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Impact of transportation network companies on urban congestion:
Evidence from large-scale trajectory data

Xinwu Qian', Tian Lei!, Jiawei Xue', Zengxiang Lei', Satish V. Ukkusuri!

@Lyles School of Civil Engineering, Purdue University, West Lafayette, IN, USA.

Abstract

We collect vehicle trajectory data from major transportation network companies (TNCs) in New York
City (NYC) in 2017 and 2019, and we use the trajectory data to understand how the growth of TNCs
has impacted traffic congestion and emission in urban areas. By mining the large-scale trajectory data
and conduct the case study in NYC, we confirm that the rise of TNC is the major contributing factor
that makes urban traffic congestion worse. From 2017 to 2019, the number of for-hire vehicles (FHV)
has increased by over 48% and served 90% more daily trips. This results in an average citywide speed
reduction of 22.5% on weekdays, and the average speed in Manhattan decreased from 11.76 km/h in
April 2017 to 9.56 km/h in March 2019. The heavier traffic congestion may have led to 136% more NO,
152% more CO and 157% more HC' emission per kilometer traveled by the FHV sector. Our results show
that the traffic condition is consistently worse across the different times of day and at different locations
in NYC. And we build the connection between the number of available FHVs and the reduction in travel
speed between the two years of data and explain how the rise of TNC may impact traffic congestion
in terms of moving speed and congestion time. The findings in our study provide valuable insights for
different stakeholders and decision-makers in framing regulation and operation policies towards more
effective and sustainable urban mobility.

Keywords: Transportation network companies, Trajectory data, Urban traffic congestion, Emission

1. Introduction

Transportation network companies (TNCs), which connect travelers with drivers through app-based
platforms, have expanded rapidly in recent years. Based on a recent report, TNCs have more than
doubled the overall size of the for-hire ride services sector since 2012, making the for-hire vehicle (FHV)
sector a major provider of urban transportation services by the end of 2018 [1]. The popularity of TNCs
is the result of numerous advantages including improved convenience, higher flexibility, shorter waiting
time and lower trip fare as compared to traditional taxi services. However, the overgrowth of TNCs
also brings new concerns and challenges for urban traffic management. Although TNCs claim that they
help to reduce congestion, official reports and many studies have enumerated signs of road traffic getting
worse after the emergence of TNCs. It is reported that private-ride TNC services (Uber, Lyft) have
introduced an overall 180 percent more traffic to urban road networks and added billions of vehicle miles
traveled (VMT) in the nation’s largest metro areas [1]. Another recent study also asserted that TNCs

are the biggest contributor to the growth of traffic congestion in San Francisco [2]. These researches
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depict the big picture of the influence of the overgrowing TNCs on traffic congestion and their findings
largely agree with the impression among the general public. However, understanding the precise impact
of TNCs on urban traffic is intrinsically difficult, as the change of traffic condition can be the result of
the compounding effect of many other factors including population, employment, and change of road
network capacity, letting alone the rise of TNCs. And TNCs barely release data that are of sufficient
spatial resolution and temporal coverage to allow for tracing their service and evaluating their impacts.

Despite its difficulties, understanding the effects of TNCs on traffic conditions has become an in-
creasingly important topic for transportation planners and policymakers especially in large cities. Our
interpretation of the TNC effects will be directly reflected in the way we regulate TNCs and how we may
integrate them into the existing transportation system [3]. And our decisions and policies will largely
affect the mobility needs of millions of urban travelers and even the livings of hundreds of thousands
of TNC drivers. The previous study suggested that TNCs have the potential for reducing road traffic
by replacing individual trips with ride-sharing services [4]. But recent research indicated that rapidly
increasing TNCs have a negative effect on traffic conditions by attracting transit riders [5]. In particular,
the influence of the entry of TNCs on congestion was assessed based on historical area-level panel data.
Erhardt et al. [2] studied the impact of TNCs’ on traffic congestion through a before-and-after evaluation
of the 2010 and 2016 traffic conditions. While they specifically took the change of population, employ-
ment and road network into consideration, their results may be largely affected by their counterfactual
case in 2016 which was projected from the 2010 baseline with no TNC trips using San Francisco’s travel
demand model.

In this study, we design a control experiment for gaining accurate insights on the impact of TNC’s
on urban road traffic by scraping the data from TNC platforms in New York City (NYC) in 2017 and
2019. We limit our discussion to four major boroughs (Brooklyn, Bronx, Manhattan, and Queens) in
NYC and argue that the rise of TNCs is the foremost contributing factor to the statistically significant

changes, if any, of the road traffic condition based on the following facts:

1. We eliminate the impact of the population since NYC’s total population declined from 8.623 million
in 2017 to 8.399 million as of July 2018 [6].

2. We eliminate the impact due to employment changes as the labor force and employment are of the
identical level in both years (4.13 million and 4.11 million) for NYC.

