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Abstract: This article studies a futures hedging optimization problem with the value-at-risk
constraint. The existence of optimal hedging strategies, an augmented Lagrangian algorithm for
solving this model and its convergence are obtained by the optimal methods. The studies about
the single-variable hedging strategy with the return of futures following a normal distribution are
extended via our results with random variables following elliptical distributions to describe some
fat tail features of the market risk factors, value-at-risk to control risk of hedging strategies, the
mean-VaR portfolio hedging model and an algorithm for solving this mode.
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1 Introduction

The organized commodity futures as one of the most important kinds of derivative se-
curities not only can be used to hedge a price risk of spot commodities but also may be
selected as some assets included in an investment portfolio. Both academicians and prac-
titioners have shown great interest in the issue of hedging spot commodities with futures
because carrying costs of the spot commodities are difficult to predict, and a basis risk of
futures is uncertain. One of the main theoretical issues in hedging involves the determina-
tion of the optimal hedging ratio. There are some mathematical models for the theoretical
analysis of the futures hedging ratio in this literature. Minimum-variance hedging theory
developed by Johnson (1960) was the first theory which attempted to minimize the price risk
considered a reflection of a variance of the hedged portfolio to select the optimal number of

futures contracts necessary to hedge a certain spot position. There are much of the debate
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whether minimum-variance criterion is appropriate, because it is based on two assumptions
that investors have a quadratic utility function and returns of the spot and futures are
normal.

In practice, neither of these assumptions is likely to hold. The variance as an objective
function in the minimum-variance hedging theory is only one of many possible risk measures.
Alternative hedging objectives may be applied. For instance, Howard and D’Antonio (1984)
designed some hedging strategies to maximize the Sharpe ratio, Lien and Shaffer (1999)
minimized the mean-Gini coefficient, Lien and Tse (2000) employed the objective functions
including the generalized semivariance or higher lower partial moments. Furthermore, the
returns are not always normally distributed, may be non-normal distributions, for instance,
t-distribution which has a fat-tail feature. This has led to the emergence of alternative
measures of risk. Of these, perhaps the most widely used risk measures are value-at-risk
(VaR) and conditional value-at-risk (CVaR) evolved into risk measurement and portfolio
optimization. Harris and Shen (2006) developed minimum-VaR futures hedging model, and
showed that minimum-VaR hedging ratios are found to be significantly lower than minimum-
variance hedging ratios. Hung et al. (2006) proposed zero-VaR hedging ratio which had an
analytical solution and converged to the minimum-variance hedging ratio under a martingale
process. Lee and Hung (2007) extended the one period zero-VaR hedging ratio proposed by
Hung et al. (2006) to the multi-period case and incorporated the hedging horizon into the
objective function under VaR framework. Cao et al. (2010) developed a semi-parametric
approach for estimating VaR and CVaR under the assumption of the non-normality of futures
returns.

The bulk of research on hedging mentioned above is concerned with a single commodity,
and solely relies on minimizing the price risk as an objective function of the hedging theory
about commodity futures. Nevertheless, as to a hedging portfolio of spot commodities with
multiple commodities futures, the risk-minimizing and/or optimal positions to take in each
contract must not only reflect its own covariance with the spot position, but also its degree
of covariability wit other commodities futures. Anderson and Danthine (1980) made the
first contributions to multivariate hedging theories. Eaker and Grant (1987) and Gagnon et
al. (1998) used the variance of the portfolio including spot commodities and futures as a
risk measure of price risk to study the multivariate hedging problem. Albrecht et al. (2011)
proposed a multivariate futures hedging problem for minimizing VaR and CVaR based on

an analysis approach.

However, no attempt has been made to develop the hedging strategies based on max-
imizing the expected value of the hedge portfolio with VaR as a price risk constraint. In
order to fill this gap, we derive mean-VaR multivariate hedging rules that is applied to a
very broad range of financial risk management, that is, to analyze a multivariate commodity
cross hedging problem of a portfolio consisting of long position in spot commodities by selling
short futures via numerical optimization techniques for the determination of optimal hedging

strategies. In this study, we will provide a numerical approach to obtain the optimal hedging
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strategies for a mean-VaR hedging model under assumptions on the return rates of the spot
commodities and the futures with elliptical distributions. Our contribution to the literature
is threefold. First, we develop a multivariate futures hedging theory model with an expected
return objective function and a price risk constraints to describe the hedging process of the
hedger. We particularly make use of VaR under a weak assumption on the elliptical return
distribution to control the price risk of the hedging portfolio, which allows us to capture
asymmetries in the return distribution. Second, we analyze the first order conditions for
the optimal hedging optimization problem to document the existence of the optimal hedging
strategies, and derive the corresponding dual problem implying other financial implication.
Third, we construct an augmented Lagrangian algorithm to solving the mean-VaR model in
order to get the optimal hedging portfolio satisfying the objective of the hedger under the
VaR constraint as a risk measure, and to prove the convergence of the algorithm proposed
in our study. Moreover, some numerical examples are given to illustrate the effectiveness of
both the theoretical model and the constructed algorithm.

