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The emergence of multimodal medical imaging technology greatly increases the accuracy of clinical diagnosis and etiological analysis. Nevertheless, each medical imaging modal unavoidably has its own limitations, so the fusion of multimodal medical images may become an effective solution. In this paper, a novel fusion method on the multimodal medical images exploiting convolutional neural network (CNN) and extreme learning machine (ELM) is proposed. As a typical representative in deep learning, CNN has been gaining more and more popularity in the field of image processing. However, CNN often suffers from several drawbacks, such as high computational costs and intensive human interventions. To this end, the model of convolutional extreme learning machine (CELM) is constructed by incorporating ELM into the traditional CNN model. CELM serves as an important tool to extract and capture the features of the source images from a variety of different angles. The final fused image can be obtained by integrating the significant features together. Experimental results indicate that, the proposed method is not only helpful to enhance the accuracy of the lesion detection and localization, but also superior to the current state-of-the-art ones in terms of both subjective visual performance and objective criteria.
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Introduction

As is well known, the accuracy of lesion detection and localization is crucial during the whole clinical diagnosis and treatment. So far, the rapid growth of medical imaging technologies such as computed tomography (CT), magnetic resonance imaging (MRI), positron emission tomography (PET) and single-photon emission computed tomography (SPECT) has provided us much richer information on the physical condition. CT can accurately detect the slight differences of the bone density in a transection plane, which is regarded as an ideal way to observe the lesions of the bone. Nevertheless, its capacity of the tissue characterization is weak. The information of the soft tissue can be better visualized in MRI images, but the movement information such as the body metabolism cannot be found. Unlike MRI, PET images can reflect the activity of the life metabolism through the accumulation of certain substance so as to achieve the purpose of diagnosis, but they are often with lower resolution. The main advantage of SPECT is to demonstrate the changes in blood flow, function and the metabolism of organs or diseases, which is beneficial to the early and specific diagnosis of the disease. Obviously, due to the respective different mechanism, each imaging modality unavoidably has its characteristics and inherent drawbacks. To this end, the fusion of the medical images with multiple different modalities may be an effective solution, because it can not only combine the advantages together to accurately implement the localization and description of the lesion, but also reduce the storage cost of the patient information database.

Recently, a variety of fusion methods on multimodal medical images have been proposed during the past decades. Basically, these methods can be mainly grouped into the following categories, namely spatial domain-based methods, transform domain-based methods, soft computing-based methods, and deep learning-based ones.

The representative spatial domain-based methods include simple averaging, maximum choosing, principal component analysis (PCA) (He et al., 2010) and so on. Although most of the above methods have comparatively high operating speed and simple framework, they often tend to suffer from contrast reduction and spectrum distortion in the final fused image. Therefore, the pure spatial domain-based methods are rarely used at present.

Unlike spatial domain-based methods, the core scheme of transform domain-based methods usually consists of three steps. Firstly, the source image is converted to the frequency domain to get several sub-images which commonly contain one approximation image with low-pass coefficients and several detail images with high-pass coefficients. Secondly, certain rules are adopted to complete the fusion of sub-images at corresponding stages. Finally, the final fused image is reconstructed. The classical methods include, but are not limited to, Laplacian pyramid transform, discrete wavelet transform (DWT), contourlet transform, shearlet transform and so on, which have pioneered the use of transform domain-based concept. However, with further in-depth research on the medical image fusion, the defects of the above classical methods are gradually revealed. Under this background, a series of improved versions have been presented in the past decade. Du et al. (2016) introduced union Laplacian pyramid to complete the fusion of medical images. Some improved versions of DWT such as dual tree complex wavelet transform (DT-CWT) (Yu et al., 2016), non-subsampled rotated complex wavelet transform (NSRCxWT) (Chavan et al., 2017), discrete stationary wavelet transform (DSWT) (Ganasala and Prasad, 2020a; Chao et al., 2022) were presented to complete the fusion of medical images. Compared with DWT, these three new versions share both the redundancy feature and the shift-invariance property, which effectively avoid the Gibbs phenomenon in DWT. Similarly, in order to overcome the absence of shift-invariance in the original contourlet transform and shearlet transform, the corresponding improved versions namely non-subsampled contourlet transform (NSCT) and non-subsampled shearlet transform (NSST) were proposed successively. In comparison to the aforementioned transform domain-based methods, NSCT and NSST have both manifested competitive fusion performance due to their flexible structures. Zhu et al. (2019) combined NSCT, phase congruency and local Laplacian energy together to present a novel fusion method for multi-modality medical images. Liu X. et al. (2017), Liu et al. (2018) proposed two NSST-based methods to fuse the CT and MRI images.

