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ABSTRACT 

We consider a facility location problem with uncertainty flow customers’ demands, 

which we refer to as stochastic flow capturing location allocation problem (SFCLAP). 

Potential applications include siting farmers’ market, emergency shelters, convenience 

stores, advertising boards and so on. For this dissertation, electric vehicle charging 

stations siting with maximum accessibility at lowest cost would be studied. We start 

with placing charging stations under the assumptions of pre-determined demands and 

uniform candidate facilities. After this model fails to deal with different scenarios of 

customers’ demands, a two stage flow capturing location allocation programming 

framework is constructed to incorporate demand uncertainty as SFCLAP. Several 

extensions are built for various situations, such as secondary coverage and viewing 

facility’s capacity as variables. And then, more capacitated stochastic programming 

models are considered as systems optimal and user oriented optimal cases. Systems 

optimal models are introduced with variations which include outsourcing the overflow 

and alliance within the system. User oriented optimal models incorporate users’ 

choices with system’s objectives.  

After the introduction of various models, an approximation method for the boundary 

of the problem and also the exact solution method, the L-Shaped method, are 

presented. As the computation time in the user oriented case surges with the 

expansion of the network, scenario reduction method is introduced to get similar 
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optimal results within a reasonable time. And then, several cases including testing 

with different number of scenarios and different sample generating methods are 

operated for model validation. In the last part, simulation method is operated on the 

authentic network of the state of Arizona to evaluate the performance of this proposed 

framework.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

13 

CHAPTER 1 INTRODUCTION 

1.1 Motivation for Research 

While conventional vehicles can conveniently access to a widely distributed network 

of gas stations for their gasoline needs, electric vehicles (EVs), with a growing 

demand as the ownership of EV is expanding for the past decades, have only limited 

access to charging stations. The American Recovery and Reinvestment Act (ARRA) 

of 2009 stated that $300 million will be allocated to acquire electric vehicles for the 

federal vehicle fleet.  By the report of Western Oregon (2010), it is predicted that by 

2020, a total of 2.5 million EVs will be in use. In order to increase market shares of 

EVs, we must provide a reliable transportation network with widely distributed 

charging infrastructures so that EV owners will be able to travel comfortably without 

experiencing ‘rage anxiety’, the worries that vehicle battery will run out before 

reaching the next available charger.  

More and more charging stations supplying electric energy for recharging electric 

vehicles are scheduled to open in the near future. As of October 2012, the United 

States had 13,967 public charging units, of which 3,472 were located in California 

(U.S. DOE, 2012). As of November 2012, about 15000 charging stations had been 

installed in Europe (RPR, 2012). By the end of December 2011, Japan had 800 public 

quick-charge stations (Berman, 2012) while China had only 168 public charging 
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stations (GCC, 2012). 

There are several types of Electric vehicle charging facilities on the market, including 

charging stations, on-street charging stations, mobile charging stations and battery 

swapping stations.  

 Charging stations  

Charging stations usually consist of several charging units with the purpose to offer 

heavy duty charging, faster charging or special services to vehicles. Stations with 

higher voltage and inductive charging (shown in Figure 1) units are usually installed 

in this type of charging facilities.  

 

Figure 1  Inductive charging station (From Wikipedia) 

 

 On-street charging stations 
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As shown in Figure 2, on-street parking lots are commonly used to place simple 

charging devices. Due to the low grid and slow charging speed, drivers would get 

quick charging services while scheduling activities in nearby areas.  

 

Figure 2  On street parking (From Wikipedia) 

 Mobile charging stations 

Mobiles charging stations have been recently introduced. Vehicles with limited 

electrical power could drive around the city or in their neighborhood to offer 

emergency services to some electric vehicles that broke down due to running out of 

power.  

 Battery Swapping Stations 

Different from the above charging facilities, battery swapping stations will not 

recharge vehicles with power supply. Instead they offer full-charged batteries to 

electric vehicles for replacement. This kind of services could usually be offered at 

convenience stores or other gas stations.  

According to Mayfield (2012), there are three levels of equipments which could be 

used to recharge electric vehicles in the United States:  
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 AC Level 1, up to 120-volt single-phase circuit with either 15 or 20-ampere (amp) 

configuration.  

 AC Level 2, 208-volt to 240-volt single-phase circuit with maximum of 80-amp 

but usually using only 40-amp rated circuits.  

 DC Fast Charging, converts AC power from 208 volts to 480 volts (3-phase) to 

DC power to deliver up to 50 kilowatts at the EVs’ battery voltage.  

 

Figure 3  Varies of EVs supply equipments (Mayfields, 2012) 

Figure 3 shows different types of EVs supply equipments. Level 1 charging is usually 

used at household garages or apartment complexes due to its long charge hour and 

low power requirement. Users of Level 1 charging are usually people who charge 

their vehicles overnight and have daily trips below 30 miles. Most public charging 

stations, such as equipments at parking spaces, convenience stores and on street 

parking lots, typically install Level 2 EV chargers. People who utilize level 2 EV 
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supply equipment usually park their cars to charge while having other scheduled 

activities nearby. A few hours should also be allowed for charging and the vehicles are 

unattended while charging. Different from the two levels above, DC fast charging 

stations are mainly designed for charging commercial and large electric vehicles when 

the drivers only need to plug into a DC fast Charger for 10 to 30 minutes to get 

enough amount of power to keep their vehicles running for a relatively long distance. 

During the charging time, the drivers can either wait or walk short distances for quick 

shopping or other activities. (Mayfields, 2012) 

 

 Power 

requirements 

Charging time Possible locations Limitations 

Level 1 Up to 120 volt 15-20 hrs Home use Slow 

Level 2 208-240 volt   4 hrs Parking lots, 

convenient stores 

Slow 

DC 208-480 volt Charge 80% in 

0.5 hrs 

Highways, main 

roads 

High voltage 

requirements 

Table 1 Comparison among several charging equipments 

 Power 

requirements 

Charging time Possible locations Limitations 

Level 1 Up to 120 volt 15-20 hrs Home use Slow 
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Level 2 208-240 volt   4 hrs Parking lots, 

convenient stores 

Slow 

DC 208-480 volt Charge 80% in 

0.5 hrs 

Highways, main 

roads 

High voltage 

requirements 

Table 1 indicates that the first two supply equipments take 20 and 4 hours respectively 

to charge a 24-kilowatt-hour battery so they are inconvenient to serve people who 

need fast recharge on the trips. On the other hand, DC fast charging stations which are 

just becoming available to US will become important to drivers who need quick 

recharge for their vehicles. Other advantages of DC fast chargers are as follows 

(Mayfields, 2012):  

 Sufficient capacity is offered by DC fast charging stations without encountering 

significantly higher installation costs. 

 Since DC would recharge in a short time period, it will have a huge effect in the 

promotion of EVs. 

 While designing charging station networks, the DC Fast Chargers will be key 

components of the network since they can cover adjacent neighborhoods. 

 

However, there is a factor restraining the wide distribution of fast DC charging 

stations. Due to their high power requirement, they will have an impact on the local 

electric utility grid. As a result, this type of equipment generates two major concerns: 
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supporting the local community charging grid and providing high quality charging 

services for longer trips (Western Oregon, 2010).  

As a result, Public DC fast charging stations are only in limited numbers and they are 

designed to offer services for the following EV owners:  

 EV owners who use public EV charging stations as primary charging sources 

 EV owners who use public charging stations as secondary charging sources along 

with inadequate home charging capabilities 

 People who need quick recharge on their trips 

As a conclusion, DC fast chargers should be installed along intercity routes, near 

regional destinations and at places frequently visited by high-use commercial vehicles. 

For our problems, we are focusing on locating this kind of limited public vehicle 

charging stations considering demands from drive-by customers. This is essentially an 

optimal facility location problem known as facility placement with minimum cost. 

Hence there are the following most important aspects to be considered in modeling 

placement of electrical charging stations (Error! Reference source not found.): 

1. Minimization of total cost: 

There are two major cost types associated with this problem: fixed costs of 

opening facilities and travel costs from facilities to customers. In our facility 

location model, we are planning to choose locations of charging stations with 

minimum fixed cost and minimum travel distances. 
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2. Accessibility of facilities: 

In order to cover as many customers’ demands as possible, we would like to use 

flow capturing modeling to make facilities available to as many vehicles as 

possible.  

3. Properties of facilities: 

There are different properties of the charging stations which are needed to be 

considered in decision making. For electric charging stations, the capacities of 

units, the speed of charging, the availability of special services including inductive 

charging, the distance from main road and area attraction of the charging facilities 

are all needed to be taken into account. In order to model all these factors, we 

should define various capacities and weights in the model.  
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Figure 4  Illustration of flow capturing location allocation problems for charging station 

1.2 Organization of Dissertation 

In this dissertation, we start with description of one stage flow capturing 

location-allocation models for locating electric vehicle charging stations. The 

objective function maximizes the expected flow captured by the limited number of 

facilities. No overflow will happen at this stage because the solution is designed to 

satisfy fixed customer demands. After introducing stochastic customer demands, the 

problem will become a two stage model. The first stage focuses on minimizing the 

total cost of opening the facilities while the second stage is responsible for capturing 
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maximum flow with variety of customers’ demands. Each set of customers’ demands 

is considered as a realization with a given probability in the second stage and the 

overflow penalty will be simultaneously minimized. 

In the second step, we would like to ensure that facilities’ coverage will not change 

over time. To achieve this goal, we propose a backup model to provide secondary 

coverage if some paths have extremely high flows at a certain time. Since the backup 

service reduces the congestion of the services, e.g. special events such as football 

games and abnormal weather conditions causing peak service demands, secondary 

coverage is designed to be available only when the first coverage won’t satisfy the 

customers’ demand. 

In the third step, we remodeled the problem as capacitated flow capturing location 

allocation problems with Systems Optimal objective. First, capacities of each facility 

need to be considered. Overflow, which is defined as the total customers’ demands 

exceeding the capacities of the facilities, are introduced in the model with higher 

associated costs. If overflow at the facilities occurs, then we could either borrow extra 

capacity from outside of the systems, called outsourcing, or borrow from other 

facilities inside the system, called internal transfer. Second, Systems Optimal means 

that every customer in the system has full knowledge about it and the customers are 

willing to comply with the system’s decisions. That is, customers will have access to 
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the status of the charging stations (idle, could serve more demands or fully occupied) 

and the other customers’ choices before making their own decisions.  

In the last step, defined as user oriented optimal, we assume that the customers have 

information only about their own choices and thus they are not able to change 

decisions under different flow scenarios.  

After the construction of the framework, a small test network (Figure 5) will be 

presented in matrix form and all the model variants be applied to verify that they 

really provide optimal solutions at each step, respectively, compared to any other 

random choices. 

 

Figure 5 Test area 
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A classical algorithm of two stage stochastic programming problems, the L-Shaped 

Method, is programmed and used to get the exact result. As we will see later, 

computation time of reaching user oriented optimal cases is dramatically increased 

and therefore scenario reduction methods are then applied to reduce the computation 

time.  

Simulation will be used to provide model validation. Two processes are performed: 

1. Given the optimal facilities’ location from the model, we randomly generate other 

location sets and simulate 500 flow sets to get the expected value of the total cost 

and the flow captured. We will compare the obtained optimal solutions to other 

randomly generated results.  

2. Using the same optimal model, we will run it the model with 50 and 500 scenarios 

at the 2
nd

 stage respectively. Different solution sets will be obtained at these runs 

and we will put them into the simulation models, and the expected value of the 

results will be used as a benchmark to evaluate solutions from both 50 and 500 

scenarios situations.   

Next, real world traffic data including flows from Zone A  to B  and the population 

sizes in these zones will be collected. Dijkstra’s algorithm will be used to calculate the 

shortest path from A to B and the total flow will be determined to that path with the 

following two methods: 
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1. Simplified assumption: Assume that all customers will go from Zone A to B 

following the shortest paths; 

2. Cannibalization: At any intersection, we determine the fractions of customers 

going to different directions. For example, for intersection D, we suppose that 

20% of customers will take left turn, 50% of the flow will go straight while 30% 

will turn to the right (No U-turn allowed in this case). After iterating through all 

intersections, this network will be characterized with a more realistic traffic flow 

data compared to the simplified assumption. 
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CHAPTER 2 LITERATURE REVIEW 

2.1 Relevant Mathematical Modeling Problems Literature Reviews 

Flow capturing location-allocation problems (FCLP) are brought to attention several 

years ago in the area of location theory, where they involve both facility placement 

and customer demand coverage in finding optimal locations in order to minimize 

transportation cost. Traditional facility location problems deal with customer demand 

at given nodes while some other facility problems express their demands as passing 

traffic flow. For example, facilities such as convenience stores, gas stations, 

advertising boards and bank ATMs will be visited by ‘pass-by’ customers. In this 

dissertation, we propose flow capturing location-allocation planning framework with 

flow demands. A mixed integer two stage model is formulated incorporating 

stochastic demands, secondary facilities planning, internal transfer among facilities 

and backup deliveries. A modified L-Shape algorithm is developed to solve this 

problem under different scenarios. Applications including numerical examples and 

real world realizations are carried out to validate the model and to test the 

performance of the solution algorithm. 

