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Abstract
Medical image fusion is an important tool for correct decision 
making in clinical diagnoses. It aims to increase image information 
content and provide complementary context for anatomical and 
physiological information by creating a single composite image 
from two or more source images. Even so, existing image fusion 
techniques do not completely resolve the inherent limitations 
of fused images, particularly when considering lost textural 
information and visual detail. This paper proposes a new technique 
that uses a space-variant Wiener filter followed by the enhancement 
of the filtered images with lateral inhibition and excitation in a 
feature-linking Pulse Coupled Neural Network (PCNN) under 
maximized normalization. The enhanced images are then fused 
using a shift-invariant discrete wavelet transform (SIDWT). The 
resulting fused images are then evaluated with standard objective 
criteria and compared with results from previously existing image 
fusion methods, showing significant improvements in the main 
performance indicators.
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I. Introduction
Image fusion is an important technique in image processing with 
numerous applications in many fields including medical imaging, 
robotics, and satellite or military operations [1-2]. Two or more 
images are provided to improve key features, and then combined 
into one image with improved information content in the final 
composite image [3]. This process may also sharpen edges, 
improve geometric corrections, or even enhance certain features 
invisible in any of the input images. The aim is to reduce visual 
ambiguity and minimize decision-making errors [2-3].
Image fusion preprocessing techniques may operate on many 
different levels, including pixel, feature, symbol, or decision 
levels [3-4]. Preprocessing at the pixel level of each input image 
often results in better overall fusion results [3, 5]. Feature level 
preprocessing operates on specific features extracted from the 
images [3, 5, 6]. Preprocessing at the decision level operates 
on pixel blocks within the images and is based on multistage 
representations. 
When combining the enhanced images, many techniques already 
exist, such as Intensity-Hue-Saturation (IHS) transforms, which 
manipulate properties of color to create a controlled visual 
representation of the fused image. This techniqueproduces images 
with good visual effects but distorted colors. Image fusion by 
other techniques such as wavelet, pyramid, average, and other 
transforms produce images with poor edges and distorted spectra. 
These techniques appear to be not suitable for medical image 
fusion. 

Medical imaging has relied on image fusionto help improve 
the effectivenessof images for medical diagnosis.Recent 
techniquesemployed in medical image fusion have produced 
compositeimages with better edges and geometric properties 
[1, 2, 3]. Techniques such as those based on wavelet transform 
with modulus maxima produce final images with better-preserved 
component information but poor edge formation [8]. Results 
produced by discrete wavelet transforms are easier to interpret, 
but contain added noise and lower accuracy at curved edges [9].
Curvelet fusion of medical magneticresonance imaging (MRI) 
and Computerized Tomography (CT) images yieldsresults with 
clearer curved edges and less noise, but such fusionis limited in 
directional information and diagonal directions.

Many well established fusion algorithms have resulted in 
fused images with better edges and geometric details [1, 2, 7]. 
Discrete wavelet transform based fusion is easier to interpret, 
but it produces images with added noise and lower accuracy at 
curved edges [9]. Curvelet fusion of medical Magnetic Resonance 
Imaging (MRI) and Computerized Tomography (CT) images 
produces results with clearer curved edges and less noise, but is 
limited in directional information and diagonal directions.   More 
recently, good quality fusion images have been produced with the 
use of redundant discrete wavelet contourlet, or ripplett, which 
transform fused images with multi-resolution, localization, and 
directionality, but these methods are computationally complex and 
memory intensive [10-11]. In the case of the Non-Subsampled 
Contourlet Transform (NSCT) based variable-weight method, 
robust images are produced, but this method cannot be applied 
to Positron-Emission Tomography (PET) or MRI source images. 
Directive contrast-based multimodal medical image fusion in the 
NSCT domain gives images with better-curved areas but high 
noise [12].

The proposed method uses a high-scale Wiener filter in the source 
image preprocessing stepto extract detailed information from 
the original image [13]. The Wiener filter also helps to optimize 
the complementary effects of inverse transformation and noise 
smoothing. The preprocessed image is then fed into a lateral 
inhibited and excited feature-linking pulse-coupled neural network 
(PCNN) to extract, boost, and preserve key features. Lastly, a Shift 
Invariant Discrete Wavelet Transform (SIDWT) fusion algorithm 
is used to create the fused image.

