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Abstract
Image interpolation is an important topic in the field of image processing. It is defined as the process of transforming low-
resolution images into high-resolution ones using image processing methods. Recent studies on interpolation have shown
that researchers are focusing on successful interpolation techniques that preserve edge information. Therefore, the edge
detection phase plays a vital role in interpolation studies. However, these approaches typically rely on gradient-based linear
computations for edge detection. On the other hand, non-linear structures that effectively simulate the human visual system
have gained attention. In this study, a non-linear method was developed to detect edge information using a pixel similarity
approach. Pixel similarity-based edge detection approach offers both lower computational complexity and more successful
interpolation results compared to gradient-based approaches. 1D cubic interpolation was applied to the pixels identified as
edges based on pixel similarity, while bicubic interpolation was applied to the remaining pixels. The algorithm was tested
on 12 commonly used images and compared with various interpolation techniques. The results were evaluated using metrics
such as SSIM and PSNR, as well as visual assessment. The experimental findings clearly demonstrated that the proposed
method outperformed other approaches. Additionally, the method offers significant advantages, such as not requiring any
parameters and having competitive computational cost.
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1 Introduction

With the rapid development of networking and communi-
cation technologies, multimedia applications such as image
and video have become increasingly widespread. As a result,
techniques developed for these environments have become
the focus of researchers. While high-resolution images can
be obtained with hard-ware, it is a costly process. Addi-
tionally, the unavailability of image sources in the desired
dimensions presents another challenge. Therefore, soft-ware
solutions for image interpolation are indispensable [1]. Image
interpolation, which is based on generating a high-resolution
image froma low-resolution image, is a fundamental research
topic frequently employed in image processing. It finds
applications in various fields such as digital photography,
biomedical imaging, remote sensing, and forensic analysis
[2–4]. When the literature is reviewed, there are many meth-
ods developed for image interpolation. These interpolation
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techniques can be categorized into two groups: learning-
based and traditional (reconstruction-based) methods [5].
Learning-basedmethods [6–11] utilize training data, extract-
ing information from training examples to generate new
pixels. Traditional methods [12–17], on the other hand, rely
on the original image to formulate interpolation functions.
Moreover, they perform the interpolation process through
mathematical formulas without requiring any training step.
The most well-known mathematical approaches are near-
est neighbor, bilinear, and bicubic interpolation techniques
[12–14]. These methods are simple to implement and have
low computational costs. However, they tend to introduce
blurring and distortions at the edges. This is primarily due to
the fact that these methods do not consider any information
other than the intensity values [15–17]. Consequently, edge-
based image interpolation approaches have gained attention
in recent years [18, 19]. These methods are designed to adapt
to the human visual system and prioritize edge information
in the image [20–24].

IEDI [25], CGI [26], CED [27], PCI [28], WTCGI [29],
and GEI [30] are some of the edge-based interpolation tech-
niques proposed in recent years. In the IEDI [25] technique,
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the edge pixels of the images are detected using an adap-
tive edge filter. The main drawback of the IEDI method is
its high computational time. Contrast-Guided Interpolation
(CGI) [26], proposed in 2013, is another well-known inter-
polation approach. The authors utilized the contrast feature,
which is important for the human visual system. Addition-
ally, in the study, the interpolation process was performed
in collaboration with guided decision maps and edge filter-
ing algorithms. However, while the CGI approach produces
successful results, its iterative nature results in high com-
putational cost. Another effective approach is the CED [27]
technique,which is an improvedversionof theCGI approach.
This interpolation algorithm maintains the performance of
the CGI approach while increasing the time and computa-
tional cost of diffusion processes. The PCI [28] approach,
proposed in 2019, uses another version of the CGI technique.
In this approach, a prediction-validation model is employed.
TheWTCGI [29] technique combines wavelet transform and
CGI structure and is applied to the interpolation of images
used in the robotics industry. The GEI [30] technique, devel-
oped in 2022, performs regional gradient estimation. This
approach has shown successful results. On the other hand,
an approach proposed by İncetaş in 2023 is an significant
study where edges are determined nonlinearly [31]. The
author utilized the well-known spike neural network (SNN)
architecture, which successfully simulates the human visual
system. In relevant study, edge pixels were calculated non-
linearly using the presented SNN model instead of a linear
approach like gradient.

