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Abstract

Recently, deep learning has high popularity in the field of image processing due to its unique
feature extraction property. This paper, proposes a novel multi-layer, multi-tier system
called Multi-Layer Intelligent Image Fusion(MLIIF) with deep learning(DL) networks for
visually enhanced medical images through fusion. Implemented deep feature based multi-
layer fusion strategy for both high frequency and low frequency components to obtain more
informative fused image from the source image sets. The hybrid MLIIF consists of VGG-
19, VGG-11, and Squeezenet DL networks for different layer deep feature extraction from
approximation and detailed frequency components of the source images. The robustness of
the proposed multi-layer, multi-tier fusion system is validated by subjective and objective
analysis. The effectiveness of the proposed MLIIF system is evaluated by error image cal-
culation with the ground truth image and thus accuracy of the system. The source images
utilized for the experimentations are collected from the website www.med.harvard.edu
and the proposed MLIIF system obtained an accuracy of 95%. The experimental findings
indicate that the proposed system outperforms compared with existing DL networks.

Keywords Medical image fusion - Activity level map - Block based average operator -
[1-norm - VGG-19 - VGG-11 - SqueezeNet

1 Introduction

Off late, processing with the medical images has become an interesting field of research,

with significant advancement in technology and instruments because of its crucial involve-
ment in the health sector. The information from various perspectives about human organs
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is provided in areas of imaging in several medical modes, such as magnetic resonance
imaging (MRI), positron emission tomography (PET), computed tomography (CT), and
single-photon emission computed tomography (SPECT) [12, 22, 27] etc. CT represents the
bone structure contour and complex bone structures, but without soft tissue characterization
and lacks in identifying changes in physiology [1]. The MRI, more precisely represent the
normal and abnormal structures of soft tissues of heart, brain, and eyes [23]. Detailed infor-
mation about organ metabolism and blood supply in brain tissues is provided by PET images
[23]. CT and MRI are usually paired with PET for details of anatomy and metabolism.
SPECT discloses details about the functionality of the blood vessels [23]. Every category,
therefore, possesses its characteristics, and the optimum solution is obtained by combining
various modal images to attain the required details in a single image [3]. Fusion algorithms
are the research focus topic in this field, to obtain better fused images while retaining input
information. The goal of multimodal image fusion is to collect and disclose imperceptible
information to humans in different modes [15]. A multi-modal fusion of medical images
is the combination of various modality images and involves a variety of techniques dealing
with medical problems depicted in organ images [25].

The fusion of medical images is typically performed in three phases i.e. pixel level,
feature level, and decision level. Information related to the pixel intensity is the pixel level
fusion [6]. Extracts different attributes like color, edges, and textures from the images, and
then incorporated them into the final image in feature level [2]. The decision level is the
highest level of fusion and deals with the initial identification and categorization of the
fusion algorithm [33].

In the past three decades, image fusion analysis was the topic of discussion about sig-
nificant social advantages [24]. The principal concern in the algorithms for image-fusion
is the computation of a weight map that integrates information from various source modes
to generate a final fused image. The study is focused on hand-craft features in traditional
fusion methods that are very susceptible and effortlessly impacted by misalignment and
noise. Therefore, its supremacy can not be developed as a robust method for extracting and
fusing information at the activity level. Some DL approaches aim to explicitly and automat-
ically learn from raw data without using manually developed features to achieve meaningful
representations and features. However, data from health care are rising exponentially in the
current scenario and can be very useful to evaluate and predict the same DL-based methods.
Multi-spectral face image fusion carried out with discriminative deep feature learning [30,
31]. When the neural networks started working on superior methods on various levels of
prioritized image analysis in computer vision science, the deep learning approach became
an outstanding model. In the medical field, the importance of deep learning has begun with
the introduction of the CNNs [17] and is helpful approach in learning essential image char-
acteristics & other structured information. From the “content” image, generated image, and
“style” image, VGG-network extracts [29] deep features at various layers. Iteration mini-
mizes distinctions in profound characteristics from images and input images generated. But
the discussed method based on VGG-network is extremely slow at execution on GPU sys-
tem. A feed-forward network has been suggested to overcome these drawbacks to address
the optimization in the real-time problem of the above [5]. Every network is connected with
a fixed style based on feed-forward network. The networks with VGG network and adap-
tive instance normalization are limited in use of multi-layer network features [5, 9]. Later
ImageNet trained fixed VGG-19 [29] is proposed to extract the parameters or features [20].

