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ABSTRACT 

An assembly sequence is considered to be optimal when it 
minimizes assembly cost while satisfying assembly 
constraints. The assembly cost relates to assembly 
operations, assembly motions, and assembly direction 
changes. This study proposes a simulated-annealing 
method for the generation of such assembly sequences in 
robotic assembly. This method reflects the assembly cost 
to an energy function associated with the assembly 
sequence. The energy function is iteratively minimized 
and occasionally perturbed by a simulated annealing until 
no further change in the energy occurs. As a result, an 
assembly sequence with a low assembly cost is finally 
found. To show the effectiveness of the proposed method, 
case study is presented for an electrical relay. The 
performance is evaluated from the comparison of the 
result with the ones obtained from an expert system and a 
neural network-based approach, previously presented 
methods. 

1. INTRODUCTION 

It has been reported that the assembly cost accounts 
for 10 to 30 percent of total cost of most industrial 
products[l]. To reduce such assembly cost, much 
research effort has been made on assembly sequenck 
generation. As has been pointed out in other research 
works, the assembly sequence has a direct consequence 
on the productivity, the product quality and the fixed cost 
involved with the assembly equipment. 

Up to now, methods based on tree search or graph 
search have been reported[2]-[10]. These methods can 
find the optimal solutions, but have a problem of the 
search space explosion for an increased number of parts. 

To eliminate such search space explosion, 
disassembly methods have been reported[ 1 114 131. These 

methods consider an assembly sequence to be the reverse 
order of a disassembly sequence obtained. Disassembled 
parts are sequentially chosen so as to have a locally 
minimum disassembly cost. The methods have an 
advantage in fast execution time, but they usually fail to 
generate the globally optimal solution especially for a 
large number of parts. 

To overcome the problem of the search space 
explosion, neural-network-based computational 
approaches have been reported[ 141-[ 151. However, the 
methods have a problem of frequent generation of non- 
optimal sequences, since the network energy often 
reaches to a local minimum. 

To overcome the above mentioned criticism, this 
study proposes a new method for the generation of 
robotic assembly sequences with a simulated annealing 
[16]-[18]. This method reflects both the assembly 
constraints and the assembly cost to an energy function 
associated with the assembly sequence. The energy 
function thus derived is iteratively minimized along with 
occasionally probabilistic increase. When no further 
change in the energy occurs, an assembly sequence with a 
low assembly cost is finally found as a solution. To 
demonstrate the effectiveness of the proposed method, 
case study is carried out for an electrical relay. The result 
is evaluated by comparing with the ones obtained from 
the expert system[9] and the neural network-based 
approach[ 151. The result shows :that the proposed method 
can generate optimal assembly sequences with high 
success rate. 

2. REPRESENTATION OF ASSEMBLY SEQUENCE 

As a prerequisite to the subsequent assembly 
sequence planning, the assembled states of parts in a 
product need to . be adequately represented. Such 
representation, called the product modeling, will be 

0-7803-5 184-3/99/$10.00 0 1999 IEEE 1247 



utilized to infer assembly constraints and to evaluate 
assembly cost. In the previous works, a product has been 
modeled by: (1) topological relations between 
parts[2],[3],[7]-[ 151, (2) extracted features by geometric 
reasoning from CAD or CSG data[4]-[6]. This study 
adopts the method previously proposed by Cho and 
Cho[l], which utilizes liaison data between a pair of parts. 

2.1. Product modeling 

A product is assumed to be suitable for robotic 
assembly; it is composed of rigid parts interconnected 
with each other in mutually orthogonal directions. Each 
part can be assembled by simple insertion or fastening 
such as screwing. Fig. 1 shows an example of such a 
product. In general, a product consists of n parts 
interconnected by Y liaisons, where Y lies between (n-1) 
and n(n- 1)/2. A liaison represents connective relations 
between a pair parts. The assembly directions are defined 
with respect to x,y,z,X,Y,?, as shown in Fig. 1. More 
detailed description on the connective relations can be 
found in Cho and Cho[8] and Hong and Cho[ 151. 

2.2. Feasible, Stable and Optimal Sequences 

The generation of an assembly sequence is equivalent 
to the finding of a series of operations by which n parts 
are sequentially assembled to form an end product. 
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Fig. 1. An example of a product : ten-part electrical relay. 
Important factors in the generation of assembly sequences 
are assembly constraints, which can be classified into a 

precedence constraint and a connectivity constraint. These 
assembly constraints are inferred from the liaisons of a 
product[8]. 

