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ABSTRACT

Taxi ride sharing, an economical travel option for people, brings many contributions to reducing unique pressures of traffic systems in big metropolitan areas. This new mode, however, has its imperfection of sometimes failing to deliver every rider in a timely fashion. This study proposes an optimization model to minimize the delivery time delays. The model matches drivers with their passengers and finds the most efficient service orders. It also offers the information for fare estimates, pickup and delivery time prediction for each passenger. We conduct a case study to show the effectiveness of the model. We also present a multi-source multi-target shortest path calculation algorithm to promptly retrieve the travel time information from a real road network. In addition, real time deployment with more efficient model solver is discussed, as well as possible extensions of the model to accommodate more practical situations such as ensuring passenger comfortableness and dynamic pricing.
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Taxi ride sharing is a type of newly launched service in big cities by a few ride-hailing companies, e.g., Uber, Lyft, Didi Chuxing, etc. A passenger compromises to share a vehicle with other riders and pays a lower fare rate than exclusive services. Besides being an economical travel choice for people, ride sharing provides effective solution to some unique challenges the highly populated areas are facing, such as shortage of cabs, severe congestions during rush hours. Other long term significances of this new travel mode include reducing fuel consumption and carbon footprint, etc. Although taxi sharing sounds able to “kill many birds with one stone”, it is far away from being perfect – it is currently suffering from punctuality and reliability issues, i.e. it possibly keeps ride requesters waiting too long to get picked up and hardly guarantees on time drop-offs.  According to the feedbacks people gave in Google Play Store to these services’ apps, delay issue is among the most frequently mentioned unsatisfactory experiences of their customers, as one can see from some example in Figure 1.1. Unpredictable waiting and delay makes it unpleasant and even frustrating to use ride sharing cab services, and in the long run will hurt the reputation of these companies if not effectively addressed.    

This study addresses service delay issue of a ride sharing system.  We present a centralized passenger-driver matching model to decide which vehicle to serve which passengers and in what order. Our objective is to minimize the overall delivery time delay for all passengers. This centralized algorithm not only offers an optimized routing plan, but also provides reasonable estimates of the timestamps at each pickup and drop-off locations. Ride requesters will then be informed in advance instead of innocently waiting without knowing when the cab arrives. The calculated mileage and service duration for each passenger also enable reliable fare estimates.
  

Ride Sharing scheduling belongs to the general Vehicle Routing Problem(VRP). Next we will give an overview of the VRP problem and its variants and solution methods.  
[image: C:\Users\yang\Desktop\Picture1_blurred.tif]
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Literature Review
							
	
This Chapter will be the literature review of Vehicle Routing Problems.
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We describe the configuration of the centralized ride sharing system. In some region, at one moment, there are  in-service vehicles distributed in different locations,  ride requesters awaiting service. Every requester has a pickup location, destination, and a preferred latest arrival time. There are more riders than drivers and they are all willing to share a vehicle with others. The ideal situation is that every passenger can be delivered on time, but because one vehicle might have to serve more than one passengers, and there are unsolvable contradictions between passengers’ requested arrival times, the possibility of satisfying everybody is very slim. The objective here is to minimize the total delay of delivering every passenger compared to their preferred arrival time. 

There is a classical but still actively pursued optimization model called Vehicle Routing Problem with Time Window (VRPTW) that is considered the generalized prototype of many multi-vehicle multi-request pickup and delivery scheduling problems. Cordeau first formulated VRPTW in 2003 [1] and the model has been inherited by many scholars when studying related problems. The model has been applied to applications such as truck delivery,  patient transformation in hospital networks [2, 3], vehicle customer matching in taxi-sharing services [4, 5], facility location selection such as electric vehicle charge stations, theater, military supply bases, etc. [6, 7]. A few literatures have offered multi-facet overviews of previous studies on this class of problem [8-10].    In this paper, our model development is also based on Cordeau’s formulation. The differences from previous models and studies are: (1) The objective of most previous studies is about the “travel cost” of the vehicles and companies owing these vehicles, either the total travel distances, which represents how much fuel they consume, or adding more terms such as total travel time, which is related to labor cost. To the best of our knowledge, there has been no studies modeling the service delay issues. (2) The reason that service delay has not been looked into is that most studies focus on solvable cases where vehicles can always find a solution to reach customers’ destinations on time without violating the requested time windows. This might be true in some situations where customer requests are not very intensive and schedules all have margins, but definitely not the real-time ride sharing service, where requests pop up constantly and violations of preferred timeline is inevitable. In contrast to previous models, we focus on more practical situations in ride-sharing system where there is no way for the drivers to perfectly satisfy everybody, and in this case we directly model and minimize the delivery delays.    
       












