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Multi-objective Optimization of Car Sharing Points under Uncertainty for Sustainable Transportation
Nezir Aydin, Şükran Şeker, and Muhammet Deveci
Abstract—As an important part of the sharing economy, the usage of car sharing increases world widely with the help of developments in the technology. Especially after COVID-19 the demand for private car ownership and car sharing systems increased tremendously. Therefore, its market share attracts new investors and causes existing service providers to enlarge their service area. In this paper, a novel multi-objective location-dependent two-stage stochastic optimization model is proposed to determine the most appropriate locations for car sharing system and allocate the demand to these locations. The model is applied to determine the best locations among 15 candidates, and three objectives are considered, which are the minimization of total cost that comprises locating costs minus income from satisfying the demand, minimization of CO2 emission occurs by the usage of car sharing system`s cars and minimization of average unsatisfied demand. Both location-independent and location-dependent demands are taken into account. The proposed model delivers a more precise decision process framework for problems include stochasticity and multi-objectivity, and it easily can be implemented to any region, providing region sensitive parameters.
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INTRODUCTION
T
HE Augmentation in the usage of technology [1] and internet [2] enabled people to share resources in property [3], in transportation [4], and lately different modes of transportation have become available [5]. Based on Shaheen & Cohen [6], car-sharing, as one of the new trends, becomes more common all around the world, because car sharing has constructive effect on environment in terms of reducing car usage rate and emission [7], [8], and land usage [9]. Further, it provides sustainability in terms of energy [10] and private car [11] usages as well, which in return provides a higher sustainability in energy sources consumption and time wasting. Another advantage of car sharing is that it provides sustainable mobility for people, especially for elderly people because they have difficulty in walking to public transportation and transferring from a station to another. Particularly after COVID-19, two aspects, which are car sharing and car ownerships [12], need more attention from researchers and authorities. As mentioned in Katzev [13] another positive effect of car sharing is that it steers people to transport via walking, public transportation and cycling. The application systems in car sharing are twofold; “station-based” and “free-floating”. In free-floating system, the users are permitted to seize and release the cars at any point within the area served [8], while in the station-based system, users have to seize and release cars at the predetermined locations.
Environmental friendly systems and sharing economy [14], [15], [16], [17], [18] become more important for humanity and have been studied by several researchers [19], [20]. In this sense, several aspects of car sharing systems have been studied. For instance, Huwer [21] showed that the car-sharing is an enhancement factor to public transportation. They reached this inference by incorporating car sharing system to public transportation systems. In their study, uncertainties related to system parameters were not considered. In this sense, uncertainties may be handled via fuzzy logic as done in [5], [22], [23], [24], [25], [26], [27], [28]. Deveci et al. [5] applied fuzzy logic in the selection of a location for car sharing station. Some other techniques of fuzzy logic that were applied in car sharing systems are; Fuzzy Analytic Hierarchy Process and Fuzzy Technique for Order Preference by Similarity to Ideal Solution [29], in which the car sharing choices are evaluated. Even though the uncertainties related to decision makers` opinions and preferences are handled via fuzzy based applications there still is a gap in handling other stochastic parameters that affect the car sharing systems` efficiency and effectiveness, especially in location (station) selection problems. Therefore, stochastic programming [30], [31] alongside with mathematical programming is one of the best tool to handle these uncertainties within the system [32], [33]. There are many mathematical based applications applied to car sharing systems but most of them are specified in the electric vehicle charging station determination, allocation [34] or reallocation the vehicles [35], determination of charging stations for electrical vehicles [36] etc. For instance, Boyacı et al. [37] proposed a multi-objective mixed integer linear programming (MILP) model to optimize the relocation of electric vehicles charging systems. Most of the study were conducted on the prediction of traffic on a road or in a region etc. Although the stochasticity in some aspects of the problem is considered in the literature, none of the studies, so far, have taken the location-dependent demand [38] into account to locate facilities in car-sharing systems. 
One of the most important stochastic parameters in car sharing, as in almost all systems, is the demand uncertainty, and usually, the decision makers do not have satisfactory info on the demand. This issue can be handled by forecasting the demand and then solving the problem deterministically. However, deterministic models may generate imprecise outcomes, in terms of not being able to seizure uncertainty fully. Within this concept, stochastic optimization is a powerful technique to model the uncertainty within the systems. On the other hand, the location decisions naturally affect the amount of demand [39] as well. Specifically, the locations of the car sharing points have a great power on the demand. Within this concept, Ciari et al. [40] showed that the distance to locations is the main parameter that affects the demand. Besides, demand usually is uncertain and unknown in advance during the decision process of location selection [41]. Therefore, in this study a location-dependent stochastic programming is developed. Specifically, besides regular demand extra demand occurs if a closer facility is available within the neighborhood. 
The motivation of this study is to determine the most appropriate locations to construct a car sharing network for investor(s) in terms of cost efficiency, environmentally sustainable and customer satisfaction. Based on research done, a station-based system is decided to be constructed, because station-based car sharing system is more proper for highly inhabited regions alongside with an improved public transportation [42]. Thus, Istanbul, having more than 15million [43] residents, is one of the best fit for a such system. Other reasons for deciding on station-based system are that Istanbul hosts the youngest population in the Europe [5], which is shown as an advantage for station-based system in [44]. In the system that is going to be constructed, users will be able to rent the cars both online and in-place. In online reservations users need to register and reserve at least one hour before picking-ups. Cars are going to be positioned at the predetermined locations. Once the renting time is up users will need to release the cars at the selected locations.
Moreover, Istanbul is selected by the investors because it gives huge occasions, such as rapid augmentation in population, rise in incomes of inhabitants, and increment in car ownership, which are signs for higher demand for private car ownerships and car sharing systems. This desire is increasing even more after COVID-19 to avoid public transportation in order to maintain in social distance. As mentioned in [45], COVID-19 affected almost all sectors but especially sharing economy sector members. The value of sharing economy companies decreased by a lot and they needed to either stop their operations or merge with one another. However some companies got benefit of this situation, i.e. car sharing. People do not want to get among several people on public transportation and would like to share their car with only one or couple of people.
 In Istanbul, only about 19% of the people own a private car [46]. On the other hand, the service quality in public transportation is not at the desired level [5]. Therefore, the car sharing systems are anticipated to boom in the near future, in Istanbul. Even though there are some car sharing companies operating in Istanbul, still, because of above mentioned reasons, there is a huge gap in satisfying the demand, which is expected to increase even more. Thus, to construct a robust network the location selection in car sharing system becomes more important as a strategical decision, because of its monetary effect on investors, emission effect on environment and satisfaction effect on users. 
The contributions of this study can be summarized as follows: 
· Location selection for car sharing problem is abstracted as a scenario based stochastic programming problem. The stochasticity is preferred to overcome the uncertainty, which is the behavior of almost all real problems. Thus, the proposed research fills an essential gap, predominantly in car sharing location selection problems, and most importantly in creating sustainable urban mobility. 
· The presented study, to the best knowledge of the authors, is the first study that develops a multi-objective location-dependent two-stage stochastic model for the car sharing problem. Decision-dependency provides more realistic results, because in real life the demand for any commodity is correlated with how easily users reach service in terms of time or distance. 
· It is the first study that applies above mentioned novelties to Istanbul.
· Lexicographic weighted Tchebycheff method is used to handle multi-objectivity in order to determine Pareto optimal solutions.
· The developed model is relevant to apply any region world widely given that the impacting factors and parameters are updated based on the region specific dynamics. 
· The results obtained generate a direction for decision makers, and by only altering the parameters the model can be easily used for additional analysis.
· It considers cost, environmental and user satisfaction issues together, so that decision makers can easily manipulate it in accordance with their desires.
The paper is designed as follows: In Section 1 we introduced the motivation and reviewed the relevant literature related to the work done in this study, briefly. In Section 2, the problem statement and methodologies used were explained in detail, while in the same section the proposed multi-objective location-dependent two-stage stochastic mathematical model was developed. In Section 3, data used in the research were defined, results were presented, sensitivity analysis on several parameters were conducted and lastly the outcomes were discussed. In Section 4 conclusions, future directions of the research and limitations of the study were provided.
Problem Statement and Methodologies
We introduced a multi-objective location-dependent two-stage stochastic programming model for facility location problem in car sharing systems, where location decisions impact the demand of each district. First, problem statement was presented in Section II A. The mathematical model was proposed in Section II B, and then the lexicographic weighted Tchebycheff was explained, which was used to handle multi objectivity, in Section II C.
A. Problem Statement
The main goal of this study is to determine the most appropriate locations among several alternative points to set up car sharing stations for a company who decided to widen its investments into this sector after COVID-19. This decision was taken because private car and car sharing usage rate increased significantly during COVID-19 and they are anticipated to increase even more. 
In this study, we extended the model provided in Basciftci et al [39] to a multi-objective framework and showed the applicability of the model on a real case study, which is location selection in car sharing systems where stochastic location-dependent demand is considered. Multi-objectivity was handled via Lexicographic weighted Tchebycheff. Further, we considered cost, environmental and user satisfaction matters simultaneously. As a strategical level decision, location selection is a fundamental problem of transportation, and usually the best location(s) is selected among candidate points considering quantitative, qualitative or both quantitative and qualitative methods. The locations of the car sharing points have a great power on the demand as Shaheen et al. [47] indicated that the confidence of the users in car sharing increases if they notice more vehicle accessibility, and in return demand increases. 
Therefore, in this study a multi-objective location-dependent two-stage stochastic model, which considers economic, environmental and customer satisfaction, was developed to determine the most appropriate locations for car sharing operations in Istanbul. 
B. Problem formulations and mathematical model
Here, two types of demands were considered; one was location-independent while another was location-dependent. Consider a set of user districts  that produce demand. The location-independent demand at each district  is represented as, which is calculated using the scientific formula given in equation (1) that is constructed specifically for anticipating the demand in car sharing [48]. In equation (1), let shows the population of district.


