
Citation: Wu, Z.; Han, Y.; Liang, B.;

Wu, G.; Bao, Z.; Qian, W. A Metallic

Fracture Estimation Method Using

Digital Image Correlation. Processes

2022, 10, 1599. https://doi.org/

10.3390/pr10081599

Academic Editor: Marco S. Reis

Received: 18 July 2022

Accepted: 9 August 2022

Published: 12 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

processes

Article

A Metallic Fracture Estimation Method Using Digital
Image Correlation
Ziran Wu 1,* , Yan Han 1, Bumeng Liang 2, Guichu Wu 2, Zhizhou Bao 3 and Weifei Qian 4

1 Engineering Research Center of Low-Voltage Apparatus Technology of Zhejiang Province,
Wenzhou University, Wenzhou 325035, China

2 Zhejiang Juchuang Smartech Co., Ltd., Wenzhou 325036, China
3 People Electric Appliance Group Co., Ltd., Wenzhou 325036, China
4 Technology Institute, Wenzhou University, Yueqing, Wenzhou 325699, China
* Correspondence: naturex@wzu.edu.cn; Tel.: +86-188-5774-5619

Abstract: This paper proposes a metallic fracture estimation method that combines digital image
correlation and convolutional neural networks, based on a proven theory that the strain distribution
of a component changes when a crack occurs in a structure. By using digital image correlation, the
method achieves noncontact and nondestructive sensing, as well as high interference immunity. We
utilize a digital image correlation system to produce strain distribution graphs that reflect occurrences
and propagations of fractures during fatigue processes. A deep residual network (ResNet) regression
model is trained by correlating strain distribution graphs with the corresponding fracture lengths,
so that the fracture propagation condition can be estimated by data from digital image correlation.
In the experiment, according to the American Society for Testing Materials (ASTM) standards, we
fabricate a set of aluminum specimens and perform fatigue tests with data acquisition by digital
image correlation. Finally, we obtain a crack length estimation mean absolute error of 0.0077 mm,
or 0.26% of the measuring range. The results show the precision, as well as the practicality, of the
proposed method.

Keywords: fracture estimation; digital image correlation; convolutional neural networks;
strain distribution

1. Introduction

Fracture detection of metallic components is an important issue in multiple areas.
Early detection of machine failures and structural condition is critical considering safety
and maintenance costs [1–3].

Ductile fracture is the main failure type in metallic components. There is a process
from the crack occurrence to an ultimate failure (or “rupture”) under repeated mechanical
stress loading and unloading. Extensive plastic deformation (necking) takes place before
a ductile fracture. A ductile fracture process starts with a small crack caused by fatigue,
and the crack keeps propagating under the stress until the component separates, leaving
a rough surface [4]. In a cyclic loading condition, the cycle count of a ductile fracture
process is determined by the material and the applied load. The ASTM E399 standard [5]
recommends the adjustment of the load parameters to limit the cycle count within 104

to 106. It is desired to detect a crack as soon as it occurs and to estimate the size and
shape of the crack as it propagates. Ideally, fracture detection must be noncontact and
nondestructive. For this purpose, researchers design systems that monitor component
conditions with individual sensors [6,7] or sensor networks in conjunction with health
assessment algorithms [8,9].

