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Abstract:We propose the predominance preferential selection (PPS) algorithm as a successor to the
density-based prioritization (DBP) approach to improve the quality and computational efficiency of
selective assembly processes. The PPS algorithm achieves significant performance improvement by
sorting components within slots according to their dimensional similarities and grouping them to
assign search priorities. Additionally, it reduces the computational time using a narrowed search
space and improves the management of surplus parts by maintaining dimensional diversity within
the slots. In this study, we test the PPS algorithm using real process data obtained from a precision
bearing manufacturer and demonstrate its efficiency in improving matching rates while maintaining
statistical reliability. Additionally, by making minimal modifications, we demonstrate its
adaptability to multiple-slot row structures in a wide range of applications. Although the process
capability indices exhibited a slight decrease, the overall efficiency and matching rate improvement
were evident.
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1. Introduction

Selective assembly is a manufacturing process for improving the precision of assembled
components, particularly in environments where part variations can significantly affect product
quality and functionality. Selective assembly is a process used to carefully match parts based on their
dimensional characteristics to compensate for machining errors, and products such as ball bearings
and pistons are representative products that typically utilize selective assembly [1]; These products
are essential across various industries, from small machinery to the automotive and aerospace
sectors. For components used in the automotive and aerospace industries, which require high
precision, selective assembly plays a crucial role in achieving these stringent requirements. Despite
its advantages, selective assembly exhibits some drawbacks, notably in managing surplus parts and
ensuring high process capability within the confinement of assembly tolerances [2].

Algorithms and strategies have been developed from various perspectives to optimize the
selective assembly process, and the recent research trends and related research are as follows. For
example, the selective assembly process can be treated as an optimization problem. A representative
approach involves using meta-heuristic, represent as genetic algorithms (GAs), which rely on
biologically inspired operators, such as selection, crossover, and mutation, to provide high-quality
solutions to optimization and search problems. Kannan and Raja Pandian employed a GA in the
selective assembly of engine components (pistons, piston rings, and cylinders) [3]; they combined
selective groups based on the dimensional distribution of the quality characteristics of the above three
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components. Subsequently, they constructed the GA into five modules—Input, Evaluation,
Initialization, New Population Generation, and Output—to determine the optimal combinations of
components. Xing and Wang proposed a flowchart for optimizing selective groups based on an
advanced GA referred to as IGAOT [4]; they coded the group structure into six pairs of chromosomes
and applied a GA that ranks fitness values based on simulated annealing to optimize chromosome
group combinations using the objective function as a basis.

In addition, I would like to introduce the papers of Lu, J., Yang, L., Huang, Y., Long, J., Li, C,,
and Yang, Z as the recent paper on selective assembly optimization through GA, proposed an
optimization method (CCOM) for maintaining clearance consistency in small batch bearing assembly
[5]; The study focuses on minimizing the loss of components caused by manufacturing errors while
simultaneously achieving high assembly success rates and clearance consistency. Utilizing a genetic
algorithm, the method identifies optimal combinations, and its validity was experimentally verified
using NCF3044 bearing data. This research contributes to reducing surplus component issues and
improving assembly efficiency in selective assembly processes.

Xiao et al. proposed an assembly selection and matching methodology aimed at improving the
performance of remanufactured mechanical products, constructing a multi-objective optimization
model utilizing the Taguchi quality loss function and remanufacturing cost function.[6] In particular,
a method combining Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) was employed
to comprehensively optimize resource utilization efficiency, assembly precision, and production cost
during the assembly process. Using the assembly process of the CAK6140 machine tool spindle box
as a key case study, the proposed methodology demonstrated its effectiveness when compared to
existing methods. This study addressed uncertainties and cost issues in traditional remanufacturing
assembly processes and enabled the improvement of product quality and performance in
remanufactured products.

The above studies adopted machine learning model performance metrics, such as the coefficient
of determination (R?) and root mean square error, for algorithm evaluation; however, these metrics
do not take into account the reduction in processing time [7] because of the inherent nature of GA-
based algorithms. These algorithms require multiple generations in a single computation, which
restricts their ability to maximize computational efficiency.

