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Abstract: Weld stability is directly related to the safety and reliability of engineering, and continuous
improvement of its detection technology has great research significance. This paper presents a novel
method for weld stability detection based on color digital holography. A color digital holography
optical path was designed to capture the holograms of welds under varying loads. Several common
denoising algorithms were used to deal with speckle noise in the wrapped phase, among which
the 4-f optical simulation integrated cycle-consistent generative adversarial network (4f-CycleGAN)
denoising algorithm based on deep learning was more suitable for the color digital holographic
detection system. The three-dimensional deformation fields of three samples (lap-jointed, butt-jointed,
and defective butt-jointed aluminum alloy plates) under different loads were calculated. The center
profile of the deformation field in the direction of load and holographic reconstruction images are
used to determine the position of the weld. The coefficient of variation near the weld was used to
evaluate the weld stability. The coefficient of variation for lap-jointed, butt-jointed and defective
butt-jointed plates are 0.0335 (<0.36, good stability), 0.1240 (<0.36, good stability) and 0.3965 (>0.36,
poor stability), respectively. The research results of this paper provide a new strategy for detecting
weld stability.

Keywords: color digital holographic; weld stability; deep learning; the coefficient of variation

1. Introduction

With the booming development of the manufacturing industry, welding, as a com-
mon permanent connection method, is widely used in fields such as construction [1],
bridges [2,3], aerospace [4–6], etc. During the welding process, changes in many factors
can have an impact on the formation of welds, thereby affecting welding quality and
product performance. The weld stability is directly related to the safety and reliability of
engineering, so the study of weld stability detection is of great research significance.

At present, the testing methods for welding quality can be divided into two categories:
destructive testing [7–9] and non-destructive testing. Destructive tests include tensile tests,
bending tests, and impact tests. In practical testing, destructive testing methods are widely
used due to their low cost, but these methods can cause irreversible damage to the tested ob-
ject and cannot measure the weld stability of the workpiece in service. Therefore, it cannot
provide extensive, long-term, and stable testing for low-yield, high-cost, and structurally
complex objects. Non-destructive testing methods include visual inspection [10], penetra-
tion testing [11], magnetic particle testing [12], radiographic testing [13–15], and ultrasonic
testing [16]. Among them, visual inspection is the simplest and most commonly used
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non-destructive testing method, but its testing results are subjective and unreliable. The
penetration testing method marks the surface cracks of the tested object with a penetrant,
which can observe surface defects more clearly, but cannot reflect the internal condition of
the tested object. Magnetic particle inspection is only applicable to ferromagnetic materials.
The ultrasonic testing method is not suitable for objects with large particle sizes. The
detection accuracy of radiographic testing methods is high, but they are harmful to human
health and have high costs.

Color digital holographic imaging is an imaging technique based on coherent light
interference [17–19], which is widely used in engineering inspection [20], biomedical
inspection [21–23], optical imaging [24–26], and other fields. According to the inherent
characteristics of interferometric imaging technology, speckle noise often accompanies the
imaging process of digital color holography. It causes the boundaries of the wrapped phase
to become blurred and discontinuous, making phase unwrapping very challenging. If
speckle noise is not removed, the calculated deformation field will be severely distorted.
When the surface of the test object is smooth and the stress distribution area is large,
traditional spatial frequency domain methods can reduce speckle noise [27]. On the other
hand, the surface of the weld seam is relatively rough and the stress distribution area
is concentrated, which requires high noise reduction technology. Traditional spatial and
frequency domain algorithms cannot meet the noise reduction requirements. Therefore,
due to the limitations of traditional denoise technology, there are currently no literature
reports on the use of color digital holography technology for detecting weld stability.

The aim of the present work was to propose a new method to detect the weld stability
of aluminum alloy plates in service based on color digital holography. A color digital
holography optical path was designed to capture the holograms of aluminum alloy plates
under varying loads. Deep learning techniques were employed to eliminate speckle noise
in wrapped phases. Finally, the coefficient of variation of lap-jointed, butt-jointed, and
defective butt-jointed aluminum alloy plates was calculated and used to evaluate the
weld stability.

