
A Minimax Criterion Approach to Treat the Inexactness in Feasible Set
of a Linear Programming Problem

Zhenzhong Gaoa and Masahiro Inuiguchib
a,bDepartment of Systems Innovation

Graduate School of Engineering Science, Osaka University
Toyonaka, Osaka 560-8531, Japan

azhenzhong@inulab.sys.es.osaka-u.ac.jp
binuiguti@sys.es.osaka-u.ac.jp

Abstract

The robustness analysis investigates the opti-
mality of a solution in a linear programming
problem that contains uncertainties. Con-
ventionally, researchers concentrated on the
one with a fixed feasible set, while in this
paper, we focus on an inexact one. Since an
inexact feasible set usually makes a solution
infeasible in some situations, we consider it
a penalty for the objective function. To ac-
complish it, we utilise the minimax criterion
and propose an updated programming prob-
lem, which has an objective function that in-
cludes a weighted Lp-norm to represent the
penalty. For the application, we only con-
sider L1-norm (absolute-value norm) and L2-
norm (Euclidean norm). We show that for
the L1-norm, an approach based on linear
programming can treat it with low computa-
tional complexity. In contrast, we show that
an approach based on derivative can treat the
case of L2-norm. Finally, we compare our
approach with conventional fuzzy linear pro-
gramming for the merit and drawback of our
approach.

Keywords: Inexact Linear Programming,
Interval Linear Programming, Robustness
Analysis, Inexact Feasible Set, Minimax
Criterion, Weighted Lp-Norm

1 Introduction

Inexact linear programming is to treat the linear pro-
gramming problem containing uncertainty in the co-
efficients. In such condition, a decision-maker needs
to consider all kinds of situations to have a solution
that gains most and loses least simultaneously. For ex-
ample, in the problem of production planning, if the

supply of raw materials is only known roughly with
an approximated amount, a decision-maker has to con-
sider any possible situation to guarantee a maximum
profit with the slightest regret. However, the result usu-
ally varies as different decision-makers have different
preferences, which one can regard as trade-offs in the
problem.

By reviewing the past researches, one can find numer-
ous methods based on different areas to treat the inex-
actness, such as probabilistic model [12, 11, 10], fuzzy
linear programming [6, 7], stochastic linear program-
ming [9] and interval linear programming [13, 5]. The
key that a decision-maker holds is the way to gain more
with little suffering. Namely, they need to know what
is the preferred trade-off.

At dawn of the study, researchers found something
interesting in the structure of a basic optimal solu-
tion, called the basis. They separated the solution
by it, which derived an initial and intuitive approach
called sensitivity analysis [1]. It utilised a factor called
shadow prices to analyse the maximum perturbation
on a single coefficient such that the basis would re-
main. Moreover, a unique convex cone [13] was found,
which guarantee the basis to be unchanged. Such a
result set the foundation for further study of multiple
perturbations.

Trying to treat the single restriction, Wendell [13] pro-
posed the tolerance approach that allows multiple ones
by founding an interval hyper-box in the convex cone.
Based on his contribution, Wondolowski [14] and Fil-
ippi [2] modified the original approach and gave ex-
cellent results. Then, by assuming the feasible set of
a linear programming problem to be fixed, researchers
have done enormous research. For example, Hladík
[4, 5] came up with an approach to calculate the tol-
erance for the condition of multi-objective linear pro-
gramming. Inuiguchi and Sakawa [7] made up the con-
cept of possible and necessary optimality to describe
an optimal solution.
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However, the feasible set of a problem cannot be
known precisely in reality, which causes infeasibility
of a solution. To treat such problem, Garajová and
Hladík [3] analysed the possible optimal solution set
and gave their approach to approximate it. Inuiguchi
[6] utilised fuzzy number and h-level set to level the
optimality of a solution and its final objective value.
Nevertheless, their approaches are too complicated for
application, and the results are usually a solution set
instead of a specific solution. It may puzzle a decision-
maker in picking the choice.

