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ABSTRACT
One of the key issues in a typical marine logistics industry dealing with container operations is to maximize profitability subject to pre-specified service level compliance(s) under uncertain and complex business
environment. The problem becomes more complex in presence of heterogeneous customers, varied degree
of demand priority, supply restrictions, and other allied operational constraints. In this paper, a typical
container business operation has been considered where the service provider deals with different types of
customers. The problem has been modeled with discrete-event simulation techniques. A simulation optimization technique has been deployed to analyze several opportunities to improve overall system performance in terms of increased profit, demand fulfillment rate, and deriving other contractual parameter(s)
under varied scenarios. Trade-offs between different KPIs including fleet size, unmet demand, service
level, and utilization have been analyzed and a sensitivity analysis has been provided to bring in several
managerial insights.
1

INTRODUCTION

Globalization of world economy has accelerated the use of containers in cargo transportation through
Third Party Logistics Providers (3PL) and today over 60% of the world’s maritime cargo is transported in
containers, while in some routes among the economically strong countries the figure has gone up to 100%
(Steenken, Vob, and Stahlbock 2004). As an effective mode of merchandise transportation, use of containers not only has reduced the handling and transportation costs, but also has been considered as a faster
and more efficient delivery option to thousands of customers in a geographically distributed network
(Bandeira, Becker, and Borenstein 2009). Issues related to container operations have gained significant
attention and have been extensively studied under various modeling contexts. The entire gamut of research can be captured into two dimensions – conceptual framework and solution technology.
In the perspective of conceptual framework, the related models can broadly be categorized into two–
cost minimization and profit maximization. In the former, some authors have focused on cost minimization models which deal with designing efficient reposition plan, forecasting, safety-stock determination,
and tactical fleet planning problem (Erera, Morales, and Savelsbergh 2005; Li et al. 2007). An excellent
review has been provided by Powell (2005). The other direction considers the revenue maximization aspects based on heterogeneous customer attributes. This stream of research merges the concept of both
revenue management through dynamic pricing and cost minimization through efficiency enhancement.
Not many of the revenue maximization models have been developed for container industry.
In the perspective of solution technology, a stream of research is based on mathematical programming
where the authors have developed optimization models and solution algorithms under different modeling
assumptions (White 1972, Turnquist and Jordan 1986). In all the cases, the authors have focused on de-
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veloping mathematical models to manage dynamic fleet operations. Specific to container industry, several
crucial research efforts have been carried out (Crainic, Gendreau, and Dejax 1993; Erera, Morales, and
Savelsberg 2005). Further, a general model for managing dynamic fleets under various transportation
modes has been described by Powell (2005). Another stream of research on container operations is based
on computer simulation. In this sense, computer simulation has been deployed to address several business
issues such as, improving the performance of container terminal operations (Yun and Choi 1999), liner
shipping operations (McLean and Biles 2008), empty container repositioning (Jula, Chassiakos, and Ioannou 2006), and the problem of determining optimal fleet size under various operational constraints (Donga and Song 2009).
From the review of literature, it has been observed that though traditional mathematical and optimization techniques have been successfully applied to solve diverse business problems in the domain of container operations, these techniques cannot capture system behavior in an uncertain and dynamic environment where there are several interactions among the system components (Sage and Rouse 2009). In a
typical 3PL business model, there are several parameters with significant variability and uncertainties
such as, customer arrival rate, customer demand, full-move transit time, empty reposition time, capacity
allocation, and reposition policy. The complexity goes even higher in presence of heterogeneous customers with varied degree of contribution/profitability and service expectations. In such situations, simulation
is considered to be an important and efficient tool to analyze system variability and randomness and capture system behavior under various conditions through several what-if scenarios.
Thus, we have been motivated to address the issues of container operations with segmented demand.
In this effort, we merge both the aspects of revenue maximization and cost minimization together in a
basic 3PL business model with two different types of customers, viz., high and low priority. A simulation-based approach has been deployed to analyze the system behavior over the planning horizon and determine the optimal control parameters. We have investigated the trade-off between segmented demand
and service-level and the issue of determining optimal fleet size corresponding to target demand fulfillment rate for any type of customers.
Further, we analyze a typical practice of delayed delivery which is very common in container/3PL industry where customer is asked to wait for sometime till the containers/equipments are available. A simulation optimization technique has been applied to determine the optimal length of such waiting time considering other factors such as overall demand fill rate, revenue, profit, and service level compliance.
The remainder of the paper is organized as follows. The problem of container business operation has
been briefly discussed in section 2. A simulation model has been developed in section 3. In section 4, we
briefly discuss about simulation optimization. We carry out several simulation experiments and elaborate
the results in section 5. Finally, we summarize and conclude in section 6.
2

