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ABSTRACT This paper outlines a new procedure for computer modeling and optimum design for the
dynamic mechanical and electrical study of a high-speed backplane connector, which is a key electrical inter-
connection technology in large communications equipment, ultra-high performance servers, supercomput-
ers, industrial computers, high-end storage devices, and so on. The optimum structure design of contact pairs
is important for a backplane connector in meeting multiple challenges in terms of minimizing the maximum
insertion force and the contact resistance. Current optimization schemes, such as the quadrature method,
are relatively complex. Therefore, we designed the connector contact pairs for simultaneously obtaining
the proper insertion force and the contact resistance through a multi-objective particle swarm optimization
(MCDPSO) method with simpler settings and faster convergence speed. In this paper, the required insertion
force was minimized during the entire process, and the minimum contact resistance was maintained after
insertion. To this end, an MCDPSO algorithm was proposed for the connector design. A dynamic weight
coefficient was developed to calculate the interval values of the reserved solutions for the selection of the
operator, and an external archive update based on roulette wheel selection and gbest selection strategies
was developed to increase the diversity of the solutions. A set of optimal structure solutions of the contact
pairs was obtained for the subsequent design optimization. The feasibility and effectiveness of the proposed
method were verified by comparing with the results from ANSYS finite element simulation.

INDEX TERMS High-speed backplane connector, contact pairs, insertion force, contact resistance,
multi-objective connector design, particle swarm optimization algorithm.

I. INTRODUCTION
A high-speed backplane is an important part of a modern
inter-connection system, the performance of which is directly
related to whether or not the entire system can function
properly [1]. These backplanes are widely used in large
communications equipment, ultra-high performance servers,
super-computers, industrial computers and high-end storage
devices. The connectors on these backplanes are the electrical
interconnection mediation between the mother plane and the
daughter plane [2], [3].

Among many properties of the backplane connector,
the contact resistance and the insertion force are the two key
factors that affect its mechanical and electrical properties.

The contact resistance between the pins, which must be suf-
ficiently small, depends on the normal force. The required
normal force is a component of the contact force imposed
by the contact pairs, which establishing the contact interface
as mated is a key factor in determining the reliability of the
backplane connector [4]. The stability of this low contact
resistance between contact-containing components is criti-
cal to maintain proper operation of the electrical connector.
A high contact normal force is desired for reducing the
contact resistance. While the normal force on the contact
interface is positively related to the insertion force, which is
the most important mechanical characteristic of the electrical
connector. There are strict requirements on the maximum
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insertion force; low or zero-insertion-force (ZIF) connectors
are much more popular due to their better performance and
have been brought to the forefront for electrical contact
reliability. Usually, several pins are assembled on the back-
plane connector, which may easily result in an associated
increase of the insertion force. However, a large insertion
force can cause problems in assembly and in other parts of
the electronic devices. In summary, the contact force plays an
important role in the contact resistance and the insertion force
at the same time. Normally, the dimensions, environmental
factors (including temperature and vibration), etc., can impact
the contact force. Among these influencing factors, structural
parameters aremost important [5]–[7]. Therefore, the optimal
design of the contact pairs is necessary to achieve both the
required low insertion force and low contact resistance.

In the literature, some researchers have analyzed the con-
tact force of electronic connectors [8]–[11]. Li et al. [12]
investigated the insertion force and contact reliability of an
N-type electric connector with a finite element model (FEM).
El Manfalouti et al. [13] presented a new experimental
method based on a laser technique for non-intrusive probing
of the deflection of the spring terminal to determine the con-
nector parameters during insertion and extraction. Yeh-Liang
Hsu et al. converted multi-objective optimization to a single
target and used a sequential linear programming algorithm to
solve it. These studies paid much attention on the mechanical
objectives optimization using traditional methods.While, few
approaches focus on the mechanical and electrical objec-
tives (like contact resistance optimization) simultaneously by
numerical methods.

