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1 Introduction

Ultrasonic phased arrays have undergone substantial
advancements in non-destructive testing (NDT), signif-
icantly improving defect detection capabilities in test
specimens. These advancements are largely attributed
to their superior performance compared to conven-
tional single-element transmitter/receiver systems. A
key advantage of phased arrays is their ability to gen-
erate real-time, integrated images of the test specimen.
In scanning methods for defect detection, data is ac-
quired through the phased array elements, which is
subsequently processed to produce an ultrasonic im-
age [1, 2].

Common scanning techniques for phased arrays in-
clude planar, sectorial, and focused scanning meth-
ods [3, 4, 5]. Among these, methods based on Delay-
and-Sum (DAS) beamforming, such as the Total Fo-
cusing Method (TFM) and the Synthetic Aperture Fo-
cusing Technique (SAFT), are commonly employed to
construct ultrasonic images [6, 7, 8].

The TFM has become a cornerstone in the �eld of
ultrasonic NDT, o�ering high-resolution imaging ca-
pabilities essential for inspecting a variety of complex
materials, including composites, titanium, and rub-
ber [9, 10, 11]. The ability of TFM to process large
amounts of data from full matrix capture (FMC) allows
for precise defect detection and localization, but its
application is challenged by the high level of backscat-
tering in complex materials [12]. This scattering can
obscure defect signals, making defect imaging and lo-
calization di�cult.

To address these challenges, researchers have de-
veloped new algorithms and techniques to enhance
TFM's performance. One such approach involves com-
bining Golay code excitation with linear frequency
modulation and an improved single-excitation method.
This method not only improves the signal-to-noise ra-
tio (SNR) but also enhances axial and depth resolu-
tion, resulting in superior imaging performance [12,
13]. Moreover, the introduction of compressive sens-
ing techniques reduces data requirements signi�cantly,
which is crucial for applications with real-time require-
ments [14]. These methods allow e�cient signal recov-
ery even below Nyquist sampling rates, signi�cantly
accelerating image formation and reducing computa-
tional demands.

Optimizing TFM algorithms has also been a fo-
cus, with improvements such as the phase coherence
imaging based on the vector coherence factor. This
approach uses a lightweight data acquisition process
that combines single-bit digitization and phase re-
trieval [15]. Studies on material anisotropy further
demonstrate the potential of optimized TFM algo-
rithms. For example, an improved sound ray trac-
ing method based on the Dijkstra shortest path al-
gorithm for ultrasonic wave propagation analysis was
shown to enhance defect detection in special multilayer
plates [16]. Additionally, combining coded excitation
with single-bit data capture has been shown to en-
hance TFM imaging performance. The coded excita-

tion pulse compression process enables high SNR im-
ages for phase coherence imaging and TFM, with min-
imal degradation in imaging quality despite reduced
data resolution [17]. To further improve e�ciency, the
discrete slime mold algorithm (DSMA) was proposed
for optimizing sparse arrays in TFM. Unlike traditional
optimization methods, DSMA uses real-number encod-
ing, avoiding local optima and reducing computational
intensity. This method signi�cantly reduces imaging
time while maintaining high-quality imaging and sur-
passing conventional methods in array performance in-
dicator (API) and SNR [18].

Recent advancements in adaptive beamforming
techniques have signi�cantly contributed to NDT and
ultrasonic imaging applications. Among these meth-
ods, the Delay-Weight-Sum (DWS) beamforming ap-
proach has emerged as a powerful tool for address-
ing noise and interference challenges in complex en-
vironments [19, 20, 21]. By employing weights de-
rived through the minimum variance (MV) method,
DWS e�ectively mitigates false echoes caused by ran-
domly distributed scatterers, which are commonly en-
countered in heterogeneous materials such as stainless
steel, carbon composites, and concrete [22]. This ro-
bust interference suppression capability has further ex-
tended its utility to ultrasonic medical imaging appli-
cations [23, 24].

