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Abstract: A structure’s form and shape influence how it behaves when loaded. This was
achieved by contrasting the stiffened plate’s performance with that of a solid plate made of the
same material and volume. The results have demonstrated that bending stress in stiffened plates
is decreased when a solid plate of the same material and volume is transformed into a stiffened
plate. Because stiffened plates have a higher strength to weight ratio than solid plates, this
supports the recommendation of stiffened plates for a variety of technical applications. In order
to determine the impact of stiffener orientation on bending stress reduction in stiffened plates,
additional investigations were carried out on a number of plates. An investigation was carried
out to determine the ideal stiffener angle in a stiffened plate that could offer the least amount
of stress. The current work offers insightful information about particular stiffened plate design
characteristics that can be used in a variety of engineering contexts.
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1. Introduction

In the fields of naval, aircraft, buildings, bridges, and vehicle transportation
engineering, key structural elements like beams, plates, and their interconnected forms
are widely analyzed. Various studies have applied different methodologies to explore
the behavior of these elements. Langley et al. [1] utilized Statistical Energy Analysis
(SEA) to investigate how periodically stiffened plates transmit vibration energy,
specifically focusing on how the distance between stiffeners affects this energy
transmission. Similarly, Bercin [2] employed both the direct-dynamic stiffness
approach and SEA to study the flexural energy transfer in stiffened plates, considering
factors like rotational inertia and shear distortion. Lin et al. [3] also applied the SEA
method to analyze L-shaped plates with simply supported boundaries, estimating
energy flow under specific force and moment excitations.

Research on stiffened plates has also been explored through static loading
scenarios. For instance, Ghavami [4] conducted experimental studies to evaluate how
longitudinal stiffener cross-sections and spacing influence buckling behavior and the
maximum collapse load in stiffened steel plates under uniform axial loads. Here, test
results were compared with different design codes which provided valuable insights
into improving the accuracy of structural behavior predictions. Similarly, Hu and Jiang
[5] performed full-scale tests and finite element simulations to examine the plastic
post-buckling behavior of stiffened panels, enhancing our understanding of load-
carrying capacity under practical loading conditions.
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Dynamic approaches have been applied extensively in stiffened plate research,
especially in terms of vibration and impact response. Pany et al. [6-9] leveraged the
finite element (FE) method to explore wave propagation and vibration characteristics
of line-supported plate and shell structures. In another dynamic analysis, Park et al.
[10] applied the Flexural Stiffness Index (FSI) to optimize the design of corrugated
core panels for durability under impact forces. Ke et al. [11] focused on the impact
resistance of corrugated core sandwich panels within ship structures, analyzing
mechanical properties under both static and dynamic loading conditions. The analyses
of stiffened plates by finite element method were reported by [12-15]. Buckling
analysis of these plates has been explored through both conventional and super finite
element approaches, employing Mindlin plate theory and Timoshenko beam theory
for modeling in [16]. Finite strip methods were also reported by [17-20]. The bending
response of isotropic rectangular plates subjected to diverse loading scenarios is
analyzed using MATLAB and the commercial FEM software ANSYS, incorporating
Classical Plate Theory and plane stress assumptions in [21]. Additionally, [22]
examines the performance of stiffened plates composed of different materials,
including steel, unidirectional composite material in single-ply form, and laminated
composites with five plies, highlighting the versatility of these structures in various
applications.

Post-tensioned concrete bridge [23], tall RCC buildings [24], beam-column
connections [25], bamboo-reinforced composite concrete [26] are just a few structural
examples where beams and stiffened plate are important in design. Several studies
have turned to FEA and mathematical modeling to explore complex behaviors in
stiffened plates. Tanaka and Endo [27] proposed a method that combined elastic large
deformation analysis with rigid-plastic analysis to assess local buckling and collapse
behavior in stiffened plates with flat bar stiffeners. This method has been validated
through experimental comparisons, highlighting its effectiveness in estimating
ultimate loads and post-buckling behavior. Ghavami and Khedmati [28] used FEA to
simulate non-linear behaviors under axial compression, revealing strong correlations
with experimental results and offering predictive capabilities for flexural and local
buckling phenomena. Nguyen et al. [29] have focused on refining theories for
evaluating static behaviors in functionally graded plates, while others have looked at
the role of stiffener angles in enhancing the load-bearing capacity of stiffened plates.

The present study aims in exploring the effect of shape and form of a structure in
its behavior under loads. Research has shown that converting a solid plate into a
stiffened plate of the same material and volume can significantly reduce bending stress.
By carefully examining interactions between flanges and stiffeners, optimal designs
can be identified to minimize stress and improve structural performance.In order to
determine the effect of stiffener orientation/angles on structural performance (i.e.,
bending stress) in stiffened plates, additional investigations were carried out on a
number of plates.

2. Analysis of stiffened plate

A stiffened plate is a plate that has stiffeners inserted between the flanges as
shown in Figure 1. A 500 x50 %5000 mm steel [30] stiffened plate is analyzed under
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uniform pressure of 0.01 N/mm?2. It is provided in a simply supported condition with
hinge support at one end and roller support at the other end. The stiffeners have a
thickness of 1 mm.

Figure 1. Stiffened plate.

2.1. Numerical simulation of stiffened plate in abaqus [12]

Abagus software is used to model and simulate a stiffened plate, as illustrated in
Figure 2, in order to investigate how a plate’s form and shape impact its structural
performance. Figure 3 illustrates the cross section.

Figure 2. Stiffened plate modelled in Abaqus.

Figure 3. Cross section of the stiffened plate.

Figure 4 shows the bending stress results that were derived from Abaqus. The
determined bending stress is 189.4 N/mm?. It is evident from the research that the
plate’s flanges bear the majority of the bending load.
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Figure 4. Bending stress of stiffened plate.

2.2. Analytical solution [31]

The accuracy of the findings obtained by the Abaqus program is verified by
analytical solutions to the problems.

Span of the plate, L = 5000 mm Width of the plate, b = 500 mm

Depth of the plate, d = 50 mm

Load, W = 0.01N/mm? = 0.01 <5000 =5 N/mm

Modulus of elasticity, E = 2 x10% N/mm?

3 3
Moment of inertia, | = 5001’;50 —24"443'164“7 =2153168.52 mm*

Bending stress is evaluated from bending equation,

Maximum moment, M is obtained as 15625000Nmm and bending stress, f is
found out as 181 N/mm?

2.3. Comparison of abaqus FE results with analytical solutions

Using an analytical solution, the results of the examination of stiffened plates
performed with Abaqus software are compared, and the percentage error is computed.
Table 1 tabulates the % error computation. The model is validated when the computed
percentage error is less than 5%.

Table 1. Comparison of results for stiffened plates.

Structural parameter Abaqus Analytical Percentage Error (%0)

Bending stress (N/mm?) 189.4 181 4.64

3. Analysis of solid plate

Under the same loading circumstances, the analysis is performed in a solid plate
with the same volume and material as the stiffened plate and an equivalent depth. This

provides information on how a structure’s form influences its ability to withstand load
and deformation.
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By equating the volume of stiffened plate with the comparable volume of solid
plate, one can determine the equivalent depth of solid plate.

Volume of the stiffened plate is obtained as 0.009242 m?,

Volume of solid plate = 5000 %500 >t

where t is the depth of solid plate

5000 =500 >t = 0.009242

By solving the equation, equivalent depth of solid plate = 3.7 mm

3.1. Numerical simulation of solid plate

Using Abaqus software, a 500 %3.7 %5000 solid plate is modeled and examined
to determine the maximum bending stress. Figure 5 depicts a solid plate that has been
modelled in Abaqus. Figure 6 depicts the bending stress results that were obtained.

Figure 6. Bending stress (MPa) of solid plate.

3.2. Analytical solution

Maximum moment and bending stress is found out using analytical equations and
are obtained as 15625000 Nmm and 0.137 >x10° N/mm? respectively.

3.3. Comparison of abaqus FE results with analytical solutions

Using analytical solution, the results of the solid plate analysis performed with
Abaqus software arecompared, and the percentage error is computed. Table 2
tabulates the % error computation. The model is validated when the computed
percentage error is less than 5%.
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Table 2. Comparison of results for solid plates.

Structural parameter Abaqus Analytical Percentage Error (%0)
Bending stress (N/mm?) 0.136 <105 0.137 x10° 0.73

3.4. Comparison of results for stiffened plate and solid plate

The comparison of results obtained for bending stress (MPa) in the stiffened plate
and solid plate is tabulated in Table 3.

Table 3. Comparison of results for stiffened plate and solid plate.

Structural parameter Stiffened Plate Solid Plate
Bending stress (N/mm?) 189.4 0.136 x10°

Ratio of bending stress of solid plate and stiffened plate is 71.8. So, there is a
71.8 reduction in bending stress when a solid plate is converted into a stiffened plate
with the same material and volume. This is because stiffeners lessen the stress under
load through distribution of load across the structure and stiffened plates have a higher
strength to weight ratio than solid plates. This inference supports the recommendation
of stiffened plates for a variety of technical applications.

4. Effect of angle of stiffeners on structural performance

In order to determine how the stiffeners’ angle affects the stiffened plate’s
performance, the study varies the stiffeners’ angle. The study also attempts to
determine the ideal stiffener angle that yields the best results under loading
circumstances. Analysis of stiffened plates is done with the stiffeners angled at 30, 40,
50, and 60 degrees. It is noteworthy that the study does not include plates with
stiffeners positioned at an angle greater than 60 “because failure occurs when stiffeners
are oriented beyond an angle of 60<

Variation of bending stress of stiffened plate with angle of stiffeners

The bending stress of a stiffened plate is analyzed as the stiffeners’ angles are
changed. Figure 7 displays the bending stress values of a stiffened plate with stiffeners
positioned at 30< 40< 50< and 60< The bending stress variation with stiffener angle
is depicted in Figure 8. According to the results, bending stress shows a decreasing
trend until it reaches an optimal value, after which it begins to grow. However, the
graph does not include the value of 60 “because, in this case, the plate’s bending stress
is greater than its strength (23570 N/mm?)

0DB: Job-S.0db  Abaqus/Standard 2020 WHH!’H!‘”MMW db  Abaqus/Standard 2020  Thu Jul 13 19:40:49 India Standard Time 2023
sedirin il T W Gl

(@) | (b)
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Figure 7. Bending stress of stiffened plate with stiffeners at various angles

(a)30°;(b) 40<(c) 50< (d) 60<
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Figure 8. Variation of bending stress with angle of stiffeners.

5. Optimal angle of stiffeners in stiffened plate

The FE analysis of stiffened plate with angle of stiffeners oriented at 30°, 40°,
50°and 60° are performed and results are reported. To conduct a comprehensive
analysis which enable a better assessment of optimal angle of stiffeners, further
analysis is done on stiffened plate with angle of stiffeners between 40° and 50°,
incremented by 2°,until an upward trend in bending stress is observed. Two trails
conducted at 42° and 44° and results for bending stress of stiffened plate with angle
of stiffeners at 42° and 44°are shown in Figure 9a,b respectively. At a stiffener angle
of 42< the plate undergoes a bending stress of 134.5 N/mm?, which increases to 149.1
N/mm? when the angle of stiffener is increased to 44<

5,511
(Avg: 75%)
— +1.491e+402
L +1.2440402
+9.961e+401
+7.4840+401
[ +5.007e+01
+2.531e401
+5.4190-01
105 | -2.4220401
o -4,89%+401
It -7.376e+01
-9.852e+01
1 1233402
L1 -1481e402

v

ODB: Job-1.odb  Abaqus/Standard 2020 Thu Jul 13 19:40:49 India Standard Time 2023

(@) (b)
Figure 9. Bending stress of stiffened plate with stiffeners at an angle of (a) 42< (b)
44<
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Figure 10 shows the variation of stress of stiffened plate with angle of stiffeners.
Notably, the graph excludes the case of stiffened plate with stiffeners oriented at 60°
as the plate fails under this condition. The graph reveals that the plate demonstrates
the lowest values of stress at an angle of 42°. Therefore, it can be concluded that the
optimal angle of stiffeners, which offers improved performance under load is 42°.

170
~Z; 160
(2]
[%2]
£150
n
2
5 140
c
[}
o i

130 !

30 35 40 42 45 50
Angle of Stiffener (in degrees)

Figure 10. Graph between angle of stiffeners and bending stress.

6. Conclusions

In conclusion, this study signifies the consideration of form and shape in the
design of a structure alongside its material properties in order to improve its structural
performance. The key findings from the study can be summarized as follows:

1) The form and shape of a structure plays an important role in its ability to
withstand external loads.

2) The transformation of a solid plate into a stiffened plate of identical material and
volume results in reduction of bending stress (by a factor of 71.8) through
improvement in load distribution. This strengthens the recommendation of
stiffened plates for various engineering applications as the strength to weight ratio
of stiffened plate is more than that of a solid plate.

3) The angle of stiffeners in a stiffened plate can be varied between 30° and 50°,
with 42° being identified as the optimum value which can exhibit minimum stress
in the plate through effective load distribution.

The work provides valuable insights into specific design parameters for stiffened
plates, which can be applied in various engineering applications. Further studies can
be conducted to delve deeper into enhancing the performance of stiffened plates by
varying other design parameters, such as the depth of the sheet. Additionally, in the
present work linear finite element (FE) analysis is performed. More realistic nonlinear
FE analysis will give better design results of stiffened plates.

Author contributions: Conceptualization, KS and CP; methodology, KS and CP;
software, KS; validation, KS; formal analysis, KS; investigation, KS; resources, KS;
data curation, KS; writing—original draft preparation, KS; writing—review and
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Abstract: Plastic gears offer numerous advantages, poised to increasingly supplant metal gears
across various applications. Notably, they boast silent operation, resistance to corrosion, and
lightweight properties which make them ideal for wind turbine systems. Moreover, the
expanding array of plastic materials, including eco-plastics and their natural fibre composites,
underscores the imperative for ongoing research into plastic gears and their composites.
Addressing existing challenges is pivotal to fully harnessing their potential in sustainable
development efforts. The wear of plastic gears is an important factor in plastic gear design and
optimization. This paper primarily examines wear assessment in polypropylene (PP) gears by
proposing and implementing a novel approach to measure the amount of wear on gear tooth
profile using an image processing technique. By subjecting plastic gears to wear
experimentation and employing direct image processing methods, the percentage of damage
can be accurately evaluated. These percentages were 0.2% and 2.5% for 2 and 5 hours
respectively. This underscores the boundless possibilities of integrating image processing
techniques into the assessment of plastic gears, paving the way for deeper exploration and
optimization of polymer materials for plastic gear manufacturing.

Keywords: plastic gears; wear assessment; image processing; testing of plastic gears; gears
performance

1. Introduction

Polymer gears create a surge in the world of industry through various advantages
such as lightweight, low manufacturing cost, inherent lubrication, and functioning
without noise [1,2]. Introducing these traits, plastic gears excel in their equivalents;
metallic gears in renewable energy systems such as wind turbine systems, solar panel
tracking systems, marine renewable energy devices, and hydroelectric power plants
[3]. A reduction of 9% in fuel consumption, 80% in inertia, and 70% in mass could be
achieved when using plastic gears [4,5].

The failure modes of plastic gears are entirely different from metallic ones. For
example, higher temperatures (reaching a melting temperature of 175 °C in
polyoxymethylene for example) during operation due to higher operational load and
speed could lead to deterioration of the mechanical properties of polymer gears [6].
For this reason, a study such as the one conducted by Singh et al. [7], considered
determining a transition torque from the equation of surface temperature at which the
wear is extremely high. Following the same way, Mao et al. [8] experimented with the
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glass fiber reinforced polyacetal (POM) and neat POM to assess the type of failure
mode which depends on the transition torque evaluated from surface temperature. In
studies conducted by Elsiedy et al. [9,10], wear was added to the optimization problem
as a type of design constraint to obtain the optimum design of polymer spur gears in
terms of several teeth, modules, face width, and profile coefficients. Wear of the
polymer gears was contained in several formations such as cracks, debris formation,
breakage, and thermal damage as suggested by Ghazali et al. [11].

A plethora of studies in the literature have been conducted to investigate the wear
of polymer gears. In the study of Tunalioglu and Torun [12], a 3D printed spur pinion
made of polylactic acid (PLA) material meshed with steel gear was examined
experimentally at different loads and speeds to determine the amount of wear using
the coordinate measuring machine. It was shown that wear was significant at the root
region because of the increased temperature due to the opposite direction of rolling
and sliding of the engaging teeth. The results also demonstrated that the wear
resistance of the material could be increased by the increase of strain rate and decrease
of single tooth contact time. PLA pinion along with two other pinions made from
polyethylene terephthalate (PETG) and Acrylonitrile Butadiene styrene (ABS) were
meshed with steel gear in the study of Tunalioglu and Agca [13]. The aim was to
compare the wear of the three materials by applying a theoretical wear equation. It was
found that PETG gears exhibited the least wear at the same number of cycles. The
wear and fatigue life of spur gears made of two different materials such as polyamide
with 20% carbon fiber (machine cut) and carbon fiber reinforced polyamide (additive
manufactured) were assessed in the study of Hribersek et al. [14]. The study revealed
that at lower loads, machine-cut polyamide gears are expected to have cracks near the
pitch point. On the other hand, in additively manufactured polyamide gears, cracks
occurred at the root area. It was concluded that load levels have a significant effect on
the wear rate and the surface temperature of gears. The wear coefficient was
determined in the study of Muratovic et al. [15] analytically according to Verein
Deutscher Ingenieure (VDI) standard and experimentally. The experiment was done
by meshing steel pinion with polymer gear on a wear test rig. The average linear wear
resulting from the experiment is used to calculate the wear coefficient which in turn is
used in an iterative process to assess the wear depth during the progressive cycles.
Hlebanja et al. [16] investigated two types of gear profiles (S and E- involute profiles).
It was found that S gears behaved better than E gears as the former gave lower contact
pressure, and less sliding contact, thus less frictional losses, temperature and wear.
Increasing the width of the single tooth contact region of the polymer gear will reduce
the load and temperature which are the main reasons for higher wear rates at this region
as suggested by Imrek [17]. Other studies conducted by Mao and coworkers
considered determining the wear rate of different polymer materials either composites
or neat [1,18-23]. Wear of a neat material such as acetal is affected by the load. This
conclusion was elucidated by Breeds et al. [24], Kukureka et al. [25], and Li et al. [26].
Reaching a higher load (critical value of 9.5 Nm) leads to a higher surface temperature,
and melts the teeth and this in turn causes thermal bending. When adding glass fibre
reinforcements to acetal material, the load capacity increases by approximately 50%,
thus the gear will take time to wear till the end of the specified number of cycles. Three
materials were introduced in the study of Singh et al. [7]; Acrylonitrile Butadiene
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styrene (ABS), High-density polyethylene (HDPE), and poly acetal (POM). When
experimenting with gears made of these materials for calculating the amount of wear
at different torques and speeds, POM exhibited lower wear rates compared to ABS
and HDPE at all specified torques due to the high wear resistivity of the POM material
(bear until 9.5 Nm in dry conditions). Xu et al. [27] investigated the wear performance
of two types of polyacetal gears: homopolymer and copolymer. It was concluded that
the two gear types behaved in the same way in the first two phases of running in and
linear, however homopolymer POM gear took more cycles than copolymer POM gears.
It is worth mentioning that besides the sheer goal of replacing the metals with polymers,
environmental aspects should be taken into account. Zorko et al. [28] experimented
with a bio-based gear material (polyamide 6.10) with steel pinion and compared it with
the neat PA66 at different load levels. PA 6.10 exhibited a lower wear rate than PA66
due to a lower coefficient of friction and temperature. Also, these bio-based materials
are non-contaminated to the environment. The surface roughness of steel gears was
studied in the research conducted by Johnney et al. [29] to estimate the amount of wear
of the polypropylene gear (PP). It was inferred that the increased surface roughness of
the mating gears escalates surface temperature, thus accelerating the wear rate of the
PP gears. Cerne and Petkovsek [30] used the digital image correlation method (DIC)
and edge displacement detection method (EDD) to investigate the amount of
deflection and wear of the in-mesh gears. Both methods prove their reliability in
detecting the wear in gear meshing. In another study conducted by Soudmand and
Shelesh-Nezhad [31] image processing was used to detect the wear of gear made from
neat polybutylene terephthalate (PBT) and the same material with montmorillonite
(MMT) as a polymer matrix. The results indicated that PBT/MMT is better than neat
PBT in performance (more life span than PBT). Temperature also affects wear when
it is accompanied by an increase in load and speed [11,32,33,34]. In materials such as
POM gears, wear is the most predominant type of failure followed by thermal bending
at critical torques. All of the aforementioned studies have evaluated the amount of
wear empirically and analytically. So, from a numerical point of view and based on
the above analysis, this paper examines the wear inflicted on a polypropylene plastic
gear by employing an image processing code to directly detect and compare wear with
its initial condition. To obtain this data, the plastic gear undergoes wear testing, during
which images of the gear tooth profile are captured. These images are subsequently
processed and analyzed in MATLAB to detect and compare the evolution of gear wear
over time.

2. Materials and methods

The purpose of this paper as mentioned before is to assess and evaluate the wear
occurring on the gear tooth. To accomplish this evaluation, the polymer gear was
subjected to wear using a specific apparatus resembling the gear’s operation in
machinery. This was followed by capturing gear tooth’ images, and then applying a
code for image processing to disclose the gear tooth profile and estimate it in
comparison to its pre-wear condition.
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2.1. Materials and specimens

For conducting this test, an injection molded gear made of polypropylene (PP)
material was utilized as a pinion. This pinion was produced in the PRC laboratory at
German University in Cairo (GUC). PP materials have lower density, low cost, and
acceptable mechanical strength [27]. These cons make the PP materials suitable for
many applications including gears. After manufacturing the PP pinion by injection
molding machine, it was deemed suitable for testing and meshing with a steel gear.
The geometrical parameters of both gears are presented in the following Table 1.

Table 1. Geometrical specifications of the testing gear pair.

Material Polymer (PP) Steel (StSODIN)
Number of teeth 20 24

Face Width (mm) 5 5

Module (mm) 3 3

Inner Diameter (mm) 15 15

Pitch Diameter (mm) 60 102

Yield Strength (N/mm?) 35-40 259

Melting Point (°C) 160-165 1370

2.2. The testing machine

Before compel wear on the PP gear through testing, the PP gear must be placed
in an environment closely matching its conventional operating conditions, in other
words, the polymer gear meshed with steel gear engaging in a wear testing machine to
simulate regular operations. It is worth mentioning that this machine has the option of
varying centre distance (testing gears with various diameters). Over time, the polymer
gear will be worn when the testing machine continuously works in dry conditions. The
wear testing machine consists of a source motor which propels the entire system and
transmits its power via a belt to the polymer gear shaft, a PP pinion meshes with a steel
gear and idler motor which connects the steel gear shaft via a belt and applies
resistance torque to the system. This motor simulates a load on the polymer gear. The
wear-testing machine setup can be seen in Figure 1. The source motor is a GAMAK-
type M21D single-phase asynchronous motor, operating at 1400 RPM and with a
torque of 2.52 Nm. This motor is directly linked to a polymer gear shaft via a belt of
a ratio 1:1. As for the idler motor, it is Ahmed Daoud Group Motor, with a locked
rotor torque of 1 Nm. Further details and specifications can be found in the following
Table 2.

It is worth noting that the continuous operation of gear pair engagement leads to
an increase in the temperature of the gears. This temperature increase causes material
expansion, especially PP pinion. To prevent this expansion from affecting the
engagement of PP pinion to its shaft, a woodruff shaft key was inserted to assure a
complete appendage between the pinion and the shaft.
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(a) 3D modelling.

Table 2. Specifications of the source motor [28].

Model GAMAK type M21D 71 M 4d
Rated output (kW) 0.37

Rated speed (RPM) 1400

Rated torque (Nm) 2.52

Rated current (A) 32

Efficiency 60%

Moment of inertia (Kg.m?) 0.0056

Locked rotor torque (Nm) 1.1

Power Factor (cos ¢) 0.88

Source motof

Beltdrive

(b) Manufactured machine.

Figure 1. Wear testing machine set up.

2.3. Image and temperature capturing equipment

Using a high-quality digital camera directly correlates with the result accuracy
and precise outcomes. It is essential to comprise a camera containing more pixels and
high resolution to precisely capture the gear tooth. In this study, the digital camera
used is Sony 12 Mega pixel with a resolution of 3024 x 4032 with /1.8 and /2.8
apertures, and optical image stabilization. The camera was fixed on a L-Shape bracket
attached to the base of the testing machine and focused on the remarked tooth for
measurements at a distance of 50 mm. For more test consistency the camera was
secured to be stationary from the moment of mounting the gears on the testing
machine, passing through capturing the initial pre-wear image till the final image after
the machine has ceased to operate. The camera was connected to Arduino board and
the figures captured were directly transformed into a Computer. It should be noted that
images were captured intermittently swiftly to avoid losing temperature influence on
the polymer gear tooth as the flank cools immediately after stopping the test as
mentioned in previous studies. As the temperature affects the polymer gears, it was
essential to estimate the pinion tooth temperature during the operation to study its
effect alongside the wear of the pinion tooth. An infrared thermometer was used to
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estimate pinion tooth temperature during the meshing. The thermometer used is
handheld no contact Bosh model number GIS500. This thermometer offers a
temperature range of —30 °C to 500 °C, ensuring accurate temperature readings at
image intervals.

2.4. Gear pair testing

Setting up the wear test machine, image and temperature capturing equipment,
the machine operated continually for 5 hours, punctuated by an image capture at the
2nd-hour mark. A specific pinion tooth was defined by a small scratch on the pinion
body as it is not certain that all teeth will wear the same way as each other. By defining
the pinon tooth, one could not lose track of it at any point when the image was taken
(see Figure 2).

