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Abstract: With the rise of global industrialization, the requirements for the operating speed and
carrying capacity of high-speed trains are increasingly higher. Because the wear and tear of rails
gradually increases during the running of high-speed trains, strengthening or repairing rail surfaces
is of paramount significance. Laser-directed energy deposition (DED) exhibits significant advantages
in improving surface hardness, corrosion resistance, and abrasion resistance. Because of the multiple
interacting optimization objectives, the development of a multi-objective optimization method for
process parameters is significant for improving DED deposition quality. Response surface design
employs multivariate quadratic regression equations to fit the functional relationship between the
factors and the responses, which can be employed to find the optimal process parameters and solve
multivariate problems. This study develops a multi-objective optimization model with response
surface design and 2D process mappings to visually analyze the effects of scanning speed, laser power,
and powder feed rate on aspect ratio, dilution rate, and microhardness. The optimal combination of
process parameters for Ni-based alloys on U71Mn rail is a laser power of 431 W, a scanning speed of
5.34 mm/s, and a powder feed rate of 1.03 r/min. In addition, a multi-physics field finite element
model is developed to analyze the evolution mechanism of the microstructure from the bottom to
the top of the single track. This study can provide theoretical and technical support for the surface
strengthening or repair of U71Mn rail.

Keywords: laser-directed energy deposition; U71Mn rail; multi-objective optimization; response
surface design; geometrical characteristics; microstructure evolution

1. Introduction

The rail transition is an economic artery closely related to daily life and pivotal in
the economy and society [1,2]. Rails are one of the critical components of the wheel and
rail transportation system and the basis for train operations. With the development of
rail transportation technology, the maximum running speed of high-speed trains has been
gradually increased from 100 to 300 km/h. The rail loading environment is becoming
more complex and demanding, resulting in harsher working conditions for the wheel-
rail friction pair. The rail surface is susceptible to wear, corrosion, and failure under the
conditions of side grinding and crushing, which decreases the smoothness and safety of
train operation [3]. Therefore, it is essential to employ surface-strengthening technology to
improve the hardness, wear resistance, and corrosion resistance of rails, thus prolonging
their service life. It is of essential practical value and practical significance for reducing
the difficulty of railroad maintenance, reducing the cost of railroad maintenance, and
guaranteeing the efficiency of train operation [4].
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Laser-directed energy deposition (DED) is a new surface repair or modification tech-
nology that has emerged over recent years [5,6]. The deposition material and substrate
surface material on the rail are rapidly melted by laser energy to form a molten pool. Under
the self-cooling effect of the rail substrate, the molten pool solidifies quickly to form a coat-
ing metallurgically bonded to the substrate. Therefore, by designing the composition of the
deposited powder, the microhardness, wear resistance, and resistance to high temperatures
of the rail can be significantly improved [3]. Because the DED process is characterized by
complex physicochemical behavior, it is crucial to select a suitable combination of process
parameters to obtain a high-quality cladding layer [7,8]. In addition, DED is a complex non-
linear process covering the coupling of multiple process parameters, resulting in significant
difficulties in qualitatively characterizing the mapping relationship between individual
process parameters and the quality of the cladding layer [9,10].

For the multi-objective optimization of process parameters in the DED process, many
scholars have conducted research on orthogonal experimental design, response surface
analysis, and gray correlation analysis. Ma et al. [11] first explored the factors affecting the
morphology of the cladding layer by the orthogonal experimental method and obtained
the combination of process parameters under optimal quality by polar analysis and cal-
culation of gray correlation degree prediction. The results showed that laser power and
scanning speed affected the forming quality among the various influencing factors. Ansari
et al. [12] presented an empirical statistical model for DED optimization for In718 and
analyzed the effects of key process parameters on the geometric characteristics of single
tracks. Processing diagrams are practically usable for selecting appropriate processing
parameters for specific equipment and materials. Intelligent optimization methods are
on-the-fly search algorithms based on artificial intelligence or natural phenomena that
allow various behaviors to be abstracted into quantifiable key indicators and transformed
into mathematical problems to be solved, mainly including BP neural networks and particle
swarm algorithms [13,14]. Based on the experimental data of laser powder deposition of
iron-based alloy coatings on ASTM36 substrate, Sohrabpoor [15] developed an adaptive
neuro-fuzzy inference model to predict the geometrical characteristics of the deposited
layers. The results indicate that an artificial neural network (ANN) can effectively solve the
multi-objective optimization problem related to process parameters in the DED process.
To obtain the optimal parameters of cobalt-based alloy coatings, Guo et al. [16] trained
experimental data using the BP neural network to determine the mapping relationship
between process parameters and mechanical performance. Comparing the predicted and
experimental results, the average relative error was not more than 10%. This proves the
feasibility of the model and demonstrates the optimization of the process parameters. How-
ever, this method requires a large amount of experimental data. Ma et al. [11] employed a
particle swarm algorithm to optimize the laser power, scanning speed, and defocus amount
to fabricate coatings with a low dilution rate and residual stress. However, the intelligent
optimization method not only requires a large amount of data to be trained and validated
but also suffers from the problems of slow convergence, tedious and cumbersome processes,
and a lack of explicit function expression.