PROBLEM DESCRIPTION

In this paper, the concepts of revenue management are evaluated for a container operator (a typical 3PL)
that transports materials for its customers from one location to another in a geographically dispersed supply chain network. The 3PL operation consists of the following functions:
1. Management of customer orders for empty containers
2. Serving customers by dispatching empty containers to the customer locations subject to the availability of containers at the respective service depots
3. Loading of materials and shipment of containers from customer locations to destinations
4. Reposition of empty containers back to the appropriate service depot(s) to serve future customer
demand therein
Though the 3PL service provider operates on hundreds of unique origin-destination pair, for the purpose of illustration and tractability, without losing generality, we assume three major hubs or zones of operation by aggregation and 3x3 = 9 trade-lanes as shown in Figure 1 where, di = demand at i, vij, cij are
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revenue and cost respectively between trade-lane i to j. Here, λi[di] represents the stochastic arrival rate
~
i of Customers along with stochastic demand d i at location i (i=1,2,3).
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Figure 1: Container business operation model with 3X3 trade-lanes
For simplicity of exposition, we consider that the operator manages a homogeneous fleet of containers. We further consider that the service provider faces two different types of customers – high priority and low priority – depending on their marginal yield per capacity. The order fulfillment happens on a
first-in-first-out (FIFO) basis; but in case of a capacity shortage, we assume that the high priority customers are given higher priority governed by a contractual agreement {WT, P} which guarantees a delayed
order fulfillment within an additional WT days – failing which the service provider is subjected to pay a
penalty of P per ordered capacity to the respective high priority customer. The overall order fulfillment
can be represented as shown in Figure 2. In this case, the issue is to determine the optimal WT corresponding to a specific penalty charge P under dynamic and uncertain business environment. Further,
trade-offs between different KPIs (fleet size, unmet demand, service level, utilization) have been analyzed
and a sensitivity analysis has been provided to bring in several managerial insights.
3

BUSINESS MODEL OVERVIEW

The inputs, business metrics, and the control variables used for modeling the 3PL process operations are
elaborated in this section.
3.1

Input Parameters

The following input parameters (factors) have been considered in the business model (i, j =1,2,3):
 Customer arrival rate in location i
 Percentage ( pi ) of high-priority customers in location i









Average demand for containers in location i
Percentage of shipment between i to j
Revenue per container in trade lane i to j, for high priority customer
Revenue per container in trade lane i to j for low priority customers
Transit time from i to j for full load container
Logistics cost to move a single container from i to j
Reposition time from i to j for empty load container
Reposition cost per container from i to j.
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Figure 2: Order fulfillment process with high and low priority customers
3.2

Business Metrics

The following parameters (responses) have been considered to measure the performance of the business
model:
 Gross profit
 Operating cost
 Revenue
 Unmet demand (UMD)
 Container utilization
3.3

Control Variables

The following control variables having a direct influence on any of the above mentioned business objective, have been considered in the model:
 Service level (SLk), where k = 1, 2 indicating the high and low priority customers, respectively
 Reposition policy
 Contractual waiting time for premium customers – in case of inventory shortage (WT)
 Fleet size (FS)
Safety-stock level at location i has been calculated as follows:
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where, LTi and (σLT)i represent the average and standard deviation of supply lead-time while Dk i and
(σdk)i indicate the average and standard deviation of demand for customer type k at location i. Thus, if the
safety-stock level at a location i falls below the expected level SS i , the reposition policy ensures the earliest replenishment of empty containers from other sources having excess capacity.
Further, we assume that the contractual back order lead time (WT), i.e., the waiting time of the high
priority customers to be served in case of a capacity shortage, is a variable and can have significant impact on the overall performance of the system. With simulation optimization, we have shown how an optimal WT can be derived for a specific fleet size (FS), and other input parameters. We also include a sensitivity study with the various input parameters. The container utilization is calculated as follows:

The objective is to measure the system performance with the help of the following KPIs: gross profit, operating cost, revenue, unmet demand, and utilization. The typical questions that could help improving
business performance are:




What should be the optimal WT for a specific fleet size (FS), and other input parameters to minimize unmet demand or maximize revenue?
What are the trade-offs between fleet size and other key performance indicators (KPIs)?

