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ARTICLE INFO ABSTRACT

Received: 25 Dec 2024 Investment Casting (IC) is a manufacturing process used to manufacture products with superior

surface finish, intricate shapes with tight tolerance for dimension of final product. In IC, wax

pattern is dipped into ceramic slurry number of times to develop ceramic shell mold in which

Accepted: 22 Feb 2025 molten metal is poured. This paper deals with review of computational approaches carried out
for IC. Computational approaches have a vital role in modernizing casting industry by
eliminating the traditional methods. Computational approaches such as statistical methods,
numerical simulations, and machine learning (ML) are explored in-depth, with case studies
focusing on IC applications.

Revised: 12 Feb 2025

IC has been divided in 3 major stages: 1) Pre-filling stage; includes sub-processes like a) wax
pattern making focusing on calculation of shrinkage factor. b) Ceramic coating followed by
dewaxing to create ceramic shell mold. 2) Filling is the nest stage of IC where liquid metal is filled
into ceramic shell mold; further divided into a) effects of casting process parameters like fluidity,
filling manner top or bottom, pouring temperature etc. b) Design of gating system which plays
the major role for obtaining defect free casting using. 3) Post filling stage includes knock out &
inspection of defect free casting and desired mechanical properties.

Keywords: Investment Casting, Machine Learning, Numerical Simulation, Statiscal Methods.

INTRODUCTION
1.1 Overview of Investment Casting:

IC is the casting process used for 3500 years to develop metal components with superior surface finish having
complex and intricate shapes with tight tolerances. Due to high repeatability of producing parts IC is also termed as
near net shape producing process (Najafi et al., 2011) . The sequence for IC is classified as pre-filling stage, filling
stage & post filling stage (Aguilar et al., 2011)as shown in Fig. 5 IC is used for manufacturing of complex metallic
parts which are difficult to manufacture by other processes (P. H. Huang et al., 2020). Domain of IC has reached the
fields of medical, defense, aviation, automobile industries and many more with products as dental crowns, gears,
jewelry products, turbine blades etc. as they require thin wall castings particularly manufactured by alloys of
Titanium, Aluminum and particle reinforced aluminum matrix composites (PR-AIMCs) (Castellanos et al., 2017;
Previtali et al., 2008).
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Figure 1 Overview of Investment Casting and its classification

IC has got advantages but has the limitations too; it is time consuming, expensive involving number of processes
affecting the final output. Once the drawing of the component is confirmed the next step is developing tool which is
time consuming resulting in longer production cycle and also involves sufficient amount of cost. The time duration
for the final product delivery ranges from 10 to 25 weeks depending upon the complexity of geometry(Vaghela et al.,
2023). Additive manufacturing is trying to replace traditional tooling method to reduce lead times for tool
production(Olkhovik et al., 2016) but its impact on environment are checked by sustainability parameters for
implementation at industrial level.(Vaghela et al., 2024). Additive manufacturing assisted bio-medical implants had
the benefits of a thin wax coating on plastic patterns to reduce surface roughness and prevent shell cracking, with
further research needed on wax thickness and pattern allowances for dimensional accuracy(P. Kumar et al., 2016; S.
Singh, 2017).

One of the reasons for IC being expensive process is; large number of laborers engaged and high energy consumption.

To reduce the labor dependency and cost related to wax room; where 30 % of labor is utilized automation may be
implemented(Puffer, n.d.). If cast product doesn’t meet the standard of the quality which includes dimensional
accuracy, mechanical properties and surface finish. It is to be re-melted; which is undesired and is considered as
scrap. The scrap cost contributes around 20 % share in expenditure(Foggia & Addona, 2013) and melting process
accounts for around 30-50 % of total energy(Mahrabi et al., 2016). The need of industry is to achieve cost effective
non-defective casting with the desired mechanical properties; but as it involves number of sub-processes parameters
it is challenging to achieve defect free casting(Venkata Rao & Rai, 2017). Hence different computational approaches
like numerical simulation, statistical techniques like Bayesian Inference, the Taguchi Method, Response Surface
Methodology (RSM), and ML are employed to address these complexities and improve casting outcomes.(Mane et
al., 2011).

1.2 Application of Computational Techniques in Casting

Conventionally casting design has relied on speculative techniques, resulting in extended development times
(Choudhari et al., 2014). Computer Aided Design (CAD) is useful to handle design iterations (Tu et al., 1995).
Numerical simulation methods provide an alternative to physical trials (Stefanescu, 2015). Techniques like GVM
(Gradient Vector Method), FVM (Finite Volume Method), FDM (Finite Difference Method), and FEM (Finite
Element Method) etc. are used to solve governing equations for predicting metal flow, temperature, casting defects,
and mechanical properties (Fang & Zeng, 2004; Si et al., 2003). Simulation packages like AutoCast, CapCast, Pro-
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Cast, MagmaSoft, Flow3D Cast, SolidCast etc. are available for simulation comparison of these tools is reported in
terms of solution methods, hardware requirements, user input, simulation steps, and processing time (Khan &
Sheikh, 2016)(Behera & Rabindra, 2010) ,(Arabia, 2018; Vaskova et al., 2011).

Numerical Simulations can effectively identify areas of concern but lack accuracy due to assumptions and
generalizations made during input, such as boundary conditions and heat transfer coefficients (Dong, Wang, Zhang,
et al., 2024). Additionally, numerical simulation methods are time-consuming as they solve partial differential
equations, making them unsuitable for real-time evaluation in production lines(B.Ravi, 2018). Consequently,
research is increasingly focusing towards ML a subclass of artificial intelligence which can effectively address these
limitations.(Suthar et al., 2023)

ML uses algorithms that learn and improve from data deprived of explicit instructions, to make useful
predictions(Plathottam et al., 2023). Its ability to identify patterns in large, high-dimensional datasets has led to
applications in different fields like accounting, speech and image recognition, manufacturing etc. In production
processes, ML enhances quality, supports decision-making, and aligns with Industry 4.0 and Smart Manufacturing
initiatives(Antoniadou et al., 2024; Clancy et al., 2022). In the casting industry, Smart Foundries employ centralized
systems for managing customer orders and supply chains, emphasizing remote monitoring and data collection from
key segments(Z. Li et al., 2024). This system includes expert systems that optimize casting designs, making ML
particularly valuable in casting due to the complexity of the processes involved. (Saxena et al., 2020).

ML applications have been utilized in various casting processes. In Die Casting, ML techniques predict component
quality and properties(Ducic et al., 2022). ML is used to determine the optimal gating system size for defect-free
casting by employing Application Programming Interfaces that manage nonlinear topology with input parameters
like casting conditions and alloy grades for die casting (Duan et al., 2023). The desired mechanical properties of
castings depend on alloy content, which can vary due to multiple constituents and charge materials present in the
furnace; ML techniques can effectively predict these constituents (Dudi¢ et al., 2020).ML has been applied to modify
heat treatment processes, utilizing supervised algorithms to minimize costs while maintaining product quality(Wu
et al., 2023). ML applications have successfully created databases for the thermodynamic properties of aluminum
alloys.(Yi et al., 2021) ML can be categorized as shown in Fig.2(Plathottam et al., 2023).
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Figure 2 Machine Learning categorization (Plathottam et al., 2023).
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1.3 Theme of Review Paper

Many researchers have worked upon specific sub-process of IC and computational approach for casting(Mayr et al.,
2019; Okuniewska et al., 2023); but a comprehensive work related with computational approach applied to IC in
classified manner is reported here schematically represented in Fig 3. Here the paper is divided in three sections
which are 1) Pre-filling stage that deals with review related to sub- processes prior to filling stage. It is followed by
filling stage which deals with gating system design related review work and parameters affecting complete filling.
Post filling stage includes knock followed by inspection related to defects and assessment of mechanical properties.

Statistical Machine Software
Techniques Learning Packages
0 Post-Filling
Z
7 Stage
i 7 M I Zﬁmﬂm S
Wax Pattern Making Factors affecting Inspection related to defects
filling
Ceramic Coating & Dewaxing to Assessment related to
form Ceramic Shell Gating system Mechanical Properties
Design
Figure 3 Research Theme

The research paper reviewed for each stage can be inferred from Fig. 6 a), whilst Fig. 6 b) represents proportion of
research papers reviewed for computational approaches. The objectives of this review paper are:

1) To explore the computational methods reported for IC.

2) The study explores how process parameters and computational methods impact ceramic shell mold filling and
gating system design

3) To review implemented computational approaches to post-filling processes.
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Figure 3 Chronological paper counts of research paper for classified Computational Approaches for IC
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Figure 4 Chronological paper counts of research paper for IC sub-processes.

Figure 6 Proportional representation of research papers for a) IC sub-processes b) Computational Approaches

COMPUTATIONAL APPROACHES FOR PRE- FILLING STAGE

Pre-filling stage includes processes prior to filling stage which starts by Wax pattern making; first step of IC; it
characterizes outline of actual casting. Molten wax of 55°C- 65°C is injected into metal die to fill metal die cavity(S.
Singh & Singh, 2016). Properties of wax like volumetric expansion, melting point, ash content, resistance for creep
etc. impact the performance (Sabau & Viswanathan, 2003).0Once wax pattern is generated number of such patterns
are assembled together to form a wax tree. Ceramic coating is next step, requiring multiple layers of coating (primary,
backup, and seal) with stuccoing in between. Stuccoing serves to minimize stresses, provide a rough surface for
mechanical bonding between layers, and maintain permeability by increasing particle size with each coat (Jones &
Yuan, 2003)

Dewaxing is the next step to produce vacant space in which liquid metal is filled known as ceramic shell
mold(Richards et al., 2004). To achieve dimensional accuracy; dimensional changes during various sub-process need
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to be considered as dimension of product are of reduced size than die because of solidification of wax and alloy [53]
,[54], [55] [56] as schematically represented in Fig. 11.