() 0 hours. | - (b)2 hc;urs. | (c hours.

Figure 2. Resulting images of the gear tooth with time interval.
Temperature readings of the specified pinion tooth were recorded at each interval

of the operation alongside captured images (refer to Table 3). These Images served as
input for image processing code calculating the wear percentage resulting from the

test.
Table 3. Temperature of plastic pinion tooth in hourly intervals.

Time (hours) Temperature (°C)

0 (pre-wear) 343

1 37.2

2 38.8

3 40.6

4 41

5 43.1

2.5. Image processing code
2.5.1. Preliminary image editing

To ensure no interference between steel and polymer gear teeth which may lead
to inaccuracies in the wear comparison along the time intervals, preliminary editing to

16
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crop the defined pinion tooth was required in addition to removing steel gear teeth
from the cropped image (polymer gear tooth was the target image for estimating wear),
thus facilitating an accurate wear comparison. This editing was done by using GUN
Image Manipulation Program (GIMP). The image was cropped to a resolution of 1000
x 1000 pixels to maintain accuracy and consistency in the editing process. This
resolution was selected to include the entire tooth from the dedendum to the very top
of the tooth as can be seen in Figure 3.

Figure 3. Cropping of the pre-wear image (0 hours).

By using a clone tool in GIMP, the steel gear teeth could be excluded from the
cropped image. GIMP allows for selective copying and cloning of an image using a
brush tool. Figure 4 shows how effectively the steel gear teeth have been diminished
from the cropped image, leaving the isolated polymer gear tooth for further processing.
Despite the background not being a uniform solid colour due to the machine body, this
minor variation shouldn’t pose an issue. The detection code is designed to filter out
background noise, focusing solely on selecting the profile of the plastic gear tooth,
ensuring accurate analysis.

Figure 4. Usage of clone tool on steel gear (left) and pre-wear image post-editing
(right).

2.5.2. Detection code

Following the preliminary editing, the edited images will be fed into the detection
code, tasked with isolating the plastic gear tooth from the background. The code will
then generate a binary mask, also known as a truth mask, of the gear tooth profile. In
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this mask, pixels corresponding to the detected object will be turned white (with a
value of 1), while all other pixels will be rendered black (with a value of 0), effectively
excluding them from further analysis.

This process ensures accurate delineation of the gear tooth for subsequent
processing steps. The code is implemented in MATLAB, leveraging functions from
the image processing toolbox. This toolbox is renowned for its extensive collection of
functions dedicated to image processing algorithms and is typically pre-installed with
MATLAB due to its widespread use and popularity among researchers and
practitioners. The code commences by reading the edited image of the plastic gear
tooth, labelled “PP O plastic.jpg”. In this nomenclature, ‘PP’ signifies the material, ‘0’
indicates the testing hour (in this case, the pre-wear image), and ‘plastic’ denotes the
image post-editing, indicating that the steel gear’s teeth have been removed. Once the
image is retrieved from the computer, it undergoes conversion to grayscale. This
conversion eliminates colour information, transforming the image into a 2D matrix
with dimensions of 1000 x 1000, representing the pixels with values depending on
how bright or dark they are. This grayscale conversion streamlines image processing
and facilitates the application of techniques such as binary masking and morphological
operations (see Figure 5). The demonstrated code can be seen in Appendix A.

Grayscale Image

Figure 5. Grayscaling of the gear tooth image.

Following grayscaling, the image undergoes a binary thresholding process.
During this process, a threshold value is established, dictating which parts of the image
will become white pixels (value 1) and which will become black pixels (value 0). If a
grayscale pixel’s value exceeds the threshold, it is rendered as white; otherwise, it is
rendered as black. It’s essential to note that setting a threshold too high may only
render the brightest parts of the object visible. Therefore, the threshold value, in this
case set at 178, can be adjusted to accommodate different gear images based on the
brightness or darkness of the gear tooth. This transformation converts the image from
a 1000 x 1000 matrix with pixels of varying values into a 1000 x 1000 matrix of logical
values (black 0 or white 1) as demonstrated in Figure 6. As depicted in Figures 6 and
7, the noise removal step didn’t noticeably affect the image since the binary
thresholding effectively addressed the background. However, this technique could
prove beneficial for images where the background is brighter and inadvertently
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captured during thresholding. The primary issue lies in the gaps within the gear tooth
profile that haven’t been accurately detected.

Grayseale Image Binary Threshold Image

Figure 6. Binary thresholding process of the gear tooth image.

Binary Threshold Image "Noise Removed” Image

Figure 7. Noise removal in the gear tooth image.

Several solutions can rectify this issue, one of the methods, as employed in this
case, is using the ‘imfill’ function. This function fills in any gaps or holes in image
regions, effectively addressing the specific problem of incomplete detection within the
gear tooth profile (see Figure 8).

To enhance the gear tooth profile, morphological operations are performed in
Figure 9. A morphological operation involves creating and defining a structuring
element to span the object, then joining these structural elements together using the
‘imclose’ function. The structuring element used in this code was a disk-shaped
structure of radius 20 pixels. By applying that to the gear tooth image, the profile is
enhanced to be akin to the original.

Following the morphological operation, the outcomes are visualized by
displaying the original image alongside the isolated gear tooth profile. Additionally,
the resulting binary image is saved on the computer. It bears the same name as the
original image, except ‘iso’ replacing ‘plastic’ in the filename. This alteration
underscores that the saved image represents the isolated binary mask version of that
image as shown in Figure 10. With the detection code done, its processes are repeated
for the 2-hour image and the final 5-hour image. The resulting isolated binary masks
are then used as input for the wear percentage code.
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"Noise Removed” Image Holes Filled Image

Figure 8. Gap filling the gear tooth image.

Holes Filled Image Morphologically Enhanced Image

Figure 9. Morphologically enhancing the gear tooth image.

Original Image Isolated Gear Tooth

Figure 10. Output of the detection code.

2.5.3. Wear percentage calculation

The wear percentage code is designed to compute the percentage of wear on the
gear tooth relative to the pre-wear image. Since all the images captured during testing
undergo the same parameters of distance, angle, and zoom level, and are cropped to
the same resolution without compromising quality, and processed using the same
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detection code, they are effectively standardized. This ensures uniform positioning and
processing of all images. Consequently, determining the wear percentage becomes
straightforward. It involves counting all the white pixels in each image, subtracting
the values from the pre-wear image, and then dividing by the pre-wear value to obtain
the percentage of wear (wear percentage code is presented in the Appendix B) as
shown by the following Equation (1).

W(%) = No.of white pixels prewear — No.of white pixels worn < 100
o No.of white pixles prewear (M

The wear percentage code being applied to an example binary masked gear tooth
image isn’t related to the test subject used in the materials and methods section, as this
serves as an arbitrary example. The results of that test subject are displayed in the
results and discussion section.

3. Results and discussion

Throughout the experimentation process, a systematic approach was adopted to
capture images of the plastic gear tooth at regular intervals during testing. These
images were subsequently processed using the detection code, which isolated the gear
tooth profile and facilitated wear analysis. Upon completion of the experimentation
phase and implementation of the detection code on all images, a comprehensive
analysis was conducted to assess wear progression over time. The wear percentage
was calculated for each image relative to the pre-wear image, providing insights into
the extent of wear experienced by the gear tooth throughout the testing duration. The
final results revealed a progressive increase in wear percentage over successive
images, indicative of the cumulative effects of operational conditions on the gear
tooth. Visual inspection of the images further corroborated these findings, with
observable changes in wear patterns and surface characteristics.

3.1. Detection code results

Upon running the detection code, the pre-wear image served as the baseline for
comparison. Subsequent images captured during the testing process were also
processed using the same parameters and techniques outlined in the materials and
methods section. To accurately represent the amount of testing undergone by each gear
tooth image, we have adopted a nomenclature that includes both the timestamp and
the number of cycles. This approach ensures consistency and uniformity in measuring
the testing duration, accounting for potential variations in machine RPM and testing
time between different tests.

The number of cycles for each image can be calculated using the following
Equation (2).

No.of cycles = Time (mins) x input speed (RPM) (2)

The previous equation provides a standardized metric for quantifying the testing
duration and accurately tracking the wear progression of the gear tooth over time.
Utilizing this equation and given that the machine operated at 1400 RPM as detailed

in the materials and methods section, 2 hours give 168,000 cycles, and 5 hours give
420,000 cycles. Figure 11 shows the zero hours (pre-wear) where it’s evident that the
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gear tooth profile exhibits some imperfections, particularly noticeable at the bottom
right side and the top of the tooth, even before wear occurs. These nuances and
imperfections may stem from manufacturing processes, such as excessive grinding
during polishing, which can introduce irregularities in the gear tooth surface.

Ty Ty ches (ighaal]

Figure 11. Detection code output for pre-wear image.

However, it’s crucial to note that these imperfections in the baseline reference do
not adversely affect the performance of the detection code. Since this image serves as
the baseline reference for wear analysis, any wear incurred during testing will further
diminish and alter the tooth profile, regardless of the initial imperfections.

After 168,000 cycles, the second picture was taken and has been run through
preliminary editing and the detection code, displaying the following Figure 12. This
figure highlights a noticeable visual disparity between the pre-wear image and the
image captured after 2 hours of testing. For instance, the absence of the small chip at
the top of the gear tooth in the latter image suggests that wear has occurred, resulting
in the alteration or removal of this feature. Additionally, subtle changes in the profile
of the gear tooth, particularly on the right side, further indicate the occurrence of wear
in that region. At a total of 420,000 cycles, the final image was captured and run
through the detection code, displaying the following Figure 12.

Figure 13 illustrates the continued evolution in the gear tooth profile, indicating
further wear progression compared to the previous image. Notably, additional wear is
evident around the top portion of the gear tooth, suggesting ongoing degradation in
this area. Furthermore, the profile changes observed on the right and bottom-left sides
of the gear tooth indicate continued alterations to the surface characteristics, possibly
due to the accumulation of wear-induced damage.

Indeed, a careful examination of all the images reveals that significant
deformation has not occurred in the gear tooth. If deformation had taken place, it
would likely manifest as a noticeable angular displacement from the start of the
dedendum, particularly indicating high-temperature deformation. The absence of such
angular displacement across the images underscores the importance of conducting a
thorough study of the images after processing them through the detection code.
Beyond simple wear, it’s crucial to scrutinize the images for any signs of deformation,
such as distortion, warping, or irregularities in the gear tooth profile. These indicators
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can provide valuable insights into the performance and integrity of the gear tooth under
varying operational conditions.

168,000 Cycles (Original) 168,000 Cycles (Isolated)

Figurel2. Detection code output for 2-hour gear tooth image.

420,000 Cycles (Original) 420,000 Cycles (Isolated)

Figure 13. Detection code output for 5-hour gear tooth image.

3.2. Polymer gear wear estimation code

In this section, a quantitative analysis provided a numerical measure of the extent
of wear experienced by the gear tooth over time, complementing the visual
observations discussed previously. Using the wear percentage code, wear percentages
were calculated as mentioned before by comparing the number of white pixels in each
image to those in the pre-wear image. This comparison enables us to quantify the
relative change in the exposed surface area of the gear tooth due to wear.

With the 2-hour image rendered into an isolated binary mask of the gear tooth
profile, and by running the wear percentage code in comparison with the pre-wear
image, the code resulted in a wear of 0.2%. This is presented in Figure 14. While the
5-hour image has undergone the detection code, it was inputted into the wear
percentage code in comparison to the pre-wear image, displaying the following Figure
15 with approximately 2.5% of a worn tooth. The close correspondence between visual
and numerical analyses enhances our confidence in the results and underscores the
importance of employing a multi-faceted approach to wear assessment.
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168,000 Cycles

>> WhitePixels
Number of white pixels: 109836351
Number of white pixels 2: 109612797

Percentage wear: 0.20353%

Figure 14. Pre-wear and 2-hour image wear percentage output.

Zoro Cyclon 430,000 Cyches

Ald

>> WhitePixels
Number of white pixels: 109836351
Number of white pixels 2: 107014462

Percentage wear: 2.5609%2%

Figure 15. Pre-wear and 5-hour image wear percentage output.

3.3. Data compilation

Figure 16 represents a graph illustrating the wear percentage data collected
previously. In this graph, the pointing triangles represent the experimental data points,
providing a visual representation of wear progression over time. Additionally, the red
solid curve depicts a cubic interpolation of the data, which attempts to interpolate the
wear percentage values into a non-linear function.

The use of cubic interpolation is particularly beneficial when the nature of wear
progression is unknown and cannot be easily expressed as a linear equation. By
utilizing cubic interpolation, we can generate a smooth curve that closely
approximates the wear percentage data points, enabling us to visualize wear
progression more comprehensively. This graph facilitates the visualization of wear
trends and patterns over time, providing insights into the rate and magnitude of wear
experienced by the gear tooth throughout the testing duration. By analysing the wear
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percentage graph, researchers can identify any notable trends, anticipate potential
wear-related issues, and inform future research efforts aimed at optimizing gear
performance and reliability.

Figure 17 illustrates a graph of temperature data collected during operation and
testing, employing the same technique of cubic interpolation used in Figure 16.
Similar to the wear percentage graph, the red solid curve represents the cubic
interpolation of the temperature data points, providing a smooth curve that captures
trends and patterns in temperature variation over time. It is noted that at low
temperatures (below 370 °C) and up to (38.50 °C), the mechanism of wear was
increasing slowly and then at a higher temperature and increased number of cycles,
the mechanism increased rapidly. The material used is polypropylene without any
additives and expecting at elevated temperature a large decrease in hardness. Further

investigation and comparison with wear equations are needed for deep research
direction.
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Figure 16. Wear test results for polypropylene against steel at 1.52 Nm.
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Figure 17. Temperature test results for polypropylene against steel at 1.52 Nm.
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4. Conclusion

PP gear was meshed with steel gear on the wear test rig to estimate the amount
of wear of the polymer gears at different cycle times. By capturing images of the PP
pinion during operation at different time intervals, these images served as an input to
a code for image processing to determine the amount of wear precisely without any
sign of deformation. The code successfully helped in detecting the wear of the defined
tooth of the PP pinion at various cycle times. Detecting tooth temperature using an
infrared thermometer during the gear pair mesh assisted in accurately evaluating the
tooth wear by image processing code. With this code, the wear could be detected at 2
and 5 hours with 0.2% and 2.5% respectively. It also collaborates in building graphs
to explore the trends and patterns in temperature variation over time.

The paper explored avenues of assessing wear that have barely been applied in
previous research papers. This research is merely the beginning of a field of gear
optimization that is packed with untapped potential. With several improvements upon
the methodology applied in this paper, researchers can evolve their understanding of
polymers and their properties being implemented into power transmission systems.
Although this novel technique succeeded in predicting the amount of wear present on
the side of the gear teeth, further study needs to be conducted to predict the wear on
the gear teeth flank. This technique can predict the early wear in gears while on-site
without the need for disassembly. This will save time and maintenance costs, and
improve the efficiency of power transmission.
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Appendix A
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% Read the image
originallmage = imread('PP @ plastic.jpg’);

% Convert to grayscale
graylmage = rgb2gray(originallmage);

# Thresholding to separate the gear tooth
binaryImage = graylmage > 173;

% Remowve small objects/noise
binaryImage = bwareaopen(binaryImage, 188);

% Fill holes in the binary image
binaryImage = imfill({binaryImage, 'holes’);

% Morphological operations to enhance the gear
se = strel('disk’, 28); % Define a disk-shaped
binaryImage = imclose(binaryImage, se);

#% Display the results

figure;

subplot{l, 2, 1);
imshow(originallmage);
title('Original Image');
subplot{l, 2, 2);
imshow(binaryImage);
title( ' Isclated Gear Tooth');

% Save the isolated gear tooth image
imwrite(binaryImage, 'PP @ isoc.jpg');

tooth
structuring element

Figure A1. MATLAB gear tooth detection code.
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Appendix B

1 % Read the image
2 binary_img = imread( PP 8 iso.jpg’);
3
4 % Count the number of white pixels (pixels with wvalue 1)
5 num_white_pixels = sum(binary_img(:));
6
7 % Display the number of white pixels
a3 disp([ 'Number of white pixels: ', numZstr(num_white_pixels)]);
9
1@ % Read the 2nd image
11 binary_img2 = imread( PP 2 iso.jpg’');
12
13 % Count the number of white pixels (pixels with wvalue 1)
14 num_white pixels?2 = sum(binary_img2(:));
15
16 % Display both images
17 figure;
18 subplot(l, 2, 1);
19 imshow(binary_img);
20 title( ' Initial');
21 subplot(l, 2, 2);
22 imshow(binary_img2);
23 title('2 hours');
24
25 % Display the number of white pixels
26 disp([ 'Mumber of white pixels 2: ", num2str({num_white_pixels2)]);
27
28 % Calculate and display the wear percentage
29 percent_wear = ((num_white_pixels - num_white_pixels2)/num_white_pixels)*168;
38 disp(['Percentage wear: ", num2str(percent_wear), '%']1);

Figure B1. Wear percentage code.
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Abstract: Investment casting is admired for its ability to produce industrial castings with
remarkable precision, exceptional exterior finish and complex designs among diverse industrial
application. Traditionally, the complexity of these castings is generally assessed qualitatively
while quantitative measurement of this complexity remains largely unexplored. To identify the
various parameters that affects the complexity of industrial investment casting, an in-person
industrial survey was carried out in one of the major investment casting clusters that accounts
for nearly 25% of India’s investment casting foundries. Through this survey it was found that
complexity of investment casting is determined by three factors related to geometry, features
and manufacturability. These three factors are further driven by 19 elements and 52 attributes.
These 52 attributes are further characterised by 212 meta-attributes. This research focuses on
applying multi-criteria decision-making methods to quantify the complexity affects in
manufacturing industrial investment castings. Numerous methodologies within the domain of
Multi-Criteria Decision-Making (MCDM) have been explored to determine the appropriate
weightage for the factors, elements, attributes and meta-attributes involved. It was observed
that for the specific problem mentioned, the Weighted Criteria Approach (WCA) and
Analytical Hierarchy Process (AHP) were identified as suitable choices, aligning well with the
required level of accuracy. The result obtained through these methods were used to compute
the complexity of industrial castings. The proposed complexity index was validated using
various industrial castings and proved to be a valuable tool for designers in adopting investment
casting process for producing complex castings.

Keywords: investment casting; complexity index; multi-criteria decision-making; weighted
criteria approach; analytical hierarchy process

1. Introduction

Investment casting is a long-established manufacturing process used for
developing complex castings with high precision, tight dimensional control and
excellent surface finish. Investment casting process extends its application across
diverse sectors such as aerospace, bio-medical, chemical, automobile and defense etc.
The process contains several sub stages begins with development of die and wax
pattern. A ceramic material is invested to the wax pattern to build a shell followed by
dewaxing to form a cavity. This ceramic shell is then baked and filled with molten
metal. After molten metal cooling, fettling is carried out to remove gating and feeding
system followed by finishing of the component. Finally, the castings are thoroughly
measured and verified to ensure quality standards are met.

An in-person industrial survey was carried out in an important investment casting
cluster representing about 25% of India’s total investment casting foundries. This
survey intended to gain comprehensive insights related to capacity, capability,
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competency, concerns and challenges of these foundries. It was discovered that these
foundries employ a holistic approach to producing industrial castings through
investment casting process. Typically, the decision to adopt investment casting
process is made by the design and manufacturing teams based on a qualitative
assessment of the production process. However, erroneous selection often leads to
more shop floor trials that can waste resources, extend lead times and lower overall
productivity. Moreover, the successful production of industrial castings through
investment casting rest on various parameters related to geometry, desired features and
manufacturability. This highlights the need for a systematic approach in selecting the
investment casting process for optimum outcomes.

2. Prior work

Numerous investigators have endeavoured to develop complexity index that
assist in decision-making to select appropriate manufacturing process for industrial
components. Oliver et al. [1] proposed a method for assessing the complexity of
manufacturing processes in both machining and layered manufacturing. Merkt et al.
[2] presented a geometric complexity assessment within an Integrative Technology
Evaluation Model known as ITEM. The proposed model includes a product, process,
economic and technological factors to measure geometric complexity. Conner et al.
[3] introduced a modified complexity factor based on geometric attributes. This factor
serves as a crucial factor in selection of an additive manufacturing process and a
subtractive manufacturing process for a particular industrial component. Hosseini et
al. [4] presented a shape complexity index specifically designed for H-shaped forging.
This index incorporates several geometric attributes of the process. It was found that
proposed index proves valuable in determining the ideal number of preform steps.

Pradel et al. [5] discovered the impact of complexity on the time required for the
building process for the material extrusion and jetting. It was found that factors related
to geometry contribute to the overall duration of the building process. Qamar et al. [6]
extended the application of shape complexity to predict process parameters, defects,
friction and cost involved in extrusion process. Qamar et al. [7] explored the effects of
profile complexity on various aspects of the cold extrusion process including process
parameters and occurrence of defects. It was concluded that dies with more intricate
geometries resulted in a non-uniform flow of metal and leading to an increased
requirement for extrusion force.

Joshi et al. [8] presented shape complexity factor that takes into account various
geometric features of the desired casting. This index was afterward correlated with
both tooling and manufacturing costs providing valuable insights into the intricate
relationship between geometric considerations and the associated economic
implications in the sand casting process. Martof et al. [9] demonstrated a complexity
assessment method using computer aided design models to identify the optimal and
economical approach for casting. This tool assesses interior and exterior complexity.
This innovative complexity assessment tool was applied to inform decisions
concerning the potential integration of additive manufacturing techniques with
conventional manufacturing process.
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It was observed from comprehensive study of literature reported in direction of
development of complexity index that they are mostly related to Multi-Criteria
Decision Making (MCDM) problems. MCDM methods are employed for outranking
relations, global ranking, relative weight computation and preferences for complex
decision making problems and its use has been exponentially increase in last thirty
years [10,11]. Different MCDM methods including Analytical Hierarchy Process
(AHP), Fuzzy Analytical Hierarchy Process (FAHP), Preference Ranking
Organization Method for Enrichment Evaluation (PROMETHEE), Analytic Network
Process (ANP), Decision Making Trial and Evaluation Laboratory (DEMATEL),
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), Elimination
and Choice Translating Reality (ELECTRE), Compromise Ranking Method (VIKOR)
and Weighted Criteria Approach (WCA) were widely employed in decision making
applications. Detailed understanding of these methods as well as their capabilities are
discussed in various technical literatures published in that direction [12-20]. It was
observed that TOPSIS, VIKOR, PROMETHEE, DEMATEL and ELECTRE methods
are used for finding best alternative solution and ANP is used for finding solution of
network related problem. Furthermore, it was also concluded that WCA method is
useful in computation of relative weightage for early stage of complex decision
making problems. It was also revealed from a comprehensive literature published in
the direction of MCDM methods and its applications that AHP and FAHP were widely
employed for finding relative weightage of various parameters related to complex
MCDM problems [21].

Numerous researchers have implemented WCA and AHP for calculating
weightage in various engineering problem. Karthik et al. [22] established a method to
adopt a metal casting process based on a WCA. The proposed methodology comprises
several criteria related to geometric and manufacturing parameters for choosing the
metal casting process. Fadzli et al. [23] considered use of kenaf fibers compared to
usual fibers for friction material using WCA. It was recognized that selection of kenaf
fibers using WCA provides possible use as a friction material. Anjum et al. [24]
proposed a method based on WCA for measurement of performance. It was identified
that the WCA provides a valuable technique in software reliability growth models
comparisons.

Akarte et al. [25] developed web-based system for the assessment of casting
suppliers. The relative weightage of the criteria has been computed using the AHP.
This system proves valuable in evaluating the compatibility of product, process and
producer. Chougale et al. [26] demonstrated shape complexity for sand casting process
using parameters related to geometry and process. Shape complexity was established
by comparing the surface area and volume of the intended casting with that of a simple
geometric shape like a cube. The AHP was utilized for pairwise comparisons enabling
the calculation of relative weightage for different parameters. Joshi et al. [27]
implemented AHP to calculate the relative weightage of several criteria in the early
assessment of castability. This proposed methodology presents a systematic approach
for assessing the manufacturability of casting design during the early stage of the
design process.

It was concluded from the published literature that WCA as well as AHP were
more suitable for calculating relative weightage of influencing parameters. In this
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paper, implementation of a MCDM methods for computing complexity index of
investment casting process has been demonstrated.

3. Methodology

An in person industrial survey was carried out in one of the important clusters of
investment casting foundries that represents 30% of total investment casting foundries
of India. This survey mainly focused on collection and interpretation of inputs received
from investment casting foundries that further categorized for development of
complexity index [28]. Industry experts provided input to recognize the key
parameters related to geometry, features and manufacturability that affect the
complexity of the investment casting process. This information was methodically
categorized into factors, elements, attributes and meta-attributes to facilitate
complexity index calculation for the investment casting process. It was observed that
the geometry factor is primarily influenced by two main elements: surface
characteristics and dimensional characteristics. The features factor is driven by eight
elements that include hole, slot, groove, fillet, chamfer, hollow region, rib and boss.
The manufacturability factor is influenced by nine elements encompassing type of
alloy, property requirements, bulk density, melting aids, solidification aids,
supplementary aids, melting temperature, batch size and application. Furthermore, the
dimensional characteristics element is associated with four attributes: overall length,
height, width, and average thickness. Similarly, the surface characteristics element is
determined by three attributes: flat, curved, and slanted surfaces.

