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Abstract

The Image Signal Processor (ISP) converts RAW images captured by the camera sensor into user-preferred SRGB images. While
RAW images contain more meaningful information for image processing than sSRGB images, RAW images are rarely shared due to
their large sizes. Moreover, the actual ISP process of a camera is not disclosed, making it difficult to model the inverse process.
Consequently, research on learning the conversion between sRGB and RAW has been conducted. Recently, the ParamISP[1] model,
which directly incorporates camera parameters (exposure time, sensitivity, aperture size, and focal length) to mimic the operations of
areal camera ISP, has been proposed by advancing the simple network structures. However, existing studies, including ParamISP[1],
have limitations in modeling the camera ISP as they do not consider the degradation caused by lens shading, optical aberration, and
lens distortion, which limits the restoration performance. This study introduces Positional Encoding to enable the camera ISP neural
network to better handle degradations caused by lens. The proposed positional encoding method is suitable for camera ISP neural
networks that learn by dividing the image into patches. By reflecting the spatial context of the image, it allows for more precise image
restoration compared to existing models.
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Table 1. Overall input features including positional encoding
ParamISP w/

Type of Features Original ParamISP Positional Encoding
Original 96 96
Absolute Coordinate 0 3
Relative Coordinate 0 3
Frequency 0 36
Total 96 138
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Table 2. Dataset composition

Camera Model D90 D40
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Validation 100 -
Testing 400 50
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