Before a rupture occurs, extensive plastic deformation (necking) happens and there
is a slow propagation with large associated energy absorption [4]. Hence, it is proven
that the strain distribution of a metallic component changes when a crack occurs under a
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tensile load. This paper investigates fracture estimation through identification of strain
distribution differences obtained by applying digital image correlation (DIC) [10]. Thus, to
map the strain distribution to the corresponding fracture condition, we apply DIC strain
distribution data to a deep residual network (ResNet) [11], an evolution of convolutional
neural networks (CNN) [12], to train a regression model that detects the occurrences and
estimates the lengths of fractures in real time. In the experiment, we use DIC data from a
set of material fatigue tests to train a ResNet model to prove the effectiveness. In practice,
for a specific component, the regions of high crack risks can be monitored by DIC and
their fracture condition can be analyzed by pre-built models. In addition, factors such
as the material, temperature, shape, load, etc. can significantly affect the occurrence and
propagation of factures. The strain distribution is the comprehensive reflection of all the
fatiguing factors. The paper only discusses the experiment on specific specimens under
the conditions defined by ASTM standards, to prove the feasibility of the method. For an
application of component fracture monitoring, the fatigue test under practical conditions
needs to be performed and the DIC data need to be collected. Then, the corresponding
model can be trained for crack diagnosis of this component.

The paper is organized as follows: Section 2 introduces related work on fracture
detection; Section 3 illustrates the fracture estimation method used to detect and estimate
cracks; Section 4 describes the configuration of the testing system and specimens, as well
as the procedure of data acquisition; the experimental setup and measurement results are
described in Section 5; closing remarks are presented in Section 6.

2. Related Work

A number of methods have been developed for detecting cracks in metallic
structures, including techniques based on electrical current [13] or ultrasonic wave
propagation [14,15]. Jin et al. [2] proposed a method that locates small flaws or cracks in
thin-walled structures by electromagnetically-induced acoustic emission. Liu et al. [16]
designed a dual laser ultrasonic system for fatigue crack detection, but the noise effect
cannot be ignored. Zima et al. [17] proposed a guided wave propagation-based crack
detection method, but the sensor configuration needs to be appropriately designed. Kim
et al. [18] applied piezoelectric wafers on both sides of a metal structure and detected the
crack by capturing Lamb wave mode conversion caused by an abrupt change in structure
thickness. Broberg [19] detected cracks in welds by thermography, based on the knowledge
that cracks absorb more energy than free surfaces when lit by a high-power infrared source.
Albishi et al. [3] utilized a complementary split-ring resonator that detects sub-millimeter-
sized cracks by frequency shifting. However, the methods introduced above only provide
the sensing of fractures, while the automatic fracture condition estimation is not presented.
In addition, some of the approaches [3,13,18] are only suitable for large scale cracks, and
cannot be applied to detect the initiation of cracks.

Digital image correlation (DIC) is a widely used method that measures local displace-
ments and strains [10] in material research. Compared with other strain measurement
methods, DIC features the ability of obtaining strain distributions within an area, rather
than an average strain value. DIC is now commonly applied to validate models and
simulations. Cao et al. [20] modeled the anisotropic crack growth behavior of an alu-
minum alloy and used DIC to validate the model. Farahani et al. [21] employed DIC to
analyze the force vs. displacement relation and internal fields of a sheet bi-failure specimen.
Shrestha et al. [22] employed DIC to interpret the results of an acoustic emission (AE)
method that tracks fatigue crack propagation in metal components. Chen et al. [23] com-
pared DIC results to ABAQUS finite element analysis results to demonstrate that finite
element simulation is reliable for describing the deformation of specimens. Meanwhile,
DIC is a prospective sensing approach for reducing installation costs associated with fixed
sensor networks, and it may be the only option in some cases, if specific fixed sensors were
not installed prior to construction. Mohan et al. [24] concluded that the DIC technique
minimizes measurement error by 35–70% when compared to other crack measurement
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techniques, such as sensors and strain gauges. Stewart et al. [25] demonstrated that DIC is
a useful method for tracking fracture expansion by investigating fatigue crack expansion in
hot mix asphalts. However, although DIC can obtain crack information in components, cur-
rently, there is no approach that automatically detects and estimates fracture propagation
with DIC images, which is the purpose of this paper.