The general motivation behind the aforementioned inter-
polation approaches is to detect edges by using gradient-
based linear methods. On the other hand, it is well-known
that the human visual system is more effectively simulated
using nonlinear models [32, 33]. In 2007, Demirci developed
a similarity-based nonlinear edge detection approach. In the
proposed approach for edge detection in color images, the
similarity relationshipmatrix mapped the 3D color space to a
one-dimensional space. The developed approach served as an
alternative to gradient and statisticalmodels. Additionally, its
faster and more efficient operation is an important feature of
themethod [34]. Pixel similarity has been a popular approach
used in many studies, such as edge detection [35], segmen-
tation [36, 37], and noise filters [38]. In a study conducted
in 2017, pixel similarity was applied to 200 images from the
BSDS database. Threshold values were computed based on
the similarity images to discuss the effect of pixel similar-
ity. In another study, the relevant method was used for the
automatic separation of color images [36]. The researchers
calculated the number of regions in their work without the
need for any initial value. Similarly, there are various stud-
ies demonstrating the effective results of the pixel similarity
approach in image segmentation [37]. Additionally, Aydın
et al. applied the pixel similarity approach tomedical images.

They utilized advanced image processing techniques for the
early diagnosis of jaundice instead of blood samples and clin-
ical tests. In their studies, they proposed a prediction model
with high accuracy using the pixel similarity approach [39].
Another significant study is the proposal of using pixel sim-
ilarity as a noise filter [38]. In [35], the distance values of
pixels to their neighbors were evaluated as the diffusion
coefficient. Thus, the traditional user-dependent diffusion
filter was made adaptive. Pixel similarity shows effective
performance in edge detection, it is based on linear calcu-
lation of the difference between pixels. On the other hand,
the SNN-based model, which detects edges in accordance
with HVS proposed in 2023, appears to be quite success-
ful [31]. However, that study presented a complex model
in which calculations had to be made on all 9 pixels in the
3 × 3 window at each stage when determining the edges.
In this study, a novel approach is proposed to increase the
achievement of image interpolation and edge preservation
ability and reduce the calculation time by using SNN-based
similarity transformation. In this study, a novel approach
is proposed to increase the achievement of image interpo-
lation and edge preservation ability by using SNN-based
similarity transform. In the proposed interpolation approach,
firstly, the interpolation type is selected according to the edge
information obtained non-linearly from the SNN based pixel
similarity of the image. While 2D-Bicubic interpolation is
performed on non-edge pixels, 1D interpolation is performed
on edge pixels. Thus, while the edge losses have been mini-
mized and the interpolation success has been increased. Edge
information was detected more accurately with the SNN-
based pixel similarity approach. The main contribution of
this work over previously approaches is the introduction of
an SNN-based pixel similarity model compatible with HVS.
When determining edge pixels, the gray level differences of
the pixels are calculated non-linearly, unlike gradient-based
linear approaches. A simpler and faster SNN model than
existing SNN models is presented.

The organization of the following sections of the arti-
cle is as follows; Chapter 2 Image Interpolation, Chapter 3
SNN based Pixel Similarity, Chapter 4 Proposed Method,
Chapter 5 Experimental Findings and Discussion, and finally
Results.

2 Image interpolation

Image interpolation refers to the process of generating a high-
resolution (HR) image from a low-resolution (LR) image and
is an important topic in image processing. Figure 1 represents
the creation of an image with a resolution of 2Mx2N from
an original image with a resolution of MxN . In the resulting
image, the unknown pixels (white dots with red lines) are
estimated using the known pixels (blue dots). The estimation
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Fig. 1 Scheme of interpolation
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Fig. 2 Center pixel and its neighborhood