The MV beamformer improves ultrasound im-
age resolution and contrast by adaptively calculating
weights based on the spatial covariance matrix [25,
26, 24]. Recent innovations, such as the eigenspace-
based MV beamformer, further enhance noise suppres-
sion by projecting weight vectors into the signal sub-
space [27]. However, its practical deployment faces
signi�cant challenges due to the computational de-
mands of estimating the covariance matrix and leads to
a higher computational costs compared to traditional
DAS beamforming [28, 29]. E�orts to address these
limitations include the use of singular value decompo-
sition (SVD) to improve contrast [27], although this
method often lacks a clear criterion for discarding small
eigenvalues, potentially compromising speckle texture
preservation [30]. Alternative strategies for reducing
computational complexity, such as leveraging principal
component analysis (PCA) [31] and Legendre polyno-
mials [32], have been explored, along with independent
component analysis (ICA) for estimating apodization
weights [33].

The aim of this paper is to introduce a DWS beam-
forming technique to achieve improved defect detection
in test specimens. Novelties of the proposed method
are as follows:

1. Dynamic Beamforming Weight Adjustment: In-
troduction of a novel variable MV beamform-
ing technique, dynamically transitioning between
MV and DAS beamforming. This enhances peak
sensitivity and suppresses noise.

2. Adaptive Weighting via Sigmoid Function: Uti-
lization of a sigmoid function to improve sensi-
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tivity to re�ective points and enabling e�ective
noise suppression.

3. E�cient Iterative Approximation: Application of
the Newton-Schulz method for iterative approx-
imation of the inverse of the input correlation
matrix.

4. Flexibility for Diverse Imaging Scenarios: Ad-
justable parameters, make the method robust
and adaptable to a wide range of ultrasonic imag-
ing applications.

The paper is structured as follows: Section 2 pro-
vides an overview of TFM beamforming method and
extensions of TFM, which incorporate DWS beam-
forming. Section 3 introduces the proposed DWS
method, while Section 4 outlines the evaluation metrics
used in this study. Section 5 presents the simulation re-
sults, and �nally, Section 6 concludes with a discussion
of �ndings and a summary of the results.

2 TFM-based Beamforming

Methods

Here, we describe some well-known beamforming meth-
ods which are based on TFM.

2.1 TFM

The TFM is a post-processing imaging technique
widely utilized in ultrasonic NDT. It relies on the FMC,
where data is acquired using an array of transducers,
and all possible combinations of transmitters and re-
ceivers are processed to produce a high-resolution im-
age of the test specimen [4, 6, 34, 35].

The image intensity at a target point t with coordi-
nates (x, z)�where z denotes the depth and x indicates
the lateral position�is computed as follows:

q(t) =
∑
i,j

Si,j(t− δi,j), (1)

where Si,j(t) represents the signal transmitted by
transducer element i and received by element j after
being re�ected from �aws or voids within the test spec-
imen. The term δi,j corresponds to the time taken by
the wave to travel from element i to the target point t
and back to element j.

By leveraging the complete dataset for each target
point, TFMmaximizes the use of available information,
resulting in highly detailed and accurate imaging [4].

2.2 Weighted TFM (WTFM)

The WTFM method, as a DWS Beamforming, is de-
veloped to enhance defect detection in ultrasonic imag-
ing [19]. This method integrates spatial �ltering with
weighted beamforming, using statistical analysis of
data samples based on the MV theory to calculate the
weights.

Compared to the standard TFM method, WTFM
achieves signi�cant noise reduction and improves image
resolution. Assuming the probe consists of N elements,
the time-delayed output vector can be expressed as:

y(t) = [y1(t), y2(t), . . . , yN (t)]T , (2)

where yi(t) represents the delayed output signal from
the ith element. The beamformer output is then com-
puted as:

z(t) = wTy(t), (3)

where w is the weight vector.
To determine the optimal weights, the optimization

problem is formulated as:

wopt =
R−1(t)a

aTR−1(t)a
, (4)

where a is a vector of ones, de�ned as:

a = [1, 1, . . . , 1]T , (5)

and R(t) represents the autocorrelation matrix of the
element output samples, given by:

R(t) = E[y(t)yT (t)], (6)

where E[·] denotes the expectation operator.
By incorporating this weighting approach, WTFM

o�ers improved defect detection performance, leverag-
ing the spatial coherence of the received signals while
suppressing noise and interference.

