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ABSTRACT

Clarity of Terahertz image is essential at various security checkpoints to avoid
life’s dangers and treats. However, Terahertz images are distorted by noise. Noise is
frequently present in digital images during the image collection, coding, delivery, and
processing phases. It is extremely difficult to remove noise from digital images without
prior knowledge of the noise model. Wavelet transforms have gained popularity as a
tool for image denoising. In this paper, we advance a solution to this challenge using
Global Threshold selection as well as wavelet transform filters. When compared to
denoising Gaussian noise at the same percentage induced, biorthogonal is the most
effective denoising filter for salt and pepper noise. As the salt and pepper noise increases
from 20% to 60%, the hidden security image as our target varnishes or is overpowered
by the induced salt and pepper noise. We discover that despite the fact that the bior 4.4
and sym4.0 wavelet transform filters prove powerful in denoising the image, it is still
not clearer and that when an image is tainted by Gaussian noise, wavelet shrinkage
denoising is nearly perfect in both bior4.4 and sym 4.0, whereas when the image is
tainted by salt & pepper noise, wavelet shrinkage denoising is nearly perfect in both
bior4.4 and sym 4.0.

Keywords: Terahertz image; wavelet transform; biorthogonal; Gaussian noise; salt &
pepper noise.
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RESUMEN

La claridad de la imagen de Terahercios es esencial en varios puntos de control de
seguridad para evitar peligros y golosinas de la vida. Sin embargo, el ruido distorsiona
las imagenes de terahercios. El ruido estd presente con frecuencia en las imagenes
digitales durante las fases de recopilacion, codificacion, entrega y procesamiento de
imagenes. Es extremadamente dificil eliminar el ruido de las imégenes digitales sin un
conocimiento previo del modelo de ruido. Las transformaciones wavelet han ganado
popularidad como herramienta para eliminar ruido de imagenes. En este articulo,
presentamos una solucion a este desafio utilizando la seleccion de Umbral global, asi
como filtros de transformacion de ondas. En comparacion con la eliminacion de ruido
gaussiano en el mismo porcentaje inducido, el biortogonal es el filtro de eliminacion
de ruido mas eficaz para el ruido de sal y pimienta. A medida que el ruido de la sal y la
pimienta aumenta del 20% al 60%, la imagen de seguridad oculta como nuestro objetivo
se barniza o se ve superada por el ruido inducido de la sal y la pimienta. Descubrimos
que a pesar del hecho de que los filtros de transformacion de ondas bior 4.4 y sym4.0
resultan poderosos para eliminar el ruido de la imagen, todavia no es més claro y que
cuando una imagen esta contaminada por ruido gaussiano, la eliminacion de ruido por
contraccion de las ondas es casi perfecta en ambos bior4.4 y sym 4.0, mientras que
cuando la imagen est4d contaminada por ruido de sal y pimienta, la eliminacion de ruido
por contraccioén de ondas es casi perfecta tanto en bior4.4 como en sym 4.0.

Palabras clave: Imagen de terahercios; transformada wavelet; biortogonal; Ruido

gaussiano; ruido de sal y pimiento.
INTRODUCTION
Image Enhancement vs. Image Denoising

Image enhancement is not the same as image
denoising. Image enhancement is an objective
process, while image denoising is a subjective
process, as Woods and Gonzalez (2021)
demonstrate. Picture denoising is a restoration
technique in which an image that has been
degraded is attempted to be recovered using
previous knowledge of the degradation process.
Image enhancement, on the other hand, is the
process of altering an image’s characteristics to
make it more appealing to the human eye.

Terahertz images produced by the IMPATT Diode
(IMPact ionization Transit Time, 2020), power,
and the detector camera reflect, diffract, and
scatter singles as normal image digital camera
for photography do as described in chapter 3
earlier. These low-resolution images produced

by the terahertz machine as shown in Fig.1 above
are affected by noise and sometimes can lead to
false detection at security checkpoints. Terahertz
linear scanned camera operates like a normal
CCD camera (Sestak et al., 2019) .