Overall, response surface methodology represents certain advantages in dealing with
nonlinear problems containing multiple factors and enables more experimental information
to be obtained with a limited number of trials [17,18]. It is possible to obtain the relationship
between one or more response targets and input responses, thereby obtaining the optimal
multivariate parameters more reliably [19]. Therefore, this study selected the commonly
used modified rail steel U71Mn steel as the deposition substrate. Due to the high corrosion
resistance required of the repaired steel rail and the ability of Ni and Fe atoms to replace
each other, the nickel-based self-soluble powder Ni45 was selected as the deposited material.
Local repair of damaged guide rails can reduce the consumption of Ni-based alloys and the
waste of rare and precious metals. The response surface method was employed to optimize
the laser power (P), scanning speed (Vs), and powder feed rate (V) of the Ni-based powder
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coated on the rail surface to obtain a suitable process combination. This study aims to
provide a foundation for the repair or strengthening of high-speed rails.

2. Optimization Process

The central composite test design comprises a zero-level main test point, an axial test
point, and a cubic test point [20]. The regression relationship between process parameters
and response indicators can be expressed as follows:

Yu = 4)(xlu; X2y, xku) + &y (1)

where y denotes the number of designed experiments; k denotes the number of process
parameters; X, indicates the level of the kth factor at the uth test; and the @ is the re-
sponse function.

This study developed a second-order polynomial regression model to fit the experi-
mental data to assess the effect of process parameters and response indexes. The functional
relationship can be expressed as follows:

Yu = Bo + B1X1u + Baxou + B11X3, + B3, + BraX1uXou + €u ()

where y is the predicted response value; By is the intercept; B;, B;, and p;; are the regression
coefficients; and ¢ is the test error.

To evaluate the regression credibility, it is necessary to analyze the variance (ANOVA)
of the established regression model by assessing its significance. The detailed process is as
follows:

(1) Calculate the sum of squares of the deviations
The factor variable total sum of squares (SS;), the factor variable residual sum of
squares (5S,), and the factor regression sum of squares (SS;) can be expressed as follows:

2

S5 = ‘Zl(yi — y) = S§8S, + SS,
lj )

S5, = ¥ (yi — i) ©)
lil )

§§, = .Zl(]ii - ]/)
i=

where y; is the experimental value of the response, ¥/ is the mean value of the reaction, and
;i is the regression estimate of the response.

(2) Calculate freedom degrees

The degrees of freedom corresponding to each type of sum of squares are df;, dfe., df;,
and their expressions are as follows:

dft =n-—1
dfr =2p+p(p-1)/2 (4)
dfe :ft _fr

where 1 denotes the sum of the degrees of freedom.
(3) Calculate average mean square

The average mean squared error (MS) indicates the ratio of each sum of squares to its
degrees of freedom, and R? is employed to indicate the correlation of the regression model.
If the value of R? is closer, it means that the regression model correlation is better, and its
expression is as follows:

_ S5

MS = —
dfe

(5)
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(4) Calculate F- and p-values

The F-value, also known as the F-test statistic, is designed to characterize the goodness
of fit of a regression model. A larger F-value indicates a better fit and better significance.
The F-value expression is as follows:

88, /df,

F =
SS./df.

