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Abstract 

Image synthesis is an important research of image editing images in image synthesis 
tasks, mixed through the rough mask adjustment, is the purpose of the target from the 
source image blend seamlessly into the target image is a popular method in mixed 
poisson image, it is primarily in the composite image enhancement, the smoothness of 
the gradient domain however, this method only consider the boundary of the target 
image pixels, unable to adapt to the objective background image texture feature in 
addition, the color of the target image too often to infiltrate into the original source 
object, thereby causing loss to the source object content significantly in this paper, we 
proposed a two-stage hybrid algorithm, make full use of the classical method based on 
gradient and gans advantage in order to realize the seamless blend, we put forward the 
mixed field gradient in order to refine the mixed area and the target image with similar 
style and texture, we put forward a two-way attention has based on the mechanism of 
attention network da - gan to implement the mixed image coordinate with the depth of 
the target image in a hybrid image, we not only smooth the mixed boundary gradient 
domain, and in the mixed area with a consistent and rich texture compared with other 
methods, our method can provide more natural realistic image user studies show that 
our method is superior to current state-of-the-art methods. 
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1. Introduction 

Image editing tools such as Photo Shop are popular in image processing field, however for image 

fusion tasks those tools cannot generate images naturally. Usually image fusion combines two or 

more images into a single image with high resolution, whose goal is to make the composite image 

look as natural as possible. However, it is a big challenge to delineate the accurate cropping area. For 

the blending process, it not only requires to adjust the appearance of the cropped object to fit the new 

background, but also needs to blend the cropping boundary. Therefore, classic gradient-based 

methods have been proposed [2, 34, 35] to smooth cropping boundary transition area and to reduce 

the color or illumination difference between the foreground and background. Among those 

conventional gradient-based methods, Poisson image editing [2] is the most widely used method, 

which requires the mixed area having a smooth pixel transition or small gradient relative to the 

boundary pixels in the target image to reconstruct the mixed area pixels. The Poisson image editing 

algorithm first generates a gradient vector field according to the composite image gradient, and then 

restores the mixed image by solving the Poisson equation and the gradient vector field guided 

interpolation. The method works well in generating high-resolution results with rich details and 

textures. However, due to the closedness of the matrix solution of this method, the generated image 

contains various artifacts. Traditional gradient-based methods usually have strong assumptions about 

the distribution of realistic images. A recent study [11] showed that combining the closed-form 

solution of the Poisson equation with GAN loss can synthesize a real mixed image. However, it 
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requires training samples (a source region, a target image and a corresponding well-mixed image) for 

supervised learning. Image coordination is closed related with image fusion, however the foreground 

object needs to be accurately depicted. 

 

 

Figure 1. Given a coarsely cropped object in a source image, a target image and a blending location, 

our algorithm can blend the selected object onto a target image with seamless boundary and 

consistent style with respect to the target image. 

 

Therefore, the goal is to adjust the foreground lighting, color and texture to make it compatible with 

the new image background. A recent study, Deep Image Blending [14], realizes the fusion of source 

image and target image by a method based on Poisson gradient and style conversion. However, this 

method is not ideal for processing real images. It excessively blends the source image with the 

background, so the texture structure of the source image is usually destroyed. With the rise of 

Generative Adversarial Networks (GANs), the research on real image distribution modeling has made 

significant progress. The idea of GAN is a game process between zero and one, which estimates the 

distribution of natural images by training the generator and the discriminator at the same time. The 

generator can produce natural images after training. Mirza et al. [36] extended this idea to a 

conditional setting, and extended the GANs model to image applications, such as image inpainting 