Terahertz image scanner cameras work like other
forms of digital cameras. The operations of these
digital cameras depict the same block diagram
ideas of the terahertz capturing system. The light
from regions of interest is focused onto a sensor
by a lens. Color and light intensity is measured
by the sensor (Yang et al., 2017).

The picture is converted to a digital signal
by an analog-to-digital converter (ADC). An
image-processing block improves the image
and compensates for some of the other camera
blocks’ shortcomings. The image will be stored
in memory, and a monitor will be used to preview
it. Some blocks are there to give the user power.
The lens, sensor, and ADC, as well as the image
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processing block itself, add noise to the image.

Millions of tiny light-sensitive components
make up the sensor (Jang & Hwang, 2020). They
have different physical, electrical, and optical
properties, which introduces signal-independent
noise (dark current shot noise) into the acquired
image. The photon shot noise is another form of
shot noise. This happens because the amount of
photons detected varies depending on which part
of the sensor you’re looking at. Amplification
noise, which is Gaussian in nature, is introduced
when sensor signals are amplified. In the
digitization step, the ADC introduces thermal
and quantization noise. Part of the noise is
amplified by the image-processing block,
which also introduces its own rounding noise.
Since there are only a finite number of bits to
reflect intermediate floating point results during
computations, rounding noise occurs (Terasense,
2020).

Since it is symmetric, continuous, and has a
smooth density distribution, most denoising
algorithms assume zero mean additive white
Gaussian noise (AWGN).

In reality, however, several other forms of
noise exist. One example is correlated noise
with a Gaussian distribution (Gonzalez-Lee
et al., 2021). Poisson, Laplacian, and non-
additive Salt-and-Pepper noise are examples of
various noise distributions. Bit errors in image
transmission and retrieval, as well as in analog-
to-digital converters, cause salt-and-pepper
noise. A scratch in a photograph is another
example of noise. Signal-dependent or signal-
independent noise exists. For instance, consider
the quantization procedure (Liu et al., 2019)
(Ergelebi, 2004) (dividing a continuous signal
into discrete levels)

However, a lock-in-amplifier cannot be
synchronized to multiple pixels resulting in
a significant reduction in SNR as compared
to the scanned approach (Wanget al., 2019).
Finally, scattering is a concern for THz systems.
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Scattering is a common issue that many imaging
modalities face. The scattering of X-ray photons
induces artifacts in reconstructed images and is
the dominant transport phenomenon in optical
tomography. The photon propagation is modeled
using a diffusive method in optical tomography
reconstruction algorithms. Because of their
longer wavelength, THz photons undergo less
Rayleigh scattering than optical and X-ray
photons. Scattering, on the other hand, is still
a problem in T-ray imaging, and accurately
modeling the scattering process could support
future imaging algorithms.

The most challenging aspect of using region-
based methods is figuring out how to create
acceptable similarity standards for region-based
methods. In the application of denoising in
imaging techniques, various forms of filters are
used.

By forming an exponentially formed filter kernel,
the Frost Filter (Frost et al., 1982) achieves a
balance between averaging and an all-pass filter.
The filter’s answer varies locally according to
the coefficient of variation likewise wavelet
transforms filters.

THE GENERAL NOISE
TERAHERTZ IMAGES

ISSUES 1IN

Another challenge faced by THz imaging systems
is the signal-to-noise ratio. This is inherently
tied to the average power of the THz emitter.
In THz time-domain spectroscopy systems, a
very high SNR can be achieved. However, in
imaging applications, several factors combine to
dramatically reduce the SNR to the point where
it becomes a limiting concern. Some of these
factors worth pointing out include the need to
accelerate the imaging acquisition speed and the
high absorption of many materials. Significant
advances are required in the acquisition speed
of THz systems to achieve real-time imaging.
Conventional THz imaging systems rely on
scanning the sample in the x and z dimensions
to obtain an image. This places a severe limit
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on the available acquisition speed. Recently,
two-dimensional (2D) electro-optic sampling
has been used like a CCD camera to provide a
dramatic increase in speed of imaging.