Heat Treatment (b)
Metal Solidification (a)
Ceramic Shell Dewaxing (z)

Wax Pattern from die (y)

IC sub-processes

Tool Size (x)

Relative Dimension

Figure 11 Relative Dimensional changes in IC for sub- processes (Liu et al., 2015)
2.1 Wax Pattern

Sabau et al have reported the prediction of Shrinkage Factor (SF) for wax pattern of stepped component with
conclusion:

¢ Width SF: The SF in width was largest near the more massive (thicker) region and it decreased as progressed
toward the thinner region.

¢ Length SF: The SF in length was more significant at the edges in comparison centreline.

e Overall SF: When casting was subjected to restraint (with holes), SF increased in both width and length
directions compared to an unrestrained situation.

Non-uniform SF method was reported to address limitations of linear scaling; for manufacturing of turbine
blades(Sabau, 2006). SF is non-homogenous for turbine blades having complex structure. Numerical Simulation and
experimental data validated accurate turbine blade based on structural identification method to model the
displacement field of different geometrical structures(Yiwei et al., 2017). State Space Model for dimensional control
is proposed to manage dimensional changes across stages, including wax pattern, shell expansion, and alloy
solidification (Liu et al., 2015). SF varies across different parts of a casting due to differences in macroscopic
structures and internal stress distribution. A case study using ProCAST revealed that wheel divided into sections
based on structure model demonstrated strong performance in predicting SF across different parts. (Bu et al.,
2017).Reverse engineering method for a turbine blade compensates for nonlinear shrinkage by adjusting the cavity
profile using displacement data, effectively enhancing quality(D. H. Zhang et al., 2010). Wax injection process;
comparison of experimental measurements and predictions showed only a 0.32% average difference in dimension
(Wang et al., 2016).

Model of the wax injection process showed qualitative agreement with experimental data for filling time and SF with
discussions on optimizing injection gate locations(Taylor et al., 2013). Simulation results using MoldFlow and Flow-
3D packages for IC; with predictions found to align well with experimentally observed defects.(Gebelin et al., 2003).
Metal-powder injection molding using ANSYS FLOTRAN module, found side gates ensured more uniform flow and
temperature compared to top gates (J. Jin & Ning, 2010). Wax SF prediction by Back propagation Artificial Neural
Network (BP- ANN) is reported with higher fitting precision than regression method (Tian et al., 2018). Deformation
at the trailing edge of turbine blade reached 0.4192 mm implementing suggested single step reverse compensation
method reduces maximum deformation by 68.2% so that it reaches 0.15 mm as per requirements (Ren et al., 2023a)..
Hybrid metaheuristic approach combining Random Forest (RF) with dung beetle optimization resulted in a 22.4%
reduction in prediction error compared to conventional models for thickness of turbine blade at various
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locations.(Dong, Wang, Zhang, et al., 2024). Support Vector Machine (SVM) and BP-ANN were compared ;SVM gave
better prediction in comparison with melting temperature of wax as most influencing parameter(Wang et al., 2019)

2.2 Ceramic Coating & Dewaxing to Form Ceramic Shell Mold

Metal-mold interaction involves a reaction amongst alloy and the mold wall, leading to an uneven casting surface
with presence of ceramic material(Jones & Yuan, 2003). Ceramic slurry consisting of needle coke demonstrated an
improved retention rate of ceramic slurry along with adequate flexural strength and moderate inner surface
smoothness with higher permeability (S. Kumar & Karunakar, 2021a). Alumina-silicate materials achieve a modulus
of rupture strength of 94 kg/cm?2, significantly higher than the 49 kg/cm2 observed in fused silica sand shell with
almost same drying time (Kaila & Dave, 2021)For nickel super alloys reaction between the mold and the molten alloy
can be minimized by varying mold composition, thereby reducing chemically induced defects(Kanyo et al., 2020a).
Non-conventional ceramic coating using fumed alumina binders and alumina sand back-ups offer higher
dimensional stability and better mechanical strength compared to traditional systems(Neto et al., 2017)

Non-uniform ceramic shell mold thickness inversely varies with surface quality and accuracy, ultimately affecting the
reliability and value of the final products (Dong, Wang, Cui, et al., 2024). Organic fiber-based shells exhibited higher
fired strength ,3 times permeability and 15% greater shell thickness, allowing for fewer coatings on the wax and
reducing lead time but lower green strength (Yuan et al., 2012). Mixture of polyethylene wax powder and betel nut
fibers was used for the ceramic shell's principal and backup layers. This combination increased green strength by
33%, fired strength by 3%, porosity by 86%, and permeability by 27% (Pattnaik & Sutar, 2022). Singh et al. reported
that contributions to dimensional accuracy was 77.84% from the number of slurry layers, 9.95% from the type of
pattern material, and 11.63% from the addition of nylon fibers in the first, second, and third coats (R. Singh et al.,
2014). Count of ceramic coating contributes 80% to shrinkage defect with other parameters, such as filling time &
temperature and cooling rate were insignificant in this context(S. N. Bansode et al., 2019). Dewaxing is a critical stage
in IC, as it involves removing wax from ceramic coated tree without any major dimensional changes or cracks. Root
Cause of ceramic shell deformation is crucial for achieving dimensional accuracy(S. Jin et al., 2017; Lee et al., 2015)
. Most ceramic shell mold failures occur during dewaxing stage due to intensive thermal stress at the interface of
ceramic shell mold and wax; as wax typically expands more than ceramic shell leading to cracking or deformation of
the shell(Pattnaik et al., 2012). Reversal Solidification Path Dewaxing method resulted with 3 times strength and
ability to withstand thermal shock (Mishra & Ranjana, 2010). Lee et al. reported that autoclave dewaxing develops
highest strength, surpassing the strength of shells dewaxed by refrigeration. Incomplete removal, along with the
curing of the sol during the autoclave process, contributed to the higher strength observed (Lee et al., 2016). Two
major stress types in ceramic shells: (a) thermal stress from temperature differences between the interior and exterior
mold surfaces, (b) stress from the weight of alloy. COMSOL analysis showed higher stress and cracking at thinner
corners (3.45 mm) than flat surfaces (4.74 mm) (Behera et al., 2019).

Ceramic shell must have following characteristics so as to preserve the integrity and quality of final casting :
e Permeability: Air and gases can outflow easily.
e Strength: Dewaxing without failure
e Thermal resistance: Endure thermal stress
e Stability: Inertness for metal and mold chemical reaction.
e Thermal conductivity: Adequate heat transfer and cooling (Jones & Yuan, 2003)

The ceramic shell mold has about 25-62% so that air and gases can outflow easily. (Ding & Dongliang, 2007).
Conclusion from key papers are as per Tab.1.
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Table 1 Gist from key papers of Computational Approaches for Pre-filling stage of IC

131(; Author & Year | Type | Process Parameters Considered Conclusion
(Dong, Wang, Prediction  of Dlmensmn‘al 22.4% decrease in predicted errors
1 Zhang,etal.,, | S&E w Accuracy based on wax profile | . .
with respect to conventional methods
2024) by ML
(Ren et al Dimensional Accuracy, | Reverse ~ Compensation  method
2 2023b) ’ S&E w deformation  at  different | decreased the maximum deformation
3 sections for turbine blade by 68.2 %
Permeability, fired strength and | Improved properties for flexural
(Pattnaik & E cD green strength with addition | strength were 33%, fired strength 3 %,
3 Sutar, 2022) Polyethylene Wax powder and | permeability 27% and porosity of
Betel Nut fibers 86%.
. . Alumina-sili ials achi
(S. Kumar & Drying Time, Rupture strength umina-silicate materials achieve a
. e modulus of rupture strength of
4 Karunakar, E CD of alumina silicate and fused . .
2021b) silica 94 kg/cm?2, significantly higher than
’ the 49 kg/cm2 fused silica sand.
Strength, thermal resistance, . o\ .
. . Varying mold composition, ceramic
(Kanyo et al., corrosion resistance, . . .
5 R CD . . processing can improve required
2020b) dimensional accuracy and .
. properties.
permeability
(S.N. Number of slurry coatings, | Number of slurry coatings have 80 %
6 | Bansodeetal., | S&E CD filling type & temperature along | contribution towards shrinkage
2019) with solidification method deviation.
(Behera et al., S&E cD Solidification time & Thermal | Defects can be reduced by appropriate
7 2019) stress of ceramic mold simulation techniques.
3 (Tian et al., S&E W Dimension of component, SF | Contour section shrinkage was
2018) prediction using ML different than predicted
Relation between fractional shrinkage
(Buetal., Structural parameters .
9 S&E w . . . and structure parameter is non-
2017) influence fractional shrinkage. .
linear.
(Yiwei et al., Shrinkage factors for turbine Non—unlform shrmkage. dlStI‘lbutl'On
10 S&E W is more accurate than linear scaling
2017) blade of wax pattern method

R: Review paper, S: Simulation, E: Experimental, W: Wax Pattern &Properties, CD: Ceramic Coating & Dewaxing

COMPUTATIONAL APPROACHES FOR FILLING STAGE

Filling stage includes pre-heating of the ceramic shell mold, filling of alloy along with considering the design aspect
and factors affecting the complete filling. Various factors significantly impact the quality of the final cast product,
including fluidity, solidification time, pouring time, critical velocity (Vcri) for turbulence, filling manner, alloy filling
temperature and heat transfer coefficient (Federico Arduino et al., n.d.; Rafique & Igbal, 2009).