Overall, it was found that complexity is driven by 3 factors (broad category of
parameters), 19 elements (characteristics of the factors), 52 attributes (possible
variations of elements) and 212 meta-attributes (values of each variation for attributes).
A framework designed for all factors, elements, attributes and meta-attributes is shown
in Figure 1. These recognized parameters were then organized into a hierarchical
structure to enable the calculation of relative weightage. This weightage calculation
was achieved using the WCA and AHP. In the WCA, equal importance is assigned to
all criteria and a value scale is established for each level of the hierarchy. For the AHP,
inputs regarding the relative importance of criteria are collected from industry experts.
These inputs are then used to calculate the geometric mean, determine the relative
weightage and assess the consistency ratio to ensure reliability in decision-making.
The detailed calculation of the relative weightage has been demonstrated in the
published literature [29,30].
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Computation of Complexity for
Investment Casting

Factor (F1) Factor (F2) Factor (F3)
Elements Elements Elements Elements Elements Elements Elements Elements Elements
(E1) (E2) (En) (E1) (E2) (En) (E1) (E2) (En)
Attributes Attributes Attributes Attributes Attributes Attributes Attributes Attributes Attributes
(A1) (A2) (An) (All) (Alzl U\lﬂl [AI-) IT} U\lil
Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes  Meta-Attributes Meta-Attributes Meta-Attributes
(MA1) (MA1) (MA1) (MA1) (MA1) (MA1) (MA1) (MA1) (MA1)
Meta-Attributes Met ib Met: ib Meta-Attributes Meta-Attributes Meta-Attributes  Meta-Attributes Meta-Attributes Meta-Attributes
(MA2) (MA2) (MmA2) (MA2) (MA2) (MA2) (MA2) (MA2) (MA2)
Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes Meta-Attributes  Meta-Attributes Meta-Attributes Meta-Attributes
(MAn) (MAn) (MAn) (MAR) (MAn) (MAn) (MAnR) (MAR) (MAn)

Figure 1. Structure of factor, elements, attributes and meta-attributes for computing complexity index [29].

To demonstrate the application of the complexity index in selecting the
investment casting process, a set of specific industrial castings were chosen as use
cases focusing on the architecture, automobile, biomedical, chemical and machine tool
sectors. This selection provides different requirements of these sectors by investment
casting process. The complexity index for each industrial casting was computed and
presented in Tables 1 to 5. Meta-attributes related to all factors for each selected
casting were collected from investment casting foundries that provides a accurate
industry perspective.

Table 1. Industrial casting 1.

Attributes Meta Attributes ngflexity Complexity AHP
Overall Length (mm) 235.90 1.37 0.20
Overall Height (mm) 134.60 1.37 0.16
Overall Width (mm) 235.90 4.12 0.12
Average Thickness (mm) 9.85 412 1.03
Surface Characteristics Cc 5.50 12.28
Number of Holes 1.00 0.13 0.02
Maximum Length of Hole (mm) 27.20 0.68 0.02
Maximum Diameter of Hole (mm) 18.60 0.68 0.22
Contour of Hole (Circular, Square) C 0.34 0.10
Open to Surface (Flat, Curvature)) F 0.34 0.14
Type of Hole (Through, Blind) T 0.34 0.19

Number of Slots
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Table 1. (Continued).

Attributes Meta Attributes \C,:\;)gflexity Complexity AHP
Maximum Length of Slot (mm) - - -
Maximum Width of Slot (mm) - - -
Maximum Depth of Slot (mm) - - -
Number of Grooves 2.00 0.20 0.08
Maximum Length of Groove (mm) 68.10 0.34 0.20
Maximum Width of Groove (mm) 37.70 1.03 0.11
Maximum Depth of Groove (mm) 37.70 1.03 1.83
Number of Fillets 22.00 2.06 0.14
Maximum Radius of Fillet (mm) 3.00 2.06 0.18
Number of Chamfers - - -
Chamfer Angle (degree) - - -
Distance (mm) - - -
Number of Hollow Regions - - -
Maximum Length of Hollow Region (mm) - - -
Maximum Diameter of Hollow Region (mm) - - -
Number of Ribs 8.00 0.61 0.05
Maximum Length of Rib (mm) 50.61 1.03 0.09
Maximum Thickness of Rib (mm) 5.80 1.03 0.19
Maximum Width of Rib (mm) 17.52 0.68 0.07
Number of Bosses - - -
Maximum Diameter of Boss (mm) - - -
Maximum Thickness of Boss (mm) - - -
Alloying Elements 9.00 2.20 0.36
Hardness (HRC) 19.00 0.73 0.39
Relative Density (gm/cm?3) 8.00 0.73 0.35
Insulating Sleeve - - -
Chills - - -
Exothermic Powder - - -
Degassing Y 1.23 1.31
Filler - - -
Slag Powder Y 1.22 0.69
Heat Treatment Y 0.91 0.76
Machining Y 0.91 1.56
Destructive Testing Y 0.91 0.98
Non-Destructive Testing - - -
Melting Temperature (C) 1450.00 2.19 0.46
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Table 1. (Continued).

Attributes Meta Attributes \C,:\;)gflexity Complexity AHP
Application Avrchitecture 2.19 0.62
Quantity 500.00 2.19 0.35
Overall Complexity (Normalize): 40.23 38.28
Table 2. Industrial casting 2.
Attributes Meta Attributes \(,:Vogflexity Complexity AHP
Overall Length (mm) 482.50 2.75 0.51
Overall Height (mm) 172.00 2.75 0.22
Overall Width (mm) 162.00 4.13 0.09
Average Thickness (mm) 20.00 2.75 0.29
Surface Characteristics F 5.50 9.38
Number of Holes 6.00 0.14 0.03
Maximum Length of Hole (mm) 25.00 0.69 0.03
Maximum Diameter of Hole (mm) 20.05 0.69 0.22
Contour of Hole (Circular, Square) C 0.34 0.11
Open to Surface (Flat, Curvature)) F 0.34 0.14
Type of Hole (Through, Blind) T 0.34 0.20
Number of Slots 2.00 0.21 0.06
Maximum Length of Slot (mm) 47.00 0.69 0.09
Maximum Width of Slot (mm) 4.00 1.03 0.32
Maximum Depth of Slot (mm) 3.00 1.03 0.15
Number of Grooves - - -
Maximum Length of Groove (mm) - - -
Maximum Width of Groove (mm) - - -
Maximum Depth of Groove (mm) - - -
Number of Fillets 1.00 0.41 0.09
Maximum Radius of Fillet (mm) 2.00 2.06 0.19

Number of Chamfers
Chamfer Angle (degree)
Distance (mm)

Number of Hollow Regions
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Table 2. (Continued).

Attributes Meta Attributes \(/:\;)gflexity Complexity AHP
Maximum Length of Hollow Region (mm) - - -
Maximum Diameter of Hollow Region (mm) - - -
Number of Ribs - - -
Maximum Length of Rib (mm) - - -
Maximum Thickness of Rib (mm) - - -
Maximum Width of Rib (mm) - - -
Number of Bosses - - -
Maximum Diameter of Boss (mm) - - -
Maximum Thickness of Boss (mm) - - -
Alloying Elements 11.00 2.94 0.41
Hardness (HRC) 10.00 0.73 0.39
Relative Density (gm/cm?3) 7.80 0.73 0.36
Insulating Sleeve Y 1.23 1.09
Chills - . )
Exothermic Powder Y 1.22 0.73
Degassing Y 1.23 1.31
Filler Y 1.22 1.64
Slag Powder Y 1.22 0.69
Heat Treatment Y 0.92 0.76
Machining Y 0.92 1.57
Destructive Testing Y 0.92 0.99
Non-Destructive Testing Y 0.92 1.16
Melting Temperature (C) 1460.00 2.20 0.46
Application Automobile 0.73 0.32
Quantity 1500.00 3.66 0.46
Overall Complexity (Normalize): 43.02 35.53
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Table 3. Industrial casting 3.

Attributes

Meta Attributes

Complexity
WCA

Complexity AHP

Overall Length (mm)

Overall Height (mm)

Overall Width (mm)

Average Thickness (mm)

Surface Characteristics

Number of Holes

Maximum Length of Hole (mm)
Maximum Diameter of Hole (mm)
Contour of Hole (Circular, Square)
Open to Surface (Flat, Curvature))
Type of Hole (Through, Blind)
Number of Slots

Maximum Length of Slot (mm)
Maximum Width of Slot (mm)
Maximum Depth of Slot (mm)
Number of Grooves

Maximum Length of Groove (mm)
Maximum Width of Groove (mm)
Maximum Depth of Groove (mm)
Number of Fillets

Maximum Radius of Fillet (mm)
Number of Chamfers

Chamfer Angle (degree)

Distance (mm)

Number of Hollow Regions
Maximum Length of Hollow Region (mm)
Maximum Diameter of Hollow Region (mm)
Number of Ribs

Maximum Length of Rib (mm)
Maximum Thickness of Rib (mm)
Maximum Width of Rib (mm)
Number of Bosses

Maximum Diameter of Boss (mm)
Maximum Thickness of Boss (mm)
Alloying Elements

Hardness (HRC)

35.52
170.00
10.50
10.50
E

8.00
108.96
1.00
1.00

6.00
1.00

8.00
37.00

413
2.75
4.13
4.13
5.50

0.41
1.03
1.03
1.03

0.82
2.06

2.20
1.47

0.31
0.22
0.24
1.04
9.38

0.08
0.11
0.32
0.15

0.09
0.19

0.37
0.44
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Table 3. (Continued).

Attributes Meta Attributes \C,:\;)gwpg\)lexity Complexity AHP
Relative Density (gm/cm?q) 7.80 0.73 0.36
Insulating Sleeve - - -
Chills - - -
Exothermic Powder Y 1.22 0.73
Degassing Y 1.23 131
Filler - - -
Slag Powder Y 1.22 0.69
Heat Treatment Y 0.92 0.76
Machining - - -
Destructive Testing Y 0.92 0.99
Non-Destructive Testing Y 0.92 1.16
Melting Temperature (<C) 1600.00 2.93 0.54
Application Biomedical 3.66 2.00
Quantity 100.00 0.73 0.39
Overall Complexity (Normalize): 41.00 28.01
Table 4. Industrial casting 4.
Attributes Meta Attributes \(f\;)gﬂ;)lexity Complexity AHP
Overall Length (mm) 122.20 2.75 0.31
Overall Height (mm) 71.00 2.75 0.17
Overall Width (mm) 122.20 2.75 0.09
Average Thickness (mm) 5.50 4.13 1.04
Surface Characteristics Cc 5.50 12.29
Number of Holes 1.00 0.14 0.03
Maximum Length of Hole (mm) 25.50 0.69 0.03
Maximum Diameter of Hole (mm) 33.00 0.46 0.22
Contour of Hole (Circular, Square) C 0.34 0.11
Open to Surface (Flat, Curvature)) F 0.34 0.14
Type of Hole (Through, Blind) T 0.34 0.20
Number of Slots 12.00 0.62 0.08
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Table 4. (Continued).

Attributes Meta Attributes S\fcr:nflexity Complexity AHP
Maximum Length of Slot (mm) 6.00 1.03 0.09
Maximum Width of Slot (mm) 25.00 1.03 0.10
Maximum Depth of Slot (mm) 7.32 0.69 0.15
Number of Grooves 1.00 0.21 0.09
Maximum Length of Groove (mm) 110.00 0.69 0.21
Maximum Width of Groove (mm) 13.84 0.34 0.28
Maximum Depth of Groove (mm) 5.63 1.03 0.33
Number of Fillets 19.00 1.65 0.12
Maximum Radius of Fillet (mm) 4.00 2.06 0.12
Number of Chamfers - - -
Chamfer Angle (degree) - - -
Distance (mm) - - -
Number of Hollow Regions - - -
Maximum Length of Hollow Region (mm) - - -
Maximum Diameter of Hollow Region (mm) - - -
Number of Ribs - - -
Maximum Length of Rib (mm) - - -
Maximum Thickness of Rib (mm) - - -
Maximum Width of Rib (mm) - - -
Number of Bosses 1.00 0.28 0.06
Maximum Diameter of Boss (mm) 45.19 1.38 0.04
Maximum Thickness of Boss (mm) 6.09 0.92 0.13
Alloying Elements 10.00 2.94 0.37
Hardness (HRC) 22.00 1.47 0.44
Relative Density (gm/cm?3) 7.90 0.73 0.36
Insulating Sleeve Y 1.23 1.09
Chills - - -
Exothermic Powder Y 1.22 0.73
Degassing Y 1.23 1.31
Filler - - -
Slag Powder Y 1.22 0.69
Heat Treatment Y 0.92 0.76
Machining Y 0.92 1.57
Destructive Testing Y 0.92 0.99
Non-Destructive Testing Y 0.92 1.16
Melting Temperature (C) 1450.00 2.20 0.46
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Table 4. (Continued).

Attributes Meta Attributes \(,:\;)cr:npp\)lexity Complexity AHP
Application Chemical 1.46 0.41
Quantity 1000.00 3.66 0.46
Overall Complexity (Normalize): 51.98 43.52
Table 5. Industrial casting 5.
Attributes Meta Attributes \(,:Vogflexity Complexity AHP
Overall Length (mm) 385.19 2.75 0.27
Overall Height (mm) 222.00 4.12 0.22
Overall Width (mm) 222.00 412 0.12
Average Thickness (mm) 17.42 2.75 0.28
Surface Characteristics F 5.50 9.37
Number of Holes 9.00 0.13 0.04
Maximum Length of Hole (mm) 340.19 0.68 0.30
Maximum Diameter of Hole (mm) 45.00 0.23 0.22
Contour of Hole (Circular, Square) C 0.34 0.10
Open to Surface (Flat, Curvature)) F 0.34 0.14
Type of Hole (Through, Blind) T 0.34 0.19
Number of Slots - - -
Maximum Length of Slot (mm) - - -
Maximum Width of Slot (mm) - - -
Maximum Depth of Slot (mm) - - -
Number of Grooves - - -
Maximum Length of Groove (mm) - - -
Maximum Width of Groove (mm) - - -
Maximum Depth of Groove (mm) - - -
Number of Fillets 5.00 0.41 0.09
Maximum Radius of Fillet (mm) 15.00 0.68 0.07

Number of Chamfers
Chamfer Angle (degree)

Distance (mm)
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Table 5. (Continued).

Attributes Meta Attributes \C/:\;)Cr:npp\)lexity Complexity AHP
Number of Hollow Regions - - -
Maximum Length of Hollow Region (mm) - - -
Maximum Diameter of Hollow Region (mm) - - -
Number of Ribs - - -
Maximum Length of Rib (mm) - - -
Maximum Thickness of Rib (mm) - - -
Maximum Width of Rib (mm) - - -
Number of Bosses 1.00 0.27 0.05
Maximum Diameter of Boss (mm) 33.00 1.37 0.04
Maximum Thickness of Boss (mm) 42.95 1.37 0.19
Alloying Elements 9.00 2.20 0.36
Hardness (HRC) 18.00 0.73 0.39
Relative Density (gm/cm?3) 7.90 0.73 0.35
Insulating Sleeve - - -
Chills - - -
Exothermic Powder - - -
Degassing - - -
Filler - - -
Slag Powder - - -
Heat Treatment - - -
Machining Y 0.91 1.56
Destructive Testing Y 0.91 0.98
Non-Destructive Testing - - -
Melting Temperature (C) 1450.00 2.19 0.46
Application Machine tool 0.73 0.31
Quantity 500.00 2.19 0.35
Overall Complexity (Normalize): 28.49 12.62

4. Discussion

The analysis of the complexity index for various industrial castings reveals that
complexity is primarily affect by required features and manufacturability.
Additionally, it is observed that simple geometric castings exhibit higher complexity
using WCA compared to AHP due to equal importance assigned to all parameters in
WCA. It was observed that addressing criteria related to feature and manufacturability
presents significant challenges leading to increased complexity in the investment

casting process.
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Moreover, the complexity index is further divided into five categories: Low (0—
20), Medium (21-40), High (41-60), Very High (61-80), and Extremely High (81—
100). These categories establish a connection between the complexity value and
manufacturing cost. In the computation of the complexity index for various use cases,
it was noted that the complexity of industrial castings varied from 28 to 52 using WCA
and while using AHP complexity varied from 12 to 43 falling within the low, medium
and high categories. This correlation proves advantageous for cost estimation where
castings exhibit very closed complexity values. The categorization of the presented
use cases is illustrated in the Figures 2—6.

38.28 40.23

[0} 20 40 60 80 100
Complexity Index
Low Medium High Very High Extreme High

{EEEE——— {CEEEEE———— EEEEE——

Figure 2. Categorization of industrial casting 01.

=

35.53 43.02

o 20 a0 60 80 100
Complexity Index
Low Medium High Very High Extreme High

4Essss———) {CEEE———) {SEEEEE——)

Figure 3. Categorization of industrial casting 02.

2601 41.00

(o] 20 40 60 80 100
Complexity Index
Medium High Very High Extreme High

_ﬁ_ﬁ_

Figure 4. Categorization of industrial casting 03.
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Figure 5. Categorization of industrial casting 04.
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Figure 6. Categorization of industrial casting 05.

5. Conclusions

Investment casting process is a widely familiar process for manufacturing
intricate industrial castings with high surface quality and tight dimensional tolerances.
Selecting the investment casting process for manufacturing specific castings generally
involves a comprehensive approach that qualitatively assesses various parameters of
each casting. However, inaccurate decisions in this selection can lead to unnecessary
resource and energy consumption, longer lead times and decreased productivity.

In this paper, implementation of MCDM methods for computing complexity
involved in investment casting has been presented. More than 5 use cases were
demonstrated to assess the complexity of industrial investment castings. The findings
revealed that these castings exhibit complexities ranging from 28 to 52 using WCA
and while using AHP complexity varied from 12 to 43. This index offers designers a
more comprehensive understanding of the influence of individual parameters (such as
geometry and features) on the overall complexity index. Additionally, this approach
plays an important role in predicting early-stage critical parameters and helps in
making informed decisions about employing process.
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Abstract: This manuscript presents a sophisticated deep neural networks (DNNSs)-driven
adaptive control paradigm for concurrently regulating the attitude and suppressing structural
oscillations of a flexible spacecraft in a fully three-dimensional domain. By leveraging
Hamilton’s principle, the spacecraft’s motion is formulated as an infinite-dimensional dynamic
model described by partial differential equations, capturing the subtle interactions between
rigid-body rotational maneuvers and flexible panel deformations. In contrast to traditional
schemes, the proposed control methodology integrates a DNNs module to compensate for
uncertain actuator anomalies and external input disturbances in real time, thereby ensuring fault
tolerance under arbitrary, potentially unbounded actuator malfunctions. A rigorously
constructed Lyapunov-based stability analysis corroborates that the system’s energy, angular
rates, and transverse deflections remain uniformly bounded and asymptotically converge to
zero, even in the face of multiple actuator failures. This theoretical guarantee stems from the
synergistic interplay between the network’s representational power and the adaptive control
law’s robust learning capabilities. Extensive computational experiments demonstrate the
efficacy of the developed framework in orchestrating high-precision attitude stabilization while
simultaneously mitigating detrimental vibrations, showcasing the superior performance and
resiliency of the proposed DNNs-infused control architecture.

Keywords: deep learning; neural network; aerospace robot; adaptive control

1. Introduction

Flexible spacecraft have garnered substantial attention in recent years, primarily
due to their advantageous attributes of diminished mass and reduced power
requirements. By enabling increased functionality at lower launch costs, these pliable
structures concurrently engender intricate coupling phenomena between elastic
deflections and overall attitude maneuvers [1-3]. Such couplings inevitably
compromise the performance of the spacecraft if not carefully mitigated through
control strategies. Early efforts aimed at preserving attitude precision and alleviating
unwanted vibrations often relied on truncation-based approximations of the flexible
dynamics, which can introduce spillover effects and even precipitate instability.
Consequently, to accurately capture the salient characteristics of both the spacecraft’s
rigid-body dynamics and its structural deformations, an infinite-dimensional
representation governed by coupled partial differential equations (PDESs) and ordinary
differential equations (ODES) has emerged as a more rigorous modeling paradigm.
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Historically, significant strides have been made in controlling flexible structures
formulated within infinite-dimensional frameworks. Various schemes have targeted
heat equations, beam equations, and string equations to demonstrate sophisticated
methods for boundary or distributed control. In the context of flexible spacecraft
specifically, the ubiquitous Euler—Bernoulli beam model has frequently been adopted
to describe cantilever-like appendages attached to a central rigid hub. In Zhang et al.
[4], the authors provide an innovative approach, as it highlights the efficacy of deep
neural networks in optimizing coordination strategies for multi-aerospace systems
during complex tasks. Their findings align with and further underscore the importance
of leveraging DNNs in enhancing adaptability and robustness under uncertain
conditions. The antecedent studies established foundational techniques—ranging from
disturbance observers to fault-tolerant switches—for mitigating vibrational effects,
many focused on two-dimensional (2D) or simplified geometric settings that do not
adequately reflect the more complex three-dimensional (3D) coupling behaviors [5].
Several investigations into 3D beam-like systems have illustrated the significance of
multiple deflection axes and their strong interactions with the spacecraft’s rotational
degrees of freedom, thereby highlighting the necessity for more nuanced control
designs. Furthermore, most extant works operate under the assumption of perfectly
functioning actuators, overlooking the real-world possibility of actuator malfunctions
or failures.

In practical scenarios, actuators can degrade due to phenomena such as aging,
abrasion, or manufacturing imperfections, resulting in partial losses of effectiveness
or complete failures that can occur unpredictably over the spacecraft’s operational
lifespan. Ensuring the reliability of flexible spacecraft under these adverse conditions
demands robust and fault-tolerant approaches that address potential infinite sets of
unknown failures. Traditional control strategies (e.g., robust, sliding mode, or classical
adaptive control) have demonstrated some efficacy, yet they often presume limited
failure scenarios or rely on truncation-based models that may overlook higher-order
dynamics of the flexible appendages. Gao et al. [6] develop a novel adaptive
decentralized control framework for multi-robot servicing tasks in space
environments, addressing both civilian applications, such as extending spacecraft
operational lifespans (e.g., SpaceX initiatives), and military aerospace operations,
where robust handling of uncertain dynamics and system malfunctions is critical for
mission success in unpredictable environments. Consequently, guaranteeing
asymptotic stability in the presence of unbounded actuator anomalies remains
nontrivial, particularly when dealing with PDE-based representations [7—10].

In parallel, deep neural networks (DNNs) have emerged as powerful universal
function approximators with strong capacity to adapt to highly nonlinear and uncertain
systems [11]. Their integration with adaptive control laws offers a promising avenue
for augmenting the robustness and adaptability of fault-tolerant strategies. By
harnessing DNNs within a PDE-based framework, one can dynamically learn the
evolving actuator efficacy and external disturbance profiles, thereby compensating for
unknown anomalies more effectively than classical methods. This synergy of DNN-
based estimation and adaptive boundary control allows real-time adjustments to the
feedback law, accommodating an unbounded number of actuator faults across a
potentially infinite time horizon.
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The primary objective of this study is to devise a sophisticated DNNs-infused
adaptive control methodology that simultaneously stabilizes the spacecraft’s attitude
and suppresses the structural vibrations of its flexible panels in a fully three-
dimensional configuration. To achieve this, we adopt an extended Hamilton principle
for modeling the overall system with coupled PDE-ODE dynamics, ensuring a
comprehensive representation of both rigid-body motions and elastic deformations.
The control strategy incorporates DNN modules to estimate and compensate for
actuator anomalies of arbitrary complexity, while an adaptive boundary control
scheme ensures robust command authority over the PDE-governed vibrations. A
Lyapunov-based analysis is conducted to prove that the system energies, rotational
velocities, and deformation trajectories remain uniformly bounded and converge
asymptotically, even amid uncountably many actuator failures [12-15].

The remainder of this paper is organized as follows. First, the governing
equations for a spatially flexible spacecraft are formulated, emphasizing the coupling
between the rigid hub’s attitude states and the PDE-driven flexible panels [16].
Subsequently, the DNNs-augmented fault-tolerant control scheme and accompanying
parameter update laws are introduced. A rigorous Lyapunov analysis then validates
the boundedness and decay properties of the closed-loop system [17-20]. Numerical
simulations corroborate the efficacy and resilience of the proposed approach, and final
conclusions are drawn regarding future directions and broader implications of this
research.

Space exploration missions are increasingly reliant on flexible spacecraft due to
their lightweight designs, reduced launch costs, and ability to carry advanced
instrumentation. However, these advantages come with significant challenges. The
interaction between structural deformations and attitude dynamics can lead to
performance degradation, particularly under unforeseen conditions like actuator
malfunctions. While traditional control strategies provide partial solutions, they often
fail to address the complexities introduced by unbounded uncertainties, actuator
degradation, or external disturbances. This work is motivated by the critical need to
ensure reliability and precision in demanding operational environments, such as
satellite repair and orbital debris management, where failures could jeopardize mission
success and incur significant financial and operational costs. By integrating deep
learning and adaptive control, this study aims to establish a robust, fault-tolerant
control framework capable of addressing these multifaceted challenges, paving the
way for safer and more efficient space missions.

2. Problem statement

We investigate a flexible aerospace apparatus composed of a rigid core and a
slender, compliant panel, consistent with the illustrative schematics in Figures 1 and
2. In its undeformed configuration, the flexible panel is oriented along the Q=g axis
and assumed inextensible, permitting solely transverse deflections in the Y and Yp

directions. Denote these deflections by x(¢, t) and {(¢, 7), where ¢ and t represent
the spatial and temporal coordinates, respectively. Hence, the instantaneous position
of any point 2 on the panel may be written as

e=[o, 171",
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where ¢ is the distance measured from the origin Q.
The angular velocities of the body frame relative to the orbital frame are collected
in
A= [/11' /12' /13]1-:

while the attitude of the flexible aerospace system is parameterized by Euler
angles

a = [al,az,a3]T,

where indicating successive rotations about the Eg, Yz, and Zp axes.