where  represent average driving distance (km/trip), average travel times per person in a day, the rate of residents prefer car sharing trips, number of passengers in a car sharing trip (people/trip), percentage for a regular operation, average travel duration per trip (hours), and average speed of traffic (km/hour), respectively.
As can be inferred from the literature review, none of the studies provides a formula to determine distance based location dependent demand explicitly. Therefore, we applied the logic studied in Basciftci et al. [39]. We presume that the location-dependent demand at district  increases if a new location is located in its neighborhood as studied. It is obvious that this increment is limited due to the market conditions, and this limitation is shown as for each district.  Taking into account the market growth and conditions, this limit may be estimated using forecasting methods. More analysis on this issue can be found in [49]. Consider a set of candidate locations  to set up car sharing locations at, and be the binary decision variable, which takes the value of 1 if location is set up at location  and 0 otherwise. The location-dependent demand for car sharing location  from district  fluctuates based on the distance, which is denoted as, between districts  and location . Let represents the location-dependent demand of district  for location , and note that if a candidate point is not selected to set up a location at or if the point of the location is not within the neighborhood of  then no location-dependent demand occurs for that point. In particular, we consider  as a subset of  that consists the candidate locations within the neighborhood of district. Naturally,  represents the subset of candidate locations that are not within the neighborhood of district. Then the location-dependent demand is determined using the formula given in equation (2), which is a revised form of the equation studied in [39].


