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Abstract: During laser deposition manufacturing (LDM) process, melt pool width which is greatly influenced by process parameters 

is essential for the forming tracks geometry. In this paper, the melt pool geometry evolution was monitored by a CCD camera, and a 

method of applying Kalman filtering for the melt pool width detection during LDM process was presented to obtain accurate values. 

Orthogonal experimental design and multiple regression analysis were used to establish an empirical model describing the 

correlation between the melt pool width and three main process parameters (laser power, scanning speed, and powder feeding rate). 

And the developed model was verified experimentally. Finally, particle swarm optimization (PSO) was implemented for prediction 

of process parameters during the buildup of a thin wall. The results indicate that process parameters analysis and prediction for LDM 

process could make it possible to acquire an efficient process for the forming tracks geometry control. 
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Laser deposition manufacturing (LDM) is a laser cladding 

based additive manufacturing (AM) technology, which shows 

wide application potentials in the areas of aerospace, 

automotives, and biomedical science, etc

[1-3]

. LDM involves 

complicated interactions among laser, powder and melt pool

[4, 5]

. 

A laser is utilized as a heat source to melt powder particles and 

create a moving melt pool on the substrate. The solidification of 

powders caught by the melt pool leads to the fabrication of a 

part layer by layer. Compared to the conventional techniques, 

LDM has the ability to produce parts of various shapes with 

many distinct advantages such as superior mechanical 

properties, homogenous metallurgical bonding, and low 

dilution

[6-8]

. Based on the rapid heating and cooling 

characteristics of laser material processing, LDM can greatly 

reduce production cost and cycle. With the growing economical 

expectations in industries, the demand for high quality parts in 

various industrial fields rises. However, a high quality part 

should meet the standards of high deposition precision, low 

dilution and minimal porosity. Moreover, the forming process is 

of high sensitivity to the condition variation

[9, 10]

, fluctuations in 

the process parameters (i.e., laser power, powder feeding rate, 

and scanning speed), deposition environment (i.e., temperature, 

humidity, and powder distribution), and deposition process (i.e., 

reflection of the melt pool, flow in the melt pool, and surface 

tension) will deflect the process from the pre-optimized 

condition, which would result in different degrees of forming 

defects and quality variations. The forming part is therefore 

prone to suffer from instability of the melt pool. As a result, 

online monitoring and accurately control of the deposition 

process are very challenging.  

In order to meet the demanding requirements of the 

aerospace, automotive, rapid tooling and biomedical sectors, 

problems that the LDM faced such as the optimization of 

micro-structure, the size control of forming parts and the 

improvement of forming process efficiency are still needed to 

be solved. To ensure quality and geometry precision of the 

forming part, many researchers have studied this process and 

proposed methods of numerical simulation, mathematical 
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modeling, real-time sensing and on-line control of the 

deposition process. Hussam et al

[11]

 developed two kinds of 

models to predict the form and the geometrical characteristics of 

the single laser tracks cross sections. The first model took into 

account the influence of powder distribution on the clad 

geometry, and the second model supposed that the general form 

of the clad cross section was a disk due to the surface tension 

forces. A two-input single-output controller was established to 

achieve stable layer growth by avoiding both over-building and 

compensating under-building by Song et al

[12]

, and the 

controller was successfully demonstrated to deposit a complex 

3-D turbine blade. Smurov et al

[13]

 used a pyrometer to analyze 

variations of brightness temperature in the melt pool and a 

camera-based diagnostic tool to measure particle-in-fly velocity. 

And they studied two-phase jet flowing towards the substrate 

and particle focusing mechanism by numerical simulation. They 

observed that particle trajectories, temperature and averaged 

mass flow depend not only on the nozzle geometry but also on 

the type of particle collisions with the nozzle walls. Farahmand 

et al

[14]

 used Central Composite Design of experiments and 

Response Surface Methodology for the multi-objective 

optimization of the cladding process. And they presented that 

prediction of the geometry characteristics and mechanical 

properties could enhance the cladding characteristics, and both 

the processing time and raw material could be saved. Ding et 

al

[15]

 built a closed-loop control system consisting of a simple 

proportional integral derivation (PID) controller and 

feed-forward compensation. L-shaped single-bead walls built 

by this system achieved uniform bead width. Instead of using 

extensive designs of experiments, simulation could offer a 

chance to reduce times and costs. Thorsten et al

[16]

 developed a 

detailed energy absorption model which took various physics 

effects into consideration. They showed the significance of 

evaporation and its related recoil pressure for a feasible 

prediction of the melt pool dynamics. 