In this paper, we concentrate on the linear program-
ming problem with an inexact feasible set. To treat
it, we consider an approach based on the minimax cri-
terion. Like the original minimax regret criterion in
interval linear programming [8], we modified the ob-
jective function by including the penalty caused by in-
feasibility.

To represent the penalty, we utilise the concept of Lp-
norm and add weights to coefficients for representing
different penalties. For the application, we focus on
the study of L1 and L2 weighted norm and give the ap-
proaches, respectively. Moreover, we compare our ap-
proach with conventional fuzzy linear programming.
Finally, we would give numerical examples with both
conditions.

2 Preliminaries

Before proposing our approach, it is essential to give a
brief and relevant introduction concerning with inexact
linear programming.

2.1 Linear programming

The general linear programming problem that we ad-
dress is in the following form.

Problem 1 A linear programming problem in stan-
dard form is expressed as:

min cccTxxx, s.t. Axxx = bbb, xxx≥ 000, (1)

where A ∈ Rm×n,bbb ∈ Rm,ccc ∈ Rn denote the coeffi-
cients. xxx ∈ Rn is a solution which needs to be solved.

According to the Simplex method, we have the follow-
ing proposition to describe a basic optimal solution for
Problem 1:

Proposition 1 A feasible solution xxx∗ ∈ Rn is a basic
optimal one if and only if it satisfies the following con-
ditions:

ccc∗N−NTB−Tccc∗B ≥ 000 and B−1bbb≥ 000, (2)

where B ∈ Rm×m and N ∈ Rm×(n−m) refer to the basic
and non-basic sub-matrix of A, respectively. B should
be non-singular to guarantee the existence of the in-
verse. Subsequently, ccc∗B ∈ Rm and ccc∗N ∈ Rn−m refer to
the basic and non-basic part of xxx∗, respectively. As the
result, the optimal solution is xxx∗B = B−1bbb, xxx∗N = 000 and
the optimal value equals to cccT

BB−1bbb.

We can find that Proposition 1 implies the existence of
a basis in a basic optimal solution. Hence it is possible
to give a compact definition as:

Definition 1 (Basis) The basis of a basic optimal so-
lution, denoted as IB, is an index set such that IB ∈
{1,2, . . . ,n} and Card(IB) = m, separated by which
A, ccc∗ and xxx∗ satisfy the condition in Proposition 1.
Card(·) denotes the cardinality of a set.

After having the preliminaries concerned with linear
programming and basic optimality, we can introduce
the inexact linear programming.

2.2 Inexact Linear programming

Intuitively, an inexact linear programming problem is
the one containing uncertainty. Namely, the coeffi-
cients in the problem have perturbations and cannot be
determined precisely.

Due to the inverse calculation of the sub-matrix B de-
rived by A in Proposition 1, we understand that if there
exists uncertainty in the matrix A, the problem would
become too complicated to solve. Hence, in our re-
search, we assume that A maintains to be precise and
contains no uncertainty, which derives the an inexact
linear programming problem as:

Problem 2 The linear programming problem contain-
ing inexactness is expressed in the following form:

min Φ
Txxx, s.t. Axxx = Ψ, xxx≥ 000, (3)

where Ψ ⊆ Rm and Φ ⊆ Rn denote the subsets that
contain all possible bbb ∈Ψ and ccc ∈Φ, respectively.

Consequently, Problem 2 is no more a single problem
but a combination of multiple problems. Hence, a so-
lution xxx∗ can be defined as there exist bbb ∈Ψ and ccc ∈Φ

such that xxx∗ is optimal, which obviously forms a so-
lution set as S (Ψ,Φ) := {xxx∗ ∈ Rn : ∃bbb ∈ Ψ and ccc ∈
Φ such that x∗ is optimal}.