Hodgson (1981) was the first to identify and study FCLP. He showed that this 

problem is essentially m  median problem and any m  median algorithms can be 

used to locate the facilities. However, for FLFC itself, customers will determine 
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which facility to visit based on a pre-planed trip while in the m  median problems 

they make decision for one-purpose trip. As a simplified network shown in Figure 6, 

B is a facility candidate and the circle represents its coverage. A  is the location of 

customer demand while 1Z  and 2Z  are two possible destinations. For the FL 

problem, customer A  is not covered because it is outside of facility B ’s cover radius. 

However in FCLP, whether customer A  is covered or not depends on the trip he/she 

is going to make. If A’s pre-planed trip is from A to Z1 (the red route), then he/she will 

be covered by B. If he/she plans to take a trip from A to Z2 (the green route), then A 

will not be covered by facility B. 

 

Figure 6  Flow Capturing Facility Location Illustration 
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Berman et al. (1990) developed a location allocation model based on pre-planed trip 

aiming at flow-based demands. Their objective of this paper is to find a set of 

locations for m  facilities on the network maximizing the total flow intercepted by 

the facilities excluding double counts. Then they simplify the original problem to a 

non-linear case by assuming certain fractions of every facility’s devotion to the 

different paths. Their results show that the optimal solution does not depend on the 

condition that paths are still on the nodes. Along with theoretic results, Hodgson et al 

(1994) point out that in real world, traffic is different than the theoretically simplified 

assumptions suggest. Concept of cannibalization in traffic is introduced while 

considering coordination between the locations and the network. A general flow 

capturing model is given in the paper and comparisons are made between greedy 

heuristic methods and the cannibalization stepwise function methods. Another work 

considering real world situations is given by Zeng et al (2009). In their paper, flow 

qualities are considered instead of quantities in traditional problems since consumers 

might want to get products or services at or near specific locations along their trips. 

Geographical information systems are integrated with a pickup model in real-world 

transportation systems. The numerical solutions show that this model is superior to 
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the traditional FCLP if the customers have preferences on service locations.  Later, a 

model concerning park-and-ride facilities’ locations was proposed to examine traffic 

congestion in the city of Isfahan, Iran (Khakbaz et al. 2012). Dense population points, 

potential sites for the park-and-ride establishment and Central Business Districts 

(CBDs) were considered as real world influencing factors in minimizing total travel 

time in the network.  

Starting from the initial results, the researchers began to merge FCLP with different 

focus points. Hodgson and Rosing (1992) considered the trade-off between the 

p-median facility location problems and flow capturing goals. Berman et al (1994) 

took detours, in addition to paths, into consideration. Each detour was considered as a 

small round trip and added to the total paths’ calculations. Minimizing customers’ 

inconvenience was also considered as one of the objectives. Berman et al. (1995) 

assumed that the fractions of customers from one node to its adjacent node are known. 

They started with modeling this flow capturing problem as a nonlinear integer 

programming problem, and then re-defined it as a mixed integer programming problem 

based on the theory of constrained Markov Decision Processes. Tanaka et al (2012) 

allowed the decision makers to select the sizes of the facilities and assumed that larger 

facilities were more attractive to customers. By adding the capacities of the facilities 

as variables, they presented an integer programming formulation to simultaneously 

determine both facilities’ sizes and locations. By dropping the assumption “The 
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service facilities have sufficient capacity so that no waiting lines in front of the 

facilities exist”, Berman (1995) defined a problem of locating discretionary facilities 

when the additional distance for deviating includes possible waiting times in addition 

to service times.  

Instead of the capacity constraints of the facilities, limited vehicle ranges were 

assumed as another major constraint in Kuby et al. (2005). The objective of this paper 

was to develop a location–allocation model for optimally locating refueling facilities 

with range-limited vehicles. The combinations of facilities were designed with 

different sets and solution pools were provided with different feasible combinations 

before a mixed integer programming model was built. Yang et al. (2006) were 

concerned with the condition that for some commodity items such as perishable 

agricultural and electronic products, there is a time limitation on the length of the trips 

thus the unit value of flows changes along travel time. They then proposed a mixed 

integer planning model with a piecewise value function and transformed it to a 

capacitated fixed charged facility location problem with auxiliary network.  

Since FLFC considers the locations of the facilities in the market, outperforming the 

competitors will be one of the major considerations for decision makers. Berman et al. 

(1998) introduced weight to the facilities as one way to introduce competition into 

FCLP. They turned attention from considering flow interception with facilities on the 
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road to those off the road and thus merged spatial interaction models with flow 

interception models for competitive environment. In addition, worst case analysis was 

presented in the form of setting upper bound to this minimization problem. Later, Wu 

et al. (2003) adapted the gravity model for competitive problems and integrated it into 

a competitive flow capturing location allocation model before applying it to an actual 

network in Central Taiwan.  

Beside the above mentioned studies, more and more applications are introduced 

giving a rapid growth to the FCLP area. Yang and Zhou (1998) corporated maximal 

flow intercepting rule with three other location rules: O-D covering rule, maximal flow 

fraction rule and link independence rule, to decide optimal number and locations of 

traffic counting points. Taking child care facilities as the target local public facilities, 

Okumura et al. (2009) applied flow capturing location allocation planning (FCLAP) 

model in communities in Japan and proved that FCLAP could provide superior 

solutions to resident based location allocation problems in terms of average travel 

time. A flow refueling location model (FRLM) was constructed by Kuby et al. (2004) 

to locate refueling facilities for alternative-fuel vehicles. The major difference 

between FRLM and FCLP is the following. In the case of FCLP, if one facility along 

the path is chosen to open, then all demands along this path are considered to be 

covered. For FRLM, however, customers (alternative-fuel vehicles) need to stop at 

more than one facility in order to get enough fuel because the limited range of the 
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vehicles. Similar model to FRLM were also built and applied in Florida for hydrogen 

stations (Kuby et al. 2009).  

Since FCLP usually involves large networks, it is inevitable that thousands of flow 

and facility data have to be involved in computations when solving real world 

problems. Hodgson et al (1996) designed a mixed integer programming model to 

locate a number of inspection stations in order to detect and remove hazardous 

vehicles as early as possible. However, their results suggest that this relaxed 

integer-linear program is computationally demanding and more efficient solution 

methods are needed and are expected in future studies. A Lagrangian relaxation 

solution method was used by Tanaka et al (2012) since they realized that in FCLP, the 

number of potential Origin-Destination (OD) pairs grows quadratically as the number 

of nodes in the network increases, which leads to a very large number of variables in 

the model. For example, if there are n  nodes in the network, then the OD pairs’ 

number, which is the same as the number of variables in the model, becomes ( 1)n n . 

The main feature of their proposed algorithm is to provide an upper bound for the 

maximization problem and thus the quality of solutions could be evaluated.  

Similarly, several solution bounds for the deterministic FCLP are available in the 

literature. Berman et al (1990) created partial solutions by specifying some of the 

facility locations, i.e., assigning some of jx  values to zero or one, and leaving the 
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rest of them variables. Then they proposed two different methods to calculate 

objective function upper bounds which were based on partial solutions. Furthermore, 

Berman et al. (1998) also defined upper bounds for FCLP in competitive environment. 

In that paper, maximal market share was used as an indicator in calculating the upper 

bounds.  

Correctness of traffic flow data is also essential for FCLP applications. Since traffic 

flow data are only available in government agencies in the form of flows between 

different traffic zones, only total flows between all OD pairs are available for decision 

making. However, in models of FCLP, we need to know the relationship between each 

path and its corresponding flow. It is an uneasy task to break down the total flow to 

the different paths. The most popular method was proposed by Dial (1970) to assign 

flow on the shortest paths between the OD pairs. Several revised algorithms and 

frameworks based on shortest paths for traffic flow assignment were introduced by 

Yang and Zhou (1998), Nguyen and Pallottino (1988) and Bar-Gera (2002). However, 

good solutions with large real-world FCLP data are still beyond the capability of 

personal computers. Zeng et al. (2010) designed a special framework using 

flow-based demand data aggregation by reducing the numbers of flows in the network, 

and then aggregation error calculation was done to effectively measure location 

changes induced by using aggregated data.  
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After collecting all possible network information and data, there is still a long way in 

data processing. Okumura et al. (2009) calculated travel time as the ‘average values of 

total travel time from residential zone to employment zone by car’. The data of total 

travel time was based on Personal Trip Surveys and then Dijkstra’s method was 

applied to calculate the travel time to fill the values of the missing pairs. Griffin et al. 

(2007) used statistical methods on national health survey databases to determine 

important predictors of healthcare need and disease weights before applying these 

methods to Census data to obtain county-based demand estimates. Provided with this 

data, they adapted facility location optimization models to meet the specific needs of 

healthcare facilities. Furthermore, Dogan (2012) utilized Bayesian Networks to 

efficiently represent uncertain data and ambiguous information. Conditional 

probabilities and their parameters were identified using both expert knowledge and 

the data.  

2.2 Relevant Station Siting Problems Literature Review 

In Mayfields (2012), the author started with introducing three different types of 

charging equipments in the United States which are level I, level II and DC fast 

chargers. By studying relationships among users’ charging behaviors, residential 

environment, land use types, travel patterns and placement of charging stations, the 

report indicated the lower usage of level II chargers compared to the others. Options 
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of improving EV charging service availabilities were suggested such as assigning 

charging stations at community parking lots. In addition, the report considered 

common factors characterizing charging stations such as the easiness of connecting to 

an electrical power, design of power capacity, integration with existing infrastructures 

and so on. A report prepared by the U.S. Department of Energy (2008) outlined 

specifications of installing charging infrastructures in apartment complexes, 

residential and commercial areas. Costs of the charging infrastructure, onboard power 

electronics and battery capacities associated with PHEV technologies were considered 

to be of key influences on successfully providing charging services. Special 

requirements for commercial charging infrastructures such as the disabilities act 

requirements, lighting, shelters, access control and signage were specified in addition 

to the general requirements for siting charging stations.  

On the mathematical modeling side, Kuby and Lim (2005) were the first suggesting a 

Flow Refueling Location Model (FRLM) for alternative vehicle charging stations. 

They allocated charging stations to different O-D pairs other than on paths as in 

classic location-allocation problems. After solving the problem with greedy 

algorithms, the authors pointed out that each feasible solution is optimal and for the 

FRLM problems, multiple solutions might not exist due to their big pool of O-D pairs 

and the sensitivity of the facilities’ locations to paths. Worley et al. (2012) built an 

integer programming model for the placement of charging stations. Classical vehicle 
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routing problems were used to decide the customers’ travel behavior since EVs’ 

distance ranges were enforced in the constraints. Chen et al. (2013) proposed a 

framework of selecting the locations of charging stations based on the assumptions 

that EVs charging supplies would be provided in parking lots and the customers 

would need to park to charge when they are near their final destinations. Starting with 

processing household travel data from the Seattle area, they predicted parking 

demands using a regression model based on data from both land use of zone and 

destinations’ properties of the paths. The results of the regression models were then 

used as input for a mixed integer programming model to minimize total walking 

distances from selected parking lots and proposed facilities’ locations. When 

calculating customer demands, Jia et al. (2012) defined a new variable called 

‘vehicle-hour’ which is the product of the number of vehicles and the number of hours 

the vehicles stay at the stations. It is claimed that the larger the vehicle-hour is, the 

more need arises for building a charging station there. Different from other papers, 

Liu et al. (2013) selected candidate sites based on environmental factors to make sure 

that charging stations are placed at local centers. Mathematical models are then built 

to optimize sizes of the previously-determinate charging stations.  

Etezadi-Amoli (2010) studied the impact of rapid charging stations to local 

communities. Based on power-flow, short-circuit, protection and transient studies, 

they suggested that for locating speed charging equipments, they could either be 
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located at places with nearby strong power supply or weaker places with dedicated 

transformers. However, in the first case, candidate sites are quite limited while in the 

second case, the number of vehicles that can be simultaneously charged will be 

limited.  

Frade et al. (2011) divided customers’ demands into two categories: nighttime 

demands coming from residences and daytime demands associated with workplaces. 

In examining electric charging stations’ locations in Lisbon, Portugal, city limits on 

charging stations’ number, capacities limits for each station and stations’ coverage are 

considered before making final decisions.  

From the above discussion, we can tell that the previous studies have the following 

frameworks for locating electric charging stations:  

 Dividing target areas to different zones by analyzing population, driving 

behaviors, land use and so on. 

 Estimating customers’ demands for each zones 

 Deciding the types of the charging stations, whether slow or fast chargers are 

needed for different zones.  