~ E(dfr,dfe) (6)

The p-value indicates the probability that the difference between the factors resulted
from sample error, which can be applied to determine the significance of the model, taking
the significance level of 0.05. When p is greater than 0.05, the regression model is not signif-
icant. When p is less than 0.05, the model is effective. Moreover, smaller p-values indicate
that the process parameter exerts a more significant effect on the corresponding target.

The aspect ratio and dilution rate are the two leading indicators that affect the deposi-
tion and bonding strength of the solidified coating. When the aspect ratio is less than 2, the
clad height is large, and the melt pool edge is prone to collapse. On the contrary, when the
aspect ratio exceeds 2, the clad lies flat on the substrate, with fewer defects in the lapping
zone and high deposition quality. In addition, microhardness is an essential indicator
for evaluating the mechanical properties of the coating. The dilution rate is employed to
characterize the extent to which the melting of the substrate results in a variation in the
composition of the clad. Too large a dilution rate weakens the performance of the single
track. However, too low a dilution rate can lead to poor metallurgical bonding between the
clad and the substrate, resulting in peeling from the substrate. In this study, based on the
multi-objective optimization theory, the maximum aspect ratio, maximum microhardness,
and minimum dilution rate were expected. The process parameter level ranges were set
as constraints to achieve a multi-objective optimization study of DED process parameters
with the aid of the Design Expert software v11.0. The detailed flow of the optimization
process is shown in Figure 1.

Build numerical model Graphical method

! v
Set the upper and lower
response and factor limits

Is there a solution

Yes

Numerical method

!

Set optimization criteria
and weights

l

No Yes Output result
Is there a solution

End
Figure 1. Multi-objective optimization flow of process parameters based on response surface design.

3. Experimental

Standard high-specification U71Mn rails are shown in Figure 2a. A substrate of
100 x 70 x 10 mm3 was machined by wire EDM technology, and the ground substrate is
shown in Figure 2b. Ni45 self-fusing alloy was chosen as the deposited material because
of its effective resistance to corrosion, abrasion, and impermissibility with rail steel. The
scanning electron microscopy (SEM) images of Ni45 self-fluxing powder are shown in
Figure 2c. The chemical compositions of U71Mn rail and Ni45 powder are shown in Table 1.
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Figure 2. Experimental material: (a) U71Mn rail, (b) ground substrate, and (c) Ni45 powder.

Table 1. Chemical composition of Ni45 powder and U71Mn steel.

Element C Cr Si Fe B Mn P S Ni
Ni-based powder 0.45 12.00 4.0 10.00 2.40 0.10 - Bal.
U71Mn steel 0.65-0.76 - 0.15-0.35 Bal. - 1.10-1.40 <0.030 <0.030 -
Based on the pre-completed one-factor experiments, the process parameters were
optimized for the single tracks, and the levels of the process parameters are shown in
Table 2. Based on a central composite design with a factor of 2 and a level of 5, 20 group
experiments were designed, as shown in Table 3.
Table 2. The level of process parameters for the response surface.
Levels
Parameters Unit
—1.68 -1 0 +1 +1.68
Laser Power (P) W) 409.77 420 435 450 460.23
Sanning speed (Vs) (mm/s) 3.32 4 5 6 6.68
Power feed rate (Vf) (r/min) 0.83 0.9 1 1.10 1.17
Table 3. Central composite trial design and measured results.
Laser Power Scanning Power Feed Aspect Ratio  Dilution Ratio Microhardness
Std Run P W) Speed Rate c n (HV,)
Vs (mm/s) Vy (r/min) 03
#1 11 420.00 4.00 0.90 2.26 0.3354 428.55
#2 9 450.00 4.00 0.90 2.34 0.3427 417.13
#3 13 420.00 6.00 0.90 2.18 0.3512 455.53
#4 6 450.00 6.00 0.90 2.77 0.4174 435.4
#5 19 420.00 4.00 1.10 2.25 0.2845 438.92
#6 8 450.00 4.00 1.10 212 0.3351 420.23
#7 10 420.00 6.00 1.10 2.34 0.3256 462.11
#8 3 450.00 6.00 1.10 2.71 0.3871 450.19
#9 7 409.77 5.00 1.00 2.01 0.3064 434.19
#10 4 460.23 5.00 1.00 2.34 0.3812 412.81
#11 2 435.00 3.32 1.00 2.42 0.3342 428.08
#12 18 435.00 6.68 1.00 2.98 0.3878 470.26
#13 17 435.00 5.00 0.83 2.24 0.3423 44279
#14 15 435.00 5.00 1.17 2.25 0.3115 447.82
#15 5 435.00 5.00 1.00 2.98 0.3434 446.82
#16 14 435.00 5.00 1.00 2.99 0.3426 461.49
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Table 3. Cont.