Compared to the experimental method and finite element
simulation, numerical optimization methods are more effi-
cient in engineering [14], [15]. The problem we studied
contains multiple parameters to adjust and two objectives to
accomplish: minimum insertion force and minimum contact
resistance, which is called a multi-objective optimization
problem (MOP). Several traditional algorithms (constraint
method, linear weighted method, minimax method, etc.)
and evolutionary algorithms (Multi-Objective Genetic
Algorithm (MOGA) [16], Multi-Objective Evolutionary
Algorithm Through Decomposition (MOEA/D) [17], Multi-
objective Particle Swarm Optimization (MOPSO) [18], etc.)
have been developed to solve this type of problem. After
in-depth study of this issue, intelligent multi-objective opti-
mization algorithms are increasingly favored by many schol-
ars and experts because of their increasing solution accuracy.
In recent years, multi-objective particle swarm optimization
has been developed rapidly [19]–[23]. Compared to MOGA,
MOPSO searches faster, while its use in practice is much sim-
pler, and it can also be used for most engineering problems;
hence it has become a research hotspot and been applied
widely in many engineering fields [24]–[29]. Nevertheless,
its optimal results are still not sufficiently accurate for the
test functions, and the diversity of the designed parameters
is not uniform [30]. Several researchers have put forward
some improved multi-objective particle swarm optimization

algorithms. However, the global and local search abilities of
these algorithms need to be further balanced, and the diversity
of the solution set of these algorithms is not adequately
helpful [31]. In the proposed approach, we developed a multi-
objective particle-swarm optimization algorithm (MCDPSO)
for the optimal design of contact pairs for high-speed back-
plane connectors. In MCDPSO, a dynamic weight coefficient
was used to avoid falling into local optimums thus improve
the accuracy of structure parameters for the design of contact
pairs. Additionally, we proposed the external archive updates
based on roulette-wheel selection and gbest selection strate-
gies to improve the diversity of the algorithm to obtain more
non-dominated parameter vectors for contact-pair design.
• Aimed at optimizing the contact resistance and the
insertion force of the backplane connector simultane-
ously, an improved multi-objective method, MCDPSO,
is developed to tackle this problem via optimum design
of the backplane connector structural parameters. Our
contribution can be summarized as follows:

• Amechanical model of a contact pair was built based on
an approximate differential model of the deflection of
beams and on electrical contact theory. The optimization
model was developed according to the requirements
to have both a low insertion force and low contact
resistance.

• An improved MOPSO was developed, MCDPSO,
to solve this model. To verify the effectiveness of this
algorithm, we used an efficient set spacing metric and
a two-set coverage metric to compare the results with
a real engineering instance and MOPSO. Additionally,
the results based on ANSYS Workbench simulation
were compared with the numerical results and a discus-
sion from mechanical view was given.

II. A MECHANICAL MODEL OF CONTACT PAIRS
AND PROBLEM FORMULATION
A. STRUCTURE OF CONTACT PAIRS IN A CONNECTOR
Usually, there are several contact pairs in a high-speed back-
plane connector (as shown in Fig. 1(a), (b)). A contact pair
is illustrated in Fig. 1(c); it is composed of pin A, pin B and
the base. Pin A is a double cantilever beam, and pin B is a
single cantilever beam. In this investigation, pin A is inserted
into the base firstly, and then the mating process of pin B is
analyzed by a dynamic model.

B. MECHANICAL MODEL OF INSERTION FORCE
As mentioned above, the structure of the electric connector
has a great influence on the insertion force and contact resis-
tance; the simplified model of the insertion process mainly
considered the structure, while the speed of insertion, temper-
ature, vibration and other factors were ignored in this study.

The insertion process is shown in Fig. 2(a). When pin B is
inserted between pin A and the base, pin A experiences an
elastic deformation, resulting in a normal force of the contact
interface to generate contact resistance. The insertion mating
process can be divided into the following three stages:
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FIGURE 1. Structure of a high-speed backplane connector: a. high speed backplane connectors. b. CAE model. c. contact pair: Pin A length, width and
thickness are L, b1 and h1, respectively. R and α0 are the pin A bending radius and starting angle with the base.h2 and r are the thickness and chamfer
radius of pin B.

FIGURE 2. Insertion process of the contact pair: a. insertion process b. Stage 1. c. Stage 2. d. Stage 3

FIGURE 3. Force analysis of contact pair: a. Force analysis of pin A b. Force analysis of pin B.

• Stage 1. The fillet surface of pin B contacts the inclined
plane of pin A.

