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Abstract

The performance of ultrasonic non-destructive evaluation (NDE) systems is frequently limited by backscattering and electronic
noise, which reduce sensitivity and resolution, particularly in industrial environments. At the Metals Industry Development
Institute in Ethiopia, the ultrasonic NDT flaw detector (model UFD-01/T) has been employed to defects internal material defects.
However, accurately pinpointing crack related frequencies remains difficult due to substantial environmental noise interference.
To address this challenge, a post-processing noise cancellation system was developed utilizing advanced adaptive filtering
techniques. This study presents mathematical models for noise reduction and evaluates the effectiveness of several adaptive filter
algorithms, including Fast Fourier Transform (FFT), Finite Impulse Response (FIR), Infinite Impulse Response (IIR), and Least
Mean Square (LMS) methods. These algorithms were implemented and simulated within the MATLAB environment to assess
their ability to isolate defect signals from noise. Simulation results demonstrate that the proposed adaptive filtering methods,
particularly the LMS algorithm, effectively attenuate high-frequency noise originating from echoes and environmental
interferences. Consequently, the noise floor in the processed ultrasonic signals was reduced to below 35 dBm, significantly
enhancing the capability to localize material defects. These findings support the integration of adaptive filtering techniques in
ultrasonic NDE systems to improve defect detection precision in noisy industrial environments, thereby enhancing inspection
reliability, reducing false positives, and contributing to the overall safety and efficiency of industrial operations.
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1. Introduction

Ultrasonic non-destructive evaluation (NDE) is widely  and electronic noise sources, such as welding and acoustic
used for detecting internal defects in materials, particularly in ~ noise, which can significantly corrupt the acquired ultrasonic
the metals industry. However, the effectiveness of ultrasonic  signals [1-3]. Numerous studies have explored noise reduc-
NDE systems often compromised by various environmental  tion techniques across diverse applications, including speech
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processing and machinery, employing methods such as the
least squares algorithm to minimize noise impact [4-7]. Re-
cent advancements have also introduced FPGA-based finite
impulse response (FIR) filter architectures [8-10] and register
transfer level (RTL) algorithm implementations [11-14] for
enhanced ultrasonic signal processing. Hybrid approaches
that combine multiple signal processing techniques recom-
mended for further improvement.

The surface layer of materials, due to its unique exposure to
environmental interactions, mechanical treatments, and stress
concentrations, often exhibits properties distinct from the bulk
material. These surface characteristics are critical in product
design and reliability, making accurate defect detection es-
sential [15-17].

Despite the progress in mathematical modeling and hard-
ware implementation for noise reduction, previous works
have not fully addressed the potential of matched filtering in
ultrasonic NDE, particularly for coarse-grained materials.
Matched filtering, when properly designed and optimized to
approximate defect echoes, offers a powerful and efficient
means to enhance defect detection and imaging [18, 19].

This paper presents the design and simulation of adaptive
filtering techniques, including matched filtering, for noise
cancellation in ultrasonic NDE applications. The proposed
approach incorporates Fast Fourier Transform (FFT), FIR,
infinite impulse response (IIR), and least mean square (LMS)
algorithms, all implemented and tested in a MATLAB envi-
ronment.

2. Mathematical Model

This section presents the mathematical framework for noise
cancellation in ultrasonic signals using digital adaptive fil-
tering techniques. The goal is to design filters that can effec-
tively separate the desired ultrasonic echoes from unwanted
noise, including environmental and electronic interference.

2.1. Signal Model

The signal model provides a foundational framework for
ultrasonic signal recovery, where the observed signal x(n)x(n)
combines the desired defect echoes s(n)s(n) and additive noise
v(n)v(n). This model assumes noise arises from environmen-
tal or electronic sources, which can obscure defect detection
in non-destructive testing (NDT) applications. Noise charac-
teristics: v(n)v(n) may exhibit Gaussian or non-Gaussian
distributions, influencing the choice of recovery techniques.
For example, higher-order spectral analysis effectively sup-
presses Gaussian noise, while matched filtering enhances
signal-to-noise ratios in colored-noise environments. Sparsi-
ty-based approaches: Compressive sensing methods exploit
the inherent sparsity of defect signals in a specific domain.

Let the acquired ultrasonic signal be modeled as:

x(n)=s(n)+v(n)x(n)=s(n)+v(n)
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Where,(n)x(n):- observed (noisy) signal; (n)s(n):- desired
ultrasonic signal (echoes from defects); (n)v(n):- unwanted
noise (environmental/electronic).

The objective is to recover (n)s(n) from x(n)x(n) by min-
imizing the noise v(n)v(n).