of the unknown pixels in the interpolation process is a critical
operation. In Fig. 1, the low-resolution image is denoted as
ILR(m, n), while the high-resolution image obtained through
2 × 2 image interpolation is represented as IHR(2 m-1, 2n-
1). The relationship between ILR and IHR is shown in Eq. 1,
where the known pixel values in ILR are assigned to IHR.
Then, the detection of edges and their orientations is per-
formed. The estimation of unknown pixel values starts with
the pixels on the diagonal axis which IHR(2 m, 2n). If the
pixel at ILR(m, n) is an edge, its value is calculated using the
known neighboring pixel values. The next step is to compute
the values of unknown pixels in the horizontal and vertical
positions. The unknown pixel values at IHR(2 m, 2n + 1)
in the horizontal position and IHR(2 m + 1, n) in the verti-
cal position are also calculated using the known neighboring
pixels. Finally, all the unknown pixels in IHR are computed
as:

(1)

ILR (m, n) � IHR (2m − 1, 2n − 1) , m

� 1, . . . , M, n � 1, . . . , N

3 Spike neural network based pixel similarity

The pixel similarity approach was proposed by Demirci [34].
The developed approach is a pixel similarity-based edge
detection technique. The notable aspect of this technique is
the absence of complex steps. The pixel similarity technique
is essentially based on mathematically expressing the simi-
larity between two pixels. Figure 2 illustrates a 3 × 3 pixel

block, where p0 represents the center pixel and p1, p2,…,p8
are its neighbors. The similarity of the center pixel (p0) to
any other pixel (pi) can be mathematically expressed as;

Similari t y(p0, pi ) � e−‖p0−pi ‖
Dn (2)

‖p0 − pi‖ � 1√
3

√(
�R2 + �G2 + �B2

)
(3)

�R � |R0 − Ri |
�G � |G0 − Gi |
�B � |B0 − Bi |

(4)

‖p0 − pi‖ defines the normalized Euclidean distance
between two pixels in Eq. 2. Dn is the normalization coeffi-
cient and the relevant value is determined by the user. The
average similarity (Asim) of a 3 × 3 mask is formulated as:

Asim(p0) �
∑8

i�0 similari t y (p0, pi )

9
(5)

The outputs with similarity change graph according to the
different Dn coefficient determined by the user is shown in
Fig. 3. In addition, the output images of a randomly selected
image with pixel similarity applied according to the relevant
Dn coefficients are represented in Fig. 4.

The non-linear structure of the similarity function in Fig. 3
is remarkable. When Fig. 4 is examined, it is seen that the
pixel values approach 255 with the increase in the Dn coeffi-
cient. Therefore, the detection of correct edge pixels depends
on the appropriate selection of the normalization coefficient
Dn. Incetaş et al. in their study in 2019, made the relevant
coefficient independent of the user. As a result, they devel-
oped an innovative automatic edge detection model in their
work. Edge pixels detected with the automatically detected
Dn coefficient produced results similar to the conventional
method [40]. However, it is important that the relevant coef-
ficient is user independent. Equations 6 and 7 show how the
Dn is calculated automatically.

Dn �
(

255

d2
a + 1

)
+ 1 (6)

da � 1

9

8∑
j�0

d0, j 0 ≤ j ≤ 8 (7)

where da represents the average distance between the cen-
ter pixel and its neighbors and d0,j is the similarity of any
neighboring pixels. Figure 5 is the output obtained by pixel
similarity of a cameraman’s image obtained by automatically
determining the Dn coefficient.

While pixel similarity produces effective outcomes for
edge detection, it is based on simple calculations between
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Fig. 3 Pixel similarity graph
according to Eq. (2)

Fig. 4 Similarity images: Wheel a Dn � 16, b Dn � 32, c Dn � 64, d Dn � 128, e Dn � 256

Fig. 5 Pixel similarity with automatic Dn coefficient

two pixels. Therefore, it produces similar results to gradient-
based approaches. Because of this situation, the pixel
similarity technique considers the absolute difference or gra-
dient difference between two-pixel values. In other words,
although pixel similarity seems to be a non-linear approach,

it is actually linear because it calculates the absolute differ-
ences between pixels. On the other hand, the SNN approach
is a network approach that effectively simulates the human
visual system. In the SNN approach, the difference values
between two pixels are calculated by the firing rates of the
spikes generated depending on the membrane voltage of the
neuronsmodeled by the conductance based integrate and fire.