• Stage 2. The fillet surface of pin B contacts the circular
arc surface of pin A.

• Stage 3. The upper plane of pin B contacts the circular
arc surface of pin A.

Diagrams of stages 1-3 are shown in Figs. 2(b), (c) and (d).

The force diagram in the insertion process is shown
in Fig. 3, where Fc is the contact force, α is the contact
pressure angle, f is the friction between pins, fn is the friction
between pin B and the base,Ft is the supporting force, andµis
the coefficient of friction between the contact surfaces. The
relationship equation between the contact pressure generated
by the elastic deformation of pin A and the insertion force is

35184 VOLUME 6, 2018



W. Yu et al.: Multi-Objective Optimum Design of High-Speed Backplane Connector Using Particle Swarm Optimization

expressed as follows:

Fin = µFc +
Fc(µ+ tanα)
1− µ tanα

(1)

Pin A can be simplified as a cantilever beamwith a variable
cross section. The approximate differential equation of the
deflection of beams is:

y′′ = −
M (s)
EI (s)

. (2)

whereM (s) is the bendingmoment expression,E is the elastic
modulus and I (s) is the cross-sectional moment of inertia
expression.

The chamfer of pin A (at the slot division) has little
effect on the result. To simplify the calculation, the chamfer
is ignored here. The expressions M (s) and I (s) of pin A
are:

M (s) = Fc(L − s) (3)

I (s) =



1
12
h31(b1 − 0.3), (0≤s<0.88&1.45≤s<2.70)

1
12
h31b1, (0.88 ≤ s < 1.45)

1
12
h31(b1 − 0.06), (2.70 ≤ s ≤ L)

(4)

Integrating (2) over s twice, the deflection equation can be
expressed as:

y =
∫

[
∫
−
M (s)
EI (s)

ds]ds+ Cs+ D (5)

Substituting (3), (4) and the deflection δ into (5), the con-
tact force Fc can be expressed as:

Fc = k
Eδh31
12K

(6)

where k is a correction factor and

K =

[5.13L2 − b1(50L3 − 238.5L2 − 669)
−11.95L + 166.67L3b21 + 7.1]

b1(10b1 − 3)(50b1 − 3)
(7)

Due to the change of the constant-pressure angle and
the deflection in the process of insertion, it is necessary to
know the change of the pressure angle over the insertion
distance.

1) Stage 1
In this stage, the pressure angle α = α0, and the deflec-
tion δ = (s−s0) tanα0, where s is the insertion distance
and s0 is the insertion position of initial contact.

2) Stage 2
The contact in this stage is two round surfaces in con-
tact as shown in Fig. 4. During this process, α can be
obtained as follows:

α = arcsin(α0 −
1s
R+ r

) (8)

1s = s− s1 (9)

FIGURE 4. Schematic diagram of the mating process.

where s1 is the insertion distance at the end of stage 1.
From Fig. 4, the deflection δ can be obtained by writing
the relationship between δ and α.

1δ = (r + R)(cosα − cosα0) (10)

δ = δ1 +1δ (11)

where δ1 is the deflection at end of stage 1.
3) Stage 3

As the insertion distance increases, the pressure angle
decreases, finally becoming s0, and the deflection is
equal to h2.

C. MECHANICAL MODEL OF CONTACT RESISTANCE
Because the true contact area is smaller than the apparent
area in contact, it is assumed that the true contact area is
determined by plastic deformations of the asperities project-
ing from the surfaces. The relationship between the area of
mechanical contact and the contact force is given by [32]:

Fn = HAC (12)

where H is the material hardness, Fc is the normal pressure,
which according to Fig. 3 can be deduced as:

Fc = Fn · cosα − f · sinα (13)

And AC is the true area of contact. The true area of contact
can be written as:

AC = πβ2 (14)

where β is the constriction radius. Equation (12) can be
rewritten as:

β =
[
Fn
/
(πH)

] 1
2 (15)

In addition, the contact resistance RC can be given by [33]

RC = ρ
/
(2β) (16)

where ρ is the electrical resistivity. Using (14) and (15), the
following can be deduced:

RC = (ρ
/
2)[πH

/
Fn]1/2 (17)
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D. PROBLEM FORMULATION
For a contact pair of a high-speed backplane connector, the
insertion force is the dynamic quantity that varies with the
insertion distance s. The maximum insertion force should be
as small as possible, while the contact resistance should be
minimized during stage 3 of the insertion process. In this
investigation, b1, h1, R, α0, h2 and r were selected as the deci-
sion variables based on the engineering practice. The values
of these decision variables were limited to a certain extent
derived by engineering design experiments. The specific val-
ues are given in the subsection IV-B. The optimization model
of this contact is expressed as follows:

minmax
s
Fin (x, s)

minRC
x = ( b1 h1 α0 h2 R r )
s.t. 8 ≤ x ≤ 0

(18)

where 8 and 0 denote the lower and upper limits of the
decision variables, respectively.

In this problem formulation, the insertion force Fin and the
contact resistance Rc are the two objectives needed to be opti-
mized simultaneously. As can be seen from (1), the insertion
force is in direct proportion to the contact force Fc. By using
(13) and (17) the contact resistance Rc can be rewritten as:

RC = (ρ/2)[πH (cosα − µ sinα)/Fc]1/2 (19)

which is inversely proportional to the contact force Fc. Obvi-
ously, the insertion force Fin and the contact resistance Rc
change in opposite ways when the pressure angle α changes
slightly. Therefore, this is a multi-objective optimization
problem.

III. OPTIMUM MULTI-OBJECTIVE DESIGN METHODS
FOR CONNECTOR CONTACT PAIRS
In this section, we will introduce the MCDPSO method.
As already noted, the method is based on PSO [34] in
a multi-objective setting. First, we depict the strategy of
combining PSO with the multi-objective optimization. Then,
we present a particle representation and objective functions
for the contact-pair design. Finally, we give a detailed pre-
sentation of MCDPSO conceived for the optimum design of
high-speed backplane connector contact pairs.

A. MULTI-OBJECTIVE PARTICLE SWARM OPTIMIZATION
In PSO, each particle in a set of particles flies to an optimal
location relative to its own previous best position (pbest)
and the best neighborhood particle’s position (gbest). The
position and velocity of the ith particle are expressed as
xi and vi. The position and velocity are updated as follows:

x t+1i = x t + vti (20)

vt+1i = ωvti + c1r1(pbest
t
i − x

t
i )+ c2r2(gbest

t
i − x

t
i ) (21)

where t is the iteration number, ω is an inertial weight, c1 and
c2 are acceleration coefficients, and r1 and r2 are two random
numbers uniformly distributed between 0 and 1.

The original form of PSO is not capable of address-
ing multi-objective optimization problems. However, several
recent approaches have extended the basic concept of PSO
to solve such problems (MOPSO) [35]. These MOPSO stud-
ies employed the concept of Pareto optimality to choose
non-dominated particles in the population as leaders and let
solutions converge to the true Pareto front [35]. In such multi-
objective problems, each particle may have a set of different
leaders of which just one is chosen for the position updat-
ing. The leaders (non-dominated solutions) found during the
optimization process are usually saved in a repository called
an external archive. These saved non-dominated solutions are
employed as leaders when particle positions must be updated
in the search space. In particular, all particles contained in
the external archive are usually assumed as the final Pareto
optimal solutions obtained by the algorithm.

B. PARTICLE REPRESENTATION AND OBJECTIVE
FUNCTIONS FOR DESIGN OF A CONTACT PAIR
With the objective of applying MCDPSO to optimum design
of contact pairs, a reasonable representation of particles
for each set of contact pair structure parameters needs to
be set firstly. In this approach, each particle x is repre-
sented by a vector composed of multi-dimensional contact-
pair parameters, i.e.,x = (b1, h1, α0, h2,R, r). Because
every structure parameter is continuous, the combination
of any two positions is a continuous operation. Note that
the particles may occasionally fly to positions beyond the
defined search space, hence produce invalid solutions. To pre-
vent this situation, some researchers have suggested some
methods such as absorbing, reflecting and invisible walls.
Huang and Mohan [36] proposed a damping wall, which has
been verified to have robust and consistent optimization per-
formance, regardless of the dimensionality and the location
of the global optimum solution. Thus, a damping wall was
selected for our approach.

The problem we studied has two objectives: insertion
force Fin and contact resistance Rc. Once every particle has
been set, these two objectives can be respectively calculated
by (1) and (17).

