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Infrared and visible image fusion aims to preserve essential thermal information and crucial visible details from two types of input images to generate an informative fusion image for better visual perception. In recent years, several hybrid methods have been applied in the field of infrared and visible image fusion. In this paper, we proposed a novel image fusion method based on particle swarm optimization and dense block for visible and infrared images. Particle swarm optimization is utilized to optimize the weighting factors of the coefficients obtained by discrete wavelet transform, then the coefficients are fused with the optimum weight to obtain the initial fusion image. The final fusion image is created by integrating the first fused image with the input visible image using a deep learning model, in which dense block is utilized for better feature extraction ability. The results of comparison experiments demonstrate that our method produces fusion images with richer details and texture features, and the fused image reduces the artifacts and noise.
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INTRODUCTION
The accurate operation and prompt detection of abnormal conditions are crucial for the safety of the power grid. In this way, the fusion of power grid images has aroused increasing attention in recent years for the smart grids (Ma et al., 2021), and the majority of images are utilized to spot anomalies in the personnel and the devices. The aim of the image fusion technique is to combine meaningful information from several sensors into a single informative fused image. By extracting all complementary features from the input images and avoiding any irregularities in the final fused image, effective image fusion preserves critical information. Fusion techniques for infrared and visible image have gained increasing attentions in the recent research on multi-sensor fusion field. Both visible and infrared sensors have advantages and disadvantages of their own. Infrared images are more sensitive to the thermal and radiative information, thus heat source targets have higher pixel values in infrared images and are displayed as high brightness, which is distinct to observe. However, due to the infrared sensor imaging limitations, infrared images contain less texture information. Visible images contain rich details since visible image sensors capture reflected light from objects. Thus, the fusion of images obtained from both sensors can overcome the restrictions of a single sensor and produce many complementary characteristics. Fusion image aim to combine the strengths of source images for better visual effects results and provide rich information to enhance decision-making. Therefore, fusion algorithms have been adopted in various scenarios for different applications such as object tracking (Zhang et al., 2020), surveillance (Paramanandham and Rajendiran, 2018), face verification (Raghavendra et al., 2011).
To implement the fusion of visible and infrared images, a number of methods have been developed over the last few decades. These algorithms can be categorized into conventional methods and deep learning-based methods.
For conventional methods, several multi-scale decomposition methods have been attempted, the representative examples are the pyramid and wavelet transform based methods. For instance, Burt and Adelson (1985) firstly used Laplacian pyramid to encode images. Du et al. (2016) proposed a union Laplacian pyramid based image fusion method which used Laplacian pyramid to transform input images into multi-scale representations and inversed pyramid to obtain the fused image. Shen et al. (2014) proposed a boosting Laplacian pyramid method to fuse multiple exposure images. Li et al. (2018) proposed a feature fusion strategy using Gaussian pyramid. In contrast to the multi-scale pyramid transform, the wavelet transform coefficients are mutually independent (Ma et al., 2019a). Li et al. (2002) introduced a wavelet transform based image fusion method for multi-sensor images, which showed certain strengths over Laplacian pyramid based fusion methods. As a method of fusion task, the dual-tree discrete wavelet transform is applied for thermal image fusion (Madheswari and Venkateswaran, 2016). In the work of (Liu et al., 2015), this issue is addressed by using a general image fusion framework in which multi-scale transform is used for decomposition and reconstruction. However, the accuracy of conventional approaches is inadequate, which results in subpar fusion outcomes.
With respect to deep learning-based image fusion tasks, convolutional neural networks (CNNs) have performed a number of impressive results. Liu et al. (2017) proposed a fusion method for multi-focus images in which CNN is applied for the first time. Li et al. (2018) introduced a deep learning network using a fixed VGG-19 network to extract detail content features of infrared and visible images. After that, Li and Wu, 2019 operated dense block (Li and Wu, 2019) to preserve useful information of input images. Moreover, by implicitly executing feature extraction and reconstruction process, the generative adversarial network (GAN) methods are also well-performed in visible and infrared image fusion tasks (Zhang et al., 2021). For instance, Ma et al. (2019) firstly introduced GANs by considering infrared and visible image fusion task as an adversarial problem. After that, they utilized GAN to preserve rich spectral information in remote sensing images (Ma et al., 2020). Li et al. (2020) proposed a dual discriminator generative adversarial network to keep more details and textures in the fused image. However, GAN methods have weaknesses on the balance of generator and discriminator. Additionally, autoencoder (AE)-based methods also exhibits good performances, where encoder extracts features from input images and decoder reconstruct the features to obtain fusion results, such as DenseFuse (Li and Wu, 2019) and VIF-Net (Hou et al., 2020).
