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Abstract
Medical image fusion can effectively combine different images with different
parts and complements each other, which is a hotspot in image processing.
However, the medical image acquisition equipment usually obtains single
image, so it is unable to use dataset to train convolutional neural network to
extract stable image features. This paper proposes an approach using the
Transfer Learning combined with the Limited Broyden, Fletcher, Goldfarb,
and Shanno (L-BFGS) optimization algorithm to achieve single medical image
fusion. The Transfer Learning which includes pre-trained model and parameters can be used as a feature extractor to extract or compress features in medical images. Firstly, different single medical images were input into the trained
VGG16 Transfer Learning parameter model to extract image features, and then
the maximum features between different images were obtained through feature comparison. Finally, L-BFGS optimization algorithm is used to approximate the initial image features to the maximum features, to achieve the fusion
effect (the initial image can be any image of the same size and depth as the
source image). The experimental results show that the algorithm is effective
and very suitable for medical image fusion.
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1 | INTRODUCTION
Medical image fusion refers to image processing technology
that combines multiple images obtained by different imaging devices or the same imaging device into one image at
different times, such as X-ray, ultrasound, CT, MRI, nuclear
Int J Imaging Syst Technol. 2021;1–11.

medicine image (SPECT, PET), etc.1 Due to the difference
in imaging equipment and imaging principles, different
imaging techniques have different morphological and functional information obtained from the same anatomical
structure of the human body, and complement each other.
With the continuous advancement of computer technology,
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medical imaging technology and digital image processing
technology, medical image fusion technology has been
widely used in the development of clinical diagnosis and
treatment programs. Through the fusion of graphic images
of CT, PET, MRI, and other modalities, it will help to
improve the accurate diagnosis of diseases and the accurate
location of diseased tissues, which can provide a reliable
diagnosis of the disease for the doctor or an accurate treatment plan for the disease.2,3
At present, image fusion technology is mainly divided
into three levels: pixel level, feature level, and decision
level. Pixel-level fusion is a commonly used fusion
method, which can be regarded as only feature extraction
of information and direct use of spatial domain pixel for
fusion, such as pixel weighted averaging algorithm,4 IHSBased fusion,5 PCA fusion,6 etc. The calculation speed of
pixel fusion is fast, but it cannot be satisfied with medical
diagnosis that requires high fusion accuracy. Featurelevel image fusion technology is a hotspot in the field of
image research. By multi-scale and multi-resolution
transformation of images to obtain the coefficients of
each layer after image decomposition, then the fusion is
performed, for example: Laplacian pyramid fusion,7
Wavelet Fusion,8 Coutourlet fusion,9 and so on. Decision-level image fusion according to the specific requirements of the proposed problem, the feature information
of the feature-level image is directly determined
according to certain criteria and the credibility of each
decision (the probability of existence of the target). The
decision-level image fusion algorithm mainly includes
Bayes statistics decision theory,10 DS evidence theory,11
artificial intelligence (AI),12 etc. With the rise of deep
neural network research, many researchers have begun
to apply convolutional neural network technology to the
field of image fusion. Huang et al. proposed using the
pulse-coupled neural network (PCNN) for image
fusion.13 The image was decomposed into blocks for
Laplacian feature calculation, and then input to the
coupled neural network for fusion. Dong et al. improved
the PCNN and proposed memristor-based PCNN
(MPCNN), in order to verify the effectiveness and generality of the presented network,14 which can applied into
the multi-focus image fusion problem.14 Du et al. proposed deep support value convolutional neural network
for multi-focus image fusion, which is employed in all
conventional CNN frameworks to reduce the dimensionality of the feature map, is replaced by standard
convolutional layers with a stride of two.15 Liu et al.
address this problem with a deep learning approach,
aiming to learn a direct mapping between source
images and focus map.16 Tang et al. proposes a pixelwise convolutional neural network (p-CNN) that can
recognize the focused and defocused pixels in source
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images from its neighborhood information for multifocus image fusion.17,18 As deep neural networks continue to develop in the field of image fusion, the effects
of image fusion are constantly improving. However, at
present, almost all of the CNN image fusion algorithm
need to classify and identify the focused part and the
defocused part of the images, and then conduct fusion
according to the special algorithm. Therefore, the CNN
image fusion requires high redundancy of fusion
source images, and the fusion effect is not ideal
between images with low redundancy.
As the collected medical image is usually a single
image with low redundancy level, it is impossible to
train with the convolutional neural network to obtain
stable models and characteristic parameters. Therefore,
the convolutional neural network has been a research
difficulty in the field of image fusion. This paper is the
first application of Transfer Learning deep neural network and L-BFGS optimization algorithm in the field of
medical image fusion. We uses the Transfer Learning
method to extract the features of a single medical image
through the pre-trained VGG1619,20 stable model. Here
we only use the convolutional layer of the pre-trained
VGG16 model to extract the features, and discard the
later full connection layer and classification layer. The
parameters of the pre-trained VGG16 model include
weight-w and deviation-bias, which can identify 1000
types. It can accurately extract various features of medical images. The features extracted from the pre-trained
VGG16 Transfer Learning model are the ultimate target
of fusion, which can be approached through the L-BFGS
optimization algorithm. We initially input different registered medical images and initial images (the initial
image can be any image of the same size and depth as
the source image) into the pre-trained VGG16 Transfer
Learning network for convolution and pool feature
extraction, and extracting the features of different medical images according to the maximum value in the same
convolution layer. Then the features of initial image and
medical images in the same convolutional layer are calculated by Loss and gradient. Finally, the L-BFGS optimization algorithm is used for iterative optimization.
Through the falling of the Loss and the gradient, the features of the initial image are approached to the most
obvious features of the source medical images. After a
certain number of iterations, the Loss drops to a certain
stable value, meanwhile the initial image can effectively
approach to the best features of the different source
medical images. By using Transfer Learning and LBFGS optimization Algorithm, we can realize the fusion
of any two medical images without training set, which
will quickly complete the accurate diagnosis of the disease and the accurate positioning of the diseased tissue.
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2 | METHODS
2.1 | Transfer Learning
Transfer Learning is ability of a system to recognize and
apply knowledge and skills learned in previous domains/
tasks to novel domains/tasks.21 It applies the knowledge or
patterns learned in a field or task to different but related
fields or problems. In 2014, Bengio et al.22 research the transferability of various layer features in deep learning. When
deep learning is applied in the field of image processing, it is
observed that the features extracted in the first-layer are basically similar to Gabor filters and color blobs. Usually, the
first layer is not particularly related to the specific image data
set, while the last layer of the network is closely related to
the selected data set and its task goals, as shown in Figure 1.
We usually refer to the first-layer of features as general features and the last layer as specific features.