There have been a number of studies in terms of statistical distribution and cost reduction of
parts dimensions, not meta-heuristic. Recently, Andrea Mencaron et al. proposed a hybrid assembly
method to address the high operational costs associated with selective assembly [8]; This study
focused on designing cost-effective and optimal matching strategies by utilizing the statistical
distribution of component dimensions instead of relying on meta-heuristic approaches. The proposed
method reduces assembly costs by transitioning unmatched components from the traditional
assembly process to selective assembly. This study introduced a cost function to quantitatively
analyze the balance between traditional and selective assembly costs while statistically evaluating
the impact of changing matching probabilities on cost reduction. In a case study involving shaft and
hole assembly, the hybrid approach demonstrated a cost reduction of approximately 45.8% compared
to conventional selective assembly methods. However, this method has a limitation that it is difficult
to apply to processes with low flexibility in process structure.

Zhang, Yin, and Yang designed a selective assembly algorithm that deals with the design
tolerances of holes and shafts [9]; they categorized the dimensional boundaries of each shaft and hole
into groups of nonbasic mating sizes and further subdivided them into clearance fit, interference fit,
and transition fit. Depending on the case, they applied specific process techniques such as
remachining, measurement, assessment, and marking).

Filipovich proposed a simulation model for selective assembly [10] and introduced a block
diagram of the information-control system to optimize the process and improve accuracy [11]; by
employing a selective assembly algorithm and a complementary five-step block diagram comprising
a measuring device, an estimation subsystem, a control subsystem, a communication channel, an
output device, and an assembly machine, error reduction and efficiency improvement were achieved.
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Fang and Zhang presented algorithms based on statistical figures and the z-group to increase
matching accuracy [12]. The above studies focused on single-parameter selective assembly, indicating
the need for expanding this framework to multiparameter assembly systems.

Shin and Jin proposed the density-based prioritization (DBP) algorithm to minimize surplus
parts by prioritizing the selection of parts according to their dimensional density [13]; This algorithm
has significant benefits in increasing the matching rate while reducing the computational complexity
of the assembly process. This is suitable for a process where parts are continuously fed, such as ball
bearing, and a combination of parts is selected in a short time to produce the assembly result.
however, a critical limitation of this algorithm is its lack of considering how close the assembled
dimensions are to the ideal dimensions. This can lead to a uniform distribution of assembled
dimensions within the tolerance band, significantly limiting the process capability, which is a
measure of a process’ ability to produce parts within specified tolerances.

Considering the inherent limitations of the DBP approach, in this study, we introduce the
predominance preferential selection (PPS) algorithm; this algorithm addresses the surplus parts issue
and improves process capability. Unlike the DBP algorithm, the PPS algorithm incorporates a novel
technique of grouping priorities into specific units, treating them as equivalent in priority. This
methodology ensures that from the available combinations of parts with the same priority, the
combination of parts with dimensions closest to the ideal dimensions is selected. Such an approach
naturally resolves the above-mentioned process capability problem by promoting a distribution of
assembled dimensions that are tighter and more aligned with the ideal dimensions.

The PPS algorithm can also be applied to multiple-slot row structures because of its improved
versatility and scalability compared with other algorithms. In contrast, the DBP algorithm, which was
designed for assembly facilities employing one slot row, exhibits difficulties in prioritizing parts
across multiple components because of the conflicting priority orders in assembly facilities
employing more than one slot row. By grouping priorities, the PPS algorithm seamlessly integrates
multiple priority orders into a unified sequence; thus, it can be applied to complex assembly facilities
that feature multiple-slot rows. Its scalability is particularly important in modern manufacturing
lines, which increasingly rely on the efficient assembly of multiple components to meet high precision
and quality standards.

To empirically validate the efficiency of the proposed PPS algorithm, we simulated a selective
assembly scenario that mirrors real-world conditions. The simulation was based on data collected
from an actual bearing assembly facility, where three critical components are assembled. The facility
layout, which features slot rows for two out of the three components, provides a complex but highly
relevant environment for applying the PPS algorithm. Our objective is to meticulously assess the
impact of the PPS algorithm on two key performance indicators: surplus part ratio and process
capability.

