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It is reported that Uber has served more than 10 

billion passenger requests in over 80 countries 

while Didi Chuxing is now serving over 30 million 

rides per day in China.

Terminology: Ride pooling/ ride-splitting

It refers to a ride sourcing service in which 

passengers can opt to split both a ride and the fare 

(i.e., like dynamic carpooling). 

Introduction
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Related literature

Typical examples are UberPool, Didi Express Pool and Lyft Share. 

Ride-pooling services are expected to improve vehicle utilization rate and achieve societal benefits 

such as traffic congestion alleviation and emission reduction, especially during the peak hour.

A similar research shows cumulative trip length can be cut by 40% or more if taxi trips can be shared 

in Manhattan. (Nature,2018 )
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Related literature

Nonetheless, there exist some doubts about the effectiveness and efficiencies of ride-pooling 

service, particularly their impacts on traffic congestion.

Shared services add 2.6 new TNC miles for removing each mile in personal driving (This is 

based on the current rate of about 20 percent of TNC trips being shared.)

Schaller (2018) pointed out

This negative effects warrant a need for a better understanding and efficient 

operations of the emerging ride-pooling service
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Ride pooling relevant Data-driven relevant 

Related literature

Yan et al. (2019) examined the steady-state of a market 

with ride-splitting services and showed that the joint 

optimization of dynamic pricing and  matching can help 

improve vehicle utilization and reduce passenger waiting 

time

Yang et al. (2019) studied the complex relations among 

matching radius, passengers’ average detour time, and 

demand for ride-splitting services in a two-sided market 

with matching frictions

Ke et al. (2019) investigated the equilibrium 

properties of a ride-splitting market

Some of these studies are rooted in earlier 

studies on conventional taxi markets

Chen et al., (2017) develop an ensemble learning 

approach to investigate the key factors that affect 

passengers’ choices between non-ride-splitting and 

ride-splitting services

Li et al., (2019) find that the proportion of passengers 

using ride-splitting services is still low (6-7%) due to 

long extra detour and degraded travel time reliability.

Yang, Ke and Ye, (2018) discover a universal law 

of detour ratios which states that the detour ratio 

(the ratio of average actual road distance to 

straight-line distance) is a constant plus a term 

inversely proportional to the straight-line distance
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To tackle this challenge, based-on real trip dataset, this study 

makes a first attempt to empirically examine the relationships 

between the three key measures (pool-matching probability, 

passenger detour distance and driver routing distance) and the 

key influence factors in ride-pooling service.

Introduction

Aggregated analysis exhibit the inability to fully 

characterize the ride-pooling service system using overly 

abstracted mathematical models.

None of these data-driven studies provides explicit formulations 

to characterize how pool-matching probability, passenger detour 

distance and driver routing distance change with passenger 

demand and other factors, in a general case. 
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• 𝑝 : the pool-matching probability, the proportion of successful 

pool-matched passengers among all passengers

• 𝑙𝑖: Trip length of passenger i, without ride-pooling

For two trips that are paired for ride splitting, two different 

pick-up drop off sequence:

• First pickup first dropoff (FPFD)

• First pickup last dropoff (FPLD)

The detour distance experienced by passenger 𝑖 and 𝑗 are 

𝑙1
𝑓
+ 𝑙2

𝑓
− 𝑙𝑖 and 𝑙2

𝑓
+ 𝑙3

𝑓
− 𝑙𝑗, respectively.

The routing distance of drivers for the two sequences are

𝑙1
𝑓
+ 𝑙2

𝑓
+ 𝑙3

𝑓
, 𝑙1

𝑙 + 𝑙2
𝑙 + 𝑙3

𝑙 , respectively

𝑙, Δ𝑙, L: the average trip distance without ride-pooling service

average detour distance and means of drivers routing distance

Definitions of the key measures

First pickup first dropoff (FPFD)

First pickup last dropoff (FPLD)

𝑙𝑖

𝑙𝑗

𝑙1
𝑙

𝑙2
𝑓

𝑙3
𝑓

𝑙3
𝑙

𝑙3
𝑙

𝑙𝑖

𝑙𝑗

𝑙1
𝑓
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Suppose the matching pool has 𝑁 accumulated passengers (i.e. passenger demand in each batch 

matching) with heterogeneous origins and destinations: (𝑂i,𝐷i), 𝑖 = 1,2,⋯,𝑁. For any two 

passengers, 𝑖, 𝑗∈ 𝑁,there are four types of sequences to serve them:

𝑂𝑖 → 𝑂𝑗 → 𝐷𝑖 → 𝐷𝑗 (FPFD), 𝑂𝑖 → 𝑂𝑗 → 𝐷𝑗 → 𝐷𝑖(FPLD)    and 

𝑂𝑗 → 𝑂𝑖 → 𝐷𝑗 → 𝐷𝑖 (FPFD), 𝑂𝑗 → 𝑂𝑖 → 𝐷𝑖 → 𝐷𝑗 (FPLD). 

Let 𝐿min(𝑖, 𝑗) denote the minimum driver routing distance of these four sequences.

Matching algorithm
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Data preparation

Trips

Website of New York Taxi Dataset: https://data.cityofnewyork.us/Transportation/

Website of Didi Gaiya Open data: https://outreach.didichuxing.com/research/opendata/

https://data.cityofnewyork.us/Transportation/
https://outreach.didichuxing.com/research/opendata/
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Model setting

matching radii 𝑅, from 2km to 5km with a 

step of 1km

passengers in the pool 𝑁 from 10 to 200 

with a step of 10 in each experiment

randomly sample 𝑁 passenger requests 

from historical trip records with origins 

and destinations

repeated by sufficient times (4,000 in this

experiments)

Data preparation

Open street map: www.openstreetmap.org
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Data filter

Trip length less than 0.1km or larger 

than 50 km

the trip duration time:  shorter than 

10s or longer than 2h

average speed of the trip is greater 

than 100 km/h

the origins and destinations of the 

trips are assigned to their nearest 

nodes in the network

Data preparation
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Empirical law

Different city scale and trip information, exhibit 

some common characteristics

When demand is relatively large, detour 

distance, the distribution of detour distances 

decays as a power law. 

The fundamental mechanisms behind this 

behavior has not yet been fully explained .

Law of passenger detour distance
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It is interesting to find that the relationship between 𝛥𝑙 and 𝑁 can be well fitted by the 

following simple equation,

where 𝑙r is the average non-shared trip distance, Δ𝑙 is the average detour distance

Law of passenger detour distance

Empirical law
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Law of passenger detour distance

Empirical law



PhD qualifying examination, Zhengfei, Civil Dept. HKUST 18

Law of passenger detour distance: unify the law by encapsulating the R  

Δ𝑙

𝑙𝑟
=

1

𝑁𝑅2 𝛼𝑝 + 𝛽𝑝

• When low demand, larger matching radius results 

in longer detour distance.

• When demand is high,   larger matching radius will 

have the opposite result, lead to shorter detour 

distance.

Empirical law

more general form
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City name 𝜶𝒑 𝜷𝒑 𝒓𝟐

Haikou 0.0013 10.4842 0.7460

Chengdu 0.0020 9.1015 0.7053

Manhattan 0.0036 6.7223 0.6909

Law of passenger detour distance

Empirical law

Δ𝑙

𝑙𝑟
=

1

𝑁𝑅2 𝛼𝑝 + 𝛽𝑝
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Law of average driver routing distance

We find that the following empirical law can well fit the relationship between 𝐿 and 𝑁,

Empirical law
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Law of average driver routing distance

Empirical law



PhD qualifying examination, Zhengfei, Civil Dept. HKUST 22

Law of average driver routing distance

The drivers routing distance converges to a certain ratio of 

average trip distance

Empirical law

𝐿

𝑙𝑟
=

1

𝛽𝑑log(𝛼𝑑 ×
𝑁
𝑅)
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Law of average driver routing distance

𝐿

𝑙𝑟
=

1

𝛽𝑑log(𝛼𝑑 ×
𝑁
𝑅)

City name 𝜶𝒅 𝜷𝒅 𝒓𝟐

Haikou 4170.7138 0.0471 0.6847

Chengdu 24917.5869 0.0487 0.6605

Manhattan 534.6560 0.0670 0.7140

Empirical law
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Law of pool-matching probability

pool-matching probability with passenger 

demand looks like a saturation curve that 

first increases quickly and then slowly

Empirical law
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Law of matching probability

