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Abstract: In this investigations, heat transfer mechanism of laser drilling process is analyzed by 

using Matlab program 8.5. Calculations of the heat impacted zone were also done. The moving 

boundary condition generates phase shift and influences heat transfer during the laser drilling 

process. The classical approach is used to study heat conduction in solids, with modifications 

made to account for the boundary condition transition from Stefan to continuous heat flow. 

According to the suggested model, for a given laser beam intensity and pulse time, the drilling 

hole profiles in a certain material will be quite near to one another. Robot placement errors are 

complicated since there are many different sources for them, programming in the python language 

examined. The positioning precision of the robot is improved, and its application capabilities are 

increased, to reinforced machine learning. The suggested methodology offers a simple and direct 

method for real-time robot position modification in industrial settings during production setup or 

readjustment situations. a deep learning approach used to increase the operational positioning 

precision of an articulated robot. Approximately 300 iterations later, the placement accuracy had 

significantly improved. 
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1. Introduction                                                                                                                                                 

A laser beam with a high-power density, material from the workpiece is melted or 

vaporized during laser drilling. In theory, the energy balance for the energy radiated by 

the laser beam and the heat that is transferred into the material, the energy diffusion to 

the surrounding, and the energy needed for changing in phase of the workpiece controls 

laser drilling. In laser drilling, the incident beam energy has a spatial intensity 

distribution that is typically created by a laser working. Due to various heat loss effects, 

the mean diameter of the hole may be smaller than the diameter of the beam. The laser 

beam's diameter is depicted in figure (1) as well. These heat losses, which take the beam 

energy not fitting with actual position of hole drilling process, are principally caused by 

conduction into the interior of the metal drilled and consider losses to the surrounding. 

 
Figure 1. Distribution of intensity for laser beam [1] 
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       Several physical phenomena during laser machining result in energy losses: If melting is a part of the material 

removal operation, reducing the laser beam's efficiency in two ways. The molten substance that has gathered in the 

hole may first be heated above its melting point using energy. Another source of heat loss in percussion drilling is 

the possibility of molten material resolidifying in between pulses. As a result, during each pulse, some of the beam 

energy is used to vaporized material. When materials like ceramics are evaporated, plasma production is possible. 

Above the beam-material interaction zone. A portion of the energy from the incoming laser beam is absorbed by this 

cloud, which raises its temperature until plasma is produced. But occasionally, the heated plasma serves as a second 

heat source, which enhances the drilling operation. Because it is challenging to manage the plasma's directionality, 

dimensional accuracy can be impacted. By removing vaporized material from the laser beam's path, the use of an 

inert assist gas can aid in decreasing the influence of plasma production. The spectrum absorptivity properties of the 

material being processed and the laser radiation's wavelength both affect how much of the laser beam energy is 

absorbed. Aluminum and copper are two metals that reflect a lot of CO2 laser light (10.6 m wavelength), hence Nd: 

YAG lasers work best the laser is superior. The absorptivity of metals and ceramics is affected by the existence of 

molten layers, and a surface's absorptivity is also influenced by its orientation in relation to the beam direction. It is 

demonstrated that for incident angles greater than 800, the maximum amount of beam energy can be absorbed. The 

beam energy that the workpiece does not absorb is reflected in the opposite direction of the entering energy. 

Multiple beam reflections along the hole wall may happen for deep holes, reducing the amount of beam energy 

available for material removal. Through convective heat transfer, the use of a gas jet during laser drilling can help to 

cool the erosion front. More beam energy is needed to keep the erosion front's melting or vaporization temperature 

constant as thermal dissipation increases [1]. However, dimensional control of the reaction process becomes 

challenging since chemical reactions have a propensity to spread out in all directions. A technique called 