In addition to spatial domain-based methods and transform domain-based methods, extensive work has also been conducted with soft computing-based methods dedicated to multimodal medical image fusion. A great many representative models, including dictionary learning model (Zhu et al., 2016; Li et al., 2018), gray wolf optimization (Daniel, 2018), fuzzy theory (Yang et al., 2019), pulse coupled neural network (Liu X. et al., 2016; Xu et al., 2016), sparse representation (Liu and Wang, 2015; Liu Y. et al., 2016), total variation (Zhao and Lu, 2017), guided filter (Li et al., 2019; Zhang et al., 2021), genetic algorithm (Kavitha and Thyagharajan, 2017; Arif and Wang, 2020), compressed sensing (Ding et al., 2019), structure tensor (Du et al., 2020c), local extrema (Du et al., 2020b), Otsu's method (Du et al., 2020a) and so on, were successfully used to fuse the medical images.

Since the transform domain-based methods and soft computing-based methods have both manifested to be promising in the field of medical image fusion, some novel hybrid methods have also been presented in recent years. Jiang et al. (2018) combined interval type-2 fuzzy sets with NSST to complete the fusion task of multi-sensor images. Gao et al. (2021) proposed a fusion method based on particle swarm optimization optimized fuzzy logic in NSST domain. Asha et al. (2019) constructed a novel fusion scheme based on NSST and gray wolf optimization. Singh and Anand (2020) employed NSST to decompose the source images, and then used sparse representation and dictionary learning model to fuse the sub-images. Yin et al. (2019) and Zhang et al. (2020) each proposed a NSST-PCNN based fusion method for medical images. The guided filter was combined with NSST to deal with the issue of multi sensor image fusion (Ganasala and Prasad, 2020b). Zhu et al. (2022) combined the advantages of both spatial domain and transform domain methods to construct an efficient hybrid image fusion method. Besides, the collective view of the applicability and progress of information fusion techniques in medical imaging were reviewed respectively in Hermessi et al. (2021) and Azam et al. (2022).

In recent years, the deep learning-based methods play significant roles in the field of medical image fusion, and have been gaining more and more popularity in both the academic and industry community. In 2017, convolutional neural network (CNN) was firstly introduced into the area of image fusion by Liu Y. et al. (2017). Fan et al. (2019) deeply researched the semantic information of the medical image with different modalities, and proposed a semantic-based fusion method for medical images. Aside from CNN, another representative deep learning model namely generative adversarial network (GAN) was used to deal with the issue of image fusion in 2019 (Ma et al., 2019). The unsupervised deep networks for medical image fusion were presented in references (Jung et al., 2020; Fu et al., 2021; Xu and Ma, 2021; Shi et al., 2022). Goyal et al. (2022) combined transform domain-based methods and deep learning-based methods together to present a composite method for image fusion and denoising.

After consulting a great deal of literature, we found that how much information from the original source medical images is retained in the final fused image greatly determines the image quality, which is crucial to the further clinical diagnosis and treatment. So far, the single transformed domain-based methods and relevant hybrid ones have been widely employed to deal with the fusion issue of medical images. However, the transformed domain-based methods may introduce the frequency distortion into the fused image. With the rapid development of the deep learning theory and its reasonable biological background, more and more attention is being paid to the deep learning-based methods such as CNN. Therefore, we desire to develop a novel fusion method based on CNN to fuse the medical images. It is noteworthy that each single theory always has its advantages and disadvantages and deep learning is no exception, which is usually accompanied by a huge amount of computational costs. To this end, we need to construct or adopt some model to reduce the computational complexity as much as possible.

In this paper, a novel fusion method on the multimodal medical images exploiting CNN and extreme learning machine (ELM) (Huang et al., 2006, 2012; Feng et al., 2009) is proposed. On the one hand, since the nature of the medical image fusion can be regarded as the classification problem, the existing successful experiences of CNN can be fully applied. On the other hand, due to a great many parameters, the computational cost of CNN is high. ELM is a single hidden layer feed-forward network, and its algorithm complexity is very low. Besides, since ELM belongs to a convex optimization problem, it will not fall into the local optimum. Therefore, ELM is utilized to improve the traditional CNN model in this paper.

The main contributions of this paper can be summarized as follows.

• A novel method based on CNN and ELM is proposed to deal with the fusion issue of multimodal medical images.

• It is proved that, apart from the area of multi-focus image fusion, the CNN model can also be used in the field of multimodal medical image fusion.

• The traditional CNN model is integrated with ELM to be a modified version called convolutional extreme learning machine (CELM) which has not only much better performance, but also much faster running speed.

