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Abstract: The traditional microstructure detecting methods such as metallography and electron
backscatter diffraction are destructive to the sample and time-consuming and they cannot meet
the needs of rapid online inspection. In this paper, a random forest regression microstructure
characterization method based on a laser ultrasound technique is investigated for evaluating the
microstructure of a titanium alloy (Ti-6Al-4V). Based on the high correlation between the longitudinal
wave velocity of ultrasonic waves, the average grain size of the primary α phase, and the volume
fraction of the transformed β matrix of the titanium alloy, and with the longitudinal wave velocity
as the input feature and the average grain size of the primary α phase and the volume fraction of
the transformed β matrix as the output features, prediction models for the average grain size of the
primary α phase and the volume fraction of the transformed β matrix were developed based on a
random forest regression. The results show that the mean values of the mean relative errors of the
predicted mean grain size of the native α phase and the volume fraction of the transformed β matrix
for the six samples in the two prediction models were 11.55% and 10.19%, respectively, and the RMSE
and MAE obtained from both prediction models were relatively small, which indicates that the two
established random forest regression models have a high prediction accuracy.

Keywords: laser ultrasound; titanium alloy; microstructure; random forest regression

1. Introduction

Titanium alloy is an important structural metal developed in the mid-twentieth century,
with a high specific strength, low density, high corrosion resistance, good heat resistance,
and good biocompatibility, which is now widely used in the aerospace, marine, biomedical,
and chemical industries [1–3]. Ti-6Al-4V, one of the most widely used α+β duplex titanium
alloys, possesses excellent mechanical properties. It is known that the mechanical properties
of α+β duplex titanium alloys are mainly influenced by their microstructure [4], which
can be adjusted by reasonable control of the heat treatment parameters [5–7]. Solution
aging, also known as strengthening heat treatment, is the main way to heat-treat titanium
alloys. For α+β duplex titanium alloys, the microstructure of the solid solution-treated
and air-cooled samples is mainly the primary α phase and the transformed β matrix. In
contrast, the average grain size of the primary α phase and the volume fraction of the
transformed β matrix directly affect the mechanical properties of titanium alloys [8,9].

The traditional microstructure inspection methods are metallography, electron backscat-
ter diffraction, etc. However, they are destructive to the sample and time-consuming and
they cannot meet the needs of rapid online inspection. Therefore, in recent years, there
has been a search for a method to quickly obtain information on the microstructure of
the materials. Laser ultrasonics is an in situ measurement technique developed in the
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last three decades for the microstructure evaluation of metals and alloys [10–13], with the
advantages of being non-contact and having long-range detection and rapid inspection.
The ultrasonic characterization of materials can be characterized using the velocity and
attenuation of ultrasonic waves in dielectric materials [14–17]. The variation of the acoustic
velocity is related to the crystal structure of single-crystal materials and the anisotropy
of polycrystalline materials, which can reflect information about the recrystallization and
phase transformation of the material [18–20].

At present, researchers have carried out a large number of studies on the laser ultra-
sonic sound velocity characterization of microstructures [21–25]. Ünal et al. [26] determined
the average grain size of boron carbide (B4C)–aluminum (al) and boron carbide (B4C)–
nickel (Ni) composites using the laser ultrasonic sound velocity and found that the laser
ultrasonic sound velocity has a good characterization ability for the average grain size. Yin
et al. [27] found that the variation of the sound surface wave velocity was closely related
to the evolution of the recrystallized tissue. Bate et al. [28] demonstrated the feasibility of
using the ultrasonic longitudinal wave velocity to characterize the tissue structure using
medium-frequency steel. Zhang et al. [29] developed a prediction model for the relation-
ship between the volume fraction of the incipient α-phase and the ultrasonic longitudinal
velocity and found that the ultrasonic longitudinal velocity was linearly correlated with
the volume fraction of the primary α phase.