The precedence constraint of a liaison is represented 
as a set of parts that must be connected when a pair of 
parts are to be interconnected. This constraint results from 
the geometrical relation among parts. Another constraint, 
the connectivity constraint, states that a part to be 
assembled onto an in-process subassembly must have at 
least one real connection, a real contact or a fit, with any 
part belonging to the in-process subassembly. This 
connectivity constraint plays a role of preserving only one 
in-process subassembly throughout the assembly of a 
product. 

Once assembly constraints have been inferred, 
assembly sequences satisfying the assembly constraints 
can be inferred. Such assembly sequences are called the 
feasible assembly sequences. 

The feasible assembly sequences, however, do not 
always guarantee the parts to fix onto an in-process 
subassembly; parts may be loosely connected, and come 
apart when the subassembly is turned or moved. Such 
assembly sequences that keep the stability of in-process 
subassembly movement &e called the stable sequences, 
by which the parts can be successfully assembled to form 
an end product. As can be expected, if a large degree-of- 
freedom robot is used instead of smaller one, an increased 
number of stable sequences can be found, since the robot 
motion may eliminate necessary some otherwise 
subassembly movements. Stable sequences, therefore, are 
related not only to the subassembly state but also to the 
degrees of freedom of the robot motion. 

Among the stable sequences, the optimal sequences 
are selected as the ones having the minimum assembly 
cost. The assembly cost is defined with consideration of 
both the normalized degree of motion instability C ,  and 
the normalized number of assembly direction changes 
C,,, when a degree-of-freedom of robot motion is 
chosen[l5]. It should be noted that the C ,  strongly 
affects the complexity of jig-and-fixtures, while the C,, 
is closely related to the number of turning devices. Taking 
into consideration these C ,  and C,, , the assembly cost J 
can then be expressed by 

[l: if an assembly sequence violates assembly 

( 1 )  
constraints, or it is unstable 

ps C ,  + p t  Cnt ; otherwise 
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where pS and p, denote weighting factors determined 
by the assembly system and the assembly cycle time[9], 
and p,, + p, = 1 .  

The above equation will be considered when an 
energy function associated with the assembly sequence is 
to be derived. 

3. GENERATION OF ASSEMBLY SEQUENCES 
USING SIMULATED ANNEALING 

An assembly sequence is considered to be optimal 
when its assembly cost is minimum while satisfjling 
assembly constraints. To obtain such sequences, this 
section derives an energy function that reflects the 
assembly constraints and the assembly cost. Then, 
simulated annealing method for generating robotic 
assembly sequences is described. 

3.1. Energy function associated with assembly sequence 

This study aims to find assembly sequences that have a 
low assembly cost as well as satisfying the assembly 
constraints. Meanwhile, the simulated annealing depends 
upon the minimization of an energy function [16]-[18]. 
Thus, to generate assembly sequences with the simulated 
annealing, both the assembly cost and the assembly 
constraints need to be adequately reflected to the energy 
function associated with the assembly sequence. To this 
end, let the energy function associated assembly 
sequence consist of the following terms: 

E,cy = EJ + E ,  +Ec.  (2) 

where E,, is an energy term related to the assembly cost 
in Eq. (l), and E,, and E, are the terms for assembly 
constraints: the precedence constraint and the 
connectivity constraint, respectively. In this study, these 
energy terms are derived in such a manner that both the 
E,, and E, become zero while the E,  is minimum at 
the optimal sequence. 

For an assembly sequence SEQ, the energy E, can 
be defined to be proportional to the assembly cost J in Eq. 
(1). Thus, the E, is expressed by 

where C, is a positive constant. 

defined by 
The energy E,, for the precedence constraint is 

n 

i=l 
E ,  = c , c p i  (4) 

where C, is a positive constant , and pi is the 
precedence index of the ith part in the SEQ. The pi is 
assigned zero if the ith part of an SEQ satisfies the 
precedence constraint, otherwise it is assigned unity. 

Similarly, the last term E, for the connectivity 
constraint is defined by 

where C, is a positive constant, and A; is the 
connectivity index of the ith part in the SEQ. The A, is 
assigned zero or unity in a manner similar to the ,U; . 