 Using facility location methods to cover as many customers’ demands as 

possible. 

For this framework, we should mention the following characteristics for area 

networks: 
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 This network is in the center of the city with large population. 

 Customers have simple destinations, which means that customers will be divided 

based on purposes of the trips. They can be easily categorized into two groups of 

trips: go to work or go home. 

 Locations of charging stations next to the customers’ destinations which are also 

large population areas. Customers are willing to park at the charging 

stations/supply equipments for long time periods and in the meanwhile walking to 

their destinations for the other activities (Working or staying at home). 

We look at the problems in a different way, trying to capture the drivers who are on 

long trips or on unknown roads and would like to recharge their vehicles in a short 

period of time.  

 

2.3 Stochastic Programming Literature Review 

Stochastic programming problems are defined by a set of constraints and objectives 

with uncertain data specified with probability distributions. If there are integer 

variables involved, then we call it stochastic integer programming. Other approaches 

for solving problems under uncertainty include robust optimization, probabilistic 

programming, fuzzy optimization, probabilistic dynamic programming, and Bayesian 

methods. 
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Two large categories can be distinguished with stochastic programming problems: 

'here and now' and 'wait and see' decision models. In the first category, an optimal 

decision is made before the realizations of the randomness, thus it might be an 

infeasible solution under uncertainty. Two sub-classes of models are presented: 

probability constrained problem and stochastic two-stage decision problems. In the 

former one, models only allow infeasibilities to occur only with no more than a 

prefixed probability while in the latter model, a set of feasible recourse actions is 

defined with a certain cost. That is, in the two-stage decision problems, we find a 

minimal first-stage decision, including the sum of its direct costs and the expected 

costs of the optimal recourse action in the second stage. 

For 'wait and see' problems, which are also known as distribution problems, an 

optimal decision is made as a random strategy based on the realizations of the random 

problem data. The aim is to find the distribution of the optimal values given the 

probability distributions of the random problem parameters.  

For this review, we concentrate on two-stage decision problems.  

 

Methodology 

Bender's decomposition (Bender, 1962) is a natural candidate for solving Stochastic 

mixed integer problems. As an iterative process, Bender's decomposition is designed 

for two-stage recourse model with binary first stage and continuous second stage 
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variables. Birge and Louveaux (1988) tested a multi-cut algorithm to allow several 

cuts being placed at once. They also presented experimental and theoretical 

justifications that this algorithm indeed helped on time reduction in major iterations.  

The first proposed solution method was a cutting plane algorithm by Wollmer (1980) 

for the case where second stage decision variables are continuous and the random 

variables are discrete. Based on that approach, Laporte and Louveaux (1993) provided 

an algorithm for problems with first stage binary decision variables. The random 

vectors and the second stage decision variables may be discrete or continuous. It 

differs from Bender’s decomposition since the first stage binary variables are now 

taken into account. And also, it generates an improved optimality cut to scenarios with 

discrete variables at the 2
nd

 stage by setting lower bound to it.  

Studies on stochastic programming with integers in the 2
nd

 stage were intensively 

studied recently. Caroe and Tind (1998) considered two-stage stochastic programming 

problems with integer recourse. The challenge of this problem lies in a multivariate 

integration. They suggest Calvatal functions to constitute value functions. Generalized 

L-shaped method was used and a second stage problem was solved either by cutting 

plane techniques or by branch-and-bound algorithms since the recourse function was 

non-convex and discontinuous.  

Aiming to solve discrete optimization problems, Sherali and Fraticelli (2002) 

developed a Benders’ decomposition strategy for problems where both stages involve 
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binaries. Ahmed et al. (2004) addressed a general class of two-stage stochastic 

programs with integer recourse and discrete distribution. A global optimization 

algorithm was developed and test cases were provided to indicate the superior 

performance in comparison to other methods. Disjunctive Decomposition algorithm 

was developed by Sen and Higle (2005). They showed that when the second stage 

consists of binary variables, they could still obtain accurate second stage objective 

function estimates after finitely many steps. Sen and Sherali (2006) applied 

branch-and-cut methods on the 2
nd

 stage for integer sub problems and showed that 

decomposition scheme could decompose a large problem into smaller MIP sub 

problems which could be solved in parallel.  

There are other algorithms than decompositions for stochastic two-stage problems. 

Averbakh (1991) built an iterative method, similar to Bender’s method, for a class of 

problems with integer first-stage, arbitrary second-stage and continuously distributed 

random variables. It was assumed that the second-stage problems and their 

Lagrangian duals could be solved analytically. MirHassani et al (1999) offered a 

workaround method to solve two-stage problems. In their paper, they compared two 

methods: ‘wait and see’ models and two station models. They then show how the 

results from the former can be used in the solution of the second. Wets (1974) proved 

that each stochastic program with fixed recourse corresponds to an equivalent 

deterministic program. From stochastic problems with fixed recourse he derived a 
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deterministic model and then examined it in terms of stability and solvability. 

 

 

Applications 

Wang et al. (2002) examined the minimization of customers' traveling time to nearest 

locations and waiting time at the facilities based on stochastic demands at permanent 

facilities. Three algorithms were applied and compared before small test examples 

were given. For greedy-dropping method, they gradually reduced the number of 

facilities' number after assuming all facilities are open at the first place. However this 

algorithm would stop after the first local optimal solution was found. Using initial 

solutions from greedy-dropping method, a tabu search algorithm was applied upon to 

find other local optima. In this case, more computation time was needed compared to 

the greedy-dropping algorithm with no worse solutions provided. A Lagrangian 

approximation method was later provided for evaluating the solutions' quality by 

giving boundaries to the problems.  

The applications of stochastic programming problems were more broadly studied 

since operations management planning and control could result in multistage decision 

problems. Dempster et al (1983) considered two stage problems in job shop 

scheduling context. The acquisition of resources was formulated as the first stage 

while the second stage involved the expected cost of processing the jobs with random 
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processing time. Franca and Luna (1982) discussed the use of Generalized Benders 

Decomposition to solve discrete stochastic transportation-location problems. Laporte 

et al. (1994) solved similar problems with a slight difference. In the first stage they 

decided the assignment of demand points to facilities while delaying the actual 

transportation decisions to the second stage. Nowak et al. (2005) developed a 

two-stage stochastic integer programming model for the simultaneous optimization of 

power production and day-ahead power trading in a hydro-thermal system. A 

decomposition method combining Lagrangian relaxation with branch-and-bound 

algorithms was used before computational experiences were presented. For 

applications in chemical industry, a mixed integer nonlinear programming model was 

built to consider tradeoff between inventory optimization and supply chain network 

design under demand uncertainty (You and Grossmann, 2008). They also solved the 

problem with different solution approaches, including a special heuristic method that 

relies on the initialization from convex relaxations and a Lagrangian relaxation 

algorithm.  

2.4 Concluding Remarks and Objectives of Research 

2.4.1 Concluding Remarks 

The focus of our work is on solving two-stage stochastic programs with recourse, 

where we have some uncertain parameters that either follow a continuous distribution 
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or take on a finite set of values. The aim is to determine the 1
st
 stage decision 

variables such that the sum of the 1
st
 stage costs and the expected value of the 2

nd
 

stage cost is minimized.  

The prospective of two major participants are taken into account before optimizing 

charging station systems: service suppliers and users. Considering service suppliers, 

the following factors needed to be considered: 

1. Where would be the ideal facility locations for placing charging stations?  

From the literature, places in the vicinity of main routes would be candidates.  

2. For the capacitated flow capturing location allocation problem, what would be the 

ideal service capacity levels after taking voltage, current and environment factors 

into considerations. 

3. How could we provide peak hour service?  

If demands exceed station capacity, vehicles that arrive in the system or are already in 

the system could be divided into three categories: 

         1. Vehicles are in service 

         2. Vehicles are waiting in lines for service 

         3. Vehicles are balking 

In the latter two cases, services can still be provided using backup supply with a 

higher cost. 

4. What would be the operation strategies of the charging stations?   
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Charging stations could either operate individually or in alliance with each other.  

However, from the perspective of customers, the following concerns should be 

considered: 

1.  What is the source of the demand?  

There are two major demand sources while considering charging customers. One is 

point-based demand in which customers are from a fixed location, e.g. home or work 

locations. The other type is path-based demand: customer demands are represented as 

flows on the roadway network. 

2.  What would be the stochastic elements or uncertainties in the customers’ 

demands?  

Customers’ demands could vary from day to day or even in the same day by the hours 

since demands would be different from peak hours to off-peak hours. Other 

uncertainties could arise in characterizing demands such as measurement errors, 

fluctuation due to special events or unusual weather conditions.  

3. What would be the behavior of the demands?  

Customers are intend to select facilities with the highest accessibility, e.g. in the 

vicinity of their home or on the path they drive on or considering perceived 

attractiveness. 
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2.4.2 Objectives of Research 

Based on the above discussions, the followings are the main objectives of this 

research: 

• Incorporating demand uncertainty into the flow capturing location and 

allocation problem (FCLAP) and constructing a modeling framework based on 

stochastic mixed integer programming 

• Designing modeling components with secondary coverage and backup 

services, including internal transfer and outsourcing. 

• Designing modeling components considering users with system optimal vs. 

user optimal oriented 

• Designing modeling components incorporating user equilibrium into the 

network flow model for flow generation 

• Enhancing the solution methodology to improve solution quality and reduce 

computation time   

• Developing test cases and simulation models to validate the proposed 

framework and evaluate the solution methods. 

 

 

 



 

 

47 

CHAPTER 3 MODELING FRAMEWORK 

3.1 Heuristics Algorithms application 

Before designing a two stage framework for the charging station siting problem, we 

want to solve this problem with heuristic algorithms which are broadly used in the 

area of flow capturing location allocation problem. We adopted a greedy heuristic 

algorithm from Berman et al. (1990) and the main steps of the algorithm are outlined 

as follows:  

1. Building relationships between paths and facility candidates, upon which the 

number of flows intercepted by every node is calculated.  

2. Locating the first facility which is intercepted with the maximum flows. If multiple 

facilities are present, choosing the one with smaller index number, e.g. choose facility 

1 if both facility 1 and 2 capture the same maximum number of flow. 

3. Removing all the flow which was intercepted by the first facility and then locating 

the second one at the node which now serves most flows.  

4. Repeating step 2 and 3 until all the facilities are located or all the paths are covered.  

 

Based on this algorithm, we can further incorporate the capacity of each facility into 

the heuristic process. Here we assume that facility’s capacity is always larger than or 

equal to the number of flow on the single path. We first locate the facility which is 
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intercepted with the maximum flow and then assign some or all the paths of flow to 

this facility regarding its capacity. In this facility-path assignment, paths will be 

assigned in a descending order: the path with maximum flow will be picked first and 

then the second maximum. When one facility is located, the assignments will not stop 

until the capacity of the facility is satisfied or the capacity is not fulfilled but the next 

added path will generate overflow in this facility. The following flow chart illustrates 

more details of the steps: 

Introduction

Calculate maximum flow;

Locate corresponding facility

No

Adding flow to assignments

Total flow<capacity
Yes

Deleting all paths 

being assigned

No

All paths are covered or 

m facilities are covered

End

Yes

Multiple facilities?

Choose one with maximum capacity or shortest distance

Yes

No

 

Table 2 Heuristic Algorithm Process 

Based on the test area from Figure 5 and the process from Table 2, we apply this 
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heuristic algorithm in the network of twenty candidate sites and seven independent 

paths. We randomly generated customers’ number for each path and there are in total 

355 customers in this network. The result of opening facilities is outlined in Figure 7.  

 

Figure 7 Result of Heuristic Algorithm 

In order to analyze this result in details, we labeled the opened facility candidates and 

all the paths. All fraction number of flows is round up to integer before presenting 

here. More results are shown in Table 3: 

Facility opened a b 

Total flow covered 

(customer numbers) 

140 118 
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Path covered  5 1 

6 2 

 4 

Table 3 Detailed Result of Heuristic Process 

From Table 3, facility a and b are chosen to open. There are 148 customers served by 

facility a who come from path 5 and 6 (in color green and blue). Facility b covers path 

1, 2 and 4 (in color cyan, black and yellow) with 116 customers. We noticed that some 

paths are not considered as covered even they are within the radius of opened 

facilities because of the capacity constraint. According to this process, we have 258 

customers covered out of 355 so the coverage percentage is 72.71%.  

In order to obtain the average performance of this heuristic algorithm, we run the 

program for 10 times and the result shown in Figure 8 indicates that the coverage 

percentages are less than 40% most of the times. The reason of the low coverage is that 

the algorithm is intended to satisfy customers’ demands sequentially which may lead to 

the loss of general consideration of the network. And also, we realize that for the 

heuristic algorithm, the flow number on each path needs to be known in advance. 