In equation (2),  is the upper bound of the location-dependent demand generated from district  for location . The impact of the distance of discrete locations on a district  is managed via, in a way that nearby locations may have greater effect on demand, and note that  if location  is not within the neighborhood of  or is not constructed at all.  is considered as a decreasing function of the related distance, specifically it is taken as  as in [39] with only changing the denominator. 
As abovementioned, even the demand for each district is anticipated, still the quantity of the demand that may be produced is uncertain. Therefore, we developed a scenario based stochastic model to handle this issue better. The developed multi-objective location-dependent two-stage stochastic mathematical model for the car sharing problem is presented as follows:

	Sets and Indices:

	 : set of residential districts
 : set of candidate car sharing points
: set of scenarios

	 : districts, 
 : candidate location, 
 : scenario, 



Parameters:
 : fixed cost of locating car sharing point at candidate location  (₺),
 : revenue gained by satisfying each unit of demand at district  (₺),
 : location-independent demand of district  in scenario  (unit),
	: location-dependent demand stem from district  in scenario  for location  if it is opened (unit),
: distance between district  and candidate location  (km),
: capacity of candidate location  (unit),
: occurrence probability of scenario , ,
: maximum number of car sharing point (unit),
: average  emission per km for short distances (gr/ km)

Decision Variables:
: =1 if candidate location  is opened else =0,
: amount of location-independent demand in district  satisfied by location  in scenario  (unit),
: amount of location-dependent demand in district  satisfied by location  in scenario  (unit),
: amount of unsatisfied location-independent demand in district  in scenario  (unit),
: amount of unsatisfied location-dependent demand in district  in scenario  (unit), which supposed to be satisfied by location .