[37]. Inspired by the success of GANs in generating realistic images, we propose to use GANs to 

overcome the shortcomings of gradient-based image blending algorithms. We propose a new two-

stage hybrid algorithm that combines the advantages of GAN with a gradient-based image blending 

method. Our algorithm solves the problem of image hybrid reconstruction using only one source 

image, one rough mask and one target image. The algorithm first generates a seamless border of the 

source region, and then further refines the region to have similar styles and textures to the target 

image. Our algorithm does not rely on any training data, so it can be generalized to any source image 

and target image. Finally, through different test cases, we show the uniqueness and effectiveness of 

our algorithm. Our main contributions are summarized as follows: (1) We propose a VGG network 

based on the gradient of the hybrid domain to achieve seamless image fusion. (2) We have developed 

a bilateral attention network DA-GAN based on a self-attention mechanism to improve the 

discriminative ability of feature representations to refine the mixed regions that have similar styles 

and textures to the target image. (3) We have evaluated the proposed method through a series of 

comparative experiments and user studies. The experimental results show that our method is superior 

to all baselines and achieves the most advanced performance.  
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2. Related Works 

2.1 Image fusion 

Image fusion refers to appropriately cropping a certain area of the source image and placing it in a 

certain position of the target image. Use specific algorithms to make the synthesized image look as 

natural and real as possible. Compared with image coordination, the blending mask used in image 

fusion does not require precise target contours. However, image coordination is to directly copy pixels 

from the source image and paste them onto the target image. However, when there is a significant 

difference between the source image and the target image, it will result in the synthesis boundary due 

to the sudden change in intensity during the synthesis process, which will cause the synthesis 

boundary Produce obvious artifacts. 

Some classic methods of image fusion aim to improve the spatial consistency and color consistency 

between the source image and the target image. One of the methods is to copy and paste the 

corresponding pixels. However, the limitation of this method is that when the difference between the 

source image and the target image is large, the fusion effect is often poor. Another method is to 

smooth out the artifacts hidden in the composite image by overdoing and then smoothing out as much 

as possible. Among them, Alpha blending [1] is a popular method, which is a pixel-by-pixel blending 

of the source image and the background image. Obviously it is much better than direct copy and paste, 

but the fused image will often produce artifacts, and it will blur the texture details of the source image. 

However, the current most popular image blending technology is to consider improving the 

smoothness of the gradient domain [2,3,4,5,6,7,8] to solve this problem. The human visual system is 

very sensitive to areas with sudden brightness changes (edges), so we hope to be able to produce 

images with smooth transitions on the borders. Early Poisson image editing [2] proposed to rebuild 

the pixels of the mixed area in the target image by enhancing the gradient domain relative to the 

consistency of the source image, where the gradient of the mixed area is calculated and propagated 

from the boundary pixels in the target image. Under such consistency in the gradient domain, even if 

the target mask is not accurately depicted, the mixed image will transition smoothly on the composite 

boundary. This is used to achieve seamless fusion of images, but when the background of the source 

image and the target image is quite different, it will bring a very poor fusion effect, and the color 

information of the source image will change significantly because of Poisson mixing. The gradient 

used is the gradient between fields, so the color information of the source image will be affected by 

the background color of the target image. The hybrid gradient domain [2] is proposed to solve this 

problem. The hybrid gradient uses the larger gradient value in the source image and the target image 

at each position. Our work is not only based on the hybrid gradient domain method, we also introduce 

GANs to track the texture of the source image object to match the background to get a more natural 

composite image. [9,10] The focus of the work is to adjust the color and illumination of the inserted 

object, and an accurate segmentation mask is required. The difference is that our method aims to 

smooth the transition between the edges of the source image and the target image, while reducing 

color and lighting differences. Therefore, although the segmentation mask of the inserted object is 

rough, our method can generate a well-mixed image. A recent method, GP-GAN [11], uses the closed-

form solution of the Gauss Poisson equation [12] and the Wasserstein-GAN Generative Adversarial 

Network (WGAN) [13] to produce photo-realistic mixed results. However, this method relies on 

supervised training and requires the paired data of the source image, target image and the 

corresponding mixed image as the ground-truth. A recent method, Deep Image Blending [14], uses 

Poisson gradient and style conversion methods to produce a real image blending result. However, this 

method excessively blends the source image with the background, and it is difficult to achieve a good 

balance between the structure of the source image and the texture of the transferred background. 