2.2. Adaptive Filtering Framework

An adaptive filter dynamically adjusts its parameters to
minimize the error between a desired reference signal (n)d(n)
and the filter output y(n)y(n). The error signal defined as:

e(n)=d(n)—y(n)e(n)=d(n)-y(n)
The filter output is given by:

y(n)=wT (n)x(n)y(n)=wT(n)x(n)

Where,
1) w(n)=[w0(n), wl(n),...,wL—-1(n)]Tw(n)=[wO(n),
wl(n),..., wL—1(n)] T: adaptive filter coefficients (L-tap)
2) x(n)=[x(n),x(n—1),....x(n—L+1)]Tx(n)=[x(n), x(n—1),...,
x(n—L+1)] T: input signal vector
The filter coefficients updated to minimize the mean square
error (MSE):

(n)=le2(m)] J(n)=E[e2(n)]

2.3. Least Mean Square (LMS) Algorithm

The LMS algorithm is a widely used adaptive filtering
method due to its simplicity and robustness. The coefficient
update rule is:

w(n+1) = w(n)+ue(n)x(n)w(n+1)=w(n)+pe(n)x(n)

Where,
1) pp: step-size parameter (controls convergence and sta-
bility)
2) (n)e(n): error signal
The LMS algorithm iteratively adjusts the filter weights to
minimize the MSE, enabling real-time noise cancellation in
ultrasonic NDE applications.

2.4. Frequency Domain Analysis Using FFT

To analyze and process signals in the frequency domain, the
Fast Fourier Transform (FFT) is applied:

[k]=Yn=0N-1[nle—j2nNkn, k=0,
1,...N—1X[k]=n=0YN-1x[n] e—jN2zkn, k=0, 1,..., N—1

FFT efficiently decomposes the signal into its constituent
frequencies, facilitating the identification and suppression of
noise components.
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2.5. FIR and IR Filter Models

Finite Impulse Response (FIR) Filter:
(n)=Xi=0L—1h(i)x(n—i) y (n)=i=03 L—1h(i)x(n—i)

Where, h (i) h (i) are the filter coefficients.
Infinite Impulse Response (1IR) Filter:

y()=2i=0Ma(i)x(n—i) —2j=1Nb(j)y(n=j) y
(n)=i=02 Ma(i)x(n—1)—j=12Nb(j)y(n-j)

Where, (i)a(i) and b(j)b(j) are the filter coefficients.

Both FIR and IIR filters can be used as part of the adaptive
filtering framework, with FIR filters offering guaranteed
stability and IIR filters providing efficient realization of sharp
frequency responses.

2.6. Implementation and Practical
Considerations

The proposed adaptive noise cancellation system imple-
mented and tested using MATLAB/Simulink with signals
acquired from ultrasonic sensors on metallic samples. The
algorithms designed to operate in real-time, addressing chal-
lenges such as computational cost and the need for rapid
convergence.

Simulation and experimental results confirm that the adap-
tive filtering approach-particularly the LMS algo-
rithm-effectively suppresses high-frequency noise, yielding a
filtered signal with a noise floor below 35 dBm and signifi-
cantly improving defect localization.

This mathematical modeling framework demonstrates how
digital adaptive filtering, combined with frequency domain
analysis, can be systematically applied to enhance ultrasonic
NDE signal quality by removing unwanted noise components.

2.7. The Fast Fourier Transform (FFT)
Algorithm

General Definition of FFT

X[k] =3 {n=0}"{N-1} x[n] e"{-j\frac{2\pi}{N}kn}, k =0,
1,...N-1 (1)

For each k value, this requires:

N complex multiplications

N-1 complex additions

O(N=Z computations for direct DFT

FFT Optimization Principles

FFT exploits symmetries of e™{-j\frac{2\pi}{N}kn} by
defining W_N = e{-j\frac{2\pi}{N}}

Complex conjugate symmetry:
W_N~{-kn} = (W_N~{kn})*

Periodicity in n, ki W_N~*{kn} = W_N{k(N+n)}

W_NA{K(N-n)}
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W_N~{(k+N)n}

Decimation in Time FFT

Building a large DFT from smaller ones (assuming N =
2"m):

Separate x[Kk] into even and odd-indexed subsequences:

X[k] =Y {n=0}"{N-1} x[n] W_N"{kn} = {even} x[n]
W_N~kr} +Y {odd} x[n] W_NMkr}  (2)

Where even indices are:
n=2r

n=2r+l
r=0,1,2,..,N/2-1
This gives:

X[k] = ¥ {r=0}" {N/2-1} x[2r] W_NA{K2r} + ¥ {r=0}"{N/2-1}
X(2r+1)W_NA{(2r+1)k} ©)