C. MULTI-OBJECTIVE CONNECTOR DESIGN
PARTICLE-SWARM OPTIMIZATION
The proposedMCDPSO algorithm is discussed inmore detail
in this section. It is a combinational form of the PSO algo-
rithm within a multi-objective structure that combines some
special features for optimum design of high-speed backplane
connectors. The features are as follows.

1) DYNAMIC INERTIA WEIGHT
A large inertia weight helps to improve the global search
ability of the algorithm, while a small inertia weight can
enhance local searching. To prevent premature convergence
and oscillation near the optimal solution as the algorithm ter-
minates, a nonlinear decreasing inertial weight was employed
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for iteration k:

ωk =
ωmax − ωmin

2
×

(
cos(

πk
T

)+ 1
)
+ ωmin (22)

where ωmax and ωmin represent the maximum and minimum
of the inertia weight, respectively, and T is the maximum
number of iterations.

2) MAINTENANCE OF EXTERNAL ARCHIVE
The external archive consists of the position, fitness and
crowding distance of the non-dominated solutions. Updating
of the non-dominated solution set is based on Pareto domi-
nance, and if there is no Pareto dominance between the two
particles, one of them will be selected randomly. If there are
multiple particles with the same information, only one will be
kept in the external archive.

A fixed number nmax is set to control the size of the external
archive Sarchive. If the particles with only large crowding
distances are retained, all other particles will be removed,
which may reduce the diversity of the solutions [30]. For the
electrical device design, especially for such a complex con-
nector with many crucial elements, the optimized structural
sizes would be expected to be uniform rather than focused on
a limited section. Furthermore, the diversity of the solution is
also a key criterion for themulti-objective optimization. Thus,
when the contents of the external archive exceed the fixed
number, some particles will be removed by the roulette wheel
selection scheme [37], which is used to ensure the solution
diversity of Sarchive and so as to avoid the algorithm falling
into a local optimum. The pseudopod of external archive
update is shown in Algorithm 1.

Algorithm 1 External Archive Update
Input a new solution setPnew.
1. outer: for each p ∈ Pnew
2. insider: for each p′ ∈ Pnew&p′ 6= p
3. if p dominates p′

4. delete p′ from Pnew
5. else if p′ dominates p
6. delete p from Pnew
7. break out of the insider loop
8. end if
9. end for
10. end for
11. Sarchive = Sarchive ∪ Pnew
12. sort Sarchive based on crowding distance [38]
13. set nover = |Sarchive| − nmax %|Sarchive| as the size of
Sarchive
14. ifnover > 0
15. use roulette wheel selection [37] to delete nover ele-
ments from Sarchive
16. end if
Output Sarchive.

3) ELITIST SELECTION
Optimal position and global optimal position are the goals of
the PSO particles. These points are tracked by the particles to
optimize each iteration. PSO in its original form is single-
objective. Selecting of gbest and pbest is simple and their
values are unique. However, in MOPSO, many feasible solu-
tions exist that cannot be distinguished by fitness. Themethod
for selecting is the key to approaching the optimal boundary.
Choosing pbest is easy and most common. Recent research
focuses on Pareto-based dominance [39] which adopts a non-
dominated particle between its current position and previous
best position as the pbest. If one does not dominate, then pick
one randomly. This scheme was adopted to handle pbest in
our study.

The selection of gbest is relatively complex. Research in
this area is in the following categories.
• Stochastic selection [40]. Random picking is used for
non-dominant solutions saved in the external archive.
However, when particles become concentrated, they are
prone to have a greater probability of selection. This is
not conductive to distribution along the optimal front and
the diversity of the population.

• Crowding density [38]. Choose a particle as gbest with
the minimum Euclidean distance between current parti-
cles and non-inferior solutions in the external archive.

In our approach, gbest was selected by Algorithm 2. The
particle with the smallest ranking value has dominance and
distribution. Choosing it as the gbest can speed convergence
but may also reduce the diversity of the population and result
in a local optimum trap of the algorithm. To avoid this,
in Algorithm 2, the particle with smallest ranking value will
have the highest probability of being chosen, while those
with larger ranking values may still have some chance to be
chosen. Specifically, we need to select one solution sk from
Sarchive as the gbest solution. The elements in Sarchive are
sorted based on crowding distance. If we just pick the first
element in Sarchive, this may harm the diversity of the swarm.
Thus, we generate the probability range (r l, ru) for each
element in Sarchive according to its rank order, as depicted in
line 5. r l is the reachable lower bound of the range and ru is
the unreachable higher bound of the range. This means the
best element has a great chance to win, but it is not absolute.