The utilization of machine learning methods (or data-driven methods) in the industry
is rapidly increasing. Fault diagnosis is one of the main application areas [26,27]. The
fundamental idea is to train fault detection models with existing data and identify real-
time faults according to the trained models. Machine learning for fault detection includes
principal component analysis (PCA) [28], the nearest neighbor regression (NNR) [29],
support vector machines (SVM) [30], and artificial neural networks (ANN) [31]. Deep
learning is a series of novel machine learning methods that has been developed from ANN
with significant performance improvement. Deep belief networks (DBN) [14,15,32,33]
and convolutional neural networks (CNN) are the two most frequently used frameworks.
CNN was initially developed for image description, such as object classification and face
recognition. Recent research led to its implementation in signal analysis and fault detection.
Zeng et al. [33] applied CNN to classify faults of gearboxes by analyzing the vibration
signals. Wen et al. [34] reformed randomly segmented signals to 2D signal images and
applied a LeNet-5 CNN to detect faults of manufacturing systems. The results showed that
the CNN methods achieve both high accuracy and efficiency.

Recently, scholars proposed fracture diagnosis methods that analyzing component
images by machine learning. Chen et al. [35,36] proposed vision-based crack detection
methods that aggregate information obtained from multiple video frames by using local
binary patterns, support vector machines and Naïve Bayes and convolutional neural
networks, and achieved relatively high detection accuracies. Hu et al. [37] utilized a deep
region CNN to analyze the thermal images acquired by Eddy current pulsed thermography
for crack localization on metals. However, the methods above only achieve fracture
detection, while the approach of precise fracture length estimation is not presented, due
to the insufficiency of fracture information and multi-source interference acquired by the
imaging methods. Yuan et al. [38] recently presented a study that applied CNN and image
processing to estimate the crack length in video frames, which was very close to purpose.
They achieved a maximum absolute error lower than 0.15 mm and a maximum relative
error lower than 2%. We will make a comparison between our work and Yuan’ work.

Compared with the existing methods, there are a couple of novelties and advantages of
the proposed method that combines DIC and ResNet. Firstly, DIC is a noncontact and non-
destructive measurement technique, as such, it does not interfere with the fatigue process,
and it is of high interference immunity against dust, blots, or scratches; secondly, unlike
existing methods that only achieve crack detection, since DIC provides strain distribution
information effectively impervious to surface defects, the proposed ResNet regression
model not only automatically detects a crack at its initiation, but also tracks its propagation
process by estimating its length. In the experiment, the training and testing process utilize
crack examples propagating in different directions, which increases the adaptivity of the
model. In conclusion, the proposed method achieves noncontact, nondestructive, real-
time occurrence detection and length estimation for fractures that propagate in different
directions, which is significantly superior to the existing approaches of fracture diagnosis.

3. Fracture Estimation
3.1. DIC-Based Fracture Estimation

With the development of digital camera and image processing technology, now, the
precision of DIC reaches micro- or even nanometers. Considering that strain difference is
very small at the beginning of a crack occurrence, the sensitivity of DIC helps to detect the
strain variation. The DIC sensitivity relies on the camera resolution and the component
scale. In our experiment, the camera resolution reaches 0.005 mm/pixel, the strain precision
reaches 0.001 unit, and a crack can be identified by the strain distribution when it grows to
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1 mm in a 1 × 0.96 inch2 (2.54 × 2.4384 mm2) specimen, according to the ASTM standards
E399 and E647 [5,39], as shown in Figure 1a. The testing tensile is applied via a pair of pins
through the holes, as shown in Figure 1b.
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Figure 1. Tested specimen: (a) design (unit: in); (b) applying tensile.

Our goal is to estimate the propagation of a fracture in real-time by using DIC images
simultaneously with the component in operation. Considering a piece of stiff material
under linear stress, according to Griffith’s model [40], the strain energy becomes non-
uniform near the crack. Therefore, we investigate the relationship between the strain
distribution and fracture propagation under the same load condition, and expect to develop
an approach to estimate the fracture based on strain distribution.