Laser Power Scanning Power Feed Aspect Ratio Dilution Ratio Microhardness
Std Run P W) Speed Rate ¢ N (HV,.)
Vs (mm/s) Vi (t/min) 03
#17 20 435.00 5.00 1.00 2.94 0.3189 460.78
#18 1 435.00 5.00 1.00 3.04 0.3494 459.63
#19 16 435.00 5.00 1.00 3.22 0.3266 453.31
#20 12 435.00 5.00 1.00 2.74 0.3328 460.8

The experiments were conducted on a laser DED system, as shown in Figure 3a. The
DED system consisted of the following key components: a KUKA robot, a cladding head,
a controller, a water cooler, a powder feeder, and an electrical control cabinet. The laser
generator provided enough energy to melt the substrate and the deposited material to
form a molten pool, which rapidly solidified to form the clad, as shown in Figure 3b. The
process mainly consisted of the following steps: drying the powder, writing the program,
conducting the experiments, and characterizing the results.

[ (b) | Cladhead — |

l ! ! o Lens — [
. Laser beam
: ’/ ) ra— Composite powder A
_ Electric [ | Shieldi 4 E
' cabinet = sipzp d 18 SIS £85 )

s 5§ Cla — R
—_— Melt pool -

Cooler

= Scanning direcion
s SO |

Teaching
aid

Figure 3. Experimental equipment: (a) actual and (b) schematic.

After the experiment, the cross section of single tracks was obtained by cutting the
substrate perpendicular to the scanning direction using EDM technology. The cross section
was ground alternately by sandpaper of 240 to 2000 grit, followed by metallurgical polishing
to achieve a mirror-like finish. The cross-sectional morphology of the single track was
obtained by 3D laser confocal microscopy (Japan) as well as the measurement of the height,
width, and depth of the melt pool by the integrated software, as shown in Figure 4a. The
aspect ratio (¢) and dilution rate (D) can be calculated as follows:

=W/H (7)
b= HL—i—h ®

where W is the clad width, H is the clad height, and / is the pool depth.

The polished specimens were etched by aqua regia for 30 s. The grain characteristics
at different locations of the single track were gathered by laser confocal microscopy, as
shown in Figure 4a. The Vickers hardness tester (China) was used to obtain the micro-
hardness of a single track, and the mean value of three selected points on the fusion
cladding was considered the average micro-hardness, as shown in Figure 4b. The optical
cross-sectional morphology of the single tracks is shown in Figure 5. It can be noticed
that a good metallurgical bond was formed between all single tracks and the substrate.
Under the strong Marangoni convection in the molten pool, the high-temperature liquid on
the surface of the molten pool flowed towards the bottom of the molten pool, increasing
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the dilution rate and bond strength. In addition, as a result of the large surface tension
coefficient at the gas-liquid interface of the molten pool, the single-pass track surface at
the end of solidification exhibited a rounded shape, which is beneficial for improving the
quality of the multi-pass overlap in the laser cladding repair process. The experimental
results of the aspect ratio, dilution rate, and microhardness of the single tracks are shown
in Table 3.

(_Z' . e

Figure 4. Characterization equipment: (a) 3D laser confocal microscopy and (b) Vickers hard-
ness tester.

b = e v i .

Figure 5. Cross-sectional morphologies of single tracks.