Furthermore, evolutionary computation based optimization is a new trend in recent research. Many related algorithms are utilized in different systems to implement multiple scales and objectives optimization, such as particle swarm optimization (PSO) (Madheswari and Venkateswaran, 2016; Paramanandham and Rajendiran, 2018), grey wolf (Daniel et al., 2017) artificial bee colony (Chatterjee et al., 2017), differential evolution (Kaur and Singh, 2020), and they all perform good results. Appropriate weight parameters generated by optimization algorithms can be used to produce fusion image with better quality, and the fusion images assist the implementation of subsequent works in a smooth way.
However, the limitation of conventional methods is apparent in the treat of image details. Most deep learning based methods generally have weaknesses on training consumption and are prone to overfitting problems. Thus, some hybrid image fusion methods consequently exist to avoid artifact and blockiness. For instance, PSO is used to optimize weights for fusing discrete wavelet transform coefficients (Madheswari and Venkateswaran, 2016) and discrete cosine transform coefficients (Paramanandham and Rajendiran, 2018) in the fusion process. Differential evolution is used to enhance feature selection (Kaur and Singh, 2020). Fu et al. (2020) proposed a multimodal medical image fusion method using Laplacian pyramid combined with CNN. Wang et al. (2021) proposed a visible and infrared image fusion method based on Laplacian pyramid and GAN. These hybrid methods have improved fusion results in their respective applications.
Therefore, in this paper, we proposed an innovative hybrid image fusion method by combining conventional image fusion method with swarm intelligence technique and deep learning model. Firstly, the input images are fused using discrete wavelet transform (DWT) with a weight factor optimized by PSO. Due to power grid images necessitate greater observational detail, the final fused image is then produced by synthesizing the initial fused image with the input visible image using a dense block. With these fusion architectures, fused images can preserve more useful details and textures that support the further supervisory and decisional demands.
The contributions of this paper are summarized as follows:
1) A visible and infrared image fusion method based on the swarm intelligence technique is proposed. Specifically, PSO is used to optimize the weighting factors of coefficients obtained by DWT, then the coefficients are fused with the optimum weight to obtain the fusion image.
2) An image fusion method using deep learning model is proposed for preserving richer details and textures. To better maintain features from the visible image, dense block is used in feature extraction process to obtain the fusion image with high quality for better visual effect.
3) Based on the two mentioned methods, a novel image fusion method is proposed in this paper, which contains two parts. In the first part, the input visible and infrared images are decomposed to coefficients by DWT, and then fused with the optimal weight generated by PSO. Inverse DWT is utilized to obtain the initial fusion image. In the second part, the first fused image is integrated with the input visible image through a deep learning model in which dense block is utilized for feature extraction. In the end, the final fused image is obtained. By comparing with representative methods, the evaluation results verified the effectiveness of our method.
The remainder of the paper is structured as follows: Methods Section introduces the specific techniques that we use in our method. In Proposed Fusion Method Section, details on the proposed fusion method are provided. Experimental results are given in Experiments and Results Section, followed by the conclusions in Conclusion Section.
METHODS
This section introduces the techniques we use, including DWT, PSO, and dense block, in the proposed image fusion framework.
Discrete wavelet transform
DWT is a commonly used wavelet transform method for image fusion. The DWT has more advantages compared to pyramid methods and discrete cosine transform (DCT). For instance, DWT provides increased directional information, higher signal-to-noise ratios and no blocking artifacts than pyramid-based fusion (Lewis et al., 2007); DWT provides good localization and higher flexibility than DCT (Wu et al., 2016). DWT can divide the source image into several sub-bands including low-low, low-high, high-low and high-high bands, which contains the approximate coefficients, vertical details, horizontal details and diagonal details coefficients, respectively (Shehanaz et al., 2021).