We are now ready to give the full picture of the model formulation. We have mentioned that it is a - vehicle -- passenger configuration. We define the vehicle set , passenger pickup location set , delivery location set , and set , where  represents the origin depot and  the destination depot of a vehicle.  is the load associated with each location, with picking up a positive value and dropping off negative, e.g. if two passengers need to be picked up at location 5, then , and if one passengers will be dropped off at location 3, then . Each passenger has its preferred latest arrival time to their destinations, denoted by . Table 1 shows the other variables that will be used in the objective and constraints, their data types and definitions. 
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Binary.  if vehicle  travels from location  to ,  otherwise. 

	

	

Double. The time when vehicle  arrives at location 

	

	

Integer. Load of vehicle  after it leaves location 

	

	

Double. Service time of vehicle  at location 

	

	


Double. Travel time of vehicle  from location  to location 

	

	
Integer. Capacity of vehicle 

	

	Double. An intermediate variable used to linearize nonlinear term in the objective. 

	

	Double. An intermediate variable used to linearize nonlinear term in the objective. 



We first list all the objective and constraints before we explain them one by one. 
The objective is to minimize the delivery time delays for all serviced passengers:


                                                                        (o1)



,                                                   					    (c1)


,                                                                                      (c2)


,                                                                                     (c3)


,                                                                                             (c4)




,                                                                     (c5),                                                                                                (c6)


,                                                                                          (c7)


,                                                    	    (c8)


,                                                        (c9)


,                                                                                   (c10)


,                                                                                      (c11)


,                                  					  (c12)


,                                                                 		  (c13)




,                                                                		  (c14),                                                 	  (c15)


For the constraints, (c1)-(c3) set constraints on  based on the service order requirements. A vehicle cannot travel back to itself, a vehicle cannot travels from a passenger’s destination to the origin, and a vehicle cannot travel from the origin depot directly to a passenger’s destination.  





(c4) describes that exactly one vehicle picks up a passenger. (c5) together with (c4) describes the same vehicles picks up and delivers the passenger. (c6) enforces that a vehicles always starts from its origin depot. (c7) enforces a vehicles goes back to its destination depot after delivering the last passenger. (c8) is the flow conservation at any pickup and delivery location. (c9) captures the arrival time relationship between two locations, if a vehicle travels from one location to another, then the arrival time at one is later than the other. (c10) states that a vehicle always arrives at a passenger’s destination later than the pickup location, which enforces the service order that a vehicle always picks up a passenger before getting to his/her destination. This is a constraint that Cordeau’s formulation did not use. Cordeau used some advanced order constraint techniques to enforce the orders. We found that it is much easier to just add a constraint on  and .  (c11) to (c14) restricts the lower and upper bounds of the load of a vehicle. At a pickup location, , while at a drop-off location, . (c15) captures the load relationship for the vehicle at two locations, using the same logic as in (c9).    
   










Let’s explain the objective function now. It is formulated by adding up the delivery delay of every passenger. We only count if the arrival time is later than the requested, so the outside is a max() operator to filter out those that are on time.    is the actual arrival time of passenger . From (c5)  we know that , and we know from (c4) that for any , there is only one pair of  and  to make , which is because there is only one vehicle to pick up a passenger at his/her origin and departs to only one direction, so the dual summation will only keep the  where  vehicle  is the one that has picked up passenger . 



The model is not completely linear yet. First, (c9) and (c15) are both nonlinear constraints. We use the big-M method to convert it to linear constraints.  Here  and  are sufficiently large numbers.



,                                        (c16)


  ,                                                                                    (c17)


,                                              (c17)


Second, the objective function is also nonlinear because of the product term and the max() operator. For the product term, we define new variables and apply big-M notation to linearize it. For the maximum operator, (c23) and (c24) defines new variable and let it be bigger than both arguments. Here  is a sufficiently large number. 



,                                                                       (c18)


,                                                                        (c19)


,                                                                                   (c20)


,                                                         (c21)


,                                                                                       (c22)


,                                                                                          (c23)


,                                                                                                     (c24)


From the discussion earlier, we know that  is a 0-1 binary variable, so we can easily verify that (c19)-(c22) is equivalent to (c18). 

So the objective becomes:

                                                                                                   (o2)
with the constraints (c1)-(c8), (c10)-(c14), (c16)-(c24).  
The model can be solved as a mixed integer programming (MIP) problem using the optimization solvers such as Gurobi, CPLEX, etc. 
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A Case Study


As an example, we study a 3-vehicles-6-passengers scenario. We randomly generate vehicles’ depots and passengers’ pickup and drop-off locations. Minimum travel time between a passenger’s origin and destination is calculated, and the passenger’s preferred arrival time is also randomly assigned, and the value is reasonably larger than the minimum travel time. We here make the capacity of each vehicle 3. 

