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[Abstract]

In this paper, we propose a method for improving raw images captured in a low light condition

based on deep learning considering the image signal processing. In the case of a smart phone camera,

compared to a DSLR camera, the size of a lens or sensor is limited, so the noise increases and the

reduces the quality of images in low light conditions. Existing deep learning-based low-light image

processing methods create unnatural images in some cases since they do not consider the lens shading

effect and white balance, which are major factors in the image signal processing. In this paper, pixel

distances from the image center and channel average values are used to consider the lens shading effect

and white balance with a deep learning model. Experiments with low-light images taken with a smart

phone demonstrate that the proposed method achieves a higher peak signal to noise ratio and structural

similarity index measure than the existing method by creating high-quality low-light images.
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I. Introduction
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II. Preliminaries

1. Background knowledge
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Fig. 1. Traditional Image Processing Pipeline

Fig. 2. Wrong and Correct White Balance
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III. The Proposed Scheme

1. Position Information
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Fig. 3. Lens shading Effect (Vignetting)
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Fig. 4. Model architecture

IV. Experiments

1. Data
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2. Training
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Table 1. Model Input and Target
Input Target
Image Type Raw sRGB
ISO 400 400
Exposure Time 0.1 sec. 4.0 sec.
Table 2. RGB Space Score
Baseline [1] Proposed
PSNR 24.96 25.67
SSIM 0.7860 0.8008
3. Results
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Fig. 5. Zoomed view of output samples of
baseline model (top) and proposed model
(bottom) show the effectiveness of the
position information
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Fig. 6. Output samples with different white
balance : 0.1s exposured image (1st), 0.1s
exposured image scaled up with Adobe Lightroom
(2nd), baseline model (3rd), proposed model
(4th), 4s exposured image (5th)
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Table 3. YUV Space Score

Baseline [1] Proposed
Y 31.22 31.53
PSNR U 35.88 36.86
\ 34.34 35.57
Y 0.7836 0.7983
SSIM U 0.9753 0.9759
\ 0.9787 0.9790

Ground Truth

sRGB (Baseline)

UV error map (Baseline)

Low NN High

sRGB (Proposed Model)

UV error map (Proposed Model)

Fig. 7. UV channel error maps
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Baseline [1] Proposed
H 30.16 30.42
PSNR S 28.36 28.54
\% 30.09 30.65
H 0.6316 0.6506
SSIM S 0.5208 0.5435
\% 0.7786 0.7928
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Ground Truth

sRGB (Baseline) sRGB (Proposed Model)
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Fig. 8. Saturation channel error maps

V. Conclusions
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