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Research on the method of imaging noise removal for high-speed camera
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Abstract : The high-speed camera tends to produce noise when it works under an ultra-high frame rate ( >10 000 FPS). The distribution
of the produced noise is complex. Thus, it is very difficult to obtain the noisy-clean image pairs. To address this problem, a training
scheme for the convolutional denoising networks based on the non-ideal noisy-clean pairs is proposed. Firstly, the cameras with high and
low frame rates are leveraged to capture the images of the same scenes, through which the noisy images and the corresponding non-ideal
paired clean images are achieved. Then, a deep denoising model based on a convolutional neural network is formulated to achieve
supervised learning with the non-ideal noisy-clean image pairs by utilizing the brightness consistency and image alignment methods,
contributing to removing imaging noise. Finally, a model quantization technique is introduced to quantize the values of parameters and
activations, which helps them to transform the 32 bit floating-point number to an 8 bit fixed-point number, and thus greatly reduces the
model size, memory consumption, and running time. Experimental results show that the proposed denoising method can effectively
remove the imaging noise of a high-speed camera. Compared with other methods, the peak signal-to-noise ratio and structural similarity
of the denoised image are improved by at least 1. 96 dB and 1. 95% , respectively. In addition, with the help of the model quantization
technique, the model size is reduced by 4 times, and the memory consumption and running time are decreased by 45. 62% and 37. 5% ,
respectively.
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Fig.2 The training framework for non-ideal paired images
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Table 1 Comparison results of different denoising methods

P Hrdstr IR BM3D FFDNet DnCNN DONet () Rk
PSNR 28. 62 30. 01 33.38 33. 44 33.72 34.18 35.68
SSIM 0.845 2 0.895 1 0.9275 0.948 6 0.949 8 0.954 3 0.968 3

AT ]/ ms 5.9 7 720 18.8 85.3 32.7 57.6 57.6
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Fig. 3 Comparison results achieved by different methods under the low-light environment
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Fig.4 Comparison results achieved by different methods under the normal-light environment
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Table 2 Comparison results achieved by applying the proposed framework to other denoising models

P bR FFDNet FFDNet+ DnCNN DnCNN+ DONet DONet+

PSNR 33.38 34.23 33.44 34.78 33.72 35.03
SSIM 0.927 5 0.9332 0.948 6 0.9515 0.949 8 0.958 1
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Fig.5 Visual comparison results achieved by applying the proposed framework to other denoising models
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Table 3 Comparison results of the unquantized and
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