This paper is organized as follows. A multivariate hedging model over one period is
presented in the next section. In Section 3, an optimality condition and dual problem of the
mean-VaR hedging problem are given. In Section4, we provide an augmented Lagrangian
algorithm for solving this problem and prove its convergence. Some numerical results are

given in the last section.

2 Futures Hedging Portfolio Model

We consider a multivariate futures hedging problem in one-period world. At time ¢ — 1
an agent purchases the spot commodities which would sold at time ¢, and the amount
of the ith commodity of a total of m commodities is 5; at the spot price P;;_1 in the
commodity markets. Let S = (S1,---,.5,,)T be the long position vector of spot commodities
and P,y = (Pi4_1,--+,Pu_1)T be the spot price vector of these commodities at time
t — 1, respectively. These prices may fall prior to his reselling them because there are
many uncertain factors in the spot market, which make him exposed to the price risk.
According to the short selling regulation in the futures markets and hedging theories he
would protect his long position of these commodities from the risk of such price fluctuation
by selling a sufficient number of futures contracts to reduce the price risk. Suppose that
there are a futures market for each of the commodities, the agent can take short positions

in the given futures by selling a portfolio consisting of the n commodities futures at time

t — 1. Suppose that C = (Cy,---,C,)7T is the short position vector of the futures, to be
liquidated them at time ¢, a short position is represented by C; < 0 for i = 1,--- ,n, and
F, 1 = (Fi_1,+ , Fu_1)7T is the price vector of the futures at time ¢ — 1.

Furthermore, assume that the agent holds the long and short positions of the spot and
futures commodities until the time ¢, and the spot prices and futures prices at time t are

random. Let P;; and Fj; be the ith spot price and futures price at time ¢, respectively. Then

Pit—P;

the return rate of the ith spot position is Rp, = P-Z,TI for i = 1,--- ,m, and the return
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Fiy—Fip—1 s
—F for i =1, , 1.

Since futures contracts are used to reduce the fluctuations in spot positions, the resulting

rate of the ith futures position is Rp, =

ratio between the amount of spot commodities and the amount of futures is known as a
hedging ratio. Let Rp = (Rp,, -+, Rp, )" and Rr = (RF,, -+, Rr,)T be the return rate
vector of the spot positions and futures positions, respectively. Additionally, let h; denote

the ith hedging ratio, i.e.,
. — Fiy1C;
STR,

fori=1,---,n,and h = (hy, - ,h,)T be the vector of hedging ratios.

In general, one of the most fundamental issues in hedging is how to measure the risk
and return of the hedge portfolio. In order to analyze the optimal hedge portfolio, some
formulas for the return and risk of hedge portfolio are described in order. The amount of
return gained on the hedging is expressed as the return of hedge portfolio consisting of the

spot and futures positions,

ST(P, = Py) = CT(Fy — Fi )

R(z,h) = ,=2"Rp — hTRp, 2.1
(z,h) STP, P F (2.1)
where
o= SiPi 1
‘ST,
is the weight in the ith spot position, and # = (z1,---,x,)? is the vector of the spot
positions.

It is obvious that these vectors Rp and Rpr are random because at time ¢ the spot price
Pj; (for j =1,---,m) and the futures price Fj;( for i = 1,--- ,n ) are random. Therefore,
the return of the hedging portfolio R(z,h) is a function with respect to the two vectors x
and h. With many uncertain factors in the spot and futures market, it is difficult for the
hedger to predict the results of the R(z,h) which is treated as a random variable. In view
of the hedging practice, it seems be hopeful for the hedger to know the expectation of the
return of the hedging. Hence, we will analyze the expected value of the return of the hedge
portfolio. Furthermore, the expected value of the random vector Rp and Rp are denoted
as s = (E(Rp,), -+, E(Rp, ))T and pur = (E(Rp,), -+, E(Rp,))T, where the symbol E(-)
represents the expectation of a random variable, respectively.