3. There are no major transportation projects reported in NYC since 2014 according to NYCDOT [7].

4. Registration of standard vehicles declined from 1,913,663 in 2017 to 1,912,468 in 2018 [8].

5. The number of TNC drivers increased from 58,900 in April 2017 to 87,600 in March 2019 (48.7%
more) [9].

6. The number of daily TNC trips increased from 393,918 in April 2017 to 769,729 in March 2019
(95.4% more) [9].

7. The number of medallion taxis remains the same but the number of daily trips decreased from
334,865 in April 2017 to 252,634 in March 2019 (24.5% fewer) [9].

8. Transit usage in NYC experienced a drop from 2017 to 2018. It is reported that daily weekday
subway ridership in NYC was 5.44 million in 2018, which declined by about 2.6% compared with
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2017 (143,000 fewer riders per day). Also, weekday bus ridership in NYC also experienced a drop
of 5.9% from 2017 to 2018 (1.81 million).

Table 1: Background facts in NYC

Item 2017 2019

Population (million) 8.623 8.399 (End of 2018)
Employment (million) 4.13 4.11 (End of 2018)
Standard vehicles registration 1,913,663 | 1,912,468 (End of 2018)
Daily weekday subway ridership (million) | 5.58 5.44 (End of 2018)
Daily weekday bus ridership (million) 1.92 1.81 (End of 2018)
Number of TNC drivers 58,900 87,600

Number of daily TNC trips 393,918 769,729

Number of daily taxi trips 334,865 252,634

These facts help to narrow the only dominating contributing factor to the rise of TNC if we may
observe any meaningful changes in road traffic conditions. To obtain the most precise understanding of
road traffic conditions, we have scraped one month of FHV trajectory data in April 2017 and one month
of FHV trajectory data in March 2019. And we use the trajectory data from Uber, the largest TNC
in NYC, for further analysis. The scraped trajectory data contain the GPS record of the online Uber
drivers every few seconds and can be used to visualize and quantify the spatiotemporal change of traffic
conditions. And the large amount of data we collected help to obtain findings that are statistically
meaningful. We then classify the trajectory data into moving activities and stationary activities for
fine-level analysis of the time spent in congestion and speed during travel. We introduce macroscopic
energy models to further calculate the change in fuel consumption and emission during the two years.
Through comprehensive numerical experiments, we conclude that the increase of FHVs contributes to
significant speed reduction in NYC with a daily average drop of 22.5% on weekdays. As for Manhattan,
the average speed declines from 11.76 km/h to 9.56 km/h on weekdays and from 14.98 km/h to 13.51
km/h on weekend in less than two years. We report that the increased traffic congestion, along with the
growing number of TNC trips, double the tailpipe emissions from the TNC sector since 2017.

The rest of the study is organized as follows. We briefly review related literature on trajectory
analysis in the next section. Section 3 introduces the main methods used in this study, including the
developed data collection method, the validation of data quality, activity identification from trajectory
data and energy and emission calculation. Section 4 presents comprehensive results and discussion on

understanding the FHVs’ impact. Finally, we summarize key findings and future directions in section 5.

2. Literature

With the rapid development of data collection methods and availability of traffic-related big data in

cities, estimating city-level fuel consumption using vehicle trajectory data has gained a lot of interest.
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GPS trajectory data have been widely used to understand mobility patterns [10, 11] and travel behav-
ior [12], discover flexible routes [13] and monitor real-time traffic situation (visualize traffic jam) [14]
due to their advantages of large coverage, good continuity, low cost and rich information about vehicles’
movements. In recent years, GPS trajectory data were used for large-scale fuel consumption estimation
to provide a more accurate vision of national or regional level vehicular emissions. Shang et al. [15]
calculated the gas consumption and emissions using GPS trajectories generated by over 32,000 taxis in
Beijing over a period of two months based on the estimated travel speed of each road segment using a
context-aware matrix factorization approach. Du et al. [16] explored the fuel consumption pattern and
analyzed the temporal and spatial distribution characteristics of average fuel consumption in Beijing
using large samples of historical floating vehicle trajectory data, where a fuel consumption forecasting
model was established using the back-propagation neural network. Gately et al. [17] quantified the
emissions from traffic congestion and identified local hotspots with highly elevated annual emissions at
regional scales using a large database of hourly vehicle trajectory data COs from road vehicles on 280,000
road segments in eastern Massachusetts. Luo et al. [18] analyzed the energy consumption and emissions
and their spatial-temporal distribution in Shanghai using GPS trajectory data obtained from taxis.
Vehicular emission models can be summarized as two types: macroscopic models [19, 20] and micro-
scopic models [21, 22], which focus on different aspects of vehicle emissions calculations and analysis.
For large-scale fuel consumption estimation, macroscopic models are usually used where emissions fac-
tors are modeled as functions of the average speed of vehicles [23]. However, these estimations do not
consider different driving modes or driving patterns which have been proved to have an obvious effect
on vehicle fuel consumption [24]. For example, engine start [25] or idling speed [26] will increase vehicle
exhaust emissions. Lack of consideration of these parameters may lead to erroneous estimations. For
large-scale emissions estimation, such erroneous estimations may result in a misunderstanding of the
overall traffic states and emission levels in the region. While GPS trajectory data can reveal detailed
information about vehicle driving modes and traffic states, it therefore provides the possibility of iden-
tifying different driving activities that will influence vehicle fuel consumption [27, 28]. In this paper, a
two-step integrated emission estimation method [29, 30] that incorporates driving activities (considered
in microscopic models) into COPERT model (macroscopic model) is adopted to provide more accurate
fuel consumption estimation of Manhattan using GPS trajectory data obtained from Uber. With this
method, driving activities of each vehicle are first specified as moving activities and stationary activities.
COPERT model is then applied to calculate the emissions of all trajectories considering both types of
driving activities of each vehicle. The integrated estimation method ensures more accurate emissions
and fuel consumption estimation in a city-level scheme and at the same time provides a more detailed

sense of TNC’s influence on traffic conditions.