3.1 Factors Affecting Filling

Fluidity, defined as the distance traveled by molten metal before solidification, it’s a crucial factor for ensuring
complete filling of ceramic shell mold; a primary requirement to obtain quality products(X. Zhang & Chen, 2005).
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For thin-wall castings like in IC , around 80% defects are due to improper filling and design of gating system(Raza et
al., 2018).Length of fluidity is determined by an empirical relation for a specific arrangement, which depends on alloy
properties like density, velocity, enthalpy of fusion, degree of superheat, filling temperature, filling head, specific heat
capacity, heat transfer coefficient, ceramic shell mold pre-heat temperature, permeability , thermal conductivity,
geometry of component etc. (Fleming. Niyama, 1963),(Ravi et al., 2008).

To achieve complete filling, higher flow velocities are favorable, but if it exceeds the critical velocity, turbulent flow
may occur, leading to detrimental effects such as inclusions of mold material and porosity if adequate venting is
unavailable (Reilly et al., 2013). Campbell expressed that Vcri is proportional to the fourth power of the ratio of
surface tension to density. Veri for nonferrous alloys is 0.4 - 0.6 m/s whilst for ferrous alloys is 1m/s (Jolly, 2005).
Higher pouring and mold temperatures can enhance fluidity; however, excessively high pouring temperatures can
prolong solidification, leading to the formation of coarse grains and an increased risk of hot cracking. Conversely,
reducing pouring and ceramic shell mold temperatures may prevent hot cracking but can hinder complete cavity
filling if temperatures are too low; careful balance is essential(Mingguang, 2017). Solidification time for IC was
estimated by lumped model for finite volume-based numerical simulations analytically. It under predicted the time
in comparison with actually measured values but still provide basis of knowledge (Chattopadhyay, 2011).

Top and bottom filling systems for non-ferrous alloys was investigated in which the Weibull modulus improved from
18 to 34 with bottom filling system, indicating enhanced reliability and reduced oxide damage (Cox, 2000). A study
on top and bottom filling systems for turbine blade casting highlighted that while top filling is easier to construct, it
often causes defects like inclusions (30%), porosity (20%), hot cracks (10%), and misruns (10%) due to turbulence.
(D. Z. Li et al., 2004). Fluidity for top filling is highly dependent upon on filling temperature whilst ceramic shell
mold pre-heat temperature is insignificant. In contrast, bottom filling configuration demonstrated greater stability,
with fluidity remaining relatively unaffected by variations in filling and shell pre-heat temperature with reduced
porosity and defects compared to the top filling system (Kuo & Huang, 2017a). Change in dimension of products for
IC; filling temperature accounts for 68.38%, the slurry layer combination for 6.57%, and the modulus for 23.12%
mentioned parameters (R. Singh & Singh, 2017)

3.2 Gating System Design

Traditionally, gating system design in casting has relied on trial-and-error methods, leading to extended development
times. The gating system includes cup, sprue, feeder, runner, and ingates, significantly impacts casting yield, defect
rates, and the mechanical properties of products (Sata & Maheta, 2021). Numerical Simulation methods reduce scrap
and promote defect-free castings, making them more viable than traditional approaches. Design of the gating system
significantly impacts the yield and overall performance of IC (Chalekar et al., 2015). Porosity & shrinkage defects
were predicted by applying an explicit finite difference method with component-wise splitting to titanium dental
casting systems; matching experimental data for various casting types (X. P. Zhang et al., 2006). Numerical
simulation of titanium alloy thin-wall casting for shrinkage defect distributions, with results closely matching X-ray
experimental data (Tao et al., 2018). Flow-3D package was used to determine values for filling velocity and filling
time; demonstrating its impact of gating system design for final cast product (Ramnath et al., 2014). Authors revealed
that 53.6% of defects are related to incomplete filling, particularly cold shuts and misruns mostly at upper levels of
the tree. Experimental validation of reverse tapered sprue design generated non defective casting as predicted by
MagmaSoft due to decrease fluctuation filling velocity (Thammachot et al., 2013). To achieve accurate simulation
results, precise boundary conditions and input parameters are essential; but exact values are often difficult to
measure. The use of reverse engineering by adjusting simulation models to correlate parameters is reported for
industrially manufactured parts(Anglada et al., 2013).AnyCast predicted that probability of shrinkage defects
increased with lower filling and shell pre-heat temperatures and increased cooling rate(P. Huang et al., 2014).
Shrinkage and misrun in thin-section impellers can be effectively eliminated by optimizing the gating system design
based on ProCAST simulation results (F. Li et al., 2020). Sangita Bansode et al. reported that improper gating system
could cause cracks and increase lead times by using SOftCAst also affecting post-casting operations.(S. Bansode et
al., 2017)
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Authors revealed positive effect with increasing filling temperature whilst feeding time and ceramic shell mold pre-
heat temperature showed no significant correlation using MagmaSoft, by varying parameters like component
orientation (0° to 90°), feeder length, feeder diameter, insulation diameter around the feeder with 2 mm increase
whilst filling temperature (1690 to 1740°C in 5°C increments)(Fourie, 2014). Resizing radius of the gating system
rather than height was most effective resizing strategy, resulting in a 47.85% reduction in gating system volume and
a 15.02% increase in casting yield (Wang et al., 2018). Bottom feeding in IC significantly reduces oxide films and
shrinkage by 90%, enhancing reliability compared to top filling(Bruna et al., 2019). ProCAST effectively identifies
porosity in titanium alloy gearboxes through precise modeling, and incorporating low-cost alloys into titanium shows
minimal impact on mechanical properties of the product (Liao et al., 2022).

Radial Basis Functions neural network, a statistical technique along with Design of Experiments proves to increase
the yield by 14.91% with input parameters as filling temperature, ceramic shell mold pre heat temperature, diameter
& length of main sprue heat transfer coefficient and velocity (Yu et al., 2020).Lower ceramic shell mold temperature
improves strut microstructure and energy absorption but reduce ceramic shell mold filling and negatively impacting
overall mechanical properties(Firoozbakht et al., 2023); To ensure ovality as per expectation based on data driven
method filling temperature was 1500.5 °C, ceramic shell mold pre-heat temperature 1052.5°C, and 1.7258%
allowance in pattern dimension were recommended(Donghong et al., 2022a). to conclude gist from key papers of
computational approaches for Filling stage of IC is as per Tab.2.

Table 2 Gist of Computational Approaches for filling stage of IC

Sr Parameters .
No Author Type | Processes Considered Conclusion
(Chen et al Ceramic shell thermal | Improving the thermal conductivity and
1 2024) ? S&E C conductivity,  kinematic | fluidity reduced the cold shut defect from
4 viscosity & Fluidity 42.6 % to 0 %.
Pouring temperature, shell | Shell preheat temperature is most
(Donghong et . . . . .
3 al., 2022b) S&E F pre heat temperature and | influencing factor for dimension variation
v shrinkage factor in terms of ovality
. Filling temperature & time, | Shrinkage porosity for thin-walled casting
(F.Lietal., o e .
4 2020) A&E F shell pre-heat temperature | was eliminated by utilizing optimized
and porosity results from Taguchi method
(Bruna et al., Dimension of Gating | 90 % decrease in porosity by increasing
6 S&E G -
2019) system filling head.
Diameter of gating system significantly
Dimension of gating | affects the shrinkage volume and location
system, Filling | of porosity, with shrinkage volume being
(Wang et al., . .. .

7 2018) E&A G temperature,  shrinkage | more sensitive than distance.
volume, length of porosity | Improvement of 15.02 % in yield is
from casting, obtained by decreasing gating system

volume by 47.85%.
Hot cracking occurs when thermal stresses
(Mingguan Hot cracking defect due to | exceed yield strength; although a high
9 2%? ) & | S&E F pouring temperature and | pouring temperature ensures complete
7 mold temperature filling during prolonged solidification, it
increases the risk of hot cracking
Niyama Criterion and | The velocity of different arrangements was
(Kuo & . . . . . .
0 Huan S&E G Retain Melt Modulus | evaluated in conjunction with time-
201 l;‘;), method for defect | temperature and time-solidification
7 prediction fraction graphs to achieve maximum yield
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Sr Parameters
Author F'ype | Processes . Conclusion
No Considered

shell mold temperature & Pouring temperature had more profound

thickness, pouring .
“ (P.' Huang & S&E G temperature& Time and effect the.ln mold temperature.on shrinkage.
Lin, 2016) . Shell Thickness affected cooling rate hence
number of calculation 1.
. fluidity.
grids.
Top filling fluidity is sensitive to casting
‘g temperature, = whereas  bottom-gated
12 | (Raza, 2015) E F Fluidity by Top and bottom configurations maintain stable fluidity

filling for thin wall castings regardless of casting or mold preheat

temperature

S: Simulation, E: Experimental, F: Factor affecting filling, G: Gating system design

COMPUTATIONAL APPROACHES FOR POST FILLING STAGE

This stage involves the knockout process, where components are removed from the tree, followed by defect inspection
and overall analysis of IC explore improvement opportunities. Minimum and maximum principal stress values at
ingates were determined and verified experimentally by providing vibrations so that failure occurred at desired
locations (Kuo & Huang, 2017b). Residual stresses are less in magnitude for casting process but still are important to
study as they can lead to failure of cast component. Maximum Residual Stress value of 7.015* 10" 9 N/m2 was found
to be reduced to 6.352 * 10"9 N/m2 by shape alteration obtained by numerical simulation (Keste et al., 2015).

4.1 Inspection Related to Defects

X-ray techniques are used to detect defects but are material dependent hence for titanium casting a novel approach
of neutron radiography is reported which uses gadolinium oxide in face coat. Probability of detection improved 3
times for inclusions(Richards et al., 2004). Genetic algorithm and neural networking were used to find the best fit
for input parameters of pouring temperature and shell preheat heat temperature with output measurement as
complete filling and solidification time(Vosniakos et al., 2005). Image processing can significantly enhance the
inspection process by improving accuracy and efficiency.