F I G U R E 2 The gradient ascent process of by L-BFGS
optimization algorithm [Color figure can be viewed at
wileyonlinelibrary.com]

2.2 | L-BFGS optimization algorithm
The BFGS algorithm is a quasi-Newton method that is
proposed by four people, Broyden, Fletcher, Goldfarb,
and Shanno, so it is called BFGS correction, which has
global convergence and super linear convergence speed.23
The L-BFGS algorithm is an abbreviation of limited
BFGS, which is an algorithm for solving function roots
based on Newton's method.24 L-BFGS also uses the gradient descent method to solve the optimal solution problem, and obtains the optimal solution through a large
number of iterations. Usually comes down to minimizing
a multivariate function p(x), as formula (1):
x  = argminpðx Þ
F I G U R E 1 Layer n at which
network is chopped and retained [Color
figure can be viewed at
wileyonlinelibrary.com]

ð1Þ

The input x is a high-dimensional vector, which is the
model parameter, and x* is the best model parameter.
The approached process from x to x* by L-BFGS optimization algorithm is shown in Figure 2.
Newton's method is to approximate f with a quadratic function near point x n , and the inverse of the
Hessian matrix must be calculated. For many functions, the Hessian matrix may not be calculated at all.
The quasi-Newton method uses a strategy called
Quasi Update to generate an approximation of H n− 1 ,
replacing it with an approximate value.25 The idea is as
follows:

4
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Algorithm 1
QuasiNewton(f,x0,H 0− 1 ,QuasiUpdate)
for n=0,1...(until converged) do
//Compute search direction and step-size
d = H n− 1 gn
α minf ðx n − αdÞ
α≥0

//Store the input and gradient deltas
r f(xn + 1)
gn + 1
xn + 1 − xn
sn + 1
yn + 1
gn + 1 − gn
Update inverse hessian 

H n−+1 1 QuasiUpdate H n− 1 ,sn + 1 ,yn + 1
end for

which includes the feature image of the dimension. The
convolutional layer feature of the image can be expressed
as, formula (2):
F ðx,yÞ =

X

convn ð f ðx, yÞÞ

where F(x, y) represents the feature after the image has
been convolved; convn is the convolutional layer of the n
dimension, and f(x, y) represents the input image.
After calculating the image features by the VGG16
convolutional layer, we need to extract the maximum features of the source medical image. At present, there are
many ways to extract features, here we use the commonly
used maximum value, such as formula (3):
FusionA,B ðx, yÞ = max ðF A ðx, yÞ, F B ðx, yÞÞ

In this paper, f can be replaced by Loss; x0 is
finitial(x, y); gn is the gradient expressed by Grad of formula (4).