By Proposition 1, we know that if the feasible set is in-
exact, a basic optimal solution changes its value even
its basis maintains to be unchanged. However, since
the solution value changes and an inexact linear pro-
gramming problem is composed of multiple problems,
a basic optimal solution may not be optimal, or even
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not be feasible in some sub-problems. Hence, it is nec-
essary to have another optimality definition for Prob-
lem 2, which is given as B-stable [3].

Definition 2 (B-stable) Let IB ∈ {1, . . . ,n} denote an
index set. If for all bbb ∈Ψ and ccc ∈ Φ, IB is the basis of
Problem 2, then the problem is a B-stable problem.

Specifically, denoting the inexact coefficients Ψ and Φ

as intervals for an inexact linear programming prob-
lem is extraordinarily welcomed and popular. An in-
terval hyper-box can simply represent the inexactness,
and because it is bounded and convex, one can check
whether it is B-stable without too many difficulties.

The interval one is called interval linear programming
[5], and we would utilise it to propose our approach.

3 Minimax Criterion Method

In reality, it is widely acknowledged that when the
feasibility is violated, there would be a penalty. The
penalty causes loss, which forms a trade-off with the
optimal value of the problem. Therefore, a decision-
maker proposes to find the equilibrium in the trade-off
and make an ideal decision in a specific preferrence.
Such a methodology is prevalent in a series of tech-
niques, such as model predictive control and minimax
regret criterion.

Hence, we prefer adding a penalty to the objective
function to represent the loss from infeasibility. To
evaluate the penalty from infeasibility, we utilised Lp-
norm, which is common in the distance analysis in
mathematics. Furthermore, as the penalties in each en-
try of bbb and ccc should be different, we attach weights on
them.

For the strategy in solving a solution, we prefer the
method of the minimax criterion. Moreover, for sim-
plifications, we assume the problem satisfies the fol-
lowing two conditions:

(i) The objective function of the problem has no in-
exactness. Namely, Φ degenerates to a singleton
equalling to {ccc}.

(ii) The problem is B-stable.

Therefore, we can update the interval linear program-
ming problem as:

Problem 3 Let the following interval linear program-
ming denote the one with inexact feasible set.

min
[

cccTxxx+max
bbb∈Ψ

p(bbb∗,bbb)
]

s.t. Axxx = bbb∗, xxx≥ 000, bbb∗ ∈Ψ,

(4)

where p(·) denotes the penalty function with two right-
hand-side vectors and Ψ denotes the interval set that
contains all possible bbb.

Since we utilise weighted Lp-norm to represent p(·), it
is defined as

p(bbb∗,bbb) := ||bbb−bbb∗||∆l = l

√
m

∑
i=1

δi|bi−b∗i |l (5)

where 1 ≤ l ∈ R is the order of the Lp-norm and
∆ = diag(δ1,δ1, . . . ,δm) denotes the weighted diago-
nal matrix. Typically, when l = 1 the L1-norm is called
weighted absolute-value norm, while L2-norm is called
weighted Euclidean norm.

In application, we find that l = 1,2 is enough to repre-
sent most of conditions. Therefore, we would concen-
trate on these two conditions and give our algorithms.

3.1 Weighted Absolute-value Case

At first, let’s consider the weighted absolute-value
case. By Problem 3 with the weighted L1-norm, we
have the following problem.

Problem 4 Consider an interval linear programming
problem that only has interval right-hand-side vector.
If the penalty function is the weighted absolute-value
case, then the problem could be re-defined as

min
[

cccTxxx+max
bbb∈Ψ

pppT|bbb∗−bbb|
]

s.t. Axxx = bbb∗, xxx≥ 000, bbb∗ ∈Ψ

(6)

where 000 ≤ ppp ∈ Rm is the weighted vector with ∃i ∈
{1,2, . . . ,m}, pi > 0.

To solve Problem 4, we have the following lemma by
assuming that it is B-stable.