3. Method

3.1. Data Collection
To gain insights on the impact of FHVs on urban traffic, we develop the data crawler, which simulates

the ride requesting behavior on the mobile app, to fetch the trajectory data from major TNCs including
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Uber and Lyft. Our data crawler sends the trip starting location as the pingClient message to TNCs’
mobile APT and receives back the sequences of coordinates of eight closest online FHV drivers as well as
the surge price (SP) and estimated time of arrival (ETA). Online vehicles refer to those who are available
for picking up passengers and the vehicles will no longer be recognized if they start a trip or if they go
offline. The collected trajectories therefore capture the cruising behavior of FHVs. But different from
taxis where street hailing is permitted, FHVs cruise to the next pick up location assigned by the platform
and the data therefore well reflect the actual traffic condition. By placing a sufficient number of data
collection stations with proper spacing and collection frequency, we are able to collect abundant vehicle
trajectories to restore the citywide operation dynamics of FHVs. In this study, only the trajectory data
from Uber are used as it is the dominant TNC in NYC with approximately 70% market share [31].
Trajectory records collected include the information of timestamp (in Unix), latitude, longitude, driver
ID (only first 6 letters shown here), product ID (e.g. UberX and UberXL) and bearing. The sample of

collected trajectory records can be seen in Table 2.

Table 2: Sample data records

Product ID | Driver ID Epoch Bearing | Latitude | Longitude
2083 b97fed 1491760511750 344 40.67387 | -73.80141
39 657dbb | 1491753163395 209 40.77918 | -73.95079
694 6b25cd | 1491748277252 299 40.78273 | -73.9495
4 73c3f4 1491732814910 191 40.71448 | -74.01372
39 5486 1491733990716 299 40.75755 | -73.96903

We conduct citywide data collection in NYC and the data analyzed in this study were collected from
April 7 to May 3rd (6 AM to 11 PM) in 2017 and February 7 to March 13 (24 hours) in 2019 from Uber
API. The data collection was performed at the frequency of 5 seconds for each data collection station
in 2017, and this frequency was set to 1 minute in 2019 due to the change of functional mechanism
of Uber API. As suggested in [32], Uber may dynamically alter the ID assigned to each driver and
the data collected therefore do not contain privacy information related to any individual drivers. And
the data collection stations only send pingClient messages to Uber server for obtaining nearby vehicles’
trajectories without actually requesting a ride. Hence our data collection was conducted in an ethical
manner that neither hacked any driver or passenger privacy information nor sent real ride requests which
may disturb Uber operations.

We set the same data collection station configuration in 2017 and 2019 which consists of 470 stations.
The amount and spatial placement of the stations are carefully calibrated to ensure sufficient coverage
of the actual operation dynamics. In the beginning, we randomly placed a set of data collection stations
spreading over the entire NYC area, with each location having two data collection stations, and sent
pingClient message every 5 minutes for 12 consecutive hours. The test results suggested that over
99.99% of feedback messages between the two stations at the same location were exactly the same. And

we therefore assigned one data collection station per location. Another set of experiments was conducted
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to identify appropriate spacing between two adjacent data collection stations. We used historical taxi
demand distributions to divide the whole study area into three sub-regions based on the trip demand
level. We varied the spacing from 100m to 1,500m between two adjacent stations in each sub-region
and deployed 9 neighboring stations in each region to measure data repetition among the 9 stations for
a 12-hour data collection. Finally, we chose the largest spacing that reached at least 40% repetition.
The resulting distribution of the data collection stations and the sampled spatial trajectory coverage are

shown in Figure 1.
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(a) Data collection station (b) Visualization of sampled Uber trajectory in 2019
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(¢) Comparison between inferred number of trips vs TLC reported Uber trips [33]

Figure 1: Study area and the configuration of data collection stations

The 470 data collection stations fetched around 100 GB data per day in 2017 and 5.17 GB data per
day in 2019. To validate the quality of the data, we infer the number of Uber trips from 2017 data and
compare this number with the FHV trips reported by NYCTLC [34] for every 15-minutes time interval of
entire NYC. In particular, we track the trajectory of each unique driver ID and consider a trip was taken
place if (1) the time gap (At > 60) and spatial displacement (Ad) between consecutive records exceeds
certain threshold or (2) the record was the last trajectory identified for the driver ID. The validation
results with various distance and time thresholds are presented in Figure 1c. While the collected data
by no means capture complete FHV operation information, we observe that the inferred number of trips
well resembles the reported trip level and the trip trend is closely aligned with the actual trip tendency
with the proper choice of distance and time threshold. This demonstrates the quality of the data we

collected and suggests that the data yield sufficient coverage of actual FHV dynamics.
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Finally, we choose the data between Feb 27 to March 12 in 2019 and April 12 to April 25 in 2017
and compare the change of traffic states in two years. This time selection is to ensure the dates are
comparable in the time vicinity given the availability and the quality of the data we collected. Moreover,
we only focus on investigating the change in Manhattan as the case study which is the borough of the

heaviest congestion and highest FHV trip level in NYC.