2.3 | Fusion model based on Transfer
Learning and L-BFGS optimization
algorithm
In this paper, Transfer Learning reuse a pre-trained deep
learning model for feature extraction of medical images. At
present, there are many pre-trained deep learning models
architecture, such as Dark-Net, VGG16, ResNet, etc.
According to Bengio's discovery, there is little difference in
the transferability of the first few features of Transfer Learning under different network structures. This paper choose
to use the more mature VGG16 architecture as Transfer
Learning model to extract the feature of medical images.
Through Transfer Learning, the convolutional layer and
pooling layer of the pre-trained VGG16 model are used to
extract the features of the images, and the L-BFGS algorithm is used as a loss and gradient optimization function
to approximate the maximum feature extracted from the
medical images, the flowchart is shown in Figure 3.
Figure 4 shows the image feature structure in one of
the VGG16 Transfer Learning convolutional layers,

ð2Þ

nDim

ð3Þ

FusionA, B(x, y) presents the most obvious feature of the
source medical image and is also an approximation object
of the fused image.
Here we need to calculate the feature gap between
the maximum feature of the source medical image
FusionA, B(x, y) and the initial image Finitial(x, y) as the
approximation target in formula (4):


Loss = sum ½FusionA,B ðx,yÞ−F initial ðx,yÞ2

ð4Þ

Equation (5) is the gradient between the initial image
and source medical images. The gradient (Grad) can be
obtained by the Loss derivative of finitial(x, y). It returns a
list of tensor of length finitial(x, y).
Grad =

∂Loss
∂f initial ðx, yÞ

ð5Þ

Here we can flatten the finitial(x, y) image into a onedimensional vector, and finitial(x, y)* is the desired target
effect. Equation (1) here we can evolve into formula (6):
pð f initial ðx,yÞÞ
f fused ðx, yÞ = arg min
x

F I G U R E 3 The fusion process of
Transfer Learning and L-BFGS
optimization algorithm

ð6Þ
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F I G U R E 4 Image features of
VGG16 Transfer Learning
convolutional layer [Color figure can
be viewed at wileyonlinelibrary.com]

finitial(x, y) is converted to the Finitial(x, y) feature by the
Transfer Learning VGG16 model. The ffused(x, y)* optimal
solution feature is FusionA, B(x, y), and the approximation
process of Equation (6) can be expressed as Finitial(x,
y) ! FusionA, B(x, y) feature approximation process.
L-BFGS Optimization approximate the optimal solution
by the Loss dropping. The Loss is computed by the difference of Finitial(x, y) and FusionA, B(x, y). It is calculated
from Loss and finitial(x, y).

3 | R ES U L T S A N D D I S C U S S I O N
This experiment was developed using the Python 3.6 and
Tensor Flow 1.3 platform. CT, PET, SPECT, and MRI
medical images are single registered grayscale images
acquired by medical imaging devices; the initial image
can be any image of the same size and depth as the
source image. In order to compare the visual effect, our
initial image is mixed by raw images through the blend
function of TensorFlow. By analyzing the fusion results
of each convolution layer and the Loss variation process,
we proved the effectiveness and superiority of the model.
Finally, we compare and analyze the fusion results with
the currently popular fusion algorithms, such as multifocus CNN fusion,26 wavelet fusion algorithm,27 and
Contourlet fusion.28
In order to demonstrate the changing process of Loss
by using convolutional neural network and L-BFGS optimization algorithm, we decompose the single raw images
and initial image into the conv2_1 convolution layer
under the VGG16 Transfer Learning model. Then, the
feature approximation is performed in the conv2_1 layer
by L-BFGS optimization algorithm. The Loss change process of the fused image feature and CT image and MRI
image feature is shown in Figure 5. The paper refers to

the model parameters of Gatys L about Image style transfer using convolutional neural network.19 The model was
set to five iterations of the VGG16 model. Ten iterations
of L-BFGS optimization are performed after each VGG16
iteration. From Figure 5 we can see that after iteration,
the Loss shrinks and finally converges, which proves the
validity of the model. The change process of Loss indicates that the features of the fused image have been
approximated to the maximum extent of the raw medical
image's features.
In Figure 6, we send the single CT image, MRI image,
and initial image into the VGG16 Transfer Learning
model for feature extraction, and show the feature images
and fusion results under three different convolutional
layers. From Figure 6, we can see that in the conv1_1
layer, VGG16 performs convolution feature extraction on