In the early 1950s, a study was proposed by Hodgkin and
Huxley (HH) to define the characteristics of human neurons.
In their study, a series of mathematical processes were used
to describe the functions of neurons. In other words, neuron
behaviors were simulated with differential equations [41].
The presence of complex mathematical solutions in HH’s
successful approach increases its computational cost. For this
reason, different neuron models such as integrate-and-fire
(IF), FitzHugh–Nagumo (FHN) and Izhikevich techniques
have been presented [42–44]. The IF neuron model attracts
attention because it has a simpler architecture and lower com-
putational complexity in comprehensive neural systems. In
the IF neuron model, change of membrane potential with
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time v(t) [45] is formulated as follows:

(8)

cm
dv(t)

dt
� gl (El − v(t)) +

wex gex (t)

Aex
(Eex − v(t))

+
wihgih(t)

Aih
(Eih − v(t))

Here cm, gl and El represent the membrane capacity,
membrane conductance and membrane reversal potential,
respectively. Eex stands for the reversal potential of exci-
tatory synapses, while Eih stands for the reversal potential
of inhibitory synapses. wex and wih are the weights of the
synapses and and Aex and Aih are the membrane surface
areas. The variable gex(t) is the time-varying conductance of
excitatory synapses. Similarly, gih(t) is the time-varying con-
ductance of inhibitory synapses. The excitatory connections
of a neuron can send a higher signal than the inhibitory con-
nections. In this case, the membrane potential of the neuron
reaches a value above the threshold voltage vth at time t and
the neuron generates a new action potential. Subsequently,
starting at time t + 1, the membrane potential of the neuron
remains constant at its initial value vreset for a period of time
τref, called the refractory time. The value of τref is important
for the ease of calculation of the model. For this reason, in
this study, the relevant value is set to 0 as in similar studies
[46–48]. Figure 6 shows a basic IF neuron model.

The proposed study is introduced a pioneering edge
detection methodology employing Spiking Neural Net-
work (SNN) architecture, which effectively compete with
the Human Visual System (HVS). Unlike traditional lin-
ear edge detection models relying on pixel similarity, this
novel approach incorporates a multi-layered SNN structure
depicted inFig. 7.TheSNNcomprises three layers: the recep-
tor layer, an intermediate layer, and an output layer. In the
receptor layer, each pixel in the image is represented, form-
ing a 3 × 3 receptor field (RF). The relationships between
the central pixel and its neighbors are analyzed through
synaptic connections to the intermediate layer, which con-
sists of 16 separate neurons facilitating computations in 8
directions. These neurons measure the difference between
the central pixel and its neighboring pixels using excitatory
and inhibitory synapses represented by synaptic matrices
denoted as X and � respectively. The intermediate layer
neurons are interconnected with 8 separate output neurons
to express the similarities between the central pixel and its
neighbors. The firing frequency of each output neuron indi-
cates the dissimilarities between the central pixel and its
neighbors. For instance, the synaptic connections from the
RF to a specific neuron in the intermediate layer which M5A,
facilitate computations between the central pixel and its bot-
tom neighbor. Excitatory synapses from the neighbor toM5A

and inhibitory synapses from the central pixel to M5A mod-
ulate the membrane potential of M5A. An increase in the

membrane potential of M5A shows a higher gray-level value
in the neighbor compared to the central pixel, leading to the
formation of spikes. This process is repeated for all direc-
tions and neuron pairs in the intermediate layer. As a result,
in the output layer is assigned to the central pixel, provid-
ing an advanced edge detection capability that provides the
dynamic processing of the SNN architecture that mimics the
complexities of the Human Visual System. As a result, the
differences between the center pixel and neighboring pixels
were calculated with the help of values expressed as Q1 …
Q8 in the output layer. Thus, the differences between the gray
levels of the pixels were obtained in accordance with HVS,
not on a gradient basis, and were used for edge detection
based on pixel similarity.