• Experimental results demonstrate that the proposed method has obvious superiorities over the current typical ones in terms of both gray image fusion and color image fusion, which is beneficial to obviously enhancing the precision of disease detection and diagnosis directly.

The rest of this paper is organized as follows. The involved theories of CNN and ELM are reviewed in Related work section followed by the proposed multimodal medical image fusion framework in Proposed method section. Experimental results with relevant analysis are reported in fourth section. In Conclusions section, the concluding remarks are given in the end.



Related work

The models relevant to the proposed method are introduced in this section. The two important concepts, namely CNN and ELM are briefly reviewed as follows.


Convolutional neural network

As a representative neural network in the field of deep learning, CNN aims to learn a multistage feature representation of the input data, and each stage usually consists of a series of feature maps connected via different types of calculations such as convolution, pooling and full connection. As shown in Figure 1, a typical CNN structure is composed of five types of components including the input layer, convolution layers, pooling layers, full connection layer, and the output layer.


[image: Figure 1]
FIGURE 1
 Typical CNN structure.


In Figure 1, C, P and F denote the convolution, max-pooling and full connection operations, respectively, which can generate a series of feature maps. Each coefficient in the feature maps is known as a neuron. Clearly, CNN is an end-to-end system. The roles of the three types of layers, namely convolution, pooling and full connection, can be summarized as feature extraction, feature selection, and the classifier.

Here, the input data is a two-dimensional image. The neurons between the adjacent stages are connected by the operations of convolution and pooling, so that the number of the parameters to be learned declines a lot. The mathematical expression of the convolution layer can be described as:

[image: image]

where kij and bj are the convolution kernel and the bias, respectively. The symbol * denotes the 2D convolution. xi is the ith input feature map and yj is the jth output one.

In fact, during the convolution course, the non-linear activation is also conducted. The common activation functions include sigmoid function, rectified linear units (ReLU), and so on. Here, ReLU is adopted whose mathematical expression can be written as:

[image: image]

In CNN, the convolution layer is usually followed by the pooling layer. The common pooling rules include max-pooling and average-pooling, which can select the maximum or the average value of a certain region to form new feature maps. Due to the special mechanism of the pooling layer, it can bring some desirable invariance such as translation and rotation. Moreover, it can also decrease the dimension of the feature maps which is favorable for reducing the computational costs as well as the memory consumption.

Through the alternation of multiple convolution and pooling layers, CNN relies on the full connection layer to classify the extracted features to obtain the probability distribution Y based on the input. In fact, CNN can be viewed as a converter where the original matrix X can be mapped into a new feature expression Y after multiple stages of data transformation and dimension reduction. The mathematical expression can be written as:

[image: image]

where H0 is the original matrix, and the training objective of CNN is to minimize the loss function L(k, b). k and b are the convolution kernel and the bias, respectively, which can be updated layer by layer via the following equations.
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where λ and η denote the weight decay parameter and the learning rate, respectively.

According to the mechanism of CNN mentioned above, the important features of the image can be classified. Some fused methods for multi-focus images based on CNN have been published in recent years. Although CNN-based fusion methods have been gaining more and more popularity, their inherent problems such as being prone to local minima, intensive manual intervention and the waste of the computing resources still cannot be ignored.



Extreme learning machine

Different from the conventional neural networks, ELM is a single hidden layer feed-forward neural network. It is generally known that most current neural networks have many knotty drawbacks. (a) The training speed is slow. (b) It is easy for them to be trapped into the local optimum. (c) The learning rate is very sensitive to the parameters selection. Fortunately, ELM is able to generate randomly the weights between the input and the hidden layer as well as the threshold of the neuron in the hidden layer, and the weights adjustment is totally unnecessary. In other words, the optimum solution can be obtained, provided the neuron number in the hidden layer is given.

Suppose N training samples (xi, ti) and a single layer feed-forward neural network with L neurons in the hidden layers and M ones in the output layers. The concrete steps of the learning via ELM are as follows.

Step 1: The node parameters are allocated randomly, which is independent of the input data.

Step 2: Computing the output matrix h(x) = [g1(x), …, gL(x)]T of the hidden layers for x. Obviously, the size of h(x) is N×M, which is the mapping result from N input data to L neurons in essence.

Step 3: Computing the output weights matrix β = [β1, …, βL]T. β=HTT. H = [hT(x1), …, hT(xN)]T, and T = [t1, t2, …, tN]T is the training objective. The output weights matrix β can be obtained by using the regularized least squares method as follows.

[image: image]

where C is the regularization coefficient.

Besides, a hidden neuron of ELM can be a sub-network of several neurons. The scheme of the ELM feature mapping is shown in Figure 2.