Meanwhile, it is very common for metallic components to operate under cyclic loading
conditions. Hence, we can identify whether a crack occurs by comparing strain distributions
at different load cycles. Figure 2 shows the simulation in ANSYS of the Hencky equivalent
strain distribution of a specimen made of Al6061-T6. A 2000 N tensile is applied vertically, as
Figure 1b illustrates. By changing the displacement of the tensile, the final strain distribution
graphs are obtained. The simulation images indicate that the strain distribution becomes
non-uniform near the crack. The strain close to the crack is significantly larger than that far
from the crack. The overall strain increases and the position of the highest strain moves
with the growth of the crack. Therefore, the feasibility of the proposed strain-based crack
estimation method can be proven.
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For a specific fracture case, the strain distributions of the complete fracture propagation
process with the load cycle increasement are recorded, and the strain distribution graphs
(SDGs) of every load cycle are mapped to the corresponding crack length via a CNN
regression model. There are two strategies that form the SDGs to examples used to model
deep learning networks, which are as follows:

• Strategy 1: apply SDGs with the maximum load of cycles as example features, as
shown in Figure 3a.

• Strategy 2: apply SDG sequences of load cycles as example features. Each SDG of the
sequence corresponds to a pre-defined timing within the cycle, as shown in Figure 3b.
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cycles; (b) SDG sequences of load cycles.

We define a load sequence {f 1, f 2, f 3, . . . , fn} within a cycle (n is the sequence count).
Hence, we can obtain an SDG sequence {g1, g2, g3, . . . , gn}, where gi (i = 1, 2, 3, . . . , n)
represents the SDG under the corresponding load fi. By defining the AOI (area of interest,
the area to be studied in an image) length and width as a and b, respectively, we add the
features to a 3D ‘stack’ with the dimensions of a × b × n, as shown in Figure 1b. A feature
stack contains strain distribution information in both space and time.

In practice, the frame rate of the DIC camera is higher than the cycling frequency, e.g.,
10 frames for 1 cycle. Therefore, it is required to determine the SDG that reflects the load
crest in every cycle. One approach is using a load sensor that simultaneously traces the
load, which increases the complexity and cost of the system. Nevertheless, we propose a
“maximum mean strain” method to detect the SDG of the maximum load without auxiliary
sensors. The method is described as follows:

1. In an SDG sequence of a number of load cycles, define L as the number of SDGs for a
cycle. Let l = 1.

2. Select L SDGs in a row: Gs = {gl, gl+1, gl+2, . . . , gl+L−1}, and extract the valid pixels
of each SDG in Gs (some pixels in the AOI are invalid due to distortion by the crack
or blocking by the fixtures), so we obtain a new sequence Gs

′ = {g′l, g′l+1, g′l+2, . . . ,
g′l+L−1}.

3. Compute the mean of each SDG in Gs
′: {sl, sl+1, sl+2, . . . , sl+L−1}.

4. Find sk that meets the following:{
sk−1 ≤ sk ≤ sk+1
l < k < l + L− 1

(1)

5. If sk can be found, then gk is the SDG of the cycle. Let l = l + L, and return to step 2 for
the next cycle.

6. If sk cannot be found, let l = l + 1, and return to step 2.
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3.2. Fracture Estimation by Deep Learning Regression

Our case is a high-dimensional regression problem. In our case, the dimensionality of
a feature stack (a × b × c) = (96 × 96 × 3). In order to perform high-efficiency computation,
inspired by deep-learning-based motion recognition methods for image sequences [41,42],
we apply a ResNet-18 [11], which is an evolution of convolution neural networks (CNN).
The ResNet-18 architecture contains 17 convolution layers and a full connection layer, as
shown in Figure 4.
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Figure 4a illustrates the overview of the ResNet-18 architecture. We defined the square
image side length as a, the number of example channels as b, the input example dimensions
(a × a × c) equal (96 × 96 × 1) and (96 × 96 × 3) for Strategy 1 and 2, respectively. The
network begins with a convolution (Conv) layer with a batch normalization (BN) layer and
a ReLU activation layer. The convolution parameters (a × a × c, k, s) = (96 × 96 × 1, 7, 2),
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where k is the side length of the convolution kernels, and s is the convolution stride. Then,
a pooling layer is applied with (kp, sp) = (3, 2), where kp is the side length of the pooling
window, and sp is the pooling stride. Therefore, the features are shrunk to 24 × 24, and
forwarded to residual blocks.