Aim of this study is to determinate the correlations between 

melt pool width and parameters and to build a thin wall with 

uniform tracks geometry. 

1  Experiment 

1.1  Equipment and materials 

In this study, the experiments were performed by a laser 

deposition manufacturing system established by the Key 

Laboratory of Fundamental Science for National Defense of 

Aeronautical Digital Manufacturing Process in Shenyang 

Aerospace University, which consists of a 3-axis worktable, a 6 

kW fiber laser with a 1064 nm wavelength and a coaxial nozzle, 

as well as optical transmission equipments. The process 

parameters were controlled by metal powder manufacturing 

software. A high-speed CCD camera was fixed directly onto the 

laser head, and a self-developed image processing software was 

used to obtain melt pool size. Argon was used as both the powder 

carrier gas as well as the shielding gas to avoid any chemical 

reaction with the injected powder. Fig.1 shows aschematic view 

of the deposition process and monitoring equipment. 

The substrate material used in the experiments were 

annealed BT20 titanium alloy, and the metal powder was 

BT20 with a spherical shape and a diameter of 44~149 µm, 

and chemical compositions of the BT20 is listed in Table 1. 

The powder used was dried at 120 °C in a vacuum dryer and 

the substrate was polished and cleaned by acetone before 

LDM. The samples were cross sectioned vertical to the 

scanning direction by a wire electrical discharge machining 

(WEDM) and then polished and etched in an etchant 

containing 10 mL HF, 60 mL HNO

3

 and 70 mL distilled water. 

The geometrical features of cross-sections in the center 

position were photographed by an optical microscope (OM).  

1.2  Experimental design 

To study correlations of the melt pool width and process 

parameters, single tracks in a length of 30 mm were built up in a 

wide variety of process parameters. A three-factors with five- 

levels (Table 2) orthogonal experimental design with 25 

experimental trials were established. Using this method of 

experimental design could offer least possible number of 

experiments without losing accuracy. 25 tracks were carried out 

onto five substrates. Adjacent tracks were spacing 10 mm to 

avoid heat transfer between tracks (shown in Fig.2a).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1  Schematic view of the deposition process and online monitoring 

 

Table 1  Composition of BT20 titanium alloy (wt%) 

Element Content 

Al 5.5~7.1 

Zr 1.5~2.5 

Mo 1.05~2.0 

V 0.8~2.5 

Ti Bal. 

 

Table 2  Parameters and their design levels 

Five level 

Parameter 

1 2 3 4 5 

1400 1600 1800 2000 2200 

7 9 11 13 15 

Laser power, P/W 

Scanning speed, V/mm·s

-1

 

Powder feeding rate, Q

m

/g·min

-1

 

3.2 5.1 7.2 9.1 11.1 
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Fig.2  Single track deposition on the substrate (a) and thin wall and 

scanning pattern (b) 

 

Moreover, two thin walls were built. Two cubic specimens 

with dimensions of 40 mm×4 mm×9 mm were built in a 

layer-by- layer fashion with 30 layers, the scanning pattern in Z 

direction is shown in Fig.2b. During the process, the laser head 

firstly moved 50 mm to one direction to build one layer, 

subsequently the laser head moved up in the Z direction for an 

increment with 0.3 mm, and then the laser head moved back to 

the original position to deposit the next layer. But the laser beam 

was off at the two ends (5 mm) of the track of the laser head. 

Other constant processing factors are listed in Table 3. 

2  Melt Pool Width Modeling 

LDM is a layer-by-layer process, so the width of each 

deposition layer governed by the melt pool width directly 

affects the forming geometry and accuracy of the final part. 

During the process, the melt pool width of each track changes 

with a number of parameters. Among these parameters, laser 

power, powder feeding rate, scanning speed and the beam 

diameter are typically significant. Due to the complexity of 

adjusting beam diameter randomly during the process, the melt 

pool width was modeled by the other three inputs. In this study, 

the parameters coefficients and empirical model for a single 

track based on multiple regression analysis were established in 

SPSS software.  