The main key feature of fusion is to help doctors and radiologists in diagnosis and treat-
ment. The fusion of two or more medical images helps to obtain all the information in the
source images into a single image, that are acquired from various sensors. The deep feature
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based multilayer fusion strategy for both high frequency and low frequency components
helps to obtain more informative fused image from the source image sets. VGG-11 and
VGG-19 are good at detecting high-level features like edges, patterns, etc. A model with
SqueezeNet can provide more accuracy and lesser storage space. It is able to extract more
information compared to single-layer fusion with multilayer fusion. All these parameters
encouraged to propose of a multi-layer, multi-modal fusion of medical images.

Taking account of the above fact, the most appropriate pre-trained frame for multimodal
image fusion to improve image quality is considered in this work. The aim and motivation
of the research is to achieve the following:

—  Analyze, compare and identify the best-supported Deep Neural Network(DNN) for the
novel MLIIF system with identified medical image data sets for existing pre-trained
Squeezenet, Alexnet, VGG-11, VGG-13, VGG-16 and VGG-19 systems and other
exiting published works.

— To achieve a visually enhanced & informative fusion quality, develop a multi-layer
framework for medical images.

— The modal was quantitatively evaluated (13 performance measurements) with five dif-
ferent pairs of publicly available medical images to determine the robustness of the
system. The system’s effectiveness is identified by the calculation of the error image
and accuracy of the model.

The contributions of this work are as follows:

— Design and implement a hybrid intelligent medical image fusion model for better
visualization and accuracy of the model.

— Implement a multilayer fusion strategy based on activity level map with 11-norm and
block based average operator for the fusion of source images.

— Identification of most suitable locations in the layer for the existing pre-trained Alexnet,
VGG-19, VGG-16, VGG-13, VGG-11, and identify the best models among them for
the proposed MLIF system.

— The proposed method is compared with existing pre-trained DNN(Deep Neural Net-
work) such as Alexnet, VGG-19, VGG-16, VGG-13, VGG-11, and Squeezenet with
MLIIF to observe the image interpretation and enhanced medical image information
obtained by the fusion.

— To prove the state-of-art, the proposed MLIIF system is compared with published
works.

— The robustness of the proposed multi-layer, multi-tier fusion system is validated by
subjective and objective analysis.

—  The effectiveness of the proposed MLIIF system is evaluated by error image calculation
by comparison of resultant fused image with the ground truth image and thus accuracy
of the system.

—  The main contribution of the work is to help medicos for diagnosis and treatment.

The remaining part of the work is structured accordingly. The proposed methodology is
explained in Section 2. The assessment methods are discourse in Section 3. The data set is
listed in Section 4 and the experimental results and the analyses found in Section 5. The
conclusion is in Section 6 and future scope of the work is in Section 7.
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2 Proposed methodology

The proposed MLIIF system presents a 2-tier fusion technique with various DNN to attain
the final fusion result as illustrated in Fig. 1. The system encompasses five phases, (i) Source
image decomposition (ii) Proposed fusion outline (iii)Fusion of low or approximation(LF)
and high or detailed(HF) frequency components (iv) Reconstruction of decomposed image
(v) Error detection. The outline of the entire system is as follows.

2.1 Source image decomposition

The input images are decomposed into approximation and detailed components by an opti-
mization method [19] for better time reduction and effectiveness. The input images are
assumed to be registered. The low frequency or base components, and detailed contents, Hid
are separated for each source image, I; [19]. By solving this optimization problem, the base
parts are obtained:

LY = LY agm||I; — LY|13 + A(llgx * L21F + llgy * L2117) (1)

Where,Lf’ is the low frequency or base components and agm represets argmin. The param-
eter “A” is set to 5. The horizontal operator, g =[—1 1] and vertical operator, gy
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Fig.1 Proposed block diagram
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=[—1 1]7. The high frequency component is derived by the (2),
high frequency component, Hl-d =1- Lib 2)
The decomposed images are passed to the next stage for the further fusion process.
2.2 Proposed fusion outline

In the reconstruction process, a novel framework is adopted with deep learning and multi-
layer strategy as shown in Fig. 1. The DNN models utilized in the work are VGG-19, VGG-
11, and SqueezeNet. All the models are worked with default parameters.