Given that actuators may deteriorate or abruptly malfunction during prolonged
operation, a robust fault-mitigation strategy is imperative. To address this, the present
study proposes a DNNs-augmented adaptive control methodology capable of
reconciling structural dynamics and attitude requirements under uncertain actuator
conditions [21]. By embedding a neural approximator based on the research work in
Zhang et al. [22] into the PDE-based framework of the slender panel’s deformations,
the controller can dynamically estimate and compensate for unknown parameters,
actuator losses, and external disturbances. This synergy between deep learning and
adaptive control ensures reliable real-time corrections [23], facilitating both vibration
suppression and precise angular stabilization in the presence of potentially unbounded
actuator anomalies across the spacecraft’s lifespan [24-27].

Figure 1. One spacecraft using one robot arm to pick up the broken part from one
malfunctioning aerospace device in a space environment.

Figure 2. Block diagram of our deep adaptive control algorithm.

3. Methodology

In this section, we develop a deep neural network—augmented adaptive control
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strategy for a malfunctioning aerospace vehicle whose dynamics are modeled by
coupled partial differential equations (PDEs) and ordinary differential equations
(ODEs). The overarching goal is to stabilize both the angular motion of the rigid hub
and the transverse deflections of the flexible panel, even under adverse actuator
anomalies. By integrating a neural approximator within the control law, the scheme
can dynamically learn and counteract model uncertainties and time-varying
disturbances, thereby ensuring robust performance.

3.1. Dynamics analysis of repairing robotics

A robust grasp of the intrinsic physics and mechanical characteristics of industrial
robots is essential for model-based identification. Under the Lagrangian formalism,
the inverse dynamics of a fully actuated nnn-link robot manipulator can be succinctly
written as

T=M(q)4+C(qq +D

where T € R™ 1 represents the joint torques, g, q,q§ € R™?! denote the vectors of
joint angles, angular velocities, and angular accelerations, respectively. The matrix
M(q) € R™" is the inertia matrix of the manipulator, C(q, ¢) captures the Coriolis,
centripetal, and D encapsulates deterministic disturbances such as sensor drift or
unmodeled dynamics.

3.2. Governing equations via Hamilton’s principle

To capture the essential rigid-body and flexible-panel interactions, we start by
applying Hamilton’s principle to the kinetic and potential energies of the system. Let
I+ denote the positive-definite inertia tensor of the rigid body, and let ¥ € R3
represent the angular velocity of the hub relative to an inertial (orbital) frame. Suppose
further that X is the linear mass density of the flexible appendage, while « is its
damping coefficient. Denoting by ¢(¢, ) and &(¢, 7) the small deflections of the panel
in two orthogonal directions, with £ €[0, L] as the spatial coordinate and z the temporal
variable, one obtains:

LY +Y x([;Y)+02=0+4,
Y (£, 7) (¢, 7)
= [fn(&r)] i PR

where Q encapsulates nonlinear terms that may arise from gyroscopic and Coriolis-

+FX,9,8) =0,

like effects, O is the external torque acting on the rigid hub, A represents cumulative
disturbances or actuator faults, and Fencompasses the higher-order spatial derivatives
(e.g., bending stiffness terms) of ¢(¢, 7) and &(¢, 7). The boundary conditions for the
flexible panel typically specify zero transverse displacements and slopes at £ = 0 and
free-end conditions at ¢ = L, although exact formulations may vary depending on the
structural configuration:

©(0,7) =&(0,7) =0,
©¢(0,7) =&,(0,7) =0,
Poe(L,T) = &pp(L,7) =0

52



Mechanical Engineering Advances 2025, 3(1), 2469.

3.3. DNNs based adaptive controller

Actuator failures can manifest unpredictably during extended missions,
necessitating a control framework that autonomously recognizes and compensates for
partial or complete loss of actuation authority. The key innovation here is to integrate
a DNNs module—trained online—as part of an adaptive control law.

Concretely, consider a DNN Ng (X) parameterized by weights ©. At each instant
7, the DNN processes measured signals (e.g., deflections ¢(¢, 7), &(¢, 1), angular
velocities Y(7) and partial estimates of actuator health) and outputs compensatory
control adjustments. These outputs feed into an adaptive boundary [28] or distributed
controller ¢(t), which acts on the PDE-ODE system:

0(t) = —C(p,¢,Y,...) —Ng(9,¢,Y, ...)

The neural parameters © are continuously updated via an online learning rule
(e.g., a backpropagation-through-time variant adapted to PDE constraints), thus
minimizing a composite cost functional that penalizes vibration amplitude, tracking
errors in the angular motion, and deviations from nominal performance metrics.
Mathematically, one might define an instantaneous error signal &(t) that encapsulates
both attitude- and vibration-related tracking objectives, and then refine ® using a
gradient-based adaptation:

0e(T)
00
where 7 is the learning rate. This iterative scheme allows the controller to “learn”

complex fault patterns, even in the presence of an unbounded number of malfunctions
throughout the spacecraft’s operational timeline.

0(r) = -1

3.4. Lyapunov stability analysis

To certify the convergence properties of the overall closed-loop system (i.e., the
PDE-ODE dynamics combined with the DNN-based adaptive controller), a Lyapunov
functional V() is devised to incorporate both rigid-body energy terms and flexible
energy components as

1 Tt
V) =30 45 [ [0 + 8+ B(of +81) + Balofe + &)

where ; and [, are positive constants that account for bending stiffness in the panel.
By examining the time derivative V(7) under the proposed control law, one
demonstrates that V() remains uniformly bounded and ultimately converges to an
arbitrarily small neighborhood around zero—thereby implying that both Y(z) and the
deflections @ (¢, 1), £ (£, T) vanish asymptotically. The DNN adaptation ensures that
unidentified disturbances and unknown actuator failure profiles are effectively
counteracted, preventing divergence of the system states [29-33].

4. Simulation results

To investigate the effectiveness of the proposed deep neural network—augmented
adaptive scheme for a malfunctioning aerospace platform, a series of numerical
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experiments are performed using a finite-difference approximation of the governing
partial differential equations (PDESs). For analytical simplicity, we presume that the
satellite’s body inertia matrix A € R3*3 is diagonal, reflecting a scenario where cross-
coupling inertias are negligible.

To emulate real-world perturbations, constant disturbances &; (1), 6, (1), 83(7)
are introduced in the spacecraft’s torque channels:

8,(1) = 2%, 8,(1) = 19N, 85(1) = 69,

where 9t symbolizes units of Newton—meter (or an equivalent torque measure), and t
denotes time. These constant values facilitate straightforward comparisons with
theoretical bounds. The initial angular velocities of the rigid body are specified as

w41(0) = 0.02rad/s, w,(0) = 0.03rad/s, w3(0) = 0.04rad/s,

To replicate the uncertain and possibly abrupt malfunctions common in aerospace
actuators, the net torques ¢;(7),¢,(7),¢3(t) applied to each rotational axis are
decomposed into two parts:

61(1) = p1,1(T) + P1,2(1), 62 (1) = P21 (T) + P2,2(7),63(T) = p3,1(T) + p32(2).

Each p; j(7) can experience time intervals of diminished effectiveness, complete
dropout, or partial gain according to a predefined fault profile. For instance,

 (03vy4(0),T € [2k, 2k + 1),
p1a(D) = {0.51;1,1(1),7 € [2k + 1,2k + 2)

A DNNs-based adaptive law is utilized to compute the correction signals
necessary to counteract both the structural vibrations and the actuator degradations.
The underlying proportional-derivative (PD) component addresses nominal dynamics
as

ni'j(r) = —kpiwi(r) — kdi(bi(r),i =123,j=1,2

where w;(7) indicates the i-th rotational rate, and k,, , k4, are PD gains. Meanwhile,
the neural network Z(x(t); ©(t)) , parameterized by weights ©(z) monitors
observable states x(7), deflections, or partial actuator diagnostics and outputs an
estimated compensation term. The combined control input can be expressed as

v (1) =1;,;(1) — E;;(x(7); (7))

Ensuring that any mismatch between the nominal model and real-time
behavior—whether due to unmodeled dynamics or actuator failures—is addressed
adaptively. An online learning rule updates ®(t) based on a Lyapunov-like criterion
to preserve overall stability.

In Figure 3, each panel corresponds to a distinct joint of our space-based robot
arm tasked with repairing a malfunctioning aerospace device. The horizontal axis
indicates time, while the vertical axis represents the torque generated by each joint’s
actuator. Multiple curves—namely the reference trajectory, baseline adaptive control,
a deep reinforcement strategy (Deep-Q), and our proposed DNNs-enabled adaptive
algorithm—are plotted to facilitate a comparative evaluation. From the visual
inspection, the reference curve (green) captures the nominal torque profile required
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for precise maneuvering. Notably, our approach (pink) aligns closely with the
reference track, especially in the presence of sudden torque deviations or partial
actuator failures. This behavior underscores the method’s ability to learn and adapt
quickly to unforeseen anomalies in actuator performance, maintaining near-optimal
tracking even when the robot arm must contend with harsh environmental conditions
and hardware deterioration.
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Figure 3. Approximate torque applied from each joint in the robot arm.

A key insight revealed by these torque plots is the robustness of the proposed
DNNs-infused controller against abrupt variations in load and unknown system
parameters. By integrating real-time learning into the adaptive control loop, the
method effectively redistributes control effort across the joints, thereby ensuring
smooth operation and stable torque outputs for each actuator. Consequently, the space-
borne manipulator can maintain high-precision articulation and mitigate vibrations or
oscillations—critical when attempting intricate repair tasks on sensitive aerospace
equipment. This combination of real-time adaptation and machine learning—based
fault compensation is pivotal to guaranteeing mission success under uncertain
conditions in orbit.

Figure 4 shows that the horizontal axes in each subplot indicate the spatial
coordinate and time (z in seconds), whereas the vertical axis denotes the instantaneous
deflection magnitude (in feet). By examining the color gradient, one can observe that
our proposed DNNs-assisted control strategy effectively suppresses excessive bending
or oscillatory modes that might arise when joints experience degraded actuator
authority. The near-uniform surfaces in some regions highlight that structural
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perturbations are kept to a minimum, ensuring that the manipulator remains stable
even as it extends or retracts to access damaged hardware.
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Figure 4. Three-dimensional deflection evolution of the space-based robot arm under DNNs-enhanced adaptive

control.

In practical terms, these surfaces confirm that the adaptive controller, augmented
with deep learning, successfully anticipates and compensates for uncertain loads,
micro-vibrations, and partial failures of actuators distributed along the manipulator’s
span. The reduction in peak deflections not only fosters a safer operational envelope—
minimizing collision risks with neighboring satellite components—but also prolongs
the service life of the robot arm by reducing stress on critical joints [34]. Ultimately,
this capacity for real-time deflection mitigation is crucial in precision tasks, such as
repairing a broken part in orbit, where slight positioning errors might jeopardize the
integrity of expensive aerospace assets [35].

5. Conclusions

In this study, we introduced a multifaceted approach that merges physics-based
formulations with data-driven refinement to achieve accurate and robust control in the
presence of unmodeled nonlinearities. By enriching the conventional observer—based
system learning (OSBL) technique with a DNNs model, we obtained an enhanced
identification scheme. This novel framework addresses residual modeling
discrepancies through an online DNN that effectively captures deviations unaccounted
for by classical physics-based models. Subsequently, the identified dynamics were
integrated into a deep adaptive control (DAC) architecture, leveraging a model
reference paradigm to counteract uncertainties and external noise. The adaptive update
laws were systematically derived from Lyapunov-like stability analysis, thereby
guaranteeing asymptotic error convergence despite significant disturbances.

Experimental evaluations on a physical six-degree-of-freedom (6-DOF) robotic
arm demonstrated both the standard OSBL and least-squares (LS) methods,
particularly when confronted with intricate dynamics that are challenging to capture
via pure analytical modeling. The observed mismatch between the physical model’s
torque predictions and the real-world measurements underscores the necessity of a
data-driven correction. Incorporating the DNN allowed the controller to accommodate
unmodeled dynamics and actuator anomalies—an advantage that becomes even more
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critical for malfunctioning aerospace devices, where actuators may degrade
unexpectedly and precise maneuvers are essential for on-orbit repairs. Furthermore,
the proposed DAC scheme reliably handled multi-input multi-output (MIMO) motion
control in the 6-DOF manipulator without sacrificing stability or performance.
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Abstract: Penetration depth, defined as the distance from the surface of the base material to
the deepest point of the molten zone, is a critical factor influencing the strength and mechanical
properties of welds. This study investigates the effects of process parameters in submerged arc
welding (SAW) on penetration depth, utilizing a two-hidden-layer artificial neural network
(ANN) for modeling. The input parameters include arc voltage, welding current, electrode
stick-out, welding speed, and the thickness of a manganese-enriched nanoparticle layer, with
penetration depth as the output variable. The results demonstrate that increasing the welding
current to 700 amps enhances heat transfer to the molten pool, thereby improving base material
melting and penetration depth. Similarly, raising the arc voltage from 24 to 32 volts results in
a moderate increase in penetration depth due to higher heat input while maintaining a relatively
stable electrode melting rate. These findings highlight the potential of optimizing SAW
parameters to achieve consistent weld quality and desirable mechanical properties.

Keywords: nanoparticles; penetration depth; weld geometry; submerged arc welding; artificial
neural networks

1. Introduction

Welding is a versatile and essential process in manufacturing, facilitating the
joining of metallic or non-metallic materials to create cohesive and durable structures.
As a method that eliminates the need for disassembly, welding provides permanent
and robust connections, making it indispensable across diverse industries.
Applications range from infrastructure and construction projects to the automotive,
aerospace, shipbuilding, and nuclear sectors, where precision and reliability are critical
[1-4]. The importance of welding lies not only in its ability to create strong bonds but
also in its adaptability to various materials, shapes, and industrial demands. Among
the diverse welding techniques, Submerged Arc Welding (SAW) has gained
prominence as a specialized and highly efficient method tailored for large-scale and
demanding applications. In SAW, the welding arc is formed between a continuously
fed electrode wire and the workpiece, with the arc completely submerged under a layer
of granular flux. This flux, dispensed from a hopper positioned in front of the electrode,
serves multiple functions, including protecting the weld zone from atmospheric
contamination, stabilizing the arc, and contributing to the chemical composition of the
weld metal [5,6]. The shielding effect of the flux prevents oxidation and other adverse
reactions, ensuring a high-quality weld. What sets SAW apart from other welding
processes is its efficiency and reliability. With a higher deposition rate compared to
conventional methods, SAW allows for faster and more economical welding
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operations. This efficiency is coupled with the ability to produce welds that are largely
free from defects such as porosity and slag inclusions, which can compromise the
structural integrity of the joint. The result is cleaner, stronger welds that meet the
rigorous standards of industries requiring high-performance connections [7,8]. SAW
is particularly advantageous when welding thicker materials, as it achieves deep
penetration and uniform fusion across the joint. Additionally, the controlled heat input
and the protective flux layer reduce thermal distortion in the workpiece, a common
issue in other welding methods. The process’s automation further enhances its appeal
by ensuring consistent results, minimizing human error, and boosting overall
production efficiency. These features make SAW a preferred choice for applications
such as shipbuilding, pipeline construction, and the fabrication of pressure vessels,
where precision, durability, and productivity are paramount [9,10]. The quality of
welds produced through SAW is determined by evaluating both mechanical properties
and geometric characteristics. Mechanical attributes, including tensile strength,
hardness, and impact resistance, are critical for ensuring the weld can withstand
various stresses and environmental conditions. On the other hand, geometric
parameters such as bead height, width, and penetration depth are vital in assessing the
weld’s structural performance. Among these, penetration depth, which refers to the
distance between the surface of the base material and the deepest part of the weld, is
particularly significant, as it directly influences the load-bearing capacity and overall
strength of the joint. Insufficient penetration can lead to weak bonds, reducing the
reliability and safety of the structure [11-15]. Achieving optimal penetration depth in
SAW requires precise control of process variables. Key parameters, including welding
current, arc voltage, travel speed, and electrode stick-out, collectively determine the
heat input, fusion efficiency, and quality of the weld. The interplay between these
factors is complex, necessitating advanced methods to analyze and optimize them
effectively [16-19]. In recent years, Artificial Neural Networks (ANNSs) have emerged
as powerful tools for studying and optimizing welding parameters. ANNs are
computational models capable of identifying patterns and nonlinear relationships
within datasets, making them ideal for understanding the multifaceted interactions in
welding processes. By simulating the effects of variables such as current, voltage, and
travel speed, ANNs enable researchers to predict welding outcomes with remarkable
accuracy. This approach not only reduces the need for extensive experimental trials
but also facilitates the identification of optimal parameter settings for specific
applications, enhancing the efficiency and reliability of the welding process. In this
study, an artificial neural network (ANN) model is applied to analyze the influence of
arc voltage, electric current, electrode stick-out, and welding speed on penetration
depth. In addition to the standard process parameters, the integration of nanoparticles
has emerged as a promising approach to enhancing the microstructure and mechanical
properties of welded joints. This novel approach underscores the potential of
nanotechnology to address some of the longstanding challenges in welding,
particularly in applications requiring superior performance and reliability [20-23].
Consequently, this research also examines the role of a layer of surface-adsorbed
Boehmite nanoparticles containing manganese cations, exploring how this additional
factor influences the welding process alongside other key parameters.

60



Mechanical Engineering Advances 2025, 3(1), 2511.

2. Boehmite nanoparticles

Aluminum oxide, commonly known as alumina, is a white crystalline powder
with widespread applications in various industrial fields, including ceramics,
refractory materials, and electrotechnology. Among its many phases, Boehmite (y-
AIOQOH) stands out as a semi-stable form of aluminum oxide, characterized by the
presence of unique surface hydroxyl (OH) groups. These groups facilitate the
adsorption of various elements through OH—OH interactions, rendering Boehmite a
versatile material for applications involving adsorption and catalysis [24]. The
properties of Boehmite nanoparticles are particularly noteworthy due to their
combination of chemical stability, superior mechanical strength, and remarkable
thermal resistance. They exhibit high catalytic activity, which is further enhanced by
their ability to transform into a-alumina, a thermodynamically stable phase, at elevated
temperatures [25]. This transformation, combined with the cost-effective synthesis of
Boehmite nanoparticles, has positioned them as a material of interest in numerous
industrial and scientific endeavors [26]. One of the prominent industrial applications
of Boehmite nanoparticles is their role as adsorbents in composite materials, especially
in the automotive and oil industries [27]. These nanoparticles have been employed to
remove impurities and enhance material properties, owing to their capacity to adsorb
metallic cations. In welding processes, for instance, the incorporation of Boehmite
nanoparticles enables the adsorption of manganese cations. During welding, the heat
facilitates their conversion into alumina and manganese oxide, both of which
contribute to the weld pool’s properties. This approach offers a low-cost and efficient
method to improve the mechanical and chemical characteristics of welded joints. The
current study focuses on synthesizing Boehmite nanoparticles and employing them as
adsorbents for manganese cations in agueous media. This process is achieved through
a chemical reaction between Boehmite nanoparticles and potassium permanganate
(KMnQg) solution. The synthesis method involves a carefully controlled procedure
designed to ensure high adsorption efficiency and reproducibility [28,29]. The
synthesis begins with the preparation of two distinct solutions. The first solution
contains 6.49 g of sodium hydroxide (NaOH) dissolved in 50 mL of distilled water,
while the second consists of 20 g of aluminum nitrate nonahydrate (Al(NQO3)s 9H,0)
dissolved in 30 mL of distilled water. The NaOH solution is then added dropwise at a
rate of 2.94 mm/min to the aluminum nitrate solution, forming a milky suspension. To
enhance the uniformity of the reaction, the suspension is subjected to sonication in an
ultrasonic bath maintained at 25 °C for 3 h. This step ensures the homogeneous
distribution of nanoparticles and promotes the formation of the desired Boehmite
phase. After sonication, the precipitate is filtered and subsequently dried in an oven at
220 °C for 4 h to stabilize the Boehmite nanoparticles. To enable the adsorption of
manganese cations onto the synthesized Boehmite nanoparticles, a secondary process
is performed. A mixture containing 60 g of Boehmite nanoparticles and 19 g of
KMnOy; is dissolved in 400 mL of distilled water. The resulting solution undergoes
ultrasonication at 25 °C for 15 min to enhance the interaction between the
nanoparticles and the potassium permanganate. Following this, the mixture is
subjected to reflux at a controlled temperature for 5 h, ensuring sufficient time for the
chemical interactions to occur. To complete the process, the solution is stirred

61



Mechanical Engineering Advances 2025, 3(1), 2511.

continuously for 24 h, allowing maximum adsorption of manganese cations onto the
Boehmite nanoparticle surfaces. This dual-step synthesis and adsorption methodology
provides a straightforward yet effective means of enhancing the properties of
Boehmite nanoparticles for specific industrial applications. The ability of these
nanoparticles to adsorb manganese and subsequently convert into alumina and
manganese oxide during high-temperature processes underscores their utility in
welding and similar applications. By integrating this approach, it becomes possible to
improve the performance and quality of welded materials while keeping production
costs low. The synthesis process of boehmite nanoparticles and the formation of
crystalline phases are schematically illustrated in Figure 1. The diagram includes the
preparation of precursors, crystallization at room temperature, formation of the
bayerite phase, conversion to the boehmite phase through heating, and the application
of ultrasound waves to enhance nanoparticle dispersion.

‘L NaOH ()

KMnOj solution
in water
r J Boehmite L c
Crystallization ‘1 c Boehmite
< seperidos
Heating in Oven L L

Ultrasound Waves

4 o ©

Boehmite Core O O ‘ ) ( > _
Mn cations shell O O

Figure 1. Schematic illustration of boehmite nanoparticle synthesis and crystalline
phase formation.

3. Artificial neural network

The Submerged Arc Welding (SAW) process is widely utilized in industrial
applications due to its capability to produce high-quality welds with excellent
mechanical properties. However, optimizing the process parameters to achieve desired
outcomes, such as penetration depth, remains a challenging task. Various factors,
including arc voltage, electric current, electrode stick-out, and welding speed,
significantly influence the weld quality and characteristics. Modeling the intricate
relationships among these parameters is crucial for improving the efficiency and
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reliability of the SAW process. Artificial neural networks (ANNS) have emerged as a
potent computational tool to model complex systems and nonlinear relationships
[30,31]. These systems are inspired by the biological neural networks of the human
brain, mimicking their ability to process and analyze data through interconnected
layers of nodes or neurons. ANNSs have been extensively employed in diverse domains,
including image recognition, natural language processing, solving differential
equations, and predictive modeling [32,33]. Their adaptability and capability to
generalize make them suitable for applications in welding and materials science. A
typical ANN structure comprises three main layers: The input layer, one or more
hidden layers, and the output layer. The input layer serves as the interface for receiving
raw data from the external environment. Each node in this layer corresponds to a
specific input parameter. For the SAW process, the input parameters include arc
voltage, electric current, electrode stick-out, welding speed, and nanoparticle layer
thickness. These parameters are critical as they directly impact the weld penetration
and overall quality. The hidden layer, positioned between the input and output layers,
plays a central role in processing and analyzing the input data. The number of hidden
layers and the nodes within each layer can be customized based on the complexity of
the problem. For relatively simple problems, a single hidden layer with a small number
of nodes might suffice. However, more intricate relationships demand deeper
networks with multiple hidden layers, often requiring greater computational resources.
In the context of SAW modeling, the hidden layer processes the input parameters
through weighted connections and activation functions, enabling the network to learn
and approximate the underlying relationships effectively. The output layer constitutes
the final stage of an ANN, producing the model’s predictions or classifications. In the
present study, the output layer consists of a single node that predicts the penetration
depth based on the processed data from the hidden layer. By mapping the input
parameters to the desired output, the ANN provides a robust framework for
understanding and optimizing the SAW process. The architecture of the ANN used in
this research is designed to capture the nonlinear dependencies between the input
parameters and the output variable. Specifically, the input layer comprises five nodes
representing the aforementioned parameters, while the hidden layer consists of three
nodes to balance computational efficiency and modeling accuracy. The connections
between the nodes are governed by weights, which are iteratively adjusted during the
training phase to minimize the error between the predicted and actual values. This
iterative process, known as backpropagation, involves calculating the gradient of the
error concerning the weights and updating them accordingly. One of the key
advantages of using ANNs for modeling the SAW process is their ability to generalize
from training data to unseen scenarios. By leveraging a sufficient dataset that
encapsulates a wide range of input-output combinations, the ANN can identify
patterns and relationships that are difficult to discern through traditional analytical
methods. Moreover, the flexibility of ANNs allows for the incorporation of additional
input parameters or the adjustment of network architecture as needed, making them a
versatile tool for process optimization.

The current research focuses on utilizing an ANN model to predict the
penetration depth during the SAW process. By systematically altering input
parameters such as arc voltage, current, electrode stick-out, welding speed, and the
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thickness of a nanoparticle layer composed of manganese-containing Boehmite
nanoparticles, the model offers critical insights into the underlying process dynamics.
The structure of the ANN used in this study, shown in Figure 2, demonstrates the
arrangement of input, hidden, and output layers specifically designed to address the
complexities of the SAW process. This architecture ensures a balance between
computational efficiency and prediction accuracy. The findings emphasize the
transformative role of ANNSs in welding applications, highlighting their capability to
manage intricate nonlinear relationships and adapt to varying operational conditions.
By offering a robust framework for optimizing process parameters, ANNSs
significantly enhance the efficiency, quality, and consistency of welds, contributing to
the advancement of modern manufacturing methodologies.

