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1. Guided Filter based Multi-Focus Image Fusion Algorithm 
According to different frequency, multi-focus images IN can be decomposed into low-
frequency layers LN and high-frequency layers HN as shown in Eqs. S1 and S2, where N 
represents the Nth multi-focus image, faverage is an average filter with a window size of 31×31 
used to obtain the low-frequency information. The all-in-focus image can be reconstructed 
through combining these low- and high-frequency layers according to different weights [1]. 

N N averageL I f= ×
                                                 (S1) 

N N NH I L= −
                                                   (S2) 

To obtain the corresponding weight, the edge of the image IN is extracted according to Eq. S3, 
where EN represents the extracted edge information, and flaplacian is the Laplacian filter. 

N N laplacianE I f= ⋅
                                              (S3) 

Then the saliency map PN representing the clear positions of images on different focal planes 
is calculated according to Eq. S4, where (i, j) corresponds to the image index. 
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Next, the weight map corresponding to low- and high-frequency layers as WLN and WHN can 
be calculated using guided filtering, as shown in Eqs. S5 and S6, in which fguide represents the 
guided filter which is illustrated in Eq. (S7). Moreover, the filter window has 8×8 pixels, and 
the normalization factor is 0.32 for WLN computation, while the filter window has 4×4 pixels, 
and the normalization factor is 0.052 for WHN computation. 

(I ,P )N guide N NWL f=
                                            (S5) 

(I ,P )N guide N NWH f=
                                            (S6) 

In Eq. S7, Ii is the input information, PN works as the guide image, Wij is calculated according 
to Eq. S8, in which, μk and σk

2 respectively represent the mean and variance of the guide 
image in the filter window of ωk, and |ω| is the number of pixels in the filter window of ωk. 
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After obtaining WLN and WHN according to Eqs. S5 and S6, they should be normalized 
according to Eq. (S9). Finally, the all-in-focus image Ifusion can be fused according to Eq. 
(S10). 
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based on the results exhibited in Figs. S3 and S4, it is proved that REPAID can be 
successfully used in all-in-focus imaging applications. 

 
Fig. S3. REPAID applications. (A) single-shot plenoptic image using Lytro camera; (B) depth 
map extracted from (A); (C), (D) and (E) multi-focus images respectively focusing on 
different depths, (1) multi-focus images directly reconstructed from single-shot plenoptic 
image, (2) spatial resolution enhanced multi-focus images using designed convolution neural 
networks, (3) fields-of-interest from (1); (4) fields-of-interest from bicubic interpolated multi-
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Fig. S4. REPAID applications. (A) single-shot plenoptic image using Lytro camera; (B) depth 
map extracted from (A); (C), (D) and (E) multi-focus images respectively focusing on 
different depths, (1) multi-focus images directly reconstructed from single-shot plenoptic 
image, (2) spatial resolution enhanced multi-focus images using designed convolution neural 
networks, (3) fields-of-interest from (1); (4) fields-of-interest from bicubic interpolated multi-
focus images; (5) fields-of-interest from (2); (6) fields-of-interest from multi-focus images 
captured using common camera; (F), (G) and (H) all-in-focus images reconstructed from 
multi-focus images directly reconstructed from single-shot plenoptic image, bicubic 
interpolated multi-focus images and spatial resolution enhanced multi-focus images using 
designed convolution neural networks, respectively, (1) complete fields-of-view, (2) fields-of-
interest. 
 