"trepanning" can be used to create large diameter holes (diameters more than 1.3 mm), in which the beam is scanned 

on a circular trajectory to determine the final geometry. The machining speed for the trepanning process, a circular 

through cutting procedure, is determined by the beam's scanning velocity. As long as the melt surface temperature 

does not significantly exceed the melting point and the evaporation rate is low enough, melt removal is typically 

believed to predominate when an aiding gas is given to the melt surface.  Without an aiding gas present, melt 

expulsion varies with recoil pressure, which is largely influenced by surface temperature. Early simulations revealed 

that the phase change from the heat interaction zone removed a sizeable percentage of the laser power that was 

absorbed [1]. In-depth investigation has been made to create a theoretical framework for predicting the laser drilling 

response. Von Allmen used a one-dimensional transient gas dynamic model to investigate the drilling velocity and 

drilling efficiency under the assumption of a constant laser beam intensity profile [2]. A one-dimensional steady 

state model was created by Chan and Mazumder [3] to account for liquid expulsion, but the drilling process is 

transitory and the one-dimensional assumption is inappropriate for holes with high aspect ratios. The concept was 

expanded by Kar and Mazumder [4] to two-dimensional instances without taking into account melt ejection. Armon 

et al. used the Crank-Nicholson approach to solve a one-dimensional metal drilling issue that they had developed 

using the enthalpy balancing method [5]. They also performed an experimental examination on CO2 laser drilling of 

metal, and they used their theoretical model to assess the experimental findings [6]. Ganesh et al. [7], who used a 

two-dimensional transient generalized model and included conduction, convection, and phase change heat transfer 

during laser drilling, gave a more thorough study of melt expulsion. This model, however, is computationally 

intensive. To investigate the impact of solid conduction on the rate of material loss and phase transition at interfaces, 

Zhang and Faghri created an analytical model [8]. The impact of phase changes on heat transport is not taken into 

account in this model. A Knudsen layer was taken into account at the melt-vapor front in a two-dimensional 

transient model created by Zhang et al. [9] without taking the phase change impact into account. By assuming linear 

temperature profiles for solid, liquid, and vapor [10] and making the implicit assumption that phase change has no 

impact on temperature gradient, Pastras et al. were able to examine the material removal efficiency. Some existing 

models have taken the phase change impact into account. For instance, the steady-state model created by Semak and 

Matsunawa [1] and a subsequent version modified by Low et al. [11] to investigated the phase change effect with an 

aiding gas on laser drilling. Ng et al. created a laser drilling model that noticed into account the impact of employing 

oxygen as an aiding gas. The average melt thickness is calculated by dividing the melt's thermal diffusivity by the 

average propagation velocity, which is based on the assumption that the melt front propagates at an averaged 

velocity [12]. Assuming a negligible vaporization rate, Zeng et al. devised a two-dimensional analytical model for 

optical trepanning [13]. By averaging cross-sections, Collins and Gremaud created a straightforward one-

dimensional model while ignoring the role played by the radial flow velocity component [14]. A hat-top-shaped 

intensity profile is assumed in all phase change models created in [1, 2, 12] and the most recent simulation by 

Semak and Miller [15]. The conclusion of the phase change is directly impacted by the assumption regarding the 

laser beam intensity profile [16–18]. The melt surface temperature might be believed to be constant using the hat-top 

profile, despite a rapid shift happening towards the melt's edge. If it is further assumed that there is no shear traction 

during the phase change, It is also possible to believe that the recoil pressure is constant, which overestimates the 

significance of melt expulsion. Therefore, a more accurate model should be used to reevaluate the phase change 
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effect on laser drilling. Based on the actual physics involved, a more accurate model should take vaporization into 

account. It is well known that vaporization happens whenever a substance is heated over its melting point and that 

the melt surface temperature has a significant impact on the recoil pressure. However, while other earlier models 

used the boiling point for the liquid-to-vapor transition [19], others assumed a Stefan condition at the melt-vapor 

interface [7]. Solana and others believed that the Gaussian shape of the recoil pressure [20]. According to Li et al. 