In practical applications, to accelerate algorithm
execution, instantaneous vector values can be used in-
stead of averaging for autocorrelation calculation. As
a result, the instantaneous autocorrelation matrix is
approximated as:

R(t) ≈ y(t)yT (t). (7)

For matrix inversion in WTFM, we use the Gauss-
Jordan method, which provides a systematic procedure
for inverting square matrices without explicitly calcu-
lating determinants. Instead, it employs step-by-step
row operations, as described in [36]. While this method
is straightforward and e�cient for small matrices, it
becomes computationally intensive for larger ones due
to the high number of arithmetic operations required.
Additionally, the method can su�er from numerical in-
stability, especially when applied to ill-conditioned ma-
trices in �oating-point arithmetic [37].

To mitigate these numerical instabilities and ensure
the invertibility of the matrix R(t), the Regularized
Weighted Total Focusing Method (RWTFM) incorpo-
rates regularization, expressed as:

Rη(t) = R(t) + ηI, (8)

where η is a small positive constant, and I is the iden-
tity matrix.

The RWTFM method demonstrates reduced defect
detection capability compared to WTFM; however, it
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is more robust to noise present in A-scan signals, ef-
fectively suppressing background noise in the resulting
ultrasonic image. While both WTFM and RWTFM
methods exhibit superior imaging performance com-
pared to TFM, they involve higher computational com-
plexity due to the matrix inversion operation.

2.3 DWTFM Method

For practical applications, limitations of WTFM and
RWTFM make them less favorable compared to more
e�cient matrix inverse computation techniques.

In the DWTFM method, to enhance the execution
speed of the RWTFM approach, instead of using the
full autocorrelation matrix, only its diagonal elements
are considered, forming a diagonal matrix [38]. Con-
sequently, inverting this matrix only requires inverting
its diagonal elements. In this case, the elements of the
vector Wopt transform into

wopt =
Λ(t)a

aHΛ(t)a
, (9)

where Λ(t) = 1
diag[Rη(t)]

. As a result, we obtain

wopt,i =
1

(x2
i + η)

∑
j

1
x2
j+η

(10)

where xi represents the output of ith element at time
t. Thus, the computational burden for calculating the
optimal weights is signi�cantly reduced compared to
the WTFM and RWTFM methods.

This method, despite its simplicity, cannot e�ec-
tively utilize the information in the received signals to
suppress noise and detect defects. Therefore, it has
limited performance in enhancing the quality of ultra-
sonic images [39].

2.4 SWTFM Method

The Newton-Schulz method is an e�cient algorithm for
approximating the inverse of a matrix [40]. It is widely
applied in scenarios where fast and approximate matrix
inversions are essential, such as in machine learning,
control systems, and numerical simulations [41, 42].

In the Newton-Schulz-based WTFM (SWTFM),
the computation of weights, as de�ned in Eq. 4, is per-
formed using an approximation of the matrix inverse
through the Newton-Schulz method. This approach
reduces computational complexity compared to direct
matrix inversion while maintaining adequate accuracy.

The Newton-Schulz method is an iterative algo-
rithm particularly e�ective for well-conditioned matri-
ces when an initial guess for the inverse is available.
The iterative update formula for approximating the in-
verse of a square matrix R(t) is given by:

Φn+1,t = 2Φn,t − Φn,tR(t)Φn,t, n = 0, 1, 2, . . . (11)

where Φn,t represents the nth approximation of
R−1(t).

The SWTFM method begins by initializing the ap-
proximation with an initial guess Φ0,t, typically chosen
as:

Φ0,t = γI, where γ =
1

∥R(t)∥
.

Here, ∥R(t)∥ represents an appropriate matrix norm,
such as the Frobenius norm or spectral norm. The
choice of γ ensures that the iterations start close to
the desired inverse.