1. VGG-19 [4] & VGG-11 [11]: The VGG accepts decomposed low frequency and high-
frequency components as input and passes them through to a convolutionary stack
layers of filter size 3 x 3 and stride 1. The input image can be downsampled via five
maximum pooling filters embedded among convolutionary layers. The stack is accom-
panied by 3 completely linked layers, each of which comprises 4096, 4096, and 1000
channels. The network has a 224x224 image feed. VGG-11 and VGG-19 have 11 and
19 layers respectively.

2. SqueezeNet [10]: This generates a smaller neural network with fewer features or param-
eters and is effectively transmitted via a computer network. This improvisation is 3
times faster and 500 times smaller than AlexNet. It consists of a stack of pooling lay-
ers and fire modules. The squeezing layer and expanding layer retains the same size
of the map as the former, which decreases the depth to a smaller level. Squeezing or
bottleneck layer and expansion is common in neural architectures.

2.2.1 Responsibilities of each layer of the proposed model

— The source images /1 and /2 are decomposed by (1) and (2) to obtain Lf’ , Hl.d as
illustrated in Fig. 1, where i € {1, 2}.

— In Layerl, VGG-11 is used to extract deep features from the decomposed coeffi-
cients. The deep features are fused and reconstructed by multi-layer fusion strategy as
displayed in Fig. 2 to obtain the fused image Fj.

— The fused image F is passed to Layer2 and Layer3 as a source image 1 for each
Layer.

— In Layer2, VGG-19 is used to extract deep features from the source images F; and
I. The deep features are fused and reconstructed by multi-layer fusion strategy as
displayed in Fig. 2 to obtain the fused image F>.

— In Layer3, Squeezenet is used to extract deep features from the source images Fj
and 5. The deep features are fused and reconstructed by multi-layer fusion strategy as
displayed in Fig. 2 to obtain the fused image F3.

—  The final fused image, Fj4 is obtained by the addition of F> and F3. The entire work
flow is demonstrated in Fig. 1.

2.3 Fusion of low and high-frequency components
The fusion strategy procedure for deep learning networks VGG-19, VGG-11 and
SqueezeNet for extracting deep features from LF and HF components are illustrated in

Fig. 2. The deep features of the components is extracted by VGG-11 for layer 1, VGG-19
for layer 2 and SqueezeNet for layer 3. Weight maps in Fig. 2 is obtained using multi-layer
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Fig.2 Demonstration of multi-layer fusion strategy for approximation and detailed components

fusion strategy. The fused approximation and detailed comeponents are reconstructed back
with weight maps and approximation and detailed comeponents [18].

The detailed explanation of multi-layer fusion strategy for the detailed component, Hid
as follows:

In Fig. 2 ¢/ be the feature map at k" HF component from the layer j’* and the channel
numberis n. Letn € {1,2, ..., N} and N = 64x2/~1,

Deep feature, ¢ij’n = @i(Hid) 3)

Where, @;(.) be a layer in the each layer DL network. The relu_1_1, relu2_1, relu_3_1
and relu_4_1 be represente(_l by j € {1, 2, 3, 4}.
The components of d)ij " at (x,y) position in the feature map is represented by

qbij ’l:N(x, y) and is an N-dimensional vector. After obtained the deep features, qbij " the

activity level map, Cij , calculated by /1 — norm and block based average operator. Let the
value of i € {1, 2}. The activity level measure of detailed source component be /| — norm

of ¢ij ’l:N(x, ¥). The activity level map at initial stage is calculated by:

j i, 1:N
Clee,y)y=l1¢! " (x, »Ih @)
JIIN . Jj.:N ..
where ||¢; (x, Y|l is the Iy — norm of ¢; (x, y) at (x, y) position.

From the feature map, at (x, y) position the components of qbij s ¢ij N Block-based

average operator is used to calculate final activity level map C l/ . The final activity level map
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helps to obtain a robust aligned image for fusion.