In this paper, DWT is used to decompose the input infrared and visible images into wavelet coefficients. The decomposed coefficients are fused with optimized weights generated by PSO, and by applying the inverse DWT to the fused coefficients, the fused image is obtained.
Particle swarm optimization
The PSO is a population-based optimization algorithm which was first introduced by Kennedy and Eberhart (1995) in 1995, its fundamental idea came from research on the flock feeding behavior of birds. The main purpose of PSO is to solve a problem by utilizing a population of randomly generated particles in the search space. Swarm is the term for the entire population, and particles are used to describe each individual. The swarm is denoted as [image: image], where [image: image] represents the [image: image] particle, and the population contains particle position as well as random velocity. Each particle position is updated by two best values called [image: image] and [image: image]. The [image: image] is the best position achieved by each particle so far, and the [image: image] is the global best position among particles in the swarm. The position and velocity of each particle are updated according to Eqs 1, 2,
[image: image]
[image: image]
where [image: image] and [image: image] are the new and current velocity of the [image: image] particle, [image: image] and [image: image] are the new and current position of the [image: image] particle, [image: image] is the inertia factor, large inertia weight tends to promote global search while small inertia weight tends to promote local search, [image: image] and [image: image] are two positive acceleration factors (both [image: image], [image: image]= 2), [image: image] and [image: image] are numbers randomly generated between 0 and 1, [image: image] is the [image: image] position of the [image: image] particle at time set [image: image], [image: image] is the [image: image] position of the optimizer at time set [image: image].
In this paper, PSO generates the optimum fusion weight by searching the best solution, and the optimum weight is used to fuse the decomposed coefficients to enhance the fusion results.
Dense block
CNNs have achieved substantial progress in the field of image processing during the past few years. With the strong ability in feature extraction, convolutional neural networks have provided several novel ways for image fusion. Dense block is a key component of the DenseNet (Huang et al., 2017), the key concept is that for each layer, the feature mappings of all preceding layers are utilized as the input of the current layer while their feature mappings are used as the input for the subsequent layers, which form a full connection. The feature mappings extracted from each layer are available for the following layers. Thus, the features of input images can be effectively extracted and preserved, which establish the foundation for subsequent fusion. Advantages of dense block architecture are as follows: 1) this architecture can alleviate vanishing gradient and model degradation, which makes the network easily trained; 2) this architecture can enhance feature preservation; 3) this architecture reduces the number of parameters.
PROPOSED FUSION METHOD
The proposed fusion method is thoroughly discussed in this section. The overall framework of the proposed method is shown in Figure 1. As shown in Figure 1, the proposed framework has two main steps. Firstly, the input images are fused using DWT with a weight factor optimized by PSO to obtain the first fused image. Then, the final fused image is obtained by synthesizing the input visible image with the initial fused image using the dense block.
[image: Figure 1]FIGURE 1 | The framework of proposed image fusion method.
PSO based image fusion rule
Discrete wavelet transform (DWT) is used for decomposing the input infrared and visible images into approximate and detailed coefficients, which is used for fusion process to generate better results. The approximate and detailed coefficients of input infrared image are calculated by Eqs 3, 4, respectively.
[image: image]
[image: image]
The decomposed coefficients of input visible image are calculated by Eqs 5, 6, respectively.
[image: image]
[image: image]
where [image: image] represents the size of input images, [image: image], [image: image], [image: image] and [image: image] are the horizontal orientation, vertical orientation and diagonal orientation, respectively.
Since the approximate and detailed coefficients of input infrared and visible images decomposed by wavelet transform contain complementary information and features, the conventional fusion strategy such as average strategy and maximum select strategy may not provide meaningful fusion of complementary saliency features. Thus, particle swarm optimization (PSO) is used to improve the fusion strategy with optimum weights to enhance entire fusion performance. The PSO algorithm computes with a population of random particles and updates the generations for the search of ideal option. The optimum fusion weights are saved when the iteration ends and are used to fuse the decomposed coefficients based on the fusion rule. The fusion rule is defined as following Eq. 7.
[image: image]
where [image: image] is the fused coefficients, [image: image] and [image: image] are the coefficients of infrared and visible images, [image: image] and [image: image] are the best weights optimized by PSO.
