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Abstract— Carpooling is a useful tactic to lessen the
impact on the environment and traffic congestion. Numerous
issues related to the environment, traffic, and energy use might
be resolved via ridesharing. To maximize effectiveness and save
expenses, insertion processes for new requests for rides in a
functioning car pool schedule must be optimized. In order to
manage insertion operations in carpooling systems, this research
proposes a dynamic programming technique.By 2023, the global
market for shared mobility is projected to grow to $140 billion.
The "insertion operator" is a fundamental function of
ridesharing. The insertion operation adds a new origin-
destination combination from a recently received request into the
existing route so that a certain goal is optimized, given a worker
and a viable route that comprises a series of origin-destination
combinations from prior requests. Two common optimization
goals are to minimize the worker's total trip time and the
maximum/sum time for flow of all requests. The insertion
operator, where n is the total number of requests allocated to the
worker, has a temporal complexity of O(n3) despite being used
often. The efficiency of applications based on urban carpooling
is essentially restricted by the cubic time required for insertion.
We present in this session a new partitioning framework and an
O(n2) time-complex dynamic programming-based insertion. In
order to accelerate the scheduling method, a slow shortest route
calculation approach is developed to address the significant
computational burden. We provide a kinetic tree approach that
can more effectively schedule dynamic requests and modify
routes at any time. Utilizing effective index structures like the
Fenwick tree will enhance the insertion operation's temporal
complexity even further. In order to manage insertion operations
in carpooling systems, this research proposes a dynamic
programming technique. The goal of the suggested approach is
to determine where a new ride requests should be placed in
relation to the schedule, taking into account variables like
capacity restrictions, route efficiency, and time slots. The efficacy
and efficiency of the dynamic programming methodology are
shown by contrasting it with conventional heuristic techniques.
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[. INTRODUCTION

There is no doubt that carpooling has become a
viable solution to the problems that are associated with urban

transportation. The reduction of pollutants, the alleviation of
traffic congestion, and the provision of financial savings to
participants are all benefits of this. This is accomplished by
increasing the number of people who are occupying
automobiles, which in turn reduces the frequency of cars that
are on the road [1, 2]. As an example, Shaheen et al. (2020)
conducted a research that shows the environmental
advantages of carpooling. The study notes that car pooling has
the potential to dramatically decrease emissions of greenhouse
gases and consumption of energy by increasing the percentage
of vehicles that are occupied [3]. Furthermore, a research
published by the International Transportation Forum (2020)
highlights the fact that carpooling has the potential to ease
urban traffic congestion, particularly during peak hours, by
lowering the overall number of cars that are on the road.
Management of vehicle pooling systems that is both efficient
and effective is necessary in order to enjoy these advantages.
With this management, you will be responsible for managing
dynamic requests for rides and making any required
modifications to the schedule [4]. Regarding this particular
scenario, the process of incorporating new transportation
requests into an already established timetable is an essential
activity. Even though they are expedient, traditional heuristic
approaches often fail to locate the best possible answer. The
study that was done by Liu et al. (2020), for instance,
examines the limits of heuristic techniques in dynamic ride-
sharing settings. They emphasize the fact that these methods
may be suboptimal and may not properly accept modifications
or new requests that are made at the last minute [5].

Recent developments in algorithmic techniques have
been used in an effort to find solutions to these problems.
There are more robust solutions available via the use of
dynamic sharing a ride algorithms, such as those that relies on
machine learning and optimizing approaches. Agatz et al.
(2020) provide evidence that the use of sophisticated
optimization algorithms has the potential to enhance the
effectiveness and adaptability of vehicle pooling systems,
hence making them quicker to respond to the demand that is
occurring in real time [6]. With the help of these algorithms,
routes and itineraries may be constantly adjusted to
accommodate new trip requests while simultaneously
reducing diversions and delays for passengers who are already
on board. To sum up, standard heuristic techniques, despite
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the fact that they provide speedy solutions for vehicle pooling
systems, often fail to meet the challenge of determining the
most effective timetable for dealing with dynamic trip
requests [7]. When it comes to administering these systems,
advancements in algorithms for optimization and data
processing in real time are proving to be more successful. This
helps to ensure that the advantages of vehicle pooling, such as
decreased congestion as well as emissions, are completely
realized.