hypothesis’s the liquid-to-vapor transition occurs over a specific temperature range [21]. It's crucial to more properly 

simulate heat conduction in order to forecast real physics. Heat conduction in solids is a classical problem, but since 

laser drilling entails a change in boundary conditions, different investigators have taken diverse approaches to the 

issue. A steady state heat conduction model was studied on the basis of constant melting layer thickness [22]. By 

assuming that the phase transition from solid to vapor takes place in a single step, Modest investigated a transient 

heat conduction model [23]. The partial differential equation was solved by explicit scheme to find out temperature 

profile; Zhang and Faghri then used this equation to arrive at an integral solution [8]. By assuming an exponential 

temperature profile, Shen et al. also developed a model of transient heat conduction [24]. Ho and Lu created a 

transient heat conduction model by using a solid heat source term to symbolize the laser beam's energy flux [25]. By 

assuming that the substance being heated is initially at its melting point, Shidfar et al. constructed a transient heat 

conduction model [26]. These models have all had certain limitations as a result of the assumptions made, but they 

have all been frequently cited in the laser simulation research field and helpful in understanding the physics to 

varying degrees. Because laser drilling in a solid uses thermal energy from laser beams, which is a transient heat 

conduction process, classical approaches [27] can be used to create a theoretical model that could more accurately 

anticipate the process while making fewer assumptions. That is effort, creating a theoretical model that specifically 

accounts for the phase change impact. The phase change effect on heat transfer can be confidently assessed after the 

solution on the phase change velocity is made accessible. To save on computational costs, keep the model as simple 

as you can. In contrast to earlier research. The vapor temperature and the first melting time all fluctuate radially 

when the laser beam is considered to have a Gaussian intensity profile. The solid's absorption of heat and its 

transmission by Both phase change and phase change are considered. The momentum equation and the energy 

equation are derived using both the boundary layer formulation and integral forms. Finally, using the suggested 

methodology, a series of numerical tests are carried out on a unique super alloy. The deep q-learning method, which 

is a member of the reinforcement learning type, is one of the often-used machine learning techniques to control 

physical equipment [28]. Instead of requiring positive or negative labels, it enables a robot to discover the greatest 

placement accuracy through trial-and-error interactions with the environment [29]. It gradually identifies the optimal 

robotic operation as part of the general robotic operation optimization discovers the greatest cumulative payoff value 

using the optimum placing technique in each iteration. Using the deep q-learning method in the context of industrial 

robots has two key benefits: it allows for the incorporation of collected live video data [30,31] and the avoidance of 

well-known machine learning issues like overfitting. Deep q-guiding learning's idea is built on how a robot 

perceives its environment [32], assesses its current condition, and takes appropriate action to maximize reward. 

Previous studies shown the applicability of this technique for defining the robot tool position by Using visual 

information, determining the ideal configuration of robot motion parameters, and producing output results with 

corrected set point coordinates [33] are all important. Since online robot training takes a lot of time, positioning 

accuracy metrics can be calculated using machine learning simulation for real-world scenarios. Physical experiments 

that take more than five hours are replaced by simulations that last less than five minutes. The simulation is practical 

in that it simply needs a computer (except when it is necessary to collect input data from there al robotic system). 

However, due to the assumptions and oversimplifications employed to explain various variables, no simulation can 

accurately reflect the actual world. unidentified or unclear bodily effects. Therefore, even if the technique is 

effective, simulation findings still need to be verified by experiments carried out under real-world circumstances. As 

a result, choosing the most promising sets of algorithm parameter combinations for testing in the actual world using 

simulation is a great strategy. By contrasting simulations and utilizing the articulated robot as a workbench, the 

methodology was assessed. A computational methodology was developed to simulate the phase change processes 

and a thermal model was simulated to determine the spatial and temporal temperature profile of the phase change 

location [40]. 

 

2. Interface Energy Balance                                                                                                              

The coordinate system used to formulate the equations has an origin at the solid-vapor boundary, with (r) 

standing for radial orientation and (z) for downward direction pointing to evaporate from the solid. The shift in the 

interface between phases is denoted by the lowercase letter (z). 
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Figure 2. Laser drilling physical model and systems coordinate. 