The remainder of this paper is organized as follows: Section II 
provides an overview of the proposed method, followed by a 
detailed description of preprocessing (Weiner Filtering), feature 
extraction (PCNN), and fusion (SIDWT) steps. Section III describes 
simulation results and provides a quantitative comparison to 
existing methods. Section IV provides conclusions and discusses 
future research directions.
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II. Proposed Method

A. Overview
A block diagram of the proposed methodisdepicted in fig. 1.

Fig. 1: Schematic Representation of the Proposed Algorithm

Initially, a space-variant, high-scale Wiener filter is applied to 
source images. This type of filter is chosen because it provides 
an optimal compromise between computational efficiency and the 
quality of the reconstructed image [13]. It also ensures that more 
details are captured in the output image. 
Wiener filters are applied in the frequency domain, and designed 
to minimize the mean squareerror difference between an ideal 
image and the input image. Wiener filter is used since it minimizes 
the overall mean square error in the process and helps in noise 
smoothing [13]. The ideal image is estimated by creating a model 
of the noise present in the input image,which is then removed, 
with a time-invariant Finite Impulse Response (FIR) filter [13, 
14, 15]. The Wiener filtered image is then passed to a feature-
linkedpulse-coupled neural network. This feature-linked model 
(FLM) specifically encodes the times at which neurons fire, using 
these pulses to influence laterally linked neuronal membrane 
potentials [16]. The action of FLM on the wiener filtered images 
helps boost the human visual perception [23]. The timed signals 
encode image information consistent with that of human visual 
processing. The details of the output image are boosted while 
preserving the information from the Wiener filtered image. 
FLM is used because the generated time signals are invariant to 
rotation, dilation, or translation of the images. The FLM images 
are combined into one fused image using SIDWT, the preferred 
fusion method because of its shift invariant properties [17]. Fusion 
using SIDWT is preferred also since it will lead to stable and 
unflicked results. This ensures the final image results is consistent 
with the input images used. 

B. Space-variant Wiener filter
The proposedspace-variant Wiener filter solves the invariance 
problem associated with the general Wiener filter. ThisWiener filter 
operates by optimizing a trade-off between noise power and signal 
power (see equations (1) and (2), below) [18]. The magnitude of 
image pixels is amplified so that their energies dominate over 
that of the noise. This result is achieved by settingto zeroany 
spectral component energy of image pixels that is smaller than 
the noise energy.
In the proposed method, Wiener filters are applied to the source 
images to enhance information content of these images [19]. The 

filter output  of the source image pixel index  is obtained 
according to

,         (1)
where mf is the local mean of the image pixel intensities, p 
represents the pixel intensities, and

 ,   (2)

where  is the variance of the local image intensities,  is the 
noise standard deviation, and K is a Lagrange constant, which 
ensures that at high frequencies, the filter has a low frequency 
response. 
The first term inside the max [•] operator in (2) ensures that the 
same filter is not applied throughout the image, making the filter 
spatially variant. The weight coefficients in this term depend on the 
spectrum of the input image, and have values thatvary from 0 to 1, 
depending on the order of magnitude of the noise variance :

This rejecting filter removes from the input any spectral components 
whose signal-to-noise ratio is lower than the predetermined 
threshold.
The proposed spatially variant Weiner filter allows the preservation 
of more detailed information from source images, which is very 
important in medical imaging, where source images are typically 
characterized by poor contrast [20-21]. 