2.2 Generative Adversarial Networks (GANs) 

Do not number your paper: All manuscripts must be in English, also the table and figure texts, 

otherwise we cannot publish your paper. Please keep a second copy of your manuscript in your office. 

When receiving the paper, we assume that the corresponding authors grant us the copyright to use the 
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paper for the book or journal in question. Should authors use tables or figures from other Publications, 

they must ask the corresponding publishers to grant them the right to publish this material in their 

paper. Use italic for emphasizing a word or phrase. Do not use boldface typing or capital letters except 

for section headings (cf. remarks on section headings, below).  

2.3 Attention 

The Attention mechanism is a resource allocation mechanism, that is, it can select information that is 

more critical to the current task goal from a large number of information. The attention module can 

simulate long-range dependencies, and it is an important part of the model that captures global 

dependencies [23,24]. It is widely used in image manipulation tasks [25,26], and has achieved quite 

good results. Especially self-attention [27], also known as internal attention, calculates the response 

of a certain position in the sequence by paying attention to all positions in the same sequence. Vaswani 

et al. [28] proved that machine translation models can achieve the best results by using self-attention 

alone. At the same time, the attention module is more and more widely used in image vision, and the 

self-attention mechanism was introduced in the work of [29] to learn better image generators. Parmar 

et al. [28] proposed an image converter model and added self-attention to the autoregressive model 

to complete the task of image generation. Wang et al. [30] transformed self-attention into a non-local 

operation to model spatio-temporal dependence in video sequences. In the work of non-time 

dimension, it is mainly to explore the effectiveness of self and space. Different from previous work, 

inspired by the work of [29]. We extended the self-attention mechanism in the image fusion task, and 

carefully designed two types of attention modules to capture rich contextual relationships, so as to 

achieve better expression characteristics. 

3. Method 

Our algorithm is a two-stage process, as shown in Figure 1. In the first stage, the initial mixed image 

is synthesized by using the proposed loss of gradient domain, content and style. In the second stage, 

the mixed image in the first stage is further coordinated with the target image to have a more similar 

style to match the target image. Here, as the source image, as the target image, it represents a mixed 

image, a fine mixed image, and m a mask. We assume that the source image has been cropped out 

using coarse mask m, and its size, dimension and size are consistent. We define the input image as 

representing the reconstructed pixels. In the whole training process, the total loss propagates in the 

first stage and in the second stage, so the whole optimization process is essentially to adjust the pixel 

value in sum. 

 

Figure 2. Two-stage blending algorithm 
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The figure shows our two-stage hybrid algorithm. In the first stage, the input image is initialized with 

random noise, and the texture details of the image are directly constrained according to the mixed 

gradient domain loss, content loss, and style loss. Among them, the gradient of the gradient loss 

forced mixing region can be taken from the source object and the target object with the larger gradient 

value. The content loss forces the semantic similarity between the mixed area and the source object, 

and the style loss forces the texture similarity between the mixed area and the target image. In the 

second stage, we introduce GANs to further coordinate the depth of the mixed image in the first stage 

with the target image, and use the texture of the source image object to match the background to 

obtain a more natural composite image. 

3.1 Image fusion 

Given the source image, target image and mask image, the compound image can be obtained by the 

following formula, which is usually a high resolution image. 

 

Where is the multiplication operator by element. The goal of image blending is to produce a well 

blended image, which is semantically similar to composite image, but looks more realistic and natural. 

