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Abstract Virtual enterprise is a potential mode for enterprises in the future, The risk manage-
ment for virtual enterprises has become a hot research area recently. Risk programming is one of
the important stages of risk management. There 1s always lack of historical data and there are
many uncertain factors in a virtual enterprise. Hence, in this paper, a fuzzy synthetic evaluation
embedded nonlinear integer programming model of the risk programming is established for the vir-
tual enterprise and a fuzzy synthetic evaluation embedded genetic algorithm is presented for the
model. Examples suggest the usefulness of the method. Using this method, the global risk level
of the virtual enterprise is minimized by combinatorial optimization of risk solutions with the con-
straint of risk investment.
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1 Introduction

Risk programming as one of the important stage of risk management is a process to
determine the risk management strategy and to realize concrete measures and means. In
this process, the known risk will be eliminated as soon as possible. For the risk that can-
not be eliminated, the characteristics may be changed so that the probability and loss of
the risk will be limited. Under certain risk investment, the global risk level of an enter-
prise or a project is minimized-'~*. The virtual enterprise is a complex system composed
by many functional parts. For risk evaluation of such a complex system, the method of
system analysis should be used. In the view of system, operation rules of each risk are in-
vestigated to determine the global risk level according to a thorough analysis of the goals
and each function of the system as well as the relationships among them. At the same
time, a virtual enterprise is a dynamic alliance composed temporarily due to market oppor-
tunity'>®!, The risk management of the virtual enterprise is without historical materials
and mainly relies on personnel experiences with subjective judgments being fuzzy. In this
paper, the risk programming for a virtual enterprise 1s considered from the system point of
view. Using the theory of fuzzy mathematics, the fuzzy synthetic evaluation embedded
nonlinear integer programming model is established and the fuzzy synthetic evaluation em-
bedded genetic algorithm 1s presented for the model. The simulation analysis suggests the
effectiveness of the method.

2 Problem and model description

Risk programming problem of virtual enterprise can be described as the fuzzy descrip-
tion of each risk factor of each risk with and without risk control strategies. By the risk
control strategies, the risk factor will be controlled in some way. There are some strate-
gies for each risk. The affection of each strategy on the corresponding risk 1s different, so
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the description of each risk factor and the cost of the different control strategy are differ-
ent. Risk programming tries to minimize the global risk level by optimally combining these
strategies constrained by the certain risk investment. Hence, the risk programming prob-
lem can be described as follows.

mln(Global risk level) (1)
E Zcuxu < S (2)
i=1 j=0
Zazﬁ =1, 1=1,2,3,yn (3)
.;:;ozo,or, 1, i=1,2,,n, j=0,1,-,], (4)

(1, strategy j 1s selected by risk 1
0, strategy j i1s not selected by risk ¢
S. the total investment for the risk control
i: the index of the risk
7. the index of the risk control strategy
(strategy O for risk 1 means that no strategy is used for this risk)
¢;; : the cost of strategy j for risk ¢
n: risk number
J.: available strategy number for risk ¢
The objective of the model is determined by the fuzzy synthetic evaluation hierarchical
model of risk evaluation, which is given in Fig, 1.
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Fig. 1 The hierarchical model for risk evaluation

In Fig. 1, it can be seen that the risk evaluation is dealt from local level to global lev-
el. The two risk factors, risk probability and risk loss, are considered. For the virtual en-
terprise, the fuzzy description of these two factors with different control strategies is
known. Also, the relative weights of the lower level factors to the upper level factors are
known. Hence, the global risk level for a certain risk programming solution can be ob-
tained by this model.

3 Algorithm

Model (1)~ (4) is the hybrid of combination problem and integer programming. The
size of the solution space (the number of feasible solutions) of problem (1)~ (4) can be

determined by the number of risks and control strategies for the risks, which is HC 741
=]
with no constraint. It is easy to see that the problem is NP-hard. Therefore, a heuristic

algorithm of this problem is needed for practical use. Due to the advantage of genetic algo-
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°), a fuzzy synthetic evaluation embedded ge-

rithm for this kind of optimization problem-""
netic algorithm is designed here,

1) The chromosome representation scheme

For GA in our problem, the natural number string (including 0) is selected as the
gene description. Each digit stands for the risk control strategy selected for the corre-
sponding risk. For example:

(1,3,4,2,2+2:3+3,3,0,4,°+)
In the example, bit 1 stands for that control strategy 1 of risk 1 is selected; bit 2 stands
for that control strategy 3 of risk 2 is selected, and so on. It is noticed that bit 10(:. e.,
digit 0) indicates that no strategy of risk 10 i1s selected. Not all the risks are controlled in
a risk programming solution due to the limited risk control investment.

2) The initial population

For each risk, a random number from 0 to J, is generated. For the individual not sati-
sfying the constraint in the initial population, it i1s deleted and replaced by a new individual
randomly generated till the constraints are satisiied.

3) The fitness

According to the chromosome representation scheme, an individual stands for a risk
control solution. For each solution, global risk level under the corresponding solution can
be gained by fuzzy synthetic evaluation model-*.

According to the risk fuzzy synthetic evaluation model in Fig. 1, let L be the level
number of fuzzy synthetic evaluation model, [ be the counter ot level. The goal is on the
level 0, the sub-goal is on the level 1, and so on. Let K, be the factor number of level /, &
be the counter of factor number, a, = (a;; sas, s*** sa:n ) be the weight vector of tactors un-
der factor £ on level [, M be the factor number under factor £ on level /, m be factor count-
er under factor » on level [, V= {v,,v:,**sv,} be the set of evaluation, b, be the fuzzy
evaluation of factor k£ on level /, R, be the fuzzy evaluation matrix composed of fuzzy evalu-
ation of each factor under factor & on level /. The steps of tuzzy synthetic evaluation are as
follows.

