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Abstract. After disasters occurred, many refugees have to suffer a lot. To relieve
this detrimental situation, various commodities are distributed to the pre-deter-
mined warehouses. However, the initial multi-commodity distribution may be
imperfect, which results in some warehouses having surplus commodities com-
pared to other unmet warehouses. Hence, it is necessary to rebalance commodi-
ties among those warehouses. Because of the uncertain environment after a dis-
aster, the demand is usually uncertain. To plan this multi-commodity rebalancing
process appropriately, it is usually assumed that the collected data are uncontam-
inated. However, this assumption can be easily violated due to the uncertain en-
vironment or human error, which results in the biased estimation of the solution.
In this study, we propose a strategy for remedying the difficulties associated with
data contamination so that a set of robust decisions are obtained. Through a case
study, we show that the proposed strategy facilitates effective decision-making
in the multi-commodity rebalancing when the data contamination is involved.

Keywords: Robust optimization, Nonlinear, Mathematical programming, Hu-
manitarian logistics.

1 Introduction

Based on the Emergency Event Database (EM-DAT, www.emdat.be), large-scale nat-
ural or man-made disasters had occurred frequently since the 1900s. Recently, large-
scale disasters such as the 2008 Wenchuan Earthquake in China, 2011 Earthquake and
Tsunami in Japan, 2018 Earthquake and Tsunami in Indonesia, 2019 Forest Fire in
Australia, 2019 COVID in the world, and 2019 Plague of Locusts from Kenya result in
a great number of refugees. To relieve this detrimental situation, medical and living
commodities should be distributed to and stocked at the pre-determined warehouses.
As the initial multi-commaodity distribution happened before the disasters, it is im-
possible to match with the practical situation, which results in some warehouses having
surplus commodities compared to other unmet warehouses. The undersupply of com-
modities worsens human suffering and results in an increased mortality rate. In contrast,
the oversupply of commodities may also occur in some other affected areas. To make
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full use of any surplus commodities, it is necessary to conduct a multi-commaodity re-
balancing process to rebalance the commodities among the warehouses. However, the
collected information about the demand may be inaccurate during the critical hours
right after disasters [1]. Also, the collected data may be contaminated due to human
error. The above two factors result in a biased rebalancing strategy. Neither strategic
approaches nor quantitative models to handle this multi-commodity rebalancing under
data contamination. Thus, we investigate the multi-commodity rebalancing problem
with data contamination and propose a robust optimization model for remedying the
data contamination so that a set of robust decisions can be obtained.

The remainder of this paper is organized as follows. Section 2 reviews previous stud-
ies about commodity rebalancing (also referred to as redistribution) in humanitarian
logistics, highlighting the novelty of this study. In Section 3, we present the problem
description and propose a strategy for remedying the problem with data contamination.
Then a mixed-integer nonlinear programming (MINP) model is formulated for the
problem. Next, a linearization approach is applied to linearize the model. In Section 4,
we compare different methods in a case study. Finally, Section 5 concludes this study
with contributions and further directions.

2 Literature review

The logistics related problem in disaster response has been extensively studied by many
researchers [2-6]. However, the commodity rebalancing is also an important part in
relief supply chain planning [7, 8]. However, this commaodity rebalancing has been re-
ceived insufficient attention in the past. In what follows, we review the studies about
commodity rebalancing in disaster response. Then the research gap is discussed and the
novelty of this study is summarized.

To the best of our knowledge, the commodity redistribution was firstly proposed by
Lubashevskiy [9, 10] who implemented the required redistribution of vital resources
between the affected and neighboring cities in the disaster area. However, they did not
consider any uncertainty. Then Gao and Lee [11] considered a multi-commaodity redis-
tribution problem under demand uncertainty. Based on the above study, Gao and Lee
[12] considered the multi-commodity redistribution process happens in a multi-modal
transportation system when multiple disaster areas are involved. Sarma, Das [13] and
Sarma, Das [14] also introduced different mathematical models for humanitarian lo-
gistic applying the fact of redistribution of resources. After that, Gao [8] and Gao [15]
modified the terminology from “multi-commodity redistribution” to “multi-commodity
rebalancing” as its appropriate and suitable description to the problem. Later Gao [7]
defined the multi-commodity rebalancing in disaster response, which is given by “The
multi-commodity rebalancing process in disaster response is to rebalance the commod-
ities from the oversupplied nodes to unmet nodes over the transportation network to
satisfy the potential demand at all nodes (relief centers)”. And the relief centers were
divided into three groups, namely (i) complete supply relief centers, (ii) complete de-
mand relief centers, and (iii) potential demand or supply relief centers, where the multi-
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commodity rebalancing process was conducted among these three groups of relief cen-
ters.