Figure 4.1(a) visualizes the vehicles’ origin depots and the six passengers’ pickup and drop off locations. The notation on each path is the minimum travel time required followed by the passenger’s preferred longest delivery time. For example “12m/18m” represents that it takes a taxi at least 12 minutes from the origin to the destination, and the passenger allows 6 more minutes. 

Figure 4.1(b) presents the optimized service plan. The green vehicle serves only one passenger. It takes 27 minutes to finish this delivery with 9 minutes’ delay. The red vehicle picks up two passengers and drops them off in the same order. The delays for these two passengers are 4 min and 15 min respectively. The blue vehicle takes care of the rest of the passengers, and it picks up all three passengers before delivering them one by one.       

We observe that, because the objective is to minimize the overall delays, the vehicle does not give priority to any individual vehicle. Although a vehicle is close to one particular passenger, it could instead be dispatched to serve other passengers who needs service equally but does not have a vehicle close by. The pickup and drop-off orders are all optimized for the global minimization purpose. A passenger picked up earlier does not necessarily gets dropped off first, e.g. the blue vehicle first picks up the blue passenger but delivers the green one first.   
[image: C:\my study\research-2016\classes\planning\reference\figures\case_study_1.eps][image: C:\my study\research-2016\classes\planning\reference\figures\case_study_2.eps]
(a)                                                           (b)
[bookmark: _Toc463603951][bookmark: _GoBack]Figure 4.1. A 3-vehicle-6-passenger case study. (a) Visualizing vehicles’ depots and passengers’ pickup and drop locations. Notation on each path (required minimum travel time/passenger allowed maximum service time). (b) Optimal service order. Notation by each destination (Passenger allowed maximum service time/Actual time taken/Delay).  
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Conclusions and Recommendations

Taxi sharing is a promising travel mode in big cities to address many traffic issues such as congestions, insufficieny of cabs, pollutions, etc. To tackle the service delay challenge in taxi-sharing services, we formulate a mixed linear integer programming model to match drivers and riders and offer the optimal service order to minimize overall delivery delays for all customers. The model provides the most efficient service schedules, and offers the time and distance information that is valuable for arrival time estimation at each stop, fare estimation and so is able to keep the riders informed of their cost and trip details in advance. 

There are many challenges that have not been effectively solved yet. The biggest challenge is the computational complexity of the optimization model. In our 3-vehicle-6-passenger example, the optimization process takes about 8 minutes. Adding more vehicles or passengers would exponentially increase the computational cost, and make it currently impractical for real-time deployment. There are a few possible ways to simplify the computation and makes it acceptable for real-time response. For one thing, solving an integer programming problem includes two stages. First, the problem is treated as a regular linear programming problem where the integer constraints are ignored. Then in the branch and bound step, every integer constrained node will be fathomed into, to check if the relaxed solution is still feasible and if the objective value gets better. The best objective value (called “incumbent”) is updated every iteration till all possibilities have been looked into and compared. Most of the runtime is spent on the branch and bound step and actually objective reaches a fairly low value very quickly and then coverges very slow. So a large partition of the run time is on achieving that little improvement. For real applications such as real-time driver-rider matching, where time is of essence, we can definitely terminate the branch and bound once the objective is at a good level, without having to wait and reach the best. For another, we also saw other studies where the authors did some preprocessing to break the global scheduling into smaller local searches, these techniques include nearest neighbor clustering [11], locality-sensitive hashing [12], etc. We will look into the above methods to see if they will achieve an acceptable tradeoff between shortened runtime and compromised objective optimization.         

Another interesting and valuable extension to the taxi sharing model itself is that, in practice, when a requester orders a ride, besides specifying a preferred latest delivery time, they can also choose an urgency level associated with that time point. For example, a user wants to be dropped at his destination at 9 am, but he also chooses “3” out of five importance levels. Choosing a lower level will be charged at a lower rate because he allows the driver to give the service priority to other passengers who has a higher urgency level. To show this in our optimization objective, we basically give a higher penalty weight for the delay of higher urgency level, and vice versa. The feedbacks we acquired from Google store also inspire us to other potential extensions. For example, to ensure user comfortableness, the duration an individual passenger stays in the vehicle cannot exceed double (or other ratio) of the minimum time it needs, otherwise the passenger would get exhausted. For fairness considerations, the service order and individual delays could also be reflected in the differences of prices, which also makes the model possibly useful for price modeling. These extensions and modifications will be investigated in the next stage of our study.   
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