3.2 Framework overview 

3.2.1 Pyramid structure 

Our model generator is a pyramid structure, as shown in Figure 3. Based on feature fusion in 

convolutional neural network, we use feature fusion pyramid structure to fuse high-level and low-

level features in the way of spatial and channel attention learning, so as to prevent the semantic 

information on high-level feature graph from covering the detail information on low-level feature 

graph, so that the semantic and detail complement each other, and take the semantic information as 

the context line without losing the detail information In this way, the features of the lower layer can 

be enhanced. It includes pyramid structure generator, training image pyramid, which is the down 

sampling of. Each generator is responsible for generating realistic image samples. It has a total of 

scales. The generation of image samples starts from the coarsest scale, and then gradually generates 

the best scale image through all generators in sequence, and injects noise into each scale. As the 

generation process goes on, smaller size structures can be captured to generate better images. 

 

 

Figure 3. Feature pyramid structure 

 

The figure shows that the input image is extracted layer by layer through the network, and then fused 

with the features of the lower layer from the highest layer to the lower layer through the feature fusion 

module, and so on. The fused features are used to generate images. 
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3.2.2 SSNet 

All generators have a similar structure, as shown in Figure 4. Noise plus image as input is sent to a 

series of convolution layers. This ensures that Gan does not ignore noise, as it often happens in 

conditional schemes involving randomness. The function of convolution layer is to generate the 

missing details. The operation of convolution layer is as follows: 

 

It is composed of seven convolution layers. At first, 32 convolution cores are used in the coarsest 

scale, and then the convolution cores are doubled every four scales. 

 

Figure 4. Single scale network structure(SSNet) 

 

In the second scale, the image from the previous scale is upsampled and added to the input noise map. 

Then the result is input into 7 convolution layers, and the output is a residual image, which is added 

to the. The output of the generator is. 

3.2.3 Architecture of generator and discriminator 

The architecture of our da-gan is shown in Figure 5. For generator g (x), after extracting high-level 

features, we do not perform pooling operation, but continue convolution to achieve higher-level 

semantics, because the higher-level semantics will be closer to ground In the case of truth, we will 

pay more attention to some object information, so we use higher-level semantics as the guidance of 

attention, so we can strengthen the weight of parts with object information. For discriminator D (x). 

In addition to the last layer, we apply batch normalization [31] and leaky relu after each convolution. 

 

Figure 5. Network Architecture of Dual Attention GAN G(x) and D(x) 
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3.3 Loss Function 

3.3.1 The first stage: 

(1) Loss in mixed gradient domain 

Poisson image equation proposes to reconstruct the pixels of the mixed region by enhancing the 

consistency of the gradient domain between the mixed image and the source image. At the same time, 

the gradient of the mixed image is calculated from the edge pixels of the target image, and then 

propagated inward. This consistency results in a seamless boundary of the mixed region, but it is 

solved by well-designed matrix operation, and it is difficult to combine with other constraints for 

pixel reconstruction. Therefore, we transform the gradient domain constraint into a differentiable loss 

function as follows: 

         (1) 

In equation (1), ▽ denotes Laplacian gradient operator, and is the width and height of the image. The 

fused image is defined as. Represents the blending boundary of the fused image. Firstly, the 

reconstructed pixels are directly combined with the image, and then Laplacian calculation is 

performed on the whole image, and its boundary is considered. This part satisfies the boundary 

constraint of Poisson equation. Then, we directly minimize the difference between the gradient and 

the sum of the gradients, because the gradient of is actually the same as that outside the middle mixing 

region, so the loss is basically calculated in the mixing region. 

(2) Content loss and style loss 

In previous work [32], gatys et al. Use style loss to transform the style of the source image, and use 

content loss to save the content of the source image. Content and style loss are defined as follows: 

              (2) 

                  (3) 

Where is the product of elements, the number of convolution layers, the number of channels in 

activation, and the number of flat activation values in each channel. 

Is the activation matrix calculated from the deep network of the layer. Where is the Gram matrix 

corresponding to the activation matrix of the second layer. Gram matrix directly captures the 

similarity between all channel feature pairs, encodes the style or texture of the image, and encodes 

the spatial structure with zero information. Finally, and controls the weight of each layer's influence 

when calculating the loss of content and style. 