[image: Figure 2]
FIGURE 2
 Scheme of the ELM feature mapping.





Proposed method

In this section, the proposed fusion method for multimodal medical images based on CNN and ELM is presented in detail. The concrete content can be divided into three subsections, including the structure of convolutional extreme learning machine (CELM), network design, and the fusion schemes.


Structure of CELM

As described in Related work section, we can reach several conclusions as follows.

• It is feasible to utilize CNN to deal with the issue of image fusion.

• There are still inherent drawbacks in the traditional CNN model, so it has large development potentiality.

• ELM not only owns many superiorities over other current neural networks, but also shares great similarities with CNN in structure.

Therefore, it is sensible to integrate CNN with ELM to combine the both advantages together, which may also introduce a novel and more effective solution to the fusion of multimodal medical images. To this end, the CELM model is proposed in this paper, whose structure is shown in Figure 3.


[image: Figure 3]
FIGURE 3
 Structure of CELM.


As shown in Figure 3, C and P denote the convolution and pooling operations, respectively, and the mechanism of ELM has been added into the CNN structure. CELM is composed of an input layer, an output layer, and several hidden layers where the convolution layers and the pooling layers alternately appear. The convolution layer consists of several maps recording the features of the previous layer via several different convolution kernels. The pooling layer introduces the translation invariance into the network, and the dimension of the feature map in the previous layer will also decrease. Meanwhile, the number of the feature maps in the pooling layer always equals to the one in the previous convolution layer. It is noteworthy that, except for the first convolution layer, the neurons of the feature map in the convolution layer are all connected to all the feature maps in the previous pooling layer, while the ones in the pooling layer are only connected to the corresponding feature maps in the previous convolution layer. As for the original full connection layer in the original CNN model, it has been replaced by the global average pooling layer (Lin et al., 2014), which is favorable for sharply cutting down the number of parameters.

With regard to the feature extraction, ELM can randomly generate the weights between the input layer and the first convolution layer as well as the ones between the pooling layer and the following convolution layer, as shown in Figure 3. Here, we suppose that there are two original multimodal medical images denoted by A and B, respectively. If the source images are color ones, we can convert them into gray ones or deal with them in different color spaces, which will be involved in a later section.

In CELM, the weights are viewed to be agreeing with the normal distribution, and the weight matrix can be obtained as follows.
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where P is the initial weight matrix, N is the number of convolution kernels, and the size of each element in Equation (8) is r × r. Therefore, if the size of the previous layer is k × k, the size of the corresponding feature map would be (k – r + 1) × (k – r + 1).

The convolution node on the point at (x, y) on the ith feature map can be obtained as

[image: image]

where “Θ” denotes the source image A or B.

As for the pooling layer, the max-pooling strategy is adopted except the last layer. The pooling node on the point at (u, v) on the jth pooling map can be obtained as:

[image: image]

where z denotes the pooling size.

Due to involving a large number of parameters, the original full connection layer in CNN is substituted for the global average pooling one here, so that we can directly treat the feature maps as the category confidence ones, and save the computational costs and storage space. The diagram of the global average pooling layer is shown in Figure 4.


[image: Figure 4]
FIGURE 4
 Diagram of the global average pooling layer.




Network design

In this work, multimodal medical image fusion is regarded as a classification problem. CELM is able to provide the output ranging from 0 to 1 according to a series of image patches {pA, pB}. As is known, the essence of image fusion is to extract the important information from the source images and then fuse it into a single one. Fortunately, CELM can just lead us to find the representative information via classification. Specifically, the output near to 1 indicates the information in pA has better reference value, while the information in pB seems more typical if the output is close to 0. Therefore, the pair of the patches {pA, pB} from the same scene can be used as the training samples in CELM. For example, if the information in pA is more valuable than that in pB, the corresponding label is set to 1, otherwise the label is set to 0. For sake of maintaining the image information integrity, the whole source medical images are input into the CELM as a whole rather than dividing them into a series of patches. The results in the output layer can provide the scores reflecting the information importance in the source images.

As for the details of the network, two important points need to be made. (a) The network framework can be mainly categorized into three types according to the reference (Zagoruyko and Komodakis, 2015), namely siamese, pseudo-siamese and two-channel. The last type just has a trunk rather than branches. The difference between siamese and pseudo-siamese lies in whether the weights of the branches of them are the same or not. Here, the siamese type is chosen as the network framework in this paper, the reason for which can be summarized as follows. Firstly, due to the weight sharing, the network training course is easy and timesaving. Secondly, take the fusion course of two source images for example, two branches with the same weights indicate the same schemes of feature extracting are used for these two images, which is just consistent with the process of image fusion. (b) The final fusion performance has something to do with the size of the input patch. For example, when the patch size is set to 64 × 64, the classification ability of the network is relatively high since much more image information is taken into consideration. According to Farfade et al. (2015), there is the 2-power law relation between the kernel stride and the number of the max-pooling layer. In other words, if there are four max-pooling layers, the corresponding stride is 24 = 16 pixels. Obviously, the final fused image will suffer from blocky effects. Therefore, in order to guarantee the classification ability and remove the blocky effects as much as possible, the patch size is set to 32 × 32 in this paper.