4) PSEUDOCODE OF MCDPSO
Based on the above methods, the pseudo-code of the
MCDPSO is expressed as follows:

IV. EXPERIMENTAL RESULTS AND DISCUSSION
In this section, we evaluate the performance of MCDPSO.
After a preliminary discussion of the MCDPSO parame-
ters, we compare the performance of the proposed algo-
rithm with MOPSO for some well-known benchmarks and
for the optimum structure design of a high-speed backplane
connector.
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Algorithm 2 gbest Selection
Input a new solution set Pnew.
1. generate a random number rand
2. set i =1, k =0
3. let len = |Sarchive| % |Sarchive| be the size of Sarchive
4. while i ≤ len
5. generate [r li , r

u
i ) for si ∈ Sarchive,

r li =
(i− 1)(2len− i+ 2)

len(len+ 1)
, rui =

i(2len− i+ 1)
len(len+ 1)

6. if rand ≥ r li & rand < rui
7. k = i
8. break this loop
9. end if
10. i = i+ 1
11. end while
Output sk as the gbest solution.

Algorithm 3 MCDPSO
1. Initialize
2. for each particle in swarm
3. generate the position and velocity randomly
4. update the velocity and position ((20) and (21))
5. evaluate
6. update pbest
7. end for
8. update external archive via Algorithm 1
9. obtain gbest via Algorithm 2
10. while (not-stopping criterion)
11. for each particle in swarm
12. update the velocity and position ((20) and (21))
13. evaluate
14. update pbest
15. end for
16. update external archive via Algorithm 1
17. obtain gbest via Algorithm 2
18. end while
Output external archive.

A. PERFORMANCE VALIDITY MEASURES
In this investigation, some strategies were employed in
MCDPSO to strengthen its ability to find the optimum struc-
ture design of a high-speed backplane connector. To evaluate
MCDPSO comprehensively, we employed a two-set coverage
metric and a spacing metric to further rate the performance
of MCDPSO on the connector structure design. The two-set
coverage metric is defined as the percentage of the solutions
in B that are dominated by at least one solution in A.
C(A, B) plus C(B, A) is not necessarily equal to 1.

C(A, B)= 0 means that no solution in B is weakly dominated
by any solution in A, while C(A, B)= 1 expresses that all
solutions in B are weakly dominated by solutions in A [41].

The spacing metric [42] is used to assess the distribution
of vectors throughout the set of non-dominated solutions.

This metric is defined as the following:

S =

√
1

n− 1

∑n

i=1

(
d̄ − di

)2 (23)

where di = min
j

(∣∣∣f i1(x)− f j1(x)∣∣∣+ ∣∣∣f i2(x)− f j2(x)∣∣∣) , i, j =
1, · · · , n. A value of zero for this metric means that all vectors
in the non-dominated solutions set are equidistantly spaced.

Note that for comparing these two algorithms on the con-
nector structure design, the spacing metric was employed as
the diversity metric because the true Pareto solutions of the
problem of connector design are unknown.

B. PARAMETER SETTINGS
The materials of the backplane connector contact pairs
in this approach is Cu0.98Be0.02. The material hard-
ness H is 220N/mm2 and its electrical resistivity value
is 8.2×10−5� · m. We assumed some parameter values in
our study. The lower and upper limits of the decision vari-
ables 8 and 0 were (0.8 0.18 35 0.18 0.3 0.04) and
(0.9 0.23 45 0.23 0.5 0.09), respectively. The value of the
coefficient of frictionµwas 0.18. The correction factor k was
as follows:

k =

 0.9+
0.3(s− s0)
s0 − s2

, s ≤ s2

0.6, s > s2
(24)

where s0 is the insertion distance of initial contact and s2 is
the insertion distance when stage 2 ended.