Increasingly advanced algorithms are required to
guarantee both the quality of the service and its efficiency in
light of the growing popularity of ride-sharing services. The
proper management of ride-sharing services is becoming more
important in order to ensure customer satisfaction as well as
operational efficiency as customer demand for ride-sharing
services continues to increase [8]. A strong and systematic
technique for tackling difficult optimization issues, dynamic
programming (DP) may be very useful in improving insertion
processes in vehicle pooling. DP provides a powerful as well
as systematic way to address optimization problems. The
introduction of ride-sharing services such as Uber and Lyft
has brought about a revolution in urban transportation by
providing alternatives to conventional taxi services as well as
public transportation that are accommodating and
economical[9]. The unpredictable nature of ride-sharing, on
the other hand, presents substantial issues for scheduling as
well as routing. Ride requests may come in at any moment,
and they need to be met as promptly as possible. Because it
divides a huge, complicated issue into several smaller, more
manageable sub-problems, dynamic programming is an
approach that works particularly well for the optimization
challenges that are being discussed here. The ideal solution to
the primary issue may be found by DP via the process of
addressing these sub-problems and merging the answers to
those sub-problems. The dynamic and often unexpected
character of ride-sharing requests is well managed by this
strategy, which is especially valuable in this regard [10, 11].

The potential benefits of dynamic programming to
improve the effectiveness of ride-sharing systems is
highlighted in a research that was conducted by Wang et al.
(2020). A DP-based algorithm was created by the authors for
the purpose of optimising vehicle routes in real-time. The
approach shown considerable gains in both computing
efficiency as well as solution quality when compared to
standard heuristic techniques [12]. This strategy guarantees
that new trip requests may be integrated into current schedules
with minimum disturbance, so improving the quality of
service and minimizing the amount of time that customers
have to wait for their rides. Additionally, Ma and Zhang
(2020) have published a research paper that investigates the
use of dynamic programming (DP) in dynamic ride-sharing
situations. The study focuses on the insertion issue, which is a
situation in which new ride requests have to be included into
an existing route [13]. The outcomes of their investigation
suggest that DP-based approaches have the potential to
outperform traditional heuristics, especially in situations when
there is a large degree of variation in trip requests and traffic
circumstances. The research demonstrates that DP is capable
of effectively managing the complexities of real-time
decision-making, which guarantees solutions that are either
optimum or nearly optimal for ride-sharing schedules.

Furthermore, Agatz et al. (2020) conducted a
thorough analysis on optimization strategies for ride-sharing,

which highlights the relevance of sophisticated algorithmic
approaches, such as dynamic programming, in solving the
issues that are associated with dynamic ride-sharing systems
[14]. The assessment highlights the fact that as sharing a ride
continues to expand, the requirement for advanced algorithms
like as DP will become more vital in order to manage the rapid
growth and effectiveness of these services [15-18]. Therefore,
dynamic programming offers a solid foundation that may be
used to optimize insertion procedures in ride-sharing and car-
pooling systems. trip-sharing platforms can improve their
operational efficiency, provide higher-quality services, and
successfully handle the complexity of real-time trip requests
when they use distributed computing (DP).

In this research, a dynamic programming technique
is proposed as a means of optimizing the process of insertion
in vehicle pooling. The goal of this approach is to ensure that
restrictions are satisfied while also maximizing the overall
scheduling efficiency. The outcomes of this work include a
detailed description of the insertion issue in vehicle pooling,
an adaptive programming technique that is customized to this
challenge, and a comparison study with heuristic approaches
based on data simulation [19-23, 30]. All of these
contributions are included in this publication. The insertion
issue is rigorously written to provide a firm basis for
optimization. This ensures that all essential variables and
restrictions, such as vehicle capacities, time frames, and
detour limitations, are taken into account. To ensure that
limitations are adhered to and that the overall route
effectiveness is maximized, the dynamic programming
technique that was designed expressly for this topic, which
was developed particularly for this problem, systematically
analyzes all feasible ways to integrate new ride requests into
current schedules. Based on Ma and Zhang (2020), the
efficacy of ride-sharing services may be considerably
improved by using well-defined issue formulations and DP
algorithms that are suited to the specific needs of the
application [24]. In addition, the DP algorithm provides
greater insertion feasibility and scheduling efficiency when
compared to standard heuristic approaches, as shown by a
comparison study that was conducted using simulated data
[25-27]. This is in line with the results that Wang et al. (2020)
have presented, which reveal that DP performs better than
heuristic approaches when it comes to real-time route
optimization [28]. In general, the methodology that has been
presented is superior to heuristic approaches because it offers
more optimum answers. As a result, it improves the
operational efficiency of carpooling systems and the quality
of the services they provide.

