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Research on image processing technology for smart materials
in nuclear environments
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Abstract . This papper focuses on the application of smart electro-driven materials in nuclear environments, utilizing actuators made from
carbon nanotubes (CNT) and polyimide (PI). Through testing their sensing characteristics and electromechanical coupling mechanisms,
stable low-voltage actuation of the smart materials is achieved. To address the challenges of acquiring feedback control information in
radiative environments—where noise exhibits time-varying quantities and nonlinear amplitudes—noise samples are collected under varying
radiation doses (0-1 kGy) with different step sizes. Edge detection is employed to extract and statistically analyze the noise, enabling the
establishment of mathematical models correlating radiation dose with noise quantity and amplitude, thereby predicting noise under different
radiation levels. A radiation noise processing network is constructed, and the predictive models are used to augment the training dataset. The
results demonstrate superior denoising performance, with a peak signal-to-noise ratio (PSNR) of 35. 47 and a structural similarity index
(SSIM) of 0. 97, outperforming traditional methods. This provides technical support for the development of visual feedback control
methods for smart electro-driven materials in nuclear environments.
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Fig. 1 Schematic diagram of the smart material actuator
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Fig.2 Low-voltage stable driving of the CNT/PI actuator
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Fig.3 Effect of noise detection and extraction
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Fig. 3 Effect of noise detection and extraction

AR/ Gy k m o R? RMSE

0~50 295.9  63.19 12.84 0.9813 12.33

>50~100 297.3 39.37 13.17 0.9727 14. 87
>100~300 298.7 69.62 12.60  0.899 8 50. 17
>300~ 500 311.5 70.23 11.58  0.863 2 61.32

>500~1 000 431.7 74.27 10.16  0.8333 71.63
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Fig.4 One-dimensional gaussian fitting plot
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Fig.5 Effect diagram of one-dimensional

gaussian mixture fitting
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Tab.2 Parameters of noise amplitude distribution from

one-dimensional gaussian mixture fitting

i/ Gy a, b, ¢ ay b, ¢ R’ RMSE
300 160. 8 61.6 9.811 170. 4 84.27 44.93 0.947 29.59
500 173.3 62.1 9.524 173.5 83.42 44.74 0.972 19.23

1 000 296.2 67.52 9.124 204.2 83.76 34.26 0.939 32.53
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Fig. 6 Flowchart of the random noise algorithm
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Fig. 7 Effect diagram of radiated noise prediction
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Fig. 8 Structural diagram of the deep residual network
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Tab.3 Denoising effects of different algorithms
BT U TNRD TRBERR 22 M 2%
PSNR 28.97 33.13 35.47

SSIM 0.92 0.952 0.97
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Fig.9 Effect diagram of the radiated noise suppression algorithm
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