2. Selective Assembly Employing Multiple-Slot Rows in Flow Production
Systems

Selective assembly is particularly important in the assembly of high-precision products, such as
bearings, where minimal deviations can significantly affect product performance. In this section, we
present the selective assembly process in a bearing assembly facility equipped with multiple-slot
rows, focusing on specific challenges encountered therein.

2.1. Selective Assembly Process

In the investigated bearing assembly process, the component specifications are defined as
follows (Figure 1):

e  Outer ring raceway diameter: A =40.017 + 0.020 mm;
. Inner ring raceway diameter: B =24 + 0.010 mm;
e  Ball diameter: C =8 + 0.0005 mm;
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e  Assembly clearance: Y =0.017 + 0.005 mm.

o
il

Y =0.017+0.005 mm

A=40.017+0.020mm| | B =24+0010 mm

[y

C =8+0.0005 mm

Figure 1. Precision ball-bearing assembly.

To achieve precision in the assembly process, it is important to calculate the assembly clearance
Y. Tolerance (clearance) Y is the target parameter, which is commonly adopted in general selective
assembly algorithms, to evaluate component compatibility [14]. In this case, Y is determined using
the following equation:

Y = A-B-2C 1)

The above equation indicates the interdependence of the component dimensions to achieve the
target assembly clearance. Given the specified tolerances for A, B, and C, the above equation assesses
component compatibility and ensures that the assembled bearing meets the required precision
standards. Y represents the cumulative effect of variations in the component dimensions within its
corresponding tolerances.

Given these tolerances, for simplification, the basic dimensions are offset and omitted during the
selective assembly process. Therefore, the tolerances are redefined without specifying the nominal
dimensions; this is a common practice when focusing on component variability and compatibility
rather than its absolute dimensions:

e  Outer ring raceway diameter tolerance: A = +20 um;
¢ Inner ring raceway diameter tolerance: B = +10 pm;
e  Ball diameter tolerance: C = +0.5 pum;

e  Assembly clearance tolerance: Y = +5 um.

The assembly facility employs two slot rows including 10 slots for the outer rings and 6 slots for
the inner rings along with 3 ball tanks, which are categorized according to the diameter biases of the
balls. The diameter biases of the balls allocated to each tank are as follows:

C-=-3+£0.5 um
Co=0+£0.5 pm
Ci=3+0.5um

The three sizes of the balls in the tanks—each with a different diameter bias (C-, Co, and C+)—
are strategically selected during the selective assembly process to correct the assembly clearance, thus
increasing the probability of a successful assembly. This setup enables the system to allow for
component dimensional variations using balls with slight size variations, thus improving the
compatibility among outer rings, inner rings, and balls.
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The bearing assembly process, which is depicted in Figure 2, follows a structured flow
production system. In each production cycle, one outer ring and one inner ring are supplied to the
assembly facility. The balls, which are preproduced with specific diameter biases, are stored in three
separate tanks. During assembly, potential combinations based on the dimensions of the outer rings,
inner rings, and balls stored in the tanks are calculated. Using Equation (1), the assembly system
evaluates each combination of rings and balls to identify those that satisfy the Y = +5 um clearance.

If multiple combinations satisfy this tolerance, the system selects the combination with the
smallest deviation from the ideal 0.017 mm clearance. This selection criterion ensures that the
resulting tolerance is as close as possible to the ideal tolerance, thus optimizing the precision of the
assembled product.

Upon selecting the best combination, the assembly facility completes the assembly process, and
the now-vacant slots are refilled with the newly supplied outer and inner rings. This continuous
refilling process ensures that the outer and inner ring slots remain fully occupied, allowing the
assembly process to proceed without interruption according to the production system flow.

CZ— see CZ+

\/

B, |

Y

B — — Matching — Assembly

a1 1 T

Figure 2. Selective assembly of the precision ball bearing.

If no combination meets the assembly tolerance, all outer rings in the slots are emptied and
replenished with the newly supplied outer rings. The removed outer rings are either reprocessed or
discarded as surplus parts. Due to the higher precision in the machining of the inner rings than that
in the outer rings, the inner rings are not discarded; instead, they remain in the slots for use in
subsequent assembly cycles.