4. Results and Discussion
4.1. Response Surface Analysis for Aspect Ratio

The process parameters and aspect ratios were analyzed by ANOVA, and the results
are shown in Table 4. It can be seen that the F-value is 22.12 with a p-value less than 0.0001,
indicating that the established quadratic regression model for aspect ratio is valid and
highly significant. Its loss of fit is not significant, proving the fitted equation is reliable. The
signal-to-noise ratio of 12.169 is more than 4, indicating high precision and accuracy [21,22].
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The R? value is 0.8877, indicating a good correlation. Figure 6a presents the residual plot
of the aspect ratio model. No abnormal values exist, indicating that the model is credible.
Figure 6b shows the measured and predicted values of the aspect ratio. It can be noticed that
the experimental values are more centrally distributed on both sides of the fitted straight
line, which also indicates the accuracy of the model [23]. In summary, the insignificant
factors in the model were removed to develop a quadratic regression model for the effect
of process parameters on the aspect ratio. The final regression model for the aspect ratio is
as follows:

&F=298+0.11A 4 0.14B — 0.28 A% — 0.093B% — 0.25C2 9)

where A, B, and C in Equation (9) can be found in Table 4.

Table 4. ANOVA for the aspect ratio.

Sum of Square  Freedom Degrees Mean Squares F-Value p-Value
Model 2.34 5 047 22.12 <0.0001 Significant
A Laser power 0.16 1 0.16 7.43 0.0164
B Scanning speed 0.28 1 0.28 13.46 0.0025
A2 1.12 1 1.12 53.02 <0.0001
B? 0.13 1 0.13 5.94 0.0288
c? 0.93 1 0.93 4403 <0.0001
Residual 0.3 14 0.021
Anomaly 0.18 9 0.02 0.81 0.6306 Not significant
Pure error 0.12 5 0.024
Sum of all 2.64 19
Standard deviation 0.15 R? 0.8877
Mean 2.56 Adjusted R? 0.8475
Variation coefficient 5.69 Projected R? 0.8151
Predicting the residual . . .
0.49 Signal-to-noise ratio 12.169
sum of squares
(@ () 40
B o 320
= 95 -
£ 90 - 3.00 - W A
s §8 . -* " T 280
= s F g
X 5 & = 260 e
- o]
= 20-§ = = -
é 10 A0 - g
59 - -
2 220 -
1 »
2.00 -
o . 0 1 2 200 220 240 260 280 300 320 340
Internally Studentized Residuals Experimental

Figure 6. Fitting of process parameters to the aspect ratio: (a) residual and (b) comparison of
measured and predicted values.

The p-values regarding laser power and scanning speed are less than 0.05, indicating
that both factors significantly affect the aspect ratio. In contrast, the effect of powder
feed rate on the aspect ratio is insignificant. Therefore, contour plots and 3D response
surface plots of scanning speed and laser power concerning aspect ratio were developed.
Figure 7 shows that the aspect ratio increases gradually as the laser power decreases and
the scanning speed increases. The decrease in laser power and increase in scanning speed
can decrease the laser energy and powder density. As a result, the height and width of
the single-pass deposition are significantly reduced. At the same time, the liquid at the
center of the melt pool flows toward its edges due to negative surface tension [24,25]. This
behavior results in an increase in width and a decrease in height, increasing the aspect ratio.
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Figure 7. Response of laser power and scanning speed to the aspect ratio: (a) contour plot, (b) 3D surface.

4.2. Response Surface Analysis for the Dilution Rate

Table 5 lists the ANOVA results of the process parameters on the dilution rate. It
can be seen that the F-value is 25.68 with a p-value of less than 0.0001, indicating that the
established quadratic regression model for dilution rate is valid and highly significant.
Its fit loss is insignificant, proving that the fitted equation is reliable. The signal-to-noise
ratio of 17.668 is more than 4, indicating a high degree of accuracy and precision. The R?
value of 0.8726 indicates a strong correlation [17]. The residual plot for the dilution rate
model is shown in Figure 8a. The absence of abnormal values indicates a high confidence
level in the model. Figure 8b compares the measured and predicted values of the dilution
rate. It can be seen that the measured values are more centrally distributed on both
sides of the fitted straight line, which also suggests that the proposed model is highly
accurate [10,26]. In summary, the insignificant factors in the model were removed to
develop a quadratic regression model for the effect of process parameters on the dilution
rate. The final regression model for the dilution rate is as follows:

17 = 0.34 4 0.023A + 0.020B — 0.012C + 9.505 x 10~ x B? (10)

where A, B, and C in Equation (10) can be found in Table 5.

Table 5. ANOVA for the dilution rate.