(3) Total variation (TV) loss 

The total variation loss is mainly used to delete unnecessary details while retaining the imported 

information in the image. The loss function is as follows: 

                  (4) 

3.3.2 The second stage:  

(1) Pyramid structure loss 

In order to learn the knowledge of image structure in the process of image generation, we use a new 

pyramid image structure loss to supervise the structure generation and feature embedding, so as to 

integrate the structure information into the generation process. Specifically, after the network predicts 
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the structure output, the L1 loss term is constructed on the structure output of different scales: the 

predicted gradient graph and the real gradient graph L1 loss: 

                      (5) 

We propose pyramid structure loss to guide the generation and embedding of structure, so as to bring 

structure information into the generation process. Specifically, it is the distance between the predicted 

gradient map and the corresponding ground truth. 

(2) Reconstruction loss 

The distance between the generated image and the real image is measured at the pixel level: 

                          (6) 

(3) Adversarial Loss 

The confrontational loss is based on the fact that the discriminator tries to distinguish the real image 

from the synthetic image, and the generator tries to cheat the discriminator by generating the real 

image. In each scale n, we choose wgan-gp as the antagonistic loss, which can effectively improve 

the stability of antagonistic training by weight clipping and gradient penalty 

       (7) 

(4) Content and Style Loss 

In the second stage, the input for content and style loss is different: 

            (8) 

              (9) 

Among them is the thinning mixed image, which optimizes the content and style 

(5) Total loss function 

               (10) 

  (11) 

3.4 Bilateral attention 

By combining attention mechanism with pyramid structure, we can extract the relatively and lower 

level dense features on the basis of high-level semantic guidance, instead of the complex hole 

convolution, dilated and multiple codec operations in other methods. However, some existing 

methods simply link multiple scales, so they lack context information. At the same time, because the 

pyramid convolution structure uses different sizes of convolution kernel, which represents different 

receptive fields, it also solves the problem of different scales. We add two attention modules to model 

the semantic correlation of spatial dimension and channel dimension. The location attention module 

selectively aggregates the features of each location through the weighted sum of the features of all 

locations. Similar features are related to each other regardless of distance. At the same time, the 

channel attention module selectively emphasizes the related channel graphs by integrating the 

relevant features of all channel graphs. The basic network is ssnet, which uses two parallel attention 

modules to capture the dependency of spatial and channel, and finally integrates the output of the two 

attention modules to get better feature expression. 
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Figure 6. Dual Attention Networks 

 

The output of the two attention modules is converted by convolution layer, and element wise sum is 

executed to complete feature fusion. Finally, a convolution layer is added to generate the final feature 

map. 

3.4.1 Position Attention Module 

For the location attention module, we introduce the self attention mechanism to capture the spatial 

dependence between any two locations of the feature graph. For the feature of a specific location, the 

feature is updated by the weighted sum of all the location aggregation features, where the weight is 

determined by the feature similarity between the corresponding two locations. In other words, any 

two positions with similar features can promote mutual improvement, regardless of their distance in 

the spatial dimension. 

3.4.2 Channel Attention Module 

For the channel attention module, we use a similar self-attention mechanism to capture the channel 

dependency between any two channel maps, and use the weighted sum of all channel maps to update 

each channel map. Finally, the outputs of these two attention modules are merged to further enhance 

the feature representation. 

Our attention modules are very simple and can be directly inserted into the pipeline of the existing 

network. They will not add too many parameters, but will effectively enhance the feature 

representation. 

3.5 Two stages train 

In our algorithm, the goal of the first stage is to seamlessly blend the object into the background, and 

the goal of the second stage is to further refine the texture and style of the mixed area. The input of 

the first stage is two-dimensional random noise, and the input of the second stage is the final mixed 

input of the first stage and the background image. We use the pre-trained VGG-19 network on 

ImageNet to extract features for calculating style and content loss. For the gradient domain, we use 

the Laplacian operator to calculate the second gradient of the image to calculate the gradient blending 

loss. 