The Mathematical Model:




Subject to







Three objective functions are defined in the mathematical model: The first objective (3) minimizes the average cost, which covers revenue gained through satisfying the demand and the fixed cost of locating car sharing locations. The second objective (4) minimizes the average total  emission occurs while satisfying the demand. It is calculated as a function of the total distance made by the users. The third objective (5) aims to minimize the average total unsatisfied demand within the network. Constraint (6) guarantees that the location-independent demand is either fulfilled or labeled as unsatisfied demand across all scenarios while constraint (7) does the same for location-dependent demand. Note that location-dependent demand is car sharing location specific and it can either be satisfied by that location or it is labelled as unsatisfied. Constraint (8) ensures that the capacity of each location is not exceeded throughout all scenarios. As stated in Basciftci et al. [39] the constructed model is decomposable via scenario if decision variables  are given, which are the first stage decision variables, under the condition that the used scenarios are independently and identically distributed. Constraints (9) ensure that no more than the desired number of locations, which is usually pre-determined by the investor(s) and can be removed easily without losing the feasibility of the model, is opened. Constraints (10) and (11) are non-negativity and binary variables constraints, respectively. 
C. The lexicographic weighted Tchebycheff method
Since three objectives are considered in the developed model, to determine effective results from the Pareto frontier a well-known method is applied as applied in Samanlioglu [50].She mentioned that, usually, in multi-objective problems, objectives conflict and only concession solutions are achievable. Hence, to reach concession solutions the decision makers` choices and viewpoints need to be brought to a compromised point. Therefore, the lexicographic weighted Tchebycheff method is applied, and the beneficial definitions associated with the multi-objective problems are presented here as in Samanlioglu [50]. Consider a multi-objective problem with  conflicting objectives,
, that need to optimized (minimized) concurrently. Detailed information on lexicographic weighted Tchebycheff method can be found in [50], [51] and [52]. Then, the lexicographic weighted Tchebycheff equations for the developed model can be constructed as:





            (12e)
where  are the importance weights of the objectives and , and , are the “utopia” values, which are determined as  , and .
APPLICATION
The developed model is applied to both Anatolia and Europe sides of Istanbul together. The data related to Istanbul, the network, districts, and population were gathered from official sites, expert opinions, investors and the literature. 
A. Data acquisition
Istanbul is divided into 39 municipal districts. However, in this study, 38 of them are considered, because one of 39 is an island and does not have a road connection to the rest. The map of districts are shown in Figure 1, in which the districts are numbered. 
The population of the districts were gathered from [53] and the location-independent demand were calculated using the formula given in equation (1). The values` of the factors used to calculate the demand are gathered from [48]. On the other hand, the location-dependent demands that occur from each district for car sharing locations are calculated using the formula provided in equation (2). To calculate the location-dependent demand, which is a function of location-independent demand and the related distance parameter (), for a district, first needed to be computed. is calculated using  term, in where shows the distance between  and . The neighborhood coverage region is taken as. In particular, the locations that are opened more than away from the location of a district were not considered as the locations in the neighborhood and the location-dependent demand was not generated for regarding locations.
In this study, 15 locations are determined as candidate points to open car sharing location(s) at. These candidate points are selected considering the public transportation network of the Istanbul. They were planned with a great care so that to be close to different public transportation modes, specifically intersections of modes were preferred to take the advantage of the transferring matters. Distance between the locations` of districts and candidate locations were gathered via google.com/maps [54]. Note that the shortest distance (km) that is suggested by the application is considered. 
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Fig. 1. Districts in Istanbul [57].