Rearranging:

X[k] =Y {r=0}"{N/2-1} x2r"{kr} + W_N7k Y {r=0}"{N/2-1}
x2r+17{kr} 4

Since W_N"2 = er{-j\frac{2\pi}{N}2} =
e-j\frac{2\pi}{N/2}} = W_{N/2} (5)

We can rewrite:

X[k] = ¥ {r=0}~ {N/2-1} x[2r] W{N/2}*{kr} + W_N~K
3 (=01~ {N/2-1} X[2r+1] W{N/2} kr} (6)

X[k]=>N-1[n]-j 2mkn,k=0,1,....N-1
n=0 N

X[k] = ¥ {r=0}~ {N/2-1} x[2r] W{N/2}*kr} + W_NAK
Y (=0}~ {N/2-1} x[2r+1] W{N/2}{kr}  (7)

X[k] =YN-1 [n]-j 2mkn, k=0,1,....N—1

n=0N

2.8. Fast Fourier Transform (FFT) and DFT
Decomposition

The Discrete Fourier Transform (DFT) of a sequence [n]
x[n] of length NN is defined as:

X[k]=>n=0N—1x[nle—j2nNkn,k=0,
1,...,N—1(1)X[k]=n=03N—1x[n] e—jN2rkn, k=0, 1,..., N—1

For each kK, this requires NN complex multiplications and
N—1N-1 complex additions, resulting in (N2)O(N2) compu-
tations for direct DFT.

The FFT algorithm exploits the symmetry and periodicity
properties of the complex exponential to reduce computa-


http://www.sciencepg.com/journal/jeee

Journal of Electrical and Electronic Engineering

http://www.sciencepg.com/journal/jeee

tional complexity. Let WN=e—j2rNWN=e—jN2x, then:
1) Complex conjugate symmetry

(N—n)=W N—kn=(W N kn)* WNK(N—n)=WN-kn=(WNkn)*

2) Periodicity: WNkn=W N(N+n)WNkn=WNKk(N+n)

Decimation-in-Time FFT

Assuming N=2mN=2m, the sequence can be separated into
even and odd-indexed components:

X[k]=Xr=0N/2—1x[2r]WNk(2r)+>r=0N/2—1x[2r+1]W Nk(
2r+1)(2)X[k]=r=0>N/2—1x[2r] WNk(2r)+r=0Y N/2—1x[2r+1]
WNkQr+1)(2)=Yr=0N/2—-1x[2r]WN/2kr+W Nk} r=0N/2—1
x[2r+1]JWN/2kr(3)=r=03 N/2—1x[21]

WN/2kr+WNkr=0Y N/2—1x[2r+1] WN/2Kr (8)

where WN/2=e—j2nN/2WN/2=e—jN/22m.
Let:

[k]=>r=0N/2—1[2r]W N/2krXe[k]=5r=0N/2—1x[2r]
WN/2kr 9)

[k]=5r=0N/2—1[2r+1]W N/2krXo[k]=Sr=0N/2—1x[2r+1]

WN/2kr (10)
Thus, the DFT can be expressed as:
[k]=[k]+*W NkXo[k](6)X[k]=Xe[K]+WNkXo[K] (11)

where Xe[k] Xe[k] is the DFT of the even samples and Xo[k]
Xo[K] is the DFT of the odd samples.

2.9. Transfer Function and Time Domain
Equations

After obtaining the transfer function in the Z-domain, the
time-domain difference equation derived for digital filter
implementation.

Example Transfer Function:

(2)=—2.91x10-16+0.5074z—1+0.19852-21-0.5362-1+0.305
52-2-0.055142-3(7)H(z)=1-0.5362-1+0.30552-2-0.05514
7-3-2.91x10-16+0.5074z-1+0.1985z-2  (12)

Factored Form:

H(z)=(2z-0.072)(z—0.069)(z—0.15240.46i)(z+0.069)z2—0.003
2-0.005(8)H(2)=22-0.003z-0.005(z—0.072)(z—0.069)(z—0.1

5+40.46i)(z+0.069) (13)
General Second-Order System:
(s)=(s+a) 2+c2(9)H(s)=(s+a) 2+c2C (14)

or
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(s)=(s+a) 2+c2+s+a(s+a) 2+c2(10)H(s)=(s+a) 2+c2C+(s+a)
2+c2s+a (15)

Z-Transform Pair (from Laplace/Z tables):

(wdt)+e—2atz(z—e—atcos(wdt)) (16)