For a complex microstructure, manual analysis is time-consuming and laborious, and
the results are not satisfactory. In recent years, in order to detect the microstructure of
materials more easily and quickly, researchers have introduced machine learning algorithms
into the microstructure characterization of materials [30–33]. Xue et al. [34] used particle
swarm neural networks for the grain size and distribution prediction with good results.
Zhang et al. [35] combined laser ultrasound technology and local weave analysis methods
to construct an accurate expert system for fourth-order weave prediction, relying on neural
networks. Random forest regression (RFR) is an algorithm that integrates multiple trees
based on the idea of Bagging in integration learning. The basic unit is the regression tree. In
the prediction phase, the random forest averages the predictions of the internal N decision
trees to obtain the final output, a mechanism that greatly improves the prediction accuracy
of the model.

In this paper, a microstructure characterization method of a Ti-6Al-4V titanium alloy
combining a laser ultrasound technique and random forest regression is proposed. Based
on the high correlation between the longitudinal wave velocity of ultrasonic waves, the
average grain size of the primary α phase, and the volume fraction of the transformed β

matrix of titanium alloys, and with the longitudinal wave velocity as the input feature and
the average grain size of the primary α phase and the volume fraction of the transformed β

matrix as the output features, the prediction models of the average grain size of the primary
α phase and the volume fraction of the transformed β matrix were developed based on a
random forest regression. The prediction model can provide the theoretical basis for the
rapid online detection of the microstructure of titanium alloys.

2. Materials and Methods
2.1. Experimental Materials and Microstructure Inspection

The experimental material was commercial Ti-6Al-4V rolled sheet, with the thickness
of the sheet being rolled from 2 mm to 1.5 mm and the chemical composition of the sheet
being shown in Table 1.

Table 1. Chemical composition of Ti-6Al-4V for experiment.

Element Ti Fe Al V H C O N

Content/% Remaining 0.0495 6.0764 4.0920 0.0042 0.0113 0.1248 0.0192
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In order to eliminate the influence of the chemical composition, hot rolling process,
and dislocation on the experiment, 36 samples of 90 mm × 100 mm were cut from the
same batch of steel plates and divided into six groups: A, B, C, D, E, and F. The primary α

phase grain size and the volume fraction of the transformed β matrix of the experimental
samples were controlled by the heat treatment conditions. The same annealing temperature
was used for all the samples in the same group, but the holding time of each sample was
different, and the samples were numbered according to the order of the holding time
from the lowest to the highest (e.g., in group A, the holding time of the 20 min sample
corresponded to A-1, the holding time of the 40 min sample corresponded to A-2, etc.).
The samples were held at temperatures ranging from 850 ◦C to 940 ◦C and holding times
ranging from 20 to 300 min, and then the samples were removed and air-cooled to room
temperature. The heat treatment process is shown in Table 2.

Table 2. Ti-6Al-4V heat treatment process.

Group Number Holding Temperature/◦C Holding Time/min Cooling Method

A Heated to 850 ◦C 20/40/60/80/100/120

Air cooling

B Heated to 900 ◦C 20/40/60/80/100/120
C Heated to 880 ◦C with furnace 60/120/150/180/210/240
D Heated to 900 ◦C with furnace 60/120/150/180/210/240/300
E Heated to 920 ◦C with furnace 60/120/150/180/210/240/300
F Heated to 940 ◦C with furnace 60/120/150/180

2.2. Experimental Scheme of Laser Ultrasonic Inspection

The heat-treated sample, after grinding and polishing, was inspected with the laser
ultrasonic inspection system shown in Figure 1, which mainly contains an ultrasonic
excitation system, an ultrasonic receiving system, and a signal acquisition system. The
pulsed laser used in the laser ultrasound excitation system was a Q-modulated Nd: YAG
laser with a pulse time width of 8 ns, a pulse energy of 500 mJ, a wavelength of 1064 nm,
and a continuous laser energy of 500 mW. The ultrasonic receiving system was a dual-
wave hybrid interferometer built with a 532 nm continuous laser and BSO crystal, and its
ultrasonic wave was received by heterodyne reception, which can avoid the interference
of clutter on the longitudinal signal. The specimen to be tested was placed on a two-
dimensional moving platform in the system, and the pulsed laser was reflected by a
reflector and then focused by a convex lens, hitting the surface of the specimen to generate
ultrasonic waves. The continuous laser ultrasonic double-wave interferometer placed on
the other side received and demodulated the generated ultrasonic waves, then transmitted
the signal to a digital oscilloscope (with a sampling frequency of 1025 MHz) and to a
computer for data storage. In order to eliminate the ultrasonic signal acquisition error, each
sample was sampled eight times, and the average value of the 16 laser-excited ultrasonic
waves was selected for each sampling.