The first fused image is then generated by applying the inverse discrete wavelet transform to the fused coefficients.
Dense block based image fusion rule
Network architecture
The architecture of the proposed network is shown in Figure 2, and the network contains three main parts including feature extraction, fusion layer and feature reconstruction. The input images are denoted as [image: image] and [image: image], respectively. The feature extraction part contains two channels to extract deep features. Channel A is made up of C11 and a dense block which is consists of D11, D21 and D31. Channel B contains C12 and a dense block that includes D12, D22 and D32. The first layer (C11, C12) contains [image: image] filters to extract rough features, and each dense block also have three convolutional layers which contain [image: image] filters. The input channel number of feature map is 16 in each convolutional layer in feature extraction part.
[image: Figure 2]FIGURE 2 | The architecture of the proposed network.
With this strategy, the input two channels have same architecture and share same weights, thus the feature extraction part has two advantages. First, the computational complexity and consumption are reduced. Second, the input images can be any size. Architecture of the network is outlined in Table 1. In fusion layer, we choose addition fusion strategy to directly concatenate features. The result of the fusion layer will be the input of feature reconstruction part. The feature reconstruction part contains another four convolutional layers (C2, C3, C4, C5), which also contain [image: image] filters, to obtain the fused result [image: image].
TABLE 1 | Architecture of the network.
[image: Table 1]Loss function
Loss function is used for computing the difference between the prediction and ground-truth to find appropriate parameters to reconstruct the input image more accurately and sufficiently. The structural similarity index (Wang et al., 2004) is a useful metric for comparing the structural similarity of two images. SSIM is sensitive to the perception of local structural changes which resembles the human visual system (HVS), and it contains three components: luminance comparison, structure comparison and contrast comparison. The three comparisons can be combined, and result in a specific form as [image: image] and [image: image], which are respectively defined as Eqs 8, 9.
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In our network, the loss function SSIM are calculated by Eq. 10,
[image: image]
where [image: image] is the fused image, and [image: image], [image: image] are input images; [image: image], [image: image] and [image: image] represent the mean of [image: image], [image: image] and [image: image]; [image: image], [image: image] and [image: image] represent the variance of [image: image], [image: image] and [image: image]; [image: image] and [image: image] represent the joint variances of [image: image], [image: image] and [image: image]. Both [image: image] and [image: image] are stable coefficients which are set as 0 in this work.
SSIM can characterize the differences between two images more precisely, and the larger SSIM value indicates the smaller difference between the images.
Training
In order to train the network to reconstruct the input image more accurately, we discard fusion layer and only consider feature extraction and reconstruction parts. The purpose of this training phase is to enhance the ability of the encoder and decoder in the autoencoder network to extract and reconstruct features. In training phrase, in order to improve the feature extraction ability of visible images to satisfy the requirements for better visual perception, we train the weights of encoder and decoder using the MS-COCO (Lin et al., 2014) dataset. The images in MS-COCO are all resized to [image: image] and transformed to gray scale in the pre-processing phrase, and the learning rate is set to [image: image].
EXPERIMENTS AND RESULTS
In order to verify the performance of the proposed algorithm, we conduct extensive evaluation and comparison experiments. TNO database is used in this work, and four example images numbered as (a, b, c, d) are shown in Figure 3. The top row represents infrared images, while the second row represents visible images.
[image: Figure 3]FIGURE 3 | Four pairs of example images.
In our experiments, we compare the proposed method with several typical fusion methods, including discrete wavelet transform (DWT) (Li et al., 2002), non-subsampled contourlet (NSCT) (Da Cunha et al., 2006), cross bilateral filter (CBF) (Shreyamsha Kumar, 2015), convolutional sparse representation (CSR) (Liu et al., 2016), and the DeepFuse method (DeepFuse) (Prabhakar et al., 2017). The fifilter size is also set as 3 × 3 for DeepFuse methods in our experiment. Figures 4–7 represents the contrast experiments results of the four example images, respectively. The evaluation results of comparison experiments are all conducted by MATLAB-2021a.
[image: Figure 4]FIGURE 4 | Fusion results with different comparison methods on image (a).
[image: Figure 5]FIGURE 5 | Fusion results with different comparison methods on image (b).