There are two types of residual blocks, up blocks (Figure 4b) and down blocks
(Figure 4c). An up block with parameters (a × a × c) has two series Conv + BN + ReLU
groups, whose parameters are (a × a × c, 3, 1). A down block has two series Conv + BN
+ ReLU groups of (a × a × c, 3, 2) and (a/2 × a/2 × c, 3, 1), respectively, as well as a
down sampling layer of (a × a × c, 3, 2). The features are formed to be (3 × 3 × 512) and
forwarded to a full connection layer, which finally converts the features to a single-valued
output, e.g., the estimated fracture length. For this regression problem, the model is op-
timized by minimizing the mean square error (MSE) between the ground truth and the
prediction. Adam is applied as the optimizer. The SDGs are acquired by a DIC system in
a set of fatigue tests, and the facture lengths are measured by image processing during
the tests.

Generally speaking, deeper networks can achieve higher accuracy. Nevertheless,
networks such as ResNet-34 or ResNet-50 cannot be used in this case because the size of
the source DIC images is limited.

4. Fatigue Test and Data Acquisition

According to the ASTM E399 and E647 standards [5,24], we build a testing system that
uses a load frame to perform cyclic loading. The testing system is designed to produce
fractures of mode I (opening mode). A DIC system is utilized to measure strain distribution
and variation in the test specimens.

4.1. Specimens

The specimens used for the test are plate coupons made of aluminum 6061, as shown
in Figure 1a. A notch is cut in the middle of one side and two mounting holes are machined.
In practice, the notch tip of the fabricated specimen is not very sharp due to the precision
of our machining center, so we manually cut a small tip with a razor blade. Micro speckle
stamps are manually painted on the specimens’ front surfaces for DIC tracking. We paint
the front surface white as the base, and apply black spray paint on the surface to form
random speckles. The DIC system traces the distances between speckles, and thus obtains
the strain distribution by computing the deformation of the surface. The density of speckles
is not strictly required, since the DIC system is designed to be compatible to a wide range of
speckle densities. Meanwhile, interferences of dust, blots, and scratches can be remarkably
reduced, as they can be also treated as stamps during the real-time image comparison by
DIC. Specimens before and after the speckle pattern was applied are shown in Figure 5.
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Figure 5. Original specimen (left) and speckled specimen (right).

We apply two pins through the holes to install the specimen between a pair of clevises,
so that the specimen can be firmly fixed in the load frame, as shown in Figure 6.
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4.2. Testing System

The testing system consists of a load frame system and a DIC system. The load frame
has two clamps that grip the clevises to fix the specimen between them (Figure 7).
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The clamps can pull or compress specimens to perform tensile or compression loads.
The applied force and displacement can be programmed via software. Therefore, load
cycles can be achieved by varying the force and displacement with time. Since we aim
to measure the strain distribution on the specimen’s surface, 2D DIC is applied in our
test. The DIC system consists of a five-megapixel (2448 × 2048) digital camera, a set of
lighting sources, as well as a software toolkit that captures and analyzes images. The DIC
system tracks the movement of the micro speckles on the surface and then the strain graph
can be calculated according to the displacements of speckles. Since we expect to relate
every strain distribution to the corresponding load value, synchronization between the
load frame system and the DIC system is implemented. We utilize a triggering mechanism
with a constant load cycle period (Tl) to achieve synchronization, which is as follows:

1. The load frame measures the load value from its feedback sensor, and transmits the
value to the DIC system;

2. Once the load drops below a specified low-level threshold, the DIC system is triggered
and keeps capturing n pictures. Assuming that the DIC frame rate is fDIC, to guarantee
that all pictures are within a load cycle, the parameters should satisfy the following
equation:

n
fDIC

≤ Tl (2)

3. The DIC system stops to wait for the next trigger.
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Therefore, the proposed triggering mechanism can achieve synchronization in every
load cycle period at the trigger moment and eliminates the accumulated clock error between
the load frame and DIC systems. In practice, to reduce the storage requirement, we expect
to capture images for a cycle in every N cycle (e.g., N = 10). Hence, in every N cycle, we
define one specific cycle that has a slightly lower trough than the others, and the triggering
threshold is near the lower trough. Hence, the camera will only be triggered during the
specified cycle.

4.3. Testing Procedure

The testing procedure is described as follows:

1. Prepare a specimen as illustrated in Section 4.1, and fix it in the load frame;
2. Perform a sine cyclic tensile load to precrack the specimen until a crack occurs that

reaches 1 mm;
3. Perform a sine cyclic tensile load to fatigue the specimen until complete failure occurs;
4. The DIC system is triggered and n pictures are captured in every cycle, and the crack

length is measured;
5. Keep the test until the specimen completely fails.

The precracking load is greater than the fatiguing load to initially produce a crack
quickly. However, during precracking, we also insert a fatiguing load cycle and capture
DIC images every several load cycles to obtain the strain distribution of uncracked and
small-crack conditions.

Crack length measurements are achieved by counting the pixels of the crack in the
DIC images of the maximum load. Since the physical width represented by a pixel can be
calibrated before the test, the crack length can be, thus, determined by converting pixel
count to the physical length in millimeters.

The DIC software generates strain distribution graphs from speckled specimen pic-
tures. We select an area of interest (AOI) where strain varies the most significantly on the
speckled surface and produce strain distribution graphs (SDGs) of this area. Figure 8 shows
the AOI location on the fracture propagation direction.
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5. Experiments and Results
5.1. Cyclic Load Test for Fatigue

We fatigued five specimens by our test procedure. The precracking load is 2700 N and
the fatiguing load is 2000 N. During the process, a crack keeps growing to about 5 mm and
then the specimen suddenly breaks completely. The result is indicated by Table 1. Since
the specimens are fabricated from different batches of base plate, the cycle counts are not
very consistent. However, we determine the fracture condition by the crack length, so the
inconsistency does not influence our modeling work. Figure 9 shows a completely failed
specimen and Figure 10 shows the entire crack growth process and the computed major
Hencky (logarithmic) strain. In every original DIC image, the crack is marked by a red box.
The dark areas in the upper right and lower right are the clevises that block out the view of
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the specimen, and the black area in the middle right is the notch, so that the strain of these
areas cannot be achieved. We represent strain levels by different colors.

Table 1. Results of fatigue test.

Specimen Precracking Cycle Count Fatiguing Cycle Count Crack Length before Failure

1 1930 11,821 6.7
2 1750 7580 6.4
3 1820 7567 6.5
4 1940 6497 6.2
5 1410 5520 6.0
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after precracking; (c) 1.5 mm, 4000 cycles; (d) 2 mm, 5000 cycles; (e) 3 mm, 6000 cycles; (f) 5.7 mm,
6740 cycles; (g) strain scale.