2.3. SEM Sample Preparation and Testing

The samples completed for the laser ultrasound experiments were cut into small
samples of 8 mm × 10 mm using a wire cutter, and the surfaces of the specimens were
polished to 7000 mesh. A corrosion agent with a ratio of HF:HNO3:H2O = 3:6:91 was
selected to etch the samples, and then the microstructure of each sample was observed
with an SU5000 scanning electron microscope (SEM).
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Figure 1. Laser ultrasonic detection system. (a) Experimental device diagram of laser ultrasonic
detection system; and (b) schematic diagram of laser ultrasonic detection system.

3. Experimental Results
3.1. Microstructure Experimental Results

The Ti-6Al-4V titanium alloy sheet undergoes different types of diffusion with the
aggregation of the Al and V elements through the different processes of annealing. The
alteration of these elements causes a mutual transformation between the α and β phases,
resulting in tissues with different morphologies. During the annealing process, the primary
α phase breaks the grains to provide nucleation points for nucleation, and the fine equiaxed
α phase starts to increase. As shown in Figure 2a,c, when the temperature is below
900 ◦C, the organization is dominated by the primary equiaxed α organization, with the
transformed β matrix being less significant due to the air cooling method. The cooling rate
is larger, the V element is too late to diffuse, and a small amount of the intergranular β

phase is formed. As shown in Figure 2b,d,e, when the temperature reaches 900 ◦C, the β

phase at the grain boundary starts to be generated due to the solid solution strengthening
effect of the V element. The long secondary α phase starts to increase and, together with the
β phase distributed at the grain boundary, forms the transformed β matrix, which makes
the volume fraction of the transformed β matrix increase. The higher the temperature,
the larger the volume fraction of the transformed β matrix. As shown in Figure 2f, the
volume fraction of the transformed β matrix increases sharply when the temperature
reaches 940 ◦C.
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3.2. Calculation of the Average Grain Size of the Primary α Phase and the Volume Fraction of the
Transformed β Matrix

The average grain size of the primary α phase and the volume fraction of the trans-
formed β matrix in the bimorph organization of the Ti-6Al-4V titanium alloy are mainly
obtained by using the equivalent area method after analyzing and processing the SEM
images using Photoshop 2021 (PS) and ImageJ 1.8.0 and converting the measured pixel
point count results into the actual size by means of a scale. The polygon magnetic lasso
tool in PS was used to identify and mark the transformed β matrix in the metallographic
image. The marked metallographic images were imported into the ImageJ 1.8.0 software,
and the images were intercepted by using the Duplicate function. The noise of the primary
α phase was then removed by using the Remove Outliers function to obtain the denoised
image shown in Figure 3a. A clear grain diagram of the primary α phase is obtained for
Figure 3a using the Invert function as shown in Figure 3b (the white part of the diagram
is the incipient α phase). The binarization of Figure 3b, the binarization picture shown in
Figure 3c, and the proportion of the white part in Figure 3c constitute the transformed β

matrix volume fraction measured by using the Measure measurement function. The area
size of the 1200× picture is 4990 µm2, and the area occupied by the primary α phase is
obtained. The number of grains of the primary α phase is counted from Figure 3b, and the
equivalent average grain size is calculated according to the area formula of the circle. The
average grain size of the primary α phase and the volume fraction of the transformed β

matrix for all the specimens were obtained by this method.
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The relationship between the average grain size of the primary α phase and the volume
fraction of the transformed β matrix with the holding temperature and holding time is
presented in the form of pictures and analyzed. With the same holding time but different
holding temperatures, the average grain size of the primary α phase tends to increase with
an increasing holding temperature, as shown in Figure 4a,b, while the volume fraction of
the transformed β matrix as a whole also tends to increase, as shown in Figure 4c,d. In the
case of the same holding time and different holding temperatures, the average grain size of
the primary α phase shows an overall trend of increasing with the increase in the holding
time, as shown in Figure 4a,b, while the volume fraction of the transformed β matrix
shows an overall trend of first increasing and then decreasing, as shown in Figure 4c,d.
The volume fraction of the transformed β matrix decreases when the holding time reaches
about 210 min, probably due to the non-uniform distribution of the plate elements.