From Eqs. (2) through (5 ) ,  the energy function is 
finally derived as 

E,ycy = CJ J + i ( C p p ,  + C&). (6) 
i=l 

On the basis of the minimization of the above energy 
function, robotic assembly sequences will be generated by 
using a simulated annealing. 

3.2. Simulated annealing 

The concept of simulated annealing comes from an 
analogy with metallurgical annealing in which a metal is 
initially heated to a high temperature, then cools down 
slowly to a low temperature[ 161-[ 181. As a result, metallic 
lattice will settle at a low energy state. Similarly, in the 
simulated annealing, a system to be optimized is initially 
given an energy with a high temperature. As the 
temperature is slowly lowered, the state of the system 
varies such that the probability of changing to a new state 
obeys the Boltzmann distribution, which is a function of 
the temperature and the change in the energy. When the 
energy remains unchanged at a low temperature, a 
solution is finally found. Here, the concept of the 
temperature is shown to have no obvious equivalence irl 
the system, but it is simply a control parameter in the 
same unit as the energy[ 181. 

In this study, assembly sequences are to be found 
from iterative minimization of the energy in Eq. (6) with 
the simulated annealing. At the beginning, an arbitrary 
initial sequence consisting of n parts is generated by 
random numbers. The initial sequence has the energy in 
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Eq. (6), and is given an annealing temperature 0, . At the 
iteration step k, let the current sequence and the energy be 
represented by SEQ, and E, under an annealing 
temperature O ( k ) .  Here, the temperature requires not 
only to be lowered slowly but also to be kept constant in 
an interval of some iteration steps[16]-[17]. At each 
iteration step, arbitrary two parts in the SEQO are 
temporarily interchanged, and resultantly a modified 
sequence SEQ with the energy E, is generated. The 
probability of changing from the SE& to the SEQ is 
given to obey the following the Boltzmann 
distribution[ 161-[ 181: 

,-E, / O ( k )  
G -  

Pr(E1) = e-E, , /@(k)  + .-E,/O(k) 
(7) 

1 

where AE = E, -E,. The above equation states that the 
probability of changing to a higher energy becomes small 
as @(k)  approaches zero. When the current energy is 
minimum at a low temperature, no further change in 
energy occurs, since the probability approaches zero. 

To select a new sequence at the next iteration step, a 
random number N ,  uniformly distributed in the interval 
[0 11 is generated, and the probability Pr(E,) in Eq. (7) is 
compared with the N ,  . If the Pr(E,) is larger than the 
N,, the SEQ, is accepted as the sequence at the next 
iteration step, otherwise the SEQ, remains unchanged. 
Through such selection process, the energy tends to be 
globally minimized along with occasionally probabilistic 
increase in the energy. Such probabilistic increase plays a 
role that the energy can escape from a local minimum to 
reach the global minimum.[ 181 

The determination of the annealing temperature over 
the iteration step, called the annealing scheduling, has 
been reported to affect the convergence performances 
such as the proportion of generating optimal sequence and 
the required number of iteration steps. As reported from 
previous works, the temperature needs to be not only 

210wered slowly but also kept constant in an interval of 
some iteration steps[l6],[ 171. Here, the interval is called 
the annealing cycle. During the rth annealing cycle r (k )  
at the kth step, the annealing temperature O(k) is 
recommended to have a form 

where 0, denotes the initial temperature. The annealing 
cycle in this study is determined in such a manner that 
most combinations of two parts can be accomplished in 
one cycle. Thus, one annealing cycle Tcyc is regarded as 

the combination of two from n, i.e., 

Tcyc =(;)=l n(n - 1) 

Accordingly, the r (k )  can be expressed by 

(9) 

where r.1 denotes the smallest integer larger than or 
equal to the value in r.1. 

Set the Initial temperature 

I Generate a random number N , ( U  s 1) L 

Interchange the two parts and 

I 

Fig. 2. The flow chart of the simulated annealing method 
for generating robotic assembly sequences. 

The above annealing process continues to repeatedly 
found a new sequence having a lower energy. When no 
further change in the energy occurs at a low temperature, 
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an assembly sequence is obtained as a final solution. The 
flow of the proposed simulated annealing method is 
summarized and depicted in Fig 2. In the next section, 
case study is carried out with the proposed method. 