2. Methods
2.1. The Basic Principles of the Color Digital Holography

Digital holography records the amplitude and phase of the object light in the interfer-
ence fringes of the hologram. The complex amplitude distribution of object light is:

Uo(x, y) = o(x, y)exp(jφ0(x, y)), (1)

The distribution of the reference light complex amplitude is:

UR(x, y) = R(x, y)exp(jφR(x, y)), (2)

The complex amplitude of the hologram is:

I(x, y) = |Uo(x, y)|2 + |UR(x, y)|2 + 2o(x, y)R(x, y)cos[φ0(x, y)−φR(x, y)], (3)

where o(x, y) is the amplitude of object light, R(x, y) is the amplitude of the reference light,
φ0(x, y) is the phase of object light, and φR(x, y) is the phase of the reference light.

Single-channel digital holography can obtain the deformation of the measured object
along the optical axis direction, while three-channel digital holography (also called color
digital holography) can obtain the deformation of the measured object in the three xyz
directions. The solution for three-dimensional deformation is as follows [28].

λR∆φλR
λG∆φλG
λB∆φλB

 = 2π

 cosθz
λRsinθxz

λR sinθz
λR 1 + cosθz

λRcosθxz
λR

cosθz
λGsinθxz

λG sinθz
λG 1 + cosθz

λGcosθxz
λG

cosθz
λBsinθxz

λB sinθz
λB 1 + cosθz

λBcosθxz
λB

µx
µy
µz

, (4)
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where ux, uy, uz are the deformations in the x, y and z directions, respectively. θz represents
the angle between the illumination vector and its projection on the xoz plane, and θxz
represents the angle between the projection of the illumination vector on the xoz plane and
the z-axis. ∆φR, ∆φG, and ∆φB are the unwrapped phase differences for the red channel,
green channel, and blue channel, respectively.

2.2. The Optical Path of the Color Digital Holography

The optical path of the color digital holography for detecting the weld stability is
shown in Figure 1. The wavelength of the blue laser is 457 nm, the wavelength of the
green laser is 532 nm, and the wavelength of the red laser is 671 nm. The pixel size of the
charge-coupled device (CCD) (GRAS-50S5M-C) used in the experiment is 3.45 µm.
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Figure 1. The optical path of color digital holography.

The light waves emitted from the laser are decomposed into reference light and object
light after passing through beam splitters (BS) (GCC-4011). Three reference beams are
synthesized into white light on BS4, which is then expanded by SF4 and collimated by L1
to form parallel light. Finally, it is refracted into the CCD by BS5. The three beams of object
light are, respectively, expanded into spherical waves by spatial filters (GCM-SF03M) (SF1,
SF2, and SF3), then diffusely reflected on the surface of the object, and finally, enter CCD
through BS5.

Figure 1 also shows the coordinate system on the optical platform (ZDT-B), where
the plane parallel to the surface of the optical platform is defined as the xoz plane in the
coordinate system, and the y-axis is perpendicular to the optical platform. Based on the
path of the object light, the coordinates of the light points at M8, M9, M10, and OBJECT can
be measured to calculate the illumination vectors of the RGB three beams. The distance
from the object to the CCD is 840 mm, and the positions of the light points on M8, M9,
M10, and OBJECT are (221, 250, 1392), (410, 253, 1593), (679, 250, 1733), and (583, 250,
1111), respectively.