3.2. Activity identification

Based on the collected FHV trajectories, we next convert the trajectories into space-time path seg-
ments (STPS) following the method proposed in Kan et al. [29]. The main reason for STPS construction
is to identify different vehicle activities during a sequence of GPS records for accurately estimating the
trajectory speed and inferring energy consumption and emission. In particular, we focus on separating
stationary activities (SA) from moving activities (MA) in the trajectories so that we may make the best
use of the high-resolution trajectories to restore the stop-and-go traffic states. MA and SA will contribute
to differentiating between the amount of time urban traffic caught in gridlock and the velocity of the
moving traffic. In addition, the functionality of engines differs between idle state and when the vehicle
is in motion. MA and SA will therefore result in the more accurate characterization of fuel consumption
and emission for urban traffic, where MA can be used with emission models for vehicle in motion and
SA can be used with emission models for idle engine state to obtain comprehensively evaluate the actual
emissions and fuel consumptions. Studies have shown that this approach can achieve over 88% accuracy
when using macroscopic emission model [29] and over 94% accuracy when using microscopic emission
model [30] when compared to actual fuel consumption.

To best identify trajectory activities, we first preprocess the data to remove consecutive trajectory
records of time gap that is shorter than 2 seconds or longer than 15 seconds. The removal of short time
intervals helps to mitigate GPS errors. On the other hand, we may underestimate the number of SA
for including records of longer time gaps as intermediate SA will be consolidated and reflected as MA if
these short time intervals are included. The resulting time gaps between consecutive trajectory records
mostly lie between 4 seconds and 6 seconds. The preprocessing eliminates around 15% of trip records in

the data and we then identify SA and MA based on the velocity (km/h) of the trip segment:

lcoord; 1 — coord;||

(1)

where ||-|| measures the euclidean distance between consecutive trajectory records in kilometers. And

Viip1 =
e tiv1 —

we define the state of trajectory segment as:

SA, if ‘/1'71‘4_1 <5
Sii41 = (2)

MA, ifVi;41>5
The threshold of V; ;41 < 5 for separating SA and MA is selected to mitigate GPS errors that may lead
to the false classification of actual identities. We present two sample trajectories and their constructed

STPS and identified SA and MA in Figure 2. As seen in the figure, by using the velocity threshold, we

are able to accurately identify the non-moving or near non-moving activities as SA and the actual moving
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trajectories as MA. After activity identification, we observe there are over 4.8 million daily activities for
2017 data and over 3.2 million daily activities for 2019 data between 7 AM to 11 PM. And these large

number of activities will be sufficient to obtain statistically meaningful results in the following sections.
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(c) Sample trajectory of length 103 meters (d) Sample trajectory of length 149 meters

Figure 2: Example of collected FHV trajectory and the constructed STPS

3.3. Estimating fuel consumption and emission

Total vehicle emission is usually categorized into cold emission and hot emission. Hot emission entails
the emission when the engine is operating at a normal temperature, and the cold emission denotes the
emission at transient thermal operation. In this study, we only consider hot emission due to lack of
data to classify cold start activities and also because hot emission usually dominates the total emission
for long trips. As reviewed in the earlier section, both MOVES and COPERT are popular models for
energy and emission calculation and MOVES are specifically tailored to emission standards in the US.
Nevertheless, the MOVES model requires the calculation of vehicle specific power which needs the second
by second acceleration and engine specification data. This calls for the need of trajectory interpolation
and is better suited for long trajectories. Our data primarily contains trajectories over short segments
(as shown in Figure 2) and interpolation may result in high estimation errors. As a consequence, we use
COPERT model for fuel and emission calculation and assume all vehicles under Euro 3 standards with a
capacity of 1.4-2.0L. Note that not all Uber vehicles may comply with the Euro 3 standards and there is
no available data to understand the type of vehicles in the Uber fleet. In addition, Euro 3 standards may

not fully comply with the US EPA standards and hence the exact value calculated for emission and fuel
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consumption may not be taken as an accurate measure for NYC. Nevertheless, the change of standard
will only affect the model parameters but not the relationship between velocity and the corresponding
fuel consumption and emission and the obtained results still capture the relative change between 2017
and 2019.