First hidden layer

cond hidden layer

Input layer

Arc Voltage

Electric current

Penetration depth

/4
- 73 .
W utIJut layer

Figure 2. Developed the structure of an artificial neural network model.

4. Experimentation and data collection

ST37 is a mild carbon steel known for its ease of processing and favorable
mechanical properties. With a carbon content of approximately 0.17%, this steel is
characterized by its ability to maintain a balance between strength and flexibility,
making it ideal for a wide range of structural applications. Frequently used in
industries such as construction and manufacturing, ST37’s qualities make it suitable
for components like beams, bridges, and machinery frames that require reliable load-
bearing performance. Its excellent weldability further enhances its utility in processes
like Submerged Arc Welding (SAW), where achieving robust, durable joints is
essential for maintaining long-term structural integrity. In this study, SAW was
performed on St37 steel plates, each with dimensions of 15 x50 x 150 mm?. The
welding operation utilized a direct current (DC) reverse polarity configuration, known
for its stability and efficient heat input during the welding process. The setup included
a PARS CAT P2310 semi-automatic robotic system, ensuring precision and
repeatability throughout the welding operations. The power supply was provided by a
PARC ARC 1203T unit, designed with a constant voltage characteristic, which is
critical for maintaining consistent weld quality. The consumables used in the welding
process comprised a specialized welding wire and flux, whose detailed chemical
compositions are provided in Table 1. These consumables were carefully selected to
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ensure optimal compatibility with the base material and enhance the mechanical
properties of the resulting weld joint. In addition, the experimental setup incorporated
a layer of Boehmite nanoparticles adsorbed with manganese cations applied to the
surface of the base material. This layer was introduced to investigate its potential
effects on the welding process and the quality of the weld zone. The key process
parameters examined in this investigation included arc voltage, electric current,
electrode stick-out length, welding speed, and the thickness of the nanoparticle layer.
Preliminary experiments were conducted using a One Variable at a Time (OVAT)
approach to establish appropriate ranges for these variables. During these trials, each
parameter was varied independently while maintaining all other conditions constant,
allowing for the identification of its influence on weld quality. The outcomes of these
initial experiments helped define the minimum and maximum values for each
parameter, ensuring a systematic and well-controlled experimental design. These
ranges are summarized in Table 2. Following the determining suitable parameter
ranges, a Central Composite Rotatable Design (CCRD) was employed to organize the
experimental framework. This statistical method enables a comprehensive evaluation
of parameter interactions while minimizing the number of required experiments. The
input variables were varied across five levels (=2, -1, 0, +1, and +2), creating a robust
design matrix. The matrix and the corresponding experimental results are detailed in
Table 3. By using this approach, the study aimed to model the complex relationships
between the input variables and the welding outcomes, focusing particularly on the
depth of weld penetration. Weld penetration depth is a critical factor in ensuring the
structural integrity of welded joints, as it directly influences the mechanical
performance and load-bearing capacity of the weld. To accurately model this
parameter, an artificial neural network (ANN) was implemented. The ANN was
trained using the experimental data, enabling it to predict weld penetration depth based
on variations in the input parameters. Figure 3 illustrates the weld-melted zone
observed in the prepared workpiece. This zone represents the region where the base
material has undergone melting and subsequent solidification during the welding
process. The microstructural characteristics of this region are of significant importance,
as they directly impact the mechanical properties and long-term performance of the
weld. The formation of a uniform and defect-free melted zone is indicative of
successful parameter selection and process control.

Table 1. Chemical composition of the wire and flux.

Chemical composition of the welding wire

Element o Mn Si Fe

%W 0.04-0.08 09-13 0.5-0.8 Balance
Chemical composition of the consumed flux

SiOz + TiO2 Al203 + MnO CaFz

%5 % 55 % 30
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Table 2. Input parameters and their ranges.

Coded values

Parameter
-2 -1 0 +1 +2
Arc Voltage (volts) 24 26 28 30 32
Electric current (amp) 500 550 600 650 700
Electrode stick-out (mm) 30 325 35 375 40
Welding Speed (mm/min) 300 350 400 450 500
Nano-layer thickness (mm) 0 0.25 0.5 0.75 1
5 50 mm >l
_ oRSeaE ——— 3
T < L
Ay Fusi01‘1 zone /'IP.

15 mm

Figure 3. Weld-melted zone in the prepared sample.

Table 3. Input parameters and their ranges.

Std. Arc voltage Electric current El_ectrode Welding speed Na_mo-layer Penetration Error
(volts) (amp) stick-out (mm) (mm/min) thickness (mm) depth (mm)

1 28 600 35 400 0.5 7.01 -0.242
2 28 600 35 300 0.5 8.14 0.400
3 26 650 325 450 0.75 7.65 0.179
4 26 550 375 450 0.75 4.14 —1.363
5 30 650 375 350 0.25 9.28 0.363
6 28 700 35 400 0.5 8.80 -0.169
7 30 650 325 450 0.25 10.13 1.409
8 28 600 30 400 0.5 7.68 0.312
9 26 550 325 350 0.75 5.98 0.090
10 30 650 325 350 0.75 8.37 -0.599
11 26 550 375 350 0.25 6.09 0.587
12 28 600 35 400 0.5 6.90 —0.352
13 28 600 35 400 0 8.24 0.987
14 26 550 325 450 0.25 5.55 -0.129
15 30 550 375 450 0.25 5.18 -0.323
16 28 600 35 400 0.5 7.05 -0.202
17 28 600 35 400 0.5 6.89 —0.362
18 26 650 375 350 0.75 7.81 —-0.207
19 28 600 35 400 1 6.57 -0.188
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Table 3. (Continued).

Std. Arc voltage Electric current El_ectrode Weldin_g speed Na_mo-layer Penetration Error
(volts) (amp) stick-out (mm) (mm/min) thickness (mm) depth (mm)
20 30 650 375 450 0.75 8.37 -0.396
21 30 550 325 350 0.25 8.14 0.935
22 30 550 375 350 0.75 7.29 1.787
23 24 600 35 400 0.5 6.43 -0.823
24 28 600 35 400 0.5 7.27 0.018
25 30 550 325 450 0.75 4.62 —0.883
26 28 600 35 400 0.5 6.98 -0.272
27 26 650 325 350 0.25 7.75 -0.170
28 26 650 375 450 0.25 7.48 0.227
29 28 600 35 500 0.5 6.31 0.094
30 32 600 35 400 05 7.89 -0.705
31 28 600 40 400 05 6.81 1.307
32 28 500 35 400 0.5 4.64 —0.863
33 28 600 35 300 05 8.13 0.316
34 26 650 325 450 0.75 7.60 0.149
35 30 650 375 350 0.25 9.25 0.193
36 28 700 35 400 05 8.75 0.111
37 28 600 30 400 05 7.60 0.102
38 26 550 325 350 0.75 6.20 0.160
39 26 550 375 350 0.25 6.30 0.727
40 28 600 35 400 05 6.50 -0.132
41 26 550 325 450 0.25 5.70 —0.049
42 30 550 375 450 0.25 5.20 -0.333
43 28 600 35 400 05 7.10 -0.132
44 26 650 37.5 350 0.75 7.80 —-0.327
45 28 600 35 400 1 6.60 -0.068
46 30 650 375 450 0.75 8.40 -0.676
47 30 550 37.5 350 0.75 7.30 1.777
48 28 600 35 400 0.5 6.90 -0.132
49 30 550 325 450 0.75 4.80 —0.893
50 28 600 35 400 0.5 7.02 —-0.132
51 26 650 375 450 0.25 7.50 0.227
52 32 600 35 400 0.5 7.80 —0.495
53 28 600 40 400 0.5 6.80 1.257

5. Results and discussion

This study aimed to optimize the penetration depth in Submerged Arc Welding
(SAW) by developing a neural network model that links input parameters to the output
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variable, which is the penetration depth. The structure of the Artificial Neural Network
(ANN) consisted of five neurons in the input layer and one neuron in the output layer.
To identify the optimal welding conditions for achieving maximum penetration depth,
regression analysis was employed alongside the neural network to evaluate the
relationships between the input parameters and the resulting penetration depth. The
input parameters included arc voltage, electric current, electrode stick-out, welding
speed, and the thickness of the nanoparticle layer, while the output layer represented
the penetration depth. For model training, data were randomly selected, and the
Levenberg-Marquardt optimization algorithm was applied. A total of 70% of the data
was used for training the neural network, adjusting the model based on the calculated
error. The remaining 20% was reserved for validating the network, allowing for an
assessment of its generalization ability and the cessation of training once further
improvements were no longer observed. The final 10% of the data served as the test
set, providing an independent measure of the network’s performance throughout and
after training. Figure 4 shows an error histogram, representing the distribution of
errors for each data group. The regression coefficients comparing the experimental
and neural network data for maximizing penetration depth are displayed in Figure 5.
Figure 6 illustrates the performance plot of the Artificial Neural Network (ANN) in
terms of Mean Squared Error (MSE) and R-values, which evaluate the correlation
between predicted outputs and target values. The MSE values for the training,
validation, and testing datasets were 7.8396 <1072, 5.3101 <1072, and 9.1429 %102,
respectively, highlighting the model’s predictive accuracy. A lower MSE value
corresponds to better network performance, indicating reduced deviation between
predicted and actual values. The R-values, reflecting the correlation strength, were
9.9712 %1071, 9.8534 x< 107!, and 9.6030 > 10! for training, validation, and testing,
respectively. These values, close to 1, demonstrate a high correlation between network
outputs and the target data. The performance plot shows how MSE decreases over 35
epochs for all datasets, with a rapid decline in the initial stages, indicating effective
learning. By epoch 29, the network achieves its optimal configuration, as denoted by
the circled point labeled “Best.” The model exhibits the lowest validation MSE at this
point, signifying an optimal balance between accuracy and generalization. The
training process halts after six consecutive validation checks without improvement,
which prevents overfitting and ensures a robust model. The consistent trend across the
training, validation, and testing datasets suggests that the ANN maintains reliability
across different data partitions. These findings confirm the network’s ability to
effectively learn complex input-output relationships and provide accurate predictions
for penetration depth in SAW. Additionally, the study explored the influence of
various factors, including arc voltage, electric current, electrode stick-out, welding
speed, and nanoparticle layer thickness, on the weld penetration depth. Figure 7
illustrates the influence of various input parameters on penetration depth during the
SAW process. The results show that electric current has the most significant impact,
with penetration depth increasing markedly as the current rises from 500 to 700 amps
due to higher heat input, enhancing base material melting. The results revealed that
the intensity of the electric current plays a significant role in determining the welding
geometry, as higher current values led to increased penetration depth. This effect is
attributed to the greater melting of both the base metal and the welding wire. However,
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excessively high currents can result in energy loss and deterioration of the welding
wire [34,35]. Arc voltage also contributes to penetration depth, albeit to a lesser extent,
with a modest increase observed as the voltage rises from 24 to 32 volts, resulting from
slightly higher heat input without substantial changes in electrode melting rate.
Electrode stick-out, on the other hand, exhibits an inverse relationship with penetration
depth; increasing the distance from 30 to 40 mm reduces heat concentration at the weld
pool, leading to shallower penetration. Similarly, welding speed inversely affects
penetration depth, with faster speeds (300 to 500 mm/min) reducing the time for heat
transfer, thereby diminishing weld penetration [34,35]. Lastly, the addition of
nanoparticles reduces penetration depth by decreasing the thermal conductivity of the
molten pool, limiting heat transfer to the workpiece as the nano-layer thickness
increases.
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6. Conclusions

Submerged Arc Welding (SAW) is a widely employed technique in various
industrial sectors, appreciated for its ability to produce strong, defect-free welds. In
this research, Artificial Neural Networks (ANNSs) were applied to model and optimize
penetration depth in the SAW process, addressing the challenges posed by traditional
experimental methods. The ANN model provided highly accurate predictions, as
demonstrated by low Mean Squared Error (MSE) and high correlation coefficients,
verifying its reliability in predicting the effects of input parameters on penetration
depth. The study revealed that electric current has the most significant impact on
penetration depth, with higher currents increasing heat input and thus enhancing
penetration. Arc voltage also contributed to heat transfer, but with a smaller effect. On
the other hand, greater electrode stick-out and faster welding speeds were found to
decrease penetration depth, as they reduce the concentration of heat in the weld pool.
Additionally, the inclusion of nanoparticle layers on the workpiece reduced
penetration depth due to their lower thermal conductivity, which limited heat transfer.
These findings confirm that ANN-based modeling is a powerful tool for optimizing
the SAW process. By offering precise predictions of penetration depth, this approach
aids in improving the understanding of key process parameters and can help reduce
the need for extensive experimental trials.
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Abstract: This study focuses on the development of a cleaning robot, covering the three main
aspects of mechanical design, circuit design, and software design. First, in the area of
mechanical design, we created a structure capable of agile movement and efficient cleaning to
ensure the robot can operate smoothly in various environments. Second, for circuit design, we
developed a microcontroller-based control system to coordinate the operation of various
components, including drive motors, sensors, and image recognition modules. Furthermore, in
the software design aspect, we utilized YOLO (You Only Look Once) and OpenCV
technologies to enable the robot to accurately identify and classify waste during the automatic
cleaning process. Finally, we conducted practical cleaning experiments to verify the robot’s
ability to recognize waste and the accuracy of waste classification. The experimental results
show that the cleaning robot not only possesses the ability to recognize waste but also
accurately classify it, demonstrating its potential for practical applications.

Keywords: cleaning robot; mechanical design; circuit design; software design; image
recognition; waste classification; YOLO

1. Introduction

With the rapid advancement of artificial intelligence technology and the
widespread adoption of smart environment concepts, cleaning robots have become
essential tools in modern environments as technology evolves quickly, the demand for
efficient and intelligent cleaning solutions continues to grow. Traditional cleaning
methods are increasingly unable to meet the high-intensity and complex cleaning
requirements of various environments. In recent years, cleaning robots that incorporate
machine learning and computer vision have become essential solutions to modern
cleaning challenges, as they not only perform cleaning tasks efficiently but also adapt
to diverse application scenarios [1-5].

Advancements in robot navigation and sensing technologies have driven the
evolution of cleaning robots. Today’s cleaning robots must possess accurate
environmental perception and motion planning capabilities to cope with the diverse
and dynamic indoor and outdoor environments. From a design perspective, enhancing
the flexibility and stability of the motion mechanism is critical for improving the
robot’s cleaning efficiency [6]. Additionally, the application of multi-sensor fusion
technology, integrating various data to achieve more accurate environmental modeling
and localization, has become a key challenge in modern cleaning robot technology.
This study focuses on optimizing the mobile mechanism to improve its stability and
work efficiency in different operational environments [7-9].

In terms of hardware design, microcontroller-based circuit architecture can
effectively reduce costs and improve control precision. A microcontroller is a small
computing system that integrates a processor, memory, and input/output interfaces,
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typically used to control electronic devices or systems. Research shows that
coordinating drive motors, sensors, and image processing modules using
microcontrollers is a major approach in implementing the control systems of cleaning
robots [10,11]. Regarding the technical demands of garbage identification and
classification, image processing has gradually been integrated into the design of
cleaning robots. For example, the integration of technologies such as YOLO and
OpenCV enables cleaning robots to more accurately identify garbage features, thereby
improving classification accuracy [12,13].

Although current cleaning robots can achieve a certain level of automation, there
is still room for improvement in the accuracy of garbage recognition and classification.
Studies show that image processing using deep learning models can significantly
improve classification accuracy, but it also increases the demand for computational
resources. Therefore, this study optimizes the image recognition algorithms in the
software design to balance recognition accuracy with system computational load,
enhancing response efficiency [14-17].

The development of this cleaning robot covers three main aspects: motion
mechanism design, electronic circuit design, and software development. In terms of
motion mechanism design, our goal is to create a stable mobility system that meets the
demands of diverse scenarios, while optimizing the garbage collection system to
enhance cleaning efficiency. In electronic circuit design, we employ a microcontroller-
based architecture that integrates various sensors and control modules to precisely
coordinate the robot’s movements. The software development section uses YOLO and
OpenCV for image recognition and garbage classification, which not only improves
classification accuracy but also reduces the risk of misclassification. Finally, a series
of application scenario experiments are conducted to verify the garbage identification
and classification performance of the robot. See the end of the document for further
details on references [18-20].

2. Design of a cleaning robot

This section focuses on the design of the cleaning robot from three perspectives
[21,22]: mechanical, circuit, and software design. The mechanical design section
covers material selection and structural engineering for building the robot. The circuit
design section explains the control and drive mechanisms. Lastly, the software design
section details the use of deep learning models and programming to enable garbage
classification, image detection, and recognition.

2.1. Mechanical design

This section focuses on the material selection and structural design of the
cleaning robot’s power module. The primary structural material is 6061 aluminum
alloy. Initial design sketches are created in SOLIDWORKS, followed by computer
numerical control (CNC) machining to fabricate the individual components. CNC
machining is the use of computer numerical control technology to precisely control
machine tools to shape and size materials with high accuracy. The cleaning robot’s
mechanism is divided into four main parts: chassis, transmission, cleaning, and
conveying. The chassis support plate is secured with high-strength bolts for enhanced
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stability, while precision components support the transmission, cleaning, and
conveying systems to ensure operational accuracy and reliability.

2.1.1. Material selection

In this study, aluminum alloy 6061, as shown in Figure 1, is chosen as the
primary structural material for the power module chassis, with the parts processed
through CNC machining. The advantages of using 6061 aluminum alloy are as follows:
e Higher Strength and Hardness: After heat treatment (T6), 6061 aluminum alloy

offers enhanced strength and hardness, making it more durable than aluminum

extrusions and suitable for bearing heavy loads.

e Suitability for Complex Structures and Non-Standard Shapes: 6061 can be
processed using CNC machining to create parts with complex shapes, allowing
for customization according to specific requirements.

e  Better Precision: CNC machining of 6061 aluminum alloy ensures high precision
and smooth surface finishes.

e Good Fatigue Resistance: 6061 exhibits excellent fatigue resistance, especially
after heat treatment, making it ideal for long-term loading applications.

e Corrosion Resistance: With its strong corrosion resistance, 6061 is well-suited
for use in the humid environment of Taiwan.

Figure 1. Cleaning robot materials of aluminum alloy plate.

2.1.2. Structural design

In designing the chassis structure, we used SOLIDWORKS for modeling and
analysis. SOLIDWORKS is a powerful 3D design software that provides precise
drawing and modeling tools, effectively supporting the design of complex chassis
structures. First, we created an initial design model based on requirements, considering
chassis strength, rigidity, and weight to meet application needs. At the same time, we
ensured that manufacturability and ease of assembly were considered, resulting in a
simple and efficient structure that is easy to produce.

During the chassis manufacturing phase, a CNC milling machine was used to
produce the chassis parts, ensuring machining accuracy and stability. The CNC milling
machine offers high precision and cutting capability, making it ideal for producing
parts to the exact dimensions and shapes designed in SOLIDWORKS. This not only
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ensures structural consistency but also eliminates errors that may arise from manual
processes.

To guarantee assembly accuracy and structural stability, precision-matched
connections were used between the plates, and high-strength bolts secured the
components. This design and manufacturing process enhance the chassis durability
and load resistance, ensuring stable performance under various loading conditions.

The cleaning robot’s mechanism is planned as a comprehensive system divided
into four main parts: the chassis structure, transmission structure, garbage cleaning
structure, and conveyor belt structure. Based on this, we created the cleaning robot
assembly diagram and parts list, as shown in Figure 2, with detailed descriptions
provided below.
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Figure 2. Cleaning robot structural parts diagram.

a) Chassis structure:

e  Chassis-1 and Chassis-2: Chassis-1 serves as the two main support plates of
the overall chassis structure, providing the foundation for the robot’s main
body. Chassis-2 acts as the connecting piece between the two main support
plates, ensuring the stability and strength of the entire structure. The specific
shapes and designs of Chassis-1 and Chassis-2 are shown in Figure 3.
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el

Figure 3. Chassis structure of cleaning robot.

e  Front Side Plate and Rear: Side Plate: The front side plate primarily supports
the conveyor belt’s transmission structure by providing bearing support for
the front roller, while also serving as the lower support for the garbage
cleaning structure. The rear side plate serves as the rear bearing support for
the conveyor belt’s roller, ensuring the stability of the conveyor belt. The
structures of the front and rear side plates are shown in Figure 4.

Front plate | | Back plate

Figure 4. Chassis side panel structure of cleaning robot structure.

b) Garbage removal structure:

As shown in Figure 5, this component serves as the upper support frame of the
cleaning structure. It has the dual functions of structural support and bearing
positioning to ensure the stability and accuracy of the cleaning action.
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Figure 5. Garbage removal agency of cleaning robot.

C) Garbage conveying structure:

The core objective of the garbage conveyor structure design is to ensure that the
cleaning robot can stably and efficiently transport collected waste to the storage area.
This structure comprises bearings, rollers, support frames, and the conveyor belt’s
transmission system, with all components working cohesively to achieve optimal
performance. Below is a detailed explanation of each component and the method for
calculating the belt length.

Key Components and Design Features:

e  Bearings and Rollers as Main Transmission Components:

The bearings and rollers are critical for stable and efficient garbage transport.
Custom bearings tailored for the rollers were produced using 3D printing technology,
ensuring precise fitting. This approach minimizes errors associated with traditional
machining, resulting in a stable and reliable transmission system after assembly. The
precision integration prevents looseness or misalignment during operation,
maintaining high efficiency in waste transport.

e  Middle Support for Structural Stability:

The middle support, which anchors the bearings, serves as a robust structural
frame. Designed through rigorous mechanical calculations and careful material
selection, the middle support possesses sufficient strength to bear the system’s load
and withstand the pressures of prolonged operation. This design prevents wobbling or
deformation during transmission, ensuring smooth conveyor belt operation. The
structural layout of the middle support is illustrated in Figure 6. This meticulous
design not only extends the system’s lifespan but also enhances overall operational
efficiency.
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Figure 6. Waste hauling agency of cleaning robot.

To ensure smooth operation of the transmission structure, accurately calculating
the belt length is crucial. Based on the geometric parameters of the pulleys and the
structural requirements, the belt length can be calculated using the following equation:

(D —d)?
—i (1
The total belt length (L) is a critical parameter in belt drive systems, influenced
by several geometric factors. It is determined by three key variables: the center
distance (C) between the two pulleys, the diameter of the larger pulley (D), and the
diameter of the smaller pulley (d). These geometric variables collectively define the
configuration and operational performance of the belt system, ensuring adequate
tension and optimal power transmission efficiency. Accurate calculation and
optimization of these parameters are crucial for achieving the desired mechanical
efficiency and ensuring the longevity of the belt system.

T

2.2. Circuit design

Figure 7 illustrates the basic circuit design concept of the cleaning robot, while
Figure 8 depicts the wiring layout. To ensure stable motor control during operation,
the L298N motor driver module is utilized. This module not only regulates current
output but also stabilizes motor operation, enabling the cleaning robot to move reliably
across various terrains and under changing loads. The system incorporates three
L298N driver modules: two control the front and rear pairs of motors for smooth
forward, backward, and turning motions, while the third manages peripheral devices.
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Figure 7. Electronic components integration diagram.
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The trash sorting function is achieved using two servo motors, which transport
waste into designated bins for recyclable and non-recyclable materials. The control
system is centered around an Arduino Mega, which receives high-level commands
from a Raspberry Pi. These commands regulate the L298N modules to drive the
motors, ensuring precise control of movement direction and speed. This coordination
enables the cleaning robot to navigate accurately to desired locations.

To support environmental sensing, the robot is equipped with multiple ultrasonic
sensors, such as the SR04, for real-time monitoring of the surroundings. These sensors
are strategically installed to measure distances between the robot and nearby obstacles,
providing spatial data essential for collision avoidance during cleaning operations. The
collected data is transmitted from the Arduino Mega to the Raspberry Pi via serial
communication for further processing.
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2.3. Software design

This section will explain in detail the software architecture design of the deep
learning model training and garbage classification image detection and recognition
used in YOLOVS5 in the cleaning robot.

Deep learning model training

To enhance the accuracy of the waste classification system, a deep learning model
was trained. A large dataset of waste images was first collected and annotated using
the Labellmg tool, as shown in Figure 9. Features of waste objects in each image were
precisely labeled. Following the annotation process, the labeled data was used to train
the YOLOV5 model. Through iterative backpropagation, the model parameters were
continuously adjusted during the training and validation phases to improve
classification accuracy.

& e

imisiofisiniuiriirm

Figure 9. Labellmg tool feature circle selection.

Once the training process was completed, the optimized model was integrated
into the system for real-time waste classification. This implementation ensures that the
autonomous vehicle achieves reliable classification and tracking capabilities. The
detailed workflow of the image training process is illustrated in Figure 10.
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Figure 10. Garbage classification model training flow chart.
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3. Implementation

This section discusses the development and experimental process of the cleaning
robot, emphasizing the integration of autonomous vehicle control with image
recognition for waste classification. The widely adopted YOLO algorithm is employed
to ensure the efficient and precise detection and classification of objects, as illustrated
in Figure 11.

Image
Recognition

1 1 1
- Cleaning Conveyor Classification

Figure 11. Cleaning robot research architecture diagram.

