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MAED-CNN: A Deep Learning Model for Atomic-Scale Image Denoising
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Abstract The Scanning Tunneling Microscope (STM), operating under ultra-high vacuum conditions,
enables atomic-scale resolution imaging of material surfaces. However, STM images are often affected by various
sources of noise, which degrades image quality. This paper proposes a deep learning model for STM image
restoration, named MAED-CNN - Multi-scale Attention Encoder-Decoder Convolutional Neural Network. It uses
artificially repaired STM images as references. The model leverages manually restored STM images as references
and combines multi-scale convolution, attention modules, and an encoder-decoder U-Net architecture to transform
noisy input images into high-quality, denoised outputs. Compared with several general deep learning models, the
proposed model demonstrates superior performance in metrics such as PSNR, SSIM, and UQI. It effectively restores
STM images and holds significant promise for advancing STM image restoration techniques and promoting research
in imaging technologies.
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Fig. 1 Images acquired by STM and common types of artifi-
cially added noise. (a) An STM-acquired image with
scanning parameters of a bias voltage of 4.5 V and a set
current of 230 pA, which has obvious low-frequency
stripe noise. (b) Common types of noise used for data
augmentation, from left to right are scan noise, Gaus-

sian noise, and periodic noise
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Fig.2 The current signal spectrum. It can be seen from the fig-

ure that the PSD values in the low-frequency range

(0—100 Hz) are relatively large, indicating that low-fre-

quency noise has a significant impact on the signal. In

the high-frequency range (500—1000 Hz), although the

PSD values are relatively smaller, there are still fluctua-

tions, and the impact of noise cannot be ignored
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Fig. 3 The overall flowchart of the MAED-CNN. The original image is first augmented by randomly adding noise, then it is fed

into a convolutional neural network with an encoder-decoder architecture for processing, and finally, a high-quality image is

output
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Fig. 4 The schematic diagram of the MAED-CNN structure. (a) Illustrates the overall structure of the neural network. The input im-

age is processed through five convolutional kernels of different sizes to extract multi-scale features. These features are then en-
riched by a channel expansion layer. After that, all feature maps are integrated via a feature fusion layer. Subsequently, Effi-
cientNet-B7 serves as the encoder to encode the features, and U-Net acts as the decoder to generate the final output image.
(b) Details the specific structure of the feature fusion layer, which employs the SE (Squeeze-and-Excitation) channel attention
module. Through two fully connected layers, it assigns weights to the multi-scale features of 40 channels, obtaining an atten-
tion mask. This mask is then multiplied with the original feature images to produce the final output feature images. (c) A resid-

ual module diagram, consisting of a combination of depthwise separable convolutional layers and 1x1 convolutional layers
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Fig. 5 Comparison of image restoration effects of different deep learning models. This includes the original image, MAED-CNN, PDA-
Net, HCANet, CBDNet, DnCNN, PMRID, and RIDNet. The red rectangular boxes indicate local magnification of the correspon-

ding regions below the images. Figures (a) and (b) show images of the same area with different morphologies under different biases
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Tab. 1 Digital Metrics for Image Restoration Quality
Evaluation MAED-CNN PDA-Net HCANet CBDNet DnCNN PMRID RIDNet
PSNR 31.87 2122 21.74 17.61 17.26 16.23 16.59
SSIM 0.8989 0.7753 0.8162 0.4286 0.4480 0.4394 0.4206
UQIl 0.8982 0.8838 0.8327 0.4569 0.4735 0.4788 0.4494
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Fig. 6 chematic diagram of the impact of the MAED-CNN restoration process on the symmetry structure of crystals.(a) The first row

shows the images before and after restoration, and the second row shows the Fourier transform spectra of the STM images be-

fore and after restoration.(b) The Fourier spectra of the STM images before and after restoration are mapped into three-dimen-

sional space for comparison
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