3.5.1 First stage training (seamless blending) 

 

Algorithm 1:First Stage- Seamless Blending 

Input :Source image , destination image , mask image , 

max iteration N, loss weights , and pretrained 

VGG network V 
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Output:Blending image   

1  Compute Laplacian Pyramid for ,  and  

2   for  

 

end 

3  Return  

 

3.5.2 Second stage training (style coordination) DA-GAN 

 

Algorithm 2:Second Stage- Style Harmonization Framework DA-GAN 

Input :Blending image , destination image , max Scale S, 

max iteration N, noise map, , and pretrained AT-GAN G( ) 

Output:style transfer blending image   

1   

2   for  do 

        for  

 

end 

Updating  by the image from the previous scale, , is 

upsampled and added to the input noise map, . 

end  Update D with  

3  Return  

 

We use the VGg layer conv1_ 1, conv2_ 1, conv3_ 1, conv4_ 1, conv5_ 1 to calculate the style loss, 

conv4_ 2 is used to calculate content loss. We set the maximum number of iterations for the two 

phases to 2000. Train on a single NVIDIA GTX 1080ti. The second stage is set up. The image fusion 

process of the two algorithm stages is shown in Figure 7. 
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Figure 7. This is a demonstrate of the blending pixel reconstruction process at different iterations in 

stage one and stage two. 

4. Experiment result 

We show the effect of different image fusion methods by testing in real images and painting images 

to prove the superiority of this method. We have compared with the following baselines: Poission 

Blending, GP-GAN, SinGAN, Deep Image Blending. 

Experimental details (Implementation details): The size of our input image is 512*512. When training 

DA-GAN, we use Adam[17] Optimizer to optimize, where α is set to 0.0005 and β is set to 0.5. The 

learning rate of the network is set to 0.0001, and the number of iterations is set to 2000. See Algorithm 

2 for the training process. 

4.1 Qualitative comparison 

4.1.1 Real-world images compare 

In real image experiments, we compare our algorithm with some of the most advanced image mixing 

algorithms, as shown in Figure 8. "Poisson mixing" [2] can achieve seamless boundary, but the 

background color has a certain impact on the mixing area, so the color information of the source 

image in the mixing area is often destroyed. "Gp-gan" [11] is a hybrid algorithm using Poisson's 

mixture to generate antagonistic networks and train them in a supervised way. However, this method 

produces unrealistic boundaries and illumination in our test images. "Singan" [33] is a depth 

coordination algorithm, which uses the target background to generate images. It can keep the structure 

and texture of the pasted object, but it can't smooth the boundary, so the boundary position of the 

fusion region will not be natural enough. "Deep image blending" [14] is a recently proposed hybrid 

algorithm using Poisson gradient. Although it smoothes the gradient domain of the blending boundary, 

it excessively mixes the source image with the background, making the image look unnatural and 

realistic. Our algorithm produces the best visual effect in terms of mixed boundary, texture and color 

illumination. 

 

Figure 8. Qualitative comparisons on painting images between strong baseline approaches and ours. 

Comparision with poission Blending[2],GP-GAN[11],SinGAN[33],Deep Image Blengding[14]. 
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4.1.2 Painting images compare 

In the experiment of drawing images, we compared with several intuitive baselines, as shown in 

Figure 9. The result of copy and paste has obvious artificial boundary. "Poisson blending" can 

produce a smooth blending boundary, but it produces inconsistent style and texture between the 

blending region and the background, so it lacks some original content of the source image. Although 

gp-gan can maintain the structure and texture of the source image, it can produce unrealistic color 

illumination. "Singan" can keep the structure of the source image, but there are obvious artificial 

boundaries in the mixed boundary, so the fusion effect is too stiff and not natural. "Deep image 

blending" produces consistent style, but it is difficult to achieve a good balance between the structure 

of the source image and the texture of the transferred background. Instead, our method produces the 

most consistent style and texture while preserving the content of the source image. 

 

Figure 9. Qualitative comparisons on painting images between strong baseline approaches and ours. 