Where wdt=2n fnwdt=2nfn.
Thus, the time-domain function for the filtered signal is:

n)+cos(2znfn)] a7

2.10. Adaptive Filtering and LMS Algorithm

The output of an adaptive filter can be written as:

y(n)=Yi=0L-1wi(n)x(n—i)=wT(n)x(n)(14)y(n)=i=0y L—1wi
(n)x(n—1)=wT(n)x(n) (18)

where:
1) w(n)=[w0(n),wl(n),...,.wL-1(n)]Tw(n)=[wO(n),
wl(n),..., wL—1(n)] T is the vector of filter coefficients,
2) x(n)=[x(n),x(n-1),....x(n—L+1)]Tx(n)=[x(n), x(n—1),...,
x(n—L+1)] T is the input vector.
The error signal is:

e(n)=d(n)-y(n)(15)e(n)=d(n)-y(n) (19)
The mean square error (MSE) cost function is:
J()=E[e2(n)](16)J(n)=E[e2(n)] (20)
To minimize (n)J(n), set its gradient to zero:
0(n)ow(n)=0(17)ow(n)0J(n)=0 (21)
The optimal weights are:
wopt(n)=R-1(n)r(n)(18)wopt(n)=R-1(n)r(n)  (22)

where RR is the autocorrelation matrix and 7r is the
cross-correlation vector.
LMS Algorithm Update Rule:

w(n+1l)=w(n)+ue(n)x(n)(19)w(n+1)=w(n)+ue(n)x(n) (23)

where up is the step size.
Summary Table of Key Equations:
Equation Description
(1)-(7) FFT/DFT decomposition and recursion
(8)-(14) Transfer function and time-domain transformation
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(15)-(20) Adaptive filter output, error, cost, and LMS up-
date

Note:

1) All variables are defined at their first appearance.

2) Each equation is referenced and explained in context.

3) This arrangement ensures clarity and logical progression
from frequency domain analysis (FFT), through system
modeling (transfer function), to adaptive filtering
(LMS).

2.11. Filtering Process and Adaptive Algorithms

In digital signal processing for ultrasonic NDE, the filtering
process can utilize either Finite Impulse Response (FIR) or
Infinite Impulse Response (IIR) filters. FIR filters are com-
monly preferred in many applications due to their inherent
stability and use of only forward paths. In contrast, IIR filters
can achieve sharper frequency responses with fewer coeffi-
cients but may be less stable if not properly designed.

Adaptive filters dynamically adjust their coefficients to
minimize the error between the filter output and a desired
reference signal. Several algorithms are available for adaptive
weight control, including the Least Mean Square (LMS),
Delayed LMS (DLMS), Recursive Least Squares (RLS), and
Normalized LMS (NLMS) algorithms. Among these, the
LMS algorithm is widely used because of its simplicity, low
computational requirements, and robust performance.

The output of an adaptive filter, (n)y(n), at time nn can be
expressed as:

y(n)=Yi=0L—1wi(n) x(n—i)=wT(n) x(n)y(n)=i=03 L—1wi(n)
x(n—1)=wT(n)x(n)

where:

1) w(n)=[w0(n),wl(n),...,.wL-1(n)]Tw(n)=[wO0(n),
wl(n),..., wL—1(n)] T is the vector of time-varying filter
coefficients for an LL-tap filter,

2) x(n)=[x(n),x(n—1),...,.x(n—L+1)]Tx(n)=[x(n),
x(n—1),..., X(n—L+1)] T is the input signal vector,

3) (*)(:) T denotes the transpose operation.

The filter coefficients (n)w(n) are updated to minimize the

mean square error (MSE) cost function:

(n)=[e2(n)] J(n)=E[e2(n)]
where e(n)=d(n)—y(n)e(n)=d(n)—y(n) is the error between the
desired signal d(n)d(n) and the filter output y(n)y(n).

The optimal filter coefficients can be found by setting the
gradient of the cost function with respect to w(n)w(n) to zero:
d(n)ow(n)=00w(n)0J(n)=0

which yields:

wopt(n)=R—1(n) r(n)wopt(n)=R—1(n)r(n)

172

where R(n)R(n) is the autocorrelation matrix of the input
signal and r(n)r(n) is the cross-correlation vector between the
input and desired signals.

However, computing the matrix inverse for every new data
sample is computationally intensive. Therefore, iterative al-
gorithms such as LMS are typically used for real-time adap-
tive filtering.

Least Mean Square (LMS) Algorithm

The LMS algorithm updates the filter coefficients itera-
tively using the following rule:

w(n+l) = w(n)+u e(n) x(n)w(n+1)=w(n)+pe(n)x(n)

where:
1) up is the step-size parameter, controlling the conver-
gence rate and stability (0<u<12NRO<u<2NR1, where
NN is the number of filter taps and RR is the input signal
covariance),

2) (n)e(n) is the instantaneous error.

