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Abstract  With the rapid proliferation of information technology, there is a growing requirement
for high quality images and videos. High-resolution images can offer more abundant details,
which can not only satisfy people’s need for visual effect, also lay a solid foundation of implementing
other visual analysis tasks. Image super-resolution is proven to be an effective method to provide
high-resolution images. The key point of image super-resolution is to find the mapping relation
and complementation information between low and high quality images and search the feasible
solution space using this ill-posed problem. In order to reconstruct a high-resolution image from a
low-resolution one, complementary information between low and high quality images, we propose
a two-tie image super-resolution method combining CNN (Convolutional Neural Networks) and
ELM (Extreme Learning Machines). At first, we establish an end-to-end CNN reconstruction
model using an improved deep learning method, which can learn the structural image information.
Then, we perform pixel-level feature extraction, where we use the high-frequency information
learned by ELLM to complement the lost component, thus fine-visual high-resolution images can

be obtained after the second-time reconstruction. The main work and contributions of this paper
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are as follows: (1) An improved image super-resolution method based on deep learning. We make
the following improvements on existing deep learning based high-resolution methods. First, the
training data of CNN are processed according to their respective structural features. We utilize
ISODATA algorithm to conduct clustering on the images after Sobel filtering in order to obtain
two classes of training image sets, one of them is more complex and the other tends to be
smooth. Then, we combine pre-training and fine-tuning strategies to train the network. In this
work we use complicated images for pre-training and the whole training data set for fine-tuning.
In the end, we make use of smaller scale parameters network to increase the training speed of
model. Experimental results show that our improved model achieves the same super-resolution
construction effect while only takes one thousandth iteration times compared to the original
model™, making the training phase more efficient. (2) A framework combining CNN and ELM
to perform rapid two-tie reconstruction. To improve the image quality after CNN reconstruction,
we perform pixel-wise feature extraction on those images. We train the ELM model with a smaller
upscale factor than the global zoom factor and get the high-frequency components of low-resolution
images. After that, we combine those components with the results from CNN based on their
weights. Thus the two-tie image reconstruction can be implemented to get the ultimate high-resolution
images. In addition, we also develop a demo which is capable of making visual improvements on
original low-resolution text images based on the proposed method, and it can be deployed as a
function of a remote immersive interaction system to break the limitation of low-resolution camera
sensor, and perform the transmission of high-resolution text images. We perform sufficient
experimental to demonstrate characteristics of proposed method and the results show that,
comparing with the original work, our improved model make the training phase of CNN model
more efficient, and the proposed method achieves better performance on majority of datasets
compared to the state-of-the-arts.

Keywords super-resolution; deep learning; image processing; CNN; ELM
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Background

High-resolution images are capable of offering more
abundant details, not only satisfy people’s need for visual
effect, also lay a solid foundation of implementing other
visual analysis task. Image super-resolution is proved to be
an effective method providing high-resolution images. The
very essential basic of this technology is performing image
reconstruction on low-quality images using image processing
techniques to generate high-quality ones. Whereas the image
deterioration is irreversible due to down-sampling during the
process of transfer and storage, image super-resolution an
ill-posed problem. While, the key point of image super-
resolution is to find the mapping relation and complementation
information between low and high quality images in order to
search the feasible solution. Many other method tend to learn
the mapping function between high-resolution and low-
resolution imagines by building different models, but as the
reconstruction quality becoming better, the training time and

computing consumption become larger. Therefore, this paper
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proposes an image super-resolution method that can improve
the efficiency of training largely as while as achieving better
reconstruction quality. Proposed method take advantages of
the original model of CNN (Convolutional Neural Networks)
and ELM (Extreme Learning Machines) . implement a two-tie
super-resolution model which manage to complete training
process on normal computer. Using our method, Fine-visual
high-resolution images can be constructed without GPU and
other external computing device.
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