Table 1. Thermophysical characteristics of steel material 

Melting latent heat  L𝑙𝑠  2.26×104  (J kg-1)  

Vaporization latent heat   L𝑙𝑣  7.12×106 (J kg-1)  

Melt density  𝜌  7.8×103  (kgm-3)  

Molar mass of vapor  M  0.069 (kg mol-1)  

Initial temperature  𝑇𝑖  297.15 K  

Melting temperature  𝑇𝑚  1540˚C  

Saturation temperature  𝑇𝑠𝑎𝑡0  3140˚C  

Saturation pressure  𝑝0  1.01325×105   (Nm-2)  

Liquid thermal conductivity  𝑘𝑙  20.90 (Wm-1 K-1) 

Vapor thermal conductivity  𝑘v  0.034 (Wm-1 K-1)  

Solid thermal conductivity  𝑘𝑠  50.2 (Wm-1 K-1) 

Liquid specific heat  𝑐𝑝𝑙  615 (J kg-1 K-1)  

Solid specific heat  𝑐𝑝𝑠  372 (J kg-1 K-1) 

Radius of laser beam  R  0.25×10-3  (m) 

2.1 Melt convection  

The governing equations in the layer of melt. The continuity, momentum and energy equation can be expressed as 

follows, which is similar to the presumptions in the jet impingement study by Kendoush [34]. 
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where the radial and vertical velocity components, respectively, are denoted by u and v. Both the melt's density and 

viscosity are represented.  

−
1
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𝑑𝑟
                                                              (4)   

By assume that the pressure fluctuation in the thickness direction is ignorable because the melt layer is significantly 

thinner than its lateral dimension. As a result, the second momentum conservation equation becomes and pressure can 

only be thought of as a function of radius. 

2.2 Energy balance at solid- Vapor interface  

The vapor provides the energy for both evaporating and heating the solid, hence the energy balance at the solid-vapor 

contact can be expressed as follows,[40]: 
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𝜌𝐿𝑉𝑠2 = 𝑘𝑠
𝜕𝑇𝑠

𝜕𝑧
− 𝑘𝑣

𝜕𝑇𝑣

𝜕𝑧
                                          (5)  

where ks and kv stand for the solid and vapor thermal conductivity, respectively, and L stands for the latent heat of 

evaporation. The density of the solid is considered to be the same as the fluid's density in this equation. 

2.3 Heat conduction in solid  

The solid surface gets constant heat flow before the surface temperature reaches the vaporization threshold, and when 

the boundary condition is imposed, r=0,z=0, the solution of the heat equation becomes,[41] 

1

𝛼𝑠

𝜕𝑇𝑠

𝜕𝑡
=

𝜕2𝑇𝑠

𝜕𝑟2
+

1

𝑟

𝜕𝑇𝑠

𝜕𝑟
+

𝜕2𝑇𝑠

𝜕𝑧2
+

𝑄

𝑘
                                                                                                                           (6) 

Where is the absorption energy 𝑄 = (1 − 𝑅)𝐼○exp[(−𝛿𝑧)(
𝑟2

𝑧2
) and  Iᴼ` is laser intensity ,R is the reflectivity, δ is 

distance from the surface 

By applying the finite difference method with explicit scheme the heat equation will be become: 

𝑇𝑖,𝑗
𝑛+1 = 4𝜆𝑇𝑖+1,𝑗

𝑛 + (1 − 6𝜆)𝑇𝑖,𝑗
𝑛 + 2𝜆𝑇𝑖,𝑗+1

𝑛 +
𝑄𝛼∆𝑡

𝑘
                                                                              (7) 

At r<0.z=0 the heat equation become 
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 When r<0.z<0 the heat equation become 
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where is the dimensionless temperature within the solid, whereas Ts stands for the dimensional value; is the solid's 

starting dimensionless temperature; Ti stands for the dimensional value; and Tv is the evaporation point, also known as 

the similarity variable. In this investigation, both the geometrical adjustment for the temperature gradient and the 

precise answer for the time after melting begins were obtained. It consists of three parts,  

 

2.4 Heat conduction in interface 

Conduction of energy was the heat transfer process at the interface as the phase changed from solid to vapor.. At 

r=0.z0, the boundary conditions will be applied. 
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2.5 Heat conduction in Vapor Phase 

The same suggested mathematical model was used to calculate the temperature distribution in the vapor phase. 