C. Proposed Feature linking Neural Network Model
The proposed Feature-Linking Model (FLM), which is similar 
to the traditional Pulsed Coupled Neural Network (PCNN), 
has two inputs: feeding inputs and linking inputs [22]. While 
traditional PCNN utilizes three leaky integrators, FLM has only 
two leaky integrators, which represent the membrane potential 
and threshold of the neurons, one for each pixel, in the network 
[23]. This difference makes FLM more effective in obtaining 
synchronization and desynchronization across different regions 
in a medical image, similar to actual human visual perception 
[24]. 
The FLM enhances image contrast by triggering off the timing of 
the first generated action potential, and keeping time matrix record 
of action potential timing across the entire network [25]. More 
specifically, the first action potential (spike) is timed differently 
from other spikes, and this differential timing provides much of the 
image information. Each FLM pulsecorresponds to the grayscale 
intensity of the image based on the time matrix [26]. The time 
matrix is implemented as a single-pass record, which has been 
shown to have a logarithmic relationship to the stimuli matrix, and 
to be consistent with the Weber-Fechner law. The parameters of 
FLM are therefore set carefully in a manner similar to the Mach 
band effect in the image enhancement algorithm [23]. Mach band 
effect is an optical illusion where the contrast between edges 
of slightly differing shades of gray are exaggerates as soon as 
the contact between one another is made [37]. Mach band effect 
triggers edge-detection in the human visual system [36]. 
In order to enhance the Mach band effect, the proposed method 
has also introduced two positive constants in the linking inputs, 
ε and φ, related to lateral inhibition [27-28]and lateral excitation 
[28], respectively. The lateral excitation ensures that only mutually 
exciting neurons relevant to stimuli are selected [29]. Lateral 
inhibition ensures neurons that are irrelevant are suppressed [29].
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The lateral excitatory and inhibitory synapses between neurons 
influence stimulus-evoked inter-neuronal activity, which has a great 
impact on detailed information extraction [30].The constants ε and 
φ suppress asymmetric activity within neuronal neighborhoods.  
Because FLM assumes that all activity is symmetric, the use of 
these constants more closely supports image detail enhancement 
[31]. 
The proposed FLM has three components: membrane potential, 
threshold, and action potential. Each dendrite receives postsynaptic 
action potentials through synapses from receptive fields [32]. The 
action potentials influence the membrane potentials of neighboring 
neurons through localized (linking) synapses on the dendrites. 
The combination of synaptic inputs may spike in neighboring 
neurons if the potential exceeds a certain threshold.Leaky 
integrators convert incoming synapse into a persistent signal. 
Neurotransmitters within the synapse are modelled by the time 
constant of the leaky integrator.

1. Leaky Integrators 
Leaky integrators are the most crucial component of feature-
linking neural networks [33]. They describe the dynamic potential 
v(t) of a neural oscillator,

     (3)

where trepresents time,s(the input stimulus)is the pixel value of 
the preprocessed image, and ais the leak rate (0 < a < 1). Eq. (3) 
can be discretized as

   (4)

where V(n) is the discretized potential and n is the discrete time 
index. Eq. (4) can be rewritten as

    (5)

where b = 1-a is the attenuation time constant of the leaky integrator. 
Eq. (5) represents the generic form of a leaky integrator.

2. Membrane Potential 
A cortical neuron is mostly bidirectionally connected; feeding 
synapses are of the feedforward type while linking synapses are 
of the feedback type [22]. Fig. 2 shows a feature-linking model for 
the proposed method. Fig. 2 also shows a neuron that has feeding 
synapses and lateral linking synapses. Feeding synapses are 
connected to a spatially corresponding stimulus. Lateral linkingis 
shown in Fig. 3, which illustrateshow synapses are connected to 
outputs of neighboring neurons within a predetermined radius 
σ [32, 24]. In this paper, σ is large enough to permit effective 
filteringof the neurons. Locally excitatory linking inputs have a 
negative, globally inhibitory term that supports desynchronization 
[34]. Therefore,the dendritic signals to the neuron are the feeding 
inputs and the linking inputs, respectively, as explained in the 
following equations. 

  (6)

 (7)

where indices (i,j) denote each neuron, indices (k,l) and (p, q) 
denoteneighboring neurons; Fij (n)is the feeding input;Yij (n-1) 
denotes the postsynaptic action potential; Sij is the stimulus for 

the neuron; the term Mijkl is a synaptic weight applied to feeding 
inputs; Lij  (n)denotes a linking input, and Wijpq is a synaptic weight 
applied to linking inputs. Thepositive constant d applies to the 
global inhibition, ε is a negative constant for lateral inhibition, 
and φ is positive constant for lateral excitation.

Fig. 2: Schematic of the Proposed Feature Linking Model (FLM) 
With Feeding Input, Linking Input, Leaky Integrator and Spike 
Generator.

Fig. 3: Schematic of Linking Inputs With Excitatory and Inhibitory 
Neurons.