An inspection device has been reported with the potential to outperform human inspection, providing more reliable
results by SVM classifier(Costa et al., 2020).The Naive Bayes models like Gaussian, Multinomial, Complement and
Bernoulli were examined to effectively detect defects of IC products prior to production (Sawant & Agashe, 2022).

Deep learning-based device was examined by different methods with training of 36000 images for defect
identification. Residual Neural Network demonstrated the highest accuracy and so was successfully implemented for
efficient industrial defect detection (Yousef & Sata, 2024a). Surface discontinuities in aluminum castings were
inspected using automated image capture along with Gaussian filtering for noise removal, and feature extraction
techniques. Trained on 1400 images and tested on 350 images, SVM outperformed K- Nearest Neighbor (KNN) in
accuracy.(Yousef et al., 2022). U-Net algorithm with image segmentation achieved 81% dice coefficient; to detect
defect size on casting surface (Yousef & Sata, 2024b).

Slurry pump made by IC had shrinkage defect which was rectified by adjusting riser placement rather than riser
dimension (Zhi et al., 2014). Hardin et al. emphasized the unreliability of deterministic optimum designs in casting
without considering statistical and physical uncertainties. Reliability Based design considering variations of input
parameters 7% yield improvement with a significantly lower failure probability of 4.6%. (Hardin et al., 2015).

4.2 Assessment Related to Mechanical Properties

Bayesian Inference a probabilistic approach analyzed process variables like ceramic shell mold material properties,
drying conditions, pre-heat temperature and mechanical stresses to predict deformation issues, identify root causes
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and suggest mitigation measures. It enabled early defect detection and process optimization, improving casting
reliability and quality (S. Jin et al., 2017). Taguchi method was reported for improving the quality of IC by optimizing
process parameters like shell pre-heat temperature, filling temperature and stirring current with output measured
for shrinkage and tensile strength(Pattnaik et al., 2015).Mechanical properties of IC products were predicted using
Artificial Neural Network and Multi Variate Regression (MVR) models based on filling factors and alloy chemical
composition data from 800 heats. While both approaches performed well, MVR yielded slightly better results(Sata
& Ravi, 2014)

Integration of ML and computational thermodynamics enhances manufacturing of aluminum alloys such as Al-Si-
Mg and modified A356 alloys. By employing a microstructure-properties matrix trained through ML, researchers can
better understand the strengthening and toughening mechanisms in aluminum casting alloys. This combined
approach is expected to improve the manufacturing process and application of alloys(Yi et al., 2021). Mechanical
properties are traditionally assessed through destructive testing, a process that is time-consuming and wasteful. To
address this, techniques like Least Absolute Shrinkage Selection Operator and Variable Selection Using Random
Forests were employed to identify significant variables from 25 independent variables. The performance of selected
features is evaluated using ML models like RF, KNN and Extreme Gradient Boost(XG-Boost). Tree-based algorithms,
particularly XG-Boost and RF, demonstrate strong predictive capabilities, minimizing the need for destructive tests
and thereby reducing material waste and enhancing productivity in the foundry environment.(Jaspal Virdi, 2019); to
conclude gist from key papers of computational approaches for Post-filling stage of IC is as per Tab.3

CONCLUSION AND FUTURE SCOPE
5.1 Conclusion

Investment casting involves numerous variables that impact the quality and yield of the final casting. These variables
span across various sub-processes like tool dimensions considering shrinkage factor, wax properties like melting
temperature, injection pressure, injection time, viscosity, surface tension and material content. Number of coatings,
humidity for soaking, time of soaking, temperature of soaking face coat, seal coat, green strength, fired strength of
shell, permeability. Dewaxing should occur without shell cracking, also wax should be reusable with appropriate
strength of shell. Filling temperature & time, degree of superheat, shell pre-heat

Table 3 Gist of Computational Approaches of Post Filling stage of IC

Iil(; Author Type | Processes Parameters Considered Conclusion
U-net algorithm surface | U net gives 81 % dice coefficient in
(Yousef & Sata, . .. . .
1 20242) S &E DA defect detection & sizing | detecting surface defects along with
image segmentation. evaluating severity of defects.
(Yousef et al., S &E DA Surface  discontinuities, | SVM gave better results in
3 2022) SVM, KNN comparison with KNN
(Costa et al., RANSAC algorithm, SVM | 99 % accuracy is reported for circle
4 S &E DA . o s .
2020) for image classification and line defects
. Melting temperature at | Mean value of temperature features
5 (D?IVZ(;CI}H;) et S&E DA different  heights in | for defect free avoiding an attribute
» 2019 furnace SVM casting were ranked.
. 1. . RF XG-B
6 (Jaspal Virdi, S&E MP UTS, YS and % Elongation, ca ab?lrild to t(e}lim(i)r(:zte ;:sl‘.)tl;iscetril\fz
2019) XG-Boost & RF p' ty
testing
Range of parameters was
7 (B.Ravi, 2018) S&E MP UTS, YS and % Elongation | determined by Bayesian Inference
to obtain desired casting.
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Iil(; Author Type | Processes Parameters Considered Conclusion
Breaks occurred at the ingates
(Kuo & Huang, Maximum and Minimum | notches due to vibrations, with
8 S&E KO .. . . .
2017b) principal stress at ingates | predicted stress values matching
actual results.
RBDO improves yield by 7% with
(Hardin et al., S MP RBDO in design variables | 4.6%  failure  probability in
9 2015) to meet a stated target. comparison of 12 % improvement
with 61 % failure probability
Position of xiser_and | (RO U e
10 | (Zhietal,2014) | S&E DA machining allowance for . . 'g
. defect with appropriate machine
shrinkage defect
allowance

S: Simulation, E: Experimental, MP: Mechanical Properties, KO: Knock out, DA: Defect Analysis UTS: Ultimate
tensile Strength, YS: Yield Strength, EL: % Elongation, RF: Random Forest, SVM: Support Vector Machine, KNN: K-
Nearest Neighbor, XG-Boost: Extreme gradient boosting, MVR: Multivariate Variate Regression, ANN: Artificial

Neural Network

Table 4 Decision matrix

PRE- FILLING Filling Stage Post Filling Computation Technquies
2 Ceramic Coating
% Author Wax Pattern| & Dewaxing Factors Affecting Filling [cD[DA|  Defect Analysis ~ MP  Software Packages | Statiscal Tools Machine Learning
o 2 N
[ >
g|212E15l0(n| 2 z(-|S|al< Flo D&§§§§§§Em§-§§§§< 8Z_,Z 5
=520 & B[ E[E[E B E 5 10[o0 | Bl [E A1 B2 ke S E 22 S 2 SR B B L E R 12 o 2[5
ol (»n g |2 <|@ > Q
© o
1| Yousefetal 2024 [155] * 1 =
2 Dong et al 2024[13] * * * * " *
3 Chen et al 2024 [106] * * * * *
4 Dong et al 2024 [70] x| * *
5 Dai et al 2024 [156] * | * *
6| Stepan etal 2024[80] * x| *
7| Yousefetal 2023[27] * * * | *
8 | Yousefetal 2023 [146] * - -
9 Suthar et al 2023[15] * * * * | * * * * " * "
10 Ren et al 2023[89] * * * *
11| Firoozbakt et al 2023[137] x| x| *
12| Yousef et al 2022[147] *
13| Liaoetal 2022[157] * AR * * * " "
14| Donhong et al 2022 [138] * | * * [ * * * | =
15|  Clancy et al 2022[17] * *
16| Sawant et al 2022[145] * "
17|  Kumar et al 2021[90] * *
18 Kaila et al 2021[68] * *
19|  Zhang etal 2021[127] * * | * x| *
20 Ren et al 2021[158] * * * ] * *
21| Costa et al 2020 [143] * * *
2| Yuetal2020[136] x| = * " " " <
23| Huang et al 2020 [36] * * *
24|  Kanyo et al 2020[91] R x| Ox
25| FeilLietal 2020[126] * x| * ]| * * > m
26| Wang etal 2019 [66] HEEE * * " "
27 del et al 2019[142] * * * *
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0 0
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29{Bansode et al 2019(74] ¥ ¥ slel [ |+ ¥ ¥ ¥
30|Behera et al 201981) £ x| ¥ ¥
31{Raza et al 2018[113) * * [ * ¥
3)|Tian etal 2018]64] ¥ * ¢ ¥ 5 ¥
33|Wang et al 2018]131] le ] [ * X ¥
34| Kansagra et al 2018{159] £ ¥ ¥
35\Tao et al 2018[120] L ¥ ¥
30[B. Ravi et al 2018{153] sl | P slefe | ¢ | ¢ ¥
37|Singh et al 2007 [114] * * I
38|Sata etal 2017]151) O e fe [ e [ s |6 ¥
39|Yiwei etal 2017(56] ¥ * ¥ ¥
WlKuoetal 007[12( . N anaa ’
41]Mingguang 2017[105) I L L L O G ¥
linetal 007[77) % ¢ [+ %
13]Buetal 2017[56] ¥ + ¢ %
(Lee etal 2016]79) x| ¢ X
45 Huang et al 2016[128] L I ¥
46| Wang et al 2016 60] ¥ ol ¥ X
47| Mahrabi et al 201646) I L .
48]Kumar et al 201642) s | n %
19Raza etal 2015(112) O ¥ ¥ ¥
50| Chalekar et al 2015%] ¥ A ¥
Slvetd 0557 | v : .
52|Fourie et al 2015[130) L IO L L I L L L ¥
53|Keste et al 2015 [140] * * ¥ %
SA\Hardin et al 2015 [150] ¥ ¢ ¥ X
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PRE- FILLING Filling Stage Post Filling Computation Technquies
zo Ceramic Coating
@ Author Wax Pattern | & Dewaxing Factors Affecting Filling |GDDA|  DefectAnalysis MR Software Packages | Statiscal Tools Maching Learing
&
LDk 0 vk K QENQ§QEEW§§§§§< gz z| 6
HA RS IR A A A3
e RE || | §
= I
0 0
55\Singh etal 2014 (73] ¥ t X
S6|Pattnaiketal 201475 | [* [F |* o | v ¢ ¥
57|Huang et al 2014{125) L ¥ ¥
58[2h et al 2004[149] L I L * ¥
59|Bazhenov et al 2014{122] O P ¥
60}afari etal 2013(102] O * ¥
6l Tayloretal 00361 |* * [F |* $ * % ¥ X
62| Anglada et al 2013(124] ' x| ¥ X
63|Thammanchot 2013 123] L ¥ ¥
64iXu etal 2012(87) sl | [ % ¥
65| Yuan etal 2012 [71] LR *
66|Chattophyay 2011[107] * *
67|Liao et al 2011{160] | *
68)Najafi et al 2011[34] ¥ %
69]Vakova et al 2011[161] * * [ w | [x
T0)lin et al 2010[63] I ¥ ¥ * s
Tizhangetal 201059 |* * ¥
72| Mishra et al 2010(78] *
Total 8 41 7 7)14{25 T 29115 2 5| 214183024 o[22 3( 16 8 3 Of 765 S Y5528 YYY3Y Y4