Denoising sometimes introduces noise into a
picture as shown figure 1. The following are some
of the disturbance artifacts caused by denoising:

1. Blur: The picture can have smooth edges due
to the impedance of high spatial frequencies.

2. Ringing/Gibbs Concept: Quantization of high
frequency transform coefficients can result in
picture oscillations or ringing distortions.

3. Staircase Damage: Data loss of high-
frequency elements in the image can result in
stair-like structures.

4. Checkerboard Damage: Denoised images
may have checkerboard structures on
occasion.

5. Wavelet edges effects noticeable in the
denoised images, these are distinct repeated
wavelet-like structures that occur in wavelet
domain architectures.

Figure 1: Terahertz acquisition image system and samples

IMPATT diode

Several applications are used for image and signal
processing.

WAVELETS IN IMAGE APPLICATIONS

There are serval wavelet operators (Mishra et al.,
2017) (Cheng et al., 2015) (Laine, 2000) (Zhong,
and Ning, 2000) (Starck et al., 2010) (Jiang,
2008) (Howlader & Chaubey 2010) used for
image processing either dimensional or multi-
dimensional image filtering properties applied to
orthogonal and biorthogonal filters as shown in
table 1.

In this section, the most commonly used for
image denoising and enhancement images.

Table 1. Wavelet properties base on their families and their functions.

Wavelets with Filters Wavelets without Filters
With compact support With non-compact support Real Complex
Orthogonal Biorthogonal = Orthogonal gous, mexh, cgou.shan fbsp,
morl cmor

Db, haar, sym, colf bior

Meyr, dmey, btlm

Wavelet for denoising

An orthogonal wavelet such as Symlet or
Daubechies wavelet is good for denoising signal
whiles a biorthogonal wavelet can be good for
image processing. Finally, the biorthogonal
wavelet filter has a linear phase which is good
for image reconstruction and for compression
such as bior4.4 or rbior3.9 as shown in table 1.

Wavelet for Compression

Biorthogonal wavelet particularly bior4.4 or
rbior 3.9 is good for image compression because
they are symmetric hence linear.

Wavelet with higher vanishing moments should
be considered because such wavelet produces
fewer significant coefficients, therefore the
majority of the coefficient are neglected to

40 Revista de Investigaciones Universidad del Quindio, 34(1), 37-51; 2022



achieve compression results. Additionally,
higher vanishing moments causes more regular
wavelet, therefore, smooth reconstruction of
image or signal. Maximal Overlap Discrete
Wavelet Transform (MODWT) is needed when
the goal is geared toward acquiring variance
analysis. This MODWT conserve energy for
analysis stage by using orthogonal wavelet such
as db, sysm.

Other Applications of Wavelet.

* Image watermarking: Wavelet with higher
vanishing moments (more regular) and
symmetry(linear phase) such as bior 6.8

* [Edge detection: Wavelets with smaller
support (less vanishing moments) such as
haar, biorl.1

* Ecg signal extraction: sym4 is widely used
for this purpose

* Feature extraction for OCR: Wavelet with
higher vanishing moment such as db10.

Frequency filters

The image and signal processing tool for
denoising and multispectral possibilities is
wave-transforming (WT). In contrast to the
transformation Fourier FT where only frequency
signal is known, whiles WT is suitable for
transitory and non-stationary signals frequency
response varies in time (Robinson et al., 2010)
(Baili et al., 2009). Signals are typically limited
by the band, which corresponds to finite energy,
which means that only a limited range of scales
needs to be used. Inversely proportional to the
frequency of the radius. Consequently, high-
scale and dilated wavelets are the corresponding
low frequencies. Global information is extracted
from a signal known as approximations utilizing
wavelet analysis on a high scale. While fine
information is extracted from a signal core
details at the low scales.