With all the complexities mentioned above, the proposed model seems to be complex and mathematically intractable. In such situations, simulation is an important and popular tool that considers variability
and randomness in the business processes and captures the system behavior under various conditions by
analyzing several what-if scenarios.
4

SIMULATION OPTIMIZATION

Recently, with the increasing power of computing devices, simulation optimization has become an effective way to merge the benefits of both simulation and optimization to find a set of model specifications
(i.e., input parameters and/or structural assumptions) that leads to optimal performance (April et al. 2005).
More specifically, simulation optimization is an optimization technique where the performance is measured on the basis of the output of a simulation model. The problem settings contains the usual optimization components, such as, decision variables (x), objective function f(x), and the associated constraints (Q)
(Ólafsson and Kim 2002). The objective function is estimated using a function of the stochastic simulation output say, g(x) defined in a real space, i.e., f: Q→ R. The objective function typically might be an
unbiased estimate of the true objective function, that is, f(x) = E[g(x)]. More details are available in
Ólafsson and Kim (2002), April et al. (2003), and Fu, Glover, and April (2005). Accordingly, in simulation optimization, the optimization engine chooses a set of values for the controllable inputs and these are
used as inputs to the simulation engine. Based on the performance of the simulation output, the optimizer
selects the next trial solution until the termination criteria is achieved or a desired level of improved output is obtained. A detailed review of various techniques has been provided by Azadivar (1999). A typical
example of such application in a 3PL industry has been illustrated in Sinha and Ganesan (2009).
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In this paper, the various aspects of operational and tactical planning in the scope of the above mentioned model are evaluated with simulation optimization and several insights have been provided in scope
of managerial decision making under diverse contexts.
5

SIMULATION EXPERIMENTS AND RESULTS

Three different business cases have been considered herein to provide various insights on application of
revenue management principles and operations planning with simulation optimization techniques. A popular
simulation
tool
ARENA
10
(refer
ARENA
Simulation
Software;
Source:
www.arenasimulation.com/Products_OptQuest.aspx) has been deployed to model, simulate, and optimize
the business operation process discussed above.
5.1

Base Case

This case has been used as a reference to compare the benefits of implementing Revenue Management
(RM) practices using simulation and optimization engines. The base case considers uniform customer arrival rate and dispatch volume across all lanes. Reposition of empty containers is assumed to follow the
simple rule:
“If current inventory at location i is more than the desired safety stock SSi AND
(Current Inventory + Planned receipt) at location j is less than safety stock SSj,
Then Move empty containers from location i to j.”
For any location i, the safety stock level Si can be estimated from (1) where the service level for both
type of customers have been considered as 80%, i.e. SL1  SL2  0.80. Further, for the fleet size of 150 initially distributed uniformly, the trade-off between back order time and the corresponding profit can be
shown in Table 1.
Table I: Results of the base case simulation (pi = 0.5)
Sr.
1
2
3
4
5
6
7
8
9
10
11

WT (hr)
0
25
50
60
75
100
125
150
200
250
300

Profit
507490.0
529495.0
534440.0
540685.0
537270.0
556410.0
535230.0
537675.0
548645.0
549485.0
549485.0

Overall SL
79.5%
80.7%
80.7%
82.8%
81.6%
81.7%
82.2%
84.0%
81.4%
82.7%
82.7%

SL1
79.5%
87.0%
92.2%
95.2%
95.0%
97.3%
99.1%
99.8%
99.8%
100.0%
100.0%

SL2
79.5%
74.6%
70.3%
70.5%
69.6%
66.2%
66.0%
68.8%
63.7%
66.2%
66.2%

Utilization
39.0%
39.7%
39.8%
39.8%
39.8%
40.5%
38.8%
39.3%
39.7%
40.2%
40.1%

This shows that the maximum profit is achieved with WT = 100. However, it is tedious to generate
large number of scenarios to find out the optimal WT*. The next model establishes the benefit of simulation optimization in such cases to derive optimal parameter value.
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5.2

Optimization of Base Case Model

The earlier base case model has been optimized with simulation optimization with OptQuest embedded
in ARENA. The optimization engine deploys various algorithms based on Tabu search, scatter search, integer programming, and neural networks to improve performance objectives.
In this case, the back order time WT has been considered as a variable and the optimal WT* has been
found at 90.05 hrs. The variation of net profit with back order duration (WT) is shown in Figure 3.
570000
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Figure 3: Optimization of base case model
This shows a further 0.65% increase of profit – as compared to the earlier case. The impact of the optimal WT on service levels on two different types of customers has been shown in Figure 4.
WT*=90.05
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Figure 4: WT vs. Service level
5.3

Base Case Model with Optimization under Varied Proportions of Customer Types

Next, we derive the optimal WT under varied proportion p i of high-priority customers in location i. The
results are tabulated in Table 2.
5.4