Unlike gradient or similarity-based approaches, the pro-
posed method determines the difference calculations accord-
ing to the firing numbers of neurons with inhibitory and
excitatory synaptic connections. Therefore, two different
synaptic matrices in the same direction are used to determine
the difference information between neighboring pixels. In
the model, when one of the M5A and M5B neurons produces
spikes at certain intervals, these spikes will be transmitted
to the Q5 neuron in the output layer. In the proposed net-
work structure, all neurons in the intermediate layer have
only an excitatory synaptic connectionwith their correspond-
ing neuron in the output layer. Depending on the number of
excitatory spikes from neuronsM5A andM5B, the increase in
the membrane potential of neuron Q5 will also cause spike
formation at certain intervals. When this process is calcu-
lated for all neighboring pixels, 8 different values will be
obtained. IF neuron model is used in the proposed method
[49].Additionally, the IFmodel usedwas designed according
to Eq. 9–15 [31, 45, 50].

The peak conductivity values of the pixels, qex and qih in
the RF are calculated as:

qex � αGxy ; qih � βGxy (9)

where Gxy value is the gray level value of the pixel in x, y
coordinates. α and β are normalization coefficients and are
set to 255. The following equations were used for neurons in
the intermediate layers.

gex (t)

dt
� − 1

τex
gex (t) +

wexqex
Aex

gih(t)

dt
� − 1

τih
gih(t) +

wihqih
Aih

(10)

In Eq. 10, τex and τih are the time constants of excita-
tory and inhibitory synapses. Synaptic current Isyn formed
by excitatory and inhibitory connections formulated as;

Isyn � −gex Eex − gih Eih (11)
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Fig. 6 Synaptic connections of conductance-based IF

Membrane potential of any neuron v(t) is calculated as;

v(t) � 1

g1
{(−e

g1 t
cm )(Isyn + 70g1 + g1E1) + Isyn + g1E1}

(12)

The equations given above for any neuron are calculated
similarly for 16 neurons. When the membrane potential of
neurons reaches the threshold voltage, the neurons form
spikes and then return to the initial state. These spikes form
separate Spike Trains for each neuron. Spike train belonging
to neurons is calculated as SN

SN �
{
1, i f neuron i f ires a spike at time t
0, i f there is no spike at time t

(13)

8 neurons (Q1, . . . , Q8) in the output layer are produced
for each receptor field. The relevant neurons have synaptic
connections with neuron pairs in the intermediate layer, and
the output neurons are calculated by the following equations.

gout
dt

� − 1

τout
gout (t) +

SN1(t) + SN2(t)

Aex

Iout � −gout Eout

vQN � 1

g1
{(−e

g1 t
cm )(Iout + 70g1 + g1E1) + Iout + g1E1}

(14)

In Eq. 14 gout and τout represent the time-changeable con-
ductivity and time constant, respectively; Iout is the total
synaptic current of any QN neuron.vQN is the membrane

potential of the QN neuron. In the output layer, the firing
rates of the spindles produced by the QN neuron during the
T (ms) period of FQ1 per second can be determined as in
Eq. 15.

FQ1 � 103

T

T∑
t�0

SN (t) (15)

4 Image interpolation by using SNN based
pixel similarity

In recent interpolation studies, it is seen that the edges are
determined as vertical, horizontal and diagonal (45 and 135
degrees). While most of these have detected the edges with
linear gradient values, the edges have been detected as non-
linear, especially with the SNN-based approach developed
by İncetaş recently [28]. In this study, a new approach SNN
based similarity transform has put forward for non-linear
detection of edges in four different directions.

For example, to determine the horizontal edges, the sim-
ilarities between the center pixel and its left neighbor and
between the center pixel and its right neighbor are calculated
in a 3 × 3 neighborhood. Figure 8 represents a mask used to
calculate horizontal edges. Then their average is calculated.
For vertical edges, the similarity between the center and the
pixel above and the center and the pixel below is calculated
and their average is evaluated. Similarly, the average of the
similarities between the center pixel and its neighbors is cal-
culated when determining the 45- and 135° edges. Thus, the
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Fig. 7 Proposed SNN based pixel similarity model

p8 p0 p4

Fig. 8 Mask for horizontal edge detection

edges in 4 different directions are determined as non-linear.
In Fig. 9, the edge outputs in different directions can be seen.