THE FOURIER TRANSFORM THEORY

Fourier transform has two forms: the Content
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Time Signal and Discrete-Time Signal. Both can
be mathematically expressed as equations 1 & 2
and figure 2 below.

For Fourier transform for Content Time Signal =
Infinite extent

Flw) = ffooof(t)e_jwtdt (1)
For Fourier transform for Discrete-Time Signal
= Finite extent.

F(w) = X3 f(n)e~/on )

Figure 2. Signal decomposition
1) |F(jo)|

1
> =

e'u(r)

Decomposition of the signal f(£) in an infinite
number of sine/cosine waves (harmonics).

FT does not identify exactly where an event
occurs meaning the time information is missing
and only frequency and magnitude are given
as shown in figure 2. This nature makes it
discontinuous and bursts of signals.

The chirp signal, the content increase with time
as the corresponding full spectrum, but when
the signal is reversed, its frequency will be
decreasing with time, then the same magnitude of
full spectrum would be derived which tells what
is happening in the time domain. The solution
to this problem was proposed by Dennis Gabor
(1946) introducing the STFT as an advantage but
to analyze only a small section of the signal at
a time with a technique called Windowing the
Signal. This is done when the Segment of signal
1s assumed stationary as expressed in below eqn
3 and figure 4.

A function of time and frequency
STFTE(t", w) = [ [x(£). W (t — t")].e T@tdt (3)
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Figure 3. STFT Signal representation
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%@

Time

Amplitude
Freguency

Time

The drawback also in STFT is the Unchanged
Window, which makes it uncertain because we
cannot know what frequency exits at what time
intervals.

The uncertainty Procedure of Resolution goes
like this:

* If Narrow window (good time resolution)
then a poor frequency resolution is obtained.

* If Wide window (poor time resolution) then
a good frequency resolution would be the
outcome.

Wavelet for Compression

A wavelet is a waveform of effectively limited
duration that has an average value of zero. It is
defined as,

t—b

Yar@® =%9(7) ab €R @

Here @ and © are called Dilation (Scale) and
Translation (Position) parameters respectively.

An example wavelet is shown below. With the
help of a we stretch the wavelet to size and with
help of b the wavelet will be shifted a long time

period. In eqn. 5 is a complex wavelet as shown
as Morlet Wavelet

t2

P(t) = e/fez (5)

Figure 4: Morlet wavelet

Rely (1]

THE THEORY OF WAVELET

Comparing the Fourier transform and the
wavelet transform

In Fourier transform, any signal is expressed
by its harmonics component, which is of sine,
cosine, and an infinite number of sine cosine. This
means the main function of FT is a constituent
of sinusoids of different frequencies while in
Wavelet transform the signal can be expressed
by wavelets of different scales and positions.
The main constituent of wavelet transform is a
wavelet of different scales and positions.

In this section, the theory of wavelet is advanced
with emphasis on the various categories.

a. Categories of Wavelet Transforms

Wavelet transform is grouped into two. They
are Continuous Wavelet Transform (CWT) and
Discrete Wavelet Transform (DWT).

Figure 5. Fourier transform vs wavelet transform

Fourier
m

signal Constituent sinusoids of different frequencies

CTRTE— S SR

Constituent sinusoids of different frequencies

signal

Continuous Wavelet Transform (CWT)

The Continuous Wavelet Transform (CWT) of a
signal f(®) is then given by the equation 6.
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cWT(a,b) = (fba,) = = L7 F (@9 (52) dt (6)

Here, (f-1an) is the L” inner product

The results of the CWT give many wavelet
coefficients, which are a function of a (scale) and
b (position). Wavelet coefficients are arranged in
the diagram below. For instance, the first line is
all the coefficient of scale as shown in figure 6
(cl1-cln), then scale two is arrange from c21-
c2n and scale three it being arranged c31-c3n
until all the coefficient is arranged. With the a
is compressed and wavelet is captured all high
frequencies component available in the signal
and with the b the wavelet is sliced along the
time axis and then multiplied with signal and
finally integrated. It is repeated until the entire
coefficient at scale 3 is derived as shown in the
diagram. At low scale fine frequency details
as wavelets are compressed it captures high
frequency as high scale the wavelet is stretch and
it captures low frequency details.