The iterations continue until the relative error sat-
is�es the condition:

∥I−R(t)Φn,t∥ < ϵ, (12)

where ϵ is a user-de�ned tolerance specifying the de-
sired accuracy.

The convergence of the Newton-Schulz method is
quadratic, meaning the error reduces signi�cantly with
each iteration, provided the spectral radius of I−γR(t)
satis�es:

ρ(I− γR(t)) < 1.

This ensures rapid convergence of the sequence {Φn,t}
to R−1(t), given a suitable initial guess.

The Newton-Schulz method o�ers several advan-
tages. Its quadratic convergence allows for rapid re�ne-
ment of the approximation, and the reliance on matrix-
matrix operations makes it highly parallelizable, which
is advantageous for large-scale computations. However,
the method has some limitations. It requires the ma-
trix R(t) to be nonsingular and well-conditioned for
e�ective convergence. Additionally, the choice of the
initial guess Φ0,t plays a critical role in determining
the speed and success of convergence. By leveraging
these properties, the Newton-Schulz method becomes
a powerful tool for matrix inverse approximations in
computational applications.

The SWTFM method leverages the Newton-Schulz
approach to iteratively re�ne the inverse matrix ap-
proximation, enabling e�cient weight computation for
beamforming. This method strikes a balance between
computational e�ciency and imaging accuracy, making
it a practical choice for scenarios requiring real-time or
near-real-time processing.

3 The Proposed Improved

SWTFM Method

The goal of our proposed improved SWTFM method
is to enhance the accuracy of the original WTFM
method, providing better ultrasonic image quality and
contrast compared to traditional TFM-based methods.
The improved SWTFM method is a two-step tech-
nique: in the �rst step, q(t) is computed using (1).
In the second step, a novel variable MV beamforming
technique is applied, given by:

wopt =
Φ̃ta

aT Φ̃ta
, (13)

where Φ̃t is the approximation of R̃−1(t), de�ned as:

R̃(t) = α(t)R(t) + (1− α(t))I. (14)
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where 0 ≤ α(t) ≤ 1. The approximation Φ̃t is obtained
using the Newton-Schulz method. It can be observed
that α(t) regulates R̃(t), causing it to transition be-

tween R(t) and I. Consequently, Φ̃t varies between
R−1(t) and I. This implies that wopt in (13) transi-
tions between the MV beamformer, as de�ned in (4),
and the DAS beamformer, where w = a

aT a
= 1

N a. The
output of the beamformer with the latter w is com-
puted using (3) as

z(t) =
1

N
aTy(t) =

1

N

N∑
i=1

yi(t), (15)

which represents a scaled version of TFM as de�ned in
(1). The goal is to tune α(t) to enhance the peaks
of the ultrasonic image, corresponding to re�ective
points, while suppressing re�ections from non-re�ective
regions. For this purpose, we leverage variations in q(t)
to adjust α(t). Consequently, α(t) is designed as a non-
linear function of q(t). As q(t) approaches its maximum
value, qM , α(t) approaches zero, and as q(t) approaches
its minimum value, qL, α(t) approaches one. In the ex-

treme case where α(t) = 1, we have R̃(t) = R(t), and
the proposed method behaves similarly to SWTFM.
Conversely, when α(t) = 0, R̃(t) = I, and the pro-
posed method is similar to the TFM approach.

To achieve better sensitivity to the peaks of q(t),
which represent re�ective points, we utilize a sigmoid
function given by:

α(t) =
1

1 + e−k(δ(t)−0.5)
(16)

where

δ(t) =
qM − q(t)

qM − qL
. (17)

and k is the slope parameter of the function. The larger
k is, the steeper the function becomes.

Fig. 1 shows the variation of α(t) with δ(t) for dif-
ferent values of k. Also Fig. 2 shows the variation of
Variation of δ(t) with q(t).
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Figure 1: Variation of α(t) with δ(t) for di�erent values
of k.
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Figure 2: Variation of δ(t) with q(t).