However, daily flows are stochastic in nature in reality. As a result, we will get to our 

two stage framework which should be not only having coverage percentage higher than 

40%, but also being able to deal with unknown flow levels. 
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Figure 8  Repeated test for Heuristic Process 

 

 

3.2 Fixed customer models 

In this section, we are dealing with the same network as in the heuristic algorithm. 

Instead of assigning paths to facilities in a descending order, we build a flow 

capturing location allocation problem (FCLAP) here to plan on opening facilities. 

3.2.1 Model definition 

Before we model the charging station problem with FCLAP, we need to make the 

following assumptions:  
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1. Flow numbers on each path are known to the decision makers and are time 

invariant.  

Based on this information, we could find tailor-made locations of facilities to 

cover most demands over all time periods concerned.  

2. Uniform facilities with predetermined capacity levels cover paths within coverage 

radius.  

Homogeneous charging stations are assumed in this model and all of them could 

provide services with respect to their capacities and coverage radii. 

3. For the base model, only one cost is considered: the expense of building facilities. 

And the main profit comes from the profit of serving customers. If customer a is 

served by facility b, we claim that customer a is captured by facility b.   

4. A path can have only limited number of exit points. 

In authentic traffic network, vehicles are only able to get off the highway roads at 

exit ramps. In the test network, we define several exit points for each path. Any 

path will be considered covered only if at least one of its exit points is within the 

facility’s coverage radius. 

5. The operation status of any facility is known to customers in selecting the specific 

the facilities to visit. There are three possible statuses of facilities in the network: 

(a). There is at least one charging unit available to vehicles; 
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(b). All charging units are occupied but the number of waiting vehicles is less 

than the number of charging units; 

(c). Vehicles are balking since all units are full and the number of vehicles in the 

waiting lines is larger than the number of units. 

Both cases (a) and (b) are considered as customers’ demand under facilities’ capacity 

while status (c) represents the situation in which demands exceed supplies.  

6. Full compliance is assumed regarding the selection of facilities   

When the decision makers assign customers to certain facilities, the customers are 

willing to comply with systems’ decision at the expense of possibly losing their own 

benefits.  

Additional assumptions, such as the usage of Euclidean distance to calculate distance 

between the path exit and the facility location; the customers are able to change their 

facility choices when further information is provided, are considered while modeling 

this problem.  

Based on the above discussions, the following notations are used in our model 

formulation: 
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1        if a facility is chosen to location 

0        otherwise

1        if path  is served by facility at 

0        otherwise

:  capacity of facility 

:  traffic flow on path /day

:  t

i

ip

i

p

i
X

p i
X

c i

f p


 



 


 otal cost of opening a facility

:   daily cost of opening a facility (evenly distributed during days)

:  maximum number of facilities to open

:   if and only if path  is in facility '  coverage rap p

m

N i N p i s



 dius

, :  model parameters 

 

The optimization model of basic flow capturing location-allocation problem is given 

as follows: 

[Model 1:  Basic flow capturing location-allocation problem] 

min  ( ) ( )

. .

                                                      (1)

0                        ,                 (2)

0                                 

i p ip

i p i

i

i

i ip

i i p ip
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X f X
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X m
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c X f X i

    



   

   

 



  (3)

1                                              (4)
p

ip

i N

X p


 

 

In the objective function, the first component i

i

X  is the total cost of opening 

facilities and the second term p ip

p i

f X is the total flows we capture, which is 

made negative since we want to maximize the total customers’ demands covered. 
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Constraint (1) ensures that only m facilities are allowed to open due to the limitation 

of budget. For charging station siting problems, the limitation is not only due to the 

expense of building facilities, but also comes from the empty land parcel available, 

the zoning requirements, etc. Constraint (2) ensures that customer demands on path 

p will only be covered if the following two conditions are satisfied: 

1. Path p  is in facility 'i s  coverage radius. 

2. Facility i  is chosen to open.  

Constraint (3) makes sure that the capacities of the facilities are met and the last 

constraint states that each path is covered at most once.  

3.2.2 Parameters setting 

The two costs considered in the objective function of the models are with different 

units. Suppose we denote them by   and  .   is the total cost of the 

construction of a facility as one-time investment in the first time period. However, in 

the same objective function, there is a variable pf  representing customer demands 

on a daily basis. As a result, we need to calculate the equivalent daily cost of 

constructing facilities. Other than simply dividing  by the number of days, first we 

assume that a facility could last for n  years and in each year the interest would be . 

Suppose that the cost for the first year is , then 
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As a result, 
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, which is how we consider   in the 

objective function. 

Another issue we need to consider in the objective function is the consistency in units. 

The first element is in the unit of dollars while the second term, representing total 

flows, is in the unit of travelers. Caution should be taken to choose parameters   

and   so that these two terms are comparable. We define  as the average profit 

generated by one customer as flow/day. For the choice of , we set the following rule: 

If the sum of the random generated numbers pf  are in the same scale of ix , then 

1  . Otherwise, we define 

p

p

f







.  

3.3 Basic stochastic models 

3.3.1 Model Definition 

The previous model is built on the assumptions that the customer demands are known 

and unchanged through the entire time period. However, customer demands, which 

are represented as the flows on the paths, are usually hard to predict and changing 

continuously. For this case, we need to introduce stochastic customers’ demands into 
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the model. Thus a stochastic mixed-integer two-stage model is considered here. The 

following are the main characteristics of our new model:  

1. This model includes two different stages. Optimal locations of the charging stations 

are decided in the first stage before uncertain customer demands are included and 

treated as various scenarios in the second stage. 

2. The first stage contains only binary variables and the second stage is a linear 

problem with continuous variables. 

3. Instead of assuming infinite number of scenarios of the flows, we randomly 

generate k scenarios, each with probability ,1kp k K    

4. Decision of the first stage, the number of opening facilities, is made over all 

scenarios. 

Based on above conditions, we start building our model by introducing additional 

notations: 

( )

( )

1        if path  is covered by an opened facility in scenario 

0        otherwise

:  scenario indicator, 1

1        if path  is covered by facility  in scenario 

0        otherwi

k

p

k

ip

p k
Y

k k K

p i k
X


 


 



( )

se

:  probability that scenario  occurskq k





 

And then, the two stage models can be expressed as follows: 

[Model 2: Two stage stochastic model] 
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First stage: 

min                                      
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Second stage: 
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As we can see from this model, the objective function in the first stage minimizes the 

total cost of opening a facility, and  is the optimal objective value from the second 

stage functions. The only constraint in the first stage is an upper bound of the number 

of opened facilities. In the second stage, the objective function represents the total 

flow captured. Constraint (6) ensures that the total flows covered by a facility should 

not exceed the facility’s capacity. Constraint (7) states that flow will be considered 

covered only if its corresponding facility is open. Constraint (8) requires that each 

flow is covered at most once.  

3.3.2 Solution Methods 

As we stated before, decomposition is a natural candidate for solving SMIP and in this 

dissertation, L-shaped method, as one of the most popular decomposition algorithm, 
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will be used as the method for solving our two stage model with integer variables in 

the first stage. Let’s rewrite the problem in a more general form (Hoppe, 2007):  

minimize   ( )

           s.t. ,   0,

where

               ( ) ( ( , ( ))),

              ( , ( )) min  { ( ) y| ( ) ( ) ( ) , 0}

T

K

T

y

c x x

Ax b x

x E x K w

x K w q w Wy w h w T w x y



 





 



   

 

where ,W T are the coefficients for ,y x  respectively, and h  is a constant vector. 

Classic L-shape method is an iterative process with feasibility cut and optimality cuts.  

After all model parameters and variables are initialized, feasibility cuts are generated 

to create feasible solutions if the original problem does not have a feasible region. 

Optimality cuts are then generated to obtain optimal solutions step by step. Different 

from the conventional process, we omit the procedures of the feasibility cuts since the 

formulation of our problems always have feasible solutions. In the following part we 

show the procedure of the L-shaped method, 

Step 0: Initialization:  

In this step, we define all parameters with original values.  

0 :  indicator of algorithm' steps

0 :  indicator of optimal cuts' step

0 :  optimal matrix for 

0 :   optimal vector

s

s

v

s

E x

e









 

Step 1: Start of iterations 
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Update the indicator as 1v v   and solve the following linear problem from the first 

stage: 

min  

. .                                 (9) 

                           (10)

      0                               (11)

s s

cx

s t Ax b

E x e

x









 



 

Notice that in the very first step, constraint (10) is meaningless because both sE and 

se are equal to zero. In this situation, we set to be an arbitrary nonnegative number. 

The original first stage problem becomes: 

min  

. .                             (12)

      0                              (13)

cx

s t Ax b

x





 

After getting the optimal solution 1x  , we re-define    and thus a solution set 

( , )v vx  is obtained: 1, .v vx x       

Step 2: Optimality cut: 

Set 0.s    

For 1,2,...k K , we construct a linear programming formulation of the second stage 

in the following way: 

min  

. .     (14)

           0              (15)

v

k k

q y

s t Wy h T x

y



 



 

As we can see in the formulation, vx , the result obtained in Step 1, is used in the 

constraints (14). W is called as recourse function while kT is the parameter matrix 
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for vx , and in addition kh is a constant vector in the constraints for scenario k . And 

then, instead of solving this formulation directly, we solve its dual problem. Let v

k  

be the Lagrange multipliers associated with an optimal solution of function in 

scenario k  then the optimality cut is defined as follows:  

1

1

1

1

( )

( )

K
v T

s k k k

k

K
v T

s k k k

k

E p T

e p h





















 

The stopping criteria are based on the comparison of  and v vJ , in which 

1 1

v v

s sJ e E x   . If v vJ  , then the algorithm stops since we have found an 

optimal solution vx . Otherwise, set 1s s   and go back to Step 1. 

The following flow chart briefly summarizes the entire process: 
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Figure 9  Illustration of L-shaped algorithm 

 

3.3.3 Results and comparison 

Here we apply the L-shaped method on both the deterministic and stochastic model 

with the same data sets, which is a hypothetic network with seven independent traffic 

paths and twenty candidate facility sites.  Figure 10 shows the results from 

deterministic (left) and stochastic (right) cases with 500 randomly-generated set of 

customers’ flows. Different colors of lines show different paths. The points on the 
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paths represent the exit points on the road. 20 crosses, representing 20 candidate sites, 

are outlined with 5 of which are circled to be opened.   

 

Figure 10 Results of the deterministic and stochastic cases 

As we could see from the above result, the deterministic case tends to cover more 

paths with larger percentage of flow coverage since facilities are tailor-made to cover 

all deterministic demands. The coverage percentage (93.76%) is much larger than the 

result of heuristic algorithm in section 3.1. The stochastic case, on the other hand, is 

dealing with 500 different demand requirements with an average of 66.7% coverage.  

3.4 Secondary Coverage 

A common concern for the consumers is something called ‘range anxiety’, which is a 

fear that vehicles have insufficient fuel to reach their destination or the next 

Stochastic Deterministic 
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recharging station. For our problem, since the range of the electric vehicles (EVs) is 

limited and EVs cannot get going before being re-charged, the EV owners need to 

know not only the service locations they can recharge their vehicle, but they also want 

to be sure that the recharge service is available. For example, at least one recharging 

unit is available or recharge service becomes available within a certain waiting time. 

Since the flow capturing location-allocation model is designed to ensure the 

availability of the stations to the public, the possibilities of ‘fail to serve’ within the 

system has to be taken into account for the following two reasons:  

1. The limited battery capacities of the vehicles and their stochastic demands may 

cause deteriorated flow coverage during peak hour traffic.  

2. Stations along the main roads would be more frequently visited by pass-by vehicles 

than others, thus they are more likely to be out of service due to limited capacities of 

the stations.  

As a result, we introduce the concept of secondary coverage to take service variation 

from time to time and from location to location into account. We separate facilities 

into two groups, as shown in Figure 11. All iX  are opened facilities, among which 

(1)

iX  are called main coverage facilities while (2)

iX  are defined as secondary 

coverage or supplementary coverage facilities. Main coverage facilities are in charge 

of daily demands on paths with small variation of flows. However, some paths may 

have big changes on a daily, weekly or seasonal basis, secondary coverage facilities 
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offer services at higher cost to satisfy these demands which cannot be served by main 

coverage. 

 

Figure 11 Illustration of secondary coverage 

Secondary coverage can also be viewed as facilities that are partially open for daily 

customers’ demands. The full facilities only open when the partial facilities cannot 

satisfy the demands.  