The generation of surplus parts has a dual impact: 1) leads to material waste and 2) temporarily
halts the assembly process until all slots are refilled. This pause reduces production efficiency and
increases the overall manufacturing cost because it disrupts the continuous flow required for high
productivity in flow production systems.

2.2. Cause of Surplus Parts

As the process progresses, the number of surplus parts that are structurally accumulated in the
slots increases. This is due to two main factors: 1) The deviation in the dimensional distribution of
the raceway diameter caused by machine wear during the grinding process. Although the deviation
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in the dimensions of the parts fed into the assembly machine remains below the threshold, the
dimensions of the produced components deviate from the design dimensions. This deviation causes
an uneven dimensional distribution in the components, leading to a deviation in the process
dimensions of each component.

Dimensional Distribution of Parts Fed into the Assembly Machine

|
101 I p=0.88 == Outer_Center
1 L : o=9.32 [ Outer Ring
B 1 1 re
£ 61
]
g, ]
2 -
0
=i p=-0.01 = Inner_Center
I _0 =74 3 Inner Ring
8 | -
£ 61
S
2 4]
24
0 T T T T T T
-20 -15 -10 -5 0 5 10 15 20

Difference in dimensions from ideal dimension[pm]

Figure 3. Dimensional Distribution of parts fed into the assembly machine.

2) The matching algorithm method employed for component selection. In conventional
approaches, the algorithm selects the combination of components that results in the assembly
tolerance Y that is closest to the design tolerance value. Although this method ensures the best quality
by considering all possible combinations, it potentially increases the number of surplus parts in the
slots. Figure 4 shows the dimensional distributions of the outer and inner rings introduced into the
assembler over the same length of a production cycle. Both distributions exhibit a near-normal
distribution centered around their respective mean values. In an optimal scenario, components with
dimensions near the center of their distribution are matched with each other, whereas components
with large deviations are paired together.

15 4

Dimension [ym]

0 1000 2000 3000 4000 5000 6000 7000
Process cycle

(a)
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Dimension [pm]

0 1000 2000 000 4000 5000 6000 7000
Process cycle
(b)

Figure 4. a. Dimensional distribution in slots vs. process cycle in the ordinary case. b. Dimensional distribution

in slots vs. process cycle in the optimal case.

However, in an ordinary process algorithm, which evaluates all combinations to derive the
optimal result, even when alternative combinations of similar quality are available (e.g., components
near the center of the distribution), the algorithm often disrupts the dimensional diversity in the outer
and inner ring slots to achieve optimal quality. Figure 4-a shows the actual process data. We observe
that as the production cycle progresses, the dimensional diversity within the slots converges near the
center of the distribution. In contrast, the optimal production cycle is shown in Figure 4-b, where the
dimensional diversity within the slots is maintained, ensuring a balanced and efficient assembly
process over time.

3. PPS Algorithm

The proposed PPS algorithm was developed to improve the process capability and flexibility of
selective assembly systems, particularly those with multiple-slot rows. In systems with multiple-slot
rows—one for each of the multiple key components —PPS assigns and evaluates priorities across all
rows to optimize component matching. Although PPS shares fundamental principles with DBP [13],
it introduces distinctive features to improve compatibility and precision in the assembly process.

In PPS, priority rankings are assigned to the components stored in each slot row. For each row,
the components are categorized according to their dimensional similarities; those that are closely
clustered according to their dimensions are assigned higher priority in the assembly process than
those not closely clustered. The dimensional similarities are calculated by first sorting the
components in each row according to their size. Then, for each component, the size difference
between its nearest smaller and bigger neighboring components is calculated. This difference
represents the component dimensional similarity score; a small difference indicates a high similarity
to other components. For components that fall in the middle of the sorted list, the dimensional
similarity is the difference of the nearest neighboring component on both sides. However, for the
smallest and largest components in the sorted order —those with only one neighboring component—
the similarity score is calculated as twice the single size difference to approximate the effect of
neighboring components on both sides.
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Function: SortBySimilarity

—_

function SortBySimilarity (array X)
n « length(X)
initialize S[1...n]
sort X in ascending
fori—2...n-1do
S[i] « X[i + 1]-X[i-1]
end for
S[1] «= 2 x (X[2]-X[1])
S[n] « 2 x (X[n]-X[n-1])
sort X by S in ascending
return X

end function

O 00 NI O\ Ul = W N

O
N = O

An important concept in PPS is the “stride,” which allows priority rankings to be grouped into
intervals, thereby enabling components within certain ranges to be treated as having equivalent
priorities. This parameter, which can be set independently for each slot row, defines the size of these
intervals and controls the number of components that share the same priority level.