Figure 6. Continuous wavelet transformation

%W\F\\f\

M[\/\ /N F\f\ i
e I [ Jeosem

Discrete Wavelet Transform (DWT)

The constant transformation of the wavelet
gives us lots of redundant data. DWT requires
less space, using space-saving coding based on
the fact that wavelet families are orthogonal or
biorthogonal so that redundant analysis is not
performed. The DWT matches its continuous
version, usually sampled on a dyadic grid,
meaning that the scales and translations are
powerful.

The DWT is calculated in practice by a high-
pass and low-pass filter to successively pass
a signal. The High-Pass filter that forms the

Security inspection image processing methods applying wavelet transform filters on terahertz active images.

wavelet function generates approximations A for
each decomposition level. Details of D (Mallat,
1999) (Boix & Cantd, 2013) are provided by the
complementary low-pass filter representing the
scaling function. This algorithm is referred to
as subband coding. During the filtering process,
the resolution will be modified, and the sampling
scale will be changed either by up or down.

The a is chosen to be an integer power of one
fixed dilation parameter @ > 1.i.€.a@ = ag". The
different values of m correspond to wavelets
of different widths. The narrow wavelets are
translated by small steps, while wider wavelets are
translatedbylargersteps. Therefore,bisdiscretized
by b = nbyal', where by > 0 is fixed and n € Z.
The corresponding discretely labeled wavelets
are, therefore,

m

Yn(k) = a;?tp(ao‘m(k —nbyaf)) mnelZ (7)

For a given function f(K): the inner product
(f ¥man) then gives the discrete wavelet
transform as given as,

DWT (1) = (f ) = @ T fU)"(ag™k —nby)  (8)

Discrete Wavelet Transform (Multi Resolution
Analysis (MRA)

If scales and positions are chosen, based on
powers of two, so-called Dyadic scales and
positions, their analysis becomes much more
efficient and just as accurate.

S. Mallat (2009) proposed this. For some very
special choice ¥(k) with good time-frequency
localization properties such that the,

Ymn (k) = 2_%¢(2_mk —n) mnelZ 9)

constitutes an orthonormal basis for L? (R),

For a given function f(k), the inner product
(f:¥mn)  then gives the
transform as given as,

DWT(m.n) = (f.hma) = 272 Lo f (k)" (27K =) (10)

discrete wavelet
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The wavelet decomposition of a signal © (t) based
on the multi resolution theory given by S. Mallet
(2009) can be done using digital FIR filters as
shown in figure 7.

The Haar wavelet function is defined as follows:

ORTHOGONAL AND BIORTHOGONAL
WAVELET MATHEMATICS

The mathematical foundations of orthogonal and
biorthogonal wavelets are examined critically in
this section.

Figure 7. Wavelet decomposition of a signal
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0. otherwise (11)
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(x) = 202pHaar(2ix — k) = _1, k+if2 << k_—:l
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0. otherwise (12)
Characterizes simple wavelet scale A ¢ (t) is a
scaling function in time t

Gircey = 27227t — k) (13)

where j is the scaling parameter and k is the
translation parameter, and both j and k are part
of S. A set of integers is referred to as S.

Translation and scaling are necessary for the
formation of a class of functions, and dilation
can be used to form the equation 14.