The following notations are used in the extended model: 

( )

1       if facility is chosen to open at site 

0      otherwise

1       if path  is covered twice

0      otherwise

1       if path  is covered by opened facility  in scenario 

0    

i

p

k

ip

i
X

p
u

p i k
X


 



 



  otherwise

{ | }

: profit of setting secondary coverage on path 

p ip

p

N p d S

a p





 

 

We have again a two-stage model as follows: 

[Model 3: Model with secondary coverage] 

First stage: 
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min  ( )

                                           (16)

        1                           (17)

        1                                         (18)

p

i p p

i p

i

i

i p

i N

p

X a u

X p

X u

u

   



   



 



 




 

Second stage: 

( ) ( )
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min  

      *                            (19)

      1                                    (20)
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The objective function of the first stage minimizes the total number of facilities to be 

opened and maximizes the benefit of opening facilities of secondary coverage. It 

means that in minimizing facilities’ number, we maximize the proportion of secondary 

coverage paths. It is worth to mention that instead of directly define variables of 

secondary facilities, we define secondary covered paths. The objective function 

actually maximizes secondary coverage paths which are served by secondary facilities, 

thus indirectly maximizes secondary coverage facilities. The reason for this 

conversion is that flows on paths are the major source of variations. We place more 

emphasis on covering the variations with existing facilities rather than opening new 

specific facilities that serve them. Constraint (16) ensures that up to p facilities 

would open and constraint (17) makes sure that secondary coverage will occur only if 

first coverage is not sufficient. Constraint (18) requires that the coverage indicator pu  

is less than or equal to 1. The objective function for the second stage still tried to 
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maximize the total flow captured. Constraint (19) states that flow p is considered 

covered only if its corresponding facility i  is open and constraint (20) makes sure 

that each facility will be covered at most once. Figure 12 shows the result from the 

model. 

 

Figure 12 Result of secondary coverage models 

 

In the figure, fives facilities are chosen to open. There is one path, depicted in red, 

covered by two facilities, facility 1 and 8. It means that either facility 1 or 8 can act as 

the secondary coverage facility if there is additional customers’ flow on path red.  

There is a special result of the secondary coverage which extends ‘Secondary 

coverage’ to ‘Multiple Coverage’. That is to say, a path could be covered more than 
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twice to ensure service stability. There are three possible factors leading to the need 

for multiple coverage: the mean and variance value of flows on each path, the unit 

profit of the secondary coverage and the coverage number of each path being covered. 

All these three factors are examined for 7 paths and their results are displayed in 

Figure 13. It is clear that how many times a path is covered is decided by all three 

factors, among which variance of flow and unit profit show closer correlations with 

coverage numbers. 

 

Figure 13 Results of Secondary Coverage 

3.5 Stochastic Customers Demands with Systems Optimal 

As we mentioned before, drivers would not only need to know the exact locations of 

the facilities, but also their statuses. Most facilities cannot provide this information to 

the users. However, some brands of electric supply equipments share their power 

usage on the network. Drivers are able to access the statuses of networked charging 
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devices remotely so that they could determine which facilities are able to offer prompt 

services. For example, the facilities could send signals to the drivers within the 

network informing them that the service can be delayed due to the high grid loads. In 

this case, the system or the service suppliers have a full control over the customer 

flows by the locations and more likely are able to make better assignments for both 

facilities and consumers. We call it the system optimal case. 

 

3.5.1 Systems optimal models with overflow  

3.5.1.1 The model: 

Since there is within-network coordination in the system-optimal case, we could name 

this problem as the system optimal model with full cooperation from the customers. 

The stochastic models considered in previous sections fall into this category. However, 

they considered only the first two statuses of the facilities: being able to service or full 

with waiting vehicles (cases a and b ). For more complete and realistic consideration, 

we would like to catch those customers’ demands that are even in the situation of 

balking. As a result, overflows, situations that customers’ demands exceed facilities’ 

capacity, are included. For this purpose, additional notations are introduced as 

follows:  

( )k

iZ : Secondary capacity for facility i  subject to a higher cost in scenario k ; 
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, :  model parameters   

The two-stage model is given as follows: 

[Model 4: System optimal model with overflow] 

First stage: 

min  ( )

                                                 (21)
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X

X m

     






 

Second stage: 

( ) ( ) ( ) ( ) ( )

( ) ( ) ( )

( ) ( )
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min ( ) ( )

          ,         (22)
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           (24)

 M                                            (25)k

i i

p
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Comparing the system optimal model to the basic stochastic model, one 

variable ( )k

iZ is added to represent the overflow information. Different from previous 

models, the objective function of the second stage maximizes not only the total 

customer flows, but also aims to minimize total overflows. For constraint (22), total 

flow covered by facility i  should be less than or equal to the sum of its capacity and 

overflow. While constraints (23) and (24) remain the same as in the previous 

stochastic model, constraint (25) makes sure that overflow in facility i  cannot 

happen if it is not chosen to be opened. 
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3.5.1.2 Parameter setting 

There are two new parameters included in the secondary objective function:  and . 

Since the first element of the function is the total flow while the second element is the 

overflow of opening facilities, we need to define converting parameters for the two 

different units so they could be present in the same objective function. We could 

define as the average profit generated by one customer on the path and   as an 

opportunity cost, which represents a loss if a customer leaves the facility i without 

being served.  

3.5.1.3 Comparison between models 

In Figure 14, the results are compared between models with and without considering 

overflows. In this network, the total customer demands are 7794 units and we set the 

cost of opening one facility is 50 units. And also, we will get one unit of profit if we 

capture one unit of flow and 0.5 unit of penalty cost if one unit of overflow happens, 

which means only 0.5 unit of profit if we capture one unit of customer with the 

overflow. The case without overflow (left plot) shows that four facilities are opened to 

capture 94% of the flows. As a result, total profit from this case is: 

7794 0.94 50 4 7126     

On the other hand, the case of allowing overflow chooses to open the same amount of 

facilities to cover all the flows, the total profit can be calculated as follows: 
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7794 50 4 0.5 (7794 0.06) 7313       

 

Figure 14  Comparison of without-overflow (left) and with-overflow (right) models 

It clearly shows that with the same facilities open, if we allow overflow happens, the 

network of opened facilities will capture more customers and thus yield higher profit 

than the case without overflow. 

3.5.2 Systems optimal models with internal transfer  

The treatment of overflow discussed in the previous subsection can be viewed as 

outsourcing excessive customers’ demand to others outside the system. We can also 

consider an alliance within the system, that is, facilities with residual capacities could 

‘lend’ some capacity to those with overflows. Notice that ‘lend’ here is different from 

the secondary coverage in section 3.4. Firstly, secondary coverage is a design problem. 

It is considered at the stage before the location of facilities are decided while internal 

transfer, which we also call it backup coverage, happens any time after facilities’ 

locations are chosen. Secondly, every facility in internal transfer offers main coverage 
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to paths while internal transfer happens between facilities. If one facility doesn’t have 

enough inventories for their customers, it will pay higher price to get the extra 

inventories for the satisfaction of customers, that is, backup coverage is all about 

facilities. In contrast, the secondary coverage is considered with respect to paths. If 

customers’ demands vary dramatically on a path, it will be assigned to more than one 

facility which can ensure the coverage of frequent extra demands.  

After defining two more variables, the new model becomes as follows:  

( )
i

kh : excessive inventory in facility i  by path p  

( )
i

kn : shortage in facility i  by path p  

[Model 5: System optimal model with internal transfer] 

First stage: 

min  ( ) ( )

                                                 (26)
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X m

   






 

Second stage 
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( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )
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min ( ) ( )
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For the second stage, Constraint (27) makes sure that captured flows obey capacity 

constraints. Notice that the needed capacity is not just ic , it is either i ic n (when 

facility i  is in shortage of in ) or i ic h (when facility i  has excessive inventory 

ih ). Constraint (28) says that a path is captured if and only if its corresponding facility 

is open. Constraint (29) still makes sure each flow is covered at most once. 

Constraints (30) and (31) confirm that both overflow and residual inventories occur in 

location i  only if facility i  is open. Constraint (32) ensures the total overflow is not 

above the total shortage.  

The result of this case is shown in Figure 15: 
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Figure 15  Result of internal transfer model 

Facility 1, 11, 12, 15 and 20 are chosen to open and in one of the scenario with flows 

of 48, 64, 46, 59, 75, 56 and 81 units on seven paths, facility 1, 12 and 15 (shown in 

pink circle) has shortage of 42.7, 74.7 and 42.6 unit respectively while facility 11 and 

20 (shown in green circle) could each offer 80 units to the shortage facilities.  

A sensitivity analysis is conducted here to make comparisons between cases of using 

outsourcing and internal transfer to handle overflow. Based on Model 4 and Model 5, 

Figure 16 shows the difference in profit level to the change of cost of opening one 

facility:  
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Figure 16 Sensitivity analysis with change of cost of opening one facility 

The blue line in Figure 16 shows the profit change in the case with outsourcing while 

the red line shows the profit change in the case with internal transfer. Some 

observations are made here: 

1. With the increase of opening cost, overall trends of profits are similar in both 

cases. That is, with the growth of opening cost, the profit of the system is 

decreasing. 

2. While the profits in both cases are close to each other when the cost for 

opening a facility is low, the profit of internal transfer declines faster than that 

in the case of outsourcing. And both cases choose not to open any facilities 

when opening cost is too large, e.g. cost=31 units. 

3. The profit of internal transfer is strictly decreasing with the increase of cost of 

opening an additional facility.  However, the profit of outsourcing remains 
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the same for certain ranges with respect to the change of opening cost.   

3.5.3 Systems optimal models with different capacities 

In the previous models, we assumed that all the facilities are homogeneous with 

predetermined capacity levels. In this section, we want to relax this assumption and 

make the size of facility a new decision variable. With all other things remaining the 

same as in [Model 4, we redefine ic as a variable and thus constraint (22) becomes a 

non-linear constraint. In order to linearize the new model, a variable C  which is the 

total capacity of the system is introduced. The set of variables and parameters are 

defined as follows:  

 

( )
1        if path  is served by facility  in scenario 

0        otherwise

k

ip

p i k
X


 


 

1        if there is a facility located in 

0        otherwise
i

i
X


 
  

( )
1        if path  is captured once in scenario 

0        otherwise

k

p

p k
Y


 


 

:   total capacity of the systemC  

ic
: capacity of facility i ,  

Since capacity could be any real number or fixed level of sizes (big, medium and 

small), c  could be either a continuous variable or an integer. In our model, we 

consider it a continuous variable.  
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pf
: demand on path p /day 

( )k

iZ : secondary capacity for facility i subject to a higher cost/day in scenario k  

 : the cost of opening a facility/day 

k : scenario indicator 

m : maximum number of facilities to be allowed to open 

The systems optimal model with capacities as variables is shown here: 

[Model 6: Flow allocation model with variant capacities] 

First Stage: 

min  ( )i

i

X       

i

i

X m           (33) 

i ic X M            (34) 
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c C            (35) 

Second Stage: 
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                    (39) 

Here we explain only those constraints which are different from [Model 4. Constraint 

(34) means that no capacity is needed if facility i  is not open. Constraint (35) gives 
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an upper bound C  for the total capacity of all facilities. Constraint (36), which is 

slightly different from [Model 4, requires that the capacity of each facility needs to be 

obeyed.   

Figure 17 shows the results of the capacitated optimization problem. Number 1 to 7 

are used to distinguish paths while characters a to e  are representing facilities. In 

order to show how various capacity limits work, we use different line widths to show 

different mean value of flow on the paths. The wider the line width is, the more flow 

is on that path. And also, different sizes of the circles represent different capacities; 

larger circle indicates higher capacity the facility holds. As a conclusion, there are 

three possible situations shown in these results: 

1. The path with large number of flow requires two small sized facilities to cover. 

(Path black with facility 1 and 2) 

2. Two paths require one large facility to be covered. (Path cyan and green with 

facility 5) 

3. The path with large number of flow requires one large facility to be covered.  

(Path yellow with facility 3). 
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Figure 17 Results of capacity optimal problem 

Five opened facilities hold a total of 3534 units of capacities. On the other hand, if we 

evenly distribute these capacities to five homogeneous facilities, the result is shown in 

Figure 18: 
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Figure 18 Results of homogeneous capacity problem 

The comparison is made in Figure 19. The case viewing capacities as variables covers 

6 paths in the network to serve 87.03% of total customers which leads to a total profit 

of 266.41 units. In the meantime, the case of pre-determined capacities covers 5 paths. 

Only 72.15% of flows are covered which brings a profit of 225.36 units. A conclusion 

is easily reached that it is better to tailor-make different facilities’ capacities to meet 

various behaviors of customers on paths. Clearly, the case for facilities with 

homogeneous capacities is a special case if the capacities of facilities are considered 

as decision variables. 



 

 

82 

 

Figure 19 Comparison between different and homogeneous capacities 

3.6 Stochastic Customers Demands with User Optimal oriented case 

All the models in the previous cases were operating as if a central controller with 

partial or full information in the systems were trying to match customers on various 

paths with their suitable facilities so as to maximize the total system profits. They do 

not take the customers’ choices into considerations. In addition, the customers on the 

paths are assigned to facilities depending on other customers’ choices. Once the 

assignment is made, the customers must comply with the system’s choice. However, 

in real transportation networks, decision makers are willing to take customers’ 

preferences into considerations and the travelers are also able to independently make 

their own minds with the information from the system. We call it User Optimal 

oriented case. 
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We build a model to reflect the situation of User-oriented Optimal as follows: 

1. We move 
( )k

ipx  to the first stage as ipx . With this, the customers’ choices are 

decision variables for the first stage and will not change over the scenarios. That is, 

the travelers are no longer influenced by other travelers’ decisions. 