The CELM diagram used for multimodal medical image fusion is shown in Figure 5.


[image: Figure 5]
FIGURE 5
 CELM diagram used for multimodal medical image fusion.


As indicated in Figure 5, each branch consists of three convolution layers, two max-pooling layers and a global average pooling layer. The kernel size and the stride of the convolution layer are set to 3 × 3 and 1, while the corresponding values of the max-pooling layer are set to 2 × 2 and 2. Here, the global average pooling is used for realizing the function of the original full connection layer in CNN, and the 256 feature maps are obtained for classification.



Fusion schemes

In this paper, the training datasets of CELM are from the website www.ctisus.com, which is the premier radiological website dedicated to multimodal scanning. This website has an incredible library of content ranging from multimodal scan protocols, lectures, case studies, medical illustrations, and a monthly quiz. CTisus.com provides the latest in radiology technology and 3D imaging information, and uploads new content daily.

After constructing the CELM, the fusion issue of the multimodal medical images can be achieved. The specific implementation process consists of two stages, namely 1-stage and 2-stage. Here, we only take the fusion of two images into consideration, and the method can be extended to the case of the fusion of more than two images.

During the 1-stage, the concrete steps are as follows.

Input: Patches of the multimodal medical images to be fused.

Output: The 1-stage fused image.

Initialization: The CELM depicted in Figure 5.

Step 1.1: The patch of 32 × 32 pixels are fed into the CELM.

Step 1.2: By using the two convolution layers, we can obtain 64 and 128 feature maps, respectively. The kernel sizes of the two convolution layers are set to 3 × 3, and the strides of the convolution layers are set to 1.

Step 1.3: The kernel sizes of the two max-pooling layers are both set to 2 × 2, and the strides of the convolution layers are set to 2. And 128 feature maps can be obtained.

Step 1.4: The 128 feature maps are fed into another third convolution layer with the size of 3 × 3 to generate 256 feature maps.

Step 1.5: The global average pooling layer is used to deal with the 256 feature maps in Step 1.4.

Step 1.6: Guarantee that all the pixels of the source images are performed by CELM, and the output can be obtained as:

[image: image]
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where “label” is the classification result of CELM. A, B and F denote the two source images and the final fused one, respectively. (i, j) is the coordinate of the pixel in the image.

It should be noted that there will be inconsistency during the fused image, namely a pixel from the source image A may be surrounded by a great many counterparts from B.

In order to overcome the problem mentioned above, a consistency matrix denoted by C is defined here to describe the ownership of the pixels. If the pixel F(i, j) is from A, the value of the corresponding element C(i, j) is set to 1, otherwise the value is 0. Then, a filter whose size and stride are 3 × 3 and 1 respectively is used. In the 3 × 3 window, three cases may appear. (a) If the sum of the surrounding eight elements in C is greater than or equal to five, the corresponding pixel in A will be selected as the counterpart in F. (b) If the sum of the surrounding eight elements in C is less than or equal to three, the corresponding pixel in B will be selected as the counterpart in F. (c) If the sum of the surrounding eight elements in C is four, the original value in F will remain unchanged.

After the 1-stage, the initial fused image can be obtained. However, unlike the fusion of other types of images, higher requirements and standards are needed in the fusion course of multimodal medical images to enhance the precision of lesion detection and diagnosis. In the 2-stage, the connection between the two source images and the initial fused one is analyzed and discussed further. The diagram of the 2-stage is shown in Figure 6.


[image: Figure 6]
FIGURE 6
 Diagram of the two-stage.


As shown in Figure 6, A, B, F and FF denote the two source images, the initial fused one and the final fused one, respectively. “sub” is the subtraction operator. “F-A” stands for the subtraction result between F and A. Similarly, “F-B” stands for the subtraction result between F and B. MF and MFF denote the binary mapping of the images F and FF. MM is the abbreviation of mathematical morphology.

In this paper, the simple subtraction operator is used to measure the similarity between the initial fused image and the source one. The concrete steps of the 2-stage are as follows.

Input: Two source images denoted by A and B, and the initial fused image F.

Output: The 2-stage fusion result FF.

