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Abstract: To remove the Poisson noise from the X-ray images, in this paper, it was proposed that
noise was reduced by using Nonlinear Principal Component Analysis (NLPCA) from the X-ray image
sequence. At first, an X-ray image sequence was sampled and the Poisson noise in images was conver-
ted into Gaussian noise through Anscombe transform; every noisy image was regarded as a combina-
tion of the noise components and the signal component, and then NLPCA was used to separate the
signal component from the noise components to reduce noise; the final denoised image was obtained by

using Anscombe inverse transform. The results show that, when the number of noisy images in the
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sequence increases from 2 to 50, the proposed denoising method increases the noisy Shepp-l.ogan im-
age's PSNR value from 28. 289 4 dB to 37. 267 8 dB and increases the SSIM value from 0. 700 7 to
0.963 8. Compared with other denoising methods, the proposed denoising method can preserve more
image details while reducing the Poisson noise.

Key words: X-ray image; poisson noise; anscombe transform; nonlinear principal component analysis;
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Fig. 1 Flow chart of proposed denoising algorithm
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Tab.1 Denoising performance varies with number of im-

ages in sequence

RFEHL/ 7K PSNR/dB SSIM Runtime/s

2 31.859 8 0.790 2 0.122 9
10 36.105 3 0.932 7 0.279 1
20 36.795 6 0.9519 0.399 6
30 37.045 7 0.958 2 0.551 2
50 37.267 8 0.963 8 0.738 4
80 37.184 5 0.962 4 1.371 4
120 36.829 4 0.958 6 1.943 6

1 TR N BE W E R B9 PSNR, SSIM #l
Runtime, RHE 7 5] o B0E M 2 1 m %] 50
I, [ R 1 5% 9 PSNR AT SSIM {8 B & 42 &,
PSNR f 31. 859 8 dB $& 3 37. 267 8 dB.SSIM
M 0.790 2 $2% %] 0. 963 8, MREEFHIH n B
B3 TN 2 50 B, AR SCRA M B i AT 13 Yk AR I
AT LASE RIS, 32 A7 I [R] 4 0. 738 4 s 4k S
KA gl B, B A8 AT B 1) . B T SR T
U,

et 0.9
36
S5 D8
2 4 0.8 7
z34 0.75%
=33 —PSNR 0.7
32 --SSIM  0.65
0.6
377375 7 9 1113 15 17 192030 40 50 60 70 80 90 100 110 120

Total number of frames in a sequence

P 3 BRI {% PSNR,SSIM B 531 o 845 5k B A8 4
Fig. 3 Denoising performs with number of images in

sequence
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Fig. 4 Denoised images using different algorithms
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Tab. 2 Noise reduction's performance comparison

[ JERTS PSNR/dB SSIM  Runtime/s
Wavelet 30.4731 0.8804 0.1913
Bilateral filter 34.2458 0.9186 0.965 3
Anscombe+BM3D  35.256 4 0.9126 2.858 1

SVD-+ Sequence-"- 34.6881 0.9179 0.2254

The proposed denoising 35.922 4 0.9254 0.246 7
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