Y Y CJat+By+0)

~j _ B=—rO0=—r
iy = @r + 1)

&)

Y Y €/ atBy+o)
B=—rb=—r
(2r+1)2
angles from origin of x, y coordinate and r is the block size.

Set the block size r = 1 for robust alignment and to reduce the loss in the HF component.

where,

is the block based average operator. Where 6 and [ are the

If the block size, r, value is larger, some details may lost. In Fig. 2 Wi] be the initial weight
computed by the soft-max operator:

ij(x, y)

i ¢

Wi, y) = ———

> Clx,y)
n=1

(6)

The number of activity level maps, K=2. Wl.j (x, ) represents the initial value of weight map
ranged [0,1]. Let pooling operator stride be s=2 and always resizes to 1/s of the original
image. The map size of the feature at various levels is 1/2/ ~! times the HF component size.

After obtaining each weight map Wl.] , the weight map resizes to the source HF component
size using the upsampling operator. Compute the final weight map by using (7).

W x+p,y+q) =W (xy %)

where, p,q € {0, 1, ..., (277! — 1)} After this equation obtains four pairs of weight maps
and in each pair, initial fused HF content is calculated by (8).

K
Fje,y) =Y Wi, y)«Hi(x,y), K=2 (8)
n=1

The final fused HF content is obtained from the maximum among the four initial fused HF
content.

Fa(x,y) =max[Fdi(x,y)|i e {1,2,3,4}] )
Similarly, Low-frequency or approximation component weight map is calculated.
2.4 Reconstruction of decomposed image
The final fused image Fj is attained by the addition of F, and F3 as demonstrated in (10).
Fy(x,y) = Fa(x,y) + F3(x, ) (10)
2.5 Error detection

The error image I, or is obtained by subtracting fused image from the ground truth or
reference image as demonstrated in (11).

Lerror(x,y) = Irep (x,y) — Falx, y) an
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3 Quantitative evaluation measures

The performance evaluation is based on quantitative or objective evaluation measures for
the proposed system. The non-reference performance measures includes mutual informa-
tion(MI), entropy(Ef), standard deviation(SD), joint entropy(JE), Q_hnc, image spatial qual-
ity evalution(ISQE) [21], structural similarity index metric(SSIM), edge strength (Q-abf),
spatial frequency(SF), fusion factor(FF) and Fusion Symmetry(FS) as tabulated in Table 1.
The performance measurements based on the reference or ground truth, such as accuracy,
root mean square error (RMSE) and peak signal to noise ratio(PSNR) are described below.
The paper summarizes all relevant non-reference performance metrics used in the research.
The non-reference performance metrics used in the research is described in papers [22] and
[23]. The value of ISQE in the measured in 100’s.
The reference or ground truth based performance measures are:

1. Accuracy: The accuracy of the fused image and the ground truth images are calculated
based on MATLAB function called “bfscore”.

Accuracy = bfscore(Fused image, Ground truth image) (12)

2. Root mean square error(RMSE): It provides the amount of change per pixel between
the reference and fused image due to processing [26]. The smaller the error value, the
better is the fused image. The RMSE between the reference image and the image being
fused is provided by:

1
RMSE = WZ

i=1j

(1. 5)  1:.) )

Where I, (i, j) and I7(i, j) are the intensity value of reference image and fused image
at pixel location (7, j). The root mean square error should be lower for better quality
images.
3. Peak signal to noise ratio (PSNR): The strength of signal is displayed by PSNR [26]. A
higher value means improved fusion.
2

RMSE
where L is the number of gray level in the image.

PSNR = 2010g10[

] (14)

The non-reference performance measures that are tabulated in Table 1 are:

1. The standard deviation(SD) is an estimation of contrast probability distribution of a
picture element in the image. It is the aggregate of noise parts and signal and illustrates
the contrast in the fused image. A high disparity image would have a high SD. If the
S D is large, then the image greyscale is more scattered and the contrast is sharper. A
higher value of standard deviation shows the high contrast of the image.