The LMS algorithm is based on the principle of minimizing
the mean square error using a stochastic gradient descent
approach. Its main advantages include computational effi-
ciency, ease of implementation, and reliable convergence
under stationary conditions.

FIR filters, combined with adaptive algorithms such as
LMS, provide an effective and stable solution for noise can-
cellation in ultrasonic NDE applications. The LMS algorithm,
in particular, is favored for its simplicity and real-time capa-
bility, making it suitable for practical implementations where
computational resources are limited.

Where the vector W(n) [WO (n) W1 (n) WL-1 (n)]
T denotes the coefficients of the time-varying L-tap adaptive
filter, x(n) [x0 (n) x1 (n) x(n-L+1) (n)] T denotes the
filter Input vector, and [.] J denotes the transpose operation.

The filter coefficients, W(n), are adjusted to minimize the
mean square error function of the system, J (n), given by

J (n)=E[(e2)]

E[d(n)]-WT (n)E[x(n) d(n)]- E [d (n) XT(n)]
w(n)+wT(n)E[x(n)xT(n)] w (n)

=E[d2(n)]-2WT(n)rdx(n) + WT(n)rxx(n) w(n)

Where auto correlation matrix is defined by Rxx (n) =E[x
(n) d (m]

To do so, the partial derivative of J (n) with respect to the
filter coefficients, W(n) is set to zero.

oj(m) _
aw(n) (24)
The solution of equation (3) can be written as
Wopt(n)=R -1(n) r (n) (25)
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w=0, i=0
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Get primary input
(Tone + noise) &
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microphone

o
y(i)=w’ * noise(i)
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!

Weight updation
w=w+(0.1*noise(i)*e(i)
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(i+1)=Buf_Size

NO

More YES

iteration

Figure 1. Flow chart of adaptive noise canceller.

The computation cost of equation 4 is enormous due to the
matrix inversion calculation for every new data sample.
Therefore, an iterative strategy commonly used to update the
filter coefficients, W (n).

Figure 1 shows the fundamental algorithm of noise can-
cellation, Least Mean Square (LMS) algorithm enhanced with
adaptive filter. The simulation of the noise cancellation using
LMS adaptive filter algorithm is developed. The noise cor-
rupted speech signal and the engine noise signal used as inputs
for LMS adaptive filter algorithm. The filtered signal is
compare to the original noise-free speech signal in order to
highlight the level of attenuation of the noise signal. The
result shows that the noise signal successfully canceled by the
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developed adaptive filter. The difference of the noise-free
speech signal and filtered signal are calculated and the out-
come implies that the filtered signal is approaching the
noise-free speech signal upon the adaptive filtering. The fre-
quency range of the successfully canceled noise by the LMS
adaptive filter algorithm is determined by performing Fast
Fourier Transform (FFT) on the signals. The LMS adaptive
filter algorithm shows significant noise cancellation at lower
frequency range.

2.12 LMS Algorithm

The LMS algorithm based on the principle of Minimum
Mean square error and the steepest descent algorithms. The
main advantages of the LMS algorithm is its Computational
simplicity, ease of implementation, unbiased convergence,
and the existence of a proof in stationary environment. The
following mathematical model describes the LMS algorithm.

y(n) =wT(n). x(n) e(n) = d(n) - y(n) w(n+1) = w(n)+e(n)x(n)

Where:-y (n) is the filter output, wT (n) is the filter weights
in transposed form, x(n) is the filter inputs, d(n)is the desired
filter output, e(n) is the error signal which is used for training
the filter weights and puis the step size factor which is used for
controlling the stability and the rate of convergence. The step
size must be a small positive value (ju<<1) and 0< i< 1/2. N.
R Where N is the number of taps of the filter and R is the input
signal covariance matrix defined as

R=E[x (n). XT (n)]

The LMS adaptive filter completes its output calculations
and weight updates in a single clock cycle. Because of its
single cycle operation, extensive combinational delays are
present. This filter can only run at a fraction of the speed of
the FIR filter.

3. Results and Discussions

3.1. Numerical Simulation Result and
Discussions

In this section, we going to discuss the results based on the
following parameters. The parameter used in this thesis were
sampling frequency, cut off frequency, time duration (period),
signal frequency, pass band frequency, stop band frequency,
pass band attenuation, stop band attenuation.
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The above figures 2 and 3 simulation result plots shows that figure 2 the input sinusoidal signal and figure 3 the sinusoidal
signal with noise with different environmental and materials noise sources destructed.

10302 filil:ered sinosoidal sigrllal

10

©
T
1

Figure 4. Filtered sinusoidal signal.