Initialization: The two source images and the initial fused one are given.

Step 2.1: The subtraction operation is conducted between A and F to generate the image F-A. Similarly, the image F-B can be also obtained.

“F-A” and “F-B” can describe the extent of feature extracting from the other original source image.

Step 2.2: Compute the value of root mean square error (RMSE) between “F-A” and “B” to obtain RMSEF−A, B. Meanwhile, RMSEF−B, A can also be computed. Here, the size of the window used to compute RMSE is 5 × 5.

Step 2.3: Construct a new matrix MF with the same size as F. The elements of MF can be determined as:

[image: image]

where MF(i, j) = 1 indicates that the difference between F-B and A is more obvious than that between F-A and B. In other words, more information should be fused in A than that in B, otherwise we may should place more emphasis on B rather than A.

Step 2.4: With the help of MM, MF is optimized by a series of opening and closing operators to smooth over the object outlines and the connection between each other. Here, the structure element is a square identity matrix of the size 5 × 5. The modified mapping denoted by MFF can be obtained.

Step 2.5: MFF and F are both taken into account to determine the final fused image FF. Please note that compared with the requirements in the 1-stage, the modification condition is more rigorous here. The reason for it lies in that the initial fused image have been already obtained in the 1-stage, while the main objective of the 2-stage aims to further optimization. The elements of FF can be optimized as:

[image: image]

where “sum” denotes the sum of the elements surrounding (i, j) in MFF. The window is of size 3 × 3. As Equation (14), if and only if the elements in the window are all from the same source image, the corresponding value in the initial fused image may be modified. Otherwise, the element will still remain unchanged.

It is also noteworthy that if the source images are color ones, we need to convert them into gray ones or deal with them in different color spaces. The color is usually characterized by three independent attributes, which interact on each other to form a spatial coordinate called color space. The color space can be divided into two categories including primary color space, and color brightness separation color space according to the basic structure. RGB and YUV are the typical representatives of the above categories respectively.

RGB mode is an additive one with luminescent screen, while CMYK mode is a printing subtractive one with reflective color. IHS mode suffers from spectral information distortion, which easily leads to medical accidents. Unlike the above three common modes, YUV mode can deal with brightness or color without mutual influences, so it depends on neither light nor pigment. Moreover, YUV includes all color modes the human can see in theory, and it is able to make up for the drawbacks of RGB, CMYK and IHS. Therefore, YUV mode is chosen as the color space in this paper.

During the fusion course of medical source images, we may encounter color images, such as SPECT-TI and SPECT-Tc based ones. Under the circumstances, the RGB source image is converted into the YUV version first. Three components including Y, U and V can be obtained. The Y channel describes the brightness information of the image whereas the other two channels cover the color information. The Y component is fused using the proposed scheme followed by the conversion from YUV to RGB to get the final fused image F.




Experimental results with relevant analysis

In order to verify the effectiveness and the superiorities of the proposed method, a series of simulation experiments are performed. Concretely, the section is composed of six parts. The information on the source images to be fused, the methods which are used to be compared with the proposed one, and the experiment settings are given in detail in Experimental setups section. Objective evaluation metrics section lists the objective quantity metrics used in the following experiments. In Experiments on gray and color source images section, the comparisons on the gray images and color ones are conducted in terms of both subjective visual performance and objective quantity results. As the extensive research, the application of the proposed method in other types of source images is also investigated in Applications of the proposed method in other types of source images section followed by the average running time of the proposed method in Average running time of the proposed method section. In the end, the discussions on the potential research directions of the proposed method are given in Discussions on the potential research directions of the proposed method section.


Experimental setups

Six pairs of multimodal medical images are used in the following experiments, which are shown in Figure 7. There are several points requiring to be noted. (a) For simplicity, the corresponding pairs of source images are named as Pair I–VI. (b) All the images share the same size of 256 × 256 pixels, and can be downloaded from the Harvard university site1 or the Netherland TNO site2 (c) From the color perspective, the images in pair I–IV are gray ones covering 256-level gray scale, while the images in pair V–VI such as SPECT ones are in pseudo-color. (d) The images with different modalities own a great deal of complementary information, which is beneficial for increasing the accuracy of the lesion detection and localization.


[image: Figure 7]
FIGURE 7
 Six pairs of multimodal medical source images. Pair I (A,B). Pair II (C,D). Pair III (E,F). Pair IV (G,H). Pair V (I,J). Pair VI (K,L).


