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Abstract

Super-Resolution (SR) is a significant technique in image and video processing,
aiming to enhance the resolution of low-quality images, transforming them into high-
resolution ones, thereby improving detail and clarity. Most models for image and
video resolution enhancement, especially those based on neural networks, rely on real
values for representing input images and subsequent processing stages. This approach
often overlooks phase information, which could be essential for achieving more

accurate 1mage representation.

This research aims to explore the potential of complex-valued neural networks,
enabling the incorporation of phase information alongside magnitude, thus enhancing
the model's ability to represent fine details more effectively. We modified existing
algorithms based on real-valued neural networks, such as SRCNN, FRVSR, and
TecoGAN, to operate using complex values. The performance of these models was
evaluated using diverse benchmark datasets encompassing natural and urban scenes,
aiming to assess the quality improvement of the generated images and videos. The
evaluation employed commonly used metrics, such as PSNR and SSIM, for accuracy,
as well as temporal metrics like tof and tLp100 to ensure temporal consistency across

consecutive frames.

The results demonstrated that complex-valued neural networks achieved significant
improvements compared to their real-valued counterparts, delivering superior
performance in image resolution enhancement and temporal consistency in videos
without incurring substantial increases in parameter count. This indicates that
leveraging phase information through complex values can enhance the quality of
results and improve the efficiency of super-resolution algorithms in image and video

processing.

Keywords: Super-Resolution, Deep Neural Networks, Complex Values, Phase
Information, SRCNN, FRVSR, TecoGAN, PSNR, SSIM.
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o5 G AW ALl Al 1075 dady AWy JoW) el 4l 1071 dad e dadl Jusdd 2l
Assaze OF I s 3LaY) o Y i geaall 802N )l (9,0 2 AR B et e ras Of Ly
sl e Jsamdl ox el dlo e ol Uiy B Ble jpll e Begems e b G55 05T L WLE gyl

18



c32s pde BLoL s e d i) aa el el Blead) sda s B Al jpall e GO B A
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FIR = FNet(IFR,, IFR) (12)
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L) 2l SHLY) e 53l me (B Ble D) ]y B
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£5 o Jonds lide desets, LY 8l dilasadl il £l nY aeaas(Convolutional Layers)

Leaky ReLU
o S S 48T kel Vp (Spay 30 by s G:ﬁj LY e BLI-asS B ey 32 el -

(Motion il oy 4w pisanly  Gpq B0 Jo gl Y1 jayed dasd) ods pasald -
el Bl SLSalu ) e Slen gy o) WY1 O eias e «Compensation)

(Spatio—-Temporal D il -1 iy jedt 8520 =2.2.3.3

:Discriminator)

|50% real data
50% generated data

LR frames HR frames Warped HR frameas
Xe—1|| X¢ | X+ |[|Ge—1| | Gt | |Ge+1)| |Ge-1] | e | |G+ -

s

v
0/1
L SU S )l e o) 16 IS8

27



Al il b es: (Real Inputs) aias)) ool asgems .1
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Liotat = AmseLlmse + ApLp + AganLgan + AppLpp (24)
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Abstract

Super-Resolution (SR) is a significant technique in image and video processing,
aiming to enhance the resolution of low-quality images, transforming them into high-
resolution ones, thereby improving detail and clarity. Most models for image and
video resolution enhancement, especially those based on neural networks, rely on real
values for representing input images and subsequent processing stages. This approach
often overlooks phase information, which could be essential for achieving more

accurate 1mage representation.

This research aims to explore the potential of complex-valued neural networks,
enabling the incorporation of phase information alongside magnitude, thus enhancing
the model's ability to represent fine details more effectively. We modified existing
algorithms based on real-valued neural networks, such as SRCNN, FRVSR, and
TecoGAN, to operate using complex values. The performance of these models was
evaluated using diverse benchmark datasets encompassing natural and urban scenes,
aiming to assess the quality improvement of the generated images and videos. The
evaluation employed commonly used metrics, such as PSNR and SSIM, for accuracy,
as well as temporal metrics like tof and tLp100 to ensure temporal consistency across

consecutive frames.

The results demonstrated that complex-valued neural networks achieved significant
improvements compared to their real-valued counterparts, delivering superior
performance in image resolution enhancement and temporal consistency in videos
without incurring substantial increases in parameter count. This indicates that
leveraging phase information through complex values can enhance the quality of
results and improve the efficiency of super-resolution algorithms in image and video

processing.

Keywords: Super-Resolution, Deep Neural Networks, Complex Values, Phase
Information, SRCNN, FRVSR, TecoGAN, PSNR, SSIM.
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