2. We quantify the attractiveness of each facility to weights in the objective function. 

This is more reasonable since facilities are attracted to customers on different 

paths in various ways. 

3. The first stage objective function is no longer a function with binary only 

variables. ipx could be either integer or continuous variables and in both situations, 

ipx is a boundary on the number of flows from path p  that facility i  can cover. 

If ipx is an integer variable, then we refer it as User-oriented Optimal Weak 

system. It means that the system assigns certain facilities to the customers 

according to their preference. After the assignment, those facilities are equally 

attractive to customers. If ipx is a continuous variable, it means that after the 

assignment, the different preferences levels can be given to different facilities they 

are assigned to and these differences will be kept over all the scenarios. We refer 

this system as a User-oriented Optimal Strong system.  

The notations of this model are given as follows: 

1        if path  is served by facility 
 or 0

0        otherwise
ip ip

p i
X X
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1        if there is a facility located in 

0        otherwise
i

i
X


 
  

ic
: capacity of facility i  

pf
: demand on path p /day 

( )k

iZ : secondary capacity for facility i  subject to a higher cost/day in scenario k  

 : the cost of opening a facility/day 

k : scenario indicators 

m : maximum number of facilities to open 

ipw : weight of facility i  to path p, the more intend to choose it, the smaller number 

is this weight 

( )
1        if path  is served by facility  in scenario 

0        otherwise

k

ip

p i k
X


 


 

The two-stage model is as follows: 

[Model 7: Two stage model for User optimal oriented system] 

First Stage: 

min  ( ) ( )i ip ip
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( )  M          k

i iZ X i                        (43) 

( ) ( ) ( )- Z             ,k k k

p ip i i i

p

f X c X i k           (44) 

( )           ,k

ip ipX X p i 
                     (45)  

 

( ) 1          k

ip

i

X p                        (46) 

Comparing this model to the System Optimal one, we notice that the first objective 

function minimizes the total cost of choosing the most attractive combinations of the 

facility-customer sets. The system takes the users’ preference ijw  into consideration 

and makes decisions of ijX . Note that the smaller ijw  is, the more attractive facility 

i  is to customers on path p . Constraints (41) and (42) make sure that the sets of 

facility i  and path p will be formed only if facility i is chosen to open. The only 

difference from the System Optimal case occurs in constraint (45). It requires that the 

final decision of the facility-customer sets needs to be satisfied in all scenarios. That 

is, even the system doesn’t have full control over users’ choices, users could only 

have limited choices with respect to systems’ decisions. 

3.7 Comparisons 

Three model groups, System Optimal, User-oriented Optimal weak and User-oriented 

Optimal strong, were discussed in details and the performances of the models are next 

compared. All test cases were run under the situation that the number of facility 

candidates was 20, the number of paths was 4, only 5 facilities were allowed to open 
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and for each iteration, the number of scenarios was 50.  

 

 

Figure 20 Comparison of models 

The first column in Figure 20 shows convergence of the three cases. The last few 

iterations leading to the final convergence are magnified and shown in the middle 

column. The last column shows the computation times of each iteration, in which 

x-axis represents the iteration number and y-axis represents the time it takes. More 

data is available from Table 4.  

  Total CPU time Average CPU time Number of 
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for each iteration Optimality cuts 

SO                                  194 28 7 

UOS 6916 25 277 

UOW 3118 28 110 

Table 4 Comparison of the performance of the models 

The main observations we learned from the results are as follows: 

1. System optimal has much less number of iterations before the optimal solutions are 

reached compared to both user optimal oriented cases.  

2. Computation time is similar in the three cases when we look at the average time of 

each iteration. However, the right column in Figure 20 shows the trend that 

computation time increases with iterations. As we know that in every iteration, an 

additional constraint is added to the model as optimality cut. Evidently, the increase of 

number of constraints can potentially lead to the growth of computation time for each 

iteration.  

3. The total computation time is significantly increased in the User Optimal Oriented 

model. The reason is that a massive number of scenarios bring the surge of 

computation time. As a result, methods to decrease the number of scenarios without 

losing much information have to be developed for solving large scale problems.  
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CHAPTER 4 MODEL VALIDATION 

4.1 Boundaries of the Problems 

Using the previously discussed framework, we obtained some results based on the 

various models with different assumptions. In the latter part of simulation study, we 

will compare those optimal solutions with randomly chosen ones and prove that the 

optimal solutions are better, however, the qualities of those solutions are still 

unknown. The best way to evaluate results is finding boundaries for all possible 

results. For example, if we could get upper bound for a maximum problem, the gap 

between the upper bound and our result could be used as an evaluating measure. 

Several solution boundaries for deterministic FCLP are available in the literature. 

Berman et al. (1990) created partial solutions by specifying some of the facility 

locations, i.e., assigning some of the jx  values to zero or one, and leaving the rest of 

the variables undefined. Then they proposed two methods to calculate the upper 

bounds which are based on the previous partial solutions. Furthermore, Berman et al. 
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(1998) defined upper bounds for FCLP under competitive environments. In that paper, 

the maximal market share is used as an indicator for the computation of objective 

upper bounds. Similarly, we would like to find lower bound for our minimization 

problem. As the nature of SMIP is random, we are eliminating randomness by using 

Jensen’s inequality to obtain the lower bound. 

Jensen’s inequality (Jensen, 1906) says that the value of a convex function of the 

expected value of variables are always less than or equal to the expected value of the 

random function value. Shown in mathematic form it can be stated as follows: 

( [ ]) [ ( )]E X E X   

where X is a random variable,  is a convex function and []E  represents the 

expected value , which could be any vector, matrix, etc.  .  

In our problem, the second stage is an expected value function. We could calculate the 

expected value of customers’ demand first and then use the expected value as one 

realization to obtain the required lower bound result.  

 

4.2 Test cases 

After discussing the variety of models, we would like to take a look at the relationship 

between the basic model and randomly chosen scenarios. The following two tests are 

therefore constructed.  
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4.2.1 Tests with different number of scenarios 

Different iterations have different numbers of scenarios which require different 

computation times. In this test, we would like to see if different scenario numbers give 

the same results or not and how the solutions vary between the iterations.  

In the following test, we design two steps. For the first step, twenty facility candidates 

and ten scenarios (ten random flow sets) are generated. We run the program with this 

setting for ten times. In the step two, everything remains unchanged except the 

number of scenarios increases from ten to thirty. The results of both steps are shown 

in Table 5 and Table 6, respectively. The twenty columns of the table show the twenty 

available facilities and the ten rows indicate that we ran the program for ten times. 

Inside the table, a unit cell value indicates that the facility was open in the 

corresponding run. For example the one in row ‘3’ and column ‘12’ shows that facility 

12 was open in run 3.  

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1  1    1      1    1        1      1  1  1       

2  1          1    1        1      1  1  1    1   

3  1    1          1        1      1  1  1    1   

4  1    1      1    1    1          1  1  1       

5  1    1      1    1        1      1  1      1   
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6  1  1        1    1        1      1  1  1       

7  1    1      1    1        1      1  1  1       

8  1    1      1    1        1      1  1      1   

9  1    1      1    1        1      1  1      1   

10  1          1    1    1    1      1  1      1   

Table 5 Test result for the 3 scenario case 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1  1          1    1        1      1  1  1    1   

2  1    1      1    1        1      1  1  1       

3  1    1      1    1        1      1  1      1   

4  1    1      1    1        1      1  1  1       

5  1    1      1    1        1      1  1  1       

6  1    1      1    1        1      1  1  1       

7  1    1      1    1        1      1  1  1       

8  1    1      1    1        1      1  1  1       

9  1    1      1    1        1      1  1  1       

10  1          1    1        1      1  1  1    1   

Table 6 Test result for 10 scenario case 
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Table 7 Comparison between 3 scenarios and 10 scenarios 

Reading from the above results, seven different solution sets are obtained from the 

three scenario case and only three different solutions are given in ten scenario case. As 

the number of scenarios’ number increase, Figure 21 shows the change of number of 

solution sets. 
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Figure 21 The relationship between number of scenarios and that of solution sets 

Simple following observations and comments can be made based on these test results: 

1.    Different scenario numbers do lead to different results 

2.    The more scenarios are chosen in the scenarios, the more stable the solution is. 

Ten scenario case gives average of -238.72 while thirty case holds a mean of 

-238.39. However, the former one has a standard deviation of 1.87 while the 

latter one has only 1.00.  
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4.2.2 Test with different sample generating method 

As we mentioned before, K scenarios, instead of infinite number of scenarios, are 

used in this model. Here we use two different methods to choose the K  samples.  

1. Repeated scenarios:  

When we refer to K  scenarios, we generate a matrix [  path numberK  ] in which 

each row contains the flows’ information for one scenario. The same matrix will be 

used over and over again for all iterations in the algorithm. 

2. Random scenarios:  

Different from the case of repeated scenarios, a new matrix is generated before each 

iteration.  

 

Figure 22 Results with random scenarios 

Few observations can be now outlined: 

1.     In the case of large number of scenarios, there is no advantage of random 
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selected scenarios and it is hard to achieve converge.  

2.     For small number of scenarios, the random cases tend to converge with less 

number of iterations and require less computation time.  

The random scenario case is better than repeated scenarios since it brings up larger 

scenario pool. However, when we have large number of scenarios, the size of pool 

does not have any advantage. Since the scenarios are randomly generated before each 

optimality cut generated, we are dealing with different data sets which lead to 

divergence. 

4.2.3 Tests with big data 

In the previous parts, all our models are performed and tested in the schematic 

network with small data sets. In order to furthermore prove that our models would 

work in real life network without having huge expenses on building facilities, more 

validation of the model using simulation method is introduced here to simulate the 

performance of our model. 

There are two methods in this category regarding optimal locations of facilities.  

The first method is an extension of our test case in 4.2.1. Since we found, in situations 

of randomly choosing scenarios, that more number of scenarios brings better results in 

real world simulation compared to the less number of scenarios, we want to conduct a 

simulation to show that whether solutions from more scenarios’ cases always lead to 
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better results (higher profit) in the real world. In order to realize this, we firstly get 

two sets of optimal solutions from our proposed framework: set A  comes from 10 

scenarios’ calculation while set B  holds 100 scenarios. Facility locations from two 

sets are expected to be disparate and both will be evaluated with the same 5000 

random customers’ flow which is considered as real data. This simulation is run ten 

times which means that 50000 customers are involved. The expected values of the 

total costs are recorded and compared in Figure 23. Since the nature of our framework 

is a minimization problem, the bigger the absolute value is, the higher the profit is.  
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Figure 23 Comparison between cases of 10 scenarios and 100 scenarios 

Concluding from Figure 23, in ten different runs, eight of which show that results 

from 100 scenarios’ simulation is better than that from 10 scenarios. We could verify 

by this simulation again that more scenarios’ number brings more realistic results in 

the randomly chosen situation. This is different from the scenarios reduction 
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approximation we did before, in which we tested that reduced number of 

representative scenarios could be designed from massive scenarios pool without much 

loss of information.  

The purpose of the second method is to prove that the optimal solution from the 

proposed framework indeed provides best results in the real world. With the same idea 

of using 5000 scenarios for ten times to simulate real data, we randomly choose the 

required number of facilities to open and run through facility-path assignment process. 

The expected value of profits from serving customers minus the cost of opening all 

the facilities are the value we examined here, see Figure 24. They find results vary 

among all ten times tests with all of which has less value than the optimal results. As 

we could easily see from this simulation, the optimal solution does offer a 

minimization value compared to all other results. 
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Figure 24 Comparison of simulation results and optimal result. 

 

4.3. Scenario Reduction 

By solving all the models and their extensions, we noticed that an optimality cut is 

generated with respect to all scenarios, that is to say, in Step 2, the linear problem 

needs to be solved for K  times in order to get one constraint for the optimality cut. 

And also, from the previous tests, when we introduced the user optimal oriented case, 

computation time surged with the increase of the numbers of facility candidates and 

paths when large number of scenario is present.  