Lemma 1 If Problem 4 is B-stable, then it is equiva-
lent to

min
bbb∗∈Ψ

[
cccT

BB−1bbb∗+max
bbb∈Ψ

pppT|bbb∗−bbb|
]

(7)

This result is obvious because in linear programming,
if xxx∗ is the optimal solution, then cccTxxx∗ = cccTB−1bbb.

Then, we need to remove either the maximum operator
or the absolute operator because both of them would
increase the complexity of calculation. Fortunately, we
are able to remove the maximum operator by the fol-
lowing theorem.

Theorem 1 If 000 ≤ ppp ∈ Rm, then the following equa-
tion is valid.

max
bbb∈Ψ

pppT|bbb∗−bbb|= pppT|bbb∗− ḃbb|+ pppTb̃bb (8)
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where ḃbb and b̃bb denote the centre and the radius of Ψ,
respectively. Mathematically, if Ψ := [bbb,bbb], then

ḃbb := (bbb+bbb)/2 and b̃bb := (bbb−bbb)/2

Proof : As is known that for a constant pi > 0, we have

argmin
bi≤bi≤bi

pi(b∗i −bi) =


bi, if b∗i > ḃi,

bi, if b∗i < ḃi,

bi or bi, otherwise.

It is equivalent to pi(|b∗i − ḃi|+ b̃i), which derives the
final equation. �

As the calculation of the entry of bbb∗ in Equation (7) is
independent, we can convert the problem from vector
calculation to element one. Moreover, by denoting sss :=
B−TcccB, we have the equivalent problem in a new form:

min
bbb∗∈Ψ

[ m

∑
i=1

sib∗i + pi|b∗i − ḃi|
]
+ pppTb̃bb (9)

=

[ m

∑
i=1

min
bi≤b∗i ≤bi

sib∗i + pi|b∗i − ḃi|
]
+pppTb̃bb (10)

If we separate the part sib∗i + pi|b∗i − ḃi| into two func-
tions, which are f1(b∗i ) = sib∗i and f2(b∗i ) = pi|b∗i − ḃi|,
we can regard it as the sum of two functions. Hence, as
Figure 1 shows, we can have the following result that
∀i ∈ {1,2, . . . ,m},

b∗i =


ḃi, if |si| ≤+pi,

bi, if si >+pi,

bi, if si <−pi

(11)

and the optimal solution is xxx∗ = B−1bbb∗.

3.2 Euclidean Case

After having the result of the weighted absolute-value
case, we can talk about the Euclidean case. For sim-
plification, we use the square form to avoid the root
calculation. Namely, we prefer the following function
as penalty.

p(bbb∗,bbb) = (bbb−bbb∗)T
∆(bbb−bbb∗) (12)

where ∆ = diag(δ1,δ1, . . . ,δm) is a positive diagonal
matrix to represent the weight.

Similar to the absolute-value one, we still assume
the interval linear programming problem is B-stable,
which means we can utilise the result from Equation
(7) directly. Hence, we can reconstruct the problem as

Problem 5 Consider an ILP problem that only has in-
terval right-hand-side vector. If the penalty function
is the weighted Euclidean case and it is also B-stable,
then the problem could be re-defined as

min
bbb∗∈Ψ

[
cccT

BB−1bbb∗+max
bbb∈Ψ

[(bbb−bbb∗)T
∆(bbb−bbb∗)]

]
(13)

Similar to Theorem 1, we can also have the following
proposition.

Theorem 2 If ∆ = diag(δ1,δ1, . . . ,δm) is a positive di-
agonal matrix, the following equation is valid.

max
bbb∈Ψ

[(bbb−bbb∗)T
∆(bbb−bbb∗)]

= (bbb∗− ḃbb)T
∆(bbb∗− ḃbb)+ b̃bb

T
∆b̃bb

(14)

The proof is similar to the one of Theorem 1. There-
fore, we can re-write the problem as

min
bbb∗∈Ψ

[ m

∑
i=1

sib∗i +δi(b∗i − ḃi)
2
]
+ b̃bb

T
∆b̃bb (15)

=

[ m

∑
i=1

min
bi≤b∗i bi

sib∗i +δi(b∗i − ḃi)
2
]
+ b̃bb

T
∆b̃bb (16)

where ḃbb := (bbb+bbb)/2 and b̃bb := (bbb−bbb)/2.