From Fig. 1, it can be observed that the value of
α(t), which is a sigmoid function of δ(t), increases non-
linearly as δ(t) increases to become near one, or de-
creases to become near zero. From Fig. 2, it can be
observed that δ(t) is a decaying function of q(t). As
a result, α(t) is a non-linear decaying function of q(t).
This leads to an enhancement of the peaks (re�ecting
points) while e�ectively attenuating the background
noise.

Finally, similar to (11), the inverse of R̃(t) can be
approximated at each iteration n using the Newton-
Schulz method:

Φ̃n+1,t = 2Φ̃n,t− Φ̃n,tR̃(t)Φ̃n,t, n = 0, 1, 2, . . . . (18)

The value of Φ̃t is obtained as Φ̃K,t, where K rep-
resents the �rst iteration n for which the following con-
dition is satis�ed:

∥I− R̃(t)Φ̃n,t∥ < ϵ. (19)

It is notable that the parameter k in the sigmoid
function (16) is crucial in determining the sensitiv-
ity and convergence rate of the method. It governs
the non-linearity of α(t), which directly impacts the
weighting of R(t) and I in (14). As k increases, the
non-linearity becomes more pronounced, resulting in
sharper transitions around δ(t) = 0.5. This increases
the method's sensitivity to peaks in q(t), thereby high-
lighting re�ective points more distinctly while sup-
pressing background noise. Higher values of k im-
prove resolution by emphasizing re�ective points more
strongly, but they may also lead to image distortion,
such as over-brightness spots, due to abrupt changes
in α(t) caused by small �uctuations in δ(t).

Moreover, a steeper sigmoid function accelerates
the transition between the two limits (α(t) → 0 or
α(t) → 1). This facilitates faster identi�cation of re-
�ective points and can potentially reduce the number
of iterations required by the Newton-Schulz method to
achieve convergence.

The iterative approximation of Φ̃t using the
Newton-Schulz method ensures computational e�-
ciency and accuracy. The error in Φ̃t a�ects the beam-
forming weights wopt, impacting the method's ability

to suppress noise and enhance contrast. If Φ̃t de-
viates from the true inverse R̃−1(t), the beamform-
ing weights may be suboptimal, potentially leading to
reduced contrast and sensitivity in the resulting im-
age. A higher deviation error could lead to increased
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background noise or diminished peak sensitivity. This
trade-o� is managed by the iterative approximation
process, ensuring (19) is satis�ed before the compu-
tation of wopt. By setting an appropriate tolerance ϵ
in (19), the trade-o� between accuracy and computa-
tional cost can be optimized.

Overall, the proposed method achieves improved ul-
trasonic imaging performance by dynamically adapting
to re�ective points and e�ectively reducing background
noise. The interplay between the sigmoid function pa-
rameter k and the iterative computation of Φ̃t provides
�exibility, enabling the method to be tailored for vari-
ous imaging scenarios.

The following pseudo-code outlines the steps of the
proposed improved SWTFM method to enhance ultra-
sonic image quality and contrast.

Algorithm 1 Proposed Improved SWTFM Method

1: Input: Signals Si,j(t), target coordinates (x, z),
parameters qM , qL, k, ϵ

2: Output: Enhanced Image Intensities I(x, z)
3: Step 1: Initial Coarse Image Computation

4: for each target point (x, z) do
5: Compute q(t) using (1).
6: end for

7: Step 2: Adaptive Beamforming

8: for each target point do
9: Compute R(t) using (7).

10: Compute δ(t) using (17).
11: Calculate α(t) using (16).

12: Construct R̃(t) using (14).

13: Initialize Φ0,t (initial approximation of R̃−1(t)).
14: Iterative Newton-Schulz Update:

15: for n = 0, 1, . . . until (19) is satis�ed do
16: Update Φn,t using (18) .
17: end for

18: Compute optimal beamforming weights wopt

using (13)
19: end for

20: Step 3: Enhanced Image Generation

21: for each target point (x, z) do
22: Combine beamformed signals to produce I(x, z)
23: end for

24: Return: Enhanced Image I(x, z)

4 Evaluation Metrics

To perform a quantitative analysis, a brightness inten-
sity function is de�ned as the maximum intensity value
within the depth range of the image I(x, y), computed
independently for each xref as:

Imax(xref) = max
z

(
I(xref, z)

)
where z represents the set of depths within the scanned
region. The brightness intensity is then normalized to
zero decibels (dB), ensuring that its maximum value
corresponds to 0 dB.