In order to enable synchronization, stimulus-driven feedforward 
streams are combined with stimulus-induced feedback streams 
[35]. The leaky integrator driven by the membrane potential is 
described by

 (8)

where f is the attenuation time constant of the membrane potential 
and β is the linking strength. Substituting (6) and (7) into (8), the 
neural membrane potential can be finally expressed as

 (9)

3. Threshold 
A leaky integrator is also used to represent the threshold of the 
neuron. The postsynaptic action potential Yij (n-1) is the input to 
the threshold Θij (n) according to

  (10)
where g is the attenuation time constant andhis a magnitude 
adjustment. The postsynaptic action potential drives a 
dynamicincreasein the threshold, by an amount h,in order to 
suppress secondary action potentials during a refractory period.
The threshold decays over timedepending onthe time constant g. 
Prior to the first action potential, the threshold Θij (n)decreases 
exponentially from the initial threshold Θij (0):

    (11)
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The decay function shown in (11) could reasonably be replaced 
by another.

4. Action Potential 
The most significant element in neural coding is precision in 
pulsetiming. An action potential Yij of a neuron is produced during 
each iteration when the membrane potential of a neuron exceeds 
its threshold,

   (12)

The feature-linking model used in this paper is summarized by 
(9), (10) and (12). Factorization of (9) indicates that the membrane 
potential is composed of a leaky integrator term, a stimulus, a 
feeding synapse term, a linking synapse term, and a multiplicative 
term.Each factor in themultiplicative term, β, Mijkl, Wijpq ranges 
from 0 to 1, creatinga much smaller modulation term,which can 
be omitted. The membrane potential can therefore be given by;

 (13)

where α is the feeding synapse strengthused to simplify the 
analysis of the model.  

5. Single Pass Time matrix
The key action of the neurons is triggered by the first action 
potential. Therefore, a time matrix T is defined for the first firing 
time of neurons,

   (14)

The threshold amplification factor h for the action potential is 
large enough to make sure that neurons fire only once.
This single-pass creation of the time matrix, T, is completed when 
all the neurons have generated their respective action potentials 
[24], and also determines the neural network stopping condition 
[16].

6. Image Enhancement by FLM
Each pixel of the Wiener filtered images corresponds to oneneuron 
of the network; therefore, a two-dimensional image matrix is 
represented asr × c neurons. The Wiener-filtered image intensity 
I is normalized according to

  (15)

where S represents the enhanced image, min (I) returns the 
minimum value of I, max(I) returns the maximum value of I, 
and ϑ is a small positive constantwhich ensures nonzero pixel 
values. It has been set to the smallest grayscale value of the matrix 
ϑ = 1/(I). The multiplying term in (15) normalizes the pixel value 
across its local neighborhood: as is the peak-to-mean amplitude of 
the neurons’filter response to the edge, a̅  is the mean amplitude, 
used to achieve contrast invariance during normalization, and k 
is anormalization constant, which is set to 0.5. The normalization 
matrix Sincreases the lateral inhibition sharpening the visual and 
feature properties of the images [36-37]. These sharp-masked 
images are then inputs for the SIDWT algorithm, the application 
of which is the final step in the fused image formation.

D. Shift-Invariant Discrete Wavelet Transform (SIDWT)
The proposed method uses a shift-invariant discrete wavelet 
transform to overcome the shift dependency inherent in the wavelet 
fusion method [38], which ensures that the result is independent 
of the location of objects and consistent with the input images. 
SIDWT yields stable and unflickered fused images, preserving 
the level of detail from the sharp masked images attained from 
wiener and FLM stages[19].  
The input images are decomposed into shift invariant wavelet 
decomposition representation by splitting the output of proposed 
Feature Linking PCNN images sequence into the wavelet sequence 
(high frequency), wi(n) represented by (16) and scale sequence 
(low frequency), si(n) represented by (17)

   (16)

   (17)
Where g (2i.k) is a split analysis filter, h(2i.k) is a scale sequence 
analysis filter and i represents decomposition levels, (i=1,2,3,4). 
wi(n) is stored while si(n) acts as the input for the next decomposition 
level. The scale sequence is set to the zeroth level making it equal 
to the input sequence s0(n) = f(n) hence defining the complete 
SIDWT scheme. Analysis filter g(2i.k) and h(2i.k) at level i are 
attained by insertion of the appropriate number of zeros between 
the filters taps of the prototype filters g(k) and h(k).