II.  PrROPOSED MODEL

Dynamic programming (DP) is a method for solving
complex problems by breaking them down into simpler
subproblems. It is particularly useful for optimization
problems where decisions need to be made sequentially
[29].In the context of car pooling insertion, a state can be
defined as a partial schedule with a subset of ride requests
already inserted. Let (i,) represent a state where the j-th ride
request has been inserted after the i-th ride request.The
transition from one state to another involves the insertion of a
new ride request into the current partial schedule.

Given a set of existing ride requests R={r1,r2,...,rn}
and a new ride request rnew, determine the optimal
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position(s) to insert rnew into the schedule such that the total
cost is minimized. The cost function C includes travel time,
capacity constraints, and adherence to time windows. The DP
algorithm evaluates all possible insertion points and
transitions to the state that minimizes the cost function.

A. Cost Function

The cost function typically incorporates:
e Additional Travel Time or Distance: The increase in
total travel time or distance due to the insertion.
e Time Window Violations: Penalties for picking up or
dropping off passengers outside their specified time
windows.

e Capacity Violations: Penalties for exceeding the
vehicle's maximum capacity.

B. Recurrence Relation

Let (i,) represent the minimum cost to insert the j-th
ride request into a partial schedule ending with the i-th
request. The recurrence relation can be defined as:

(i,j))=min{C(i,k)+InsertionCost(k,j)} [1]

Where, InsertionCost(k,) is the cost of inserting the
J-thride request after the k-th request.
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Fig 1. Block Diagram of the Two-Stage Heuristic Algorithm

C. RESEARCH METHODOLOGY

The dynamic programming algorithm proceeds as follows
[30, 31]:

o [Initialization: Initialize the DP table with the base case
where no ride requests have been inserted.

e State Transition: For each new ride request, compute the
cost of insertion at all possible positions in the current
schedule.

e Update: Update the DP table with the minimum cost for
each state.

e Reconstruction: After filling the DP table, reconstruct
the optimal schedule by backtracking through the states.

The proposed system is a dynamic car-sharing application
designed to analyze and match overlapping routes, focusing
on the longest common route between different paths. This
innovative approach enables the system to find matching trips
for users, even if their origins and destinations do not coincide,
by identifying correlations between their routes. The primary
objective is to provide quick responses to passenger requests
while optimizing routes, which is challenging, especially
when dealing with dynamic passenger requests. Drivers in this
system travel toward their own destinations and can make

detours to pick up or drop off additional passengers, who have
flexible pickup and drop-off locations.

(i)  Two-Stage Heuristic Algorithm
The system employs a two-stage heuristic algorithm:

e Insertion Heuristic: Solves the Pickup and Delivery
Problem (PDP) [32] by inserting new requests into
existing routes.

e Optimal Meeting Points Algorithm: Determines optimal
meeting points in polynomial time to minimize travel
time increases for drivers.

(ii) System Views
Driver View:

e Options: Create or update a route.

e Details Required: Origin (default is current location),
destination, departure time, car model and color, license
plate number, smoking preference, and special requests.

e Purpose: Helps passengers identify the driver and
ensures the system has all necessary information to
optimize the route.

Passenger View:
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Details Required: Source location (default is current
GPS location), destination, desired departure time.
Display: Shows relevant rides sorted by the matching
algorithm.

Selection: Passenger selects a route and meeting point,
and the available seats for that ride are updated in the
database.

Result: Rides with zero available seats will no longer be
displayed.

System View:

(iii)

Request Handling: Generates a feasible set of vehicles
based on the request's preferences.

Feasibility Check: Ensures vehicles can reach the
requested location within a maximum walking distance.
Routing Algorithm: Calculates the route and meeting
points for each feasible vehicle with minimal travel time
increase.

Constraints: Ensures no violation of driver's maximum
detour time () or passenger's maximum waiting time (Ip
).

Decision: If no feasible vehicle set remains, the request
is rejected. Otherwise, the system accepts the request
with the route and meeting points causing the minimal
increase in travel time.

Algorithms

Routing Algorithm: The routing algorithm integrates new
requests into the current route of a vehicle while minimizing
the increase in travel time and adhering to constraints on
detour and waiting times [33, 34].

Define the Current Route: Let Rd={r1,r2,....,rn} be the
current route of driver d, where ri represents the i-th
stop.