Figure 10 shows the strain distribution variation of specimen 3 whose crack grows in
the test (first row: original images acquired by the DIC system, second row: major Hencky
strain distribution graphs). The strain distribution significantly changes as the crack grows,
which proves that crack propagation can significantly change the strain distribution. When
there is no crack (Figure 10a), the overall strain is very small, and the maximum strain
is near the fabricated notch. With the growth of the crack (Figure 10b–d), the overall
strain increases, and the maximum strain surrounds the crack. There is a V-shape gradient
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strain distribution from the crack to other regions of the specimen. When the crack is very
large (Figure 10e,f), the maximum strain is near the end of the crack, while that near the
root decreases. According to Figure 10, it can be concluded that to the SDG variation can
obviously reflect the crack length. In addition, it can also be noticed in Figure 10 that the
crack grows slowly at the beginning, and the growth accelerates when the specimen reaches
its failure. This phenomenon occurs with all specimens. Therefore, it is important to detect
fractures early to avoid a sudden break.

In our experiment, the applied cyclic load is monitored by a load sensor, and the
corresponding load value of every SDG is recorded. To verify the proposed “max. mean
strain” method that determines the load-crest SDGs, we perform the method for all the
SDGs and compare the result with the recorded load signal. The result shows that the de-
termination accuracy is 97.86%. The false determinations of load-crest SDGs are inspected,
and it is found that their corresponding load is very close to the load crests of the cycles.
The maximum difference is 36.74 N, which is 1.84% of the error rate. It can be caused by
measurement errors and delays of both the DIC system and the load sensor. However, since
the load difference is very small, the false load-crest SDGs are very similar to the true ones
(the MSE is within 1.6 × 10−6) and can be accepted as the load-crest SDGs.

5.2. Training and Testing of the Fracture Estimation Model

We study the SDGs of cracks from 0 to 3 mm, since in the experiment, a crack grows
very quickly after it reaches 3 mm, and it is not reliable to keep on using such a component
in practice. We obtain 3639 cycles of the 5 tested specimens. We select a 960 × 960 AOI
for DIC processing. After the DIC processing, the size of the SDGs is 96 × 96. We linearly
normalize the values of the SDG pixels into [0, 1]. Since all cracks on the SDGs propagate
in the same direction, every processed SGD is rotated by 10 angles around the image center
to produce 10 SGDs, with cracks propagating in different directions. Therefore, in total,
we obtain 36,390 examples. Figure 11 shows three rotated images of an SDG whose crack
length is 2 mm. From left to right, the rotation angles are 0◦, 285◦ and 178◦, respectively.
The grayscale of pixels indicates the strain intensity. The lighter color means the higher
strain. The black pixels within the light region indicate the crack region, which cannot be
evaluated by the DIC system, since there is no material at those positions. All examples
are randomly divided into three subsets for training, validation and testing. The training:
validation: testing rate is 3:1:1.
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Figure 11. Rotated SDGs.

We set the maximum number of training epochs to 2000, and the batch size of every
step is 100 examples. The network is optimized minimizing the loss (MSE) and evaluated
by the metric (MAE). It is configured that a validation is performed after every epoch,
and once the validation error (MAE) reaches the minimal, the current model parameters
will be saved. Therefore, the final optimal model will be determined regarding the lowest
validation error.

The network model is trained by TensorFlow 2 [43] on a high-performance compu-
tation server, with NVIDIA TITAN V GPUs for CUDA computational acceleration [44].
Figure 12 shows the training processes of Strategy 1 and 2, respectively. The training loss is
converted to the root mean square error (RMSE) to unify the unit for a clear illustration.
A moving mean window of length 100 is performed to both training loss and metric, to
smooth the curve for a clear representation. The validation metric error in MAE is also
presented. It is illustrated that the network is trained effectively.
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It is observed that both strategies achieve high precision after 2000 epochs. The
training results are very close between the two strategies. However, Strategy 2 achieves a
lower validation error. Then, the trained models are applied to the test data that are not
involved in the training process, and finally, the test MAEs are 0.0089 mm and 0.0077 mm
for Strategy 1 and Strategy 2, respectively. It is proven that using Strategy 2 means a lower
estimation error. Considering that our crack measurement is within 0 to 3 mm, while the
mean estimation error is 7.7 µm (0.26% of the measuring range), it can be concluded that the
proposed method can precisely estimate the fracture condition by using strain distribution.