The proposed method is compared with seven representative and recently published ones, which are the adaptive sparse representation (ASR)-based (Liu and Wang, 2015) one, the convolutional sparse representation (CSR)-based one (Liu Y. et al., 2016), the non-subsampled rotated complex wavelet transform (NSRCxWT)-based one (Chavan et al., 2017), the guided filtering fusion (GFF)-based one (Li et al., 2013), the cross bilateral filter (CBF)-based one (Kumar, 2015), CNN-based one (Liu Y. et al., 2017) and gradient transfer and total variation (GTTV)-based one (Ma et al., 2016). Generally speaking, ASR, CSR and NSRCxWT belong to the scope of TDB, while the other four methods are SCB ones. In order to guarantee the objectivity during the whole process of simulation experiments, the free parameters of the seven methods used to be compared are all set as the original references reported.



Objective evaluation metrics

As is well known, it is one-sided for us to evaluate the fusion performance only by subjective inspection. The objective quantity evaluation also plays a significant part during the whole process of image fusion. In Liu et al. (2012), the 12 metrics which are recently proposed and typical are fully analyzed and discussed. On the whole, they can be categorized as four types, namely information theory-based metrics, image feature-based metrics, image structural similarity-based metrics, and human perception inspired fusion metrics. In this paper, four metrics each of which is from four different types above respectively are selected to perform the objective evaluation on the final fused results, including spatial frequency (QSF) (Zheng et al., 2007), Piella's metric (QPiella) (Piella and Heijmans, 2003), mutual information (QMI) (Hossny et al., 2008), and Chen-Varshney metric (QCV) (Chen and Varshney, 2007).



Experiments on gray and color source images

From the modality perspective, the source images are of six different combinations as follows.

• Pair I (MR-T2 and MR-T1)

• Pair II (CT and MR-T2)

• Pair III (MR-PD and MR-T2)

• Pair IV (CT and MR)

• Pair V (MR-T2 and SPECT-TI)

• Pair VI (MR-T2 and SPECT-Tc)

The fusion results based on the eight different methods are shown in Figure 8.


[image: Figure 8]
FIGURE 8
 Fusion results based on eight different methods. (A) ASR, (B) CSR, (C) NSRCxWT, (D) GFF, (E) CBF, (F) CNN, (G) GTTV, (H) Proposed.


As for the fused results on Pair I, the ASR-based and CBF-based methods suffers from poor contrast. A great deal of artifacts can be easily found in the fused image based on CSR. Besides, the information of the source images doesn't obtain a fully expression in the fused images based on GFF, CNN and GTTV (please see the red rectangles), which is very unfavorable to the lesion detection and localization. In comparison, the fused images based on NSRCxWT and the proposed one have much better visual performance. In Pair II, a striking comparison can be easily observed that the outline information in Figure 7C is not adequately described by the other seven methods except the proposed one. In other words, the bright white outline is supposed to appear continuously and obviously in the fused image. As to Pair III, the center-right region can be used as a reference (see the red rectangles). The fused images based on ASR, GFF and GTTV have a relatively low contrast level. What is worse, some artifacts even appear in the fused results based on CSR and CBF. Compared with the above five methods, NSRCxWT, CNN and the proposed one all have satisfactory visual performance. However, through careful observation, it can be found that the proposed method has more superiorities over other two ones in terms of the image texture and the information representation. In Pair IV, the original information of the source CT image is almost lost in the fused images based on ASR, CNN and GTTV. In the fused image based on NSRCxWT, there is also an obvious lack of the source MRI information (see the red rectangles). Similarly, the information locating at the bottom right corner in the CBF-based result is also missing. A terrible indented edge can be noticed in the fused result based on CSR (see the magnified region in the upper right corner). Compared with the other six methods, GFF and the proposed method have much better visual performance, but the latter owns much clearer contours than the former, which can be found in the red rectangles. The experiments on Pair V and Pair VI involve the fusion between the gray image and the color one, and their fused results are also in color. Compared with the gray counterparts, color images are able to offer much more information with no doubt. Pair V describes the case of anaplastic astrocytoma. The significant lesion regions obtain better descriptions in the fused image based on the proposed method than other ones. Pair VI addresses another case. Here, for sake of distinguishing the differences among the eight methods, two regions are selected as the references to evaluate the fusion performance (see the red rectangles). Based on the eight fused images, the information of the corresponding regions is not fully described by ASR, GFF and GTTV. What is worse, in the right red rectangles, the artifacts can be observed in the fused images based on CSR, NSRCxWT, CBF and CNN. In comparison with other seven methods, the two regions in the fused image based on the proposed method are much better described.

Of course, there may be individual divergences during the evaluating process. To this end, the four metrics mentioned in subsection B are used to evaluate the fusion effects from more balanced and objective perspectives, and the numerical results are reported in Table 1, in which the value shown in bold in each row indicate the best result among the eight methods. Obviously, as for the first three metrics QSF, QPiella and QMI, the proposed method is almost always ranked the first. Owing to the special mechanism of GTTV, its QCV value is abnormal.


