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Abstract: In the field of computer vision, many excellent image restoration algorithms have emerged, 
and MIMO-Unet model has achieved a good effect in image deblurring. In this paper, MIMO-Unet model 
is taken as the research object to introduce the internal principle of MIMO-Unet, and the data set adopted 
is different from the open GOPRO data set collection means, and the self-made binocular camera is used 
to construct the data set. Among them, the blurry images and sharp images in the data set are captured 
by binocular camera. On this basis, the MIMO-Unet model is applied to deblur the images, so as to verify 
the effectiveness and portability of the MIMO-Unet model. In addition, compared with the public GOPRO 
data set, the image feature degradation of the data set made by binocular cameras is more serious, and 
the training effect of MIMO-Unet model on this data set is significantly reduced. In this paper, PSNR 
and SSIM are selected as two indicators of image defuzzing effect. The training results of the MIMO-
Unet model on the binocular camera data set are 0.8028 (SSIM) and 28.87dB (PSNR), which are 0.15 
and 6.93dB less than the training results on the GOPRO data set, respectively. 

Keywords: MIMO-Unet, image Restoration, binocular camera, GOPRO 

1. Introduction 

In the field of computer vision, image deblurring has always been a difficult problem, so many 
scholars have devoted themselves to studying various algorithms to try to solve this kind of problem 
better. The difficulty of this kind of problem is that it needs to find the mapping relationship between 
degraded images and sharp images in some way, but this mapping is often very complex, and it is difficult 
to solve this problem through traditional calculation methods, so the focus of solving this problem is 
shifted to the field of deep learning. [6] The mapping relationship is perceived by the neural network [3] 
and the mapping weight set of a specific data set is constructed. 

The image is a high-dimensional matrix in the computer, and the extraction of image features is very 
important. By perceiving the image features of the data set, the neural network can generate a judgment 
similar to that of human beings, which is conducive to image deblurring. However, it is incomplete to 
extract image features only through the network of a single stage and a single scale, which needs to be 
input into the model through multi-scale images. Coarse-to-fine strategy is used to sense image features 
at different levels to achieve image deblurring effect. The famous model is MIMO-Unet. [1] 

In short, the MIMO-Unet model uses a single encoder-decoder [5][7] as the main skeleton, three 
different scale images as inputs, and utilizes compression and downsampling characteristics for Feature 
extraction, while utilizing Asymmetric Feature Fusion (AFF) [4] to effectively combine multi-scale 
features. 

In this paper, a binocular camera is built by ourselves, and a dataset of a certain scale is constructed 
with this device to test the restoration effect of the MIMO-Unet model and prove its portability and 
usability. In addition, the results are compared with the restoration effect of the MIMO-Unet model on 
the GOPRO dataset, so as to comprehensively evaluate the performance of the MIMO-Unet model. 
Finally, the MIMO-Unet model is summarized, hoping to improve the model and promote its 
development. 
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2. Related work 

2.1 Binocular camera Introduction 

The binocular camera consists of two commercial detectors, A and B, The physical object of the 
binocular camera is as shown in the Figure 1, and the performance parameters of the detector are as 
shown in the Table 1. 

 
Figure 1: Binocular camera 

Table 1: Performance specification of detector 

Performance specification Parameter 
Model 

Interface 
Resolution 

Frame frequency 
Size of pixel 

Depth of pixel 
Time of exposure 

MER-530-20GM-P NIR 
GigE 

2592(H)×2048(V) 
20fps 

4.8𝜇𝜇m×4.8𝜇𝜇m 
8bit,10bit 
5𝜇𝜇s~1s 

In the B camera, a custom anamorphic mirror is added to the first optical element to simulate the error 
of a low-precision mirror, resulting in a degraded image. Parameters of the deformable mirror are shown 
in the Table 2. 

Table 2: Performance specification of anamorphic mirror 

Performance specification Parameter 
Model 

Range of voltage/V 
Reflectance 

Diameter of effective area/mm 
Thickness of mirror/mm 

Weight/kg 

50 
-250~+300 

99.9% 
51 
1.6 

0.85 

2.2 Data set creation 

Camera A and camera B took pictures under the premise that illumination, overlooking Angle, 
overhead Angle and atmospheric path are consistent. [8] The sharp images and blurry images are captured 
by camera A and camera B respectively, and the ORB algorithm [2] is used to complete the calibration 
of image pairs, forming a data set of 1200 image pairs. A screenshot of a partial homemade dataset is as 
shown in the Figure 2. 
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Figure 2: Self-made data set 

The data set is divided into train set, test set and validation set, and the specific number of partitions 
are shown in the Table 3: 

Table 3: Segmentation of data set 

Data set Amount 
The number of train set 

The number of validation set 
The number of test set 

960 
120 
120 

2.3 MIMO-Unet 

The structure of the MIMO-Unet model is as shown in the Figure 3. 