Given these notations and the equation(2.1), the expected return of the hedge portfolio
can be written as

M(z,h) = E(R(x,h)) = 2" us — b  pup. (2.2)

Therefore, the expected return function M (x,h) is an objective function which the
hedger will maximize by choosing the spot weight vector x and the hedging ratio vector h.
Hedging activities appear to be motivated by the desire to reduce risk, as described in
risk management theory, the hedger should control the downside risk of the hedging. VaR

is probably the most widely used risk measure in financial institutions. To develop our
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hedging model, we introduce VaR and use it to measure a downside risk of the spot and
futures portfolio.

Definition 2.1 Given some confidence levels a € (0,1), the VaR of the portfolio over
the time period A at the confidence level « is given by the smallest number such that the

probability that the loss L exceeds [ is no larger than 1 — a. Formally,
VaR, =inf{l e R:Pr(L > 1) <1—a} =inf{l e R: F(I) > a}, (2.3)

where Pr(-) and F(-) are a cumulative probability function and a loss distribution function
with respect to the random variable L, respectively.
In probabilistic terms, VaR is thus simply a quantile of the loss distribution, and depends
on the time period and the confidence level. Some typical values for A are usually 1 or 10
days in market risk management, and o = 0.95 or a = 0.99. If the probability density
function of the loss distribution is given, then the value of VaR is obtained by computing
quantile in certain case. To take an example about a normal loss distribution (see, McNeil
et al., 2005), suppose that the loss distribution F'(-) is normal with mean p and variance o2.
Fix a € (0,1). Then
VaR, = i+ 0® ' (a), (2.4)

where ® denotes the standard normal distribution function(df) and ®~!(«) is the a-quantile
of ®. Of course, similar results may be obtained for the multivariate normal loss distribution.

As a generalization of the normal distribution, the family of elliptical distributions
exhibits many favorable properties, which are important for financial modeling, especially
able to capture fat-tails features of return series in financial market, such as the Student’s
t-loss distribution(see, McNeil et al., 2005). Suppose (L — u)/o has a standard ¢ distribution
with v degrees of freedom, and mean p and variance vo?/(v — 2) when v > 2, so that o is

not the standard deviation of the distribution. We get
VaR,, = p + ot *(a), (2.5)

where ¢, denotes the distribution function of the standard t-distribution, which is available
in most statistical computer package along with its inverse.

Since the returns of the spot commodities and futures contract are all random multivari-
ates, we limit our analysis to multivariate elliptical distributions. Although there are several
equivalent definitions of elliptical distributions, we use the following one for elliptical distribu-
tions to study our multivariate hedging problem. If the random vector X = (X1, -+, X,,)T
is elliptically distributed with mean p and correlation matrix ¥ when its probability density
is given by

Ix (@) = [Z72g((¢ = W=~ (@ — p)T),

where |X| stands for the determinant of ¥, and g is a scalar function referred as the density

generator.
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On the technical side, we thus assume that the return vector of the spot and futures
position, Rp and Rp, are elliptically distributed, respectively. We will calculate the VaR. of
the return of hedge portfolio, R(z, h), and the VaR at a confidence level of 1 — « is given by
the solution of the following equation,

Pr(R(xz,h) < —VaR,) = a. (2.6)

Here we follow the usual convention to record portfolio losses by negative numbers, and
to start the VaR as a positive quantity of money.

Based on equation (2.6), the VaR depends on the two vectors x and h, that is, the VaR
is a function with respect to the vectors x and h. In the hedging term, the agent can change
the value of the VaR by choosing the linear portfolio of the spot wights z and the hedging
radios vector h based on his expectation. In equation (2.6), it is important to derive a closed
form of the VaR when the cumulative probability distribution of the two random vectors
Rp and Rp are multivariate elliptically distributed. Kamdem (2005) got a formula used to
compute VaR for linear portfolio with elliptically distributed risk factors, and the special
attention is given to the particular case of a multivariate ¢t-distribution. In the following, we
limit our analysis to the elliptical distribution of the spot and future return, and take use of
the computing results about VaR (see, Kamdem (2005)).