Based on the aforementioned specifications, for MA, fuel consumption (denoted as FC(g/km)) can

be calculated based on trajectory segment speed V(km/h) as:

217 4 0.253V + 0.00965V 2

FCura =
MA = 7770.096V — 0.000421V2

As for SA state, we estimate the fuel consumption based on vehicle idle time T' [35]as:

FCs4 =0.361mL/sx0.75g/mL T = 0.27g/s « T (4)

where the density of gasoline is taken as 0.75g/mL.
As for hot emission, following the Tier 3 method of COPERT model[36], the emission factor (EF
(g/km)) during MA state are speed-dependent:

aV2+bV +c+ &
eEVZ+fV+4yg

where RF is the reduction factor. The corresponding parameters for measuring EF of CO, HC' and

EFya=(1-RF) (5)

NO, are presented as follows:

Table 3: Emission parameter for small vehicles in COPERT model

item a b c d e f
CcO 0 11.4 71.7 0 -0.248 35.4
NO, 6.53e-6 -1.49e-3 9.29e-2 0 3.97e-5 -1.22¢-2 1
HC 1.2e-5 -1.1e-3 5.57e-2 0 -1.88e-4 3.65e-2 1
Finally, the calculation of EF under the SA state takes the following form:
EFss=ax*T (6)

where T is the idle time and the parameter a(mg/s) for CO, NO, and HC are 13.889, 0.556 and
2.222 respectively [35].

3.4. FHV as probe vehicles

Based on the previous discussions, we are able to make FHV as the probe vehicle for characterizing
the traffic condition in Manhattan with the large-scale trajectory data collected. Since Uber has a large
fleet of vehicles roaming around NYC, the performance metrics calculated from Uber vehicles will serve
as a close approximation of the actual metrics of all vehicles on road. If we consider P as the complete
trajectory data generated by the entire Uber fleet, then our collected data Po C P which can be viewed

as the sub-population randomly drawn from P. As a consequence, the average performance metrics



27 calculated from our collected data is the sample mean of the entire population. And the mean value
238 of the metrics obtained in our data will be close to the expected value in P based on the law of large
20 numbers. These suggest that the traffic condition mined from our data can well represent the actual
20 traffic condition of the road network.

In this study, we are primarily interested in the spatiotemporal velocity metrics and the corresponding

energy and emission level. In particular, we propose to measure the following velocity metrics:

> Dyt
Vit = <aia —5a if activity & is at location i within time ¢ (7)
YT+ T
DJ\/[A
Vi 4= %, if activity k is at location ¢ within time ¢ (8)
k'k
SA
SA > 1 £ activi . .
i = = A g i activity k is at location ¢ within time ¢ (9)
' YT+ T
21 where V; 4, VZJKI A and Rff represents the mean velocity, mean MA speed (speed when the vehicle is

22 in motion) and mean SA time (proportion of time spent in stationary traffic congestion) respectively.

10
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4. Results

4.1. Overview of identified activities
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Figure 3: Distribution of number of identified activities in 2017 and 2019.

As mentioned earlier, due to the change in data collection frequency, there exists a significant differ-
ence in the amount of data collected in 2017 and 2019. To overcome this issue and deliver fair comparison,
we perform sampling from the 2017 data and include 30% of the total identified activities. This results in
similar number of total activities identified in 2017 and 2019, as shown in Figure 3a. There are over 123.8
million activities identified during our study period from the 2017 data and the corresponding value is
117.6 million for 2019, which suggests the same level of identified activities between the two years. These

activities cover the entire study area and we also can verify the expansion of Uber’s service coverage

11
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areas from 2017 to 2019 based on the spatial distribution of the identified activities. In particular, we
report that 70% of the zones in 2017 and 74.5% of the zones have more than 10,000 identified activities
(see Figure 3b), representing over 150 activities for each 15-minutes time interval at each location. This
vast amount of activities delivers superior spatiotemporal coverage and ensures the obtained results are
statistically meaningful. Finally, we present in Figure 3c the validity of the identified SA and MA based
on equation 2, where we also measure the speed of SA from the spatial displacement and time gaps. We
can verify that over 90% of the identified SA have the speed lower than 1 km/h and there exists a small
fraction of SA with speed lower than 3 km/h which we suspect to be caused by GPS errors. On the
other hand, we observe that MA is perfectly separated from the SA based on the speed metric and we
can readily tell the differences between 2017 and 2019 data from the distributions of the corresponding
MA speed. We next present detailed analyses of the changes in traffic condition and emission based on

the identified activities.

4.2. Overall change in traffic condition
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Figure 4: Average borough-wide performance during weekdays

We first show the comparisons of daily average speed, energy consumption and emission across the
study area and the results can be found in Figure 4. One immediate observation from the results is
the deterioration of citywide traffic performances from 2017 to 2019, and such observation is consistent
across the four major boroughs in our study area. We find that the citywide average daily speed reduced
from 13.08 km/h in 2017 to 10.13 km/h in 2019, representing a significant drop of 22.6%. Among the
four boroughs, Manhattan and Brooklyn are the areas with the worst traffic condition and we observe
the average speed reduction around 19%. Meanwhile, we see a notable increase in energy consumption

and emission due to the worse borough-wide traffic condition. For each kilometer traveled, the vehicles
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in NYC now consume 21 grams more gasoline and emit 1 more gram of CO, 0.15 more grams of HC and
0.04 more grams of NOx on average as compared to the 2017 state. If we assume the metrics calculated
from cruising FHVs also apply to the full FHV sector, and project these values onto the increase of FHV
trips while assuming the same average distance per trip, these translate into that FHVs have introduced

152% more CO, 157.7% more HC and 136.5% more NOx for every kilometer they traveled.
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Figure 5: Relationship between standardized SA time and standardized MA speed. The percentage of areas that exceeds
the predefined threshold is shown in the bracket.