 
Figure 3: The structure of MIMO-Unet 

Where, the SCM module completes the extraction of image features in the process of Down-Sample. 
It consists of two sets of stacked 3*3 and 1*1 convolution layers, and then concats the output of the 
previous step, through the 1*1 convolution layer to complete the output, resulting in SCMk

out. The SCM 
module structure is as shown in the Figure 4. 

 
Figure 4: SCM 

The FAM module operates on the previously extracted image features, including two ways of 
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emphasizing features and suppressing features. The specific operation process is as follows: 

Step 1: SCMk
out and (EBk−1

out )↓ are multiplied by pixels. 

Step 2: The output from step 1 is processed through a 3 × 3 convolution layer. 

Step 3: Combine the output from Step 2 with (EBk−1
out )↓ to make Residual-Connection. 

The FAM module structure is as shown in the Figure 5. 

 
Figure 5: FAM 

AFF module integrates Multi-Scale features effectively. Multi-Scale information flows can be 
obtained by embedding multiple AFF modules, linking the previously separate Enconder process with 
the Decoder process to improve the Deblurring effect. The specific operation process is as follows: 

Step 1: Resize the EBi
out generated by the Encoder procedure. 

Step 2: Concat operation is performed on (EBi
out)resized. 

Step 3: Pass the output from step 2 through a set of 1*1 and 3*3 convolution layers. 

The AFF module structure is as shown in the Figure 6. 

 
Figure 6: AFF 

The loss function adopted by the MIMO-Unet model is as follows: 

                          𝐿𝐿 = ∑ 1
𝑡𝑡𝑘𝑘
∥ 𝑆𝑆𝑘𝑘^ − 𝑆𝑆𝑘𝑘 ∥1𝐾𝐾

𝑘𝑘=1 + 𝜆𝜆 ∑ 1
𝑡𝑡𝑘𝑘
∥ ℱ(𝑆𝑆𝑘𝑘^) − ℱ(𝑆𝑆𝑘𝑘) ∥1𝐾𝐾

𝑘𝑘=1               (1) 

Where, K is the number of layers in the network, tk  is the number of elements to achieve 
normalization, ℱ  is FFT, to achieve the transformation of the image from the time domain to the 
frequency domain, 𝜆𝜆 is a hyperparameter with a value of 0.1. 

The research shows that only considering the difference between the time domain of the image pair 
is not comprehensive, but also needs to take the difference in the frequency domain into consideration. 
The theoretical basis is that the conversion process from blurry images to sharp images is to restore the 
high-frequency signal part and minimize the difference in the frequency domain . The emergence of 
Multi-scale Frequency reconstruction (MSFR) loss function can be used to quantify the frequency 
domain difference between image pairs, so as to reduce the L1 distance between sharp and blurry images. 

3. Results 

The PSNR and SSIM indicators of the MIMO-Unet model after 3000 rounds are as shown in the 
Figure 7. 
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(Left side is test set PSNR, right side is test set SSIM) 

Figure 7: Test set PSNR and SSIM on self-made data set 

After 3500 rounds, both PSNR and SSIM decreased, which are attributed to overfitting. Therefore, 
The evaluation index values corresponding to 3500 rounds are used: PSNR is 28.87dB, SSIM is 0.8028. 
The effect diagram of image restoration is as shown in the Figure 8(three pairs are randomly selected). 

 
Figure 8: Restored Images 

The MIMO-Unet model can basically achieve the image restoration effect in the self-made data set, 
which initially verifies the portability and effectiveness of the MIMO-Unet model. At the same time, it 
also verifies that the self-made data set is effective and can be used as a data source for subsequent 
research. 

However, the restoration effect of the MIMO-Unet model on the public GOPRO dataset is: PSNR is 
35.8dB, SSIM is 0.9528, 5.96dB and 0.2 more than the self-made dataset respectively, which proves that 
the restoration effect of the MIMO-Unet model is correlated with the image quality of the dataset. 
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4. Conclusions 

The MIMO-Unet model can not only achieve the deblurring effect on the public GOPRO data set, 
but also achieve the similar effect on the self-made data set with binocular camera equipment in this 
paper, which verifies the portability and effectiveness of the MIMO-Unet model. However, in the face of 
severely degraded images, the image deblurring effect of the MIMO-Unet model will be reduced, so it is 
necessary to further improve the model and add other modules to carry out further tests, so as to improve 
its restoration effect.. 
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