3.1. The autonomous vehicle system of a cleaning robot

The autonomous vehicle system of the cleaning robot is divided into three main
mechanisms: the cleaning mechanism, the conveyor mechanism, and the sorting
mechanism. Upon receiving commands from the Raspberry Pi, the instructions are
parsed by the Arduino and sent to the respective mechanisms to execute the required
actions and complete the task.

In the Raspberry Pi, Python is used to output control commands and collect
distance data from the ultrasonic sensors, enhancing the robot’s waste classification
capabilities. The Raspberry Pi is also connected to a camera module, which captures
image data of the cleaning area. Using image processing and deep learning algorithms,
the robot identifies object features, determines whether the object is waste, and
classifies it (e.g., aluminum foil, plastic bags, PET bottles, etc.). Based on the
classification result, the Raspberry Pi sends control signals back to the Arduino to
manage the subsequent actions.

This cleaning robot employs mecanum wheels, enabling six different movement
modes: forward, backward, left and right translation, and left and right rotation. These
movement modes facilitate the efficient navigation of the cleaning area, ensuring the
effective removal of waste, as shown in Figure 12.
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Figure 12. Sport mode of clean robot.

In the cleaning mechanism, in order to prevent the mechanism from blocking the
camera’s line of sight, this study uses a set of limit switches to position the cleaning
mechanism so that it does not block the line of sight, as shown in Figure 13. When
image recognition and tracking of objects are in progress, the cleaning mechanism will
be positioned at a higher position without affecting the camera’s recognition of the
object to be tracked.

Figure 13. Use limit of clean robot.

In the cleaning robot, the conveyor belt and cleaning mechanism transmit power
through the belt. As shown in Figure 14, the driving wheel is used to drive the belt
and the driven wheel is rotated to drive the conveyor belt or cleaning mechanism to
rotate, and the combination of the driving wheel and the driven wheel has a
deceleration effect. This combination can optimize the speed of the conveyor belt and
cleaning mechanism.
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Figure 14. Cleaning robot belt drive mechanism.

After detecting the waste, this study designs two panels for sorting purposes.
Upon identifying recyclable and non-recyclable waste, the system receives commands
from the Arduino to activate two sets of servos, which perform the corresponding
sorting actions. The waste is then directed by the panels into the appropriate collection
bins, as shown in Figure 15.

Classification
Authority

Figure 15. Cleaning robot classification mechanism.

3.2. Image recognition of cleaning robots

In the image recognition system, we use technologies such as YOLOvV5 and
Channel and Spatial Reliability Tracking (CSRT). With limited hardware resources,
we use the advantages of software technology to achieve high efficiency and high-
precision recognition purposes.

Among these two technologies, YOLOv5 combined with CSRT has the
following advantages when applied to embedded equipment:

a) Efficient object detection and tracking:
e  YOLOVS is responsible for object detection with high accuracy.
e CSRT is responsible for target tracking, which has certain stability and
reliability even if the target is blocked.
b) Resource optimization:
e  Combined with the CSRT function, computing requirements are reduced.

85



Mechanical Engineering Advances 2025, 3(1), 2150.

e  Since CSRT does not rely on the GPU during tracking, it effectively reduces
resource requirements and improves recognition speed.
c) Good ability to adapt to scenes:
e  YOLOV5 can quickly identify objects in the first scene and is suitable for a
variety of scenes.
e CSRT has been tested on YOLOV5 and can provide stable single object
tracking.
d) Open source and ease of use:
e YOLOVS5 has quite a lot of open-source materials that can be used for
reference.
e CSRT does not rely on additional special equipment and is easy to use on
limited equipment.
The garbage classification image detection module plays a core role in the self-
cleaning vehicle system, identifying and locating garbage objects through real-time
image analysis and tracking. The overall system process is shown in Figure 16.
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Figure 16. Garbage classification image detection and recognition.

a) Capture real-time images: When the system is turned on, the camera starts first
and continues to capture real-time images of the scene for subsequent image
identification and tracking. The real-time image capture function ensures that the
system can update the image in real time, allowing subsequent model calculations
to perform garbage detection based on the latest visual information.

b) Import YOLOVS5 for prediction: Each captured image frame is imported into the
YOLOvV5 deep learning model for object prediction. YOLOV5 has high-
performance real-time object detection capabilities, which can quickly locate
various objects in images and predict their classification. This model has been
trained on a large number of garbage images, so it can accurately identify the type
of garbage.

c) Confidence level screening: In the prediction results of YOLOV5, the system
gives a confidence level for the prediction of each object. If the confidence level
is higher than 0.8, the system determines that the object is garbage. Setting this
confidence level threshold is intended to improve the reliability of detection and
reduce the occurrence of misjudgments, thereby preventing self-propelled
vehicles from tracking irrelevant objects and improving classification accuracy.

d) Switch to CSRT tracking: For objects judged to be garbage, the system will
enable the CSRT tracking method. CSRT is an efficient and accurate object
tracking algorithm that can stably track objects in captured images. CSRT is
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particularly good at tracking fast-moving or partially obscured objects, and has
good anti-noise capabilities, making it suitable for garbage tracking in dynamic
scenes when autonomous vehicles are running. CSRT’s tracking framework uses
spatial and channel reliability to ensure that the target object is continuously
positioned accurately, even if the target is slightly deformed or occluded.
Therefore, when YOLO detects the maximum confidence level w, h of an object,
the parameters are imported into CSRT to track the position of the object in the
image.

Control the Arduino self-propelled vehicle module: The system determines the
relative position of the garbage based on the CSRT tracking results, and generates
corresponding control signals to send to the Arduino self-propelled vehicle
module. The self-propelled vehicle module then automatically adjusts the
direction, steering angle and moving speed based on the image position of the
target object in order to accurately approach and locate the area where the garbage
is located. When the self-propelled vehicle completes its positioning, it starts the
cleaning function and transfers the garbage to the garbage collection module.

In the test samples, as shown in Figure 17, YOLOV5 successfully identified

multiple types of objects, accurately drawing bounding boxes around each one, while
also labeling each object with its class name and predicted confidence score. The
model effectively handles objects of different shapes, sizes, and colors. Even in cases
of partial occlusion or complex backgrounds, it maintained a high level of recognition
accuracy.
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Figure 17. YOLOVS5 target detection results display.

4. Experiment

This section presents the hardware configuration and experimental results of the

cleaning robot. The experiment utilized a camera, ultrasonic sensors, motors, Arduino
Mega 2560, and Raspberry Pi 4. The results demonstrate that the robot successfully
employed YOLOVS5 for waste detection and integrated CSRT for object tracking and
classification.
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4.1. Hardware configuration

The specifications of the hardware equipment used in this experiment are shown
in Table 1, and the cleaning robot result is shown in Figure 18.

Table 1. cleaning robot hardware specifications.

Material Component Specification Quantity
Camera Logitech C922 pro 1
Ultrasound HC-SR04 2
Motor DC12 V 110 rpm 6
Battery 12 V LiPo 1
Buck Module DCtoDC75W (12Vto5V) 1

Microcontroller: ATmega2560
Arduino Mega 2560 Working voltage: 5 V 1
Input voltage: 6-20 V

CPU: Broadcom BCM2711
Cortex-A72 1.5 GHz
RAM: 4G

GPU: VideoCore VI

Driving voltage: 5 V~35V
L298N Drive current: 2 A 3
Max power: 25 W

Raspberry Pi 4

Figure 18. Cleaning robot results.

4.2. Experimental results

The experimental results of the cleaning robot are primarily analyzed from three
aspects: waste detection, waste classification, and cleaning efficiency. First, in waste
detection, the cleaning robot uses the YOLOv5 model to identify waste objects. In the
tests, the detection showed high accuracy for objects with clear shapes and distinct
features (such as plastic bottles and metal cans). However, for irregularly shaped or
deformed waste (such as crumpled packaging paper), the detection accuracy slightly
decreased. Figure 19 presents the results of the waste detection, with green boxes
clearly indicating the successfully detected and identified waste objects.
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Figure 19. The cleaning robot uses YOLOV5 for object detection (green box).

To enhance cleaning efficiency, the system employs the CSRT function for
efficient object tracking after waste detection. Once the YOLOvV5 model completes
the detection, the detection box data is fed into the CSRT algorithm for real-time
tracking. Figure 20 shows the tracking results, with yellow boxes representing stable
tracking of the target objects using CSRT, demonstrating the system’s ability to handle
dynamic scenarios effectively.
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Figure 20. Schematic diagram of cleaning robot tracking using CSRT (yellow box).

In terms of waste classification and handling, the cleaning robot accurately
classifies the waste and places it into the corresponding recycling bins based on the
recognition results from the YOLOvV5 model, as shown in Figure 21. The entire
cleaning and classification process not only verifies the accuracy and efficiency of the
robot system but also highlights its potential for practical applications.

89



Mechanical Engineering Advances 2025, 3(1), 2150.

4 o

Figure 21. Schematic diagram of a cleaning robot recycling garbage.

The following summarizes the accuracy and efficiency of the experiment in
practical applications based on waste detection accuracy, cleaning efficiency, and
waste classification and handling results.

Waste detection accuracy:

e For objects with clear shapes and distinct features, the detection accuracy was

95%.

e  Forirregularly shaped or deformed waste, the detection accuracy was 85%.

Cleaning efficiency:

e  The number of waste objects that can be detected and tracked per hour is 50.
e  The real-time tracking success rate of the CSRT algorithm was 92%.

Waste classification and handling:

e Based on the recognition results from the YOLOv5 model, the waste

classification accuracy reached 90%.

e  Theaccuracy of placing the classified waste into the corresponding recycling bins

was 88%.

Although the detection accuracy for irregular or deformed waste is 85%, possible
solutions include integrating additional sensors, such as depth cameras, to improve the
detection of irregularly shaped waste. Additionally, enhancing the image recognition
model by using more diverse training data can increase the system’s ability to identify
non-standard items. In terms of adaptability to various environments, besides the
robot’s mechanical design allowing agile movement in different settings, robust
control can be introduced to the robot’s control system to enhance its adaptability in
various environments. Finally, for the robot’s energy usage, the future consideration
of using both batteries and solar power can improve the use of sustainable energy.

5. Conclusion

This study successfully designed and implemented a cleaning robot that
integrates mechanical, electronic, and Al software systems, achieving automated
waste detection and classification. The mechanical structure is constructed from CNC
machined 6061 aluminum alloy, providing the necessary strength, precision, and
durability for stable operation in diverse environments. The circuit system, centered
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around the Arduino Mega microcontroller and the L298N motor driver module,
ensures reliable coordination between the drive motors, sensors, and actuators.

The Al software system utilizes YOLOV5 for object detection, combined with
CSRT for real-time tracking, demonstrating excellent performance in waste
recognition and classification. Experimental results show that the robot achieves high
accuracy in detecting various types of waste and exhibits stable classification
capabilities. Additionally, the use of mecanum wheels enables multiple movement
modes, further enhancing the robot’s operational flexibility.

In conclusion, the cleaning robot developed in this study holds significant
potential for waste management applications, offering a scalable and efficient
automated solution for both cleaning and sorting. Future research will focus on
optimizing the system’s computational efficiency, expanding its application to more
complex environments, and integrating sustainable energy sources to maximize its
environmental benefits.
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Abstract: In order to improve thermal comfort of vehicle cab, reduce driver fatigue and
further improve work efficiency, researches on thermal comfort of vehicle cab are
summarized. Research background of thermal comfort for vehicle cab is analyzed. And then
related research progress on thermal environment in vehicle cab is studied from aspect of
time and space, and thermal environment inside and outside vehicle are compared. Affecting
factors of thermal comfort in vehicle cab are discussed in depth, which conclude
thermophysical parameters, human physiological factors, clothing thermal resistance and
other secondary factors. And thermal comfort evaluation indexes are analyzed in depth.
Evaluation methods of thermal comfort in uniform environment are analyzed, related
experimental research and theoretical analysis are summarized, and it also points out some
problems in thermal comfort of vehicle at this stage, and also gives corresponding solutions.
The future trend of thermal comfort of vehicle cab is predicted. Analysis results can provide
theoretical guidance for optimization design of air conditioning supply parameters and
structural parameters, and has significant meaning of improving thermal comfort of vehicle
cab.

Keywords: thermal environment; thermal comfort; thermal model

1. Research background

With the development of the economy, the number of cars has increased rapidly,
according to relevant data, as of the end of 2022, the China’s car ownership was
about 131 million units. By the end of 2023, China’s car ownership had reached 280
million. But in addition to the convenience that people enjoy the car brings, it also
causes a lot of problems. For example, (1) due to excessive heating in summer or too
cold in winter, excessive use of air conditioning consumes huge energy, so the
method of district heating in the car and personalized heating method can be used to
solve the problem of huge energy consumption; (2) at the same time, because
traditional cars use gasoline as the power raw material, the increase in car ownership
is bound to lead to an increase in demand for oil resources, and at the same time, car
travel will emit a large number of pollutants, and will also bring huge pollution to the
environment. Therefore, research on thermal environment and comfort in the
automobile cabin is also an important key topic for energy conservation and
emission reduction. Therefore, the emergence of new energy vehicles can effectively
solve this problem [1].

Development prospects of new energy vehicles are also very impressive.
According to the 2019 Electric Vehicle Outlook Report released by Bloomberg New
Energy Finance, it is estimated that by 2040, there will be 548 million electric
vehicles worldwide, accounting for about 32% of the global passenger car number
by then; (3) there is also no meeting thermal comfort of the driver in the car, for
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example, due to the cold temperature in the car in winter, the human hands and feet
are cold, which affects the speed of hitting the steering wheel and the speed of
pressing the brake, thereby increasing the traffic accident rate. In the car interior,
people are in an environment with light, sound and heat, so the comfort of heat, light
and sound will affect the comprehensive comfort of the human body. Among them,
in the single factor of human comfort research, the earliest and most concerned is
thermal environment, thermal environment to provide people with thermal comfort,
but also to the greatest extent to affect the energy consumption of the entire system,
so this article focuses on the impact of thermal comfort on the human body, but does
not mean that sound, light, and pressure have no effect on the human body in the car
[2,3]. A good thermal comfort environment can also relieve driver fatigue, improve
their irritability, and thus better concentrate and ensure driving safety [4,5]; (4)
finally, because the car body material is thin-walled steel, the specific heat capacity
of the material is very small, so that the heat insulation and heat storage capacity of
the car is poor, so thermal environment inside the car is greatly affected by the
external environment, in real life due to the owner’s negligence, the pet left in the car
resulting in summer high temperature death is common. At the same time, the high
temperature in the car after receiving sun exposure in the static state will not only
bring strong thermal shock to the occupants, but also the excessive temperature in
the car is easy to bring about the aging of internal items, spontaneous combustion of
the interior items, explosion and other hazards [6]. This further demonstrates the
importance of studying interior temperature regulation controllers, which are
currently poorly studied. (5) thermal environment inside the car will also affect the
defrosting and defogging effect of the window surface, which greatly affects the
driver’s driving vision, resulting in unnecessary traffic accidents. Therefore, research
on thermal comfort of automobiles based on the above five points is necessary and
extremely important, which has also attracted the attention of international scholars.

Main contribution is to study research progress on analysis and evaluation of
thermal environment of vehicle cabins. By analyzing existing research results, the
main research directions for thermal comfort of vehicle cabins are proposed to
improve the reliability of research on thermal comfort of vehicle cabins. This is
conducive to proposing more effective measures for thermal comfort of vehicle
cabins, thereby improving thermal comfort of drivers.

2. Progress on thermal environment analysis in vehicle cab

From the first chapter, it can be seen that based on the popularity of vehicles in
people’s lives, research on thermal environment of cockpit has received more and
more attention. During the driving of the car, especially in summer, cockpit is often
uncomfortable for people to ride for a long time in a complex thermal environment
[7]. Therefore, research on thermal environment of the car cabin has also attracted
the attention of international scholars. Since the 70s of the last century, developed
countries in Europe and America have begun to concern problem of thermal
smoothness and thermal comfort of passenger compartment [8]. A good thermal
environment in the car is of great significance to the driver’s driving experience and
driving safety, the cockpit is overheated, and the driver is easy to feel sleepy; Over
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cooling of cockpit can also reduce the agility of driver. thermal environment in cabin
is not only important for the driver’s driving safety, but also for the driving
experience of the passengers. Poor thermal environment in the car can also cause
nausea, vomiting and other adverse physical health conditions of passengers. Airflow
organization in the cockpit of a passenger car is one of the factors that affect thermal
environment in the cabin, which in turn affects thermal comfort level in the cabin [9].
Therefore, improving the airflow organization in the car has also effectively
improved human comfort, which is beneficial to human health and can also achieve
energy-saving effects. Many well-known car companies are also studying ways to
enhance thermal comfort of human body by adjusting airflow organization in the
cabin (adjusting parameters air outlet temperature, outlet speed and relative humidity,
changing airflow distribution in the space) [10]. Airflow organization is used in field
of thermal comfort, and poor airflow organization in cabin causing problems such as
uneven temperature distribution, which reduces thermal comfort level of passenger
car cockpits [11]. Relevant literature knows that there are relevant requirements for
thermal comfort of the cockpit: during cooling process of the cockpit of a passenger
car in summer, the airflow velocity around the occupants is not easy to exceed 0.5
m/s, and the airflow velocity in this range can make the occupants have a slight
feeling of blowing wind, and will not make the occupants feel uncomfortable [12].
Mean temperature in cabin is 22 °C-28 °C, and occupants will be satisfied with
thermal environment in the cabin in this temperature range [13]. When the average
cabin temperature is below 22 °C, the occupants will feel cold; when the temperature
is greater than 28 °C, the crew will feel that thermal environment in cabin is muggy
[14]. Temperature difference between cabin inside and outside cabin in China is
generally 8 °C—10 °C, when ambient temperature is high, temperature difference can
be appropriately amplified to 10 °C-12 °C, and the appropriate temperature
difference inside and outside cabin will make the occupants have a good riding
experience [15]. All these fully illustrate the important role of studying thermal
environment in the car interior on human comfort. This section addresses two aspects.
The first section explains thermal environment in the car from the perspective of
time and space. The second section compares thermal environment inside and
outside car. Vehicle thermal environment analysis is complex and multiple
dimensional, which relating to temperature, humidity, velocity and other factors, two
aspects of this section conclude thermal analysis from aspect of time and space, and
comparative analysis of thermal environment inside and outside car.

2.1. Analysis from perspective of space

Thermal environment includes the steady-state thermal environment and
transient thermal environment from perspective of time, and analysis includes
uniform thermal environment and non-uniform thermal environment from the spatial
perspective. In summer heat, the cockpit turns on the air conditioning, and the
physical activity most closely related to cockpit thermal environment is heat transfer.
There are five ways of heat transfer: heat conduction, heat convection, heat radiation
sweating and heat loss, and it is precisely because of the use of car air conditioning
and the dynamic influence of weather that thermal environment inside the car is
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uneven and transient [16]. Therefore, unlike indoor buildings that use a steady-state
and uniform thermal environment, interior of a car is an unsteady state and a
non-uniform thermal environment based on the above characteristics. When the early
researchers did not have perfect research methods, scholars from various countries
analyzed thermal environment of the car cabin through numerical simulation and
modeling [17].

Chien et al. [18] used numerical simulation to analyze and simulate the
temperature field and flow conditions in the cabin of the automobile, and also
analyzed the cooling cycle and coupling heat transfer on top, bottom and two sides
of cabin, and studied the direct effect of the heat flux of the automobile air
conditioning system, body maintenance structure, and the heat dissipation factors of
human body on the “heat-flow” field. Influence of multiple factors on the flow field
inside the cabin was analyzed. However, it did not study external climatic conditions
as influencing factors. Zhang [19] conducted an internal flow field analysis on the
three-dimensional model of the carriage under manned and unmanned conditions,
and compared with experimental results, it was found that maximum error of
numerical simulation was concentrated in the head area of the human body. Based on
simulation of flow field in car, Che [20] analyzed the influence of the gap between
the seat and the door on the flow field characteristics in passenger compartment.

Lu et al. [21] used computational fluid dynamics to simulate and analyze flow
field in the passenger compartment of a heavy goods vehicle, and adopted the
equivalent temperature evaluation standard for thermal comfort of the personnel in
the vehicle, and results showed that uneven distribution of air volume in each air
duct will make the airflow organization of the internal flow field of the car
unreasonable, thereby reducing thermal comfort of the personnel in the vehicle. Kilic
et al. [22] studied temperature and humidity features of various positions under the
two working conditions of air conditioning heating and cooling in car cabin, and
preliminarily discussed influence of thermal environment on the skin temperature
and thermal sensation of occupants. Alahmer et al. [23] studied the overall and local
thermal sensation and thermal comfort of human body under different humidity
through experiment and numerical simulation, and experimental and simulation
results showed that relative humidity controlled by air conditioning system in the
heating and cooling process (winter and summer conditions respectively) reached
human comfort zone faster than when relative humidity was not controlled, but the
humidity had less influence on thermal comfort of human body in steady-state stage,
and the measured temperature and the simulated temperature were compared.
Results show that most significant influence of humidity on temperature and
occupant thermal sensation is at the beginning of refrigeration, and when the
humidity value tends to be stable, the effect is not obvious.

Myoung et al. [24] studied the quantitative energy-saving effect of local air
conditioning system, and analyzed thermal comfort in cabin from different angles by
adjusting the front and top air supply ratio, air supply temperature, air supply speed,
etc. Lai et al. [25] studied the influence of uniformity of airflow at air outlet of
automobile air conditioning on thermal environment of the cockpit, and found that
when the air flow of the air outlet is uniform, cooling effect of cockpit is relatively
good, flow field and temperature distribution in cabin are also relatively uniform,
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and thermal comfort level of the occupants is relatively good. Zhang et al. [26]
carried out numerical simulation of the three-dimensional flow field and thermal
environment in a certain car, obtained the distribution of speed field, temperature
field, PMV and PPD, however PMV and PPD cannot suit for cars, and calculated the
distribution of air age in the passenger compartment. Moon et al. [27] compared and
analyzed the two thermal comfort evaluation indicators of PMV-PPD and equivalent
temperature under multi-band and single-spectrum radiation models, and the results
showed that considering effect of multi-band solar radiation, temperature near driver
and passenger increased by 1 °C-2 °C, and equivalent temperature can predict the
local change of thermal comfort level in passenger compartment.

Wang et al. [28] carried out climate experiments in Turpan to analyze climatic
characteristics and study the changing characteristics of thermal environment of local
automobiles under different climatic conditions, so as to provide experimental basis
for research and development of automotive products in the dry heat environment of
Turpan. Danca et al. [29] measured temperature and speed at various locations in the
passenger compartment and calculated PMV-PPD thermal comfort evaluation
indicators. However, PMV-PDD can only be used as evaluation index for building,
which is not suit for cars. Giri et al. [30] applied CFD software to study
two-dimensional ventilation of the cockpit in the parking stage, and studied thermal
comfort of cockpit through analysis of the two-dimensional temperature field and
speed field of the cockpit, and found that the air circulation in the cabin was
improved with increase of air outlet speed, and temperature field distribution of
cockpit tended to be uniform with increase of air outlet velocity, and heat
accumulation and ventilation problems in the cabin were also greatly improved. He
[31] studied influence of various crowd densities on thermal environment of cabin,
evaluated thermal environment of cabin based on PMYV, compared airflow velocity
and occupant thermal comfort in the cabin with different crowd density, and the
results showed that the different crowd density had a greater impact on thermal
comfort of the cabin, which changed with the change of crowd density.

Mohammad et al. [32] conducted on-site measurements of three cars with
different front windshield insulation rates, monitored the changes of thermal
environment in car and dynamic thermal response of occupants, and studied effect of
changes in characteristics of front windshield on thermal comfort inside the car
under solar radiation. Experimental results show that improving heat insulation rate
of front windshield can better improve thermal environment in car and reduce
intensity of thermal shock when the occupants enter the car during the heating stage.
However, in the cooling stage, due to air conditioning and cooling, improvement of
heat insulation rate of the front windshield has less effect on improvement of thermal
environment and thermal comfort in the car. Lii et al. [33] studied influence of the
angle of the air outlet grille on thermal comfort of cockpit in extreme thermal
environment, and analyzed the temperature field and speed field of the cockpit by
optimizing and analyzing parameters of the air duct grille, and found that adjusting
the parameters of the style grille can avoid the phenomenon of poor heat dissipation
caused by the speed dead zone.

Zhong et al. [34] carried out modal behaviors and stochastic dynamics analysis
of a composite cabin-like combined structure, and studied effect of aero-thermal
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factor on dynamic characteristics of combined structure. Riaz et al. [35] designed
and installed an air-conditioned cabin on a tractor, and carried out experiment to
valuate installed cabin performance under two scenarios concluding, conventional
(S-I) and enhanced (S-II) air distribution. Meshing of air-conditioned cabin is
illustrated in Figure 1, simulation results are illustrated in Figure 2.

et T

T

Figure 1. Diagram of meshing of the air-conditioned cabin.