Much Simpler than the absolute-value one, the abso-
lute operate is removed in Euclidean case. Therefore,
∀i ∈ {1,2, . . . ,m}, sib∗i +δi(b∗i − ḃi)

2 = δi(b∗i )
2+(si−

2δiḃi)b∗i + δiḋ2
i . ∵ ∀i ∈ {1,2, . . . ,m}, δi > 0, ∴ the

minimum value should be accomplished at

b∗i =
2δiḃi− si

2δi

if b∗i is unbounded. In the case that δi = 0, we can sim-
ply remove the ith part from objective function. There-
fore, we have the final result as ∀i ∈ {1,2, . . . ,m} and
δi > 0,

b∗i =


ti, if bi ≤ ti ≤ bi,

bi, if ti < bi,

bi, if ti > bi

(17)

where ti = (2δiḃi− si)/(2δi), and the optimal solution
is xxx∗ = B−1bbb∗.

A huge difference between the Euclidean case with
the absolute-value one is that, the final solution of bbb∗

may vary at any point in the interval. However, in
the absolute-value case, it usually lays at centre or the
boundary.
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(a) If si < pi, the minimum point of f1 + f2 is the one
that f2 gets minimum.
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(b) If si > pi, the minimum point of f1 + f2 will
go the boundary because it becomes monotonic.

Figure 1: the figure to show the different conditions with different si and pi, where f1 is the blue line, f2 is the
magenta one and f1 + f2 is black one.

4 Comparison with Fuzzy Linear
Programming

Since fuzzy linear programming is also a conventional
tool to treat the inexactness in a linear programming
problem, we prefer making a comparison with it.

Let us re-consider Problem 2 in the fuzzy way. Sim-
ilar to the premise in Problem 3, we assume that the
fuzzy linear programming problem has a fixed objec-
tive function. For the inexactness in the right-hand-
side vector bbb, we assume each entry of it is a sym-
metric triangular fuzzy number. By the fuzzy subset
definition [6], the left and right membership functions
of a symmetric triangular fuzzy number should be lin-
ear and equal, which can be expressed as the following
figure as an example:

Figure 2: A symmetric triangular fuzzy number c

Moreover, if we consider expressing a symmetric tri-
angular fuzzy number by its h-level set [6], we have
the result as:

∀h ∈ (0,1], [c]h = [ċ− (1−h)ĉ, ċ+(1−h)ĉ],

where ċ and ĉ, as Figure 2 shows, denote the centre and
radius of [c]h for h→ 0+, respectively. For simplifica-
tion, we denote a symmetric triangular fuzzy number
as c := (ċ, ĉ)STF.

Hence, we have the following fuzzy problem:

Problem 6 A fuzzy linear programming problem can
be expressed in the following form:

min cccTxxx, s.t. Axxx = b̃bb, xxx≥ 000, (18)

where b̃bb denotes the right-hand-side vector of the con-
straints, in which each entry is a symmetric triangular
fuzzy number.

Unlike the minimax criterion that take the regret into
the objective, fuzzy linear programming generally only
focuses on the reliability of a decision, which in the
view of information system is related to the correctness
of an event or the quality of an information.

For example, for Problem 6, fuzzy linear programming
prefers looking for a solution to satisfy the constraints
with the h-level for b̃bb as high as possible. Alternatively,
we can also specify a particular h-level for the con-
straints and solve an acceptable solution.