Once the coefficients are obtained, the input sequences are 
reconstructed by inverse SIDWT using convolution. This process 
is achieved using the reconstruction filters g̃(2i.k) and h̃(2i.k),

  (18)

SIDWT uses wavelet decomposition without the traditional 
discrete wavelet down-sampling process. The resulting fused 
image has improved temporal stability and consistency. 

III. Simulation Results

A. Experimental Setup
Three different fusionexamples, numbered 1, 2 and 3, aspresented 
in Figs. 4, 5 and 6, are used to evaluate the proposed method. 
Lateral (inhibition and excitation) FLMparameters are listed 
in Table 1. The final results were evaluated using objective 
quantitative measurements: Standard Deviation (SD), Root Mean 
Square Error (RMSE) and entropy. These were selected based on 
their use as descriptors of information content, textural properties, 
and Signal-to-Noise Ratio (SNR), and because they are available 
in previously published results for other fusion methods. Standard 
deviation is a measure of the contrast, textual properties, and edge 
formation of the image. Images with high standard deviation have 
improved human visual properties (textual properties and better 
edge formation). RMSE measures the amount of change per pixel 
because of processing. Lower RMSE indicatesless noise in the 
image and thus improved visual features. Entropy measures image 
quality in terms of information content [39]. Images with higher 
entropy contain more information and better textural uniformity 
of the fused medical images.
Medical images are used as examples alongsidethe resulting 
fused images, shown in Figs. 4, 5, and 6. Performance metrics 
are comparedwith results from previously published techniques[1, 
2, 21, 19, 3]for the same set of source images. A side-by-side 
display of thiscomparisonis presented in Table 2 and Fig. 7, and 
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the corresponding summary bar and line graphs are shown in 
Figs. 8, 9, and 10.

Table 1: A compilation of the proposed FLM parameters and their 
corresponding values used for examples 1, 2 and 3

Parameter Value 

f 0.01

g 0.98

h 2e10

d 2

ε -0.2

φ 1

β 0.03

α 0.01

a b c d

Fig. 4: Example 1: (a) Inputs, CT and MRI Images; (b) High-Scale, 
Spatially Variant Wiener Filter; (c) Enhanced Images Using FLM; 
(d) Result of Fusion (SIDWT Output).

a b c d
Fig. 5: Example 2: (a) Inputs, CT and MRI Images; (b) High-Scale, 
Spatially Variant Wiener Filter; (c) Enhanced Images Using FLM; 
(d) Result of Fusion (SIDWT Output).

a b c d

Fig. 6. Example 3: (a) Inputs, CT and MRI Images; (b) High-Scale, 
Spatially Variant Wiener Filter; (c) Enhanced Images Using FLM; 
(d) Result of Fusion (SIDWT Output).

Table 2 and Fig. 7 describe the performance of the proposed 
algorithm in comparison with some other methods including 
Contourlet Transform (CT) [40], Discrete wavelet transform 
(DWT) [41],Shearlets and Human Feature Visibility (SHFV) [7], 
Fuzzy-Based using Maximum Selection and Gabor filters (FMG) 
[2], and Pulse Coupled Neural Network using Gabor filter and 
Maximum Selection (PCNNGM) [1]. Measures for comparison 
are Entropy, SD, and RMSE, taken from the sources as referenced 
in the last column in Table 2. High entropy values are desirable 
since they show high information content of the image. Lower 
RMSE values are desirable and showan indication of lower noise 
in the images. High standard deviation values show increased 
contrast, texture and better edge formation. Figs. 8, 9 and 10 are 
graphs, which highlight the improved performance of the proposed 
method for each example with respect to each of the measures.

Table 2: Comparison of Image Quality Metrics for Different 
Fusion Algorithms

Examples Algorithm Entropy Standard   
Deviation RMSE Source

1

Proposed (Example 1)
PCNNGM
FMG
CT
DWT
SHFV

9.2141
9.1595
3.4507
7.1332
6.9543
7.6572

76.8137
57.3573
117.7324
54.1504
47.2304
56.7993

0.0689
0.0193
0.0736
0.1662
0.2703
0.1164

[1]
[2]
[40]
[41]
[7]