1500 1900 2300 27.00 31.00 3500 3000 3910 4820 57.31 6641 7551 0 1600 3200 4800 6.400 8.000

Temperature (Fluid) [*C) Relative Humidity [%] Velocity [mys]

(a) (b) (©
Figure 2. CFD simulation results of cross sectional view of the tractor cabin: (a) Temperature; (b) relative humidity;
(¢) velocity. 104[K]

Hadi et al. [36] studied effect of solar intensity at different angles on air
temperature inside a parking car based on CFD simulation. Temperature distributions
at car center plane for various solar angles were shown in Figure 3. Due to thermal
boundary layer, air temperature near heated inner surface is higher than that far away.
Velocity distribution at car center plane for various solar angles is shown in Figure
4.
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(a) 54°

(d) —63°
Figure 3. Temperature contours at car center plane for different solar angles.
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(a) 54°

(b) —54°

(c) 72°

(d) —72°
Figure 4. Velocity distribution at car center plane for various solar angles.
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Wang et al. [37] carried out numerical analysis for a partitioned heat transfer
wall setting of high-speed train cabin, and obtained average deviation of the airflow
velocity and temperature respectively. Analysis results showed vortices in seating
area, a significant longitudinal airflow and an increasing temperature near the
carriage ends. Compartment’s thermal environment and the acceptance of airflow
were further analyzed. Longitudinal section airflow temperature fields of high-speed
train cabin were shown in Figure 5. there is a significant temperature heterogeneity
along the longitudinal direction of the cabin, with an overall low temperature in the
middle and a high temperature at ends. Longitudinal section airflow velocity fields
of high-speed train cabin were shown in Figure 6. The exhaust air influences the end
airflow, so the longitudinal airflow is quite noticeable, and this longitudinal airflow
may bring about the diffusion of pollutants.

As seen from existing research achievements, thermal comfort analysis of
vehicle cab from aspect of time and space has been studied by many scientists, main
research focuses on influence of season, weather, time (such as morning and evening,
daytime), and vehicle driving status (such as stationary, driving) on the thermal
comfort of drivers in terms of cabin air temperature and humidity. Following
limitations are summarized:

(1) Numerical computing method is main means of analyzing thermal
environment of vehicle, current numerical methods ignore natural convection heat
transfer of airflow, which cause big analysis error.

(2) Experimental verification is an important means of ensuring correctness and
reliability of thermal environmental analysis, however limitation of experimental
conditions can cause incorrectness of analysis results.

(3) Thermal environmental analysis of vehicle is affected by many outer factors,
such as temperature, wind velocity, these factors often change randomly, which are
difficult to be controlled. Further exploration is needed to investigate the impact of
the coupled effects of multiple factors in the driver’s cabin on their thermal comfort.

(2)Y=0.25m
il A B s L R R . T

CUNGRERELL .

(b)Y =-0.76m

(c)f=1.1m
Temperature ("C): 23.5 24 24.5 25 255 2 265 7

Figure 5. Longitudinal section airflow temperature fields of high-speed train cabin.
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Figure 6. Longitudinal section airflow velocity fields of high-speed train cabin.

2.2. Comparative analysis of thermal environment inside and outside the
vehicle focusing on solar radiation

Thermal environments inside and outside vehicles are two completely different
systems, which have unique characteristics and influencing factors. Changes in
temperature outside vehicle should be concerned for better regulating temperature
inside and improve driving comfort. Comparative analysis of thermal environment
inside and outside the vehicle is summarized.

Early studies are all about thermal environment inside the car, mainly studying
thermophysical parameters that affect human thermal comfort, such as air
temperature, relative humidity, average radiation temperature, relative air speed, etc.
As well as two separate but related parameters, on the one hand, the level of activity
provided by metabolism. On the other hand, it is thermal resistance of clothing. Zhou
et al. [38] conducted a test of human thermal comfort under bus driving conditions,
and conducted tests under indoor and outdoor parking conditions for convenience
comparison. The study concluded that automotive thermal comfort studies should be
conducted under transient conditions, with a good correlation between average skin
temperature and average thermal sensation.

Yi et al. [39] applied a cooling film in solar spectra and high emissivity in
atmospheric window, and measured inside air temperatures. Solar irradiation and
heat transfer through two boxes were illustrated in Figure 7.
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Figure 7. Solar irradiation and heat transfer through the two boxes: (a) silica glazing; (b) transparent cooling film

covered glazing.

Chaiyapinunt et al. [40] studied influence of solar radiation on thermal comfort
for a person near a glass window. Thermal comfort of a person is evaluated. Setiyo et
al. [41] studied features of solar cells-based cabin cooler system, results showed that
car cabin cooler can decrease cabin temperature by 9.8 °C. Vehicle cab is considered
to be contaminated with high condition of compounds [42]. Especially in the high
temperature environments of summer, it is observed that internal parts of vehicle
cause more air pollutants and influence people’s health [43].

Levinson et al. [44] measured the immersion temperature of two housing
vehicles with high and low solar reflectance and found that solar radiation caused
increased load on vehicles with low solar reflectance. Bhavsar et al. [45] grasped
temperature changes in cabin of a closed vehicle under sunlight for 150 min. This
environment is uncomfortable for passengers and can lead to suffocation until
vehicle is completely ventilated. Some scientists analyzed thermal environment of
cockpit under solar radiation and no solar radiation, and used PMV-PPD to evaluate
thermal environment. PMV is not suitable for cars.

Yang et al. [46] studied human thermal comfort needs with standing and
treadmill workstations based on experiment, results showed that temperature
changing from 20 to 26 °C could meet most occupants. Zhang et al. [47] established
CPMV* index based on CPMV model, considering solar diffusion coefficient, which
further improved the accuracy of thermal environment evaluation model under solar
radiation conditions. Huang et al. [48] sorted out and compared 8 thermal sensory
evaluation indicators and models under effect of solar radiation effects, and proposed
a SC-PMV model, which is analogous to outdoor comprehensive air temperature,
which regards solar radiation as a component of air temperature, and calculates and
analyzes the measured data in Lhasa in winter, and finds that the SC-PMV model has
good predictability. Yang et al. [49] of Tongji University used a combination of
experiment and numerical simulation to study thermal comfort of the cockpit, and
studied that the solar altitude angle and solar radiation intensity have a great
influence on thermal comfort level of the cockpit, and found that the temperature in
the cabin increased with the increase of solar radiation, indicating that solar radiation
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intensity has an important effect on thermal comfort.

Hirn et al. [50] studied effect of radiation intensity and wavelength on cockpit
thermal comfort, results shows that solar radiation has a great effect on thermal
comfort. The above is a comparative analysis of thermal environment inside and
outside the car, but there is little research on the interior wall of the car, but in fact,
multiple walls in the cabin have an important effect on thermal comfort. Second,
although thermal environment in the car cabin has been extensively studied, there are
still some problems. If there is no comparative analysis of thermal environment in
the car when parking and driving. Failed to relate wall temperature to space
temperature field. Considering the quantitative effect of automotive window glass
materials on the ability to absorb sunlight, it has little quantitative effect on thermal
environment inside the car. Regarding the latest progress of windshields, Kong [51]
and others of Chongqing University studied the influence of thermal insulation rate
of the front windshield on thermal comfort level of the cockpit, and carried out the
test of three different thermal insulation coefficients of glass on thermal environment
of the cockpit and the dynamic thermal response of the occupants, and found that
improving thermal insulation coefficient of the front windshield can improve thermal
environment of the cabin in the warming stage and improve thermal comfort level of
the cockpit. Zhang et al. [52] studied the influence of characteristics of the window
on thermal environment of cockpit, and analyzed effect of various heat conduction
methods on temperature in the cockpit, and the results showed that influence of solar
radiation on thermal environment in cockpit was relatively large, different types of
glass had different transmittance, the transmittance had a greater impact on thermal
comfort of cockpit, and the absorption rate of the glass surface had little effect on the
cockpit.

There is no reference to the measurement techniques used to evaluate
microclimate conditions in cars compared to buildings. Cars are heterogeneous
environments where no single microclimatic parameter can be deemed homogeneous.
This is particularly true for mean radiant temperature, which necessitates specialized
instruments for accurate evaluation.

According to existing achievements, research trend of thermal environment
inside and outside vehicle cab mainly reflects in equal emphasis on health and
comfort, application of intelligent technology, integration of thermal management
systems, and adaptability to extreme weather conditions. These trends will drive
continuous development and innovation of automotive industry, providing drivers
with safer, more comfortable, and environmentally friendly travel experiences.
Vehicle climate measurement technology uses a series of sensors and control systems
to measure and adjust real-time parameters such as temperature, humidity, and air
quality inside the car, creating a comfortable and healthy riding environment. With
the continuous development of technology, future car climate measurement systems
will become more intelligent, integrated, and environmentally friendly, providing
passengers with a more comfortable and healthy riding environment.

3. Factors influencing thermal comfort in car

Factors effecting thermal comfort can be divided into thermophysical
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parameters and human physiology, psychological factors and clothing thermal
resistance. Among them, human physiology, psychology and clothing thermal
resistance are independent but interrelated. The thermophysical parameters contain
four aspects: air temperature, humidity, air velocity, and mean radiation temperature.

3.1. Thermophysical parameters

(1) Air temperature

Temperature inside the car is the main indicator of thermal environment and
main factor affecting thermal comfort, which directly affects the heat exchange
between human body and air through convection and radiation, air temperature is
affected by the heat transfer by radiation (transparent and opaque walls), not vice
versa [53]. When ambient temperature rises, perspiration increases, and subjective
thermal sensation will be biased towards the direction of heat.

(2) Relative humidity

Past studies have shown that relative humidity of the air has little influence on
human thermal comfort at 30%—70% [54]. Therefore, the influence of air humidity
has often been overlooked in previous studies of passenger compartment thermal
comfort. But in fact, air humidity directly or indirectly affects thermal comfort.
Zhang et al. [55] studied effect of different driving states on thermal comfort of
occupants, and results showed that different driving states influence temperature
distribution in cabin, and relative humidity of the cockpit also changes relative. Air
humidity also affects the moisture diffusion of the skin and the balance of the body’s
energy metabolism. MO et al. [56] study influence of relative humidity in passenger
compartment on human thermal comfort based on PMV-PPD. Results illustrate that
when cabin air temperature is fixed, the relative humidity change will cause the
change of human heat, and the higher cabin temperature, the more obvious influence
of relative humidity on thermal comfort.

(3) Air velocity

Air velocity affects thermal comfort of human body by affecting convective
heat transfer and air evaporation. Experimental studies that different wind speeds
have significant differences in human body temperature, and under low temperature
conditions, wind speed increases, human body temperature decreases, and the greater
wind velocity, the lower body temperature [57].

(4) Average radiation temperature

Ambient radiation temperature inside the car includes solar radiation and heat
exchange between human body and interior surface of car in form of radiation.
Zhang [58] of Jilin University pointed out in study of thermal environment of
automobile space that the temperature of the part of the car exposed to direct sunlight
can be as high as 90 °C or more in summer under solar radiation heat transfer, Wang
Weijian also verified through experiments that the air temperature in the car can
quickly rise to 60 °C—70 °C when exposed to the sun for 30 min.

3.2. Human physiological factors

Human body has a self-regulating function and can cope with various thermal
conditions. When people move from a warm environment to a cold environment,
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body will be suit for new environment through a series of complex physiological
processes, including vasoconstriction, shivering. At the same time, heat transfer
between human body and thermal environment is also a complex. The human
thermoregulatory system dynamically responds to its environment, keeping body’s
main temperature.

The physiological model of the human body concludes two parts: passive
system and active system. Passive systems describe heat transfer to human body and
its surfaces. The rate of thermoregulation reaction depends on the actual deviation of
the core temperature and skin temperature from the set temperature. The
classification of human thermoregulation models takes into account single-node,
two-node, multi-node, 3D models with up to thousands of nodes [59,60]. At the
present only these models can be considered suitable for cars: 3D models like: JOS-3
model, but it has been validated on naked subjects, but it has been validated on
naked subjects, open source is developed [61]. Fiala Ergonsim model, but it is not a
free software. THERMODE 2023, specifically designed to account for microclimatic
inhomogeneities (potentially suitable for cars), provided with a thermal sensation
model [62] and UCB model [63].

3.3. Clothing thermal resistance

Clothing also plays a very important role in human heat comfort by keeping
warm and slowing down the evaporation and diffusion of sweat on the body surface
in the heat exchange of the human body. Zhang et al. [64] studied the influence of
clothing resistance and activity level on thermal comfort level of the cabin based on
PMV evaluation indicators, and the results showed that clothing resistance and
thermal comfort of clothing had a related effect, resulting in different perceptions of
thermal environment of the occupants. Common winter clothing thermal resistance is
shown in Table 1.

Table 1. Common winter clothing thermal resistance.

Clothing Thermal resistance/clo
sweater 0.28
Regular long sleeve 0.25
Down jacket 0.55
Regular pants 0.10

Regular pants 0.10 The current calculation of clothing thermal resistance is
often a warm body dummy as a test tool, and there are generally three models:
parallel model, serial model and global model. These three types of calculation
methods use different calculation methods due to different modes of application.
Both the parallel model and the serial model are related to the local thermal
resistance of the garment. The total thermal resistance of the garment is the weighted
average of the local thermal resistance of each region. Among them, the parallel
model is the reciprocal of the sum of the reciprocal thermal resistance weights of
each segment, and the serial model first finds the local thermal resistance of each
segment of the dummy, and then weights thermal resistance value of the clothing.
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Table 2 selects several typical dummies for analysis from the development process
of various warm body dummies, and summarizes whether they can test the local
thermal resistance of clothing.

Table 2. Various types of warm body dummys and their characteristics.

‘Whether thermal resistance

Year Name Dummy type Country Key character of clothing can be tested
1942 SAM Cell segment United States It does nqt r'eﬂect the temperature distribution No
dummy characteristics of the human body.
Simulated sweating is realized by spraying water
The first heating of the fabric covered by the surface of the
generation of Non-sweatin dummy, but it is limited by the experimenter’s
1969  warm body g & United States different experience of spraying water and heating No
manikin . Cor
dummy time, which is not very accurate and has poor
improvement repeatability, but it provides ideas for the future
development of dummy simulation sweating.
Sweatin Improved two-part test method, using one-step test,
2002  Walter alng China the world’s first simultaneous test of thermal Yes
manikin . .
resistance and wet resistance [61].
2011  Newton Swegtl'ng United States Separately c'ontr'ol heating and sweating in the first Yes
manikin interval, which is more commercial [62].

Effect of body movements and air action on the clothing’s thermophysical
properties as described in ISO 9920 should be considered. When human body is in
motion, thermal resistance of clothing decreases due to an increase in convective
heat dissipation. Air action during human movement on thermal properties of
clothing is multifaceted, including increased convective heat dissipation, changes in
the air layer under clothing, sweat evaporation and humidity regulation, as well as
the influence of clothing materials and structure. These factors work together to
determine the insulation and breathability of clothing during human movement.

3.4. Other secondary factors

There are also factors that are widely believed to affect a person’s thermal
comfort, including age, gender, race, region, etc. [65,66]. The basic metabolic rate of
people body will gradually decrease with age, but evaporation rate of sweat on skin
also decreases with age, which is reflected in the heat balance equation for the
human body’s heat production and heat dissipation to reduce simultaneously, so the
part affected by age cancels each other. The relationship between gender and human
comfort has been studied and analyzed by many scholars.

Fabbri et al. [67] analyzed thermal comfort in kindergarten environment of 4-
and 5-year-olds. Experiments have shown that children can clearly distinguish
thermal comfort and can express their thermal sensation in terms of thermal comfort,
and under same conditions, children have higher PMV than adults.

Li et al. [68] conducted experimental studies on more than 28,000 subjects from
different climatic regions in China, and more than 500 subjects conducted simulated
climatic conditions in the laboratory. The experimental results show that the same
thermal comfort value means different things to people in different climatic regions,
so thermal comfort standard needs to be divided by region.
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4. Thermal comfort evaluation index

At present, most of thermal comfort evaluation models are suitable for the
construction field, that is, suitable for steady-state, uniform indoor thermal
environment. Li et al. [69] will conduct detailed research on the authoritative
standards currently applied to thermal comfort evaluation in buildings, clarify the
scope of application and evaluation accuracy of each standard, and clearly classify
and organize the standards and performance evaluation. The study concludes the
future development trend of human thermal comfort and advantages and
disadvantages of thermal comfort evaluation standards, which provides a theoretical
basis for the use of thermal comfort evaluation in China’s building environment [70].

However, for automobile unsteady state, the evaluation index research of
non-uniform thermal environment is relatively late compared with the development
of the construction field. In this paper, different thermal comfort evaluation methods
will be explained from two aspects: uniform thermal environment and non-uniform
thermal environment. Among them, there are 4 uniform thermal environment
evaluation indicators. They are PMV-PPD evaluation method, effective temperature
ET evaluation index, and standard effective temperature SET evaluation index. There
are three evaluation indicators for the comfort of non-uniform thermal environment.
They are weighted PMV index, equivalent temperature EQT evaluation method and
equivalent temperature EHT evaluation method. Common evaluation indicators are
illustrated in Table 3.

Table 3. Thermal environment comfort evaluation indicators.

Evaluation index Founder Limitations

PMV-PPD Fanger Non-uniform thermal environments cannot be evaluated

Weights do not accurately reflect the impact of this factor

Weighting PMV ~ Matsunagc Ingcrsoll on overall comfort

Overall thermal comfort cannot be evaluated, AEQT

EQT SAE 12234-2001 metrics are required
EHT Wyon Overall thermal comfort cannot be evaluated
TSV UC-Berkeley It is necessary to use warm body dummy experiments,

which are costly

4.1. Evaluation method of thermal comfort in uniform thermal
environment

(1) ASHRAE seven-point scale subjective evaluation method ASHRAE
seven-point scale evaluation method is a subjective thermal comfort evaluation
model, which divides the body’s thermal sensation of thermal environment into 7
levels of heat (+3), warm (+2), slightly warm (+1), neutral (0), slightly cool (—1),
cool (—2) and cold (—3), as shown in Table 4, by organizing a certain number of
evaluators to make 7 according to their own thermal sensation of the evaluation
target is evaluated in one of the grades, and finally thermal comfort of target under
different operating conditions is obtained.

At the same time, Santos Silva et al. evaluated and analyzed the low-speed and
high-speed models according to ASHRAE Standard 55 to obtain different long-term
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indices [71]. Simulation experiments are used to show that different indicators can
lead to different results, but the trend is not much different. The subjective evaluation
method is suitable for both steady and transient conditions, which is applied for both
overall thermal comfort evaluation and local thermal comfort evaluation of the
human body, but the method has greater subjectivity, and its evaluation results will
be largely affected by the evaluators’ own reasonable judgment of thermal comfort,
and must face the real thermal environment, so it is difficult to apply to thermal
comfort research work in the automobile development stage.

Table 4. Subjective evaluation index of human thermal sensation.

Bedford ASHRAE Gagge & Hardy
1 cold cold comfortable
2 cool cool Slight comfort
3 Comfortable and cool  slight uncomfortable
4 Neutral comfort neutral Very uncomfortable
5 Cozy and warm Mild warmth
6 warm warm
7 hot hot

(2) PMV-PPD evaluation method

Human thermal comfort equation and the ASHRAE seven-point scale as the
starting point were taken, and curved and analyzed thermal sensory data under the
four metabolic rates were obtained by the subjective sensory test conducted, and
PMV-PPD thermal comfort evaluation system was obtained. PPD indicator is
defined as percentage of people who are dissatisfied with thermal environment.
Therefore, its value ranges between 0 and 1, and the lower the value, the more
people are satisfied with thermal environment. This method comprehensively
considers six factors: human activity, clothing thermal resistance, air temperature,
average radiation temperature, air flow rate and relative air temperature.
Corresponding to the ASHRAE temperature sensing range, the indexing of PMV, as
illustrated in Table 5, PMV indicates feeling of heat and cold in vast majority of
people in same hot environment, using a total of 7 stages of comfort evaluation from
—3 (cold feeling) ~ 0 (intermediate feeling) ~ +3 (heat feeling). The correlation
between PMV and PPD populations and predicted average turnout is shown in
Figure 8 [72].
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Figure 8. Correlation between PVD prediction average turnout.

Table 5. PMV thermal comfort index.

Thermal sensation

Hot

Warm Slightly warm Neural Slightly cool Cool Cold

PMV

+3

+2 +1 0 -1 -2 -3

Human thermal comfort equation and PMV-PPD evaluation index have always
been the theoretical basis of international research on human thermal comfort, and
have been widely used by ISO 7730 as indoor thermal environment comfort
evaluation index. Zhang [73] found that PMV can be used correctly to predict
thermal comfort of car. Thermal environment in a mobile car is uneven due to rapid
changes in solar radiation and an uneven air temperature. Therefore, there are four
shortcomings in the PMV-PPD evaluation method: Because theory is based on test
results in thermal environment close to human comfort zone, and the non-test area is
predicted by formula, the use of this index in environment far from the comfort zone
will obtain inaccurate conclusions; The method does not consider the influence of
regional, age and sex differences, but many scholars believe that differences in
metabolism due to differences in sex and age, and different regional climates will
also cause people’s adaptability to thermal environment and different psychological
expectations, which all lead to the limitations of the method. The method is an
overall evaluation method of thermal environment, the parameters used in the PMV
index are some average quantities, such as treating people as a whole, taking the
average of the temperature and pressure around the human body, M and W are also
averaged, this simplification is suitable for a uniform thermal environment with a
large space, and local thermal comfort problem of occupants that is common in
non-uniform thermal environment of car seating space is not applicable; This method
is a steady-state thermal comfort evaluation method, which is not applicable to
transient environments in the car, such as air conditioning refrigeration and heating
processes.

Although PMV indicators have been widely used in building thermal comfort
assessment, their application in vehicle environments is limited. Main reason is that
internal environment of a vehicle is a highly uneven and non-stationary environment
and interior space of the vehicle is relatively small. Therefore, in the assessment of
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vehicle thermal comfort, multiple factors such as passenger expectations, individual
differences, environmental parameters, etc. need to be comprehensively considered
to provide more accurate and reliable evaluation results.

(3) Effective temperature (ET) evaluation index Effective temperature (ET)
human body thermal comfort evaluation index comprehensively considers the
influence of dry bulb temperature, humidity and air flow rate on human thermal
comfort, it is numerically equal to the temperature of static saturated air that
produces the same feeling, this index has been used by HVAC engineers in the field
of building environment for nearly 50 years, but because this indicator
overemphasizes the influence of humidity at low temperatures, and the influence of
humidity at high temperatures is not emphasized enough. It caused the inherent
defects of the effective temperature index and was gradually replaced by a new
effective temperature index [74].

(4) Standard effective temperature (SET) evaluation index

SET is defined as the subject’s wearing standard clothing (clothing thermal
resistance of 0.6¢clo) in a thermal environment, and subject’s average skin
temperature and skin temperature are same as thermal resistance of a certain real
thermal environment and clothing of the actual clothing. It is believed that human
body has same amount of heat dissipation in standard thermal environment and the
actual thermal environment.

(5) Thermoregulation model JOS-3

Thermoregulation models that accurately consider factors such as clothing,
sweating, and microclimatic variations should be concerned. Some scientists
developed a thermoregulation model JOS-3 based on JOS-2. Human physiological
responses and body temperatures are calculated using the backward difference
method. JOS-3 has a higher accuracy for heat production in young and older subjects
and mean skin temperature in older subjects than JOS-2 under cold environmental
conditions.

4.2. Evaluation of comfort in non-uniform thermal environment

(1) Weighted PMV index Weighting

There are two weighting methods for PMV indicators. Including equivalent
temperature weighting and body segment area weighting, it is an evaluation method
for weighted average of environmental parameters in non-uniform environment in
PMYV indexes and then referring to PMYV, but the weight of thermal comfort in local
parts of human body to the overall thermal comfort of human body cannot be
accurately obtained, and Han et al. [75] used weighted PMV for main evaluation
parameters of human thermal comfort in non-uniform thermal environment. The
index and the weight value of the local heat sensitivity of the human body to overall
heat sensitivity studied by Crawshaw et al. [76] analyzed the influence of different
distribution of air return outlets in the car on human thermal comfort.

(2) Equivalent temperature (EQT) evaluation method

Equivalent temperature EQT index refers to an ideal space environment with a
relative humidity of 50%, when real ambient temperature and heat dissipation of a
certain part of the dummy’s body are equal, air temperature is defined as equivalent
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temperature of the part [77]. Equivalent temperature considers air temperature, air
velocity and radiation influence, divides the human body into 15 segments. Human
effective radiation area coefficient is listed in Table 6.

Table 6. Human effective radiation area coefficient.

Fanger Guibert&Taylor
Sitting position 0.70 0.70
Standing posture 0.72 0.78
Semi-vertical posture - 0.72

(3) Equivalent uniform temperature (EHT) evaluation method

Huang et al. [78] proposed equivalent uniform temperature (EHT). First set an
ideal uniform environment, air temperature is equal to mean radiation temperature,
no temperature gradient and air flow, in the case of the same amount of clothing and
metabolic intensity, if a part of body in a non-uniform environment is equal to its
heat dissipation in uniform environment, the air temperature in uniform environment
is called EHT in a non-uniform environment.

4.3. Thermal comfort research methods

Currently, there are three main models of thermal comfort. One is experimental
research, the second is theoretical analysis, and the third is numerical simulation
methods. This section will elaborate on the above three aspects.

(1) Experimental research

Experimental research is guided by scientific principles, establishing an
experimental platform that matches research topic, and finally obtaining
experimental results by changing the set parameters [79]. Experimental methods can
often test the comfort of human body in a real environment or a specific space in a
thermal environment, and offer a factual basis for theoretical research. Experimental
methods include the climate simulation room experimental method and the field test
record analysis method, both of which require a statistical analysis of the subjective
thermal comfort of the person being tested. Although the experimental method is
convincing, it often requires repeated experiments many times, and generally has
high requirements for experimental conditions. And when measuring experimental
data, there will be experimental errors. If the measurement results are affected by
human factors, such as when measuring the surface temperature of human skin with
a thermocouple, the thermocouple is not well bonded to the skin and affects the
measurement results, or the assembly of personalized heating equipment and heat
insulation devices does not ensure sufficient airtightness, which will have a certain
impact on the temperature measurement value and the time for the human body to
achieve thermal comfort.