2. Entropy(Ef) is a statistical measure that shows the texture information of the fused
image. The entropy of a fused image signifies the information content and denotes the
correlation between the pixels of an image. The entropy of an image may target the
difference between neighbour regions. The fused image offers more information in
higher value entropy than entropy with lower values.

3. Spatial frequency(SF) provides information about spatial deviations such as fine
details of an image, changes in edge, information about features etc. A higher value
of SF fused image will be considered as the preferred result.
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4. Fusion factor(F F) provides information about the transfer of grayscale details from
one image to another. High value F F provides more details about the image.

5. Fusion Symmetry(FS) denotes the dissimilarity with fused image and the source
images. The lowest value of F'S shows that the fused image is of better performance.

6. Mutual information (M I) depicts the total information of fused image acquired from
the input images. A relatively high value of M gives better performance than a
relatively low value of M 1.

7. Structural similarity index metric(SSIM) shows the similarity between the source
images and fused image and the range of value lies between 0 and 1. Value 1 depicts
that all information from the input images contains in the fused image. The value
nearer to 1 provides better results.

8. Image spatial quality evaluation(/ SQE) used to evaluate the image quality based on
pixel deviations between images. The low value of I SQE is preferred.

9. Edge strength (Qpr) depicts the edge details related to the fused image and supports
the human visual system. The higher value preferred in a range (0 to 1).

10. The Qhnc based on mutual information and entropy and higher value in a range (-1
to 1) is preferred.

11. Joint entropy(Joint histogram, J E) is a measurement for the uncertainty related to a
set of variables. For a digital image, entropy is a probability distribution of gray values.
If joint entropy (uncertainty of two images) is low then the similarity of two images is
high and vice versa.

12.  Fusion quality index(F Q1) provides information content transfer from source to fused
image and ranges from (0 to 1). FQI value 1 shows that all information from the
source images are contained in the fused image.

4 Data source images

The proposed model, MLIIF, was evaluated with different modality images (Neoplastic
disease of brain tumor from the whole brain atlas) as shown in Fig. 3, and are collected from
the website www.med.harvard.edu [13]. Tested with 5 sets of color images of brain organ
that consists of normal and abnormal images. All the images are of size 224 x 224 x 3 and
in GIF format. Set 1 is of MR-Gad and PET, set 2 is of MR-Gad and SPECT-T1, Set 3 is
of MR-T1 and PET, set 4 is MR-T2 and PET, and set 5 is MR-T2 and Spect. MRI images
are T1-weighted(MR-T1) and T2-weighted(MR-T2) images [23]. The following Table 2
provides is a brief description of the dataset details and the evaluation slice number of each
pair.

5 Experimental result and analysis

The proposed MLIIF system is validated and compared with the existing DNN on visual-
ization and objective assessment. In comparison to six other networks of deep learning and
four published work, the proposed work proves the efficiency of the system.

The proposed MLIIF system (Algorithm-7, A7) is compared with: (a) existing DNN and
(b) published works as follows:
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(Set 3) PET-FDG

S’

MRT-

(Set 4)

(Set 5) SPECT-T1

Fig.3 Source Images utilized for the Proposed System

—  Existing DNN networks such as VGG-19 [4] as Algorithm-1(A1l), VGG-16 [28] as
Algorithm-2 (A2), VGG-13 [29] as Algorithm-3(A3), VGG-11 [11] as Algorithm-
4(A4), AlexNet [16] as Algorithm-5 (AS5), and SqueezeNet [10] as Algorithm-6(A6).

— Published works such as AlgorithmRefered-1(Arl) [14], AlgorithmRefered-2(Ar2)
[32], AlgorithmRefered-3 (Ar3) [7], and AlgorithmRefered-4(Ar4) [8].

The proposed MLIIF system is evaluated with:

— Evaluation based on subjective assessment
— Evaluation based on error image

Table 2 Source dataset details

Dataset Modality Evaluation Slice no Images total pairs (Normal Body part
& Malignant)

1 PET/MR-Gad 12 18 Brain

2 SPECT-T1/MR-Gad 17 44 Brain

3 PET/MR-T1 63 107 Brain

4 PET/MR-T2 13 19 Brain

5 SPECT/MR-T2 33 78 Brain
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—  Evaluation based on objective assessment

—  With ground truth images
— Based on non-reference performance measures without ground truth images

—  Evaluation based on accuracy
5.1 Experimental settings

The data set information is given in Section 4. In addition, the MLIIF system proposed uses
VGG19, VGG-11 and SqueezeNet to extract deep features from LF and the HF components
using the pre-trained layers of relu_1_1,relu_2_1,relu_3_1 and relu_4_1.