As the collected data is easily contaminated due to human error and inaccurate in-
formation right after disasters, it results in a biased rebalancing strategy. For more de-
tails on the data contamination and its effect, one should refer to Park [16]. However,
neither strategic approaches nor quantitative models to handle this multi-commodity
rebalancing under data contamination. To address this challenge and fill this research
gap, a robust approach that is less sensitive to the outliers or noises is warranted. As a
consequence, we investigate the multi-commodity rebalancing problem under data con-
tamination and propose a strategy for remedying the difficulties associated with data
contamination so that a set of robust decisions can be obtained.

3 Robust optimization model

3.1  Problem description

Suppose that a large-scale disaster strikes an area where a set of warehouses have been
pre-identified to stock the commodities. These stocked commodities are used to support
basic lives. Inevitably, some warehouses end up having surplus commodities, whereas
others end up having insufficient commodities. To reduce human suffering and make
full use of any surplus commodities, it is necessary to plan a multi-commodity rebalanc-
ing strategy to rebalance the commaodities among the warehouses.

The complex and dynamic nature of a large-scale disaster creates a highly uncertain
environment. It is difficult to determine how much of a particular commodity a ware-
house will require in the future, which makes the demand uncertain. Here, the demand
is classified into several independent scenarios. The uncertain demand is represented
as a set of discrete stochastic quantities, and a specific realization is considered as a
scenario. For each commodity type, there is a set of scenarios =. For a particular sce-
nario ¢ € £, there is a probability of occurrence p(¢) such that p(¢) = 0 and
Yeezp(§) = 1. As the inaccurate information usually exists, the demand quantity is
considered as the outlier in this study. What we need to is identifying these warehouses
and determine the outgoing and incoming shipments at the warehouses. Before the
model is proposed, an assumption is stated in advance. Each of the warehouses is a
separate unit and the weighted values of the warehouses are given.

3.2 Notations

The parameters and decision variables used in this model are shown as follows:
Sets
R Set of warehouses, indexed by r € R, (r # ¢).
& Set of commodity types, indexed by t € T.
E Set of scenarios, indexed by ¢ € Z.
Parameters
W, Weight of warehouse r.
Sy:  Stock level of commodity-type t at warehouse 7.
th Demand of commodity-type t at warehouse r in scenario ¢.



Pft Probability of occurrence for th.
Ofc Outlier demand for commodity-type t at warehouse r in scenario €.

N Number of scenarios in Z.

Decision variables

qo,: Quantity of outgoing commodity-type t at warehouse r.
qi,. Quantity of incoming commaodity-type t at warehouse r.

3.3  Robust strategy

To copy with the uncertain demand, many researchers use expected demand [7, 17, 18].
Given a set of discrete demand quantities Dy, D%, ..., D% with corresponding probabil-

ities P%, P%, ..., PN, such that Yez Pft = 1, the expected demand is given by

[E(th: §) = z DrétPrft (D)

ez

The above-expected demand can be considered as the weighted mean. However, the
weighted mean is not a robust outlier-resistant location estimator. As the median is a
robust outlier-resistant location estimator [19], instead of using weighted mean, we use

the median to represent the demand at warehouse r, which is denoted by M(th, Pft, $)
and given by

(0%,

f) = Median(D}, D7, ..., Dyt (2)

3.4 Robust optimization model

The problem is formulated as the following MINP model.

Min¥, = Z Z W, [Median(D}, D%, ..., DY) — (S,+ + qiye — qoye)] 3)

teT TER
s.t.
Zqirt=2qort VteT. @)
TER TeER
qoy: < Sy VTrERLET. (5)
Qiy: qor: =0 VIreRteT. (6)

Sye + qiye — qoy < Median(D}, D%, ..., DN VreR,teT. (7



qi,: and qo,, are nonnegative variables VreR,te7T. (8)

The objective function (3) aims to minimize the total weighted unmet demand at
warehouses. Constraint (4) ensures the balance between incoming and outgoing ship-
ments. Constraint (5) restricts that the outgoing shipment is not greater than the stock
level. Constraint (6) ensures that either outgoing or incoming shipments could happen.
Constraint (7) restricts that the commaodity after rebalancing is not greater than the de-
mand. Constraint (8) defines the decision variables.