2

Proposed (Example 2)
PCNNGM
FMG
CT
DWT
SHFV

9.1043
8.9667
3.8054
6.9351
6.6997
7.3791

70.4425
71.6609
118.0412
46.6294
41.4623
55.8533

0.049
0.0187
0.1026
0.2538
0.2889
0.2410

[1]
[2]
[40]
[41]
[7]

3

Proposed (Example 3)
PCNNGM
FMG
CT
DWT
SHFV

8.9040
8.7121
2.3886
6.8824
6.5198
6.9467

72.6212
56.8493
94.6862
43.1963
42.0087
44.2937

0.0226
0.014
0.0774
0.2422
0.3142
0.2133

[1]
[2]
[40]
[41]
[7]
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a b c

Fig. 7: Fusion Results on Test Original Multimodality Image: (a) Example 1; (b) Example 2; (c) Example 3.

A graphical representation of the performance of our proposed 
method in relation to the existing methods is also portrayed in 
the graphs in Fig. 8, 9, and 10.

Fig. 8: Performance of the Proposed Method in Relation to others 
for Example 1 (see Fig. 4).

Fig. 9: Performance of the Proposed Method in Relation to others 
for Example 2 (see Fig. 5).
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Fig. 10: Performance of the Proposed Method in Relation to others 
for Example 3 (see Fig. 6).

B. Discussion
As can be seen from the results presented in section III-A, 
the proposed method in this paper demonstrates significant 
improvements over previously published methods for fusion. As 
summarized in Figs. 8, 9 and 10, resulting fused images show 
improved geometric correlations, textural properties, feature 
enhancement and edge information, as measured by RMSE and 
standard deviation.
Analysis of the entropy values for the three examples indicates 
that the proposed method consistently yields higher entropy values 
than the previously availabletechniques, which suggests that the 
new method produces fused images with higher information 
content.Although some of the other results are mixed, the overall 
picture favors the proposed method over the set of benchmark 
algorithms.
The highest entropy values,depicting high information content,are 
visible in Fig. 7, where the suppression of pixels with low intensities 
(caused by theintroduction of lateral inhibition and excitation), 
and redefined normalization of the image intensities in the FLM 
model,together yieldimproved precision. High entropy values can 
also be linked to a zeroing of noise energies in the input images 
by thespace-variant Wiener filtering, resulting in images with 
higher information content. Variation of the scale in the Wiener 
filter allows for maximizing of the information content from the 
input images.
A closer analysis of the results also indicates higher standard 
deviations of the proposed method than most existing methods, 
except for the FMG technique. The high standard deviation is a 
result of includingincrement in lateral inhibition in the proposed 
method in FLM, which increases the contrast, texture,andsharpness 
of the images.
RMSE results are also lower (and therefore better) than the FMG, 
CT, DWT and SHFV techniques. The lower RMSE is a result of 
increased precision during the suppression of neurons caused 
by the redefining of lateral inhibition and excitation in the FLM 
model. Lower RMSE is also caused by the zeroing of noise 
energies in the input images by the space-variant Wiener filter, 
resulting in images with higher SNR values.

Finally, fusion by SIDWT reduces the loss of texture and features, 
and reduces additive noise during fusion, resulting in fused images 
with improved textural properties, greater information content, 
and increased geometric correlations.Fusion by SIDWT also 
enhancesthe visual appearance of the fused images more than 
any other method presented in Table 2 and Fig. 5. Thisobservation 
is a result of the shift invariance within pixels during the fusion 
process. The fused images also have better edge formation. This 
result is unlike other fused images formed with wavelet fusion 

techniques. The improvements in edge formation result from 
the proposed method’sdropping ofsubsampling, ensuring that 
a highly attainable redundant wavelet representation is formed 
during fusion.

VI. Conclusion 
This paper presents, explains, and evaluates a novel medical image 
fusion technique using SIDWT and based on the application of 
space-variantWiener filtering, anFLM model with redefined 
lateral inhibition and excitation, and maximized normalization.
Based on a set of objective performance evaluation criteria, when 
compared with a set of previously available fusion methods, the 
proposed method yields fused images exhibiting better geometric 
correlations, improved sharpness, information content,and visual 
impact. In order to isolate the effect of the space-variant Wiener 
filters and the SIDWT fusion method, future studies should be 
conducted by testing theproposed method usingdifferent fusion 
techniques, and also suppressingthe action of the proposed FLM 
model on pre-fused images.
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