposition (DWT)25 is performed by applying two filters sequentially; low-pass and high-pass. Since
an image is a 2D signal, the filters are applied both horizontally and vertically. The result is four sub-bands
that are half the width and height of the original image. The first sub-band is a smaller copy of the image (LL),
and the remaining sub-bands, horizontal (HL), vertical (LH), and diagonal (HH), contain information about the
details of the image. Figure 1 shows an example of DWT.

Figure 1: Wavelet decomposition.

3.3 Training Strategy

The first stage of training WSRCNN is transforming the image from RGB to YCBCR domain. This color domain
consists of three channels, Luminance (Y), Chroma Blue (CB), and Chroma Red (CR). The human eye is more
sensitive to the Y component, while it is less sensitive to CB and CR components. Therefore, the Y channel
needs to be accurate, but CB and CR need not to be accurate. Hence, Y is processed using SRCNN, but CB and
CR are processed using traditional interpolation methods. In this study, bicubic interpolation is used for this
purpose. This is done to reduce the processing time and to ensure that the weights in the network are focused
on the components that affect the overall visual quality. Before processing Y with SRCNN, it is transformed to
the wavelet domain, which gives LL, LH, HL, and HH components. Each component is trained with SRCNN
separately. Since SRCNN has fast performance, processing each component individually does not compromise
the computational cost. This allows the network to observe the changes on frequency level in the Y channel,
which boosts the overall quality. The result of each SRCNN are combined and transformed back to the spatial
domain using Inverse DWT (IDWT). Afterward, the result of enhancing Y, CB, and CR are combined together
and transformed back to the RGB color domain in order to obtain the final HR image. A flowchart of WSRCNN
is shown in Figure 2.

4. RESULTS AND DISCUSSION

The results of WSRCNN have been evaluated in terms of PSNR, Structural Similarity Index Measurement
(SSIM), and Wavelet-based Signal-to-Noise Ratio (WSNR). Table 1 summarizes the results of 9 random test
images. The performance is compared against bicubic interpolation, which WSRCNN shows superiority. The
performance of WSRCNN is also compared against using RGB images as opposed to Y channel by itself. The
latter shows either similar or better performance than RGB. Figure 3 shows visual comparisons between WSR-
CNN and bicubic interpolation against the ground truth images. The images shown are cropped in this paper
due to space limitation and for better observation and demonstration. It is observed that WSRCNN is visually



Figure 2: A flowchart of the training strategy for WSRCNN

more similar to the ground truth image, while bicubic interpolation results show blurriness and over-smoothness
around the edges and image details.

5. CONCLUSION

In this paper, a wavelet approach to training SRCNN in the wavelet domain is introduced as WSRCNN. The
image is first converted to YCBCR color domain, and then wavelet transformation is applied to the Y channel
only. Each of the four wavelet sub-bands is processed with SRCNN separately. This allows direct enhancement to
high and low frequency components, which makes the resultant image retain its details without over-smoothing.
The enhanced Y channel is fused with interpolated CB and CR to get the final HR image. This approach shows
superiority in terms of PSNR, SSIM, and WSNR. Visual inspection shows that the HR image obtained from
WSRCNN is visually similar to the ground truth image. Additionally, it is less computationally extensive as
opposed to training the model using RGB.
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