— L=

Gy SAWAN A

Signal Synthesis
One level

Reconstruction

w

1000 data points

cD High Frequency

(Detailed Coefficient)
-500 DWT coefficients

cA Low Frequency

(Approximation Coefficient)

-500 DWT coefficients

¢(t) = 2 X hnp(2t — n) (14)

The filter coefficient is specified here, and
the scaling factor is. The presence of the
parental wavelet (wavelet function that defines
the basic wavelet shape) is denoted by

Yk = 2727t — k) (15)

‘P(f), represents the weighted sum of the shifted
¢(2t) this generated the orthogonal fundamental
for LR

‘-Jb(t) = \/2 E?lgnﬁb(Zt - n)

(16)

The wavelets section necessitates the use of
orthogonal complement space. The wavelet
filter and scaling coefficients are required for
orthogonality, and they are connected by:
In = ()" (17)

A Cartesian coordinates mirror high pass and low
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pass filter is what this pair of 9n and hn is called.
The biorthogonal wavelet is a consequence of this
method of the classical orthogonal generalization

The dual scaling function is depicted here as
follows, mathematically:

qﬁ(t) = \{Eznﬁn &(Zt —n) (18)

In the same way, a duality wavelet is denoted by

l;ﬁ(t) = 'JEZRQA’I?: (‘ﬁ(Zf —n) (19)
Finally, the duality scaling gives
{gn = (="hy.,
=(-1)"h
gn ( ) (1-n) (20)

Biorthogonal Wavelet filter

Biorthogonal wavelet belongs to the family
with compact supports example is bior. This
is a powerful tool for image denoising. W.
Sweldens pioneered the use of the lifting scheme
(Uytterhoevenm et al., 1997) to create the
biorthogonal wavelet. Lifting is a straightforward
method for increasing the vanishing moments of
duality wavelets. Cohen et al. and Swelden were
the pioneers of the lifting system. The initial

collection 9% G hh° s presumptively believed
as a term used to describe finite biorthogonal
wavelets. As a result, a new package deal
g.ghh g gathered and made up of a finite
biorthogonal filter.

{h(w)=h°(w)+g(w)<s<2w)>

g(w) = go(w)+h(w)32(w) 21)

The scaling and duality wavelet filters are not
altered, as can be seen from the above equations.
As a result, biorthogonal functions are derived
from the filters described above. The set package
Y0 19°.¢0.8° the biorthogonal scaling function is
contained in the initial package set. Therefore, a
new set package as ¥, ¥, ¢ is arrived.

Security inspection image processing methods applying wavelet transform filters on terahertz active images.

p(x)=y"(x)-%, S,p(x—k)
§(x)=2%, hg(2x—k)+ 3, S_ i (x—k)

y(x)=2%, &h(2x-k) 22)

Sk can be chosen at random in this case. The dual
functions and wavelets derived from a simple
scale function are manipulated by the value of

S in this case.
b. Orthogonal

Properties: asymmetric, orthogonal,

biorthogonal.

Wavelet transform is used to compress and split
details into long, vertical and diagonal. The
estimated image includes the pixel values, along
with the general context details. If the image
details are minimal, then reduce the threshold to
0. It will be fully undistorted if the energy stored
is 100%. However, if some change in value is
discovered, that signifies a loss of compression.
In order to reach this equilibrium, the Haar
wavelet is a perfect and noiseless solution for
this problem.

Averaging and differentiation of the image
matrix result in a sparse matrix that is highly
compressible. It works well for image
compression.

Figure 8. Wavelet and scaling functions of Haar

|

Scaling function & wavalet function ¥

To obtain a new resolution with new pixel values,
the first pairwise combination is computed.
During this process, information is lost.

X 272 (g—1)/2° <t < (g—05)/2°
h (t) = ﬁ

—27/2 (q—05)/2° <t < q/2F
0 otherwise

(23)
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The translation and dilation of the scaling
function {#12(0)} composes the basis for Vi and

Wi from (¥} 1f they are orthonormal to
each other, then it follows the below property:

V. LW,

<¢, 1¢J r >
<¢.f,l‘/’ ./,1'> =

) =6,

(24)
c. Biorthogonal Wavelet
Properties: ~ symmetric, not  orthogonal,
biorthogonal.