3.3. Signal Processing and Longitudinal Wave Velocity Extraction

The collected laser ultrasound signal often has a large amount of noise, which makes
the location of the lowest point for finding the longitudinal wave trough not unique, thus
causing the time difference between the two wave peaks to be inaccurate. As a result,
a signal noise reduction processing method is needed to improve the effectiveness and
reliability of the laser ultrasound detection system. In this paper, we use variational modal
decomposition (VMD) denoising, which considers that any signal is a superposition of
subsignals with dominance of different frequencies. This transforms the signal processing
problem into a variational model solving problem and determines the center frequency and
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bandwidth of each mode by iteratively searching the extrema of the variational model, thus
decomposing the noise-bearing signal into a series of band-limited intrinsic mode functions
(BLIMFs) with sparsity and finite bandwidth [36]. Then, the longitudinal ultrasound signal
with a specific structure is selected for reconstruction according to the IMF function after
the decomposition of the center frequency. The results of the reconstructed ultrasound
signal are shown in Figure 5.
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In this paper, the laser ultrasonic inspection system is used to receive the ultrasonic
waves from the opposite side. That is, the time difference between the two adjacent peaks
of ultrasound represents the distance of the ultrasound propagation of twice the thickness.
Therefore, the longitudinal wave velocity of the ultrasonic waves can be obtained with
Equation (1).

v =
2d

ti − ti−1
(1)

where d is the thickness of the specimen and t is the time at the wave crest. The velocities
during the propagation of every two adjacent echoes from the second to the sixth echo were
obtained, and the four velocity averages were obtained (in order to facilitate the discussion
of the relationship between the longitudinal wave velocities and the microstructure of the
titanium alloy). The polynomial equation was used to fit the relationship between the
longitudinal wave velocity and the average grain size of the primary α phase, and the fitted
graph shown in Figure 6a was obtained, from which it can be seen that the longitudinal
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wave velocity shows a linear decrease with the increase in the average grain size of the
primary α phase. The Gaussian equation was used to fit the relationship between the
longitudinal wave velocity and the volume fraction of the transformed β matrix, and the
fitted plot shown in Figure 6b was obtained, from which it can be seen that the longitudinal
wave velocity also shows a decreasing trend as the volume fraction of the transformed β

matrix increases.
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4. Analysis and Discussion
4.1. RFR Model Building

Random forest regression (RFR) is an algorithm that integrates multiple trees based
on the idea of Bagging in integration learning. The basic unit is the regression tree. For the
regression problem in this paper, each decision tree is a regressor, and, in the training phase,
the random forest uses bootstrap sampling to collect several different subtraining sets from
the input training dataset to train different binomial regression trees in turn. The feature
subspace of each split node is randomly drawn from the total feature space when training
the regression decision tree, and then the optimal features are selected for splitting within
it, according to the principle of the minimum mean squared error. That is, for each input
sample, there will be N trees with N regression results. This approach not only ensures
the randomness and independence between trees, thus reducing the degree of overfitting,
but also increases the robustness and stability of the final model prediction results. In the
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prediction phase, the random forest averages the predictions of the internal N decision
trees to obtain the final output, a mechanism that greatly improves the prediction accuracy
of the model.

The random forest regression algorithm process is as follows. (1) Using the Bagging
idea, a subset k of the training samples of size N is generated by randomly putting back a
sampling of the original training set. (2) A single regression decision tree is constructed by
randomly selecting m features (m < M) among M feature attributes and performing node
splitting. (3) Steps (1) and (2) are repeated to construct the multiple regression decision trees,
so that each decision tree grows maximally to form a decision forest. (4) The prediction
values of all the decision trees are averaged to obtain the final prediction results. The
algorithm flow is shown in Figure 7.
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4.2. Construction and Validation Results of RFR Model

The velocity of every two adjacent echoes in the signal should theoretically be the
same, but the actual velocity is not equal, and it is known that there is a high correlation
between the average grain size of the primary α phase and the longitudinal wave velocity.
Therefore, the four longitudinal velocities of the ultrasonic signal were used as the input
features (as shown in Table 3), and the average grain size of the primary α phase was
used as the output. The average grain size prediction model of the incipient α-phase was
constructed using the random forest regression to achieve the prediction of the average
grain size of the primary α phase. Similarly, a prediction model of the volume fraction of
the transformed β matrix can be constructed using the random forest regression to achieve
the prediction of the volume fraction of the transformed β matrix.