WP : Wax Pattern Making, WIP : Wax Injection Pressure, WIV : Wax Injection velocity WIT : Wax Injection Time, CCP : Ceramic
Coating & Properties NC: Number of ceramic coatings, D: Dewaxing TPS : Thermo-Physical Properties of shell, SF : Shrinkage
Factor F: Fluidity , FV : Filling Velocity , FT: Filling Time, PT: Pouring Time, ST : Solidification Time, Pte: Pouring Temperature,
GD : Gating System Design , DA : Defect Analysis, S: Shrinkage, P: Porosity, M: Misrun, HT : Hot Tears, HS : Hot Spot SD : Surface
Defects, MP: Mechanical Properties, DOE: Design Of Experiments, ANNOVA: Analysis of Variance, RSM : Response Surface
Methodology. SVM: Support Vector Machine, PCA: Principal Component Analysis, RF: Random Forest, XG-Boost: Extreme
gradient boosting, KNN: K-Nearest Neighbor, DL: Deep Learning, IP: Image Processing

temperature & time, velocity of filling, solidification time, dimension of sprue, runner, cup and ingates, number of
components in a tree, knock out and inspection method. All these parameters must be carefully controlled to achieve
high yield and produce quality castings in the IC process with the number of research for each variable is described
in ‘Table 4’ from 72 key research papers.
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As can be observed ML has been applied for post filling stage particularly for inspection with about 50 % of stack of
total work reported for IC. Software packages are utilized for filling stage with about 57 % of work reported for
dimension of gating system for given component to eliminate particularly shrinkage and porosity defects whilst
statistics tools are employed for overall improvement of IC. Further gist of review is stated below:

IC requires high dimensional accuracy. Dimensional changes during each sub-process must be known
precisely.

The linear shrinkage method is not suitable for varying thicknesses and geometries, which are common in IC
applications. Structural shrinkage methods provide better results than linear shrinkage for IC applications.
Reverse engineering proves to be helpful in this context.

Simulation models for IC are based on various assumptions regarding material properties and operational
methods, which can vary significantly between industries. Hence, experimental verification of results is
necessary.

Gating design starts with modulus methodology, but initial dimensions may not be optimized. Modifications
are done through experiments or simulations until defects are resolved.

Statistical optimization methods can improve IC yield, but they are time-consuming and require skilled labor.

ML methods are used for prediction of defects and mechanical properties in IC, using supervised learning and
image processing techniques.

5.2 Future Scope

ML can be used create expert system that assist in the design process, automating decisions that would typically
require the experience of skilled labour. These systems can:

[1]

Predict defects based on previous casting outcomes: Defects must be predicted with high accuracy using
measurable input parameters from historical data. To handle class imbalance, appropriate method must be
used to enhance model reliability.

Recommend adjustments in process parameters: Number of process parameters effect final dimension and
mechanical properties of casting. Combination of process parameters must be recommended so as to have
desired set of properties and dimensional accuracy prior to production. A hybrid of supervised learning and
Reinforcement Learning can be used to dynamically adjust these parameters during production.

Optimize gating system designs: Appropriate classification of the existing components can be processed to
have optimal dimensions of gating system for new components so as to have optimal yield and pin point
combinations of process variables for desired output.

Image Processing & Supervised Learning: ML can analyse images of cast components to detect defects and
help predict mechanical properties, speeding up the quality control process by eliminating human intervention
to increase the reliability in real time production.

Automation of Knowledge-Intensive Processes: Combining supervised learning for decision support with RL
for adaptive optimization, these expert systems can significantly reduce dependence on skilled labor,
particularly in small-scale industries, while improving consistency, scalability, and decision speed.

REFERENCES

Aguilar, J., Schievenbusch, A., & Kattlitz, O. (2011). Intermetallics Investment casting technology for
production of TiAl low pressure turbine blades e Process engineering and parameter analysis. Intermetallics,
19(6), 757—761. https://doi.org/10.1016/j.intermet.2010.11.014

945

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[2]

[3]

[4]
(5]

(6]

[7]

[8]
(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Anglada, E., Meléndez, A., Maestro, L., & Domiguez, I. (2013). Adjustment of Numerical Simulation Model to
the Investment Casting Process. Procedia Engineering, 63, 75—83. https://doi.org/10.1016/j.proeng.2013.
08.272

Antoniadou, A., Thunell, A., Aslanidou, I., & Kyprianidis, K. (2024). Application of Digital Twin of Robot Cell
in Investment Casting Manufacturing. IFAC-PapersOnLine, 58(27), 730—735. https://doi.org/10.1016/j.
procir.2024.10.156

Arabia, S. (2018). A COMPARATIVE STUDY OF SIMULATION SOFTWARE. 17, 197—209.

Bansode, S. N., Phalle, V. M., & Mantha, S. S. (2019). Optimization of process parameters to improve
dimensional accuracy of investment casting using Taguchi approach. Advances in Mechanical Engineering,
11(4), 1—12. https://doi.org/10.1177/1687814019841460

Bansode, S., Phalle, V., & Mantha, S. S. (2017). Optimized design of feeding system for complex steel ( CF8 )
investment casting to improve quality and productivity. International Conference on Advances in Thermal
Systems, Materials and Design Engineering (ATSMDE2017).

Behera, M. M., Pattnaik, S., & Sutar, M. K. (2019). Thermo-mechanical analysis of investment casting ceramic
shell: A case study. Measurement: Journal of the International Measurement Confederation, 147, 106805.
https://doi.org/10.1016/j.measurement.2019.07.033

Behera, & Rabindra. (2010). . "Comparative evaluation of usability of FEM-and VEM-based casting
stmulation software.

B.Ravi, A. S. and. (2018). Foundry Data Analytics to Identify Critical Parameters Affecting Quality of
Investment Castings. ASME Journal of Risk and Uncertainty in Engineering Systems Part, c. https://
doi.org/10.1115/1.4041296

Bruna, M., Bolibruchova, D., Pastiréak, R., & Remisova, A. (2019). Gating System Design Optimization for
Investment Casting Process. Journal of Materials Engineering and Performance, 28(7), 3887—-3893.
https://doi.org/10.1007/s11665-019-03933-3

Bu, K., Tian, G. liang, Qiu, F., Zhao, D. qing, Zhang, X. dong, Tian, J. wei, Wang, Z. hong, & Hu, J. (2017).
Research on the influence of structure parameters on the fractional shrinkage of wheel shape casting.
International Journal of Advanced Manufacturing Technology, 93(5-8), 2933—2942. https://doi.org/10.
1007/500170-017-0719-X

Castellanos, S. D., Alves, J. L., & Neto, R. J. (2017). A comparative study of manufacturing processes of complex
surface parts in Titanium Ti6Al4V. Ciencia e Tecnologia Dos Materiais, 29(2), 73—78. https://doi.org/10.
1016/j.ctmat.2017.03.002

Chalekar, A. A., Somatkar, A. A., & Chinchanikar, S. S. (2015). Designing of Feeding System for Investment
Casting Process — A Case Study. 5, 15—18. https://doi.org/10.5923/c.jmea.201502.03

Chattopadhyay, H. (2011). Estimation of solidification time in investment casting process. International
Journal of Advanced Manufacturing Technology, 55(1—4), 35—38. https://doi.org/10.1007/s00170-010-
3057-9

Chen, T. Y., Wang, Y. C,, Huang, C. F., Liu, Y. C,, Lee, S. C., Chan, C. W., & Fuh, Y. K. (2024). Formation
mechanism and improved remedy of thermal property of cold shut surface defects in Vortex Flow Meters:
Numerical simulation and experimental verification in investment casting of 316 L stainless steel. Journal of
Manufacturing Processes, 120, 542—554. https://doi.org/10.1016/J.JMAPRO.2024.04.052

Choudhari, C. M., Narkhede, B. E., & Mahajan, S. K. (2014). Casting Design and Simulation of Cover Plate
Using AutoCAST-X Software for Defect Minimization with Experimental Validation. Procedia Materials
Science. https://doi.org/10.1016/j.mspro.2014.07.095

Clancy, R., Bruton, K., O’Sullivan, D., & Keogh, D. (2022). Industry 4.0 driven statistical analysis of investment
casting process demonstrates the value of digitalisation. Procedia Computer Science, 200, 284—297.
https://doi.org/10.1016/j.procs.2022.01.227