TABLE 1 Objective evaluation on the fused images based on different methods.

[image: Table 1]



Applications of the proposed method in other types of source images

Different types of images often have diverse characteristics. In order to verify and evaluate the comprehensive performance of the proposed method, extensive investigations on its usage in other types of source images are conducted in this subsection. Here, another two types of source images are selected, namely a pair of multi-focus source images and a pair of visible and infrared source ones, which are denoted by Pair VII and Pair VIII, respectively. These two pairs of source images are shown in Figure 9.


[image: Figure 9]
FIGURE 9
 Another two types of source images. (A) Left-focus source image, (B) Right-focus source image, (C) Infrared source image, (D) Visible light source image.


Apart from multimodal medical images, multi-focus images, gray and infrared images are also research hotspots in the field of image fusion. Therefore, these typical types of images are selected as the source images, and the corresponding fusion results are shown in Figure 10. In addition, the objective evaluation results are reported in Table 2. As can be observed, the fused images based on the proposed method are of satisfactory quality.


[image: Figure 10]
FIGURE 10
 Fusion results on two pairs of source images with eight different methods. (A) Fusion results on Pair VII (from left to right: ASR, CSR, NSRCxWT, GFF, CBF, CNN, GTTV, Proposed). (B) Fusion results on Pair VIII (from left to right: ASR, CSR, NSRCxWT, GFF, CBF, CNN, GTTV, Proposed).



TABLE 2 Objective evaluation on the fused images based on different methods.
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Average running time of the proposed method

Typically, the visual effect as well as the metric values seems to be the focus of our attention. However, in the practical situations, the computational cost especially the average running time is also a very important factor we are interested in. In this subsection, the experimental results on Pair I are taken into consideration.

The hardware platform concerning the experiments above is as follows. A computer is equipped with an IntelCore i7-7700 3.60 GHz CPU and 16 GB memory. Besides, a GPU module GTX1060 is also employed here. All the simulation experiments are performed with matlab 2014b. In order to guarantee the objectivity of the experimental results, the same experiments are performed thrice via the proposed method, and then the average running time is calculated to be the final result. The statistics show that it only takes 1.32 s to achieve the final fused image via the proposed method, which is perfectly acceptable to the applications of the lesion detection and localization.



Discussions on the potential research directions of the proposed method

Although the proposed method is proved to be effective to deal with the fusion issue of the multimodal medical images, it doesn't mean that there is no room for development of CNN theory. On the contrary, lots of researches and investigations are still required to be done in the future. To the best of our knowledge, the following several points are worth researching.

• Optimization of CNN architecture. It is well known that the birth of CNN is of epoch-making significance of the milestone for the area of image processing. However, the traditional CNN architecture has its own inherent drawbacks, which has been mentioned in Related work section. Therefore, the further researches on the optimization of CNN architecture are very necessary. On the one hand, CNN is a representative model in the deep learning field. The relation between the network depth of CNN and the final performance is always an interesting and meaningful topic. On the other hand, in this paper, the introduction of another theory is proved to be effective to overcome the above drawbacks of CNN to a certain extent, so the combination between CNN and other theories could be the future direction of development.

• As other typical fusion methods, the main structure is commonly composed of fusion models and fusion schemes. These two parts both play an instructive role in the whole process of image fusion. As for the fusion models, it has been involved in (a). Similarly, the investigations on the fusion schemes should also be emphasized in the future.



Limitations of the proposed method

Despite its effectiveness, the proposed method also has its inherent limitations as follows.

Firstly, due to the nature of deep learning, the size of the training datasets determines the performance of the proposed method to a large extent. However, compared with the current well-known image datasets, the size of the medical image datasets suitable for training is usually small, so that the learning ability of the proposed network is limited. To solve this problem, the deep cooperation with domestic and foreign well-known medical institutions is necessary, and the construction of large medical image database is expectable.

Secondly, as the important component, ELM can significantly improve the execution efficiency of the proposed method, but its nonlinear representation ability is not well. Therefore, how to improve the classical ELM to optimize the representation ability of nonlinear features becomes a research direction in the future.




Conclusions

In this paper, a novel fusion method called CELM is proposed to deal with the fusion issue of multimodal medical images. CELM combines the advantages of both CNN and ELM. Compared with other typical fusion methods, the proposed one has obvious superiorities in terms of both subjective visual quality and objective metric values. In addition, the potential research directions of the proposed method are also given and discussed, the contents of which will be the emphasis of our next work in future.
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