Table 3. Input parameters of the RFR model.

Ultrasonic Parameters

P1 = v1
P2 = v2
P3 = v3
P4 = v4

The total number of samples in the above experiments was 36. Eight experiments were
conducted for each sample, and a total of 288 sets of data were obtained as the total sample
size. The sample data were divided into a training set and a test set according to a ratio of
30:6, where the training set was used to train and optimize the parameters of the model and
the test set was used to evaluate the final prediction accuracy of the model. The number
of training set samples was 240 data sets and the test set samples were 48 data sets. The
prediction models for the average grain size of the primary α phase and the volume fraction
of the transformed β matrix were constructed based on the above random forest regression
principle. To exclude the phenomenon of model sub-optimization caused by unreasonable
model parameter settings, the mean square error (MSE) was used as the scoring index for
the parameter search, prior to the model training and evaluation, to determine the number
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of trees and leaf nodes of the decision tree of the RFR model. The higher the number of
decision trees among the main parameters of the model, the better the training effect, and
the smaller the mean square error means the better the prediction ability of the model. The
expression is calculated as follows:

MSE =
1
m∑m

i=1(yi − ŷi)
2 (2)

where MSE is the mean square error; ŷi and yi are the predicted and actual values of the
ith sample; and m is the sample size of the corresponding sample.

For the prediction model of the average grain size of the primary α phase, as shown in
Figure 8a, the model converges and the value of the MSE is minimized when the number of
decision trees is 100 and the number of leaf nodes is 10. As a result, the number of decision
trees was set to 100 and the number of leaf nodes was set to 10. Similarly, for the prediction
model of the volume fraction of the transformed β matrix, as shown in Figure 8b, the model
converges and the value of MSE is minimized when the tree is 100 and when the number
of leaf nodes is 5. Therefore, the number of decision trees was set to 100 and the number of
leaf nodes was set to 5.
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matrix.

When the optimal parameters of the model were determined, the root mean square
error (RMSE), the squared absolute value error (MAE), and the coefficient of determination
(R2) were used as measures of how well the model results fitted the actual values, in order
to quantitatively analyze and compare the prediction results of the model. When the RMSE
and MAE are smaller, the closer R2 is to 1, the better the model fitting effect and the higher
the accuracy. The calculation method is as follows.

R2 = 1 − ∑m
i=1(ŷi − yi)

2

∑m
i=1(yi − y)2 (3)

RMSE =

√
∑m

i=1(ŷi − yi)
2

m
(4)

MAE =
1
m∑m

i=1|ŷi − yi| (5)

where ŷi and yi are the predicted and actual values of the ith sample, respectively; y
is the average of the actual values of the samples; and m is the sample capacity of the
corresponding sample. The test set was brought into the two trained models separately,
and the coefficients of determination R2 and the RMSE and MAE of the models were
calculated as shown in Table 4.
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Table 4. RFR model evaluation indicators.