As a common sense, the flow capturing location-allocation problem naturally brings 

up thousands of data on a daily base.  It is almost impossible and unnecessary to 

capture all of them. If we could wisely pick data sets among the tremendous flow of 

the data pool without losing much information, it would dramatically reduce the 

computation time. Hence, instead of solving the previous K scenarios flow sets, we 

would like to generate only L scenarios ( L K ) without losing much information 

about the remaining scenarios 1, 2,...,L L K  . As a conclusion of this requirement, 

we are looking for an approximation which includes information from all scenarios 

with fewer representatives. This process is known as scenario reduction.  
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4.3.1 Literature review of scenario reduction 

An adequate representation of random samples is needed for any application of 

stochastic programming problems since the corporation of large number of scenarios 

may lead to a huge computation time (Heitsch and Romisch, 2007). Karuppiah, 

Martin and Grossmann (2010) suggested a mixed integer linear model to reduce the 

number of scenarios. The core idea is the requirement that the probability of any 

particular realization in the reduced set of scenarios should be the same as its original 

probability in the original scenario set. Four numerical examples are shown later to 

illustrate that the reduced set of scenarios yield similar optimal values as in the 

original problem. Henrion and Kuchler (2007) proposed an optimal scenario reduction 

method using descrepanciesB  to calculate the distances of probability 

distributions in both chance constrained and two-stage mixed-integer stochastic 

programs. In addition, they dehaveloped heuristic algorithms to determine nearly 

optimal reduced probability measures after giving upper and lower bounds to the 

scenario reduction problem. Romisch (2009) gave a survey of scenario reduction 

techniques in stochastic programming problems. Stability of the different distance 

based methods is analyzed in both stochastic linear and mixed-integer programs.  

Scenario reduction is popular not only in two stage problem but it is also broadly 

studied in multi-stage problems which are dealing with multi-dimensional random 
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data sets. Casey and Sen (2005) described a scenario generation method showing how 

to generate a sequence of scenario trees. After making connection between scenario 

trees and filtrations, an iteration method is illustrated between degenerating filtration 

and updating scenarios. Based on the results of Casey and Sen (2005) and Heitsch and 

Romisch (2007), Heitsch and Romisch (2009) determined a particular framework of 

scenario reduction based on the generation of scenario tree. After attempting to use 

both the distancerL   and the filtration distance to cutting nodes of the scenario 

trees with the purpose to reduce the number of scenarios, they claimed that it is not 

appropriate to rely only on the distancerL   in the case of multistage scenario 

reduction. Moreover, Dunpacova et al. (2000) provided an overview of the scenarios 

reduction techniques. In their paper, cluster analysis, tree structures for sampling and 

scenario tree with relevant information are discussed in detail with regard to different 

stochastic models and information levels.  

For our problems, since traffic data is generated every day when flows appear, we 

would like to have a method to systematically group similar traffic situations in terms 

of the customers’ demand. Cluster analysis, which will form groups with similar 

objectives, is applied here. There are several clustering techniques known from the 

literature. In general, they could be divided into two categories: hierarchical 

techniques and partition techniques. An important characteristic of hierarchical 

clustering is that it explicitly shows the trend of data being merged into clusters. 
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However, it is up to the data analyst to decide what the criterion is used to group 

similar data.  On the other hand, partition techniques offer a single result of partition 

which attempt to capture natural groups hidden in the data without information of any 

criteria (Jain and Dubes, 1988). Since the advantage of the hierarchical techniques is 

that the number of clusters does not need to be chosen in advance (Weijermars and 

Berkum, 2005), most works use hierarchical clustering method. Zhang et al. (2012) 

applied hierarchical clustering algorithms in traffic prediction. In their paper, they first 

divide traffic groups by weekdays and weekends, and then define a variable indicating 

traffic state at different times for every group. Congestion points and their 

neighborhoods, which are either under congestion influence or are the bypath to 

release the congestions, are the key elements for separating clusters.  

According to Weijermars and Berkum (2005), a pre-classification into workdays and 

non-workdays substantially improves the clustering results. Rakha and Averde (1995) 

examined the spatial and temporal variability of traffic data and showed those two 

aspects are very similar in core weekdays (Tuesday, Wednesday and Thursday) with 

no incidents. Weekends, on another hand, show significantly large difference from 

weekdays and even within weekends, the trend of Saturdays’ flow varies from that of 

Sundays’. They also mentioned that Monday and Friday have their own daily traffic 

flow characteristics which are closer to Weekends in comparison to core weekdays. 

By proposing a three-step cluster process, Soriguera (2012) not only aimed to choose 
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clusters with similar data, but also tried to maintain the logic and preexisting 

knowledge in the results after clustering. As a result, distinction between standard 

days and special days, instead of simply workdays and non-workdays, are used in the 

paper. Daily variation of the flow is studied in the first step, while the second steps 

will be related to seasonal variations. Both steps are considered as standard days in 

their process. If a data doesn’t follow any one of the previous two patterns, then it will 

be included in the last step of the clustering.  

Apart from all the papers that use traffic data to cluster paths, Caceres et al. (2012) 

pointed out that collecting flow data from detectors and then using those data for 

clustering will limit the number of the studied road segments. In order to keep the 

method general, they propose a method which would cluster traffic flows using the 

characteristics of their nearby area. Considering population data and distances to 

nearby cities as clustering variables, road segments are clustered without any 

information on their flows.  

4.3.2 The process of scenario reduction method 

Based on the literature, we have to take into considerations the following facts when 

using clustering in our problems:  

1. Different from previous studies, we would like to view the whole path as a 

segment instead of chopping them to different parts. However, in order to 
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simplify the process of getting data, we will use segment traffic data, detected 

by one detector, to represent path flows. That is, the data collecting process 

will be based on the assumption that one traffic segment is long enough to 

represent the entire path.  

2. For our problem, hierarchical clustering algorithm is applied and clusters will 

be identified between different days on the same paths. That is, we would like 

to find similar days to form a cluster instead of similar paths.  

3. The unit in our models for customers’ demands is flow/day. In this case, we 

will get traffic data from 6 am to 8 pm with one hour time intervals, the sum of 

these data will be considered as daily traffic flow. The reason that night hours 

are excluded is the fact that in nights’ activities, people usually don’t show a 

significant trend of demand pattern. 

The traffic network of Minnesota is chosen to illustrate the process of scenario 

reduction. Figure 25 shows the locations of detectors in the Minnesota highway, 

among which, we choose seven detectors to get traffic data for seven different paths.  
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Figure 25 Illustration of the Minnesota highway and detectors 

Detector number Location Detecting road Direction 

220 (S1402) I-35E and N. of 

Country Road 14 

I35E North bound 

5 (S983) TH 10 East of 

Hanson Blvd 

TH10 West bound 

64 (S1716) I-35 W and Cliff 

Rd 

I-35 Sound bound 

100 (S1107) I-94 and 101
st
 Ave I-94 North bound 

110 (S1016) TH100 and 36
th

 

Ave 

TH100 Sound bound 
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72 (S613) TH36 and Dale St TH36 West bound 

165 (S1365) TH212 and Eden 

Prairie Rd. 

TH212 West bound 

Table 8  Detailed information of detectors and observed paths 

Table 8 shows the detailed information of the detectors, including their numbers, 

locations, observing roads and traffic directions on the observed roads. For example, 

the selected detector S1402, No.220, is located at I-35E and North of Country Road 

14 to record the traffic on I35E from south to north.  

In order to eliminate the influence from some factors such as seasonal changes and 

special holidays, we choose data from February, June and October of four consecutive 

years (2009-2012). The data of the three months of 2012 is used for clustering, and 

then the reduced scenario set is put into the two stage framework to obtain optimal 

solutions. Both results from the original data sets and from the reduced scenario sets 

are tested with the data sets of years 2009-2011 and compared between those two 

simulations. 

The detailed process of a hierarchical clustering method is outlined as follows: 

Section 1: Define clustering variables 

Clustering variables are the key factors which measure the principal differences 

between clusters. Since we are interested in daily flow profile, one clustering variable 
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should be the total volume of the daily flow on the path. Since the number of total 

flow volumes is very large, we calculate and use the average values of the flow 

volumes for the purpose of simplification. In order to inspect congestions which may 

lead to abnormal traffic flow, we also define the average speed as another clustering 

variable. In this case, we could easily exclude special cases of the traffic flow without 

going through all available flow information during a long time period. Special cases 

are defined here as days with a one hour time interval with average speed below 35 

mph on highways. (Weijermars and Berkum, 2005) 

However, different from other traffic data clustering problems, we need to consider 

sets of path instead of single paths at the same time. For example, since we have 

seven detectors on different paths in the network of Minnesota, we need to consider 

all information from these seven paths as one set.  

Section 2: Hierarchy Clustering 

Each point is a vector, the components of which are the flow numbers of paths in our 

selected network. At the beginning, each point forms a single cluster. Before doing the 

clustering, the distances between clusters need to be calculated. A matrix, with 

Euclidean distance between all pairs of points is calculated. Let ( , )x y  denote the 

distance between point x  and y . In our case, there were 29 days in February, 30 

days in June and 31 days in year of 2012, our distance matrix will have the same 
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number of rows and columns: 29+30+31=90.  

 

There are many distance based methods for clustering. In merging clusters, three 

different methods are mainly used in the applications: single linkage, complete 

linkage and averaging algorithms Jain et al. (1999). Let 1 2{ , ,..., }mx x x  and 

1 2{ , ,..., }ny y y  be two clusters. In the case of the single linkage method, we consider 

the smallest distance between the elements of the two clusters: 

,
min ( , )i j

i j
l x y   

If l d , where d  is a selected threshold, then the two clusters merge and the new 

cluster becomes 1 2 1 2{ , ,..., , , ,..., }m nx x x y y y . In the case of complete linkage, we 

consider the largest distance among the elements of two clusters: 

,
max ( , )i j

i j
l x y  

And similar to the previous case, the two clusters merge if L d . In the case of the 

averaging method, the average point of both clusters is computed: 

1 1
 and i j

i j

x x y y
m n

     

The two clusters merge if ( , )i jx y d   and the new cluster becomes 

1 2 1 2{ , ,..., , , ,..., }m nx x x y y y  with the new average point 
mx ny

m n




. 

We also notice that the threshold d should be the smallest for single linkage method 

and largest for complete linkage method. The distance measurement of three methods 

is depicted in Figure 26: 
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Figure 26 Distance measurement of three methods 

On comparison of all the methods, single linkage has the drawback called the 

‘chaining phenomenon’, which occurs when single elements are close to each other 

which results in the merge of different clusters. Both single linkage and averaging 

linkage method have the intention to eliminate the effect of the extreme points. In our 

problems, we would like to keep the extreme conditions of flows for testing the 

capability of chosen facilities. Only the complete linkage results in clusters where all 

distances between all the points of the clusters are below the threshold, that is, only 

close-by elements are collected in clusters while all the extreme cases will remain in 

their own clusters. Because of this, complete linkage method was our choice for 

distance calculation. 

After we have chosen the clustering method and the distance matrix is ready, the 

threshold d  for cutting clusters into new clusters needs to be defined. That is, the 
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longest distances between elements from two different clusters have to be less than 

the given threshold. 

Based on the previous steps, the complete linkage clustering algorithm can be given 

as it is shown in the following flow chart: 

 

Figure 27 Process of the complete linkage clustering algorithm 

In the next step, we need to define the representative element of each cluster. In order 

to simplify the process of selecting representative data flow, we will pick one scenario 

for each cluster. However, the probabilities of the representative scenarios will be 
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decided by the sizes of the clusters. For example, if there are originally 1000 scenarios 

and we have a cluster with 340 elements after the scenario reduction process, we 

choose one scenario from this cluster and the probability of this scenario is defined as 

340/1000 = 0.34.  

The two most popular ways in choosing representative scenarios are the followings: 

1. Since all scenarios are considered similar inside a cluster, we randomly pick 

one scenario and delete all other scenarios from the same cluster.  

2. Computing the mean value of the elements in every cluster and using it as the 

representative scenario.  

4.3.3 The results of clustering scenario reduction 

Based on the previous description, first we show in Figure 28 that the results of the 

reduced data flow. The x-axis shows paths’ numbers while the y-axis represents the 

average flow numbers on the paths. Each line in the figure represents a traffic set, the 

connecting flow numbers on seven paths at the same time. In this figure, both the 

original scenarios (A) and the scenario reduction case (B) are plotted. As we can see 

that, figure B shows similar traffic sets to figure A. 
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Figure 28 Comparison of original case and scenario reduction case on seven paths 

In addition to an overall view of the traffic sets, we would also like to know how the 

clustering algorithm selects the day on a single path. Take the detector S1402 as an 

example, when 28 clusters are formed from the 90 days chosen. Their corresponding 

probabilities are outlined in Figure 29. Different colors of circles indicate the 

elements from different clusters and the crosses are the representatively elements of 

those clusters. The left side figure shows the case of selecting the mean value as the 

representative while the right side one shows the case when a randomly choosing one 

day’s value is the representative. As we could see from the first case, the mean value 

is not necessary the center of the points in the cluster. The reason is that clusters are 



 

 

112 

defined by all seven paths other than one single path, therefore, small distances 

between the means are not necessarily leading to small distances between all 

corresponding paths.  