However, by reviewing the past works, we can still
find some materials that consider penalty. For exam-
ple, Zadeh L.A. [15] considered a multiplication of the
h-level with the original objective function cccTxxx, which
hence gives the following problem as:

min f (cccTxxx,h), s.t. Axxx⊆ [bbb]h, xxx≥ 000, (19)

where f (·) is a function being negative correlated to
h and positive correlated to cccTxxx, where both variables
usually have a multiplication relation, such as (1−h+
ε) · (cccTxxx), ε > 0 when cccTxxx > 0.
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Alternatively, it is also possible to consider the penalty
as an additive part instead of the multiplicative one,
like Problem 3. However, such conversion usually
makes the linear programming problem no more linear,
which causes extraordinary puzzles for calculation.

By comparing the interval case with the fuzzy one, it
is not hard to have the following conclusion.

Interval linear programming takes all possible sit-
uations into consideration, which usually focuses
on satisfying the trade-off in the worst case. How-
ever,

Fuzzy linear programming concentrates on the reli-
ability of a solution, where the higher reliability
a solution has, the better it is to be accepted as a
candidate.

5 Numerical Example

To illustrate the difference of two approaches, we give
examples here. As for the numerical examples, let’s
modify the one from Wendell [13].

Example 1 Let us consider a production planning
problem. Assume a factory produce 4 products a, b,
c and d, and each profit of them are 12, 20, 18 and
40 units, respectively. Any product consumes both row
materials A and B, where a, b, c and d consume A as
4, 9, 7 and 10 and consume B as 1, 1, 4, 40, respec-
tively. However, for the supply of A and B, we only
know that A is approximately 6000 and B is approx-
imately 4000. It is noted that if the raw materials is
not enough, the factory needs to buy them temporar-
ily, which causes loss to the profit. So how should a
decision-maker make a production plan to have a max-
imum profit?

5.1 Proposed Approach

By converting the production planning problem into a
linear programming problem, which assumes the ap-
proximate values of A and B to be the exact ones, we
have the one below:

min −12x1−20x2−18x3−40x4

s.t. 4x1 +9x2 +7x3 +10x4 + x5 = 6000
x1 + x2 +3x3 +40x4 + x6 = 4000
x1,x2,x3,x4,x5,x6 ≥ 0

which is equivalent to the following tabular:

x1 x2 x3 x4 x5 x6 RHS
x5 4 9 7 10 1 6000
x6 1 1 3 40 1 4000

(−z) -12 -20 -18 -40 0 0 0

Solved by the simplex method, we have the following
tabular.

x1 x2 x3 x4 x5 x6 RHS
x1 1 7

3
5
3

4
15 − 1

15 1333 1
3

x4 − 1
30

1
30 1 − 1

150
2
75 66 2

3
(−z) 0 20

3
10
3 0 44

15
4
15 −18666 2

3

By the tolerance approach [13], it is not hard to con-
struct a hyper-box for the right-hand-side values to
make the problem B-stable. Hence, we solve the
problem by assuming multiplicative perturbations with
[6000(1±λ ),4000(1±λ )]T, and the result turns out to
be λ ≤ 5/11.

To avoid the difficulty caused by fraction and degen-
eracy, we choose λ1 = 0.45 to test both proposed ap-
proaches, which means Ψ is

ḃbb = [6000,4000]T and b̃bb = [2700,1800]T

Firstly, we define the infeasibility penalty weight on
the right-hand-side vector as [5,1]T, which means ppp =
[5,1]T in the absolute-value case and ∆ = diag(5,1) in
the Euclidean case. Then, we calculate the sss :=B−TcccB,
which is sss = [−44/5,−4/15]T.

For the absolute-value case, we have the result by
Equation (11).

s1(−44/5)<−p1(−5)

⇒b∗1 = ḃ1 + b̃1 = 8700
−p2(−1)< s2(−4/15)< p2(1)

⇒b∗2 = ḃ2 = 4000

So bbb∗ = [8700,4000]T, which means the
optimal solution that we choose is xxx =
[2053.333,0,0,48.667,0,0]T.