There is, however, one particular drawback associated with the cruising trajectory data when it is
used for probing citywide traffic conditions. Since FHV drivers may choose to park by side of the street
and wait for future orders from the platform, this may lead to overestimation of the actual number of
SA activities on the road and the calculated average zonal speed, therefore, constitutes the lower bound
of actual travel speed. By inspecting the relationship between sz‘t/[ 4 and Rff, we may gain additional
insight on this particular issue. Specifically, when there is heavy congestion in certain areas, we should
observe low MA speed and high SA time which captures the stop-and-go traffic pattern during congestion
and gridlock. Similarly, when traffic is light, the trajectory data should reveal high MA speed and low SA
time. However, when Uber drivers choose to park and wait rather than cruise, we are likely to encounter
the anomalies with both high MA speed and high SA time. This motivates us to explore the percentage
of observations that fall into the latter abnormal state and reveal the park-and-wait behavior of FHV
drivers. By inspecting the 2017 and 2019 data, we find that the 75% percentile of MA speed across the
data is approximately 25 km/h and that for the SA time is around 0.7. We then set the threshold of
VMA — 95 and RS4 = 0.7 and measure the proportion of areas in each borough with both MA speed
and SA time being higher than the thresholds. The results are shown in Figure 5.
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We report that during morning peak hours (9 AM) all boroughs present traces of the park-and-wait
behavior. Manhattan has the lowest value of 2.2% while Queens has the highest percentage of park-and-
wait observations (9.1%), followed by Brooklyn (7.6%) and the Bronx (3.5%). And the percentage of
park-and-wait observations is increased for all boroughs during the off-peak time (2 PM), where Queens
still has the highest value of 13.3% and we find a drastic jump in the Bronx to 9.4% and that of Brooklyn
is 7.6%. These findings explain why the estimated speed in Brooklyn is lower than in Manhattan despite
the fact that Manhattan has the highest number of FHVs and passenger demand. In this situation,
the cruising trajectory data may slightly underestimate the average speed and overestimate the actual
energy consumption and emission. And the change in MA speed serves as a more accurate metric for
comparing the change of traffic conditions across different boroughs. On the other hand, the results also
indicate that the obtained traffic condition and emission are relatively accurate in Manhattan as there
are few park-and-wait observations. Moreover, the measured average speed of 11.76 km/h in 2017 is
well aligned with the speed of 11.2 km/h reported in the NYC mobility report [37]. We next zoom into
Manhattan borough and discuss how traffic conditions and emission change over time.

We summarize the time-varying performance metrics for both weekday and weekend in Manhattan in
Figure 6 and 7. For measuring the changes in traffic conditions, we plot the average speed, average MA
speed, as well as average SA time from 2017 and 2019 data and the corresponding changes between the
two years, are visualized by the shaded area. While the average weekday speed in Manhattan decreased
from 11.76 km/h to 9.56 km/h (Figure 4), this reduction can be further decomposed into two parts.
On one hand, more FHVs result in slower-moving speed so that there is a reduction of 9.2% in average
MA speed in Manhattan. On the other hand, there is also an increase in average SA time by 7.04%.
These provide strong evidence showing that the traffic condition is worse in 2019 than in 2017, and such
observation is consistent across different times of the day. As for the weekend, the mean speed is 14.98
km/h in 2017 and 13.51 km/h in 2019 respectively, suggesting a reduction of 9.8%. During weekdays,
we find that the peak hours (especially morning peak during 7-9 AM) have the worst traffic condition
and also suffer the greatest decline in average speed and MA speed. The changes during off-peak hours
are relatively minor. For the weekend, we observe that notable changes in mean speed mainly take place
during off-peak hours (7 AM to 12 PM on weekend) and during the nighttime period (7 PM to 10 PM).
The decreases in mean speed during weekdays and weekends correspond to the largest drop in travel
speed in Manhattan sine 2015 [37] and eventually lead to higher fuel consumption and more tailpipe
emission across different times of the day. For Manhattan, we observe that, during weekdays, vehicles
will consume 10.0% more gasoline and exhale 12.0% more NO,, 16.1% more CO and 18.6% more HC
for each kilometer they traveled in Manhattan in 2019 as compared to those in 2017. These results
highlight the critical traffic congestion issues related to the rise of TNC in NYC, and possibly around the
world: the fast expansion of TNCs quickly saturates the road network, resulting in the increase of fuel
consumption and vehicle emission for all road traffic and even significant addition from the compound

of increasing worse traffic condition and more FHV trips.
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Figure 8: Spatial distribution of mean speed and SA ratio on weekdays