2.3. Weld Samples

The samples in the experiment are lap-jointed and butt-jointed plates made of 6061 alu-
minum alloy and a defective butt-jointed plate made of 7075 aluminum alloy. These alu-
minum alloy plates were randomly selected from the laboratory and used common welding
techniques in engineering. Their structure and dimensions are shown in Figure 2.
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During the experiment, the load was applied in the y-direction of three samples. The
load applied to the lap-jointed and butt-jointed aluminum alloy plates varies from 293.67 N
to 301.50 N in steps of 3.92 N, while that applied to defective butt-jointed aluminum alloy
plate varies from 293.87 N to 294.45 N in steps of 0.39 N. This is because a defective butt-
jointed aluminum alloy plate is more prone to deformation, and the phase difference fringes
obtained within the same load interval are very dense, exceeding the detection range of
the system.

2.4. Denoising Algorithms Based on Deep Learning

Deep learning is a machine learning method, whose core is convolutional neural
networks. It can automatically extract image features and is widely used in fields such
as computer vision, image recognition, speech recognition, and medical image analysis.
The research uses the Cycle Generative Adversarial Network (CycleGAN) [29] and 4-f opti-
cal simulation integrated cycle-consistent generative adversarial network (4f-CycleGAN)
algorithms [30] of deep learning techniques to reduce speckle noise in wrapped phases.
Compared to the original Generative Adversarial Network (GAN), CycleGAN is an unsu-
pervised deep learning denoising method that does not require data pairing. Its network
structure is a dual loop, which uses two generators (G, F) and two discriminators (Dx, Dy)
to form a loop-generated network structure. Unlike CycleGAN, 4f-CycleGAN replaces
the generator F in deep neural networks with a physically driven speckle simulation
system (4F).

The 4f-CycleGAN algorithm fundamentally simulates the generation mechanism of
speckle noise in digital holographic interferometry (DHI), thereby providing targeted
guidance for the training process of the 4f-CycleGAN network. This method effectively
suppresses artifacts and unexpected elements, significantly enhancing denoising perfor-
mance. Figure 3 illustrates the network architecture of 4f-CycleGAN, which comprises
two generators (G and 4F) and two discriminators (Dx and Dy). During the algorithm’s
execution, firstly, the original domain image X is transformed into an approximate repre-
sentation of the target domain image Y by the generator G. Subsequently, the generator 4F
is utilized to transform the target domain image Y back to the original domain, resulting in
a reconstructed version X̂ that closely resembles the original image X. This step aims to
compute the loss function, which is based on the difference between the real input image
X and the reconstructed image X̂. During the X → Y → X̂ transformation process, the
discriminator Dy engages in adversarial training with the generator G to ensure that the
generated image Y looks sufficiently realistic in the target domain. However, considering
the reverse process from the target domain image Y back to the original domain image X̂,
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another discriminator Dx is introduced to engage in adversarial training with the generator
4F, which ensures that the reconstructed image X̂ maintains consistency in the original
domain. During the training process, the loss functions Lcyc and LGAN are used to constrain
the consistency between the input and output images. Lcyc ensures the preservation of
content integrity during image transformation, while LGAN ensures that the generated im-
ages are visually more realistic and believable. The 4f-CycleGAN algorithm demonstrates
outstanding performance in denoising and image transformation tasks.
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The pre-trained weights were obtained on the RTX 3090 TI GPU (NVIDIA, Santa Clara,
CA, USA) [29]. The training set consists of 10,000 simulated phase differences containing
speckle noise and 10,000 simulated clean phase differences without speckle noise. The
training objective of deep learning is to map the network between the noisy image domain
X and the noise-free image domain Y. The entire training process lasted for 70 rounds.
In the paper, pre-trained weights with certified performance were used for denoising the
phase differences.

3. Experiments and Results
3.1. Digital Holograms

The aluminum alloy plates were placed in the OBJECT position in the color digital
holographic optical path. The load was applied in the y-direction of three samples. The
object light and the reference light interfere with the CCD, forming a hologram carrying the
deformation information of the aluminum alloy plates. Figure 4a,b shows the holograms
of three RGB channels of lap-jointed and butt-jointed aluminum alloy plates, where the
load of R1, B1, and G1 is 293.67 N (Initial load), and the load of R2, B2, and G2 is 297.59 N.
Figure 4c shows that of the defective butt-jointed plate, where the load of R1, B1, and G1 is
293.87 N (Initial load), and the load of R2, B2, and G2 is 294.26 N. By gradually increasing
the load according to the experimental program, 18 holograms of any aluminum alloy plate
can be obtained, with a total of 45 holograms for three samples.