Costa, V., Cardoso, R., Alves, B., Félix, R., Sousa, A., & Reis, A. (2020). Automatic Visual Inspection of Turbo
Vanes produced by Investment Casting Process. ACM International Conference Proceeding Series, 63—69.

https://doi.org/10.1145/3441233.3441241

946

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Cox, M. (2000). Effect of top and bottom filling on reliability of investment castings in Al, Fe, and Ni based
alloys. Materials Science and Technology, 16(11—-12), 1445—1452. https://doi.org/10.1179/02670830010150
7442

Del Vecchio, C., Fenu, G., Pellegrino, F. A., Michele, D. F., Quatrale, M., Benincasa, L., lannuzzi, S., Acernese,
A., Correra, P., & Glielmo, L. (2019). Support Vector Representation Machine for superalloy investment casting
optimization. Applied Mathematical Modelling, 72, 324—336. https://doi.org/10.1016/j.apm.2019.02.033
Ding, S., & Dongliang, Z&.Y. Z. &£. (2007). Gas permeability behavior of mullite-bonded porous silicon carbide
ceramics. 7171—7175. https://doi.org/10.1007/s10853-007-1577-y

Donghong, W., Yu, J., Yang, C., Hao, X., Zhang, L., & Peng, Y. (2022a). Dimensional control of ring-to-ring
casting with a data-driven approach during investment casting. International Journal of Advanced
Manufacturing Technology, 119(1—2), 691—704. https://doi.org/10.1007/S00170-021-07539-9/METRICS
Donghong, W., Yu, J., Yang, C., Hao, X., Zhang, L., & Peng, Y. (2022b). Dimensional control of ring-to-ring
casting with a data-driven approach during investment casting. The International Journal of Advanced
Manufacturing Technology, 119(1—2), 691—704. https://doi.org/10.1007/s00170-021-07539-9

Dong, R., Wang, W., Cui, K., Wang, Y., Wang, Z., Kang, K., & Jiang, R. (2024). An investigation of ceramic shell
thickness uniformity and its impact on precision in turbine blade investment casting. Journal of
Manufacturing Processes, 131, 507—522. https://doi.org/10.1016/j.jmapro.2024.09.006

Dong, R. zhe, Wang, W. hu, Zhang, T. ren, Jiang, R. song, Yang, Z. nan, Cui, K., & Wang, Y. bin. (2024).
Ensemble learning-enabled early prediction of dimensional accuracy for complex products during investment
casting. Journal of Manufacturing Processes, 113, 2901—306. https://doi.org/10.1016/J. JMAPRO.2024.01.072
Duan, Z., Chen, W., Pei, X., Hou, H., & Zhao, Y. (2023). A multimodal data-driven design of low pressure die
casting gating system for aluminum alloy cabin. Journal of Materials Research and Technology, 27, 2723—
2736. https://doi.org/10.1016/J . JMRT.2023.10.076

Dudié, N., Jovidié, A., Manasijevi¢, S., Radisa, R., Cojbasié, Z., & Savkovié, B. (2020). Application of machine
learning in the control of metal melting production process. Applied Sciences (Switzerland), 10(17).
https://doi.org/10.3390/app10176048

Dudié¢, N., Manasijevié, S., Jovi¢ié, A., Cojbasié, Z., & Radisa, R. (2022). Casting Process Improvement by the
Application of Artificial Intelligence. In Applied Sciences (Switzerland) (Vol. 12, Issue 7). MDPI. https://
doi.org/10.3390/app12073264

Fang, G., & Zeng, P. (2004). Finite element simulation of metal quenching. Tsinghua Science and Technology,
9(5), 555—559.

Federico Arduino, B. B., Mashayek, F., Marco Actis Grande, A., & di Torino Minkowycz ii, P. W. (n.d.).
Computer Simulation and Analysis of Investment Casting of Thin Patterns.

Firoozbakht, M., Blond, A., Zimmermann, G., Kaya, A. C., Fleck, C., & Biihrig-Polaczek, A. (2023). Analyzing
the influence of the investment casting process parameters on microstructure and mechanical properties of
open-pore Al-7Si foams. Journal of Materials Research and Technology, 23, 2123—2135. https://doi.org/
10.1016/j.jmrt.2023.01.167

Fleming. Niyama, T. (1963). M.C. Flemings, “Fluidity of Metals-Techniques for Producing Ultra Thin Section
Castings,” Proceedings of the 3oth World Foundry Congress, Prague (1963), pp. 61—81. World Foundry
Congress.

Foggia, M. Di, & Addona, D. M. D. (2013). Identification of critical key parameters and their impact to zero-
defect manufacturing in the investment casting process. Procedia CIRP, 12, 264—269. https://doi.org/
10.1016/j.procir.2013.09.046

Fourie, J. (2014). Numerical Optimisation of the Gating System of a Titanium Alloy Inlet Valve Casting (Issue
September 2014).

Gebelin, J.-C., Cendrowicz, A. M., & Jolly, M. R. (2003). Modelling of the wax injection process for the
investment casting process: prediction of defects. Third International Conference on CFD in the Minerals and
Process Industries CSIRO, Melbourne, Australia, December, 415—420.

Grande, M. A., Porta, L., Tiberto, D., & Alessandria, T. (2007). Computer Simulation of the Investment Casting
Process : Widening of the Filling Step. Actis Grande, May, 1—18.

947

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]
[45]
[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

Hardin, R. A., Choi, K. K., Gaul, N. J., & Beckermann, C. (2015). Reliability based casting process design
optimisation. International Journal of Cast Metals Research, 28(3), 181—192. https://doi.org/10.1179/
1743133614y.0000000142

Huang, P. H., Chien, S. Y., Wu, P., & Chou, C. S. (2020). Optimal design of high-strength water-soluble sand
core for investment casting system: Thermodynamic analysis and experimental verification. Materials and
Design, 189, 108507. https://doi.org/10.1016/j.matdes.2020.108507

Huang, P., & Lin, C. (2016). Computer-aided modeling and experimental verification of optimal gating
system design for investment casting of precision rotor. May. https://doi.org/10.1007/s00170-015-6897-5
Huang, P., Luo, J., Hung, S., Lin, C., & Cheng, H. (2014). Optimal Pouring System Design for Investment
Casting of Cladding Thin-plate Heater Using Metallic Mold Flow Analyses. 627, 46—49. https://doi.org/
10.4028 /www.scientific.net/AMM.627.46

Jaspal Virdi, A. S. (2019). Feature selection with LASSO and VSURF to model mechanical properties for
investment casting. IEEE.

Jin, J., & Ning, F. Y. (2010). Computer Simulation of Melt Flow in Different Gate System for Metal Injection
Molding Connecting Shaft. Advanced Materials Research, 154—-155, 964—968. https://doi.org/10.4028/
www.scientific.net/AMR.154-155.964

Jin, S., Liu, C,, Lai, X., Li, F., & He, B. (2017). Bayesian network approach for ceramic shell deformation fault
diagnosis in the investment casting process. International Journal of Advanced Manufacturing Technology,
88(1—4), 663—674. https://doi.org/10.1007/s00170-016-8795-x

Jolly, M. (2005). Prof . John Campbell ’ s Ten Rules for Making Reliable Castings. 19—28.

Jones, S., & Yuan, C. (2003). Advances in shell moulding for investment casting. 135, 258—265.

Kaila, V.N., & Dave, I. B. (2021). The influence of coating sand materials on shell mold properties of Investment
casting process. Materials Today: Proceedings, 43, 800—804. https://doi.org/10.1016/J.MATPR.2020.06.
401

Kanyo, J. E., Schafféner, S., Uwanyuze, R. S., & Leary, K. S. (2020a). An overview of ceramic molds for
investment casting of nickel superalloys. Journal of the European Ceramic Society, 40(15), 4955—4973.
https://doi.org/10.1016/J. JEURCERAMSOC.2020.07.013

Kanyo, J. E., Schaffoner, S., Uwanyuze, R. S., & Leary, K. S. (2020b). An overview of ceramic molds for
investment casting of nickel superalloys. Journal of the European Ceramic Society, 40(15), 4955—4973.
https://doi.org/10.1016/J.JEURCERAMSOC.2020.07.013

Keste, A. A., Gawande, S. H., & Sarkar, C. (2015). Design optimization of precision casting for residual stress
reduction. Journal of Computational Design and Engineering, 1—11. https://doi.org/10.1016/j.jcde.2015.
10.003

Khan, M. A. A, & Sheikh, A. K. (2016). Simulation tools in enhancing metal casting productivity and quality:
A review. Proceedings of the Institution of Mechanical Engineers, Part B: Journal of Engineering
Manufacture, 230(10), 1799—1817. https://doi.org/10.1177/0954405416640183

Kumar, P., Ahuja, I. S., & Singh, R. (2016). Effect of process parameters on surface roughness of hybrid
investment casting. Progress in Additive Manufacturing, 1(1—2), 45—53. https://doi.org/10.1007/s40964-
016-0004-9

Kumar, S., & Karunakar, D. B. (2021a). Characterization and Properties of Ceramic Shells in Investment
Casting Process. International Journal of Metalcasting, 15(1), 98—107. https://doi.org/10.1007/540962-020-
00421-6/METRICS

Kumar, S., & Karunakar, D. B. (2021b). Characterization and Properties of Ceramic Shells in Investment
Casting Process. International Journal of Metalcasting, 15(1), 98—107. https://doi.org/10.1007/s40962-020-
00421-6

Kuo, J., & Huang, P. (2017a). Optimal gating system design for investment casting of 17-4PH stainless steel
enclosed impeller by numerical simulation and experimental verification. https://doi.org/10.1007/s00170-
017-0198-0

Kuo, J., & Huang, P. (2017b). Removal of CrMo alloy steel components from investment casting gating system
using vibration-excited fatigue failure. 101—111. https://doi.org/10.1007/s00170-016-9079-1