In signal and image reconstruction, linearity is a
critical and advantageous feature. The freedom
provided by a biorthogonal wavelet is greater
than that of an orthogonal wavelet. Biorthogonal
wavelets and a filter with a finite impulse response
help exact and symmetrical reconstruction.
We create a reverse biorthogonal wavelet by
combining two biorthogonal wavelets. The
biorthogonal wavelet graph is shown in Fig 9.
The freedom provided by a biorthogonal wavelet
is greater than that of an orthogonal wavelet.
Biorthogonal wavelets and a filter with a finite
impulse response help exact and symmetrical
reconstruction.

Figure 9. Wavelet and scaling functions of Bior

A

on wavelet function y
Reconstruction scali

1g function ¢p Reconstruction wavelet function

Abiorthogonalwaveletprovestwomultiresolution

analyses: Vi Wi @i Wik and Vi V W "ij Vjx
Dilation and translatlon of scahng functlon

(rp} k(x)) and (hjx(x)) , comprise the basis for Vi

and W) T respectively. The biorthogonality satisfies
the following properties:

v, Lw,

v, 17,

<¢7, 7> ¢, 7 > 51 7

<l//1 7> W/ 7" > 5 51 Al

<¢_,,/,l//,./ > = Oand <'/’j,/’¢j‘1'> =0 (25)

ALGORITHM: WAVELET-BASED
DENOISING OF IMAGES USING
MATLAB

The Global Threshold selection is implemented
using the MATLAB. The following command is
chosen:

Use of when CMP(): Function used for denoising
images and compression of 1D or 2D signals

Imgden = wdencmp(‘gbl or lvd’,

‘wvname’, N, THR, SORH, KEEPAPP)

Where,

Img: input noisy image and imgden: Output

denoised image

Gbl_or_lvd: Either used ‘gbl’ for single global

threshold or ‘lvd’ for level-dependent threshold

wvname: Name of wavelet used

N: Number of decomposition levels

THR: Threshold level(s) [Single value for ‘gbl’

and 3xN matric for ‘lvd’. Three rows each for

horizontal, diagonal, and Vertical detailed

coefficients and n number of columns, where N

is decomposition levels.

SORH: ‘s’ or ‘h’ corresponding to soft and hard

thresholding respectively.

KEEPAPP: cither 0 or 1. If 1 approximation

coefficients cannot be thresholded otherwise

they can be thresholded.

OR

Use of ddencmp() Function used for

finding default values for denoising image or

compression for 1D or 2D signals

 Imgden =[THR, SORH, KEEPAPP] =
ddencmp(‘den’, ‘wvname’, img)

Where,

Img: Input noisy image

THR: Default global threshold level.

SORH: ‘s’ or ‘h’ corresponding to soft and hard

thresholding respectively.

img,
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KEEPAPP: either 0 or 1. If 1 approximation
coefficients cannot be thresholded otherwise
they can be thresholded.

ddencmp() computes threshold value based on
‘Universal Threshold’ Method of Donoh.

[,:g,- = 9 [2log(N))

The following measures are included in the
performance assessment procedures:

(26)

Add additive uniform noise type to image
Select Wavelet Type

Select level of decomposition

Apply Thresholding technique

De-noise the image

Compute the Noisy-SNR

Compute the Dnoiseed-SNR

Nk W=

RESULTS AND DISCUSSION

The SNR values of synthesis by denoising
and enhancing terahertz hidden security
image with the corresponding information
filters coefficients are also compared. Finally, in
the proposed Matlab algorithm, a comparison of
SNR values obtained using Symlet-4, and bior-
4.4 wavelets for Gaussian and salt & pepper
noise is shown figure 10 and 11

Biorthogonal wavelet filters produce one scaling
function and wavelet for decomposition and
another pair for reconstruction, while orthogonal
wavelet filter banks generate a single scaling
function and wavelet.