The empirical model was firstly identified using linear 

regression model with the following form: 

 

Table 3  Fixed processing parameters in the deposition process 

Fixed parameter Value 

Shielding gas pressure/�10

2

 Pa 2.9 

Flow powder transport gas pressure/Pa 400 

Distance, nozzle-substrate/mm 13 

Laser beam diameter/mm 4 

m

D c P V Qα β γ= + + +                     (1) 

where, D is the melt pool width (mm), P is the laser power (W), 

V is the scanning speed (mm/s), Q

m

 is the powder feeding rate 

(g/min), c is a constant, α, β and γ are coefficients of P, V and 

Q

m

 respectively. The stepwise regression method was used to 

eliminate the insignificant terms. And the level of confidence 

for developed model was considered to be 95%. With our 

experimental results, the melt pool width D was correlated to 

0.001P-0.076V with a correlation coefficient R= 0.92 taking 

into account all the 25 experiments. The R value reflects the fit 

between predicted and measured data. The linear regression 

model demonstrates that the laser power has a linear positive 

effect on the melt pool width while scanning speed has a linear 

negative effect on the melt pool width. Also the powder feeding 

rate has a negligible influence on the melt pool width. The 

standard coefficient of the factor is used to compare the 

significance of various factors. Based on above analysis, the 

laser power has the most obvious effect on the melt pool width 

with a standard coefficient of 0.799 (the standard coefficient of 

scanning speed is –0.462). Nevertheless the R value was not big 

enough. In order to obtain a more persuasive relation, a 

nonlinear regression model was presented by Eq.(2): 

( )

m

D K P V Q c

α β γ

= +                       (2) 

where, K denotes the system gain, and c is a constant. With the 

experimental results, it could be found that D is proportional to 

P

0.467

V

-0.165

 with R=0.94. Based on ANOVA anlalysis (see Table 

4) which is used to locate the significant effective process 

parameters for melt pool width, laser power is the most 

significant parameter associated to the melt pool width. And it is 

obvious that there is no association between powder feeding 

rate and the melt pool width. This is in agreement with the 

results of linear analysis.  

The average relative error between the predicted and 

measured data was calculated by Eq.(3): 

( ) ( )

( )

model measured

1

measured

1 n

i

D i D i

e

n D i

=

−

=

∑

              (3) 

The predicted and measured data of melt pool width are 

shown in Fig.3, and plug them in Eq.(3), 3 5%e .= . The results 

indicate that the melt pool width predicted by the empirical 

model matches the experimental data well. During the process, 

the melt pool image was captured by a CCD camera online with 

a sampling period of 0.04 s and then the melt pool width was 

 

Table 4  ANOVA analysis for melt pool width 

Source 

Sums of 

squares 

Degree of 

freedom 

Mean 

square 

F 

value 

Significance 

level 

Model 0.646 20 0.32   

P 3.555 4 0.887 35.297 0.000 

V 1.485 4 0.371 14.770 0.000 

Q

m

 0.095 4 0.024 0.949 0.469 

Pure error 0.302 12 0.025   

Total 366.7 25    

Z 

 

X 

X 

Y 

 

Z 

a 

b 

Y 



422                           Qin Lanyun et al. / Rare Metal Materials and Engineering, 2019, 48(2): 0419-0425 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3  Relationship between measured and predicted melt pool  

width: (a) error between predicted and measured data and   

(b) predicted and measured data of melt pool width 

 

obtained by image processing software. It should be noted that 

the measured melt pool width of each track are values averaged.  

3  Result and Discussion 

3.1  Kalman filter design 

Normally, the measurement signals are contaminated by 

noises in equipment. In order to obtain true value of melt pool 

width, a first-order model Kalman filter (KF) algorithm was 

used. For this kind of filter algorithm, the solution is recursive 

in that each updated estimate of the state is computed from the 

previous estimate and the new input data

[17,18]

. 

For the actualization of conventional Kalman filter model, 

the models of system equation and the observation equation 

should be known exactly. The Kalman filter gives a method 

for the recursive estimation of an unknown process x

t

 based on 

a known array y

t

 up to time t, the system equation and the 

observation equation are given as following: 

1t t t

x kx ω

−

= +                            (4) 

t t t

y x ν= +                                   (5) 

Where, x

t 

is the system state (i.e., melt pool width) at time t 

which denotes the discrete time step, y

t

 is the measurement 

value (i.e., measured melt pool width), k is the system pole, ω

t 

and ν

t 

are system noise and measured noise, respectively. Also, 

both ω

t 

and ν

t 

are white noise with zero mean. Based on the 

optimal value x

(t-1|t-1)

 and P

(t-1|t-1) 

at previous time step, a first 

estimate of x

(t|t-1) 

and covariance P

(t|t-1)

 are predicted by: 

( ) ( )

1 1 1t t t t

x x

− − −

=

                                 

(6) 

( ) ( )

1 1 1t t t t

P P Q

− − −

= +

                           

  (7)

 

Where, Q is the system covariance. As soon as the new 

observation value y

t 

is known, the estimate of the optimal 

value x

(t|t) 

at time t becomes: 