Empirical law
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City name 𝒂 𝒃 𝒓𝟐

Haikou 0.2072 3.5202 0.9556

Chengdu 0.2504 3.5379 0.9735

Manhattan 0.3295 2.9648 0.9873

Law of matching probability

𝑝 = 1 − 𝑏 × 𝑒𝑥𝑝 −𝑁𝑎 × 𝑙𝑛𝑅 ,𝑤ℎ𝑒𝑟𝑒 𝑅 > 1𝑘𝑚

Empirical law
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Try a different objective to minimize the passengers’ detour distance

P2 max
xij



𝑖=1

𝑁



𝑗=𝑖

𝑁

𝑉 − Δ𝑙𝑚𝑖𝑛 𝑖, 𝑗 𝑥𝑖𝑗

Constrains keep the same

Different objective function

Distance-based matching strategy 
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Pick-up sequence Driver’s routing 

distance

Detour 

distance

𝑂1 → 𝑂2 → 𝐷2 → 𝐷1 13 3 Optimal for detour distance

𝑂1 → 𝑂2 → 𝐷1 → 𝐷2 19 9+8

𝑂2 → 𝑂1 → 𝐷2 → 𝐷1 19 7+10

𝑂2 → 𝑂1 → 𝐷1 → 𝐷2 12 5 Optimal for driver’s routing distance

A simple case to distinguish the difference between the two objective functions 

O1

O2 D2

D1

2 1

15

15

7

10

2 3

Different objective function
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Comparison between two 

Minimize detour distance

Minimize driver’s routing distance
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Haikou 𝜶𝒑 𝜷𝒑 𝒓𝟐 𝜶𝒅 𝜷𝒅 𝒓𝟐 𝒂 𝒃 𝒓𝟐

Minimize driver’s distance 0.0013 10.4842 0.9460 41538.7138 0.0471 0.6847 0.2072 3.5202 0.9556

Minimize detour distance 0.0024 13.0031 0.9341 52314.0124 0.0612 0.7142 0.1505 2.5744 0.9577

Comparison between two 

Similar results can be obtained in Chengdu, Manhattan.



Future directions
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A more thorough investigation of why these forms are valid is expected

• it is possible to proceed with this formulation is now analyzing mathematically instead 

of empirically the relationship between the optimal values and the demand.

• Another more reasonable way to explicitly explain why the proposed empirical law 

works is to directly build statistical/econometric models. Like the scaling law of human 

mobility.

Future research
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Dynamic simulator

Network topology, deleting isolated intersection

Trip data pre-processing, filtering 
unqualified data

Mapping the trip data 
into network

Buffer table of trips 
prepared for each iteration

Drivers table buffered for 
each iteration

Production demand 
based on trip data set

Unmatched trips from last 
iteration

Randomly generated drivers 
located at he network intersection

Unmatched drivers from 
last interation

Passenger-Passenger 
matching strategies

Driver-paired trips 
matching strageties
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Dynamic simulator

Directed weighted graph

Trip ID location Destination

Trip 1 𝑂1 𝐷1

Trip 2 𝑂2 𝐷2

… …

Trip i 𝑂𝑖 𝐷𝑖

… …

Trip n 𝑂𝑗 𝐷𝑗

Matched Trip ID Pick-up and drop-off 
sequence

Trip 1 & 2 𝑂1 → 𝑂2 → 𝐷2 → 𝐷1

Trip   i & n 𝑂𝑛 → 𝑂𝑖 → 𝐷𝑛 → 𝐷𝑖

… …

… …

Passenger-Passenger 
matching strategies

Driver ID location

Driver 1 𝑆1

Driver 2 𝑆2

… …

Driver i 𝑆𝑖

… …

Driver m 𝑆𝑚

Driver-paired trips 
matching strageties

Pick-up distance

matching distance
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The supply side is neglected for simplification in current data-driven analysis. Moreover, one open 

question in the field of ride-sourcing services is the impacts of ride-pooling on transit usage, private 

car ownership and traffic congestions. 

By comparing the traffic flow data before and after the activation of the ride-pooling program across 

different cities, the proposed project will empirically evaluate the actual influences the ride-pooling 

programs brings to the urban traffic. 

Future research
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