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Abstract: To accelerate the solving process of the multi-objective optimization problems by using the normalized-

normal-constraint (referred to as NNC) method, we propose an immune algorithm called the IA NNC method by combining

the immune algorithm with the NNC method. It uses the clonal-selection algorithm to solve the single-objective optimiza-

tion problem by the NNC method; and extracts vaccines from the single-objective optimization process corresponding to

the nearby points on the utopia plane. These vaccines are inoculated to the initial antibody population by using the vaccine-

inoculation technique of the immune algorithm. By the combination of the above two methods, the IA NNC algorithm

generates the Pareto solution-set more rapidly. Furthermore, the convergence of IA NNC method is analyzed. Finally, the

IA NNC method is applied to optimize the multi-objective scheduling for the tandem cold rolling; it generates the Pareto

solution-set for the rolling schedules with less time consumption compared with the genetic algorithm-based NNC method.

Key words: immune algorithm; normalized-normal-constraint method; rolling schedules of tandem cold rolling; multi-

objective optimization

1 (Introduction)
2003 Messac A Pare-

to [1∼3]: NNC . M

,

Pareto .

NNC – ,

,

NNC .

NNC Pareto Pareto

. [4]

NNC ( GA NNC ),

, .

GA NNC : 1) GA NNC
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GA NNC
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NNC . NNC

.

, 1),

NNC IA NNC ,

.
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2 NNC (NNC method)
NNC

, : 1) Pareto

; 2) Pareto

; 3) .

NNC

Pareto .

, Pareto :

1) ; 2)

,

Pareto .

, (1) :

min F (x)={f1(x), f2(x),· · ·, fi(x), · · · , fM(x)},
s.t. x ⊂ Ω,

Ω={x|gi(x) � 0, i = 1, 2, · · · ,m1,

hj(x) = 0, j = 1, 2, · · · ,m2,

x = [x1 · · · xn]T}. (1)

(1) NNC [1∼3]:

Step 1 min fi(x), x ∈ Ω,

i=1, 2, · · · ,M , (anchor points) f1∗, f2∗,
· · ·, fM∗. (uto-

pia plane).

. i :

f i∗=[f1(xi∗) f2(xi∗) · · · fM(xi∗)]T, i∈1, 2,· · ·,M,

xi∗ = arg min
x

fi(x), x ∈ Ω,

i .

Step 2 . (utopia point)

fU = [f1(x1∗) f2(x2∗) · · · fM(xM∗)]T.

(nadir point)

fN = [fN
1 fN

2 · · · fN
M ]T,

fN
i = max{fi(x1∗), fi(x2∗), · · · fi(xM∗)},

i∈1, 2,· · ·,M.

L = [l1 l2 · · · lM ]T = fN − fU ,

f̄i(x) =
fi(x) − fi(xi∗)

li
, i = 1, 2, · · · ,M.

Step 3 M − 1 ,

f̄k∗ f̄M∗. N̄k = f̄M∗−f̄k∗, k=1, 2, · · · ,M−1.

Step 4 N̄k δk,

δk =
1

mk − 1
, k = 1, 2, · · · ,M − 1,

mk N̄k .

, m1 ,

mk : mk = m1 · ∥∥N̄k

∥∥ /
∥∥N̄1

∥∥.

m =
M−1∑
k=1

mk.

Step 5
X̄pj :

X̄pj =
M∑

k=1

αkj · f̄k∗,
M∑

k=1

αkj = 1, 0 � αkj � 1,

Step 6 Pareto . X̄pj

Pareto

, X̄pj Pareto . X̄pj

Sopj :

min
x

f̄M ,

s.t. x ⊂ Ωj,

Ωj = {x|gi(x)�0, i=1 ∼ g,

hl(x) = 0, l = 1 ∼ h,

N̄k · (f̄−X̄pj)T �0, k=1∼M−1},
f̄ = [f̄1(x) f̄2(x) · · · f̄M(x)]. (2)

Step 7 . Pareto

:

fi(x) = f̄i(x) · li + fi(xi∗), i = 1, 2, · · · ,M.

3 IA NNC (IA NNC method)
2 NNC : 1)

; 2)

. NNC

, 2) ,

NNC ,

2).

NNC ,

X̄pj , Sopj

, X̄pj

Ωj . Sopj, j = k ,

Sopj, j < k ,

Sopj, j = k .
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Sopj ,

.
[5, 6] [7, 8]

. castro[5] (clonal se-

lect algorithm, CSA) ,

, ,

IA NNC CSA Sopj ,

(

MemerySopj
),

.