Sum of Square  Freedom Degrees Mean Squares F-Value p-Value
A Laser power 0.016 4 3.984 x 1073 25.68 <0.0001 Significant
B Scanning speed 7.100 x 1073 1 7.100 x 1073 45.77 <0.0001
A? 5.487 x 1073 1 5.487 x 1073 35.37 <0.0001
B? 2.023 x 1073 1 2.023 x 1073 13.04 0.0026
c? 1.326 x 1073 1 1.326 x 1073 8.55 0.0105
Residual 2.327 x 1073 15 1.551 x 10~*
Anomaly 1.659 x 1073 10 1.659 x 1074 1.24 04289  Not significant
Pure error 6.680 x 1074 5 1.336 x 10~4
Sum of all 0.018 19
Standard deviation 0.012 R? 0.8726
Mean 0.34 Adjusted R? 0.8386
Variation coefficient 3.63 Projected R? 0.7616
Predicting the residual 4353 x 10-3 Sienal-to-noi i 17.668
. gnal-to-noise ratio .

sum of squares
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Figure 8. Fitting of process parameters to dilution ratio: (a) residual and (b) comparison of measured

and predicted.

As can be seen from Table 5, the p-values of laser power, scanning speed, and powder
feed rate are all less than 0.05, and the p-values of the first two parameters are less than
0.0001, indicating that the effects of these two parameters are most significant. Figure 9a
shows the response of laser power and scanning speed to the dilution rate. As the laser
power and scanning speed decrease, the dilution rate gradually decreases. During the
DED process, the diminished laser power would reduce the melting of the substrate and
decrease the depth of the melt pool [8,27]. Decreasing the scanning speed can increase the
amount of molten pool powder injected per unit of time, increasing the deposition height
and thus reducing the dilution rate [28]. Therefore, a smaller dilution rate can be obtained
by increasing the powder feed rate and decreasing the laser power, as shown in Figure 9b.

(b)

P 0.42

|0.3

450.00

Dilution ratio

S S

o 550
B; Secap . 5.00

’11111;g 450
Deeg 400 42000

444.00

432,00 438.00
A: Laser powder

Figure 9. Response of laser power and scanning speed to dilution ratio: (a) contour plot, (b) 3D surface.

4.3. Response Surface Analysis for Microhardness

The ANOVA results for the effect of process parameters on microhardness are shown
in Table 6. It can be seen that the F-value is 45.15 with a p-value of less than 0.0001,
indicating that the established quadratic regression model for microhardness is valid and
highly significant. Its misfit is not substantial, proving that the fitted equation is reliable.
The signal-to-noise ratio of 22.800 is more than 4, indicating a high degree of precision
and accuracy. The R? value of 0.9542 indicates a robust correlation. The residual plots of
the microhardness model are shown in Figure 10a. No anomalous values are found in
the plot, which suggests that the model has a high degree of confidence. Figure 10b plots
the measured microhardness values against the predicted values [29,30]. It can be seen
that the measured values are more centrally distributed on both sides of the fitted straight
line, which also indicates the high accuracy of the regression model [31]. In summary, the
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insignificant factors in the model were removed to construct a quadratic regression model
for the effect of process parameters on microhardness. The fitting equation is shown below:

HVy3 = 457.13 — 7.18 A 4 12.40B + 3.17C — 11.84A% — 2.76 B> — 4.13C> (11)
where A, B, and C in Equation (11) can be found in Table 6.

Table 6. ANOVA for the microhardness.

Sum of Square  Freedom Degrees Mean Squares F-Value  p-Value
Model 5113.74 6 852.29 45.15 <0.0001 Significant
A Laser power 704.91 1 704.91 37.34 <0.0001
B Sanning speed 2099.71 1 2099.71 111.23 <0.0001
C Powder feed rate 137.28 1 137.28 7.27 0.0183
A? 2019.38 1 2019.38 106.97 <0.0001
B2 109.92 1 109.92 5.82 0.0313
c? 245.60 1 245.60 13.01 0.0032
Residual 245.41 13 18.88
Anomaly 72.47 8 9.06 0.26 0.9541 Not significant
Pure error 172.94 5 34.59
Sum of all 5359.15 19
Standard deviation 4.34 R? 0.9542
Mean 44434 Adjusted R? 0.9331
Variation coefficient 0.98 Projected R? 0.9097
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Figure 10. Fitting of process parameters to microhardness: (a) residual and (b) comparison of
measured and predicted.