  

Figure 29 Scenario reduction for a random path (left) and mean value (right) 

In order to show the representative values from scenario reduction case clearly, we 

compare the CDF of original case and scenario reduction case of choosing random 

value in Figure 30 
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Figure 30 CDF of original case and scenario reduction case on one path (path 4) 

After examining the results of the reduced scenarios, we apply the new generated 

scenario sets for the two-stage framework. The computation time, final results and the 

iteration times are compared for the original and reduced cases, including randomly 

selected representatives and the mean values. Here we notice that since the process of 

scenario reduction will also take time, in the following table, the computation time 

includes both programming time and scenario reducing process time.  
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 Computation 

time 

Opened facility Number of iterations 

Original Scenarios 1558.78 sec. 2,5,7 28 

Scenario Reduction 

(Selecting random one) 

870.7 sec. 2,5,7 54 

Scenario Reduction 

(Mean value) 

871.2 sec. 2,5,7 54 

Table 9 Computation times for original scenarios and reduced scenarios 

In the network of 4 paths and 10 candidate facilities, three facilities are allowed to 

open, each of them holds a homogeneous capacity of 300 customers/day. The cost of 

building a facility is 50 units/day while the overflow penalty cost is 2 

units/customer/day. Table 9 shows the detailed information of the final results while 

Figure 31 shows the locations of all candidate facilities, three of which are chosen to 

open. We can see from Table 9 that the solutions obtained by using these methods to 

select facilities are identical while the scenario reduction cases take about half of the 

computation time compared to the original case. To simplify future works, we use 

only the reduced cases with random representatives to illustrate the characteristics of 

the reduced cases.  
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Figure 31 Results of scenario reduction case (left) and original case (right) 

4.3.4 Comparison with different parameter settings 

The previously discussed network opens two homogeneous facilities with equal 

capacity of 300. And also, the cost of opening each facility is 50 units while the 

penalty cost of the overflow is 2 units. However, different parameter settings would 

bring different results since our framework is a tradeoff between the following: 

1. The cost of facility construction and overflow penalty 

The ratio of the cost of opening a facility and the penalty of overflow will 

have an effect on the final decisions. Theoretically the decision makers are 

intend to open more facilities if the cost of the opening of the facilities is 

relatively low compared to the penalty cost of overflow.  

2. Facility capacity and flow numbers 

If the ratio of the capacity over the flow number is higher, it is more likely to 

open fewer facilities.  
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Figure 32 shows the results of how the ratio in the first tradeoff is going to affect the 

results in both cases. It is easy to see that the original case is always more 

conservative in choosing facilities. 

 

Figure 32 Comparison of results in considering ratio 1 effect in the original and scenario 

reduction cases 

As a conclusion, Figure 32 shows the identical trends of both cases while we increase 

the cost of opening facilities. If the ratio of facility opening cost to penalty is less than 

300, both cases pick the same three locations to open facilities. If this ratio is within 

the region [300, 450], the facilities’ number decrease to two. If we keep increase the 

ratio, the number of facilities decrease to one and when the ratio reaches 500, no 
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facilities are chosen to open since the cost of building a facility is higher than the 

profits of its coverage. The profit change with the increase of ratio is also shown in 

Figure 33. 

 

Figure 33 Relationship between the total profit and ratio 1 

Since our framework is a minimization problem which minimizes the negative of 

profit from capturing flow, the larger the negative number is in y-axis of Figure 33 , 

the more profit this network brings. The blue line shows the change of profit with the 

increase of the profit. The red, green and black lines show the cases of choosing three, 

two and one facility respectively no matter how the cost ratio changes. Figure 33 

shows the same trend as Figure 32 which shows that it is optimal to open three 
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facilities when the ratio is less 300 and reduce the facility’s number as the ratio 

increase. And also, it is clearly shown again that our framework always get the 

optimal solutions along the change of parameters.  

 

On the other hand,  

 

 

Figure 34 shows the comparison with different capacity settings and it shows that the 

increase of capacities would not lead to the change on the results. The reason of this is 

the following: 

1. The penalty of the overflow is relatively small compared to the cost of 
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opening new facilities. As a result, if the facilities are not enough for the 

customers’ demands, the overflow can always be taken care of by outsourcing. 

2. There is no inventory cost in this framework. That is, no penalty cost if we 

build oversize facility to cover small amount of customers which makes the 

framework insensitive to the change of facilities’ capacities. 

 

 

 

Figure 34 Comparison of results in considering ratio 2 effect in the original and scenario 

reduction cases 

The following shows the results from different capacities. It is clear that the increase 
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of capacity brings little change on flow captures after each of facility has capacity 

larger than 30 units. However, the wasted inventories are increasing.  

 

Figure 35 The different results of changing capacities 

4.4 Simulations results of the framework with an authentic network 

In the previous section, we can confirm that the results obtained from the proposed 

framework are optimal. In this section, we will apply the framework in an authentic 

network. 

4.4.1 Authentic network illustration 

Transportation network of the state of Arizona is used here as the authentic network. 

As we mentioned before, our problem is to locate large charging stations which are 

usually placed near highways or main roads. As a result, the map given in Figure 36 

shows only major routes. Three types of routes are involved here. Red lines represent 
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interstate highway; blue lines are US routes while green lines show state routes.   

 

Figure 36 Arizona state highway (ADOT 2012 map book) 

 

 

By the previous use of Minnesota data, we used flow information from one detector to 

represent the flow on the entire paths. Here, we plan to predict traffic flows with the 
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analysis of land use and customers’ route choices. First we assume that the customers 

who travel each highway on daily bases are always going to be one populated area to 

another. Under these assumptions, the customers’ origins and the destinations can be 

predicted based on the examination of the populations. Figure 37 shows the 

population distribution of the stage of Arizona in 2011. Each circle represents a 

populated region which could be either an origin or a destination in our network. 

 

Figure 37 Population distribution of Arizona (map.com. 2011) 

The origins/destinations are considered as nodes and paths connecting them are the 

arcs in a complete network combining Figure 36 and Figure 37. Candidates of the 

facilities are pre-determined along each path and labeled with numbers, e.g. from 1 to 
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30, while the origins and destinations are labeled with characters, from ‘a’ to ‘o’, as 

shown in Figure 38. 

 

Figure 38 Combined network of the state of Arizona 

4.4.2 Route choice 

Extracting from the Arizona map, a schematic representation of the stations and roads 

are outlined in Figure 39. The distances between nodes (origins, destinations and 

facility candidates) are simplified using the following principles:  

1. One centimeter on the state map in an interstate highway corresponds to one unit, 

while one in US route is two units and state road is three units. 
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2. If two kinds of routes are involved, then 3 more units are added. If three routes are 

involved, then 6 more units are added. The reason is that transferring from one kind of 

road to another requires extra effort of getting off the ramp, finding the entrance to 

another highway and merging into the other traffic flow. The more types of roads are 

involved in a path, the more efforts should be counted which is equivalent to added 

distances. 

3. If there are several routes between two nodes, then the shortest path is chosen to 

represent the distance between the nodes.  

4. If a link is considered as a part of a chosen path, then it can not appear in any other 

chosen path. We could view this constraint as the capacity of the road 

 



 

 

125 

Figure 39 The schematic representation of the transportation Network in Arizona 

 

We calculate the distances between the OD pairs (Shown in pink circles in Figure 39) 

and assign customers on the routes based on their distances. In order to simplify the 

process of the assignment of the customers, we make the following assumptions:  

1. We only consider paths with eight or less nodes. That is, at most six facility 

candidates can be located in each route.  

2. In order to reduce the complexity of the problem, we assign the routes and the 

flows so that the shortest routes will be assigned to the largest flows. As a result, the 

result of distance number of flows  become the same on all the paths.  

3. Each initial node has 500 customers to start with. However, there are more than ten 

route choices from one origin/destination to another. In order to simplify the network, 

we keep only those links which belong to the three shortest paths between each pair of 

nodes. A more simplified network is given in Figure 40. All circles are either origins 

or destinations while all crosses represent facilities. In the network, all origins and 

destinations are also considered as candidate locations for facility opening. 
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Figure 40 Network with route choices 
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4.4.3 Authentic network result 

 

Figure 41 Case of 15 candidates 
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Figure 42 Case of 20 candidates 

Figure 41 shows the results when maximum fifteen candidates are allowed to open 

while Figure 42 gives the corresponding results when maximum twenty facilities can 

be opened. In the case of fifteen facilities, 42.75% of flows, in total of 29969 

customers, are served with 750 unit of cost of building facilities. Assuming that the 

profit of capturing one unit of demand is 1, the total profit is 

29969 750 29219  units. 

On the other hand, 39897 customers, 56.91% of the total demand are covered by the 

20 facilities with 1000 unit of construction cost of facilities. As the result, the total 

profit becomes 38897 units. As we can see that, with the increasing number of 

facilities, the coverage percentage and thus the total profit is also increasing. The 

relationship between the number of opened facilities and the flow capture percentage 
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is depicted in Figure 43. 

 

Figure 43 Relationship between the number of opened facilities and the flow 

capturing percentage 

As Figure 43 shows the percentage of the coverage increases when more facilities are 

opened at the first period. However, the coverage remains the same after a certain 

amount of additional facilities is chosen to open. That is, after a threshold of the 

number of opened facilities, no more profit can be brought into the network with the 

additional increase of facilities. In order to find this threshold, we give no limitation 

on the number of opened facilities. The threshold is then calculated and is shown in 

Figure 44.  
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Figure 44 The optimal result of Arizona network without limitation on the number of 

opened facilities 

From Figure 44, we notice that 33 facilities from the 45 candidates would be chosen 

to open if there is no budget limitation in building large scale electric vehicle charging 

stations. However, it is also shown that not all paths are covered and the coverage 

percentage flow is only 94%. The reason which results in this gap on full coverage is 

the cost effectiveness of opening a facility which is still the major consideration of 

this model. Given the cost of opening a facility and the coverage of that facility, if the 

profit from covered customers is not higher than the cost of opening a new facility, 

then it is better to lose uncovered customer demands than building a new facility on 
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the basis that the opportunity cost of losing customers is relatively low. If we want to 

cover all customers in this network, then we have to take the following facts into 

account: 

1. It is important to lower the cost of building a facility. It is a common sense that 

the decrease of cost leads to the increase of profit on opened facilities. 

2. With the same construction cost, we can increase the capacity of the facilities, 

which is indirectly lower the overall cost of opening facilities; 

3. Increase the value of individual customers. If the unit profit from a customer 

becomes higher, then the opportunity cost of losing a customer is 

correspondingly becomes higher and thus there will be an increased necessity 

of opening more facilities. 
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CHAPTER 5 CONLUSIONS 

5.1 Summary 

A flow capturing location allocation problem is discussed in this dissertation and its 

application to place the electric vehicle charging station is studied. We started with 

one of the most popular algorithm, heuristic algorithm, to solve this problem. The 

result shows that heuristic algorithms cannot deal successfully with problems with 

stochastic customer demands. After setting the primary goal to be ‘capturing as many 

stochastic customers demands as possible with the minimum cost’, a two stage 

framework is developed to meet the unpredicted customer flows with the fixed facility 

locations. Both non-capacitated and capacitated stochastic programming problems are 

discussed in this dissertation and two major variations in the capacitated problem are 

studied: System optimal and user oriented optimal case. In the system optimal cases, 

users are fully complied with the system’s decisions while the user oriented case is 

integrated with the users’ choices.  

The computation time of this framework increases dramatically with the growth of the 

traffic network. In order to keep the computation time within a reasonable range, a 

clustering scenario reduction method with complete distance calculation matrix is 

utilized to obtain less number of scenarios without much loss of information. It turns 

out that this scenario reduction case can reduce the computation time by half but bring 
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very similar results to the original scenario case.  

In applying this framework in real world traffic networks, the highway map of the 

state of Arizona is chosen. In order to decide the considered flows of the customers, 

population centers are used as the origins and destinations (OD) of the traffic. Three 

different types of highways are merged while calculating distances between the OD 

pairs. All travelers on the highway are treated as customers and they are assigned to 

paths with respect to the distances between ODs. Facility candidates are pre-assumed 

along the highways and optimal locations of the facilities are determined in the 

network.  

5.2 Future Research Directions 

In this framework, we only considered the factor that construction of facilities will 

satisfy the demands of pass-by travelers. However, the balanced relationship between 

traffic and opened facilities is not studied in this dissertation, that is, the attractiveness 

of facilities brings surge of drivers which may lead to the congestion on the road.   

It is shown in Chapter 4 that the expansion of the network results in more facilities 

and paths, which causes a very high computation time. Our solution in this 

dissertation was the clustering of the similar scenarios to reduce the number of 

iterations. However, one step in the L-shaped method is the determination of 

optimality cut which is directly related to the speed of obtaining final results. If we 
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could improve the efficiency of obtaining the optimality cut, then the application of 

this algorithm could significantly reduce the computation effect even if large network 

is involved. 

More information should be included in the simulation of authentic network. Some 

related factors, such as inventory cost of facilities, demands patterns on the road and 

coordination between power system and large scale charging stations, will be 

systematically addressed in the future work.  
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