For quantifying the results of background noise re-
duction, the normalized average brightness intensity of

non-re�ective points within the scanned region is used
according to the following equation:

ν =
1

L

∑
x

∑
z

I(x, z), ∀(x, z) /∈ (X,Z) (20)

where (X,Z) denotes the set of coordinates of the de-
fects and L is the total number of scanning points,
minus the number of defect members. It is clear that
the closer the value of ν to zero, the less background
noise, on average, is present. Thus, ν serves as a metric
for assessing the overall reduction of background noise.
For a better evaluation of changes in ν, this metric is
expressed in decibels (dB).

5 Simulation Results

In the simulations, we assume a metallic specimen with
a rectangular scan area measuring 50 × 80 mm. A
phased array probe with 16 omnidirectional elements,
each spaced 5 mm apart, is used. The transmitted sig-
nal is a modulated sinusoidal wave with 6 cycles at a
central frequency of 6 MHz, sampled at 60 MHz. The
sound velocity in the metal is assumed to be 3000 m/s.

White Gaussian noise with a SNR of 0 dB and
speckle noise with SNRs of 5 dB and 10 dB are added
to the received signals. These noise sources simulate
equipment-related transmission and reception noise, as
well as re�ections from scatterers within the specimen.
Following the modeling approach in [4, 19], certain fac-
tors�such as coupling, material heterogeneity, wave
energy losses, and the generation of secondary waves
(e.g., surface, shear, and di�racted waves)�are ne-
glected for simplicity.

To evaluate algorithm performance, four diago-
nal point defects are placed at coordinates (50, 15),
(40, 20), (30, 25), and (20, 30) mm. The experimen-
tal setup is depicted in Figure 3. Figure 4 provides an
example of an A-scan signal received by the 10th ele-
ment after transmitting a pulse from the 3rd element,
lasting 180 microseconds.
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Figure 3: Experimental setup.
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Figure 4: An A-scan signal received by a probe element
with SNRWGN = 0 dB, and SNRsp = 10 dB.

Based on the wave velocity and the central fre-
quency of the applied signal, the signal's wavelength
(indicating the maximum resolution between two re-
�ective points) is calculated as follows:

λ =
v

fc
= 0.5mm

where v is the wave velocity, and fc is the central fre-
quency of the signal. For the evaluation, we set ϵ =
1×10−10 for SWTFM and limit the maximum number
of iterations for approximating the matrix inverse to
10. Additionally, we use η = 0.002 for DWTFM and
η = 0.5 for RWTFM.

Figure 5 shows the normalized brightness intensity
function (in decibels) for the proposed method with
di�erent values of k. It is observed that increasing
k generally reduces background noise in non-re�ective
areas. However, noise near re�ective points increases,
which may lead to a decrease in resolution or contrast
in the image. Therefore, selecting the value of k should
balance reducing background noise and enhancing the
resolution of re�ective points.
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Figure 5: Intensity.

In the subsequent simulations, we assume k = 6
for the proposed method. In the �rst experiment,
white noise with SNR = 0 dB and speckle noise with
SNR = 10 dB are added to the signals.

Figure 6 illustrates the brightness intensity function
for the RWTFM, TFM, DWTFM, SWTFM, and the
proposed method. According to this �gure, the afore-
mentioned methods have progressively reduced back-
ground noise. Consequently, the re�ective points, cor-
responding to the peaks in the image, are more dis-

tinguishable in the proposed method compared to the
other methods.
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Figure 6: Intensity.

Figure 7 shows the images obtained by applying the
RWTFM, TFM, DWTFM, SWTFM, and the proposed
method. As observed, the image produced by the TFM
method identi�es the locations of all re�ective points
but su�ers from low resolution and cannot accurately
determine their positions. Additionally, regions with-
out defects exhibit slight brightness in the image, which
may incorrectly be interpreted as additional defects or
�aws.
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Figure 7: Images obtained from the TFM method,
MV method with Gauss-Jordan matrix inversion, MV
method with Schur's matrix inversion, and the pro-
posed method.