4. CASE STUDY AND DISCUSSIONS 

To show the effectiveness of the proposed simulated 
annealing (SA) method, a series of simulations was 
carried out to generate robotic assembly sequences for a 
ten-part electrical relay shown in Fig. 1. The performance 
is analyzed in terms of the proportion of generating 
optimal sequences and the required number of iteration 
steps. The result is then evaluated in comparison with the 
ones of the expert system[9] and the neural-network(”)- 
based approach1 151. 

The weighting factors in Eq. (1) were assumed to be 
p, = 0.5 and p, = 0.5, and the energy constants in Eqs. 
(3) through ( 5 )  were determined to be C, = 5 0 ,  

C,, = 20, andCC = 20 from Observing the convergence 
tendency. It was observed from the simulation that both 
the ratio of the energy constants and the initial annealing 
temperature strongly affect the performance. Thus, the 
simulation was carried out at various initial temperatures, 
and the result was obtained from 20 runs at each initial 
temperature. In order that each simulation run can 
generate a different solution, a run starts from an arbitrary 
initial assembly sequence, and two parts to be 
interchanged are also randomly chosen. 

To verify whether the sequence obtained is the 
optimal one or not, the sequence was compared with the 
optimal ones obtained from the expert system[9]. Let us 
briefly explain the procedure of assembly-sequence 
generation from the expert system. Firstly, assembly 
constraints are inferred from the liaison data of a product. 
Secondly, feasible assembly sequences satisfying the 
assembly constraints are generated. Thirdly, stable 
assembly sequences that keep the stability of in-process 
subassembly movements are inferred among the feasible 
sequences. Lastly, the assembly costs for the stable 
sequences are evaluated, then all the sequences that yield 
the minimum cost are generated as the optimal ones. 

Fig. 3 shows the result for the electrical relay. The 
figure shows that more than 90% out of 20 runs at the 
initial temperature 2 or more generate optimal assembly 
sequences. Such high success rate can be explained from 
the fact that the energy function was iteratively 
minimized along with occasionally probabilistic increase 
in the energy. Owing to the probabilistic increase, the 
energy can escape from a local minimum to reach the 
global minimum[lb]. It can be also seen that the initial 

temperature has a significant effect on the performance. 
As the initial temperature increases, the proportion of 
generating optimal sequences becomes higher, whereas 
the required number of iteration steps becomes much 
larger. 

To evaluate the performance, the result was 
compared with the one of the neural network(”)-based 
approach[l5] in terms of the proportion of generating 
optimal sequences and the execution time. Both the 
simulation programs were written in Turbo Prolog. The 
comparison result shows that the proposed SA method 
gives superior performance in the generation of optimal 
sequences; the SA method gives 90% or more, whereas 
the NN approach gives only 50%. Moreover, the SA 
method drastically reduces the execution time for the 
completion of a simulation run; the SA is three times 
faster than the NN. Thus, it is concluded that the proposed 
SA method gives superior performance to the NN in 
terms of both the proportion and the execution time. 

From the above result, it is concluded that the 
proposed method can generate optimal sequences for 
robotic assembly with high success rate. Also, the case 
study shows that the proposed method gives better 
performance in comparison with the neural-network- 
based approach. 
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Fig. 3. Proportion of the generation of opt. sequences and 
the average number of iteration steps out of 20 runs at 

various initial temperatures; C~=50, Cp=20, and C s 2 0 .  
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5. CONCLUSION 

In designing assembly systems it is essential to 
determine optimal assembly sequences for increasing the 
productivity and reducing the assembly cost. For such 
purposes, this study proposed a simulated annealing 
method to generate assembly sequences for robotic 
assembly. 

This method reflects both the assembly constraints 
and the assembly cost to an energy function associated 
with the assembly sequence. The energy function thus 
derived was iteratively minimized along with 
occasionally probabilistic increase in the energy. When 
no hrther change in the energy occurred, an assembly 
sequence was finally found as a solution. 

Through case study for an electrical relay, the 
effectiveness was demonstrated and the performance was 
evaluated from comparing the results with the ones of an 
expert system and a neural-network-based approach. 
From the result of the case study, it is concluded that the 
proposed method can generate optimal sequences with 
high success rate. Also, the proposed method gives better 
performance in the generation of optimal sequences and 
the execution time in comparison with the neural- 
network-based approach. 
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