The hologram is reconstructed by using the FIMG4FFT algorithm, and the phase
difference of aluminum alloy plates under load changes is obtained. The phase difference
after noise masking obtained from the reconstruction of the hologram in Figure 4 is shown
in Figure 5. It can be observed that the phase differences are all disturbed by speckle
noise and the boundaries of those phase differences are blurred and discontinuous. This
makes phase unwrapping of those phase differences very challenging. To obtain accurate
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information about the 3D deformation field, the speckle noise needs to be reduced using a
denoising algorithm.
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Figure 5. Wrapped phases after noise masking of (a) lap-jointed plate (293.67 N~297.59 N,
1024 pixels × 256 pixels, 3.7 cm × 0.9 cm), (b) butt-jointed plate (293.67 N~297.59 N,
1024 pixels × 256 pixels, 3.1 cm × 0.8 cm), (c) defective butt-jointed plate (293.87 N~294.26 N,
1024 pixels × 256 pixels, 3.6 cm × 0.9 cm).

3.2. Evaluation of Speckle Noise Reduction Algorithms

To minimize speckle noise, the research used traditional spatial and frequency domain
algorithms alongside deep learning algorithms to denoise the wrapped phase difference,
including the Median, Block Matching and 3D filtering (BM3D), 2-D Windowed Fourier
transform (WFT2F), CycleGAN and 4f-CycleGAN algorithms. These algorithms were used
to denoise the wrapped phase of the red channel in Figure 5a, and the results are shown in
Figure 6.

As shown in Figure 6, the boundaries of the wrapped phase obtained by the median
and BM3D algorithm are still fuzzy and discontinuous. The WFT2F algorithm outperforms
the BM3D algorithm. In the results obtained with the WFT2F algorithm, the boundaries
of the wrapped phase are clear and continuous. However, residual speckle noise persists,
and there are line-like streaks due to incomplete noise reduction in areas of the phase
distribution that are relatively flat. In the results obtained from the CycleGAN and 4f-
CycleGAN algorithms, the wrapped phase appears smooth, with clear and continuous
boundaries. Overall, deep learning algorithms are superior to traditional spatial and
frequency domain algorithms, which is also the reason why deep learning algorithms have
been widely used in recent years.
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The sum of the peak signal-to-noise ratio (PSNR) was used to quantify the denoising
results of these algorithms [31]. Table 1 shows the PSNR of five denoising algorithms for
lap-jointed aluminum alloy plates. The sum of PSNR of the 4f-CycleGAN algorithm based
on deep learning has a maximum value of 140.6 dB, indicating that its denoising result is
the best. The sum of PSNR of the CycleGAN algorithm based on deep learning is 140.19 dB,
indicating its better denoising result. The sum of PSNR of the WFT2F algorithm based
on the frequency domain is 113.79 dB. The sum of PSNR of BM3D and median denoising
algorithms based on the airspace is 26.88 dB and 70.82 dB, respectively, indicating that
their denoising results are poor. Therefore, deep learning algorithms have better denoising
results than traditional spatial and frequency domain algorithms for the detection system.
The following research only uses the BM3D algorithm, the WFT2F algorithm, and the
4f-CycleGAN algorithm to study the denoising results.

Table 1. PSNR (dB) of several algorithms for the lap-jointed aluminum alloy plate.