Meanwhile, we apply a LeNet-5 network [34], which is simpler and widely used,
as a comparison with the ResNet-18 network. The comparison is shown in Table 2. It is
observed that ResNet-18 is superior to LeNet-5 in the estimation precision, while there is
no significant efficiency decrease. Meanwhile, it is proven that although Strategy 2 requires
twice of the processing time of Strategy 1, the total processing time is less than 200 µs,
which is normally acceptable in relatively low-frequency mechanic applications, where
commonly, the load frequency is lower than 1 kHz.

Table 2. Comparison between LeNet-5 and ResNet-18.

Network
Test MAE (mm) Estimation Time per Example (µs)

Strategy 1 Strategy 2 Strategy 1 Strategy 2

ResNet-18 0.0089 0.0077 93 187
LeNet-5 0.0154 0.0195 70 178

We also compare our work with Yuan’s work [38]. Yuan’s test applied a camera with
higher resolution (3840 × 2748) than what we used (2448 × 2048), and they only provided
13 test examples starting from the crack length of 1 mm, and utilized the absolute error and
the relative error as the metrics. To perform a fair comparison, we display the absolute and
relative errors obtained with Strategy 2 within the crack length range of (1, 3) mm, which
contains 4306 test examples.

Figure 13 shows that the maximum absolute error is lower than 0.06 mm, which is
smaller than that of Yuan’s method (1.5 mm), and the maximum relative error is lower than
2%, which is as the same as that of Yuan’s method. However, Yuan’s paper did not prove
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the capability of estimating very small cracks (<1 mm), while our method can estimate
cracks within (0, 1) mm (absolute error < 0.02 mm and relative error < 5%). Meanwhile, as
a two-stage process, Yuan’s final crack length estimation error did not include the detection
error in the earlier crack detection stage, while our result reflects the accumulated error
of the complete process. In addition, we prove the capability of estimating cracks that
propagate in all directions, which is not presented in Yuan’s work. Therefore, it can be
concluded that our method is relatively superior to Yuan’s method.
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6. Conclusions and Further Discussion

The paper proposes a noncontact, nondestructive fracture detection and estimation
method that uses DIC strain image data from fatigue processes to model a ResNet-18
regression network. The data are acquired from fatigue tests of five specimens under the
conditions of the ASTM E399 and E647 standards. The experimental results show that the
regression network achieves an MAE of 0.26% within 200 µs per example, proving that
the method can achieve high precision and efficiency for fracture condition estimation. In
conclusion, the proposed method is a novel and efficient metallic approach with a high
value of practical application. Nevertheless, to apply the method in practice, there are
several issues that need to be carefully considered.

The scale of the specimen in our experiment is very small, so small cracks can be
detected. For a larger component in practice, the crack detection capability depends on
the AOI size, the resolution of the DIC camera, etc. In our experiment, the approximate
crack location is known because the specimens are designed according to ASTM standards.
In practice, we can set a number of regions of high crack risk on a component, and ana-
lyze these regions by pre-built network models. The proposed models are applicable to
cracks of different morphologies, since they are trained and verified by SDGs, with cracks
propagating in all directions.

Another issue is about the computational resource. The GPUs used in our experiments
are powerful and expensive, since efficiently training optimal models requires sufficient
computational resources. However, applying a trained model in a practical application
does not require a high-spec GPU, i.e., a CUDA-supported GPU of a relatively low cost can
fully meet the computational requirement.

Considering the issues discussed above, in our future work, different fatiguing factors,
such as the material, temperature, shape, load, etc., are expected to be investigated and
applied in the experiment. The proposed method will be optimized and implemented for
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practical applications to inspect the practicality. Meanwhile, the network architecture will
be improved to raise the precision and efficiency.
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