Calculating the value of vapor's velocity and temperature at each position requires adding the vapor's velocity to the 

energy equation's component parts. Boundary condition application at r=0,z=0. 
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When the  domain of r-z plane at r< 0,z<0 then heat equation become as follows: 
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3. Deep Learning Method                                                                                                                                     

The robot was operated by a special software platform made up of six combined parts. All software modules, which 

are primarily developed in the Python language, run concurrently and carry out separate tasks. The robot operating 

system, extra drivers, and libraries are used to communicate with external devices. The latter uses specialized drivers 

and libraries supplied by the manufacturer to communicate with the robot. The deep learning algorithm is part of the 

machine learning control module that was constructed. The global module, which synchronizes global variable values 

across several Python programs executing on the control system, provides it with the values of global variables. The 

control module for machine learning interacts with the main system, accepting input values and sending the results of 

the machine learning algorithm. The data input/output routines and simulation methods are also included in the main 

module. The command is sent from the main to the vision module, which uses a digital microscope to take a snapshot 

of the target, identify it, determine its center coordinates, and send those coordinates back to the main.  

3.1. Implementation of the Method                                                                                     

The simulation algorithm operating in the Main module is a cycle carrying out certain tasks repeated repeatedly 

over a large number of iterations (300–5000). Five values from the previous cycle are entered to start the cycle. The 

parameter's value is 0 when the cycle is first executed. In the other situations, the algorithm uses the preceding cycle's 

correction step and the r and z direction deviation values. The output of machine learning is a single natural number, 

which is then converted to the proper corrective steps to be stored in the memory. The corrective step is an iterative 

adjustment that takes the shape of a vector. An array is used here first. contains all of the defined vectors is produced. 

Next, it is presumed that the machine learning output that is accepted is an index of that array. Each output value has 

the relevant adjustment step applied to it. To acquire the corrected coordinates, the vector component of the correction 

step is redefined using the target's spatial coordinates. The algorithm's objective is to get coordinates that have been 

rectified. The corrective steps build upon one another. They keep adding the outcomes of the most recent iteration to 

the outcomes of all earlier iterations. The robot is given the order to execute the revised coordinates in real time after 

defining them. The vision module calculates the real target coordinates, captures the target image, and transmits a 

message instructing the robot to go back to its "home" position. To ascertain the values and orientations of the 

deviations, the theoretical and actual target coordinates are compared. The primary module can also carry out tasks for 

ease and speed. simulations that use or don't use real data that has been gathered. The majority of the Main code's 

blocks are used in the simulation. The distinction is that the simulation makes use of data gathered while the robot was 

moving thousands of times without correction rather than giving directions to the robot and camera. These numbers 

reflect the robot's actual positioning accuracy. It is possible to use such a dataset in an infinite number of simulations. 

Additionally, by filling the algorithm memory with actual data before beginning the online training, it reduces the 

necessary number of iterations. 

4. Results and discussion                                                                                                                             

Conduction-flow instances should first be simulated, then the case of pure conduction. Table 1 is a list of the 

thermo-physical characteristics employed. In the numerical modeling, we investigated the range from 2.51010W m -2 to 

16.01010W m-2 where the laser intensity at the center varies from 5.31010W m-2 to 14.31010W m-2. Similar to Zhang 

and Faghri [8], the effect of the target material's absorptivity was disregarded in this work. The current model 

incorporates the same laser pulse duration and beam intensity profile as those provided by Zhang and Faghri [8]. the 

simulation's time step was. The hole appeared to develop much more quickly in the drill direction than in the lateral 

direction. These profiles resemble one another as well as the ones Zhang and Faghri predicted [8]. The thickest melt 

layer is found close to the boundary of the melt zone, when the vaporization begins to become undetectable, and it is 

seen that the thickness of the melt layer grows in a radial direction. Additionally, it has been noted that the rate of 

vertical drilling is nearly constant. With increased laser beam intensity in the plan, the temperature distribution in the 

solid phase rose.(r-z) plane of effective as shown in figure 3. The temperature values represent the variation of 

conduction heat transfer mechanism. 
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Figure 3. Contour of temperature distribution through solid phase in the (r-z) plane at 3ms 