NNC , X̄pj Sopj

[1∼3]. IA NNC

Sopj
[9] (vaccina-

tion) MemerySopk
(X̄pk X̄pj

) , Sopj

, Sopj , IA

NNC Pareto .

IA NNC :

Step 1 2 Step1∼Step5 X̄pj, j =
1 ∼ m;

Step 2 j = 1 ∼ m, ,

X̄pj Sopj ;

Substep 1 Sopj

N , gen

10 , 0.2N ;

Substep 2 Sopk X̄pk,

k < j X̄pj M−1(

) ( j < M−1 , ,

j−1 ). M − 1
CSA Sopj

φvaccination;

Substep 3 N

Pop0, Sopj

, fU , fN

, f̄M . φvaccination 0.2N

Pop0 f̄M 0.2N ;

Substep 4 (2) Ωj ,

– Feval.

Pop x,
[10]: ⎧⎪⎪⎨

⎪⎪⎩

p(x) = 1 +
1
m

m∑
i=1

[
Δbi(x)
Δbmax

i

]a,

Δbi(x) = max{0, ci(x) − bi},
Δbmax

i = max{ε, Δbi(x)|x ∈ Pop}.
(3)

: ci(x) Ωj ci(x)

� bi � ; Δbi(x)
i ; Δbmax

i

i ; ε ,

. –

Feval(x) = f̄M(x) · p(x); (4)

Substep 5 .

gen Substep11,

;

Substep 6 Feval

. 0.15N

0.05N ,

, . xi yi,

Cloneop :

yi = Cloneop(xi) = Ii × xi = [xi xi · · · xi],

Ii 1 qi , qi =0.2N , i=1 ∼0.2N ;

Substep 7 yi 1

muti. Pmop :

muti = Pmop(yi) =

[Pmop(xi) Pmop(xi) · · · Pmop(xi)] =

[muti,1 muti,2 · · · muti,qi
], i = 1 ∼ 0.2N ;

Substep 8 muti xi

– ( Substep4 ):

Feval(muti) =

[Feval(muti,1) Feval(muti,2) · · · Feval(muti,qi
)],

i = 1 ∼ 0.2N ;

Substep 9 . Feval(muti)
muti,∗, Feval(muti,∗)

Feval(xi) , Feval(muti,∗) Feval(xi)
xi = muti,∗, xi , i = 1 ∼ 0.2N ;

Substep 10 1, Substep5;

Substep 11 Feval

Sopj , xsolutionj
.

X̄pj+n

Sopj+n ;

Step 3 xsolutionj
, j = 1 ∼ m M

, , rank

1 , xsolutionj
(1) Pareto

. IA NNC .

1 Substep2,3

; Substep4 ; Substep5∼10

.
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4 (Convergence analysis)
IA NNC , IA

NNC Sopj . IA NNC

m Sopj , m ,

IA NNC Sopj

1, IA NNC . x , Ω

, F , g ,

Popi i . :

1) ∀x, y ∈ Ω, y x ( ).

2) Pop0, Pop1, Pop2, · · ·
,

∀t : min{F (xt+1)
∣∣xt+1 ∈ Popt+1 } �

min{F (xt) |xt ∈ Popt }.
1[11].

IA NNC Sopj

1) 2), IA NNC .

1) : IA NNC

1 .

, x = [x1 x2 · · · xn]
y = [y1

y2 · · · yn] :

P{Pmop(Cloneop(x)) = y} =
n∏

k=1

P qi{Pmop(xk) = yk} =
n∏

k=1

σqi

k (xk → yk),

σk(xk → yk) = P{Pmop(xk) = yk} =

P{δk =
yk − xk

xu
k − xl

k

} = fδk
(
yk − xk

xu
k − xl

k

) =
⎧⎪⎨
⎪⎩

(ηm+1) · ( yk−xk

xu
k−xl

k

+1)ηm/2, xl
k �yk <xk;

(ηm+1) · (1− yk−xk

xu
k−xl

k

)ηm/2, xu
k �yk �xk.

fδk
(·) δk . ηm > 0 σk(xk →

yk) > 0, P{Pmop(Cloneop(x)) = y} > 0,

IA NNC Sopj 1).

2) : t, t

Popm
t

Popnor
t , Popm

t ∪ Popnor
t = Popt.

Substep 6∼9 :

F (xt+1) � F (xt) |xt ∈ Popm
t ,

F (xt+1) = F (xt) |xt ∈ Popnor
t .