3.5 Linearization method

The above model is nonlinear due to Constraint (6). It is significant to propose a line-
arization strategy for the above MINP model so that it can be solved by using CPLEX.
Consequently, we introduce a big positive value M and two auxiliary binary variables
into the model. These two auxiliary binary variables are given by

1 ifqi,. >0
= VreRtelT. 9
rt {0 otherwise reRtET ©
1 ifqo,; >0
= . 1
rt {0 otherwise VreRtey (10)

Then the MINP model can be reformulated as the following mathematical model.

Min ¥,
st.

Constraints (4), (5), (7), and (8)

e +je <1 VreRterd. (1)
qiye <i,yM VreRteT. (12)
qor: < jeM VTreRteT. (13)

Constraint (11) guarantees that either an outgoing or incoming shipment could hap-
pen. Constraints (12) and (13) restrict the quantities of incoming and outgoing ship-
ments, respectively.

4 Numerical example

This study considers a numerical example that includes eleven warehouses and two
commodity types based on the study of Gao [7]. Let the outlier value be 10000, which



exists in warehouses 1, 5, and 9. The proposed mathematical model is implemented in
the CPLEX (Version: 12.6). All the experiments are run on a computer with an Intel(R)
Core(TM) i7-7700 CPU@3.6 GHz under the Windows 10 Pro system.

To evaluate the robustness of the proposed robust optimization model against the
outliers, we compare the results for the numerical example using different models. We
first present the optimal solution in Fig. 1 without considering data contamination and
then compare different methods and present the results in Table. 1 when the data con-
tamination is involved.
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Fig. 1. Commaodity rebalancing strategy for two commodity types

As shown in Table. 1, it provides an outlier resistance behavior for commodity type
1 in different models. The solution obtained using the robust optimization model is
quite close to the solution through the method in Gao [7]. After considering the outlier,
the method in Gao [7] is strongly sensitive to the outlier, whereas the proposed model
is quite stable to obtain the solution that is still quite close to the true optimal solution.



Table 1. Comparison of commodity rebalancing strategies.

Without outlier

With outlier in warehouses 1, 5, and 9

Robust Gao [7] Gao [7] Gao [7] Robust
ID Gao[7] model o =10* oY =10* oY =10* model
q0:1 qirl 40,1 qirl 401 qirl 401 qirl 401 qirl 40,1 qirl
r=1 0 89.8 0 95 0 1051.3 0 89.8 0 89.8 0 95
r=2 0 134 0 139 0 95.9 0 96.1 0 755 0 139
r=3 10.6 0 23 0 282 0 282 0 282 0 23 0
r=4 1237 0 129 0 274 0 274 0 274 0 129 0
r=5 0 137.3 0 133 0 137.3 0 1098.6 0 137.3 0 133
=6 0 34.6 0 30 0 34.6 0 346 0 34.6 0 30
r=7 335 0 35 0 285 0 285 0 285 0 35 0
r=8 49.8 0 46 0 300 0 300 0 300 0 46 0
r=9 115 0 111 0 115 0 115 0 0 866.9 111 0
r=10 0.5 0 0 4 0.5 0 0.5 0 0.5 0 0 4
r=11 626 0 57 0 62.6 0 62.6 0 62.6 0 57 0

5 Conclusion and future study

This study focused on the multi-commodity rebalancing problem under data contami-
nation in disaster response. We proposed a robust optimization model to formulate the
problem. Then we applied a linearization method for the model so that it could be
solved in CPLEX. Next, the solutions were obtained to illustrate the effectiveness of
the proposed method. Finally, we compared the results of different methods in a case
study to verify the outperformance of the proposed method in overcoming the outlier
in the multi-commodity rebalancing problem. The limitation of this study is that the
data contamination only exists in the demand for commodities.

In future work, some directions are meaningful that could be explored deeply from
the following two perspectives. This study only focuses on the multi-commodity re-
balancing process. However, it would be interesting to consider how to transport these
commodities among the warehouses. Another future consideration is to develop a more
reliable multi-commodity rebalancing by considering a multi-period process.
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