948

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

Lee, K., Blackburn, S., & Welch, S. T. (2015). Adhesion tension force between mould and pattern wax in
investment castings. Journal of Materials Processing Tech., 225, 369—374. https://doi.org/10.1016/].
jmatprotec.2015.06.014

Lee, K., Blackburn, S., & Welch, S. T. (2016). A more representative mechanical testing of green state
investment casting shell. Ceramics International, July, o—1. https://doi.org/10.1016/j.ceramint.2016.09.149
Liao, Q., Ge, P., Lu, G., Song, Y., Ye, W., Gao, J., & Luo, X. (2022). Simulation Study on the Investment Casting
Process of a Low-Cost Titanium Alloy Gearbox based on ProCAST. Advances in Materials Science and
Engineering, 2022(1), 4484762. https://doi.org/10.1155/2022/4484762

Li, D. Z., Campbell, J., & Li, Y. Y. (2004). Filling system for investment cast Ni-base turbine blades. Journal of
Materials Processing Technology, 148(3), 310—316. https://doi.org/10.1016/j.jmatprotec.2004.02.032

Li, F., Wang, Y., Wang, D., Zhao, Y., Qi, C., & Sun, B. (2020). Comparison of various gating systems for
investment casting of hydraulic retarder impeller with complex geometry. Https://Doi.Org/10.1177/09544
05420971994, 235(4), 583—593. https://doi.org/10.1177/0954405420971994

Liu, C, Jin, S., Lai, X., & Wang, Y. (2015). Dimensional variation stream modeling of investment casting
process based on state space method. Proceedings of the Institution of Mechanical Engineers, Part B: Journal
of Engineering Manufacture, 229(3). https://doi.org/10.1177/0954405414530900

Li, Z., Tan, H., Jarfors, A. E. W., Jansson, P., & Lattanzi, L. (2024). Smart-Cast: An Al-Based System for
Semisolid Casting Process Control. Procedia Computer Science, 232, 2440—2447. https://doi.org/10.
1016/j.procs.2024.02.063

Mabhrabi, H. A., Jolly, M. R., & Salonitis, K. (2016). Methods of reducing materials’ waste and saving energy in
investment casting. TMS Annual Meeting, 2016-Janua, 69—76. https://doi.org/10.1007/978-3-319-48166-
1.9

Mane, V. V, Sata, A., & Khire, M. Y. (2011). New Approach to Casting Defects Classification and Analysis
Supported by Simulation. Indian Foundry Congress.

Mayr, A., Kifkalt, D., Meiners, M., Lutz, B., Schéfer, F., Seidel, R., Selmaier, A., Fuchs, J., Metzner, M., Blank,
A., & Franke, J. (2019). Machine Learning in Production — Potentials, Challenges and Exemplary Applications.
Procedia CIRP, 86, 49—54. https://doi.org/10.1016/J.PROCIR.2020.01.035

Mingguang, W. (2017). Numerical Simulation and Analysis of Hot Cracking in the Casting of Fork. Rare Metal
Materials and Engineering, 46(4), 946—950. https://doi.org/10.1016/S1875-5372(17)30127-3

Mishra, S., & Ranjana, R. (2010). Reverse solidification path methodology for dewaxing ceramic shells in
investment casting process. Materials and Manufacturing Processes, 25(12), 1385—1388. https://doi.org/10.
1080/10426914.2010.496125

Najafi, H., Rassizadehghani, J., & Norouzi, S. (2011). Mechanical properties of as-cast microalloyed steels
produced via investment casting. Materials and Design, 32(2), 656—663. https://doi.org/10.1016/j.
matdes.2010.08.007

Neto, R., Duarte, T., Lino, J., & Torres, F. (2017). Experimental characterization of ceramic shells for
investment casting of reactive alloys. Ciéncia & Tecnologia Dos Materiais, 29(1), e34—e39. https://doi.org/10.
1016/j.ctmat.2016.07.014

Okuniewska, A., Perzyk, M., & Koz€owski, J. (2023). Machine Learning Methods for diagnosing the causes of
die-casting defects. Computer Methods in Material Science, 23(2). https://doi.org/10.7494/cmms.2023.2.
0809

Olkhovik, E., Butsanets, A. A., & Ageeva, A. A. (2016). Use of additive technologies for practical working with
complex models for foundry technologies. IOP Conference Series: Materials Science and Engineering, 140(1).
https://doi.org/10.1088/1757-899X/140/1/012013

Pattnaik, S., Karunakar, D. B., & Jha, P. K. (2012). Developments in investment casting process - A review.
Journal of Materials Processing Technology, 212(11), 2332—2348. https://doi.org/10.1016/j.jmatprotec.
2012.06.003

Pattnaik, S., & Sutar, M. K. (2022). Preparation and analysis of a hybrid ceramic shell for investment casting.
International Journal of Advanced Manufacturing Technology, 122(5-6), 2513—2527. https://doi.org/10.
1007/500170-022-10054-0

949

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution

License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[74]

[75]

[76]

[77]

[78]
[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

Pattnaik, S., Sutar, M. K., & Rana, J. (2015). Multi-objective Optimization of the EMS Processed IC by Grey-
fuzzy Method. Materials Today: Proceedings, 2(4—5), 2555—2561. https://doi.org/10.1016/j.matpr.2015.07.
202

Piwonka, T. S., Woodbury, K. A., & Wiest, J. M. (2000). Modeling casting dimensions: Effect of wax rheology
and interfacial heat transfer. Materials and Design, 21(4), 365—372. https://doi.org/10.1016/s0261-
3069(99)00080-1

Plathottam, S. J., Rzonca, A., Lakhnori, R., & Ilogje, C. O. (2023). A review of artificial intelligence applications
in manufacturing operations. In Journal of Advanced Manufacturing and Processing (Vol. 5, Issue 3). John
Wiley and Sons Inc. https://doi.org/10.1002/amp2.10159

Previtali, B., Pocci, D., & Taccardo, C. (2008). Application of traditional investment casting process to
aluminium matrix composites. Composites Part A: Applied Science and Manufacturing. https://doi.org/
10.1016/j.compositesa.2008.07.001

Puffer, R. H. (n.d.). Energy and Waste Minimization in the Investment Casting Industry. 251—262.

Rafique, M. M. A,, & Igbal, J. (2009). Modeling and simulation of heat transfer phenomena during investment
casting. International Journal of Heat and Mass Transfer, Elseveir, 52, 2132—2139. https://doi.org/10.1016/j.
ijheatmasstransfer.2008.11.007

Ramnath, B. V., Elanchezhian, C., Chandrasekhar, V., Kumar, A. A., Asif, S. M., Mohamed, G. R., Raj, D. V., &
Kumar, C. S. (2014). Analysis and Optimization of Gating System for Commutator End Bracket. Procedia
Materials Science, 6,1312—1328. https://doi.org/10.1016/J.MSPR0O.2014.07.110

Ravi, K. R,, Pillai, R. M., Amaranathan, K. R., Pai, B. C., & Chakraborty, M. (2008). Fluidity of aluminum alloys
and composites: A review. Journal of Alloys and Compounds, 456(1—2), 201—210. https://doi.org/10.1016/J.
JALLCOM.2007.02.038

Raza, M. (2015). Process Development for Investment Casting of Thin-Walled Components Manufacturing of
Light Weight Components (Issue 199).

Raza, M., Svenningsson, R., Irwin, M., Fagerstrom, B., & Jarfors, A. E. W. (2018). Correction to: Effects of
Process Related Variations on Fillablity Simulation of Thin-Walled IN718 Structures (International Journal of
Metalcasting, (2018), 12, 3, (543-553), 10.1007/840962-017-0189-9). International Journal of Metalcasting,
12(4), 927. https://doi.org/10.1007/540962-018-0223-6

Reilly, C., Green, N. R., & Jolly, M. R. (2013). The present state of modeling entrainment defects in the shape
casting process. Applied Mathematical Modelling, 37(3), 611—628. https://doi.org/10.1016/j.apm.2012.04.
032

Ren, S., Bu, K., Mou, S., Zhang, R., & Bai, B. (2023a). Control of dimensional accuracy of hollow turbine blades
during investment casting. Journal of Manufacturing Processes, 99, 548—562. https://doi.org/10.1016/J.
JMAPRO.2023.05.077

Ren, S., Bu, K., Mou, S., Zhang, R., & Bai, B. (2023b). Control of dimensional accuracy of hollow turbine blades
during investment casting. Journal of Manufacturing Processes, 99, 548—-562. https://doi.org/10.1016/j.
jmapro.2023.05.077

Richards, W. J., Barrett, J. R., Springgate, M. E., & Shields, K. C. (2004). Neutron radiography inspection of
investment castings. Applied Radiation and Isotopes, 61(4), 675—682. https://doi.org/10.1016/J.APRADISO.
2004.03.122

Sabau, A. S. (2006). Alloy shrinkage factors for the investment casting process. Metallurgical and Materials
Transactions B: Process Metallurgy and Materials Processing Science, 37(1), 131—-140. https://doi.org/10.
1007/511663-006-0092-X

Sabau, A. S., & Viswanathan, S. (2003). Material properties for predicting wax pattern dimensions in
investment casting. Materials Science and Engineering: A, 362(1—-2), 125-134. https://doi.org/
10.1016/S0921-5093(03)00569-0

Sata, A., & Ravi, B. (2014). Comparison of some neural network and multivariate regression for predicting
mechanical properties of investment casting. Journal of Materials Engineering and Performance, 23(8),
2953—2964. https://doi.org/10.1007/s11665-014-1029-1

950

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[01] Sata, A. V., & Maheta, N. R. (2021). 5 cs of investment casting foundries in rajkot cluster an industrial survey.
In Archives of Foundry Engineering (Vol. 21, Issue 3, pp. 101—107). Polska Akademia Nauk. https://doi.org/
10.24425/afe.2021.138672