The above Figure 4 simulation results describes the filtered  and IIR filtering techniques. The Figure 4 shows that the filter
sinusoidal signal that the noise signal is filtered by using FIR ~ at is at 0 frequency level and after some times the signal fre-
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quency increasing continuously. That filters avoids the un-
wanted signals or noisy signals and that to get the desired
signals. The reason to filter the signals to reduce and smooth
out the high frequency noise associated with a measurement.

filtered sinos

High frequency noise normally considered random and addi-
tive to a measured signal. The reason to filter a signal is to
reduce and smooth out high-Frequency noise associated with
a measurement.

oidal signal

3 T T T T

L L 1 L

-3 1 1 I L
1.5 2

2.5

3 3.5

Figure 5. Filtered sinusoidal signal.

The above Figure 5 shows that the goal of the filtering of
signals from noise by using finite impulse response (FIR)
technique and it is the final result of the signal that is filtered
signal mean that extracted signal or the desired signal we get
by removing the noisy signal/unwanted signal.

3.2. LMS Filter for Noise Cancellation

The post-processing LMS filter designed using Simulink,
MATLAB 2017a. The algorithm computes the filtered output,
error and the filter weights for a given input and desired signal
using the Least Mean Squares (LMS) algorithm. The LMS
filter used to identify an FIR signal embedded in noise.

2
System output ——reference signal
- ~metal detaction signal with LMS
o
-
o
o
[
®
E
7
L)
°
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©
o
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-
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Figure 6. Outputs with Least Mean Square (LMS) filtering technique.
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The simulation result is the Adaptive noise canceller Sim-
ulink Model scope output. In this, the waveform is represents
output signal entering into the system. On the above figure 6,
the LMS filter is an adaptive filter that adjusts its filter coef-

Error value

200 400 600 800

ficients iteratively to minimize the mean square error between
the output signal and the desired signal. It uses a gradi-
ent-based approach to update the filter coefficients, making it
a type of stochastic gradient descent algorithm.

Error curve

1000 1200 1400 1600 1800 2000

Samples

Figure 7. Errors with LMS.

The simulation results of the noise cancellation with LMS
Filter as well as the proposed technique error signal shown in
figure 7. The variation of error signal after filtration varies

0.35
0.3}

0.25
0.2}

0.15]

0.1F

Between a maximum of -1 to +1 which is well inside the
limits to be considered. The error signal, which defined by the
difference of desired signal and input signal.

Comparison of the actual signal weights and the estimated signal weights

| = Actual signal weights
* Estimated signal weights

0.05

0 1 2

3

4 5

Figure 8. Comparisons of actual signal weights and the estimated signal weights.

3.3. System Identification of FIR Filter Using
LMS Algorithm

System identification is the process of identifying the co-
efficients of an unknown system using an adaptive filter. The
general overview of the process shown in Figure 9.

With the unknown filter designed and the desired signal in
place, create and apply the adaptive LMS filter object to
identify the unknown filter. Preparing the adaptive filter ob-
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ject requires starting values for estimates of the filter coeffi-
cients and the LMS step size (mu). Starting with some set of
nonzero values as estimates for the filter coefficients. This
plot uses zeros for the 13 initial filter weights. Set the Initial
Conditions property of DSP. LMS filter to the desired initial
values of the filter weights. For the step size, 0.8 is a good
compromise between being large enough to converge well
within 250 iterations (250 input sample points) and small
enough to create an accurate estimate of the unknown filter.


http://www.sciencepg.com/journal/jeee

Journal of Electrical and Electronic Engineering

http://www.sciencepg.com/journal/jeee

4

File Tools View Playback Help

Q-|Ql-| & KSR E
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Figure 10. Simulation results of comparison of Weight.

The above figure 10 shows the System Identification is the
process of determining the attributes of the system by repeti-
tive experimentation. Here, the system examined is a Finite
Impulse Response (FIR) filter. If the Impulse response of a
system is having finite number of coefficients such a system is
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called finite impulse response filter.

3.4. Experimental Results

Two samples one without crack and other with crack were
tested using the UFD-01/T flaw detector. The FFT spectrum
of the sample free crack is displayed Figures 11, 12 and 13
shown the snapshots of the FFT spectrum for the cracked
sample, which was influenced by environmental noise such as
welding and acoustic noises. Due to the lack of a bus interface
on the UFD-01/T, extracting raw data directly was challeng-
ing. To enable further post processing and filtering, the FFT
snapshot were converted in to a raw data file using third party
software called “Get data graph digitizer”. The experimental
pulse-echo signals were obtained using a circle ultrasonic
probe longitudinal wave 6 MHz of center frequency and 10
mm in diameter. Sampling frequency is 12MHz.