(5)

min{F (xt) |xt ∈ Popt} = F (x∗
t ), (6)

(5)

F (x∗
t ) � F (x∗

t+1). (7)

min{F (xt+1)
∣∣xt+1 ∈ Popt+1 } � F (x∗

t+1), (8)

(6)∼(8)

∀t : min{F (xt+1)
∣∣xt+1 ∈ Popt+1 } �

min{F (xt) |xt ∈ Popt },
IA NNC Sopj 2),

[11] IA NNC Sopj

1, IA NNC .

5 IA NNC
(IA NNC method based rolling sche-

dules multi-objective optimization of tandem

cold rolling)
5.1 (Multi-

objective optimization model of rolling sched-

ules for tandem cold rolling)
UCM ,

.

.

, IA NNC

. [12] 3

2 :

min F (x) = {f1(x), f2(x)},
s.t. gi(x) � 0, i = 1, 2, · · · ,m, (9)

: x =(r1,r2,r3,r4,r5) , ri,

i = 1 ∼4 i , r5 5

; gi(x) ,

: 1)

0.1 � ri � 0.45, i = 1 ∼ 4, 0.005 < r5 < 0.03;

2)

; 3)

.

f1(x)
f2(x) :

f1(x) = α
L−1∑
i=1

ln[1 + β × (Bali − 1)2], (10)

⎧⎪⎪⎨
⎪⎪⎩

Bal1 = P1/P2, i = 1;

Bali =
HPi

/HPmaxi

(
L∑

i=2

HPi
/HPmaxi

)/(L−1)
, 1<i<L−1.

f2(x) =
L∑

i=1

HPi
. (11)
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: Pi i ; HPi
i ;

HPmax i
i ; L ; α = 10000,

β = 5. 2

Pareto , Bali
[12]

, Bali
Ai.

5.2 (Optimization parameters

and results)
1 [12].

2.6 mm×900 mm DQ , 0.5 mm×
900 mm. Pentium R© D CPU 3.20 GHz

3.19 GHz, 1 GB , MATLAB

.

1

Table 1 Parameters of the tandem cold mills

1 2 3 4 5

/t 2000 2000 2000 1000 1000

/(m·min−1) 542 861 1190 1250 1250

/kw 4000 5750 5750 5750 5750

/mm 221.2 226.9 221.4 235.7 237.2

X̄pj 10 , IA NNC Sopj

20( IA NNC 20),

100 , ηm 20; GA

NNC Sopj 100 ,

IA NNC 20

35, 50( GA NNC 20, 35, 50),

0.9, ηc 20, 0.1,

ηm 20. 2 , 3

1 .

1 10 .

Fig. 1 Optimization result of ten points

: fori
1 =14975.78, fori

2 =18128.71,

. , IA

NNC GA NNC

(9) Pareto . Paretopop
alg ,

timepop
alg alg , Sopj

pop Pareto .

Pareto20
IANNC Pareto20

GANNC

Pareto35
GANNC, Pareto50

GANNC

, Pareto20
IANNC .

time20
IANNC = 11.154 s <

time20
GANNC = 13.282 s <

time35
GANNC = 34.148 s <

time50
GANNC = 46.920 s

: IA NNC

GA NNC (9) Pareto .

X̄pj 20 , IA NNC Sopj

30, 100 ,

ηm 20; GA NNC

Sopj 100 ,

IA NNC 30 50,

0.9, ηc 20, 0.1,

ηm 20. 2 , 2

2 .

2 20

Fig. 2 Optimization result of twenty points

X̄pj 20 , Pareto30
IANNC

Pareto30
GANNC Pareto50

GANNC.

time30
IANNC = 53.686 s <

time30
GANNC = 54.868 s <

time50
GANNC = 101.710 s

: IA NNC
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GA NNC (9) Pareto .

1 2 : X̄pj 10 :

time50
GANNC = 46.920 s, time20

IANNC = 11.154 s,

Pareto50
GANNC Pareto20

IANNC

, ; X̄pj 20 :

time50
GANNC = 101.710 s, time30

IANNC = 53.686 s,

Pareto50
GANNC Pareto30

IANNC. X̄pj

, , Sopj

, Sopj+n

, IA NNC

. X̄pj , IA NNC

GA NNC , .

6 (Conclusion)
NNC IA

NNC . ,

Sopj ,

; NNC

Sopj, j ∈ 1 ∼ m, IA NNC

Pareto , IA NNC

. IA NNC

. 1 2

: IA NNC

(9) Pareto ;

GA NNC , IA NNC

Pareto , X̄pj

, IA NNC .
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