MCDPSO was applied to optimize the contact model
compared with MOPSO. The parameters involved in these
two algorithms include inertia weight (ω), population size
(Popsize), cognitive parameter (c1), social parameter (c2),
ran-dom values(r1 and r2), maximum iterations(Maxcycle)
and the maximum external archive size(nmax). The param-
eters Popsize, c1, c2, r1, r2, MaxCyble, nmax , were set the
same for both MOPSO and MCDPSO, but different in ω.
As for the inertia weight factor, it is a constant (with the
value 0.4 [40]) in MOPSO, and it is a dynamic changing
value in MCDPSO. In MCDPSO, the maximum value for the
inertia weight factor, ωmax, has been typically set to 0.9, for
its ability to quickly foster the finding of a global optimum.
The value ωk is decreased until ωmin=0.4, to progressively
turn the behavior of the algorithm from mainly exploratory
(i.e. ωk=0.9) to mainly exploitative (i.e. ωk =0.4) [43].

As for the cognitive parameter and social parameter,
according to the reference [44], the following parameter
selection heuristic can be derived:

0 < (c1 + c2) < 4 (25)

Generally, in order to guarantee the search balance of the
algorithm, the acceleration constants c1, c2 are set to 2.0 [45].
The values of these parameters are shown in Table 1. To min-
imize the influence of random effects, the experiment was
repeated 30 times for this problem, each time a different ran-
domly generated initial population was used. First, the results
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TABLE 1. Algorithm parameters.

of 30 independent runs were ranked according to the two-set
coverage metric. Then, the median results of 30 independent
runs were kept. The median results selected were employed
to represent the general level of the algorithm, so as to avoid
the extreme solutions sets. The MCDPSO algorithms and
optimization calculations were implemented by MATLAB
software.

C. PERFORMANCE EVALUATION OF MCDPSO ON
CONNECTOR CONTACT PAIRS OPTIMUM DESIGN
In practice, high-speed backplane connector contact pairs
are designed by the classic methods such as the quadrature
method. A contact pair of a real connector has a structure
parameters vector (b1 = 0.85mm, h1=0.2mm, α0 = 37◦,
h2 = 0.2mm, R = 0.4mm, r = 0.06mm). Based
on the mathematical model of contact pairs of section II,
the maximum insertion force and contact resistance obtained
were 0.358N and 1.55m�, respectively. This connec-
tor’s structure was designed by the quadrature method.
In this study, multi-objective optimization strategies were
employed to redesign this connector structure to achieve
a smaller maximum insertion force and a lower contact
resistance.

MOPSO is capable of achieving better solutions than the
original connector design, as expressed in Fig. 5. This implies
that multi-objective optimization methods can achieve good
performance for this problem. However, the distribution
of MOPSO solutions in Fig. 5 is not uniform, indicat-
ing the poor diversity of MOPSO. However, MCDPSO
conceived with some modification strategies can improve
the diversity, as shown in Fig. 6. Intuitively, the solu-
tions obtained by MCDPSO distribute more uniformly,
which means MCDPSO has better diversity performance
than MOPSO. This can be verified by comparing MCDPSO
and MOPSO with the spacing metric. The results are
shown in Table 2. The value obtained by MCDPSO is
smaller than those of MOPSO, indicating that MCDPSO

TABLE 2. Results of the spacing metric for both algorithms.

TABLE 3. Results of the coverage metric for the problem where
A denotes MCDPSO and B denotes basic MOPSO.

FIGURE 5. Non-dominated solutions by MOPSO.

FIGURE 6. Non-dominated solutions by MCDPSO.

has a better distribution of the obtained solutions set than
MOPSO does.

Furthermore, it can be observed from Figs. 5 and 6 that
MCDPSO provides more feasible solutions. In a direct com-
parison based on the coverage metric, the results are given
in Table 3. The value of MCDPSO is smaller, meaning that
its average performance is slightly better. The solutions are
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TABLE 4. Some optimal solutions better than original design.

found better than the original design, as shown in Table 4.
As shown in Table 4, the values of Pin B thickness h2, bending
radius R and Pin B chamfer radius r were kept constant
while other parameters changed significantly. For subsequent
optimization design, designers can fix the structural param-
eters h2, R, and r and change other structural parameters to
improve performance.