F I G U R E 5 The Process of Loss changing in conv2_1 by
L-BFGS optimization [Color figure can be viewed at
wileyonlinelibrary.com]
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F I G U R E 6 The convolution feature of CT, MRI, Blend images in VGG16 Model and the fusion result of Conv1_1 layer, conv2_1 layer
and conv5_3 layer

CT, MIR, and initial images, and extends the dimension
of the image to 64 layers. The feature representations in
each dimension are different. After a pooling operation,
VGG16 transitions to the conv2_1 layer. At this time, the
size of the image is reduced to half of the original size,
but the dimension is expanded to 128 dimensions.
Through this pooling, the obvious features of the image
are strengthened, and usually lost some not obvious features, but the visual effect of the image after the overall
fusion is ok. In the last layer of conv5_3 in the VGG16
model, we can see that the image becomes 12 × 12 × 512.
The VGG16 model only retains the most obvious features
of the CT image and the MIR image, which makes it easy
to identify the classification, but the image features are
too small for the fusion, so the visual effects of fusion is
not very ideal.

The VGG16 Transfer Learning model consists of
13 convolutional layers, five pooled layers and fully
connected layers. We removed the fully connected
layer here, and only used the VGG16 model's 13 convolutional layers to perform fusion analysis by the features extracted. Figure 7 shows the fusion results from
the conv1_1 to conv5_2 layers. From the visual analysis, the result of image fusion is worse as it goes to the
subsequent convolutional layer. This is related to the
continuous pooling of VGG16 and the feature
reduction.
Table 1 provides an objective analysis of the fusion
results for the conv1_1 to conv5_3 layers, including SF,
29-32
The spatial frequency (SF) is an evaluaMI, and M xy
F .
tion index of the fused image. The larger the SF value,
the clearer the image, such as formula (7).
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FIGURE 7
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The fusion results of each convolution layer from conv1_1 to conv5_2

T A B L E 1 The index of
performance evaluation in each
convolution layer from conv1_1 to
conv5_2

Conv1_1

Conv1_2

Conv2_1

Conv2_2

Conv3_1

Conv3_2

Conv3_3

SF

22.8806

20.3391

20.9484

20.3990

19.9464

19.1515

18.8915

MI

2.4485

2.4776

2.4811

2.4426

2.3417

2.3258

2.3232

M xy
F

0.2389

0.2427

0.2409

0.2389

0.2313

0.2327

0.2332

Conv4_1

Conv4_2

Conv4_3

Conv5_1

Conv5_2

Conv5_3

17.6339

16.1572

15.7196

14.1897

13.2032

12.0859

2.2079

2.1668

2.1333

2.1110

2.1417

2.1964

0.2208

0.2157

0.2097

0.2060

0.2085

0.2157

Note: The significance of the bold values are the best values for index of performance evaluation.

P
SF =

xX, yY

P

½f ðx,yÞ−f ðx, y −1Þ2 +

½f ðx − 1, yÞ− f ðx, yÞ2

xX,yY

X ×Y

image, and the better the fusion effect, formulas (8)
and (9).

ð7Þ
I ðX, Y Þ =

X
x,y

Mutual information is an evaluation index of the relationship between the fused image and the source image.
The larger the mutual information, the richer the information obtained from the source image of the fused

FIGURE 8

Fusion results’ comparison of CT and MRI images

pXY ðx, yÞlog2

pXY ðx, yÞ
pXY ðx ÞpXY ðyÞ

MI = I ðF,X Þ + I ðF, Y Þ

ð8Þ

ð9Þ
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TABLE 2
algorithm

The index of performance evaluation of different

Wavelet

Contourlet

CNN Fusion

L-BFGS
CNN

SF

20.3347

20.8374

16.2660

20.3391

MI

2.4138

2.4357

2.2465

2.4776

M xy
F

0.2319

0.2417

0.2248

0.2427

M xy
F is a mutual information improvement indicator. The
literature 24 believes that the larger its value, the better
the image fusion effect. H(X) is the entropy of the
image, and the calculation is as shown in formulas (10)
and (11).
M xy
F =