Figure 10 represents the block diagram of the proposed
interpolation technique. The low-resolution input image ILR
is first converted to gray level image.Afterwards, the Similar-
ity Transform approach, which stands out with its non-linear
feature, was used for the detection of edge pixels. The related
approach makes 4-way edge detection in the image. Because
the most important disadvantage in interpolation studies is
the information loss in the edge pixels. Therefore, determin-
ing the edge pixels and their orientation in low resolution

images is vital in the interpolation process. While determin-
ing the edges, the pixels on the diagonal axis are checked
first. The difference in pixels on the diagonal, horizontal and
vertical axis means that the relevant pixel is an edge pixel.
In the diagonal, if there is a difference between two pixels, it
means that the corresponding pixel is an edge and the edge
direction is assigned as 45° or 135°. This process is also car-
ried out between horizontal and vertical neighborhoods. The
edge direction on the diagonal axis is calculated by Eq. 16,
while the edge direction on the horizontal and vertical axis
is made according to Eq. 17.

O(2m, 2n) �
{

45◦, S45(m, n) > S135(m, n)
135◦, S135(m, n) > S45(m, n)

(16)

(17)

O(2m, 2n − 1) � O(2m − 1, 2n)

�
{

0◦, S0(m, n) > S90(m, n)
90◦, S90(m, n) > S0(m, n)
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Fig. 9 Edge images in various orientations obtained with proposed: a O0 b O45 c O90 d O135

Fig. 10 Block diagram of proposed interpolation approach

Firstly, pixel values at IHR(2 m, 2n) location are calcu-
lated according to the pixel value at the ILR(m,n) location.
Subsequently, IHR(2 m-1, n) and IHR(2 m, 2n-1) values were
determined similarly. Finally, bicubic interpolation processes
are applied for each non-edge pixel. For edge pixels, calcu-
lations used in many studies were used [26–28, 40]. Related
equations are given in Eqs. 18–22.

I � ω(Ix + Iy) + (0.5 − ω)(Iz + It ) (18)

ω is the interpolation coefficient and its value is set to
0.575. While I expresses the gray level value of any pixel
to be interpolated; Ix, Iy, Iz and It represent 4 known pixels
around the unknown pixel. The corresponding values in the
high-resolution IHR image are if O(r , s) � 45◦;

(19)

Ix � IH R(r − 1, s − 1), Iy � IH R(r + 1, s + 1), Iz

� IH R(r − 3, s − 3), It � IH R(r + 3, s + 3)

if O(r , s) � 135◦;

(20)

Ix � IH R(r + 1, s − 1), Iy � IH R(r − 1, s + 1), Iz

� IH R(r + 3, s − 3), It � IH R(r − 3, s + 3)

if O(r , s) � 0◦;

(21)

Ix � IH R(r , s − 1), Iy � IH R(r , s + 1), Iz

� IH R(r , s − 3), It � IH R(r , s + 3)

if O(r , s) � 90◦;

(22)

Ix � IH R(r − 1, s), Iy � IH R(r + 1, s), Iz

� IH R(r − 3, s), It � IH R(r + 3, s)

5 Experimental results and discussion

The experimental findings were obtained using a computer
with an Intel Core i7-12700 K processor and 32 GB of RAM.
The average computation time of the proposed approach was
calculated usingMATLAB soft-ware. To evaluate the perfor-
mance of the proposed approach, 12 frequently used images
were utilized. These images are Bike, Wheel, Boats, Butter-
fly, House, Cameraman, Baboon, Peppers, Fence, Airplane,
Barbara, and Star. In addition, the developed technique was
compared and tested against 7 different approaches, namely
SNN [28], GEI [27], WTCGI [26], PCI [25], CED [24],
CGI [23], and IEDI [22]. Related images were also used in
comparison studies. Therefore, the validity and reliability of
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Table 1 PSNR evaluation of
interpolation approach [26] [27] [28] [25] [29] [30] [31] Proposed