The hardware configuration of the system utilized for the proposed study is tabulated in
Table 3. The test is conducted on Windows 10 operating system with Python 3.8 program-
ming language on integrated development environment PyCharm 2021.1. 1n (Professional
Edition). The machine learning libraries utilized for the proposed work is TensorFlow,
NumPy, & Matplotlib.

5.2 Evaluation based on subjective assessment

In Fig. 9, images of fusion obtained through six deep learning networks and the proposed
MLIIF system are displayed. The fusion results of published works and proposed MLIIF
system is illustrated in Fig. 10. The various fused images obtained at different layers and
sections of the proposed system, MLIIF is illustrated in Fig. 11. The fusion results of exist-
ing DNN and proposed MLIIF system is displayed in Fig. 9. In Fig. 10 the published
works with the proposed MLIIF system is displayed. It can be perceived from the yellow
window that, the resulting fused image generated by the proposed system conserves more
informative information with less noise and better visualization of parenchyma or tissue
structure. The assessment of subjective evaluation of the proposed system is validated with 5
radiologists from HCG, Bangalore and the details about radiologist are provided in Table 4.
The graphical user interphase(GUI) used for subjective evaluation is displayed in Fig. 4.
The evaluation results for the existing DNN with proposed MLIIF is illustrated in Fig. 6 and
published works and MLIIF is illustrated in Fig. 5. In the GUI, the top two images are the
source images and the corresponding fusion result is in the bottom part of the Fig. 4. The
radiologist evaluated the fused image and rated it in a range of 1 to 10. However, the algo-
rithm used for results is not known to the radiologist. From Figs. 5 and 6, “TnE” represents
the total number of evaluations carried out and “EvgE” represents the average of evalua-
tions carried out by the radiologist. The visualization of the fused image as shown in Figs. 9
and 10, indicates that the proposed MLIIF system is displaying better tissue structure and
parenchyma compared to other algorithms. The subjective evaluation result as illustrated in
Figs. 5 and 6 displays the better performance of the MLIIF system (Figs. 7, 8, 9 and 10).

Table 3 Hardware configuration

Graphics Processing Unit: 4GB NVIDIA GeForce GTX 1650 Ti
Central Processing Unit: Intel(R) Core (TM) i5-10300H CPU @ 2.50GHz
RAM size: 24.0 GB
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Table 4 Details of the radiologist

S1.No Name Age Gender(F/M) Work experience
1 Radiologist 1 53 M 25

2 Radiologist 2 35 M 6.8

3 Radiologist 3 42 M 10

4 Radiologist 4 47 F 21

5 Radiologist 5 56 M 29

5.3 Evaluation based on errorimage

The errors between the reference or the ground truth image, /,.r, and the fused image,
F4 are displayed in Fig. 11. It is observed from Fig. 11 that the proposed system fused
image, Fy, is not showing much deviation from the ground truth image for all the sets of
source images. The error image from the resultant fused image and the ground truth image
calculated provides a negligence difference. This reveals the effectiveness and robustness

of the proposed MLIIF system.

5.4 Evaluation based on accuracy

The accuracy of the proposed MLIIF system and the existing systems are calculated based
on ground truth image and comparison of the accuracy is provided in Table 8. The proposed
MLIIF system provided accuracy of 95.09% than existing DL networks even if execution

time is slightly high based on milliseconds.