( ) ( ) ( )

1 1

t t

t t t t t t

x x Kg y x

− −

 

= + −

 

                (8) 

Where,  

( ) ( )

1

1 1

t

t t t t

Kg P P R

−

− −

 

= +

 

                   (9) 

Kg is Kalman gain, Kg

t

 arranges how easily the filter adjusts 

to possible new conditions. And R is covariance of the 

measured melt pool width. The final estimate of P

(t|t)

 is 

( )

[ ]

( )

1

1

t

t t t t

P Kg P

−

= −                            (10) 

To illustrate the effect of the Kalman filter on the measured 

melt pool width signal, the filtered and measured melt pool 

width signal of the experiment conducted for KF validation 

are compared in Fig.4. The average relative error between 

filtered/measured melt pool width and predicted value was 

calculated by Eq.(11): 

KF Measured Predicted

KF/Measured

1

Predicted

( ) / ( ) ( )1

( )

n

n

D i D i D i

e

n D i

=

−

=

∑

    (11) 

After pluging the plots in Fig.4 into Eq.11 we obtain the 

results, e

KF

= 0.6%, e

Measured

=1.4%. Apparently, the magnitude 

of the variation significantly decreases with the Kalman filter.  

3.2  Process parameters significance 

To validate the model in terms of the quantitative influence 

of the process parameters on the melt pool width, the single 

variable method was introduced to deposit nine more single 

tracks of 30 mm in length. As shown in Fig.5, the increase in 

the melt pool width reaches 3.57 mm increment (from 2.77 

mm to 6.34 mm) for a triplication of the laser power from 800 

W to 2400 W, which is an increase of 129%. Simultaneously, a 

decrease in the scanning speed from 15 mm/s to 5 mm/s leads 

to an enlargement of the melt pool size from 3.27 mm to 4.32 

mm, which is an increase of 24%. Therefore the influence of 

the laser power on the melt pool width is much bigger in 

comparison to the influence of the scanning speed. Besides, 

the melt pool width is hardly affected by the increase of the 

powder feeding rate. The experimental results match the 

predicted results well. 

Fig.6 shows the melt pool image of 25 single tracks in the 

center position of each track. The correlation between the 

scanning speed and melt pool width is negative. If the laser 

power remains constant, the melt pool width decreases slightly 

with the increase of scanning speed. On the other hand, 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4  Plots of measured, modeled and filtered melt pool width using 

KF (P=1800 W, V=11 mm/s, Q

m

=3.26 g/min) 
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Fig.5  Melt pool width for different process parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.6  All single tracks’ melt pool in the center position of the track 

 

keeping the scanning speed either at lower or higher level and 

increasing the laser power at the same time could lead to the 

maximum melt pool width. This result could be explained by 

the fact that the melt pool width is controlled by a thermal 

effect which depends directly on the laser power. 

The effect of interaction between laser power and scanning 

speed on the melt pool width are plotted in Fig.7. As it is seen 

in Fig.7b, even if the range of variation of process parameters 

is very large, the average melt pool width is rather stable: the 

melt pool width fluctuates within a certain range from the spot 

diameter which is a constant value of 4 mm during each 

experiment. The process parameters combination could be 

divided into three regions, namely, region A, B and C. Two 

single tracks were selected in each region to analyze their 

geometrical characteristics. For a much lower laser power 

(region A, Fig.7b), the melt pool width is smaller (track 1 and 

track 2, Fig.8). And fixed processing parameters for six tracks 

are shown in Table 5. 

On the other hand, for a high laser power combined with a 

low scanning speed (region C, Fig.7b), the melt pool width is 

bigger (track 5 and track 6, Fig.8). A combination of a 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.7  Interaction effect of laser power and scanning speed on melt 

pool width: (a) 3D surface plot and (b) isothermal graph 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.8  Single tracks and their corresponding melt pool 

 

sufficiently high laser power and a reasonable scanning speed 

(region B, Fig.7b) could generate an appropriate melt pool 

width and guarantee sufficient melting of the captured powder 

and achieve a single track with good geometrical charac- 

teristics (track 3 and track 4, Fig.8). 
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Table 5  Fixed processing parameters in the deposition process 

Track No. P/W V/mm·s

-1

 Q

m

/g·min

-1

 D/mm 

1 1400 11 1.1 3.11 

2 1400 13 1.4 3.21 

3 2200 9 1.1 3.97 

4 2000 13 0.5 4.11 

5 2000 7 1.1 4.65 

6 2200 7 0.8 4.77 

 

3.3  Thin-wall process control 

A perfect LDM system should be able to deposit a part with 

any desired width either uniform or non-uniform. For a thin 

wall deposited with fixed process parameters, the width of the 

layer shows an obvious increase as the wall grows (Fig.9). 