Our findings show that using symmetric extension
improves the performance of orthogonal
wavelets significantly. Furthermore, our research
reveals that linear filters are critical for denoising
and compression images edges problem that has
previously gone unnoticed.

We also show that when biorthogonal and
orthogonal wavelets have similar filter
properties and use symmetric extension, they
produce similar compression and denoising

Security inspection image processing methods applying wavelet transform filters on terahertz active images.

performance. The biorthogonal wavelets show a
slight performance advantage for low frequency
images; however, this advantage is much smaller
than previously published results and can be
explained by wavelet properties that were not
previously considered.

Figure 10. Wavelet biorthogonal filter
on salt &pepper vs Gaussian noise

16 ——GAUS(N)
—— GAUS(DE-N)

14 ——SPP(N)
|—— SPP(DE-N)

0 0.1 0.2 0.3 0.4 0.5 0.6
% of NOISE

Figure 11. Wavelet Orthogonal filter on salt & pepper vs

Gaussian noise
60

[——causm)
|——— GAUS(DE-N)
[——SPP(N)

45 |—— SPP(DE-N)

8.0 0.1 0.2 0.3 0.4 0.5 0.6
% of NOISE

Figure 10 and 11, shows that whenever the
percentage of the induced SNR noise type
increases the denoised SNR wavelet filter
which serves as a catalyst also varnishes along
its horizontal, vertical, and diagonal detailed
coefficient thresh. In figure 10 and 11 ,the green
lines represents denoising at salt and pepper
whiles red lines also indicates denoising at
Gaussian. Biorthogonal bior4.4 and sym 4.0 for
orthogonal is used in this work. Biorthogonal
is the most effective in denoising filter for
donoising salt and pepper noise as compared
with denoising the Gaussian noise at the same
percentage induced. It, therefore, makes wavelet
localized feature in the image pixel data to
have different scales as it preserves important
image feature whiles removing noise from the
image because wavelet denoising or wavelet
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thresholding is the wavelet transform that leads
to a sparse representation for images.

As Salt & pepper noise increases from 20% to
60%, the hidden security image as our target
varnishes or over powered by the induced salt
& pepper noise as shown in figure 13 and 15
though bior 4.4 and sym4.0 wavelet transform
filters proves powerful in denoising the image

but it still not clearer.

When an image is impaired by Gaussian noise,
wavelet shrinkage denoising has been found to
be nearly perfect in both bior4.4 and sym 4.0 than
when the image is corrupted by salt & pepper
noise. The visually comparative analysis of the
Gaussian and salt & pepper noise parameters as
shown in figures 12 to 15.

Figure 12. Using Biorthogonal bior4.4 filter (@ Gaussian noise
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Noisy Image

dencised Image

[ @04 |

Noisy Image denoised Image

denoised Image

denoised Image
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Figure 13. Using Biorthogonal bior4.4 filter (@ Salt& pepper noise
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Figure 14. Using orthogonal sym4.0 filter @ Gaussian noise
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Figure 15. Using orthogonal sym4.0 filter @ Salt & pepper noise
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CONCLUSION

This work represents a comparison of denoising
methods for Terahertz images both in the
frequency domain filters. This outcome is a
promising future for terahertz security application
images. The frequency-domain denoising used
in this work is the wavelet transform for high/
low pass filters and low/high pass filters. It
shows that biorthogonal filters are very effective
to terahertz low resolution image due to some
level of noise in the image whilst capturing
process and after the transferring of images unto
the disks. Since wavelets cannot simultaneously
possess the desirable properties of orthogonality
and symmetry, they are used for image denoising

and enhancement. Biorthogonal wavelets have
been the de facto norm for image denoising
and compression applications for images, for
a long time, their qualities contribute to image
enhancement. The primary explanation for their
superior success is the feasibility of symmetric
extension with biorthogonal wavelets.
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