331 We next present the spatial distributions of the mean MA speed and SA time in 2019 and their changes
32 as compared to 2017, and the results during weekdays are shown in Figure 8. Based on Figure 8a, we can
s clearly distinguish between the traffic peak hours (8 AM and 6 AM) and off-peak periods. In particular,
s we find that heavy traffic congestion in Manhattan persists across the day time, whereas there are notable
s differences in terms of the MA speed in other boroughs between peak and off-peak hours. Location-wise,
35 we observe that lower and middle Manhattan, as well as the areas in other boroughs that are adjacent
s to Manhattan, are found to suffer the heaviest congestion with the average MA speed being less than

18 20 km/h. And with the rise of TNCs, we notice a city-wide reduction of MA speed in despite of the
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particular times of the day, where there are 88.2%, 83.1%, 78.9%, 85.1% and 81.8% of all 1371 areas that
have slower travel speed for 8 AM, 11 AM, 2 PM, 6 PM, and 10 PM. On weekend, the corresponding
values are 76.9%, 76.0%, 73.3%, 75.1% and 70.3% respectively. These numbers indicate that the traffic
condition is more affected during weekdays than on weekend, and the congestion is worse during peak
hours on both weekdays and weekends.

Note that with an excessive number of FHV vehicles on the road in cruising mode, these drivers
are likely to present different driving behavior than other commuting drivers. Specifically, they need to
pay close attention to their smartphones for incoming passenger orders which distracted them from the
road. And they may have to frequently merge into or diverge from the slow traffic to pick up passengers
or find temporary parking spots to save their cruising cost. These undoubtedly introduce significant
disturbance to the already slow traffic and adding frequent stop-and-go activities and shockwaves into
the traffic flow. These can be confirmed from the spatial distribution of the SA ratio, as shown in
Figure 8c. Being different than the findings from the distributions of the MA speed, the morning peak
hour has a lower level of SA ratio and the SA ratio is found to be higher at the time of more number of
cruising drivers (see x-axis in Figure 9 for the number of identified cruising drivers). This is likely due
to lower demand levels and more cruising FHVs in off-peak hours, resulting in greater disturbance to
the traffic and more stop-and-go traffic. The average SA ratio is 0.503 for 8 AM, and 0.542,0.535,0.532,
and 0.508 for 11 AM, 2 PM, 6 PM and 10 PM respectively. For every 10 minutes of driving in NYC,
these numbers translate into over 5 minutes sitting in non-moving traffic and highlight the huge amount
of wasted time for the large number of daily travelers who drive themselves or rely on taxis and FHVs.
And when compared to the 2017 scenario, there are 66.4%, 71.5%, 71.0%,70.6% and 73.4% of the areas
at 8 AM, 11 AM, 2 PM, 6 PM and 10 PM that experience increased SA ratio. Finally, following our
previous discussion on the relationship between MA speed and SA ratio, we can also visually identify the
places with dominant park-and-wait behavior. And such behavior is primarily found in peripheral areas
of Brooklyn, the Bronx, and Queens with lower trip intensity and less traffic. It is easier for drivers to

spot a parking place in these places and wait for future orders from the ride-hailing platforms.

4.4. Active drivers and speed change

Finally, we build the connection between the change of vehicle speed and the number of available
Uber drivers on the road during weekdays. In particular, we track the active Uber drivers as the number
of unique driver IDs identified across the study areas for every 15 minutes time interval. And we separate
our daily observations and group similar time intervals to increase the number of individual observations
for comparison between 2017 and 2019. For each year, we use the observations from 8 consecutive time
intervals (every 2 hours) on each of the 10 weekdays. This gives 80 observations for each 2 hour time
period for both 2017 and 2019, and each observation contains the number of active Uber drivers and the
average speed in NYC. The relationship between active Uber drivers and the speed at different times
of the day are presented in Figure 9. One immediate finding based on the results is that the traffic
condition in 2017 and 2019 are in entirely different states and the differences between the two years are

distinguishable even if we visualize the observations of all time periods in one plot (7:00-23:00). And
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Figure 9: city-wide average speed comparison across different time of the day

the two years of data are also linearly separable in all of the individual time periods. We calculate the
Pearson correlation coefficient between the number of active drivers and the average speed for each two-
hour period of time, and the resulting coefficients are -0.82,-0.91,-0.92,-0.89,-0.87,-0.81,-0.89 and -0.94
for each of the time period. All these values are close to -1 and they suggest the significant negative
correlation between the number of FHV drivers and the average travel speed in Manhattan. While
correlation does not necessarily imply causation, if we may eliminate the impact from other contributing
factors such as those shown in Table 1, the strong negative correlation likely hints that the increase in
FHYV drivers is the primary contributing factor to the citywide worse traffic congestion and emission.
Note that the active Uber drivers we identified from the data may only serve as a proxy of the total
number of Uber drivers in service. During the time with high passenger demand (e.g. 7:00-9:00, 17:00-
19:00), we may identify fewer drivers than that during off-peak hours. This is because our data capture
cruising Uber drivers and the drivers are less likely in cruising state when there is more passenger
demand than the vehicle supply. Nevertheless, the results are still valid as we compare the same time