4. All-In-Focus Imaging Performance of REPAID 
In order to test the REPAID performance, all-in-focus imaging relying on REPAID and 
general imaging captured using common camera are compared. Fig. S5(A) shows the image 
captured using a common camera with the F/# of 8, Fig. S5(B) shows the all-in-focus image 
reconstructed from multi-focus images in low spatial resolution, and Fig. S5(C) shows the all-
in-focus image reconstructed using REPAID. They all have very similar fields-of-view, but 
their depths-of-view are different. Using a high-pass kernel, obvious edges occur only in 
partial field-of-view of the image captured using the common camera as shown in Fig. S5(D), 
illustrating that general imaging can only focus on limited depth-of-view; while all-in-focus 
imaging can reflect the details in extremely large field-of-view as shown in Figs. S5(E) and 
S5(F); and moreover, more edges occur in the field-of-view of the image reconstructed using 
REPAID as shown in Fig. S5(F), proving that REPAID can significantly enhance the depth-
of-view and spatial resolution at the same time. 
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through subsampling and interpolation, and moreover, our designed compression convolution 
module also concatenates the intermediate information through global residual connection. 
According to our design, we successfully reduced the difference between the blur kernels of 
training data set and actual image, which allows us to use simple ways to get the input image, 
and the network will still work well. Meanwhile, we can use less data sets to achieve more 
scene information in this super-resolution task. Our method achieved model trained with 
DIV2K data sets, but performed well in actual scenes. 
Besides the above advantage, the loss design in the neural network provides more details. L1 
and L2 loss are often used in conventional super-resolution deep learning networks, which 
often results in smooth details of the upsampling image. In order to solve the problem, the 
perceptual loss based on the pre-trained VGG-16 was adopted to retrieve more high-
frequency information. But unfortunately, this approach inevitably generated unwanted 
redundant high-frequency information as artifacts. Additionally, the RDB structure can 
extract multi-level features, and the global residual mechanism can effectively accelerate the 
convergence speed of the model. 
In order to prove the effectiveness of our method, more experiments are provided as shown in 
Fig. S6. Fig. S6(A) compares the upsampling results with ground truth. Fig. S6(A1) is an 
image as the ground truth in the DIV2K validation set; Fig. S6(A2) is the low resolution 
image subsampled from Fig. S6(A1); Fig. S6(A3) is the upsampled result using RDN from 
Fig. S6(A2); Fig. S6(A4) is the upsampled result using RDN from the input obtained from 
Fig. S6(A2) through first upsampling and then subsampling; Fig. S6(A5) is the low resolution 
image subsampled from Fig. S6(A1) and then bicubic interpolated; and Fig. S6(A6) is the 
upsampled result obtained by the proposed model. According to the zoomed-in regions of 
interests, our proposed method can reconstruct high resolution image rather close to the 
ground truth. The experiments prove that (1) our proposed model can retrieve more high-
frequency information, and (2) conventional models such as RDN do not work well when the 
input constructions are mutated. 
Fig. S6(B) compares the upsampling results without ground truth. Fig. S6(B1) is the low 
resolution image reconstructed from a captured plenoptic image; Fig. S6(B2) is the low 
resolution image obtained from Fig. S6(B1) through bilinear interpolation; Fig. S6(B3) is the 
high resolution upsampled image reconstructed from Fig. S6(B1) using RDN; and Fig. 
S6(B4) is the high resolution upsampled image obtained from Fig. S6(B2) using the proposed 
model. As input, Fig. S6(B1) and Fig. S6(B2) are very similar, while as reconstructed high 
resolution image output, Fig. S6(B4) preserves more details than Fig. S6(B3), thus has much 
better imaging quality. The experiments prove that in the condition without ground truth, our 
proposed model can obtain upsampled images with better quality than those retrieved from 
conventional deep learning based super resolution methods. 
Fig. S6(C) compares the upsampling results to test the generalization ability. Fig. S6(C1) is 
an image as the ground truth in the DIV2K validation set; Figs. S6(C2)-S6(C10) are 
upsampled images using different models trained for scaling factor ×8. Figs. S6(C2)-S6(C4) 
are upsampled images using RDN from the inputs subsampling from ground truth of scaling 
factor ×4, ×6 and ×8, respectively; Figs. S6(C5)-S6(C7) are upsampled images using our 
designed model from the inputs subsampling from ground truth of scaling factor ×4, ×6 and 
×8 and the same bilinear interpolation, respectively; and Figs. S6(C8)-S6(C10) are upsampled 
images using our designed model from the inputs subsampling from ground truth of scaling 
factor ×4, ×6 and ×8 and the same bicubic interpolation, respectively. According to the 
zoomed-in regions of interests, for RDN, high-quality upsampled image can only be obtained 
when the input is subsampled from ground truth with scaling factor of ×8, which is the same 
to the training data. While our proposed model functions well no matter the input is 
subsampled from ground truth with scaling factor of ×4, ×6 or ×8. But when the input is 
subsampled from ground truth with scaling factor of ×8 the same to the training data, the 
upsampled image has the highest reconstruction quality. 



Fig. S6(D) compares the upsampling results using L1 loss and perceptual loss. Fig. S6(D1) is 
an image as the ground truth in the DIV2K validation set; Fig. S6(D2) is the low resolution 
image subsampled from Fig. S6(D1); Fig. S6(D3) is the high resolution upsampled image 
obtained from Fig. S6(D2) using bicubic interpolation; Fig. S6(D4) is the high resolution 
upsampled image obtained using our proposed model with L1 loss; and Fig. S6(D5) is the 
high resolution upsampled image obtained using our proposed model with perceptual loss. 
The experiments prove that our proposed model with perceptual loss can provide upsampled 
image with better quality than that obtained still using our proposed model but only with L1 
loss. 



 



Fig. S6. Upsampling comparisons. (A) Upsampling comparisons with ground truth: (A1) 
ground truth image in the DIV2K validation set, (A2) low resolution image subsampled from 
(A1), (A3) upsampled result using RDN from (A2), (A4) upsampled result using RDN from 
the input obtained from (A2) through first upsampling and then subsampling, (A5) low 
resolution image subsampled from (A1) and then bicubic interpolated, (A6) upsampled result 
obtained by the proposed model. (B) Upsampling comparisons without ground truth: (B1) 
low resolution image reconstructed from a captured plenoptic image, (B2) low resolution 
image obtained from (B1) through bilinear interpolation, (B3) high resolution upsampled 
image reconstructed from (B1) using RDN, (B4) high resolution upsampled image obtained 
from (B2) using the proposed model. (C) Upsampling comparisons for generalization ability 
testing: (C1) ground truth image in the DIV2K validation set, (C2)-(C10) upsampled images 
using different models trained for scaling factor ×8, (C2)-(C4) upsampled images using RDN 
from the inputs subsampling from ground truth for scaling factor ×4, ×6 and ×8, respectively, 
(C5)-(C7) upsampled images using the proposed model from the inputs subsampling from 
ground truth for scaling factor ×4, ×6 and ×8 and the same bilinear interpolation, respectively, 
(C8)-(C10) upsampled images using the proposed model from the inputs subsampling from 
ground truth for scaling factor ×4, ×6 and ×8 and the same bicubic interpolation, respectively. 
(D) Upsampling comparisons using L1 loss and perceptual loss: (D1) ground truth image in 
the DIV2K validation set, (D2) low resolution image subsampled from (D1), (D3) high 
resolution upsampled image obtained from (D2) using bicubic interpolation, (D4) high 
resolution upsampled image obtained using the proposed model with L1 loss, (D5) high 
resolution upsampled image obtained using the proposed model with perceptual loss. 
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