In the Euclidean case, it is necessary to solve ttt
in Equation (17), which are t1 = 6000.88, t2 =
4000.13. Therefore, b∗1 = 6000.88, b∗2 = 4000.13,
which derive the optimal solution to be xxx =
[1333.559,0,0,66.664,0,0]T.

5.2 Fuzzy Approach

However, if we consider the example in the fuzzy way,
we need to concentrate on the h-level of the right-hand-
side b̃bb. To have a better comparison, we denote b̃bb as a
symmetric triangular fuzzy vector similar to Ψ in the
previous approach, which means b̃bb = (ḃbb, b̂bb)STF such
that ḃbb = [6000,4000]T and b̃bb = [2700,1800]T. There-
fore, by utilising the h-level set of b̃bb, we can have the
following converted problem as:
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min −12x1−20x2−18x3−40x4

s.t. 4x1 +9x2 +7x3 +10x4 + x5 ≥ 6000−2700(1−h)

4x1 +9x2 +7x3 +10x4 + x5 ≤ 6000+2700(1−h)

x1 + x2 +3x3 +40x4 + x6 ≥ 4000−1800(1−h)

x1 + x2 +3x3 +40x4 + x6 ≤ 4000+1800(1−h)

x1,x2,x3,x4,x5,x6 ≥ 0

where we specify h∈ (0,1] before solving the problem.
Hence we have the solutions and the optimal values
with different h as the following tabular shows:

h 0.6 0.7 0.8 0.9 1.0
x1(×103) 1.57 1.51 1.45 1.39 1.33

x2 0 0 0 0 0
x3 0 0 0 0 0

x4(×101) 7.87 7.57 7.27 6.97 6.67
res(×104) -2.20 -2.12 -2.03 -1.95 -1.87

Table 1: The optimal solutions and values with differ-
ent h-levels for Example 1

From Table 1, it is obvious that if we decrease the reli-
ability of the solution, we would potentially have gain
more, which shows a typical trade-off mentioned in the
previous content.

6 Conclusion

In this paper, we propose an approach based on the
minimax criterion to manage the flexibility in a prob-
lem’s feasible set. Regarding flexibility as the interval,
we convert the problem into an interval linear program-
ming one and utilise the LP-norm to represent the loss
from infeasibility. To have the most robust solution, we
aim to minimise the combination of the objective func-
tion and the penalty from infeasibility, while maximis-
ing the penalty as much as possible simultaneously.

As for the evaluation of the penalty, we consider two
models. One is the weighted absolute-value case,
which means the penalty is linear to the level of in-
feasibility, and the other one is the weighted Euclidean
case, which means the suffering from the penalty is
quadratic to the infeasibility.

For both models, we propose the corresponding algo-
rithms and get excellent results. Treating some parts
of the problem as the shadow price shows that if the
penalty is large enough, the optimised solution prefers
the interval’s centre in both conditions. However, if the
penalty is little, it may move to the interval’s boundary.

Mathematically, if one would rather avoid larger infea-
sibility, the weighted Euclidean case may be a better

choice. When the extent of the infeasibility becomes
more extensive, the penalty from the quadratic func-
tion will increase more than the linear one. In the ap-
plication, nevertheless, the penalty is more likely linear
to the infeasibility.

Furthermore, to illustrate the difference of our pro-
posed approach with the fuzzy one, we briefly review
the knowledge of fuzzy theory and then state the con-
ventional method in fuzzy linear programming. Fi-
nally, we also compare them for a given production
planning example.

However, the drawback of our approach is also trans-
parent. In our models, we assume the problem to be
B-stable with a fixed objective function. However, it
is usually hard to have such an ideal situation in ap-
plications. Therefore, our study in the future would
concentrate on two situations. One is that the inexact
linear programming problem is not B-stable. The other
is that there exists inexactness in the objective function.
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