From the �gure, it can be seen that the image gen-
erated by the RWTFM method partially mitigates the
issues inherent in the TFM method. However, signi�-
cant speckle noise is visible in the image. Moreover, re-
ducing the regularization level η can increase the back-
ground noise and decrease the clarity of the image in
certain regions with defects. This may result in the
potential misinterpretation or omission of one or more
defects.

The DWTFM method performs better in this
regard, producing images with reduced background
noise. Similarly, the SWTFM method further reduces
background noise. On the other hand, the image ob-
tained by the proposed method shows that the back-
ground noise in defect-free regions is signi�cantly re-
duced, and the defects are clearly distinguishable.

In the second experiment, white Gaussian noise
with SNRWGN = 0 dB and speckle noise with SNRsp =
5 dB are introduced. Figure 8 presents a typical A-scan
signal from this experiment, captured by the 10th ele-
ment after transmitting a pulse from the 3rd element,
with a duration of 180 microseconds.
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Figure 8: A typical A-scan signal from the second ex-
periment with SNRWGN = 0 dB, and SNRsp = 5 dB.

Figure 9 displays the ultrasonic images produced
by the methods under investigation. As observed,
due to the increased level of speckle noise, the back-
ground noise has signi�cantly increased, leading to a
higher likelihood of false detection of defects. Addition-
ally, the image of re�ective points has become slightly
blurred, increasing the probability of missing actual
defects.
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Figure 9: Ultrasonic images obtained from the meth-
ods under investigation.

In the DWTFM method, the background noise
is removed much better compared to the TFM and
RWTFM methods; however, the image of two re�ective
points is completely blurred. The SWTFM method
performs better than the DWTFM method, but these
two issues still persist to some extent. The proposed
method, by further reducing the noise level while pre-
serving re�ective points, creates a superior image in
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which all re�ective points are clearly distinguishable.
Table 1 quantitatively shows the background noise

levels using Eq. 20 for di�erent methods in the �rst
and second experiments. It also shows, in terms of
the brightness function, the distance between the peak
and the valley for the two neighboring defects located
at horizontal distances of 20 and 30 millimeters.

As observed, the peak-to-valley distance ∆ in the
proposed method is greater than in the other meth-
ods, indicating better resolution of adjacent re�ective
points. Furthermore, the background noise in the pro-
posed method is at least three decibels lower than in
the other methods, leading to a clearer image.

Table 1: Background noise and peak-to-trough dis-
tance for di�erent methods in the �rst and second ex-
periments for SNRWGN = 0 dB.

SNRsp = 5 dB SNRsp = 10 dB
Method e ∆ e ∆
TFM -3.8 dB 1.35 dB -5.3 dB 1.91 dB

RWTFM -2.3 dB 1.1 dB -4.2 dB 2.60 dB
DWTFM -5.9 dB 3.25 dB -9.3 dB 5.84 dB
SWTFM -6.6 dB 3.62 dB -10.7 dB 6.05 dB
Proposed -9.9 dB 4.96 dB -13.7 dB 7.31 dB

Note: e represents the background noise, and ∆ denotes the

peak-to-trough distance.

6 Conclusion

This paper presents an improved Weighted Total Fo-
cusing Method for ultrasonic non-destructive testing
(NDT). The method integrates the Newton-Schulz it-
erative method for e�cient matrix inverse approxima-
tion and a novel non-linear weighting mechanism based



on a sigmoid function for optimized imaging perfor-
mance. This approach enhances defect detection accu-
racy and image quality by emphasizing defect-related
peaks and suppressing background noise. Comparative
analyses show superior imaging contrast and resolution
compared to traditional TFM and its weighted vari-
ants. Despite its computational complexity, the pro-
posed method improve ultrasonic image quality and
contrast, demonstrating signi�cant potential for ad-
vancing ultrasonic NDT in heterogeneous and noisy
environments.
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