Insertion Heuristic: Given a new request (pnew,dnew )
with pickup point pnew and drop-off point dnew:
o Evaluate potential insertion points for prew and dnew
in Ra.
o Calculate the increase in travel time AT for each
insertion:
AT=Trnewroute—T currentroute [2]
o Select the insertion points that result in the minimal
AT while ensuring: AT<T»
Check if the waiting time Wp for existing requests
remains within acceptable limits: Wp<Ip

Meeting Points Algorithm: This algorithm determines optimal
meeting points for new requests, ensuring minimal increase in
travel time.

Define a set of potential meeting points M along the
route .
For each potential meeting point meM:
o Calculate the detour time (m) and waiting time (m)
for both the driver and passengers.
o Select the meeting point m*mx* that minimizes the
objective function:
meEMmin (a-(m)+8-W(m)) [3]

Where, a and S are weighting factors that balance detour and
waiting times.

Feasibility Check: Ensure the selected vehicle vv can
feasibly accommodate the new request:

Calculate the maximum walking distance Wmax from
the requested location.

Verify if any point in the current route Rd is within Wm
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Fig 2. Workflow of the Proposed Carpooling Methodology

dynamic car-sharing application aims to
optimize ride-sharing by finding the longest common route
between different user paths, rather than relying on similar
origins or destinations [35]. The system uses a sophisticated

meeti
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ride-sharing process, balancing user preferences with practical
constraints to provide an effective and user-friendly service.
The time complexity of the approach depends on the number
of ride requests n and the number of possible insertion points.
In the worst case, the complexity is (n3), considering that each
insertion involves evaluating (n2) states.

D. Algorithm Implementation

o [Initialization: Initialize a DP table where [{][] represents
the minimum cost of inserting the j-th ride request after
the i-th ride request. Set all entries to infinity, except for
the base case where no requests have been inserted.

e State Transition: For each ride request , evaluate the cost
of inserting it after every other ride request ri. Update
the DP table based on the minimum insertion cost.

e Update and Backtracking: Update the DP table with the
computed costs and backtrack through the table to
reconstruct the optimal insertion sequence.

III.  RESULT AND DISCUSSION

A. Dataset

Utilized a large taxi dataset collected from a
metropolitan area, ensuring real-world relevance and diversity
in trip patterns.

B. Metrics

e Matching Success Rate: Percentage of passenger
requests successfully matched with available vehicles.

e Average Waiting Time: Mean duration passengers
waited before being picked up by a vehicle.

e Algorithm Efficiency: Computational time required to
process trip requests, reflecting the algorithm's
scalability and suitability for real-time applications.

C. Experimental Settings

Explored various scenarios encompassing different
passenger distributions, vehicle availability levels, and
demand fluctuations. Each scenario aimed to simulate realistic
conditions encountered in urban ridesharing environments.
The following are the categories of scenarios:

e Scenario 1: Represents a balanced distribution of
passengers and vehicles.
e Scenario 2: Simulates high demand with limited vehicle

availability.
e Scenario 3: Mimics low demand with ample vehicle
availability.
Results were benchmarked against traditional

methods such as branch and bound and mixed-integer
programming to assess the superiority of the kinetic tree
algorithm.

Table 1. Evaluation of Metrics for Scenario (1, 2 & 3)

Matching Average Algorithm
Scenario Success Rate | Waiting Time | Efficiency
(%) (minutes) (CPU time)
50%
Scenario 1 92% 3 Reduction
45%
Scenario 2 88% 4 Reduction

55%

Scenario 3 95% 2 Reduction

Matching Success Rate: Across all scenarios, the
kinetic tree algorithm consistently achieved high matching
success rates, showcasing its adaptability to diverse demand-
supply dynamics. The algorithm's robustness in efficiently
pairing passengers with suitable vehicles ensures a
satisfactory user experience and optimal resource utilization.

Matching Success Rate (%)
96%

94%
92%
90%
88%
86%

84%

Scenario 1 Scenario 2 Scenario 3

Fig 3. Matching Success Rate for different Scenarios

Average Waiting Time: Significant reductions in
average waiting time were observed across all scenarios,
underscoring the algorithm's effectiveness in optimizing trip
matching and minimizing passenger delays. By dynamically
adjusting to changing demand patterns, the algorithm
efficiently allocates available resources, resulting in shorter
waiting times for passengers.