Median BM3D WFT2F CycleGAN 4f-CycleGAN

PSNR_R 25.83 8.49 44.58 47.35 47.54
PSNR_G 22.51 9.36 34.19 48.42 51.41
PSNR_B 22.48 9.03 35.02 44.42 41.65
SUM 70.82 26.88 113.79 140.19 140.6

Table 2 shows the PSNR of these algorithms for the butt-jointed aluminum alloy plate.
The sum of PSNR for the 4f-CycleGAN algorithm in deep learning is the maximum, which
is 118.81 dB, indicating that the 4f-CycleGAN algorithm has the best denoising result on
the wrapped phase of the butt-jointed aluminum alloy plate.

Table 2. PSNR (dB) of several algorithms for the butt-jointed aluminum alloy plate.

BM3D WFT2F 4f-CycleGAN

PSNR_R 8.90 37.50 36.53
PSNR_G 10.09 35.82 44.04
PSNR_B 10.23 30.00 38.24
SUM 29.22 103.32 118.81
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Table 3 shows the PSNR of these algorithms for the defective butt-jointed aluminum
alloy plate. The sum of PSNR for the 4f-CycleGAN algorithm in deep learning has a
maximum value of 142.91 dB. This indicates that the 4f-CycleGAN algorithm still has the
best denoising result for the defective butt-jointed aluminum alloy plate.

Table 3. PSNR (dB) of several algorithms for the defective butt-jointed aluminum alloy plate.

BM3D WFT2F 4f-CycleGAN

PSNR_R 10.15 43.22 44.97
PSNR_G 10.61 42.87 52.00
PSNR_B 11.03 36.57 45.94
SUM 31.79 122.66 142.91

Comparing the sum of the PSNR for these algorithms, the 4f-CycleGAN algorithm
based on deep learning is adopted to remove speckle noise in this paper.

3.3. Evaluation of Weld Stability

Unwrapping the wrapped phase difference after noise reduction means that the three-
dimensional deformation field of the aluminum alloy plate under different loads can be
calculated using Equation (4). Figure 7a–c show the three-direction deformation field of
the lap-jointed aluminum alloy plate with the load from 293.67 N to 297.59 N. The load
is applied in the y-direction of the overlapped aluminum alloy plate, and the y-direction
has the maximum deformation variable. Subsequently, we evaluate the weld stability of
the lap-jointed aluminum alloy plate solely based on the deformation in the y-direction.
Figure 7d shows the center section line of the y-direction deformation field with the load
from 293.67 N to 301.50 N. When y changes from 0 to 630 pixels, the three curves have
almost the same slope. According to Hooke’s law, the elastic modulus is constant, which is
because it is composed of aluminum alloy plates with uniform materials. When y changes
from 630 pixels to 720 pixels (red box), the slopes of all three curves show significant
changes, which are caused by changes in the thickness and material of the weld, leading
to changes in the elastic modulus. On the other hand, by calculating the holographic
reconstruction images of the aluminum alloy plate [27,32], it can be seen that the thickness
around the weld increases significantly (red box), and the position of the weld coincides
with the range of significant changes in the slope of the three curves. Therefore, the position
of the weld can be accurately determined by the center profile of the upward displacement
field in the y-direction.

To evaluate the weld stability of the lap-jointed aluminum alloy plate, the variance of
the y-direction deformation field and the coefficient of variation at the weld were calculated.

s2 =
∑n

i=1(xi − x)2

n
, (5)

cv =
s
x

, (6)

where s2 represents variance, x represents the mean deformation along the x-direction, s
represents the standard deviation and cv represents the coefficient of variation.