It can be seen from Table 6 that the p-values of laser power, scanning speed, and
powder feed rate are less than 0.05, indicating that the effect of these three parameters on
microhardness is significant. The scanning speed has the largest F-value, suggesting that it
is the most significant essential factor. Figure 11a shows the contour plots and 3D response
surfaces of the effects of process parameters on microhardness. The microhardness of the
single tracks decreases as the laser power increases. However, the microhardness gradually
increases with increasing scanning speed. On the one hand, as the laser power increases,
the single-track height gradually increases, and the dilution rate decreases. On the other
hand, as the scanning speed increases, the dilution rate gradually decreases. Because the
microhardness of the deposited material is significantly higher than that of the substrate,
the dilution of the molten pool by the substrate material decreases, and the microhardness
of the single tracks increases significantly, as shown in Figure 11b.
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Figure 11. Response of laser power and scanning speed to microhardness: (a) contour plot, (b) 3D surface.

4.4. Multi-Response Optimization of Process Parameters

Based on the multi-objective optimization theory, this study aimed to obtain the
maximum aspect ratio, the maximum microhardness, and the minimum dilution rate.
A range of process parameter levels was set as the constraints, and the multi-objective
optimization of laser cladding process parameters was realized with the help of the Design
Expert software. The settings and weights for each process parameter and response target
are shown in Table 7. The optimal combination of process parameters for laser cladding
Ni-based powder on U71Mn rails obtained by the response surface method is a laser power
of 431 W, a scanning speed of 5.34 mm/s, and a powder feed rate of 1.03 r/min. Based
on the combination of the above process parameters, a single-pass cladding experiment
was carried out. The measurements of each index were repeated three times to obtain the
average value, and the results are shown in Table 8. The error between the theoretical
prediction and the measured value is not more than 10%, and the experimental results align
with the expected requirements. The above analysis demonstrates the high accuracy of the
response surface model in predicting the experimental results and further illustrates the
reliability of this model.

Table 7. Optimization criteria and targets.

Constraints
Items Target Lower Limit Upper Limit Weights Significant

A: Laser power Inside the range 409.77 460.23 1 3
B: Scanning speed Inside the range 3.32 6.68 1 3
C: Powder feed rate Within range 0.83 1.17 1 3
Aspect ratio Maximum value 2.01 3.22 1 3
Dilution ratio Minimum value 0.2845 0.4174 1 3
Microhardness Maximum value 412.81 470.26 1 3

Table 8. Comparison between predicted optimization and experimental validation.

Predicted Experimental Optimized Sectional Morphology

Laser power (W) 431 431
Powder feed (r/min) 5.34 5.34
Scanning speed (mm/s) 1.03 1.03
Aspect ratio 2.93 3.12
Dilution ratio 0.330 0.354
Microhardness (HV3) 462.9 470.8 i

4.5. Clad Microstructure Analysis

The temperature field distribution during the laser DED process affects the solidifica-
tion behavior of the molten pool, where the temperature gradient (G) and the solidification
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rate (R) are the key parameters that determine solidified grain morphology [32,33]. We
have previously developed a finite element model [24] that mainly includes heat and mass
transfer, material properties, solution region, and boundary condition settings to simulate
the laser cladding process for Ni-based powder on U71Mn rail steel. The G and R can be

represented as follows:
G=VT n, (12)

R = V;cosf (13)

where 0 denotes the angle between the normal to the solidification front and the scanning
speed, as shown in Figure 12. As solidification proceeds, the § decreases, indicating a
gradual increase in the R from the bottom to the top of the melt pool.

Scanning R ® A
[

direction
Solidification = ® B

\__Vf/ o e C
. f N <o dification
Melting front start ‘

Figure 12. Schematic diagram of solidification rate versus scanning speed.