[02] Sawant, Y. S., & Agashe, S. D. (2022). Fault Identification in Investment Casting Process Using Naive Bayes
Method. International Journal of Engineering Sciences, 15(1). https://doi.org/10.36224/ijes.150102

[03] Saxena, P., Papanikolaou, M., Pagone, E., Salonitis, K., & Jolly, M. R. (2020). Digital Manufacturing for
Foundries 4.0. Minerals, Metals and Materials Series, 1019—1025. https://doi.org/10.1007/978-3-030-
36408-3_138

[04] Si, H. M., Cho, C., & Kwahk, S. Y. (2003). A hybrid method for casting process simulation by combining FDM
and FEM with an efficient data conversion algorithm. Journal of Materials Processing Technology, 133(3),
311—321. https://doi.org/10.1016/S0924-0136(02)01008-7

[95] Singh, R., & Singh, S. (2017). ScienceDirect Modelling of dimensional accuracy in precision investment casting
using Buckingham ’ s Pi approach. Materials Today: Proceedings, 4(2), 1598—-1605. https://doi.org/10.1016/
j-matpr.2017.01.183

[06] Singh, R., Singh, S., & Mahajan, V. (2014). Investigations for Dimensional Accuracy of Investment Casting
Process after Cycle Time Reduction by Advancements in Shell Moulding. Procedia Materials Science,
6(Icmpc), 859—865. https://doi.org/10.1016/j.mspro.2014.07.103

[97]1 Singh, S. (2017). Investment Casting ( Disposable Mold ). 1—12. https://doi.org/10.1016/B978-0-12-803581-
8.10518-1

[08] Singh, S., & Singh, R. (2016). Precision investment casting: A state of art review and future trends. Proceedings
of the Institution of Mechanical Engineers, Part B: Journal of Engineering Manufacture, 230(12), 2143—2164.
https://doi.org/10.1177/0954405415597844

[09] Stefanescu, D. M. (2015). Thermal analysis-theory and applications in metalcasting. International Journal of
Metalcasting, 9(1). https://doi.org/10.1007/BF03355598

[100] Suthar, J., Persis, J., & Gupta, R. (2023). Analytical modeling of quality parameters in casting process —
learning-based approach. International Journal of Quality and Reliability Management, 40(8), 1821—1858.
https://doi.org/10.1108/IJQRM-03-2022-0093

[101] Tao, P., Shao, H., Ji, Z., Nan, H., & Xu, Q. (2018). Progress in Natural Science : Materials International
Numerical simulation for the investment casting process of a large-size titanium alloy thin-wall casing.
28(March), 520-528.

[102] Taylor, P., Wang, D., He, B., Li, F., Sun, B., Wang, D., He, B., Li, F., & Sun, B. (2013). Numerical Simulation of
the Wax Injection Process for Investment Casting Numerical Simulation of the Wax Injection Process for
Investment Casting. Materials and Manufacturing Processes, August 2014, 37—41. https://doi.org/10.
1080/10426914.2012.746788

[103] Thammachot, N., Dulyapraphant, P., & Bohez, E. L. J. (2013). Optimal gating system design for investment
casting of sterling silver by computer-assisted simulation. International Journal of Advanced Manufacturing
Technology, 67(1—4), 797—810. https://doi.org/10.1007/s00170-012-4523-3

[104] Tian, G. liang, Bu, K., Zhao, D. qing, Zhang, Y. li, Qiu, F., Zhang, X. dong, & Ren, S. jun. (2018). A shrinkage
prediction method of investment casting based on geometric parameters. International Journal of Advanced
Manufacturing Technology, 96(1—4), 1035—1044. https://doi.org/10.1007/s00170-018-1618-5

[105] Tu, J. S., Kelly Foran, R., Hines, A. M., & Aimone, P. R. (1995). An Integrated procedure for modeling
investment castings. Jom, 47(10), 64—68. https://doi.org/10.1007/BF03221290

[106] Vaghela, J. R., Valaki, J. B., Joshi, H. I., Thanki, S. J., & Pandey, A. B. (2024). Comparative Analysis on
Sustainability Parameters of Traditional Tool Manufacturing Processes Using Life Cycle Analysis Tools.
Journal of Engineering Science and Technology Review, 17(2), 23—34-. https://doi.org/10.25103/jestr.172.04

[107] Vaghela, J. R., Valaki, J. B., Thanki, S. J., & Pandey, A. B. (2023). Sustainability Analysis of Rapid Tooling-
Based Investment Casting: A Comprehensive Review. Smart and Sustainable Manufacturing Systems, 7(1),
54—81. https://doi.org/10.1520/SSMS20220029

951
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(44s)
e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

[108] Vaskova, 1., Vaskova, 1., Fecko, D., & Eperjesi, .. (2011). ARCHIVESof FOUNDRYENGINEERIN
G Comparison of simulation programs MAGMASOFT and NOVAFLOW&SOLID in terms of results accuracy.
https://www.researchgate.net/publication/266285784

[109] Venkata Rao, R., & Rai, D. P. (2017). Optimization of Selected Casting Processes Using Jaya algorithm.
Materials Today: Proceedings, 4(10), 11056—11067. https://doi.org/10.1016/j.matpr.2017.08.067

[110] Vosniakos, G.-C., Pantelis, D. 1., Karagiannis, N. K., Pagratis, N. D., Pantelis, D. 1., & Vosniakos, G. C. (2005).
Optimisation of flask initial temperature and alloy melt temperature in investment casting. https://
www.researchgate.net/publication/263159001

[111] Wang, D., He, B., Liu, S., Liu, C., & Fei, L. (2016). Dimensional shrinkage prediction based on displacement
field in investment casting. International Journal of Advanced Manufacturing Technology, 85(1—4), 201—
208. https://doi.org/10.1007/s00170-015-7836-1

[112] Wang, D., Sun, J., Dong, A., Shu, D., Zhu, G., & Sun, B. (2018). An optimization method of gating system for
impeller by RSM and simulation in investment casting.

[113] Wang, D., Sun, J., Dong, A., Zhu, G., Liu, S., Huang, H., & Shu, D. (2019). Prediction of core deflection in wax
injection for investment casting by using SVM and BPNN. International Journal of Advanced Manufacturing
Technology, 101(5—8), 2165—2173. https://doi.org/10.1007/s00170-018-3069-4

[114] Wu, R., Zeng, L., Fan, J., Peng, Z., & Zhao, Y. (2023). Composition, heat treatment, microstructure and loading
condition based machine learning prediction of creep life of superalloys. Mechanics of Materials, 187, 104819.
https://doi.org/10.1016/J.MECHMAT.2023.104819

[115] Yiwei, D., Xiaolin, L. L., Qi, Z., Jun, Y., & Ming, D. A. O. (2017). Modeling of shrinkage during investment
casting of thin-walled hollow turbine blades. Journal of Materials Processing Tech. https://doi.org/10.1016/
jjmatprotec.2017.01.005

[116] Yi, W, Liu, G., Gao, J., & Zhang, L. (2021). Boosting for concept design of casting aluminum alloys driven by
combining computational thermodynamics and machine learning techniques. Journal of Materials
Informatics. https://doi.org/10.20517/jmi.2021.10

[117] Yousef, N., Parmar, C., & Sata, A. (2022). Intelligent inspection of surface defects in metal castings using
machine learning. Materials Today: Proceedings, 67, 517—522. https://doi.org/10.1016/J.MATPR.2022.
06.474

[118] Yousef, N., & Sata, A. (2024a). Implementing Deep Learning-Based Intelligent Inspection for Investment
Castings. Arabian Journal for Science and Engineering, 49(2), 2519—2530. https://doi.org/10.1007/S13369-
023-08240-7/METRICS

[119] Yousef, N., & Sata, A. (2024b). Intelligent Inspection for Evaluating Severity of Surface Defects in Investment
Casting. Journal of Advanced Manufacturing Systems, 23(01), 215—225. https://doi.org/10.1142/S0219
686724500094

[120] Yuan, C., Compton, D., Cheng, X., Green, N., & Withey, P. (2012). The influence of polymer content and
sintering temperature on yttria face-coat moulds for TiAl casting. Journal of the European Ceramic Society,
32(16), 4041—4049. https://doi.org/10.1016/J.JEURCERAMSOC.2012.06.010

[121] Yu,J., Wang, D., Li, D., Tang, D., Hao, X., Tan, S., Shu, D., Peng, Y., & Sun, B. (2020). Engineering computing
and data-driven for gating system design in investment casting. International Journal of Advanced
Manufacturing Technology, 111(3—4), 829—837. https://doi.org/10.1007/s00170-020-06143-7

[122] Zhang, D. H., Jiang, R. S., Li, J. L., Wang, W. H., & Bu, K. (2010). Cavity optimization for investment casting
die of turbine blade based on reverse engineering. International Journal of Advanced Manufacturing
Technology, 48(9—12), 839—846. https://doi.org/10.1007/s00170-009-2343-x

[123] Zhang, X., & Chen, G. (2005). Computer simulation of the solidification of cast titanium dental prostheses.
Journal of Material Science, 0, 4911—4916.

[124] Zhang, X. P., Xiong, S. M., & Xu, Q. Y. (2006). Numerical methods to improve the computational efficiency of
solidification simulation for the investment casting process. 173, 70-74. https://doi.org/10.1016/]j.
jmatprotec.2005.09.030

[125] Zhi, X., Han, Y., & Yuan, X. (2014). Casting process optimization for the impellor of 200ZJA slurry pump.
International Journal of Advanced Manufacturing Technology. https://doi.org/10.1007/s00170-014-6572-2

952
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution
License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