Lemma 2.2 [14] Suppose that the loss function of the portfolios over the time window
of interest is, to good approximation, given by AX = §; X; + --- + §,X,,, with constant
portfolio weights ;. Suppose moreover that the random vector X = (Xy,---,X,,)" of
underlying risk factors follows a continuous elliptic distribution, with probability density
given by Jx(z), where g(s?) is integrable over R, continuous and nowhere 0. Then the

portfolio’s Delta-elliptic VaR at confidence level 1 — « is given by

VaRo () = 0" pu+ ¢, V%o, (2.7)

where ¢, = ¢, is the unique positive solution of the transcendental equation a = G(cf,,,),

n—

Glz) = F”(n;l) /xoo /:o(u ) g (w)dudz

and I'(+) is a Gamma function.
The value of ¢, ,, in the lemma is obtain by the Matlab (see, Kamdem (2005)) as follows:

Table 1: The value of ¢4, ,

n 2 3 4 5 6 7 8 9
cQorn 55722 59309 5.7879 54555 5.0799 4.7160 4.3819 4.0818
cloosm 86113 T7.6777 6.8216 6.0676 54326 4.9032 4.4601 4.0862
losn 11.7123  9.0750 7.4966 6.3797 5.5457 4.9007 4.3880 3.9711

By the definition of VaR as maximum loss with a given confidence level, we can express
the downside risk of the hedge portfolio over a given time period and confidence level 1 — «

as a risk constraint function.
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According to Lemma 2.2, we obtain a closed formula for the VaR of the hedge portfolios,
that is,

VaRa (2, h) = —2"ps + h pp + ¢2 , (28ssa” + hELg + aSsph” + hEpph™)/?, (2.8)

where Xgg is the covariance matrix for Rp, Ygr is the covariance matrix between Rp and
Rr, Y g is the covariance matrix between Rr and Rp, and X rr is the covariance matrix of
Rp.

Let y = (¢ hT)T, = (us — pr)T. Then equation (2.2) is changed into

e — b e =y" .

Furthermore, denote the covariance matrix of the random vector (Rp Rp) by

5o Zss B (2.9)
EFS EFF

Then VaR,(x,h) can be expressed in the matrix term,

VaRe (2, h) = =y i+ 2 (y"Sy)/2. (2.10)

a,n

Hence, we would consider the VaR,,(z,h) as the constraint for controlling the hedging
risk, which is given by
VaR,(z,h) <7, (2.11)

where v € R*.
Submitting the express of the VaR in equation (2.10) into equation (2.11), the risk

constraint for VaR can be written as
—y i+ ¢l (" Sy) P < . (2.12)

We thus can use equation (2.12) as a risk constraint to find the hedging policies of the hedger
in the following section.

In view of the above analysis of the expected return treated as the objective function
and the VaR denoted as a risk constraint function, suppose that the hedger can select x and
h so as to maximize the expected return under the downside risk constraint. Our analysis of
the futures hedging is called as mean-VaR hedging classified as the mean-risk hedging. Thus,
according to equations (2.2) and (2.12), the mean-VaR hedging problem under assumption
that the hedger is risk aversion, is given by

max  y'f,
y
st —yTa+ g, (y"Ey) % <,
ﬂUzZO,Z:L , M,
h;j>0,j=1,---,n.

(2.13)
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In order to solving problem (2.13), we will develop a duality theory and optimal condi-
tion of the primal problem in the next section.

3 Duality and Optimal Condition

In this section, we analyze the theory of problem (2.13) including its duality theory and
optimal conditions.

To start with the duality theory of problem (2.13), let f(y)

s —y i, g(y) = —y"i+
(Y By — v and X = {y; = (zi,hy)lzi > 0,0 =1, ,m; by
problem (2.13) can be written as

>0,i=1,---,n}. Then
min  f(y),
s.t. g(y) <0.

(3.1)

We will analyze the Lagrangian duality problem and corresponding properties of prob-
lem (3.1). The Lagrangian duality problem is denoted as

max  q(A),
s.t. A>0,

where q(A) = inf{L(y, )|y € X} and L(y, A) = f(y) + Ag(y).

It is possible that the value of the function g(\) =
the duality problem is defined as

(3.2)

—oo for some A, so the domain of

D = {\|g(A) > —o0}.

Proposition 3.1 The domain D is convex, and the function ¢()\) is concave in D.
Proof For any y, A\; >0, A2 > 0 and a € [0, 1], we have

L(y,a\ + (1 —a)Xs) = aL(y, A1) + (1 — a)L(y, A2)-

Taking the infinimum of both sides of the above equation, we get

inf L(y,al; + (1 —a)

yeX

Az) 2 a inf L(y, M) + (1 — a) inf L(y, As)
or

gladi + (1 —a)X2) > ag(M1) + (1 — a)g(A2).