According to the theory of rapid solidification, the morphology and size of the grains in
the cladding layer are subject to the combined effect of G and R [34]. The detailed pattern is
shown in Figure 13. It can be seen from Figure 13 that as G/R decreases, the microstructure
morphology transforms from planar grains to cellular, columnar, and equiaxial grains.
Moreover, the size of the microstructure decreases gradually with an increase in R.

e High G/R G*R determining size
G/R determining morphology

Temperature gradient (G) =

§/ 8 ~High G*R
&/
N
// " Equiaxial grain ® Low G/R

Solidification rate (R) =

Figure 13. Temperature gradient vs. solidification rate plot defining the grain morphology during
solidification [35,36].

The curves of temperature variation with time at three points A, B, and C at the top,
middle, and bottom locations of the cross section (Figure 12) were obtained, and the results
are shown in Figure 14. It can be seen in Figure 14 that the maximum cooling rates at points
A and C during solidification are 3080 and 795 K/s, respectively. Because the surface of the
melt pool is closer to the laser heat source than other locations, the G gradually increases
from the top to the bottom, and the R of the cladding layer gradually decreases from the
surface to the bottom [37].

The grain morphologies at different locations (points A, B, and C) of the optimized
single-track, shown in Figure 15. At the top position of the cladding (point A), because
G/Sislow and G x S is high, the microstructure in this region exists mainly in the form of
refined equiaxed grains. At the middle position of the cladding (point B), the microstructure
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primarily exists in the form of equiaxial grains and some columnar grains. However, the
full planar grains as well as cellular grains are observed at the bottom position of the
cladding layer (point C). This experimental result verifies the above simulation predictions.
In addition, it can also be seen that a good metallurgical bond is formed between the
cladding layer and the substrate [38].

2200 1800
2000 - Liquid
@ 1 (b) wf @ e e
— 1800 1 Liquid | __ je00f--m-m-mmmmmmmfoe oo Liquid _ _ o Solid
Bl e el N [ O T B
% R B % 100 Solid % 1200 |
o o Solid o o
E 1200 | E 1200 E 1000 -
& S 1000 - s
5 1000} 5 o 80}
E* soo L E* 800 E*
600 |
Sl G=272x10K'm | 3 wo G=5.65<1K/m | 2 G=8.73x10°K/m
a0 | G*S=3080K/s 00 | G*x85=2210K/s dor G*X8=975K/s
200 |- 200 200 |-
-100 0 100 200 300 400 500 600 700 800 -100 0 100 200 300 400 500 600 700 800 -100 0 100 200 300 400 500 600 700 300
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Figure 14. Curve of temperature variation with time: (a) point A, (b) point B, and (c) point C.

(b) Enlarged zone A

s A

GxR=3080 K/s
G/R=2.4x10"s'K *m

Enlarged zone B (d) Enlarged zone C

G*xR=2210 K/s GxR=795 K/s
G/R=1.44x10% K *m G/R=9.58x10% K *m

Figure 15. The positions of points A, B, and C in the cladding layer and their corresponding grains.
5. Conclusions

This study developed a quadratic regression model on the relationship between
response targets (aspect ratio, dilution rate, and microhardness) and process parameters
with the help of ANOVA. The response surface was employed to optimize the process
parameters and a suitable combination of process parameters for laser DED deposition
of Ni-based alloys on U71Mn steel. The multi-objective optimization of the geometrical

morphology and microhardness of the single tracks was realized. The main conclusions
are as follows:

1.  ANOVA and 3D response surface plots indicate that scanning speed has the most sig-
nificant effect on aspect ratio. At the same time, the dilution ratio and microhardness
are mainly driven by the laser power and scanning speed.

2. The response objectives (aspect ratio, dilution rate, and microhardness) were trans-
formed into single goals to be optimized by response surface design. The optimized
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combination of process parameters to satisfy the response objectives was obtained
and experimentally verified.

3. The error between the predicted and experimental response targets is not more than
10%, which also indicates the validity and reliability of the model. The optimal
combination of process parameters is a laser power of 431 W, a scanning speed of
5.34 mm/s, and a powder feed rate of 1.03 r/min. The microhardness of the clad
fabricated by these process parameters is 470.8 HV.

4. During the solidification of the single track, the cooling rate gradually increases from
795 to 3080 K/s from the bottom to the top, while the solidification rate gradually
increases from 0.0039 to 0.011 m/s. As a result, the microstructure morphology
transforms from planar grains to a mixture of cellular and columellar grains, and the
size of the grains decreases.
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