Subjective Evaluation

Select Soutce mage

Select Aigonthm

A2

Fused Resul

Fig. 4 GUI utilized for subjective evaluation
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Fig. 5 Subjective evaluation of published works with proposed method. setl is MR-Gad/PET, setl is MR-
Gad/SPECT-T1, set3 is MRT-1/PET-FDG, set4 is MRT-2/PET and set5 is MRT-2/SPECT-T1
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Fig. 6 Subjective evaluation of existing DNN with proposed method. setl is MR-Gad/PET, setl is MR-
Gad/SPECT-T1, set3 is MRT-1/PET-FDG, set4 is MRT-2/PET and set5 is MRT-2/SPECT-T1
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Fig.9 Fusion results of all the datasets with existing DNN and proposed system

5.5 Evaluation based on objective assessment

The fused image assessment is performed using 11 measurements of the non-reference per-
formance as shown in the Tables 1 and 2 measures for ground truth reference as shown in
(13) and (14). The quantitative assessment outcomes of five pairs of image sets are tabu-
lated in Table 5 for existing DNN with MLIIF and Table 6 for published works with MLIIF.
In bold letters the significant results are shown in the table. JE and MI values are similar in
all the source image pairs. For each pair of sets there are no changes in JE and MI values
for the table.

The quantitative assessment analysis of every pair of data for the existing DNN and
MLIIF techniques is the following:

—  For set 1, the fused image entropy(Ef), FFSD, FQI, SF, Qnnc and ISQE are bet-
ter for the proposed MLIIF as compared to other algorithms. A higher entropy value
provides high information content in an image. A higher F F contains very robust infor-
mation from input images. Sharpe contrast in the image shows a higher SD. A high
value SF shows better details and information about the image features.Detailed infor-
mation is transferred by F Q1 from the source image to the fused image. Low values in
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(d) Ara

(a) Ar1 {b) Ar2 (c) Ar3 (d) Arda {e) MLIIF

Fig. 10 Fusion results of proposed system and published works for all the sets of images

IS QE provides the highest perception level. Information from source to fused image
is transfered by Qhnc.

— The results in set 2 are better than other algorithms, for a proposed system, provided by
the performances of Ef, SD, FF, SSIM,, FQI and FS. The structural information
of the final resultant fused image is obtained by SS/M values. Dissimilarity of the
fused final image with the source images is indicated by F'S.

— Set 3 produces better performance for MLIIF than other algorithms based on
Ef,SD,FF,SSIM, SF and Qhnc values.
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— Inset 4, Ef,SSIM,SD,SF, FF and Qhnc are shown preferred values for the
proposed MLIIF compared to existing algorithms.

— The set 5 provides better values for the MLIIF system than other algorithms in
Ef,FS,SD,SF,FF, Qppcand ISQE.

Lower RMSE values and higher PSNR values are preferred. It is observed from Fig. 8 that
A7 is showing higher PSNR values and lower RMSE for all the sets of images compared to
other algorithms.

The quantitative analysis of each pair of data with published works and the proposed
MLIIF is:

— It can be observed that fused image entropy, Ef, SD, SF, SSIM, Qhnc and FQI
for the MLIIF system proposed is better than the published works for set 1. A higher
entropy value provides high information content in an image. Sharpe contrast in the
image shows a higher SD. The SSIM provides structural information of the final resul-
tant fused image. A high value of SF deals with information about feature and details
of the image sets. The transfer rate of detailed information from the source image to
a fused image is shown by F'QI. Low value I SQFE provides highest perception level.
Qhnc transfers information to fused image from the source images.

—  The performance measurements of FF, Ef, SD, SF, FQI, Qpy and F'S for the pro-
posed system, MLIIF, provides better results than those published works in set 2
images. A higher F F contains very robust information from input images. Dissimilarity
of the fused final image with the source images is indicated by F'S.

— In set 3, significant results for Ef, SD, FF, SSIM, SF, and F QI for MLIIF than
published works.

—  Preferred values are shown by set 4 for MLIIF in Ef, SD, SSIM, FF,and F QI than
published works.

— Set 5 shows better values in Ef, SD, SSIM, FQI, and Qpy. for the MLIIF system
compared to other published works.

From the objective evaluation mentioned above, most of the performance measures are
showing better results for the proposed system MLIIF than other existing algorithms.

The advantages of the proposed system MLIIF over previously available methods are
tabulated in Table 7.

A typical way to evaluate the performance of an algorithm is by computing the theoreti-
cal computational complexity which can often be used as proxies for performance. Figure 7
displays the overall time of the existing DNN and MLIIF. On the x-axis, existing DNN
model, and MLIIF, the y-axis represents the computational complexity in millions of oper-
ations. The accuracy obtained by the algorithm is more important than complexity in the
case of medical image fusion (Table 8 and Fig. 11).