Comparision with poission Blending[2],GP-GAN[11],SinGAN[33],Deep Image Blengding[14]. 

 

4.2 Ablation research 

In our ablation research, we mainly focus on the second phase of ablation research. Here we mainly 

show the importance of attention, pyramid structure loss and style loss in painting image, as shown 

in Figure 10. Our complete model is significantly better than the baseline of other variants. Without 

pyramid structure loss, the color of fusion object is often distorted; without attention, the color of 

fusion object becomes unreal; without style loss, the mixed area and the target background have 

inconsistent lighting and texture. Finally, our algorithm adds more style and texture to the mixed 

image. 

 

Figure 10. Ablation study of painting image as well as second-stage. 
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The research in real images is shown in Figure 11. As we can see from the figure, for real images, in 

the second stage we remove the style loss, so that the fused image will be more realistic and natural 

first. 

 

Figure 11. Ablation study of real-world image as well as second-stage. 

 

4.3 User study 

In order to better evaluate the advantages of this method. Since image blending is a user oriented task, 

it is necessary to conduct user research for evaluation. We recruited 30 users for user research, using 

20 sets of images, 10 real world and 10 painting style target images. Each user is asked to select a 

composite image that they think is the most realistic and extract it from five different images 

generated by five different algorithms. The results are shown in Figure 11. 

 

 

Figure 11. This figure shows our user study results. Two histograms on the left and right show the 

quantitative comparison in real-world images and paintings respectively. 

 

4.4 Quantitative comparison 

For quantitative analysis, in order to better measure the quality of fusion image, we use structural 

similarity (SSIM), peak signal-to-noise ratio (PSNR), mean square error (MSE) and information 

entropy (entropy). As the evaluation index of image fusion quality. 20 groups of painting style images 

were measured quantitatively. Table 1 shows the evaluation results of each index. It can be seen from 

the results in Table 1 that our method can produce better fusion image quality than other methods. 

Our bilateral attention and pyramid structure loss improve the image quality in SSIM, PSNR, MSE 

and entropy. 



 

 

264 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 6, 2021 

DOI: 10.6919/ICJE.202106_7(6).0029 

Table 1. Quantitative comparison with the state-of-the-art approaches on 20 sets of painting images. 

† Lower is better. ⊎ Higher is better. 

Method SSIM⊎ PSNR⊎ MSE† ENTROPY⊎ 

Poisson Blending 0.9735 26.2276 154.9972 7.3587 

GP-GAN 0.9242 23.3024 303.9793 7.2190 

SinGAN 0.9325 28.4954 91.9478 7.3096 

Deep Image Blending 0.9826 32.3129 38.1758 7.3286 

Ours without attention 0.9134 29.1192 79.6462 7.3244 

Ours without L1loss 0.9846 32.5858 35.8512 7.3251 

Ours 0.9852 32.6571 35.2672 7.3250 

 

5. Conclusion 

We combine the idea of generative model GANs, introduce a bilateral attention mechanism, and a 

method based on the gradient of the hybrid domain, and propose a two-stage algorithm for hybrid 

image generation. GANs that introduce an attention mechanism are good at generating natural images 

and are strong in capturing texture and edge image details. Introducing the gradient loss of the mixed 

domain, the seamless fusion between the source image and the target image is realized. Our algorithm 

does not rely on any training data. Therefore, it can be extended to any real-world image or painting. 

Through user research, our algorithm is proven to be superior to other image fusion algorithms. Our 

work can be applied to common image editing tasks in the future, opening up new possibilities for 

users to easily create works of art. 

6. Visual results 

More visual results are shown in Figure 12, Figure 13, Figure 14, Figure 15. 

 

 

Figure 12. Our other blending cases 
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Figure 13. Qualitative comparisons between strong baseline approaches and ours 

 

 

Figure 14. Qualitative comparisons between strong baseline approaches and ours 

 

 

Figure 15. Qualitative comparisons between strong baseline approaches and ours 
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