For example, let us consider a row containing six parts categorized according to their
dimensional priority, which is conventionally assigned the priority order in the 1-to 6 range. When
applying a stride of 2, the six parts are grouped into three priority levels: two parts share priority 1,
the next two share priority 2, and the last two share priority 3. If the stride is increased to 3, the six
parts will be grouped into two priority levels with three parts assigned to each level {1, 1, 1, 2, 2, 2}.
This configuration allows a flexible adjustment of “narrow” or “wide” priorities assigned within each
row.

This stride-based grouping can be configured separately for each slot row. Consequently, each
possible combination of components is assigned a combined priority, which is calculated as the sum
of the priority levels assigned to individual components. By introducing stride, PPS establishes a
structured priority hierarchy among component combinations, where several combinations share the
same summed priority. Each set of combinations with identical priority levels is referred to as a
“block.”

PPS evaluates the assembly combinations by iterating through these priority blocks, starting
with the highest priority block. Within each block, PPS searches for combinations that satisfy the
assembly tolerance. If a suitable combination is found, it is selected for assembly. However, if
multiple combinations within the same block meet the assembly tolerance, the algorithm refines its
selection further by selecting the combination closest to the ideal dimension, thus minimizing
deviation from the ideal dimension. This block-based selection strategy reduces the possibility of a
uniform distribution of the assembled component clearances within the tolerance band. By
prioritizing combinations that result in assembled component dimensions close to the optimal, PPS
leads to a distribution that is more centered around the ideal clearance than that of other algorithms,
thereby reducing variance.
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Algorithm: Predominance Preferential Selection

1 A « array of measurements of parts A
B « array of measurements of parts B
strideA « stride for array A
strideB « stride for array B
A « SortBySimilarity(A)
B « SortBySimilarity(B)
n « length(A)
m « length(B)
9 initialize empty list P
10 fori<—1...ndo
11 forj«1..mdo
12 p « quotient(i / strideA) + quotient(j / strideB)
13 if p 2 length(P), then
14 add empty list to P

3O Gl =W

15 endif

16 add tuple (i, j) to P[p]
17 end for

18 end for

19 initialize empty list Q

20 forblock in P do

21 fori,jin block do

22 r« dimension when A[i] and BJj] are assembled
23 if r satisfies tolerance, then

24 e «— absolute of error between r and ideal dimension
25 add tuple (e, i,j) to Q

26  endif

27 end for

28 if Qis not empty then

29 break

30 endif

31 end for

32 select A[i], B[j] by i, j, where minimum e is from Q

The stride parameter is important in determining the granularity of priority rankings within
each slot row. When stride is set to 1 for all slot rows, each component retains an individual priority
ranking, and no blocks are formed. In this case, PPS operates similar to DBP, where the combinations
are evaluated and selected strictly according to their priority order. Conversely, if stride equals the
total slot capacity of a row, all components in that row will be grouped into a single priority level,
effectively bypassing the need for priority distinctions and focusing purely on minimizing the
deviation from the target dimension across all combinations. This flexibility allows PPS to be adjusted
to varying assembly conditions and requirements by accommodating both narrow and wide
prioritization ranges.