Model
Test Set

R2 RMSE MAE

Average grain size prediction model 0.82 0.7140 0.6414

Volume fraction prediction model 0.77 7.6064 5.2933

As can be seen from Table 4, the R2 of the models are 0.82 and 0.77, respectively,
indicating that both of the established RFR models fit relatively well. In addition, the
predicted values and SEM results of the two RFR models were visualized for a more
intuitive understanding of the models’ predictions. For the prediction model of the average
grain of the primary α phase, as shown in Figure 9a, each specimen has one SEM result
marked as a black solid circle and eight predicted results marked as red hollow circles. For
the prediction model of the transformed β matrix volume fraction, as shown in Figure 9b,
each specimen has one SEM result marked as a black solid circle and eight predicted results
marked as blue hollow circles. The mean relative errors between the predicted and SEM
results were calculated for each specimen in the two models. In the prediction model for
the average grain size of the primary α phase, the mean relative errors of the prediction
results for specimens #A-2, #A-5, #B-5, #C-4, #E-5, and #F-1 were 22.5%, 8.49%, 11.93%,
9.29%, 9.92%, and 7.19%, respectively, as shown in Figure 9c. In the prediction model for
the volume fraction of the transformed β matrix, the mean relative errors of the prediction
results for specimens #A-2, #A-5, #B-5, #C-4, #E-5, and #F-1 were 13.1%, 6.48%, 7.12%,
11.17%, 4.09%, and 19.2%, respectively, as shown in Figure 9d. The mean values of the
mean relative errors of the predicted mean grain size of the native α phase and the volume
fraction of the transformed β matrix for the six samples in the two prediction models were
11.55% and 10.19%, respectively, and the RMSE and MAE obtained from both prediction
models were relatively small, as shown in Table 4, indicating that the two established RFR
models have a high prediction accuracy.
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matrix; (c) mean relative error in the prediction of the average grain size of the primary α phase; and
(d) mean relative error in the prediction of the volume fraction of the transformed β matrix.

In addition, it can be seen from Figure 9c,d that the prediction results for specimens
A-2 and F-1 deviate significantly. This is because, in the regression problem, the prediction
range that can be performed by the random forest is constrained by the highest and lowest
parameters in the training data, and its prediction effect is based on the existing experience.
The average grain size of the primary α phase of specimen A-2 and the volume fraction
of the transformed β matrix of specimen F-1 are outside the training set, so the prediction
results of these two specimens are poorer in the prediction model.

5. Conclusions

In this paper, a Ti-6Al-4V titanium alloy with a different microstructure is taken as the
research object. Based on laser ultrasonic detection technology, the VMD signal processing
method, and a machine learning algorithm, the influence of the primary α phase volume
fraction of theTi-6Al-4V titanium alloy on the ultrasonic sound velocity is studied. The
primary α phase volume fraction is predicted by the support vector machine and random
forest regression algorithm. The conclusion is as follows:

(1) The variation mode decomposition algorithm is suitable for processing nonlinear
and non-stationary signals, such as laser ultrasonic signals. After processing the laser
ultrasonic signal, the high-frequency noise contained in the signal and the baseline drift
caused by low-frequency vibration and thermal expansion are effectively filtered out, and
the signal-to-noise ratio is obviously improved. The relationship between the primary α

phase volume fraction and the ultrasonic signal velocity of the Ti-6Al-4V titanium alloy was
established by fitting the polynomial equation. It was found that the relationship between
the primary α phase volume fraction and the ultrasonic sound velocity was linear, and the
ultrasonic sound velocity increased with the increase in the primary α volume fraction.

(2) Based on the support vector machine algorithm and random forest regression
algorithm, the prediction model of the primary α phase volume fraction of the Ti-6Al-
4V titanium alloy was established with four sound velocities of each ultrasonic signal
obtained by laser ultrasonic detection as the input variables and the primary α phase
volume fraction of the Ti-6Al-4V titanium alloy as the output variable. The data of forty
samples from five samples in the two model test sets were inputted into the model for
prediction, and the prediction results of each sample were obtained. The evaluation indices
R2, RMSE, and MAE of the SVM prediction results were 0.840, 4.119, and 3.651, respectively,
and the average relative error of the prediction results of the five samples was 6.71%.
The evaluation indices R2, RMSE, and MAE of the random forest regression prediction
results were 0.871, 3.993, and 3.406, respectively, and the average relative error of the
prediction results of the five samples was 6.36%, indicating that the two models had a good
prediction accuracy and that the two models could better predict the primary α phase
volume fraction. The random forest regression model has a higher prediction accuracy,
but the prediction stability is relatively low for small samples, while the support vector
machine prediction model has a better stability for small samples. The two methods can
be selected or combined according to different conditions to improve the characterization
accuracy of the ultrasonic microstructure.
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