This mushroom effect correlates to the heat accumulation in 

the component with limited heat conductivity during the LDM 

process, which will make the rise of the melt pool width in the 

vertical direction.  

During LDM process, the spot size, the powder feeding rate 

and the scanning speed were constant of 4 mm, 5.2 g/min and 

7 mm/s, respectively. The experiment was firstly carried out 

with a constant laser power of 1400 W. And the mean value of 

melt pool width was calculated for each layer. Then a thin wall 

with adapted laser power was built up, and the adapted laser 

power values of each layer was estimated via the particle 

swarm optimization (PSO) algorithm based on the results with 

the fixed laser power of 1400 W. 

Let N be the number of particles in D-dimensional space, 

each having a position X

i

 and a velocity V

i

. Let Pbest

i

 be the 

individual extreme and let gbest

i

 be the global extreme. The 

classic PSO algorithm steps are as follows

[19,20]

: First, 

initialize particles with random position and velocity vector 

and then evaluate the fitness for each particle’s position. After 

several iterative cycles, particle’s position and velocity are 

updated and recorded. When all the iteration is completed, the 

optimal position is received. 

In classic PSO, the update formula of particle’s velocity is 

( )

( )

( )

( )

1 1

n n 1 1 n n

1

2 2 n n

and best

and best

t t t

i i i i i

t

i i

V V c r P X

c r g X

ω

− −

−

= + − +

−

…

…

       (12) 

 

 

 

 

 

 

 

 

 

Fig.9  Thin wall deposited by constant process parameters (a) and 

deposition model for a thin-walled cross section (b) 

And the update formula of particle’s location is 

1

n n n

t t t

i i i

X X V

−

= +

                         

(13)

 

Among them, c

1

 is cognitive acceleration constant and c

2 

is 

social acceleration constant, rand

1

 and rand

2

 are random 

number between 0 and 1, n represents the problem dimension 

(1≤n≤N), ω means inertia weight value and is mathematically 

defined as: 

max min

t max

t

T

ω ω

ω ω

−

= − ⋅

                     (14)

 

where t is current iteration, and T is total number of iterations. 

The fitness function which is significant for the optimization 

results is built based on the empirical model (Eq.(3)) and 

expresses by Eq.(15): 

n l l

ˆ

F D Dω= −                                (15) 

And the prediction model of the process parameters for the 

LDM process of a thin wall is expressed as Eq.(16): 

( )

ˆ ˆ

Min( ) MinD D K P V c D

α β

 

− = + −

 

           (16) 

where 

l

ˆ

D  is the expected value for melt pool width�and Min 

means the minimum value. To run the PSO algorithm, the 

related control parameters are selected as bellows: 

Number of particles is 40, maximum iteration number is 

100, ω

max

=0.9, ω

min

=0.4, weighting factor c

1

=c

2

=2. D=4 mm, 

800 W≤P≤2400 W.  

 

 

 

 

 

 

 

 

 

 

 

Fig.10  Melt pool width of thin wall with constant and adapted laser 

power during deposition 

 

 

 

 

 

 

 

 

 

 

 

Fig.11  Thin wall and vertical cross-section of buildup: (a) with 

constant process parameters and (b) with process parameters 

estimated by PSO 
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Laser power for each deposition layer was estimated by the 

PSO algorithm. An experiment with adapted laser power 

values was then performed. However, the melt pool width was 

much more stable than that with constant laser power as the 

thin wall grows gradually (Fig.10). And a thin wall with 

uniform layer width could be formed by using adapted laser 

power (shown in Fig.11). 

4  Conclusions 

1) Kalman filter is found to be significantly smooth 

measured signals and obtain more accurate melt pool width 

information.  

2) The variation of the melt pool width is more pronounced 

by changing the laser power than scanning speed. And powder 

feeding rate has insignificant influence on melt pool width. 

The predicted results based on developed analytical model are 

in good agreement with the actual measured results.  

3) Too small or too large melt pool width will both 

deteriorate the geometrical characteristics of the single track. 

A sufficiently high laser power with a reasonable scanning 

speed could generate an appropriate melt pool width and 

guarantee sufficient melting of the captured powder. 

4) Compared with the thin wall deposited by constant 

process parameters, the inconsistent track width could be 

eliminated significantly by using adapted laser power. 
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