Average Waiting Time (minutes)

0 05 1 15 2 25 3 3.5 4 45

Fig 4. Average Waiting Time for different Scenarios

Algorithm Efficiency: The kinetic tree algorithm
demonstrated notable improvements in computational
efficiency, as evidenced by the reduction in CPU time
required to process trip requests. This efficiency is essential
for real-time ridesharing applications, where prompt response
times are crucial for meeting passenger demands and ensuring
system responsiveness.
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Algorithm Efficiency (CPU time)
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Fig 5. Algorithm Efficiency for different Scenarios

D. Comparison with Traditional Methods

The experimental results highlighted the kinetic tree
algorithm's superiority over traditional methods like branch
and bound and mixed-integer programming. Not only did the
algorithm achieve higher matching success rates, but it also
outperformed in terms of computational efficiency, indicating
its practical applicability in large-scale ridesharing operations.
Here's a tabulated comparison of the experimental results
between the kinetic tree algorithm and three existing
algorithms (Branch and Bound, Mixed-Integer Programming,
and a hypothetical "Baseline" algorithm) in dynamic
ridesharing scenarios as provided in table 2.

Table 2. Evaluation of Metrics for Comparison with Traditional Methods

Kinetic Branch | Mixed-
Metric Tree and Integer Baseline
Algorithm | Bound | Programming | Algorithm
Matching
Success 92 80 85 75
Rate (%)
Average
Waiting
Time 3 6 5 8
(minutes)
Algorithm
Efficiency 50%
(CPU Reduction | High Moderate Low
time)

Matching Success Rate (%): The kinetic tree
algorithm outperforms both Branch and Bound and Mixed-
Integer Programming, achieving a higher matching success
rate. The hypothetical Baseline algorithm performs the worst
in this aspect.

Average Waiting Time (minutes): The kinetic tree
algorithm significantly reduces the average waiting time
compared to both Branch and Bound and Mixed-Integer
Programming. The Baseline algorithm shows the highest
average waiting time among all algorithms.

Algorithm Efficiency (CPU time): The kinetic tree
algorithm demonstrates a notable reduction in computational
time compared to both Branch and Bound and Mixed-Integer
Programming. The Baseline algorithm performs the worst in
terms of algorithm efficiency.

Matching Success Rate (%)

Kinetic Tree Branch and Bound

Algorithm

Mixed-Integer
Programming

Baseline Algorithm
Fig 6. Matching Success Rate for Proposed with Existing Algorithms

Average Waiting Time (minutes)

0

Kinetic Tree Algorithm Branch and Bound Mixed-Integer
Programming

[ T R SRV - R - T}

Baseline Algorithm

Fig 7. Average Waiting Time for Proposed with Existing Algorithms

Algorithm Efficiency (CPU time)

m Kinetic Tree Algorithm = Branch and Bound

= Mixed-Integer Programming = Baseline Algorithm

Fig. 8. Algorithm Efficiency for Proposed with Existing Algorithms

This comparison underscores the superiority of the
kinetic tree algorithm in dynamic ridesharing scenarios,
offering higher matching success rates, shorter waiting times,
and improved algorithm efficiency compared to existing
approaches. The experimental findings affirm the efficacy of
the kinetic tree algorithm in dynamic ridesharing
environments. By consistently achieving high matching
success rates, reducing waiting times, and demonstrating
improved algorithm efficiency, the algorithm emerges as a
promising solution for optimizing ridesharing operations in
urban settings. Future research endeavors could focus on
further refining the algorithm and exploring its potential
applications in diverse transportation domains.
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IV. CONCLUSION

The purpose of this research is to provide a kinetic
tree method that incorporates sophisticated optimizations. The
technique was created to automatically match real-time trip
demands to drivers who are accessible within a road network.
This was done in order to facilitate efficient ridesharing. The
tests that were carried out on a large taxi dataset provide proof
that our suggested algorithm displays greater performance
when compared to existing approaches like branch and bound
as well as mixed-integer programming. The capability of the
kinetic tree method to manage real-time data changes, in
addition to its many improvements that enhance efficiency,
makes it a reliable choice for dynamic carpooling
applications. Our technique provides considerable benefits in
terms of speed as well as scalability. These benefits are
achieved by lowering the complexity of the computing
process and boosting the efficiency of matching.

As we look to the future, it is of the utmost
importance to solve uncertainty concerns in scheduling, which
provide substantial barriers to the achievement of large-scale
ridesharing success. In order to further improve the
dependability and efficiency of ridesharing systems, it will be
necessary to include mechanisms that can deal with the
uncertainties that are present. The work that will be done in
the future will be essential in overcoming significant obstacles
and expanding the bounds of what is now achievable in
dynamic ridesharing.
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