It can be observed that both MOPSO and MCDPSO work
better than the original design in terms of the insertion force
and contact resistance. MCDPSO can obtain more feasible
solutions due to the dynamic inertia weight and also improve
the diversity of the solution set distribution because of the
external archive and gbest update strategies. The uniform
optimal solution could also be obtained accordingly.

D. VERIFICATION OF NUMERICAL METHODS BASED ON
ANSYS FINITE ELEMENT SIMULATION
In the previous subsection, MOPSO andMCDPSO have been
used to obtain the structural parameters with the objective
of optimizing the contact resistance and insertion force of
the connector contact pairs. These results have been com-
pared with those by classic methods. Regarding the solutions
set coverage and diversity, MCDPSO showed a better per-
formance than MOPSO for the optimization problem. The
optimization results obtained by MOPSO and MCDPSO was
further verified from the perspective of the mechanical struc-
ture via ANSYS simulation.

Firstly, software Soliworks 2016 was used to build the
contact pair model of the backplane connector. This model
is shown in Fig. 7. Then, the model constructed by Soliworks
was imported into ANSYSWorkbench R17.2 for mechanical
analysis of the mechanical structure. In ANSYS, the applica-
tion of constraints is shown in Fig. 8. Afterwards, themechan-
ical properties of the insertion process were analyzed. Mesh
independence was verified in the simulation procedure.

For each set of the parameters obtained by MOPSO and
MCDPSO, the maximum insertion force and the minimum
contact resistance of the contact pair can be obtained through
the simulation process of the pin process using ANSYS.
Detailed results are shown in Tables 5 and 6. In these tables,
the term ‘‘Number’’ corresponds to the same term in Table 4.
The maximum insertion force and the minimum contact
resistance obtained at the maximum insertion force obtained
by multi-objective numerical methods and ANSYS simula-

FIGURE 7. Connector contact pair model built by Soliworks 2016.

FIGURE 8. Constraints setting: a. Fix constraint imposing on basement.
b. Displacement constraint on the Female side. c. Displacement constraint
on the Male side.

tion are given. The differences between the results of multi-
objective numerical methods and ANSYS simulation results
are given in the tables.

The average differences among the simulation results
amongMOPSO, MCDPSO and ANSYS are given in Table 7.
It can be seen that, for the average insertion force
difference 1Fin, the MCDPSO calculation result is closer
to ANSYS simulation results than MOPSO. For the
average contact resistance difference 1Rc, the MOPSO cal-
culation result is slightly better than MCDPSO. The differ-
ences between the multi-objective optimization result and the
ANSYS simulation result are small, indicating that the result
of the multi-objective optimization algorithm has certain
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TABLE 5. Results comparison between MOPSO and ANSYS simulations.

TABLE 6. Results comparison between MCDPSO and ANSYS simulations.

TABLE 7. Average differences between multi-objective methods and
ANSYS Simulations.

practical significance. The ANSYS simulation results verify
the feasibility of the multi-objective optimization methods.
And the calculation time of multi-objective optimization
methods is far less than the ANSYS simulation. In summary,
multi-objective optimization methods are more efficient than
ANSYS simulation. The comparison between MCDPSO and
MOPSO has been analyzed in the previous subsection.

V. CONCLUSION
The design of the optimal structure parameters for a high-
speed backplane connector contact pair, originally conceived
with classic schemes such as the quadrature method, was
obtained using multi-objective optimization strategies. The
insertion force and contact resistance of the contact pair were
obtained by analyzing its mating process. The optimization
model was based on the minimum insertion force during the
insertion process and minimum resulting contact resistance.
MCDPSO, an improved multi-objective particle swarm opti-
mization algorithmwith higher efficiency, in consideration of
Pareto domination and crowding distance, was proposed to
solve this engineering problem. Dynamic inertial weighting

was used to balance the algorithm’s search ability. External
archive updates and gbest selection strategies were employed
to improve the diversity of the non-dominated solutions rel-
ative to MOPSO. MCDPSO produced a few optimal solu-
tions that can provide guidance for subsequent optimization
designs. Compared to the original design, both the insertion
force and the contact resistance of the optimal solutions were
reduced. The results of multi-objective numerical methods
were well verified via ANSYS simulation from the perspec-
tive of the mechanical structure.
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