Capacity Planning

The demand fulfillment rate for high priority customers drops at increased service levels. This is attributed to the fact that higher safety stock level results in less free containers. However, demand fulfillment
rate for low priority customers increases at increased service levels - this is due to the fact that additional
fleet base increases the chance of possible fulfillment of low priority orders – after serving the high priority ones. The impact of fleet sizes and services levels across the two types of customers is demonstrated in
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the following figures. Figure 5a and 5b demonstrates the performance at 100% SL and 85% SL for high
and low priority customers respectively when serving different proportions of demand among two types
of customers.
Table 2: Optimal WT * vs. pi

pi
0%
10%
25%
50%
75%
100%

Optimal WT
-59.25
115.55
90.03
463.80
413.95

Overall SL
79%
78%
80%
81%
86%
95%

Profit
359305
404520
474120
560025
694410
799585

SL1
-98%
99%
100%
99%
95%

SL2
79%
76%
72%
64%
44%
--

Utilization
39.0%
39.3%
39.9%
40.7%
43.5%
47.2%

Demand fullfilment (%)

120%
100%
80%

Priority I: 25%

60%

Priority I: 50%
Priority I: 75%

40%

Priority I: 100%

20%
0%
30

60

90

120

150

180

210

Fleet Size

Figure 5a: Fleet size vs. demand fulfillment (P1 Customers)
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Figure 5b: Fleet size vs. demand fulfillment (P2 Customers)
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Deriving optimal fleet size: Figure 5c demonstrates how to arrive at an optimal fleet size corresponding
to given Service Levels and expected demand fulfillment rate. As an example, in order to meet 90% and
70% service level for high and low priority customers respectively and to maintain an aggregate 92% demand fulfillment rate, the optimal fleet size is 120.

Figure 5c: Fleet size vs. demand fulfillment
Fleet size vs. Net Profit: Following the experiments, it has been found that net profit increases with increase in P1 type of customers – because of higher contribution. However, though higher fleet size initially results in higher profit, further increase reduces the net profit due to high capital expenditure. This observation is quite evident from figure 6.

Figure 6: Fleet size vs. net profit
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Sensitivity analysis: The following figure shows the trade-off between Fleet size (FS), Service level (SL)
and net profit. The following variations have been considered:
 Large FS: 210 Containers
 Low FS: 60 Containers
 High SL: SL1= 99%, SL2=80%
 Low SL: SL1= 80%, SL2=60%.
The results for P1 Customer demand are shown in Fig. 7. The results for P2 Customer demand has been
found to be a mirror image of Fig. 7 due to the fact that P1 and P2 demand always equal to 100% when
added.
500000

Low FS (60)_ High SL {99, 80}
Low FS (60)_Low SL {80, 60}
Large FS (210)_High SL (99, 80}
Large FS (210)_Low SL {80,60}

400000

Net Profit

300000
200000
100000
0

0

20

40

60

80

100

-100000

P-I customer demand (%)

Figure 7: Fleet size, net profit and P1 customer demand
It has been observed that service level does not have much impact on net profit if fleet size is low – as due
to small fleet size, maintaining the safety stock level becomes difficult due to capacity shortage. Other observations related to the system behavior are as follows:
For a given fleet size: As p1 increases, gross revenue increases, simultaneously unmet demand for priority customer (UMD-I) increases with higher penalty cost, Thus, net profit (NP) decreases. However,
if p1 increases beyond a certain level, depending on the marginal revenue and unit penalty charge, additional penalty charge may be offset by additional revenue leading to increased net profit.
For larger fleet size: With larger fleet size, UMD-1 decreases. As a result, penalty decreases. But because of higher cost related to procure additional fleets (Capex), net profit decreases. However, if p1 increases gross revenue also increases. Thus, sometimes, the additional Capex is offset by additional revenue. In such cases, net profit increases.
If fleet size is small and safety stock (SS) is high, containers remain idle at some places and capacity
utilization decreases. However, if fleet size increases up to a certain level, utilization increases because of
more free/available containers – beyond which utilization again starts decreasing due to high safety stock
levels or surplus capacity.
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6

CONCLUSION

Managing container business operations with heterogeneous customer demand and service priority under
uncertain and complex business environment has been a key challenge for the practitioners. In order to
address the issue, this paper has studied a typical container operation process and applied discrete-event
simulation technique to improve overall system performance in terms of increased profit, demand fulfillment rate, and deriving other contractual parameter(s) under varied scenarios. The problem has been
modeled in the perspective of revenue management practices assuming different types of customers with
varied levels of priority to improve profitability and service level agreement.
The proposed model has shown how simulation and optimization can be applied to decide the optimal order/service lead time for the high priority customers to maximize profit. Further experiments have
been conducted to provide several insights on system behavior with input parameters such as, fleet size,
service level, and proportion of high priority customers. Impact of such input parameters on the key performance indicators such as, demand fulfillment rate, profit, utilization, and operating cost, has also been
discussed following a sensitivity study.
It has finally been shown how simulation and optimization can help taking more informed decisions
to significantly improve the overall performance level of a container business process and also help in
taking various strategic decisions such as fleet size and service level agreements under diverse business
environments.
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