 

Figure 4. Temperature distribution through solid phase at 3ms  

The temperature at the summit of the melt can be predicted using the mathematical model. Figure 4 shows that the 

vapor recoil pressure increases with increasing laser beam intensity. The pressure within the melt zone resembles 

Gaussian curves rather than being uniform. As the laser intensity raises, it is seen that the temperature rises. At the 

vapor zone's edge, it had a sharp slope. Additionally, the modeling outcomes revealed that the temperature and With the 

exception of a sudden rise at the beginning, pressure is mostly steady during a laser beam impulse. Figures 5. and 6. 

demonstrate how rising profile models and rising-fall profile models both confirm this pattern. The rising models 

indicate the interface line is started and the phase transition is occurring, and it is projected that the peak flow velocity 

will first experience a quick drop before reaching a fairly steady stage later. It differs little from what was anticipated by 

rising-fall models with parameter. Numerous variables affect how the phase change affects material removal. The 

Prattle number is one element. the velocity of the vertical phase change and the rate of vaporization as anticipated by a 

parameter model. One location—close to the center of the laser beam—is where the phase change takes place. It was 

seen that as the vaporization rate increased, the melting rate rapidly decreased and quickly found equilibrium. The 

phase change velocity was far lower than the vaporization rate, by a factor of around 2.5. Results from other profile 

models were comparable. Using a completely different methodology, a recent study revealed that natural convection 

does not significantly affect melt transport and melting pool geometry [36]. However, if the substance has different 

properties, the phase change might have a varied effect on how much material is removed. To demonstrate this 

argument, a test was done with the same additional parameters as the numerical test. Phase change has been noticed. 

The free flow zone was absent from the majority of the melt zone. The fact that the beam center was determined using a 

pure operational model conduction-flow that caused the solid-vapor interface to shift differently. When a particle has 

more energy, it will be transported to a higher level, where its phase will change to vapor. The border condition is 

arguably the most contentious topic. The second node makes a very approximate approximation of it because it is 

unavailable at the beam center. Nevertheless, we continued to attempt to assess the phase change using. 
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Figure 5. Temperature distribution through interface at time 4 ms 

 

 
Figure 6. Contour of temperature distribution through interface in the (r-z)plane  at 4 ms 

 

  The vapor phase started after the phase change phenomenon occurs at the time 4 ms when the temperature 

value 1620 ᴼC  as shown in figure( 7and 8). A mathematical model was evaluated the direct simulation of 

time-dependent phase process is solving the evaporation processes, and the temperatures distribution 

through laser drilling process. This depending upon many assumptions for each phase and the moving 

boundary condition inside domain (interface). Thermo-physical properties of each phase remain uniform and 

constant,[41] 

  
 

Figure7. Temperature distribution through z-axis in vapor phase. At 6ms 
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 Figure 8. Contour of temperature distribution through vapor phase in the (r-z) plane  at 6 ms 

 

In contrast to the uncorrected situation, the dependencies of the corrected position with respect to iteration, as 

shown in figure 9, reveal significant differences in position coordinates in the learning positionafter about 230 

iterations. Because the algorithm does exploration at the beginning of the training, this behavior is highly anticipated. 

At the conclusion of this phase, the accuracy characteristics underwent asignificant modification, and these coordinate 

values became significantly high stable. The amplitudeof fluctuations in the vertical axis is greater than in the radial 

axis, much like in the case of uncorrected moving. The process perspective is much more steady with the updated 

location, and both coordinates remain unchanged. essentially constant .Figure 10 explains how the absolute inaccuracy 

in terms of the number of iterations needed to calculate the robot's explain the positioning accuracy varies over time. 