Since the experiment is a subjective questionnaire survey of local and overall
thermal sensation and thermal comfort of experimenter, the survey results will be
affected by the gender, psychological factors, cold tolerance and other factors of the
experimenter. Therefore, the development of a psychological scale on thermal
comfort to estimate the reliability and validity of questionnaires will minimize errors.
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Currently, there are generally three experimental data collection
techniques—invasive, semi-invasive, and non-invasive measurements [80].
Traditionally, invasive measurements are performed directly on the human body with
lab equipment. Although the data obtained from invasive measurements is fairly
accurate, current predictive models based on invasive measurements generally
perform well. For example, Kong et al. [81] provide a new method for assessing
personal thermal comfort. This method computes inspection index to infer subtle
changes in blood flow on facial skin.

In recent years, experimental research methods have mainly studied thermal
comfort of wvehicles during actual driving through measurement and
electroencephalogram (EEQG), skin temperature, heart rate variability.

Electroencephalogram (EEG) is a physiological and neuroscientific method that
quickly reflects electrophysiological activity throughout cortex and scalp surface
[82]. EEG can record brain’s central nervous system [83]. EEG can be applied to
judge various neurological disorders [84]. EEG signal is weak [85]. Related studies
are experiments in which electroencephalograms (EEGs) are collected by placing
specialized electrodes. EEG data is used to develop models that classify thermal
comfort state of subjects. Wang [86] studied the effect of vehicle temperature on
cognitive ability and EEG on the basis of evaluating EEG characteristics. Results
illustrated that cognitive ability of driver decreased with increase of temperature.

Park et al. [87] proposed a method to predict individual thermal status by
measuring different human body indexes. Liu et al. [88] proposed a method that
could identify 12 human poses to predict thermal discomfort. Luo et al. [89]
presented a thermal image-based means to evaluate thermal comfort by measuring
facial skin temperature. Qavidel et al. [90] used wearable sensor to obtain skin
temperature data. Culi¢ et al. [91] studied differences between heat map pairs and
introduced a personal thermal comfort prediction method. Mehnatkesh et al. [92]
proposed a personal thermosensory index by measuring physiological parameters.
Bode [93] proposes a new electric vehicle seat heating strategy based on the heat
sensitivity of human skin. A new method using deep neural networks to extract gray
information of face thermal images and predict individual thermal comfort states. A
deep learning-based ResNet34embedded spatial attention mechanism is established
for extracting features from facial thermal images. Figure 9 shows a preliminary
frame design for predicting personal thermal comfort [94].
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Figure 9. Preliminary framework for thermal comfort prediction and temperature optimization.

Zhang et al. [95] used six models to predict the driver’s facial temperature of a
specific series of vehicles, namely support vector regression (SVR), artificial neural
network (ANN), and gated recurrent unit (GRU). The results of MAE show that
when tested using both trained and untrained test datasets, the performance of ANN
is the best among the 6 models. In addition, the accuracy of these models is lower
when test data sets are collected under new operating conditions. Based on the above
results, ANN may be the preferred method for predicting facial air temperature for
vehicle drivers. Figure 10 shows the flowchart for optimizing and evaluating the
SVR, ANN, GRU models.

Programming environment:

Python 3.6
SVR Model RMSE =
Training
and Testing > ANN Model MAE »  Proposed model
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Figure 10. Flow chart for optimizing and evaluating SVR, ANN, GRU models.

(2) Theoretical analysis

Theoretical analysis is to establish a mathematical model related to practical
problems, use relevant theories to analyze and study the problem, summarize the law,
this method not only requires the established mathematical model to be very accurate,
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but also requires the theoretical knowledge of researchers to be very deep, so that the
results obtained have reference value. There are 4 commonly used thermal sensing
models, including the Predictive Average Voting (PMV) model, the Dynamic
Thermal Sensing (DTS) model, the UCB model developed by the University of
California, Berkeley, and the Outdoor Thermal Comfort (Lai’s) model. At present,
there are 3 kinds of virtual cockpit models, virtual mannequins and dummy models.
The details are as follows:

1) Virtual cockpit model

The human microenvironment is highly influenced by convection and radiant
heat transfer between the body surface and the surrounding environment, and correct
turbulence modeling is one of the keys to obtaining repeatable and reliable results
[96]. Due to the limitation of computer level, it is difficult to solve the complex
turbulence problems encountered in engineering by direct numerical simulation
(DNS) of turbulence from the N-S equation, and in this case, the N-S equation
(RANS) method for solving the Reynolds mean has become a more effective and
feasible means to solve engineering problems. For cockpit modeling, K-¢ models and
K-& models with low Reynolds numbers are commonly used. But the drawback of
the RANS model is that sometimes the accuracy is insufficient. Compared to the
RANS model, large eddy simulation (LES) provides more dynamic details of heat
and mass transfer, but relies on computational resources that make this method still
unsuitable for human-scale research. Some researchers also use the Separation
Vortex Simulation (DES) method. Comparative studies of DES, LES and RANS
models show that DES has the potential to be an accurate turbulence model.
However, this method needs further research before it can be widely used to simulate
the indoor environment of automobiles [97].

2) Virtual mannequin

The establishment of virtual mannequins is the key to thermal comfort
simulation research. The virtual mannequin started with an early simplified 2D
model and gradually transitioned to a 3D model that was closer to the real world.
Shape-based virtual mannequins do not have the same thermoregulation function as
the human body can respond to the microenvironment, so researchers have
developed more complex thermophysiological models of the human body [98]. The
human thermophysiological model is a mathematical representation of the human
body and includes: 1) passive systems, which simulate the physical and dynamic
heat transfer of the human body and its surroundings (through heat equilibrium
equations or biothermal equations); 2) Active system, simulating the physiological
regulatory response of the human body to vasoconstriction, vasodilation, and
trembling to maintain the stability of core temperature. The human
thermos-physiological model can not only represent the heat exchange parameters
between the human body and the environment, but also extract some thermal
comfort indices such as equivalent temperatures. Thermophy-siological models can
be further divided into single-node models, two-node models, and multi-node models
according to complexity. Both the single-node model and the two-node model are
limited to a unified environment, while the multi-node model considers the
composition structure and thermophysiological characteristics of the human body,
simulating the heat transfer process inside and on the surface of the human body. The
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more complex the model, the more suitable it is to simulate thermal response of the
human body in complex environments.

Toader et al. [99] present the details of a recently designed and created thermal
model consisting of 79 surface areas with independent neurofuzzy thermoregulation.
The components of the model and the acceptance strategy are described. A flexible
heating element is used to control the temperature, on which five digital sensors are
located. To determine the relationship between heat loss and ambient temperature,
thermal model was calibrated in a climate chamber. Thermal models are able to
predict local sensations through the so-called equivalent temperature concept of
predicting average voting.

3) Dummy models

Human trials are demanding due to high costs and ethical limitations, and
differences within and within subjects are often difficult to explain. In comfort
studies, a large number of participants are needed to achieve sufficient statistical
significance. To reduce this burden, dummies have been used to conduct
standardized studies of human thermal comfort [100]. Use of thermal mannequins
compared to actual human experimental subjects and tests different scenarios were
discussed [101]. The results show that dummy models can provide accurate invasive
measurements of human thermal sensory predictions, including questionnaires,
monitoring of environmental parameters and human physiological parameters, which
have been widely used and integrated with technologies such as IoT, artificial
intelligence, and machine learning. At present, there are some new sensors, such as
glasses, watches, etc., these wearable devices avoid potential foreign body sensation
to a certain extent, but still have a certain degree of invasiveness. Studies have begun
to attempt to use infrared thermography to achieve non-contact measurement [102].
Thermal imaging measurement of infrared thermal imaging cameras is a non-contact
and relatively cutting-edge imaging method, using infrared thermal imaging
detectors to measure the temperature of interior surface of cockpit, the surface of
clothing and visible body parts of human body in real time. This experimental
method overcomes the shortcomings of traditional single-point temperature
measurement technology and visual observation methods, and this new measurement
method is expected to gain large-area applications in the future automobile cockpit.

Evaluation results show that none of models can correctly predict thermal
sensation in driving condition in the car, because they do not take into account
influence of changing solar radiation on thermal sensation. A study of existing
international standards that can be used for thermal comfort methods in automotive
interiors shows that there are currently no international standards that can accurately
assess thermal comfort specific to a vehicle’s ambient space.

(3) Numerical simulation

Numerical simulation is to combine the concepts related to finite elements,
simulate and calculate the finite element model through electronic computers, and
study the problems encountered [103]. The characteristics of the flow field in the
cockpit are studied by computational fluid dynamics CFD (CFD) technology, which
can analyze air flow, temperature distribution and air velocity in cockpit, and obtain
their distribution patterns. Most of the modeling analysis studies focus on how to
generate thermal comfort and mechanism of thermal comfort, and at the same time
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carry out the prediction and analysis of thermal comfort under different working
conditions [104]. Numerical simulation provides an effective basis for engineers to
study cockpit thermal comfort, and can also reduce number of experiments, thereby
improving efficiency of practical problem research.

Zhou et al. [105] of Donghua University studied the numerical simulation of
cockpit thermal comfort, compared the influence of the setting of the second and
third boundary conditions on the human surface temperature distribution in the
numerical simulation, analyzed the speed field, temperature field and PMV index
evaluation of cockpit, and found that different boundary conditions had a certain
impact on simulation results of the cockpit, and selection of appropriate boundary
conditions in the process of cockpit thermal comfort research had an important
impact on the simulation results [106]. Li et al. [107] established a model that
integrates human body thermal regulation mechanism and dynamic environmental
features. Kim and Jung [108] validated influence of steering wheel heating system
on enhancing hand heat.

Croitoru et al. [109] evaluated effect of turbulence intensity at inlet of the air
distribution system on local airflow sensation and thermal discomfort under different
ventilation conditions. Jamin et al. [110,111] proposed a complex experimental and
numerical study to better understand air distribution in carriage.

5. Conclusion and outlook

The first chapter of this paper introduces research background on thermal
comfort in the interior of the car. The second chapter discusses thermal environment
in the interior, the influencing factors of thermal comfort in the interior, the
evaluation index of thermal comfort, and research methods of thermal comfort.

At the same time, it is also pointed out that the current research on thermal
comfort of the interior wall facing the human body is insufficient. At the same time,
the wall temperature is not closely related to the temperature field in the space, and
the optical characteristics of automobile window glass have insufficient influence on
thermal comfort of automobile personnel. Regarding the experimental data, since the
experiment uses a subjective questionnaire, it is bound to be due to differences in age,
gender, cold tolerance, etc. At present, there is no psychological scale on thermal
comfort to support the reliability and validity of the questionnaire. This is also one of
the problems that currently exists.

Thirdly, for the automotive field, thermal comfort of the cab in a non-uniform,
high-transient environment is still far from fully understood, and there is no
universally accepted theory. There is no established industry specification, including
test methods, evaluation indicators, etc., and there is currently no international
standard that can accurately assess thermal comfort specific to the vehicle’s
environmental space. The current state of the art is methodologically inconsistent.

Lastly, from aspect of energy saving in car air conditioning, future development
prospects of electric vehicles will be very good. To improve energy economy of
electric vehicles and reduce the attenuation of low-temperature heating performance,
three heat pump air conditioning system solutions for low temperature environments
are proposed and analyzed:
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(1) Waste heat recovery: Waste heat from batteries, motors and electronic
control systems is recycled, and the energy consumption of whole vehicle is
optimized while improving performance of heat pump air conditioning system.

(2) Steam jet heat pump air conditioning system: steam jet heat pump air
conditioning system of R1234yf refrigerant was tested and studied. Results show that
heating COP of heat pump system with steam injection is about 10%-30% higher
than that of the heat pump system without steam injection, and the lower the ambient
temperature, the more obvious the improvement of heating COP.

(3) CO; refrigerant heat pump air conditioning system: Studies have shown that
due to the characteristics of CO, refrigerant, heat pump system can heat stably and
effectively at ambient temperature —20 °C. It is concluded that the current use of
steam jet heat pump air conditioning system is an effective means to solve the
low-temperature heating of new energy electric vehicles, and in the future, the use of
natural refrigerant CO; is an inevitable trend. For electric vehicles, targeting specific
small body areas with high temperature sensitivity and direct contact heating
solutions (resistance heating) can improve thermal comfort and reduce energy
consumption at the same time. Therefore, research of new electric vehicle seat
heating strategies and development and use of thermal sensitivity test devices are one
of the future development trends.
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Abstract: In the present article, it attempts to present the determination of optimal parameters
of machining processes by means of probabilistic multi-objective optimization (PMOO), in
which the optimal objectives (attributes) are fundamentally divided into beneficial type and
unbeneficial type, moreover all attributes of both beneficial type and unbeneficial type are
evaluated separately with equivalent manner to get their partial preferable probability. Finally,
the total preferable probability of each alternative is obtained by the product of all partial
preferable probabilities, which is the unique and decisive representative of the alternative to
join the competitive optimization, the optimum alternative is with the highest total preferable
probability. An example of parametric optimization and determination of aerospace component
with Electro Chemical Machining (ECM) is taken to illuminate the procedure. In the case of
ECM, the current, voltage, and feed rate are as the optimal parameters to be investigated, while
Material Removal Rate (MRR), and Surface Roughness (SR) are the optimal objective
responses to be measured. The experimental runs were designed using an L,; Taguchi
orthogonal array. In the assessment of PMOO for ECM, the objective MRR belongs to the
beneficial attribute, and the objective SR is as the unbeneficial attribute. The novelty of this
work is to reflect the simultaneity and the irreplacement of optimization of objectives MRR
and SR in the optimal system. The evaluated results reveal that the optimized experimental
scheme is the alternative 8, which is with the optimal responses of MRR of 280.112 g/min and
SR of 0.45 pm, the corresponding optimum experimental parameters are voltage of 12 V,
electrolyte flow rate of 12 m/s and tool feed rate of 0.4 mm/min, respectively. The achievement
of the present article indicates the validity of the corresponding approach and algorithm.

Keywords: optimal parameters; machining processes, probabilistic multi-objective

optimization; simultaneity; systems theory

1. Introduction

Parametric optimization and determination in machining processes could
improve the productivity of the aerospace industry. In general, the machining
performance could be measured in terms of Material Removal Rate (MRR), Surface
Roughness (SR) and Tool Wear Rate (TWR) [1]. Producing components with high
accuracy increases the performance of the mechanical parts [2].

In order to meet the requirements for aero-components, there appears some
significant and essentially Unconventional Machining Process for production
technologies, such as Electro Chemical Machining (ECM), Plasma Arc Machining
(PAM), Electric Beam Machining (EBM), Electric Discharge Machining (EDM) and
Ultra Sonic Machining (USM), which avoids the direct contact of metal to tool [3-5].
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Electrochemical machining (ECM) is one of the most appropriate approaches for
machining of aero-components since it has distinctive benefits, including negligible
tool wear, excellent machining efficiency, autonomy, and low cost in accordance with
the exact physical properties of the corresponding material [6,7].

However, the optimization of a machining system with many objective responses
simultaneously is still a problem, though some so called “multi criteria decision
making methods” were frequently used to deal with the relevant problems [8], such as
Grey Rational Analysis (GRA), Technique for Order Performance by Similarity to
Ideal Solution (TOPSIS), Vise Kriterijumska Optimizacija | Kompromisno Resenje
(VIKOR), Multi- Objective Optimization on the Basis of Ratio Analysis (MOORA),
ELimination and Choice Expressing Reality (ELECTRE), Preference Ranking for
Organization Method for Enrichment Evaluation (PROMETHEE), etc. The intrinsic
drawback of above methods is the lack of revealing the simultaneity and the
irreplacement of many optimal objectives in the system. The fatal shortcoming of these
methods is not aware.

Recently, probabilistic multi-objective optimization (PMOO) was proposed [8],
which could reveal the simultaneity and the irreplacement of many optimal objective
responses in the system properly, in which the optimal objectives (attributes) are
basically divided into both beneficial type and unbeneficial type, furthermore all
attributes of above two types are evaluated separately with equivalent manner to obtain
their partial preferable probability. Finally, the total preferable probability of each
alternative is gained by the product of all partial preferable probabilities, which is the
unique and decisive representative of the alternative to join the optimization
competitively. The optimum alternative with the highest total preferable probability
wins the competition at last [8].

In the present article, the parametric optimization and determination of acrospace
component with Electro Chemical Machining (ECM) is taken as an example to
illuminate the successful utility of probabilistic multi-objective optimization (PMOQO)
in machining processes.

2. Brief introduction of methodology of probabilistic multi-
objective optimization

The probabilistic multi-objective optimization (PMOO) is concisely
demonstrated here [8].

Generally, in a multi-objective optimization (MOQO) problem some attribute
utility indexes are with the characteristics of “the higher the better” [8], i.e., the
attribute with higher value is inevitably more welcomed and could get more preference,
this type of attribute is called beneficial index. In this case, a term “preferable
probability” could be introduced to reflect the “preference degree” of the attribute in
the optimization process reasonably [8]. Furthermore, for the simplicity, it assumes
that the partial preferable probability of such kind of attribute responses is proportional
to the specific value of its attribute utility index positively, i.e.,

PU:Ajl]ljal: 17 2a sees n’jzl’z""’ m. (1)
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In Equation (1), n is the total number of alternatives in the relevant candidate
system; m represents the total number of objective response indicators of each
alternative; Uj is the utility value of the j-th objective indicator of the i-th alternative;
P represents the partial preferable probability of the beneficial attribute index Uy; 4;
represents the normalization factor of the j-th beneficial attribute (objective) indicator.

In the light of general principle of probability theory [9], for the j-th material
objective response index, it derives following expression for the normalization factor

(8],
Aj =1/(nU)) (2)
In Equation (2), lTj is the average utility value of the j-th attribute index in the

attribute group involved.

On the other hand, in a MOO problem some attribute utility indexes are with the
characteristics of “the lower the better” [8], i.e., the attribute with lower value is more
welcomed and could get more preference, this type of objective responses is called
unbeneficial index. In this case, the partial preferable probability of the unbeneficial
attribute is assumed to be linearly related to its attribute utility index value negatively
in the optimization process equivalently,

P,‘j = Bj((]jmax"’_l]jmin — ,'j), = 1, 2, . I’I,j: 1, 2, e, m. (3)
In Equation (3), both Ujni, and Ujmax represent the minimum and maximum utility
values of the attribute indicators in the j-th objective (attribute) group, respectively; B;

is the normalization factor of the j-th unbeneficial attribute index, which can be
expressed as [8],

B, =1/[n(U 0 U, n) —nU,| ] “)

In Equation (4), the symbols (Tj > Upmin and Ujmax are with the same meanings as

in the previous paragraphs.

Furthermore, according to the fundamentals of probability theory [9], the total
preferable probability of the i-th alternative can be written as the product of all partial
preferable probabilities,

PL':PL'l'PL'Z PU i — H}n=1PU (5)

Obviously, in this assessment, the total preferable probability of each alternative
is the unique and decisive index in the optimization process. This is the probabilistic
multi-objective optimization (PMOO). Besides, through above procedures with
Equations (1)—(5), the multi-objective optimization problem is now transformed into
a single-objective optimization one in term of total preferable probability naturally. At
last, the optimum alternative corresponds to the specific candidate that is with the
highest total preferable probability, which is the optimal result of this overall
optimization.

Moreover, if there is a weighting factor w; for j-th objective response, the total
preferable probability of the i-th alternative can be expressed in following form [8],

Pi = Pilwl . PiZWZ “eant Pijo v — l’l;n:1 Pl,jo. (6)
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Many applications of above approach are performed [8], which gave acceptable
consequences and are consistent with known. This indicates the reasonability of the
approach.

In next section, the parametric optimization and determination of aerospace
component with Electro Chemical Machining (ECM) is taken as an example to
illuminate the utility of probabilistic multi-objective optimization in machining
processes.

3. Application example and results

Parametric optimization and determination of acrospace component with Electro
Chemical Machining (ECM) is illuminated as an example here [7]. In the case of ECM,
the current, voltage, and feed rate are used as the optimal parameters to be investigated,
while the Material Removal Rate (MRR), and Surface Roughness (SR) are the optimal
objective responses to be measured and assessed. The experimental runs were
designed using an L7 Taguchi orthogonal array.

In the experiment, 27 trial runs completed [7], which is cited in Table 1. In the
assessment of PMOO for this issue, the objective MRR is as the beneficial attribute,
and the objective SR is as the unbeneficial attribute.

The assessment result of this issue is presented in Table 2. In Table 2, the
columns 4, 5, and 6 give the assessed results of partial preferable probability Parr for
Material Removal Rate (MRR), partial preferable probability Psz for Surface
Roughness (SR), and total preferable probability P, x 10° for each alternative,
respectively. The column 7 gives the ranking value according to the total preferable
probability of each alternative.

From Table 2, it can be seen that the experimental scheme 8 is with the highest
total preferable probability and at rank 1 position in the assessment by means of
probabilistic multi-objective optimization, thus the optimized experimental scheme is
alternative 8 with the optimum responses of MRR of 280.112 g/min and SR of 0.45
pm, which is with the optimum experimental parameters of voltage of 12 V, electrolyte
flow rate of 12 m/s and tool feed rate of 0.4 mm/min. However, Animesh Kumar
Sharma et al got the alternative 3 as their optimized the experimental scheme by means
of using VIKOR and TOPSIS [7], the latter is with the responses of MRR of 117.824
g/min and SR of 0.89 um. Obviously the responses of MRR and SR of alternative 8
are much superior to those of alternative 3.

Table 1. Experimental results of the aerospace component with ECM.

No. Voltage (V) Electrolyte flow rate (m/s) Tool feed rate (mm/min) MRR (g/min) SR (um)
1 12 8 0.2 288.176 1.23
2 12 8 0.4 208.656 0.91
3 12 8 0.6 117.824 0.89
4 12 10 0.2 235.424 0.57
5 12 10 0.4 330.512 1.22
6 12 10 0.6 311.472 1.87
7 12 12 0.2 235.424 1.12
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Table 1. (Continued).

No. Voltage (V) Electrolyte flow rate (m/s) Tool feed rate (mm/min) MRR (g/min) SR (um)

8 12 12 0.4 280.112 0.45

9 12 12 0.6 140.896 1.46

10 15 8 0.2 344.960 1.21

11 15 8 0.4 205.744 1.32

12 15 8 0.6 328.608 0.78

13 15 10 0.2 160.720 1.93

14 15 10 0.4 228.032 0.81

15 15 10 0.6 114.016 0.90

16 15 12 0.2 205.520 1.36

17 15 12 0.4 219.072 1.72

18 15 12 0.6 177.744 1.78

19 18 8 0.2 202.272 0.85

20 18 8 0.4 339.472 1.97

21 18 8 0.6 271.264 1.58

22 18 10 0.2 308.112 1.49

23 18 10 0.4 302.848 1.18

24 18 10 0.6 314.048 1.27

25 18 12 0.2 268.912 1.48

26 18 12 0.4 132.384 1.61

27 18 12 0.6 134.848 2.01

Table 2. Assessment result of the acrospace component with ECM.
No. MRR SR Partial preferable probability for ~ Partial preferable probability Total preferable probability, Rank
(g/min) (um)  MRR, Purr for SR, Psr Pix10°

1 288.176 1.23 0.0450 0.0391 1.7591 9
2 208.656 0.91 0.0326 0.0493 1.6050 11
3 117.824 0.89 0.0184 0.0499 0.9180 18
4 235424 0.57 0.0367 0.0601 2.2082 3
5 330512 1.22 0.0516 0.0394 2.0339 5
6 311472 1.87 0.0486 0.0188 0.9120 19
7 235424 1.12 0.0367 0.0426 1.5656 12
8 280.112 0.45 0.0437 0.0639 2.7941 1
9 140.896 1.46 0.0220 0.0318 0.6992 23
10 344.960 1.21 0.0538 0.0397 2.1399 4
11 205.744 1.32 0.0321 0.0362 1.1640 16
12 328.608 0.78 0.0513 0.0534 2.7397 2
13 160.720 1.93 0.0251 0.0169 0.4227 26
14 228.032 0.81 0.0356 0.0525 1.8672 7
15 114.016 0.90 0.0178 0.0496 0.8827 20
16 205.520 1.36 0.0321 0.0350 1.1219 17
17 219.072 1.72 0.0342 0.0235 0.8045 22
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Table 2. (Continued).
No MRR SR Partial preferable probability for Partial preferable probability Total preferable probability, Rank
* (g/min) (um)  MRR, Pyrr for SR, Psr Px10°

18 177.744 1.78 0.0277 0.0216 0.5998 24

19 202.272 0.85 0.0316 0.0512 1.6161 10

20 339472 1.97 0.0530 0.0156 0.8255 21

21 271.264 1.58 0.0423 0.0280 1.1847 15

22 308.112 1.49 0.0481 0.0308 1.4832 13

23 302.848 1.18 0.0473 0.0407 1.9238 6

24  314.048 1.27 0.0490 0.0378 1.8547 8

25 268912 1.48 0.0420 0.0312 1.3078 14

26 132.384 1.61 0.0207 0.0270 0.5584 25

27 134.848 2.01 0.0210 0.0143 0.3011 27
4. Conclusion

The probabilistic multi-objective optimization is an effective methodology to

deal with the parametric optimization and determination in machining processes. In
the PMOO assessment, the optimal objectives (attributes) are basically divided into
both beneficial type and unbeneficial type; all objective responses of either beneficial
type or unbeneficial type are evaluated separately with equivalent manner
simultaneously. The achievement of the present article reflects the validity of the
corresponding approach and algorithm for the utilization of multi-objective
optimization in machining processes.
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