The fixed cost of opening a car sharing location was anticipated to be within the range of 1M-1.5M. Since the exact values were not possible to determine in advance, the values were sampled from a Uniform distribution U (1000000-1500000) and rounded to the nearest integer. The capacity of each location was planned to be equal and  cars, and the revenue that is expected from each ride was expected to be, which is determined based on investors` opinions and competitors` prices. The average  emission per km () was gained from the official site of European Union in ec.europa, [55], which is presented as the target of 2020 for new cars. The maximum number of car sharing locations (N) was kept as, which is the highest possible value. Furthermore, in this study, demands scenarios were generated considering both location-dependent and location-independent. The base scenario (second scenario) was created as follows: first, equation (1) was applied to determine the location-independent demand for a district. In calculation of the location-independent demand the population of district, average driving distance, average travel time of people in a day, the rate of car sharing preference of the residents, number of people in a car sharing trip, average travel duration and average traffic speed were taken into account. The value determined, by applying equation (1), was considered as location-independent demand. Second, equation (2) was applied to calculate the location-dependent demand. As can be seen in equation (2) four parameters were considered in determining the location-dependent demand; location-independent demand, distance between districts and the related candidate location, and the upper bound for location-dependent demand. The formula was designed in a way that nearby locations have greater effect on demand, and note that demand occurs as  if the location is not within the neighborhood or not established. The value gathered from equation (2) was considered as location-dependent demand. This process was applied for each district and candidate location. As abovementioned, even the demand for each district was anticipated, still the quantity of the demand is uncertain. Therefore, we developed different scenarios considering the values generated for the base scenario and a scenario based stochastic model was developed to handle this issue better. Three scenarios were generated using the information of the base scenario (second); in the first and the third scenarios the location-independent and location-dependent demands were taken as 10% less and 10% more than the second one, respectively. All three scenarios have equal probabilities to occur. Please note that the data and information provided in the Data Acquisition section were considered as the base case, and further analyses were conducted by manipulating and changing them. In the analyses, the data provided here stays the same unless otherwise is stated. 
Results, Discussions and Sensitivity Analysis
The developed model was optimized via IBM ILOG CPLEX Optimization Studio (Version: 12.9.0.0), which is delivered by IBM as an academic initiative, on an Intel(R) Core(TM) i7-3612QM CPU 2.1GHz with 12GB memory and 64-bit operating system. Numerous test cases were performed to assess the impact of parameter fluctuations as sensitivity analysis. Optimal solutions were obtained for all cases in few milliseconds, which was also reported. 
A. Results and Discussions 
At the beginning, objectives were optimized independently to get the  (worst possible) and  (best possible) values for each objective. These values are provided in Table I, and were determined as for utopia and for nadir points, respectively. Considering the obtained results, in order to normalize (pull to the same range) each objective function was divided by the range it fluctuates in, explicitly, by.  To gather effective solutions from Pareto frontier 16 different cases were tested. These cases were created by changing the importance weights () of objectives functions. The importance weight combinations, which were used in the lexicographic weighted Tchebycheff formulation provided in (12), may be gathered from Samanlioglu [50]. Note that  and. The results of 16 cases are presented in Table II. In this table, column 2 shows the average objective function value of lexicographic weighted Tchebycheff model, while columns 3-5 show the average objective function values of original scales not to cause misperception.
Column 6 shows the location of car sharing points decided to be opened in the first stage of stochastic programming. The last column represents the CPU times in milliseconds. Consequently, investors will realize the most desired solution among the solutions obtained and presented in Table II. From the table, it can be observed that the number of locations to be opened fluctuates between 4 and 7, in where Case-7 gives the highest profit. On the other hand, the results in terms of objective function values gathered from the lexicographic weighted Tchebycheff model are shown in Figure 2. From the figure, it can be obtained that the best result) is achieved in Case-7. It is sure that this result is not the best case for CO2 emission and demand satisfaction objectives. For those, the best cases are 8 and 9, respectively. 
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Fig. 2. Objective function values gathered from the lexicographic weighted Tchebycheff


TABLE I
SOLUTIONS WHEN OBJECTIVES ARE OPTIMIZED INDEPENDENTLY
	
	
	
	
	CPU Time (millisecond)

	Min : Total Cost
	-2772315.0
	70882652.0
	4824.2
	312

	Min : CO2 Emission
	18961287.1
	0.0
	34166.2
	216

	Min : Unsatisfied Demand
	9959840.6
	77348721.9
	0.0
	211






TABLE II
OPTIMAL RESULTS OF 16 CASES 
	Case
	
	
	
	
	Opened locations
	CPU

	1
	0.0618
	-225479.4
	19115229.6
	8443.8
	1,3,6,8,9,12
	560

	2
	0.0828
	3811697.8
	12804459.8
	11311.5
	1,3,5,6,7,8,9,14
	618

	3
	0.0760
	3448318.7
	23526813.3
	5196.1
	1,3,5,6,7,8,9,10,14
	447

	4
	0.0462
	-1099269.3
	11908949.5
	15708.1
	1,3,9,12
	645

	5
	0.0968
	13486634.6
	12475290.8
	11021.2
	1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
	219