With more iterations, as was predicted, the positional deviation grows, and in the short run, there are noticeable swings 

in the random error value. 

 

Figure 9. Variation of position for final coordinates of r-axis 

 

Figure10. Variation of position for final coordinates of z-axis 
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The position deviation graph provides a clear illustration of how the machine learning result differs from the initial 

condition. Here, it is evident that the error value remains roughly constant and is equal to that which occurs at the start 

of the uncorrected positioning after the transient learning phase ends and the steady learning phase starts. In spite of the 

fact that the mean error value still resembles the value that first appears at the start of the uncorrected positioning, this 

condition shows that the algorithm is successful in eliminating positioning drift.. The algorithm parameters discovered 

from the simulations were used to assess the accuracy of the robot positioning. Figure 11 illustrates how the position of 

the robot end effector changes over the course of 800 motion cycles based on the dependency of relative position with 

respect to iterations. The positional deviation exhibits nearly identical amplitudes and trends in the r and z axes, 

measuring 0.08 mm in the z axis (from 1.10 to 1.18 mm) and 0.07 mm in the r axis (from1.08mm to 1.15mm). This 

discrepancy may be explained by the fact that the robot's mobility is mostly affected in the vertical direction by the load 

it is carrying. 

 

Figure 11.Variation of position error with No. of iterations 

5. Conclusions 

. According to the investigations, the momentum conservation equation explicitly includes the phase change effect 

on laser drilling. The solution of the phase transition is found by applying the moving boundary condition in the solid-

vapor interface with happening of phase change phenomenon and utilizing the explicit approach for solving the energy 

equation. Additionally, the temperature field's integral solution is discovered. Additionally, the precise remedy for heat 

conduction is created. The exact answer to the Stefan problem's solution is made up primarily of this solution, so it can 

also be utilized as a rough solution to increase computational efficiency. The suggested model is more accurate to the 

actual mechanics at play than earlier ones. utilizing a super alloy with the new model. A precise solution for heat 

conduction is also developed. The Stefan problem solution can be used as a rough solution to increase computer 

efficiency because it is a crucial component of the precise answer. Using machine learning techniques, it is possible to 

demonstrate the dependence of the saturation temperature on the robot positioning accuracy. The robot location 

inaccuracy was reduced from 0.07 mm to 0.02 mm by the deep learning system, demonstrating its effectiveness. This 

outcome emerged after the training process had gone through about 800 iterations. the just made technique shortens the 

time required for the machine learning process while increasing the precision and reliability of robot positioning. A 

unique neural network is used in the developed methodology for simulation with numerous input parameters. Without 

having access to the internal robot control system, the external compensation for the robot's positional drift in the target 

point proved effective. 

Nomenclature  

)1-K 1-J kg(, specific heat of the liquid 𝑝𝑙𝑐 

𝑐𝑝𝑠, specific heat of the solid [J kg-1 K-1)  

Ls latent heat of solid (J kg-1 ), 

Lv latent heat of vaporization (J kg-1)  

𝐼0, laser intensity at the center (W m-2)  

𝑗𝑣, Vaporization molar flux (kg s-1)  

𝑘𝑙    Liquid thermalconductivity (Wm-1 K-1)  

𝑘𝑠, Solid thermalconductivity (Wm-1 K-1)  
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M, Gas molarmass (kg mol-1)  

𝑇𝑖, Solid initialtemperature (K)  

𝑇𝑚, Solid liquidinterface meltingtemperature  (K)  

𝑇𝑠𝑎𝑡0, Saturationtemperature at pressure 𝑝0, (K)  

𝑇𝑠𝑎𝑡, saturationtemperature at pressure 𝑝, (K)  

𝑡𝑝, pulseon time, (s)  

𝑈, dimensionless radial velocity of free flow   

𝑉, dimensionless vertical velocity of free flow   

𝑉𝑣, Vapor velocity at th melt surface   

𝑢,  Tangentialvelocity (m s-1) 

𝑣,  normalvelocity (m s-1) 

𝛼𝑙, Meltthermal diffusivity ,   
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