Bike 25.82 25.82 25.9 25.17 25.21 25.85 26.60 27.38

Wheel 21.01 20.98 21.22 20.31 20.57 21.32 21.53 22.53

Boats 29.51 29.56 29.77 29.24 29.32 29.42 29.71 32.05

Butterfly 29.27 29.24 29.31 28.97 28.97 29.26 29.55 30.96

House 32.83 32.71 32.88 32.31 31.87 32.84 33.17 35.38

Cameraman 25.86 25.9 25.81 25.48 25.76 25.83 26.09 27.04

Baboon 22.50 22.41 22.53 22.41 22.35 22.59 22.82 23.54

Peppers 30.88 30.77 30.87 30.47 30.19 30.81 31.12 33.35

Fence 25.7 25.63 25.84 25.61 25.69 25.75 26.01 27.83

Airplane 26.54 26.49 26.59 26.60 26.10 26.61 26.88 28.54

Barbara 23.75 23.64 23.82 23.54 23.41 24.01 24.25 24.93

Stars 34.13 33.94 34.38 33.36 33,71 34.33 34.67 37.45

Average 27.32 27.26 27.41 26.96 26.93 27.39 27.70 29.24

Table 2 SSIM evaluation of
interpolation approach [26] [27] [28] [25] [29] [30] [31] Proposed

Bike 0.8808 0.8812 0.8803 0.8751 0.8791 0.8798 0.9071 0.9205

Wheel 0.8621 0.8626 0.8668 0.8644 0.8649 0.8665 0.8986 0.9096

Boats 0.8763 0.8801 0.8794 0.8771 0.8744 0.8796 0.8963 0.9195

Butterfly 0.9721 0.9732 0.9720 0.9718 0.9698 0.9758 0.9992 0.999

House 0.8781 0.8778 0.8789 0.8783 0.8775 0.8780 0.8956 0.8987

Cameraman 0.8711 0.8732 0.8715 0.8704 0.8692 0.8732 0.8976 0.9478

Baboon 0.9125 0.9111 0.9130 0.9121 0.9112 0.9165 0.9403 0.9705

Peppers 0.9032 0.9041 0.9035 0.9029 0.9026 0.9025 0.9278 0.9388

Fence 0.7752 0.7780 0.7785 0.7763 0.7765 0.7723 0.7893 0.8118

Airplane 0.9405 0.9410 0.9401 0.9389 0.9422 0.9412 0.9591 0.9683

Barbara 0.9125 0.9128 0.9130 0.9114 0.9105 0.9118 0.9392 0.9696

Stars 0.9584 0.9603 0.9617 0.9608 0.9610 0.9608 0.9762 0.9975

Average 0.8952 0.8963 0.8966 0.8950 0.8949 0.8965 0.9279 0.9376

the experimental findings are high. In the experiments, as in
recent studies, the 1/2 × 1/2 sub-sampling of the 12 images
was performed. Commonly used methods for sub-sampling
include nearest neighbor, linear, and bilinear approaches.
However, in this study, a successful method called direct
inference was employed [27]. Subsequently, image interpo-
lation was applied to the ILR image obtained through direct
inferenceusing a2×2upsampling to generate the IHR image.
The resulting images were then compared to the original
images. PSNR and SSIMmetrics were used for the compari-
son process. Table 1 represents the comparative performance
of all methods in terms of PSNR.

When examining the results in Table 1, it is evident that
the proposed approach achieves high success. Particularly
noteworthy are the interpolation works carried out in recent
studies, such as GEI and SNN.On the other hand, when com-
pared to these approaches, the proposed model yields more

effective results. This demonstrates that the critical stage of
edge detection, which is a crucial aspect in interpolation
works, is performed more successfully with the proposed
method. SSIM results, which is another metric, are given in
Table 2. The results in Table 2 show compatible with Table 1.
The developed technique showed superior performance in all
images. In other words, using similarity transform in edge
detection has increased the success of interpolation. Out-
put images of GEI, SNN and proposed methods are given
visually in Fig. 11. There are 3 methods that give the best
results in the related figure. Although it is noteworthy that
the methods protect the edge pixels, Table 1 and Table 2
prove the success of the proposed method. In addition, Sim-
ilarity Based interpolation approach produced faster results
than other methods.