It is easy to obtain aA; + (1 —a)\y € D when A; € D and A\ € D. Thus, the set D is
convex, and the function ¢ is concave.

Theorem 3.2 ¢* < f*.

Proof For each A > 0 and y € X satisfying g(y) < 0, we have
a(A)

inf Ly, A) < f(y) + 29(y) < f(y)-
So, we get

¢" =supq(A) <
A>0

in *,
T yeX,g(y)<0 fw) =1
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Theorem 3.3 y* is the optimal solution of the primal problem (3.1) and A* is the

Lagrangian multiplier if and only if

y € X,g(y") <0, (3.3)
A >0, (3.4)

y" =argminL(y, A"), (3-5)
Ag(y*) = 0. (3.6)

Proof  First, to analyze the sufficiency. If (y*,A*) is the optimal solution of the
primal problem and the Lagrangian multiplier, then equations (3.3) and (3.4) are satisfied.

Furthermore, the following condition can be obtained
=107 2 Fy7) + XMgly?) = Ly, A7) 2 inf Ly, A7)

According to the definition of the Lagrangian multiplier, A* > 0, and the feasibility of
y*, that is, g(y*) < 0, the first inequality is satisfied. Moreover, one has f* = ylg;f{ Ly, \*)
by the definition of the Lagrangian multiplier. So the equality in the above equation is true.
That implies A*g(y*) = 0 and y* = arg IyTéI)I(I Ly, \*).
Then we consider the necessity of the theorem. Using these equations from (3.3) to
(3.6), one has
Fr = fy) =Ly, A7) = min L(y, 7) = q(A") < ¢ (3.7)

The equality in the over equation (3.7) is obtained by the weak dual theorem. Thus, y*
and \* are the optimal solution of the primal problem and the one of the dual problem,
respectively, and there does not exist the duality gap between the the primal problem and

dual one.

4 An Algorithm

In this section an augmented Lagrangian algorithm is constructed to solve problem
(2.13), and its convergent analysis is investigate. The constraint function g(y) is defined as

g(y) = (907917 s 9ny ntly 7gn+m)T7
= (_yTﬂ + cg’n(yTiy)l/Q = x0T Tmy _hla N _hn)T
Then problem (2.13) is written as
min - f(y),
s.t. g(y) <0.
An augmented Lagrangian function of the problem (4.1) is denoted by
n+m

LS {(mas{0, A, + ¢j0;1)* — A2, (4.2)

Le(y,A) = f(y) + % 2
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where ¢; > 0 and ¢ > 0 are called penalty parameters, and A; > 0 is the Lagrangian
multipliers, j = 1,--- ,n +m. So the augmented Lagrangian algorithm is given as follow.
Begin of Algorithm
Step 1 Initialization
Input parameters, s > 0, 5 € (0,1), 0 € (0,1/2), u > O,C;? >0G=1,---,n+m), )\f =
(X0, ** s Anim), and initialized points y° = (29,--- 29 h9,---  hY), the end parameter, €.
Let £ = 0.
Step 2 Stopping criterion
If |V, Le(y*, AF)|| < €, then the algorithm stop. Otherwise, to begin the next step.
Step 3 Parameter calibration
AL —
J

For j = 0,---,n + m, to calibrate the augmented Lagrangian parameter
max{0, \¥ + cfg;} and ¢f*! such that ¢! > ¢k,
Step 4 Iterative point calibration

Using the Armijo linear search to find the step length oy = ™" s satisfying
Le(y* = arVyLe(y®, A), \F) = Le(y", X*) < —oar ||V Le(y*, A%, (4.3)

where my, is the minimum positive integer number satisfying the above inequality. The next
iterative point is y**! = y* — ax V, L.(y*, \¥).

Step 5 Let £k =k + 1, and go back to Step 1.

End of Algorithm The above algorithm is called as the steepest descend augmented
Lagrangian algorithm with the non-exact Armijio search method, and its convergence is
discussed as follow.

Theorem 4.1 If the function f and g are continues, for each k the sequence {¢;} and

{c*} satisfying 0 < cF < ¢! and ¢* — oo, and there exist the sequence {y*} satisfying
IVyLe(y™ A < e,

and converging to y*, where 0 < ¢, and ¢, — 0, such that Vg(y*) has a rank n, and the

sequence {\;} is bound, then
A =,

where A* and h* satisfying the following first order necessary condition and effective con-

straint
V) +Vgy)A" =0, g(y*) =0.