1) I=L—2; k trom 1 to K,, determine R,according to V, then.

biz = Q. ° Rk — (bkl bkz *** Dpn ) (kb = 1929'“1Kz) (5)

The synthetic evaluation of level [ is finished, and

2) It (=0, stop. Otherwise, let [=[—1 and

3) Let k from 1 to K,, according to

b = (b, b, - b ) (m=1,2,-,M), R,isgiven as follows.

f B1 W b1 b1 bln ‘
Rk — B.z L - bs) by by, .
kBMJ ﬁMl bmz an )

Then, according to (5) the synthetic evaluation ot level [ is finished, and turn to 2).
In order to give the evaluation of the global risk, the evaluation criteria for the global
risk level are given in Table 1.

Table 1 The evaluation criteria for the global risk level
Risk rank 0 1 2 3 4 5 6 7 8

Risk level None Smallest  Smaller Small Medium Not too big Big Bigger Biggest

The global risk level can be determined according to the rule of maximum membership
degree, as the solution of fuzzy synthetic evaluation is fuzzy, However, many solutions
may have the same global risk level by this way, as shown in Fig. 2, where d is the risk
rank, and a 1s the membership degree,
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Fig. 2 The fuzzy synthetic evaluation values of different solutions

According to the rule of maximum membership degree, the global risk level of the two
solutions in Figs. 2(a) and 2(b) are the same, that is, 4. However, the risk state of Fig.
2(a) is better than that of Fig. 2(b) when considering all the membership degrees of these
solutions, which cannot be shown according to the rule of maximum membership degree.
Therefore, considering the membership degree and risk states, the objective is modified as
follows.

mm(Zd"a (6)

where ¢ is the risk rank, Q is the number of rlsk rank and » is an integer larger than 0.

According to the objective in equation(6) and the proportionate selection strategy of
genetic algorithm, the fitness function is defined as the reciprocal of the objective as fol-
lows.

FIT = 1/ Ed”’a" (7)

4) Selection strategy

Roulette wheel selection strategy is used for this problem.

5) Crossover

The individuals selected by the roulette wheel selection strategy are used as fathers
separately, the selected individuals by the roulette wheel selection strategy are selected
randomly as mothers., Generate a cut-point randomly; the parts before the point and the
parts after the point of the two parents are exchanged. The offsprings generated by cross-
over can be legal, however, may not satisly the cost constraint (2). If the constraint (2)
is not satisfied, the offspring is given up and the new offspring 1s generated till the con-
straint is satisfied.

6) Mutation

The individuals selected by the roulette wheel selection strategy are selected randomly
as father. Then, bit i is selected from the father chromosome randomly and alerted be-
tween 0 and J;,. The olfspring generated by mutation may not satisfy the cost constraint
(2). I the constraint (2) is not satisfied, the offspring is given up and the new ofispring
is generated again by changing alerted bit till the constraint is satisfied.

7) Stopping rule

The maximum number of generations is used as the stopping rule.

4 Simulation analysis

Setting the values for various parameters in the genetic algorithm affects the efficiency
of the algorithm. Simulation analysis has shown that the population size Pop_size =250,
the maximum number of generations GN =250, the crossover probability P_c=1 and the
mutation probability P_v=0. 5 are the reasonable parameter combination tor this problem.
And then, the effect of problem scale on the algorithm is studied.

The first problem is with 5 sub-goals, 5 sub-processes and 20 risks. The control
strategies (including no control strategy) number for each risk is shown in Table 2. There
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are 96,745,881,600 solutions for this problem with no constraint.

Table 2 The number of risk solutions for each risk

Risk 1 2 3 4 3 6 7 8 v 10 11 12 13 14 15 16 17 18 19 20
Strategynumber 3 3 3 3 3 3 3 3 3 3 4 4 5 5 4 4 4 4 4 4

The second problem i1s with 5 sub-goals, 5 sub-processes and 30 risks. The control

strategies (including no control strategy) number for each risk is shown in Table 3. There
are 8,916,100,448,256,000 solutions {for this problem with no constraint, which is 92160
times larger than the first problem.

Table 3 The number of risk solutions for each risk

Risk 1 2 3 4 H 6 7 8 9 10 11 12 13 14 15
Strategy number 4 4 5 5 3 4 3 3 3 4 3 3 5 4 3
Risk 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Strategy number 3 2 2 4 4 4 3 2 3 4 4 4 4 3 3

Using the reasonable parameter combination, the optimal rate 1s given 1n Table 4. It
has shown that the optimal rate is lower as the scale of problem is bigger. However, the
optimal rate is stable as the scale enlarges. Moreover, the increase of CPU time is accepta-
ble. And the increase 1s mainly due to the effect of problem scale on fuzzy synthetic evalua-
tion. In general, the algorithm is better.

Table 4 The effect of problem scale on optimization rate

Problem scale Pop-— size GN P_c P_v Rate( %) CPU time(s)
96,745,881,600 250 250 1 0.5 98 3.7
8,916,100,448,256,000 250 250 1 0.5 73 4, 2

S Conclusions

In this paper, the fuzzy synthetic evaluation embedded nonlinear integer programming
model of the risk programming for virtual enterprise is established according to the uncer-
tain and fuzzy information of virtual enterprise. Further, considering the characteristics of
model and the advantage of genetic algorithm for combination optimization problem, the
fuzzy synthetic evaluation embedded genetic algorithm 1s presented for the model. Finally,
the effectiveness of the proposed method for the problem is verified by simulation analysis.
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