4, Performance Evaluation and Results

4.1. Testing Environment Evaluation Criteria

The PPS algorithm was tested using two-week real process data provided by a precision ball-
bearing manufacturer. The raw data contained metadata including the timestamp of the received
signal, the dimensions of the inner and outer rings, and the tolerance measurements. Additionally,
the data contained information about the dimensions of the components within the slots at the time
of observation. To validate the PPS algorithm, we compared the reconstituted ordinary process
algorithm with two cases of the PPS algorithm using stride.
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The operating principles of the ordinary process and PPS algorithms were omitted because they
have been reported in previous studies. The results showed that the outerinner slot was 106 and the
ball was classified into three types of barrels. The evaluation criteria included computation time,
matching rate, Cpk, and adjusted matching rate; these are described below:

1. Computation time: it should be minimized to avoid time delay from combination selection to
assembly.

2. Matching rate: whenever the process cycle is in progress, either the matching or the unmatching
count increases, depending on whether the right group has been found. The matching rate is the
percentage of the matching and unmatching ratios.

3. Cpx: Cpk (adjusted process capability index) is used to evaluate the consistency and quality of the
assembled product according to the following equations:

USL — LSL
¢, - UsL-Lst b
60
__(USL—p p—LSL 3)
C”k_mm( 3¢ ' 30 )

e  USL: upper specification limit
e  LSL:lower specification limit
e o:standard deviation

e [ clearance mean

4. Adjusted matching rate: This metric indicates the probability of defective components identified
at the end of the process clearance stage, accounting for the inherent mechanical limitations. Due
to limitations in the sensor accuracy, some dimensional errors in individual components may
not be detected, which cannot be directly observed. To estimate this, potential errors (e.g., sensor
errors, ball diameter errors, etc.) are randomly generated following a normal distribution and
added to the process clearance variance. This simulates the latent errors during the process.
Then, the adjusted matching rate, which represents the probability of a potential error, is
calculated for a low Cpk considering the number of components that fall outside the clearance
specification limits after incorporating these potential errors.

4.2. Simulation Results

The simulation results, which are presented in Table 1, confirm the efficiency of the PPS
algorithm. The simulation, which was conducted by progressively reducing the stride from its largest
value of 10-6 (same mechanism as that of the ordinary algorithm) to 2-2, showed a gradual increase
in the matching rate. Although the decrease in Cpk may appear significant, the decrease in the
adjusted matching rate, which is a statistical representation of Cpx, was not significant compared with
the increase in the matching rate. Additionally, the computation time for the 2-2 stride decreased to
1/5 of the initial value, demonstrating that PPS effectively improves the matching rate, computation
time, and scalability in multiple-slot row structures.

Table 1. Simulation Results.

. . PPS PPS
Ordinary algorithm g, ;3. 5 3) (Stride 2-2)
Computation time [ms] 0.060 + 0.237 0.022 £ 0.150 0.010 + 0.099
Matching rate [%] 95.11 96.54 97.09
Cpx 1.76 1.43 1.15
Adjusted matching rate [%] 95.10 96.50 97.00

5. Conclusions
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As a follow-up to the DBP algorithm, we developed the PPS algorithm to improve the quality of
selective assembly processes and optimize computation efficiency. PPS is based on sorting
components within slots according to their dimensional similarities and grouping them to assign
search priorities. PPS achieves a significant performance improvement by narrowing the search space
to improve computational efficiency and ensuring dimensional diversity within slots to facilitate
better management of surplus parts. Additionally, we introduced metrics to validate the potential
drawbacks of the PPS algorithm, such as increased tolerance variance, to cross-verify its performance.

Apart from performance improvement, the main advantage of the PPS algorithm is its flexibility.
Since PPS is based on component dimensional similarities for sorting and grouping, it can be widely
applied to selective assembly processes employing slot structures and quality control metrics that are
value- or dimension-based. Although this study focuses on a two-dimensional selective assembly
process, the proposed PPS algorithm can be easily adapted to handle slot structures with more than
two dimensions by making minimal modifications. In summary, PPS is a robust algorithm that
achieves both computational efficiency and improved matching rates across a variety of selective
assembly applications. Furthermore, its adaptability makes it suitable for addressing additional
variables such as the integration of new assembly lines.

However, in this study, the PPS algorithm was not tested in real-time operations in an actual
production environment. Although the algorithm incorporates priority-based search to reduce
computation time, its feasibility for integration with factory PLCs was not validated. Furthermore, it
was not tested in a wide range of manufacturing environments; therefore, additional testing and
further research are required to address these limitations.
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