The entropy value comparison of all the sets of images is illustrated in Fig. 12. It can
be noted that the fused image entropy is higher than the source images for all the pairs
and algorithms. It is notable that for all the pairs and algorithms the fused image entropy is
higher than the source images. Better details or information are provided by the fused image
compared to individual source images. From quantitative evaluation, it is observed that most
of the values are showing prominent for the proposed MLIIF system. On the basis of all
objective and subjective assessments, the MLIIF system is robust and appears to provide
more information than existing DNN for all the image pair sets.
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Table 7 Advantages of the proposed system MLIIF over previously available methods

S1L.No Existing algorithm MLIIF

1 Pre-trained existing VGG-11 [11], The hybrid MLIIF can provide
VGG-13 [29], VGG-16 [28], more features and textured infor-
VGG-19 [4], Squeezenet [10] and mation than single DNN’s
Alexnet [16]

2 [Arl] Fractional wavelet transform Faster in computation and worked
consumes time and only single with different modality pairs. More
modality pair is experienced [14] performance measures are utilized

3 [Ar2] edge-preserving filter based Multiple fusion of the same pair
decomposition is applied for the provides more features and textures
extraction of features [32] from the source image to fused

image

4 [Ar3] CNN is applied only for the Faster in computation and worked
HF components which are obtained with different modality pairs

by the NSST decomposition. This
work is time-consuming and expe-
rienced with only CT/MR pairs [7]

5 [Ar4] CNN is applied only for Faster in computation and worked
the low-frequency components with different modality pairs
which are obtained by the NSST
decomposition. This work is time-
consuming and experienced with
only CT/MR pairs [8]

6 Conclusion

In diagnosis and treatment the major challenge is to create a visually enhanced medical
image as medical images are a significant source of information for the ailment analy-
sis. The fusion of medical images resolves the challenges by providing all the relevant
information in a single image compared to the source images that are acquired from dissim-
ilar sensors. This research work proposes a novel fusion system, MLIIF, with Multi-layer,
multi-tier fusion on deep learning networks for multi-modal medical images that optimally
decompose high and low-frequency components that are fused with different deep learning
networks in each layer. Deep feature based multilayer fusion strategy helps to obtain more

Table 8 Comparitive analysis of the execution time of existing and proposed DL model & accuracy details
of the models

DL N/'W Execution Time (Second) Overall Accuracy (%)
Set 1 Set 2 Set 3 Set 4 Set 5
Al [4] 0.3209 0.3320 0.3292 0.3203 0.3197 89.08
A2 [28] 0.8812 0.8772 0.8821 0.8728 0.8901 91.73
A3 [29] 0.9463 0.9367 0.9436 0.9436 0.9508 92.71
A4[11] 0.8377 0.8720 0.8737 0.8368 0.8295 90.22
A5 [16] 0.8216 0.8319 0.8261 0.8126 0.8197 91.48
A6 [10] 0.6283 0.6309 0.6238 0.6328 0.5992 90.89
A7 0.9572 0.9534 0.9527 0.9505 0.9510 95.09
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Fig. 11 Fusion results of proposed system

informative fused image from the source image sets. The deep features of the low frequency
and high-frequency contents are obtained by VGG-19, VGG-11, and Squeezenet network.
This helps in improved information and features from the coefficients to the final fused
image. The robustness and effectiveness of the proposed multi-layer, multi-tier fusion sys-
tem are validated by subjective and objective analysis, and the effectiveness of the proposed
MLIIF system is evaluated by the error image calculation and accuracy from the ground
truth image. The error image from the resultant fused image and the ground truth image cal-
culated provides a negligence difference. The proposed MLIIF system obtained an accuracy
of 95.09%. The experimental findings indicate that the system proposed is state-of-the-art
even if computationally time-consuming.

7 Future scope
The work can be further applied with other sets and large data sets of medical images for

multi-modal medical image fusion, multi-exposure image fusion and multi-focus image
fusion.
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Fig. 12 Entropy comparison of source images and fused image for 5 sets of data
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