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Performance and Lightweight

Thesis Summary

Improvements in computing and big data processing technologies have increased the demand for
technologies to transform and restore digital and video images. Deep learning is an effective method for
complex tasks such as image transformation, but it is computationally expensive. Furthermore, deep
learning-based methods often involve a trade-off between performance and method lightness. In this study,
we propose image transformation deep learning methods that achieves both performance and lightweight for
each task by using a network with novel modules and introducing effective processing schemes and loss
functions for four diverse tasks.

Chapter 1 describes the research background and objectives for the study.

Chapter 2 describes the basic theory of digital video and deep learning that we deal with in this research.

Chapter 3 outlines previous research on photo retouching, video denoising, pose transformation, and
unpaired image to image transformation, which are the tasks we address in this research.

In Chapter 4, for photo retouching, we proposed a deep learning network employing blocks with high feature
extraction capability, including Axial Transformer, with respect to low-frequency images decomposed by
Laplacian pyramids. Compared to conventional methods, the proposed network achieves high performance
image transformation while significantly reducing computational complexity.

In Chapter 5, for the task of video denoising, we employed the lightweight and highly efficient Modern
ConvBlock and proposed a novel Pseudo Temporal Fusion that captures temporal relationships in a pseudo
manner without direct temporal interaction like 3D convolution. We proposed a video denoising network that
achieves both performance and light weight.

In Chapter 6, we decompose the task of pose transformation into two subtasks, “rough pose transformation”
and “detailed texture generation,” and propose a processing scheme in which each is processed by a
different appropriate module to achieve efficient transformation.

In Chapter 7, we simultaneously transform saliency domains extracted by a pretrained salient object
detection network for unpaired image to image transformation. By computing the loss not only for the
transformed image but also for the transformed saliency domain and the foreground of the image from which
it was derived, the network’s transformation resources can be focused on the foreground to be transformed,
achieving a high level of transformation performance while reducing the network weight.

Chapter 8 describes the conclusions and results of each task, their contribution to solving the issues raised

by this study, and future prospects.