Proof Without loss of generality, if the sequence {y*}, converges to the y*, then for
all k, we have
VyLe(y*, \*) = Vf(y*) + Vg(y")\*, (4.4)
where Ak = max{0, \* + c*g(y*)}.
Similarly, suppose that Vg(y*) has a rank n for each k, then to multiple

(Va(y*)"Va(y*) ' Vgy*)"
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on the both sides of the equation(4.4), we get
A= (Vg(y*)"Vg(y*) T V(") T (V, Loy, X)) = VF(yY)). (4.5)

According to V,L.(y*, \¥) — 0 when k — oo, the equation (4.5) implies \¥ — A\* when
k — oo, where
X = —(Va(y" ) Valy) ' Valy" ) V).

Using again V,L.(y*, \¥) — 0 when k — oo, and the equation (4.5), we get
VI(y*) +Vgly")A™ = 0.

Furthermore, since {\*} are bound, and max{0, \* +c*g(y*)} — \*, cFg(y*) are bound.

k

Thus g(y*) — 0 because c& — oo, that is, g(y*) = 0. The proof is end.

5 Numerical Experiment

In the numerical analysis, the price risk of the China sugar index (i.e., CSI) is hedged by
six sugar futures contracts with the DCE (i.e. Dalian Commodity Exchange) codes SR1109,
SR1111, SR1201, SR1203, SR1205 and SR1207, respectively. The daily price data of each
futures contracts was taken from Wind database over the period December 2009 through
August 2011. Using the statistic software SAS, the covariance matrix 3 in the equation

(2.10) and the means fi of the CSI and six futures are given as follows

0.00020041
0.00018769
0.00019247
0.00020451
0.00013485
0.00010641
0.00004072

0.00018769
0.00018578
0.00018679
0.00020049
0.00013165
0.00011004
0.00004212

0.00019247
0.00018679
0.00020382
0.00021674
0.00014315
0.00011626
0.00004028

0.00020451
0.00020049
0.00021674
0.00024732
0.00013472
0.00011454
0.00005773

0.00013485
0.00013164
0.00014315
0.00013472
0.00014316
0.00011557
0.00002048

0.00010641
0.00011003
0.00011626
0.00011453
0.00011557
0.00018791
0.00002995

0.00004071
0.00004211
0.00004027
0.00005772
0.00002047
0.00002995
0.00004535

and
i = (0.2230 0.4658 0.0489 0.1024 0.4473 0.7821 0.4321)7,

respectively.

It is found that the return rates of the China sugar index and six futures are all not
normal distributed, but approximately elliptical distribution with a fat-tail feature. However,
it is difficult to determine what kind of of elliptical distribution the return of the seven futures

follows. Therefore, the simulation method is used to get the value of ¢4 =~ and -, and for

4016 = 5.0799 the algorithm proposed in the section of the article is executed by Matlab
programming to solve e problem (2.13), and the corresponding optimal hedging ratio of each

futures are given in the Table 2 with some different values of .
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Table 2: Optimal hedging ratios
v SR1109 SR1111 SR1201 SR1203 SR1205 SR1207
0.5 0.1068  0.1068 0.5056  0.1728  0.7153  0.6550
0.7 0.1765 0.1765  0.3837 0.0224  0.0161  0.7531
1 03304 0.3304 04231 0.1183 0.4854  0.2416
1.5 0.2109 0.2109  0.4133 0.1129 0.0977  0.5757
2 02931 0.2931 0.5938 0.3045 0.1341  0.3313
25 01708 0.1708  0.0030  0.0115 0.1238  0.2061
3 0.1144 0.1144 0.1275 0.0308  0.0445 0.1818

The hedger can make use of the optimal hedging ratios in the Table 2 to decide the
number of six futures contracts and China sugar index, and the maximal mean return of the
portfolio and the VaR.

6 Conclusions

In this paper we consider a one-period mean-VaR multivariate futures hedging model
at one period, in which the value-at-risk with elliptically distributed risk factors is used to
measure the risk of portfolio consisting of some spot and futures positions. This model is
a special kind of constrains optimization problems. An argument Lagrangian algorithm is
proposed by analyzing the optimal condition of this problem in order to obtain the optimal
hedging, and its convergence is proved. Furthermore, as a numerical experiment in which the
hedger chooses the portfolio including six sugar futures contracts and a China sugar index,

the solving method proposed in this paper is carried out to obtain the optimal hedging ratios.
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