Evaluation metrics
To quantitatively evaluate the proposed method with the comparison methods, five commonly used quality metrics are utilized for evaluation. They are: entropy (EN), mutual information (MI), standard deviation (SD), mean square error (MSE), peak signal to noise ratio (PSNR).
Information entropy is a significant metric to assess the depth of visual information, which reflects the richness of information contained in the fused image, it can be calculated by Eq. 11,
[image: image]
where [image: image] represents the overall number of image pixels, [image: image] denotes the probability of distribution at each gray level. The more information that is present in the fused image, the larger the EN value, and the higher the quality of the fusion.
MI measures the information fused image obtained from the input images, it can be calculated as follows,
[image: image]
[image: image]
[image: image]
where [image: image], [image: image], and [image: image] represents the normalized histogram of the image A, image B and the fused image, respectively. [image: image] denotes the joint normalized histograms between the fused image and the source images A, [image: image] represents the joint normalized histograms between the fused image and the source images B. The larger the MI value, the more information fused image preserves from input source images.
SD reflects the degree of dispersion in the image between each pixel value and the average value, it can be calculated by Eq. 15,
[image: image]
where [image: image] is the pixel at relative coordinates, [image: image] is the average pixel value. The more dispersed the pixel level distribution, the higher the image contrast, and the better the fusion effect, the larger the SD value.
MSE measures the mean square error of the images, which is a reverse indicator evaluating the accuracy in integrating information from input images. PSNR indicates the distortion degree between the source images and the fused image. They can be calculated as follows.
[image: image]
[image: image]
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The fused image is less distorted and more similar to the source images with a higher PSNR value.
Subjective analysis
Figures 4–7 demonstrates the comparison between our method and five other methods. We can observe that images generated by DWT lost too much details, which leads to poor perception. For the fused images of NSCT, some region details are blurred and lost some texture. More artificial noise and unclear saliency features are present in images fused by CBF, such as the person and sky shown in Figure 6 and Figure 7. In CSR, fused images have some obvious salient features loss and are darker than other images. As for DeepFuse method, more infrared image features are obtained and the fused images have too much brightness, which is unnatural for observation, such as the image shown in Figure 7. Compared with these five methods, our fusion method preserves abundant detail and texture information, the images are clearer, which are qualified for human visual perception.
[image: Figure 6]FIGURE 6 | Fusion results with different comparison methods on image (c).
[image: Figure 7]FIGURE 7 | Fusion results with different comparison methods on image (d).
Objective analysis
In this section, our method is compared with the five methods using evaluation metrics mentioned above. The objective evaluation results of five metrics achieved by the comparison methods and proposed method for the four groups of source images are shown in Table 2-5, in which the best results of the five indicators are marked in bold. The results demonstrate that our method outperforms the comparison methods in almost five assessment metrics. This indicates that the fused images obtained by our method have lower artifact and noise levels but richer details and texture features. The fused images are clearer and have a better visual effect.
TABLE 2 | Comparison results of evaluation metrics for image (a).
[image: Table 2]TABLE 3 | Comparison results of evaluation metrics for image(b).
[image: Table 3]TABLE 4 | Comparison results of evaluation metrics for image(c).
[image: Table 4]TABLE 5 | Comparison results of evaluation metrics for image(d).
[image: Table 5]In brief, the proposed method can more effectively extract and preserve detail information and texture features from source images and fuse with the best scale, which improves human visual perception. Additionally, the fusion results are validated using evaluation metrics, verifying the qualification for subsequent observation and detection.
CONCLUSION
In this paper, we introduce a novel method based on particle swarm optimization and dense block. This method combines conventional image fusion method with swarm intelligence technique and deep learning model. Firstly, DWT is utilized to decompose the input images into coefficients, then PSO is used to optimize the weighting factors and the coefficients are fused with the optimum weight to obtain the initial fusion image. To satisfy the observational requirements, the initial fusion image is then fused with the input visible image using a deep learning model in which dense block extracts and preserves rich image information. The experimental results demonstrate that the output fused images have abundant details and texture features, which are suitable for visual perception. The fused results are qualified for subsequent observation and detection.
Although the proposed method achieves good results, additional works in the fields of medical image and remote sensing image is required to broaden its application to multi-modality image fusion.
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