I ðF,X Þ
I ðF, Y Þ
+
H ðF Þ + H ðX Þ H ðF Þ + H ðY Þ

H ðX Þ = I ðX, X Þ =

X
pðx Þlog2 pðx Þ

ð10Þ
ð11Þ

x

From the statistical results of the objective evaluation
indicators in Table 1, the index results of conv1_1,
conv1_2, and conv2_1 are the most ideal. The more backward of convolution layer in VGG16 model, the worse
the image fusion effect indicator.
Figure 8 is a comparison of our algorithm (Transfer
Learning and L-BFGS) to the Multi-focus CNN fusion,25
Wavelet fusion,26 and Contourlet fusion.27 The wavelet
fusion and Contourlet fusion all use four layers of

FIGURE 9

decomposition, high frequency region 2 × 2 region feature fusion, low frequency portion using average fusion
method. Multi-focus CNN fusion uses its own CNN network structure and trained network weights and biases
for fusion. L-BFGS CNN uses the fusion effect on the
conv1_2 layer to compare with other algorithms.
According to the visual effect, the wavelet fusion and
Contourlet fusion are close to that of L-BFGS CNN algorithm. Multi-focus CNN fusion image has more edge
information loss, which is related to the source images.
Multi-focus CNN fusion requires two images with high
redundancy, but CT and MIR images are complementary
information, and the redundancy between images is low,
so the effect of medical fusion is poor. Table 2 shows the
objective evaluation indicators of the fusion effect. From
the index analysis, L-BFGS CNN has the highest M xy
F and
the most MI information, but the Contourlet fusion spatial frequency (SF) value is better.
Figure 9 shows the fusion effect of CT and PET
images; Figure 10 is another set of SPECT and MRI
images. Both CT and MRI images have grayscale characteristics, but PET and SPECT are color images. If they
are directly fused, color change will occur, so we unified
them to grayscale for fusion. Figure 9A is a grayscale CT
image, which is sensitive to bone response, and
Figure 9B is a PET image that reflects the metabolism of
the lesion. Through the comparison of different implementation results of Figure 9C–F, we can see that
Figure 9F retains the most image information of
Figure 9A,B, and in the brightness of image clarity is
obviously better than other experimental results.

Fusion results’ comparison of CT and PET images [Color figure can be viewed at wileyonlinelibrary.com]
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FIGURE 10

Fusion results’ comparison of SPECT and MRI images

T A B L E 3 The index of performance evaluation of CT and PET
images fusion

Wavelet

Contourlet

CNN Fusion

L-BFGS
CNN

SF

28.2223

29.5496

25.4856

32.5388

MI

2.0645

2.4237

1.4521

M xy
F

0.2353

0.2763

0.1356

T A B L E 4 The index of performance evaluation of SPECT and
MRI images fusion

Wavelet

Contourlet

CNN Fusion

L-BFGS
CNN

SF

18.6384

25.7620

26.4668

27.0844

2.4926

MI

1.6031

1.7447

1.4077

1.8286

0.3458

M xy
F

0.2281

0.2329

0.2145

0.2538

Through the index of performance evaluation of different algorithm in Table 3 about CT and PET, we can also
see that the index results of using Transfer Learning and
L-BFGS Optimization Algorithm are significantly better
than other algorithms. Figure 10A is an MRI image,
which compares the intensity changes of different tissues; Figure 10B is a SPECT image, which mainly realizes metabolic imaging. Figure 10B after grayscale still
retains the main information of the SPECT image. The
experimental results of different algorithms in
Figure 10C–F show that figure (f) retains the most

abundant image information in Figure 10A,B. The index
of performance evaluation of SPECT and MRI images
fusion in Table 4 proves the advantages of using Transfer Learning and L-BFGS Optimization Algorithm.

4 | CONCLUSION
Medical imaging usually uses different equipment to capture images of the same part, and they are characterized
by different information and complement each other. At
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present, the traditional wavelet fusion, Contourlet and
other spatial transform fusion effects do not satisfy the
current medical requirements. CNN fusion requires data
collection to be trained in advance. In this case, this
paper proposes the application of Transfer Learning and
L-BFGS optimization algorithm in medical image fusion.
Without pre-training, the well-trained Transfer Learning
model is used to extract the image features of different
medical images; then the L-BFGS optimization algorithm
is used to approximate the learned initial image features
to achieve the purpose of image fusion. Through a set of
CT, MRI, PET, and SPECT image fusion experiments
show that the Transfer Learning and L-BFGS optimization algorithms are significantly better than wavelet
fusion, Contourlet fusion and CNN fusion algorithms. In
the future, we will optimize the L-BFGS approach to the
target design, so as to achieve a better fusion effect, and
at the same time solve the problem of color deviation
between grayscale and color images fusion.
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