	6
	0.0447
	-411211.9
	34586007.8
	2546.1
	1,3,4,5,6,8,9
	399

	7
	0.0344
	-1837273.0
	26623085.6
	9729.7
	1,3,6,8,9
	490

	8
	0.0612
	10520055.3
	5913207.7
	20896.2
	1,3,4,6,8,9,10,11,12,14,15
	380

	9
	0.0416
	6277658.0
	31885147.7
	1760.5
	1,2,3,5,6,8,9,10,11,12,13,14
	290

	10
	0.0679
	858465.5
	13046938.8
	11599.8
	1,3,6,8,9,12
	414

	11
	0.0897
	6970725.9
	17337074.0
	7658.2
	1,3,5,6,7,8,9,10,12,13,15
	342

	12
	0.0698
	436794.9
	26526695.6
	5965.1
	1,3,6,8,9,12,15
	448

	13
	0.0815
	1110540.4
	18290066.1
	8079.2
	1,3,5,6,8,9,12
	379

	14
	0.0431
	-1435617.9
	16650090.0
	14447.2
	3,6,10,12
	566

	15
	0.0451
	1765696.2
	34899789.9
	2202.1
	1,3,4,6,9,11,12,14,15
	346

	16
	0.0761
	12974140.5
	8405332.5
	12994.7
	1,2,3,4,5,6,7,8,9,10,12,13,14,15
	433



B. Sensitivity Analysis
As explained in the data acquisition section, considering the demand of the base case two more scenarios were created. All three scenarios had equal probabilities to come true. Here, two parameters help to analyze the impact of demand variability; percentages given for excess and lacking demand and scenario probabilities. Thus, we created several cases by changing the percentages and probabilities to conduct the impact of demand variability. In total 8 different test cases were created and results are presented in table III.  The second column, in Table III, shows by how much the anticipated demand is changed. For instance, in test case 6 the demand of scenario one is equal to 20% less than the anticipated demand, in scenario two the demand is equal to the anticipated demand and in scenario three the demand is equal to 20% more than the anticipated demand. The scenario probabilities are given in columns 3, 4 and 5. Note that the test number 1 is the base case, which is studied in case-7 in Table II. Columns 6, 7, 8 and 9 show the objective function values of lexicographic weighted Tchebycheff model (12). Note that the objective functions for and are not scaled here, in order not to cause any confusion. The last column shows the locations that are suggested to be opened. Based on the results in Table III, the fluctuation in demand increases the average unsatisfied demand for some cases while it reduces in some as seen from the values of. Although the fluctuation does not cause a big change in the number of opening locations in three cases, it almost doubles this value when the probability and the percentage of excess demand case is high (test # 8). Furthermore, the fluctuations caused decrement in profit, in all cases. The surprising result is that the average CO2 emission reduced when the fluctuation in demand increased. Overall, it can be concluded that using a robust forecasting method in this type of problems, in where the strategical decisions are taken, is vital.



TABLE III. 
TEST RESULTS TO ASSESS IMPACT OF DEMAND VARIABILITY
	Test #
	%
	
	
	
	
	
	
	