As illustrated in Figure 11, the transmission signal is pri-
marily centered approximately 0.7MHz. The back wall echo
appears around 1MHz, while the surface echo is centered near
1.3MHz. A peak observed at about 1.5 MHZ is attributed to
grain structure and unwanted noise, with a signal strength
close -23dBm, representing the noise floor for the crack free
sample. Additionally, spurious signals above 1.5 MHz cor-
respond to higher order frequency components.


http://www.sciencepg.com/journal/jeee

Journal of Electrical and Electronic Engineering

http://www.sciencepg.com/journal/jeee

-20
Hint

— Black —
% < Transmission Signal
; Yellow- back wall echo
-’
g Green-the small crack
:c" -30
s
<

-35

0.5 1.5 25 35
Frequency (MHZ)
Figure 11. Experimental result of standard welded sample 1 without noise.
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Figure 12. Experimental results 2 sample without defect with welding noise.

As shown in the above figure 12 the transmission signal is
centered around 0.7MHz, back wall echo is centered around
1MHz, at the surface echo is centered around 1.3MHz, around
1.5 MHZ peaking is due to grain structure and unwanted noise
and that signal strength is around -23dBm, which is the noise
floor of the sample without crack. The spurs greater than 1.5
MHz are due to higher order frequency components.

In the above figure 4 the experimental result shows the

corrupted or disturbed signals with the noise of the nearest
running induction motor and vibration noise. However, with-
out noise, the crack detected at 2.4MHz. to delineate the flaw
frequency from the noisy environment, the FIR and IIR filters
were designed using Filter design toolbox of MATLAB and
the time domain and frequency domain results are populated in
the following section.
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Figure 13. Experimental results 3 with running induction motor noise.

that the signal effectively propagates through the metal, al-

3.5 Simulation Results lowing for direct measurement of the crack location, back wall

echo, and the material’s surface. The propagation time corre-

The parameters examined in this study include sampling sponds to the range of the signal’s reflections; a longer prop-

frequency, cutoff frequency, time duration (period), signal  agation time suggests the absence of cracks. Moreover, the

frequency, passband frequency, stopband frequency, passband presence of back wall echo and surface reflections confirms

attenuation, and stopband attenuation. As shown in Figure 14,  normal conditions, indicating that the material is free of
a signal with a sampling frequency of 6 MHz was applied to  cracks.

the metal, producing sinusoidal waves. These waves indicate

sinusoidal signal
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Figure 14. Original sinusoidal Signals.

sinosoidal with noise
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Figure 15. Simulation result of sinusoidal signal with noise.
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The simulation results presented in Figure 15 indicate that
the signal is distorted by external noise sources. These noise
contributors—including the material’s grain structure, trans-
ducer distance, overlapping test materials, and electronic cir-
cuitry—are inherent challenges during metal testing. For ac-
curate detection, it is crucial to separate unwanted noise from

even with advanced, well-calibrated instruments. To address
this, various filtering techniques, such as FIR and IIR filters,
will be applied to eliminate undesired signals. In Figure 15, the
horizontal axis represents time duration in microseconds (L.6),
while the vertical axis shows amplitude in decibels (dB), il-
lustrating the simulation results..

the desired signals. However, noise removal remains difficult

Magnitude Response (dB)
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Figure 16. Simulation result of magnitude response.

The simulation results shown in Figure 16 depict the
magnitude on the y-axis in decibels (dB) and the normalized

« 10302 filtered sinosoidal signal
T

frequency on the x-axis in terms of *x radians per sample. 10 ‘

From the graph, it is observed that the magnitude of the or
metal during the conversion of sound energy to electrical sl
energy is zero at certain points, indicating no sound occur-
rence. However, at some instances, both positive and nega-
tive magnitudes appear. Positive values indicate that the 61
sound is louder than the threshold or has a faster response 5f
than the threshold, while negative values indicate that the
sound is softer or has a slower response than the threshold.
Over time, the sound magnitude decays linearly, showing
that the sound response slows down more quickly than the 27
threshold. Beyond 0.75 rad/sample, the sound response 1L
becomes entirely negative, reaching approximately -650 dB,

J

which means the sound pressure level is significantly below 0 05
the threshold.