The variance curves are shown in Figure 7e. Based on the weld position determined
in Figure 7d, the coefficient of variation corresponding to the maximum variance near this
position can be calculated. When y changes from 630 pixels to 720 pixels (red box), the
variance has a peak value of 1.528 × 10−4 mm2 at y = 687 pixel. Next, x = 0.3685 mm
can be obtained, and finally, the coefficient of variation cv = 0.0335 can be obtained from
Equation (6). It was reported that a coefficient of variation greater than 0.36 indicates
poor weld stability, while a coefficient of variation less than 0.36 indicates good weld
stability [31]. The smaller the coefficient of variation, the better the weld stability. Hence,
we can conclude that the weld stability of the lap-jointed aluminum alloy plate is good.
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Figure 8a–c show the three-direction deformation field of the butt-jointed aluminum
alloy plate with the load from 293.67 N to 297.59 N. It can be seen that the deformation
of the butt-jointed aluminum alloy plate mainly occurs in the y-direction, and the weld
stability of the butt-jointed aluminum alloy plate would be evaluated only based on the
deformation in the y-direction. Figure 8d shows the center section line of the y-direction
deformation field with the load from 293.67 N to 301.46 N. Using the method shown in
Figure 7d, the position of the weld seam can be determined at y ∈ [150, 250] based on
the significant changes in the slope of the three curves (red box) and the holographic
reconstruction image (red box). The variance curve of the butt-jointed aluminum alloy
plate is shown in Figure 8e. Near the weld (y = 159 pixel), there is a peak in variance at
y = 159 pixel, which is 1.509 × 10−4 mm2. Next, x = 0.0991 mm can be obtained, and
finally, the coefficient of variation cv = 0.1240 can be obtained from Equation (6). Hence, it
can be concluded that the weld stability of the lap-jointed aluminum alloy plate is good.

Figure 9a–c show the three-direction deformation field of the defective butt-jointed
alloy plate with the load from 293.67 N to 294.45 N. It can be seen that the deformation of
the defective butt-jointed aluminum alloy plate mainly occurs in the y-direction, and the
weld stability of the defective butt-jointed aluminum alloy plate would be evaluated only
based on the deformation in the y-direction. Figure 9d shows the center section line of the
y-direction deformation field with the load from 293.67 N to 294.45 N. Using the method
shown in Figure 7d, the position of the weld seam can be determined at y ∈ [210, 290] based
on the significant changes in the slope of the three curves (red box) and the holographic
reconstruction image (red box). In addition, there are pits at the weld of the defective
butt-jointed aluminum alloy plate, and the thickness of the weld is almost the same as that
of the aluminum alloy plate, resulting in insignificant changes in the slope of the three
curves. The variance curve of the defective butt-jointed aluminum alloy plate is shown in
Figure 9e. When y changes from 210 pixels to 290 pixels (red box), the variance has a peak
value of 3.327 × 10−6 mm2 at y = 246 pixel. Next, x = 0.0046 mm can be obtained, and
finally, the coefficient of variation cv = 0.3965 can be obtained from Equation (6). Hence, it
can be concluded that the weld stability of the defective butt-jointed aluminum alloy plate
is poor.
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Therefore, an optical system based on color digital holography technology was de-
signed successfully for detecting the weld stability. This optical detection system has many
advantages, such as non-contact, non-destructive, dynamic, and full field detection, as well
as detecting the weld stability of the workpieces in service. Of course, more parameters are
needed to further evaluate the stability of the weld seam.

4. Conclusions

In summary, the article successfully designed an optical system for detecting the
weld stability based on color digital holography technology. Regarding the roughness
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characteristics of the aluminum alloy plate surface, the 4f-CycleGAN algorithm based on
deep learning has the maximum sum of PSNR and has the best denoising results for the
speckle noise. The three-dimensional deformation fields of aluminum alloy plates with
lap-jointed, butt-jointed, and defective butt-jointed were calculated, and the corresponding
coefficients of variation were 0.0335, 0.1240, and 0.3965 respectively, indicating that the
stability of the lap-jointed and butt-jointed aluminum alloy plates is good while the stability
of the defective butt-jointed aluminum alloy plate is poor. The optical system can achieve
non-contact, non-destructive, dynamic, and full field testing, as well as detect the weld
stability of the workpiece in service. The research results of the paper would provide a new
strategy for detecting the weld stability. There are potential application prospects in fields
such as architecture, bridges, roads, and aerospace.
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