When the studies conducted in recent years are exam-
ined, it is seen that the methods generally benefit from
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Fig. 11 Original and interpolated images: aOriginal b [30] c [31]d Pro-
posed

gradient-based linear structures. However, it is known that
non-linear structures represent HVS more successfully. The
non-linear structure of the proposed method is one of its
important advantages. İncetas [28] model directly used the
inter-pixel differences obtained with SNN. In this proposed
study, these non-linear differences were used in a similarity-
based non-linear edge detection approach. In addition, GEI
are successful interpolation techniques developed in 2022.
However, it is an important drawback that method needs
user dependent parameters. GEI is an interpolation tech-
nique that requires calculating regional gradients for each
pixel. Noise in the input image negatively affects the gradi-
ent estimation, resulting in noise and artifacts as a result of
interpolation. Errors made during regional gradient estima-
tion may become more apparent as a result of interpolation
and may reduce image quality. The SNN based pixel simi-
larity is completely user-independent and does not need any
parameters. CGI,WTCGI andCEDapproaches often involve
complex algorithms, which require high computational cost.
Therefore, it is inevitable that processing times will increase,
especially for high-resolution images. Additionally, the pres-
ence of noise in the input images affects the results of the
respective approaches. The performance of contrast-guided
interpolation is highly dependent on the quality of the input
images. Additionally user dependent. Our proposed method,
unlike existing gradient-based linear techniques, determines
the difference between pixels non-linearly. Thanks to the
proposed SNN model, edges are determined in accordance
with HVS. In addition, with the help of the proposed model,
calculations are made faster than previously presented SNN
models. In addition to all these, it is seen that the success of
interpolation is high when compared to state-of-art articles.

In the similarity image, the closer the gray level value of
a pixel is to its neighbors, the closer the similarity value is
to 255 (or 1). It’s attractive easy to interpolate an area with
pixels that are similar to each other because the gray level
values are also very similar. However, when the entire image
is interpolated in the same way, distortions occur, especially
at the edges. Techniques developed for this purpose gen-
erally include linear structures such as gradients. However,
proposed architecture produces results more similar to the
non-linear structure of the human visual system. Moreover,
the computational cost is competitive compared to various
approaches that simulate the human visual system. The cal-
culation time of the methods is shown in Table 3. It is clear
from the details of Table 3 that the CED approach performs
transactions at the best times. However, the proposedmethod
is clearly superior to methods such as CGI and IEDI.

Although the proposed SNN model and interpolation
approach have successful results, the disadvantage of the
method is that it does not include a learning process. It will
be possible to achieve higher success by using more trained
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Table 3 Computation average
time (in second) for 12 test
images

[26] [27] [28] [25] [30] [31] Proposed

4.15 1.19 1.75 24.06 1.94 2.57 2.47

data sets with learning processes that can be easily included
in SNN models.

6 Conclusion

In disciplines such as defense, criminal and medicine, where
improving image quality is of vital importance, increasing
the size of the image to preserve the edges is very important.
In many studies proposed in recent years, the importance of
preserving edge information in the interpolation process has
been emphasized. For this reason, the studies consist of two
basic stages. These stages can be expressed as edge detec-
tion and applying the appropriate interpolation technique.
The use of linear approaches such as gradients in the detec-
tion of edge information is seen in current studies. However,
algorithms representing the non-linear feature of the human
visual system give more successful results. In this study, a
novel nonlinear interpolation method based on pixel simi-
larity with SNN architecture is proposed. The focus of the
proposed study is the edge detection, which is the first phase
of the interpolation process. In the second stage, the same
procedures were carried out as in the current studies. Exper-
imental findings have shown that the proposed method is
more effective. In addition, the proposed SNN based pixel
similarity approach produced competitive faster results than
the others. Numerical evaluations were made using SSIM
and PSNR performance criteria. Both numerical results and
visual evaluations provided promising interpolation results.
Additionally, by including the learning phase, it is planned to
future work on edge detection based on pixel similarity and
use the determined edges in different image processing areas
such as image interpolation, content-based image retrieval
and diffusion filter.
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