The simulation results shown in Figure 17 illustrate the
filtered sinusoidal signal after applying FIR and IIR filtering
techniques to remove noise. The figure shows that the filter

15
%1074

Figure 17. Simulation result of filtered sinusoidal signal.

starts at a frequency level of 0, and the signal frequency in- 0= .
creases steadily over time. These filters effectively eliminate
unwanted or noisy signals, allowing the desired signals to be
obtained. The primary purpose of filtering is to reduce and
smooth out high-frequency noise, which is typically random

Magnitude (dB)
(4.}
o

and additive to the measured signal. By filtering, the meas- 00 . ‘ | .
urement becomes clearer and more accurate. e o1 02 03 04

0.9

Normalized Frequency (x = rad/sample)

Figure 18. Simulation result of magnitude response.
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Figure 18 shows the magnitude response simulation results,
where the y-axis represents magnitude in decibels (dB) and
the Xx-axis represents normalized frequency (*m radi-
ans/sample). The graph demonstrates that the FIR filter, which
acts as a low-pass filter, allows low-frequency signals to pass
while attenuating high-frequency signals. Low-pass filters are
commonly used to remove high-frequency noise from input
signals. Since noise typically consists of high-frequency
components, passing the signal through a low-pass filter ef-
fectively reduces noise and produces a clearer sound. The
cutoff frequency in this result corresponds to a magnitude of
-50 dB; frequencies with magnitudes below this threshold are
filtered out, meaning high-frequency noise is removed while
lower-frequency signals are preserved.
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L \
[=1
[=]

600 1 L L L 1 I I L
0 02 03 0.4 05 06 07 08 039 1
Normalized Frequency (Xmrad/sample)
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Figure 19. Simulation result of phase response.

Figure 19 illustrates the phase response, with the y-axis
representing phase in degrees and the x-axis showing nor-
malized frequency (*m radians/sample). As expected from a
low-pass FIR filter, low-frequency signals pass through while
high-frequency signals are attenuated. Unlike an ideal filter,
this designed filter exhibits a smoother transition between the
passband and stopband. Additionally, some ripples are present
in both bands. Low-pass filters are commonly used to remove
high-frequency noise from input signals, resulting in a clearer
output. The cutoff frequency corresponds to a phase response
below -200 degrees; beyond this point, phase ripples caused
by the filter’s non-linear phase response can distort the
waveform. The magnitude response of the rectangular win-
dow, as shown in Figure 19, explains these ripples and ringing
effects introduced in the FIR filter response.

Figure 20 illustrates the outcome of filtering signals using
the Finite Impulse Response (FIR) technique. The figure
represents the final filtered signal, which is the desired signal
obtained after removing unwanted noise and interference.

An IR filter provides the advantage of achieving a roll-off
comparable to that of an FIR filter but with a lower order,
meaning it requires fewer terms. This leads to reduced com-
putational effort and faster processing speeds. However, IIR
filters may exhibit nonlinear phase responses and potential
stability issues. This scenario is akin to the fable of the tortoise
and the hare: the FIR filter resembles the tortoise slow, steady,
and reliable consistently finishing the race. In contrast, the IR
filter is like the hare fast and efficient but occasionally prone
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to instability and failure to complete the task.

s filtered sinosoidal signal
T T T T T T T T T

Figure 20. Simulation result of filtered sinusoidal signal.

4. Conclusions

One of the fundamental challenges affecting the perfor-
mance of testing materials with nondestructive testing by
ultrasonic NDT method is the undesired impact of noise on a
signal. Noise can distort the true signal and arise from several
sources, including system non-linearity and noise interference
from adjacent environment. Conventional communication
systems use filters to cancel noise in a received signal. In the
case of ultrasonic NDT systems, noise cancellation of a signal
is important during the materials testing time; the results, both
FIR and IIR filtering techniques have been effectively applied
to cancellation noisy signal in ultrasonic signal. An adaptive
noise cancellation system was successfully simulated and
implemented, achieving the required signal to noise floor
performance. The ultrasonic data was effectively filtered,
allowing the noisy signals data to be sufficiently filtered to
recover the target signal. Simulation results demonstrated that
the noise level was reduced by more than 20 dBm, and the
resolution improved by a factor of two when using the adap-
tive filtering algorithm. However, some challenges were en-
countered during the Signal analysis with the ultrasonic
equipment. Specifically, transferring raw data files into
MATLAB proved difficult due to the lack of dedicated soft-
ware for interfacing the NDT device with the computer.

Abbreviations

NDE Non-Destructive Evaluation
NDT Non-Destructive Testing
UFD Ultrasonic Flaw Detection
FFT Fast Fourier Transform
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FIR Finite Impulse Response
IR Infinite Impulse Response

LMS Least Mean Square

FPGA  Ultrasonic Signal Processing Platform
RTL Register Transfer Level

DLMS Delayed Least Mean Square

RLS Recursive Least Squares

NLMS Normalized Least Mean Square

BMI Body Mass Index

uv Ultraviolet

HV Vickers Hardness

HS Shrinkage According Height
DS Shrinkage According Diameter
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