	Open locations

	1
	10%
	1/3
	1/3
	1/3
	0.0344
	-1837273.0
	26623085.6
	9729.7
	1,3,6,8,9

	2
	
	0.5
	0.25
	0.25
	0.0372
	-1663905.0
	27868740.4
	9520.8
	1,3,4,6,9

	3
	
	0.25
	0.5
	0.25
	0.0342
	-1894313.0
	26624799.8
	9889.8
	1,3,6,9,12

	4
	
	0.25
	0.25
	0.5
	0.0334
	-1915104.0
	26066238.9
	10679.0
	1,3,6,8,15

	5
	20%
	1/3
	1/3
	1/3
	0.0311
	-1724964.2
	23591438.5
	10080.3
	1,3,6,8,9

	6
	
	0.5
	0.25
	0.25
	0.0364
	-1578615.0
	26038521.5
	8832.5
	1,3,6,8,9

	7
	
	0.25
	0.5
	0.25
	0.0307
	-1749024.0
	23560384.8
	10279.8
	1,3,6,8,15

	8
	
	0.25
	0.25
	0.5
	0.0270
	3302014.1
	21455928.1
	8494.5
	1,2,3,6,8,9,10,14,15




In the base cases (Table II) the location-dependent demand occurs only if the candidate location is opened and in the neighborhood. The neighborhood coverage range was taken as 20km. As a sensitivity analysis this coverage was extended to 100km step by step but no difference is obtained in the results. Thus, determining the most effective coverage distance is important in order to determine effective solutions. Furthermore, this outcome shows the robustness of the formula that is used to determine the location-dependent demand.
As another sensitivity analysis, the case where no location-dependent demand occurs was analyzed. Based on the results, except the settings in case 7, model does not suggest to set up any car sharing location because of cost issues, and in case 7 it suggest to open candidate locations 1 and 12 only. So it can be concluded that to make accurate decisions location-dependent demand needs to be considered, otherwise opportunity loss might occur. Results prove the meaningful of the applicability of the suggested model in terms of catching the advantage in investments that are planned.
C. Practicality of the Application
In this study, we have applied the developed location-dependent stochastic two-stage stochastic optimization model to a real case in order to show its practicality. The application of the model to a specified case setting necessitates to consider some matters. The most important concern is the anticipation of the true demand. Since estimation of the true demand becomes very difficult when there is hardly any data we determined the demand by using the proposed formulas, which uses region specific information, in the literature. To incorporate the uncertainty into the model we further created different scenarios in order to catch the variability of both location-independent and location-dependent demands. Even though the proposed model is generic, the application concerns may be altered. So to forecast the true demand, surveys may be used to gather more accurate data [37]. 
Another concern associated to the practicality of the model relates to the determination of the candidate points for car sharing locations. As mentioned in Boyaci et al. [37], the candidate points should have accessibility from/to activity locations and public transportation systems, which were the main concern of the investors in this study. Therefore, in the selection of candidate points, public transportation network of Istanbul is considered, because locating the car sharing locations close to public transportation stations is vital for a sustainable city. Additional concern about practicality of the study is the computational complexity of the model. All cases, which include 38 districts, 15 candidate locations, were solved in less than one second. So it can be concluded that the model can be solved in a very short time for even a larger number of regions.
Conclusion
In this research, a novel multi objective decision dependent two stage stochastic model for the location-allocation of car sharing system was developed. Even though the generated model contains some characteristics that are in literature, none of the presented models in the car sharing system consider location-dependent demand, multi objectivity and stochasticity, concurrently. The goal of this research is to determine the most appropriate locations to set up a car sharing system and make decisions on allocating the demand to these locations considering stochastic location-independent and location dependent demand. The stochasticity was preferred to overcome the uncertainty, which is the behavior of almost all real problems. Thus, the proposed research fills an essential gap, predominantly in car sharing location determination problems, and most importantly in creating sustainable urban mobility. If multiple objectives with different goals and units are taken into account than the problem becomes multi objective by the nature, as in the case analyzed in this study. Further, three different objectives that need to be optimized to gain the effective solutions were considered and results are presented. These objectives are: minimizing the total cost, which comprises set up costs and income from satisfying the demand; minimizing CO2 emission by the usage of car sharing system`s cars; and minimizing the unsatisfied demand. Opposite to available models in the related literature, to achieve the effective results in a multi objective stochastic model the lexicographic weighted Tchebycheff technique was applied. Within this concept, 16 different cases were applied to Istanbul. Even though couple assumptions were needed to make owing to absence of data, a case which includes real life facets was considered in the application. Thus, the work presented here may help people who desire to determine the locations for new car sharing points in any region in the world. Further, if users have accurate data for a region they study, they can easily use the proposed model without making any change in its substructure other than updating the data.
The problem was optimized with IBM/CPLEX with all municipal districts of Istanbul (excluding an island) as demand stemming points and 15 candidate locations. The problems at this level can be solved to optimality via any optimization programs. However, for larger and complex networks a heuristic [56] algorithm may be needed to develop in order solve the model in a shorter time frame and this may be considered as a future research study. Another direction can be determining the locations of sites by considering other transportation modes and the impacts of the traffic. Not including impacts of traffic is a limitation of this study, which may act as an obstacle to fully ensure the applicability, and should be overcome in future studies. A revised mathematical model that considers the electrical vehicles and determines the capacity to be assigned to electrical vehicles may be developed.
Another future direction can be about demand anticipation. Demand anticipation models may be used to conduct further sensitivity analysis, which is conducted via propagating the scenario probabilities, in this study. Another issue in determining the true demand is the separation of the examined area into more atomic regions. Dividing the area into smaller areas may provide more accurate results but due to lack of data, dividing the region into more detail level could be a future extension of this work. Some other concerns to be considered are the operational analysis of the system such as personnel hiring etc.
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