of the day in two different years. And the number of identified drivers as shown by the x-axis also echo
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our finding on the impact of excessive drivers in cruising on travel speed and SA ratio (Figure 8). As
the observation is based on the consistent results across all time periods over multiple days of data for
two years, this confirms that the increase of FHV trips and TNC drivers are one significant contributing
factor to urban traffic congestion. If we fit a simple linear regression model over the data, as shown
by the lines in Figure 9, the number of active Uber drivers alone may explain up to 88% (21:00-23:00
with R? = 0.88) of the variability for the reduction of travel speed and such linear relationship may
well fit the observations for most of the time periods. Based on the coefficients of active Uber drivers,
we further notice that the impact of the number of FHVs on travel speed can be categorized into two
cases depending on the number of cruising drivers in the city. In the first case (7:00-9:00, 21:00-23:00),
the impact of this is reflected by both the reduction in MA speed and the increase in SA time. For the
second state (9:00-21:00), the impact of FHV vehicles is primarily reflected by the increase in SA ratio,
where the park-and-wait behavior from excessive cruising drivers as well as the disturbance to normal
traffic from more number of FHV trips together lead to the worse traffic congestion and emission. In
general, for the first state, the increase in FHV vehicles has a greater impact on the speed reduction

than the second state with the fitted coefficients being 50% higher.

5. Conclusion

In this study, we collect and mine large-scale FHV data and provide comprehensive understandings of
how the rise of TNCs impacts the traffic congestion and emissions in urban areas. We choose Manhattan
in NYC as the study area and conduct analyses of the trajectory data in 2017 and 2019. We classify
stationary and moving activities from the trajectory data and calculate the mean speed, energy con-
sumption and fuel consumption based on the classified MA and SA. Our results suggest that the increase
of FHV trips in NYC has resulted in an average citywide speed reduction of 22.5% on weekdays and the
average speed in Manhattan has decreased from 11.76 km/h in April 2017 to 9.56 km/h in March 2019.
And if we consider the increase of FHV trips over the two years. Our results confirm that the increase of
TNC vehicles is one of the major contributing factors to the increase in traffic congestion. And we also
articulate two different ways, which depend on the overall congestion level, that the increase in FHVs
may affect traffic congestion with different magnitude of speed reduction.

As a major byproduct of the worse traffic conditions, our results highlight emerging energy consump-
tion and emissions issues from the TNC sector. We have shown in our study that the increase in FHVs
and the number of trips has led to 136% more NOx, 152% more CO and 157% more HC emissions per
kilometer traveled by the FHV sector within two years. This finding is obtained under a conservative
assumption where the duration and distance of each passenger trip stay the same. In reality, however,
the revealed decrease in MA speed and increase in SA ratio are indicative of longer trip duration as
well as longer cruising time before an FHV may reach the next passenger. We may speculate from this
observation that the actual contribution of the TNC sector could be much higher than the reported
values in this study. In this regard, immediate actions should be taken against the overgrowth of TNCs
in urban areas. Based on our results, there are two practical directions that may help to mitigate the

energy and emission issues. First, as a short-term measure, the entry of FHVs in heavily congested areas
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should be strictly regulated. We have shown that more FHVs contribute to not only slow-moving speed
but also more congestion and stop-and-go traffic. The latter is the primary source of tailpipe emissions
and regulating FHV service in congested areas helps to avoid the additive effect of more traffic and worse
emissions per individual vehicle. But more importantly, considering a large number of trips served by the
TNC sector, policies should be framed to encourage and facilitate the adoption of alternate fuel vehicles
in the ride-hailing industry which can achieve significant long-term savings of the energy and emission
costs.

We believe that the ”failure” of TNCs in populated urban areas can be attributed to three primary
reasons. One straightforward reason is the overgrowth of the number of TNCs that exceeds the already
limited capacity of the urban road network. It is noted that the increase in the number of TNC drivers
contributes differently to traffic congestion as compared to regular commuters. This can be reflected by
much more frequent merges and diverges for picking up and dropping off passengers. And these introduce
vital disturbances to regular traffic flow and result in more stop-and-go traffic. As a consequence, TNC
vehicles not only add traffic, they also downgrade the capacity of the road network.

The second reason is due to the competitive nature of the TNC market. The market involves com-
petition among different service provides and the traditional taxi sector, it also includes the competition
among the drivers of the same TNC platform [38]. Such competition adds another layer of inefficiency
if there is excessive supply than the actual demand, which is often the case during off-peak periods of
passenger demand and corresponds to our analyses of the time periods with low average speed but a high
number of active drivers. We should be aware that TNCs’ prime time only accounts for approximately 6
hours (morning peak + evening peak) per day or 25% of the time daily. But for the rest of the day, there
are more number of drivers competing for fewer number of passengers, resulting in excessive cruising
miles and searching time. And we have pointed out in our analyses that TNC drivers will need to pay
attention to their smartphones during cruising and such distracted driving is one notorious casual factor
for traffic accidents.

Finally, we consider the lack of effective regulation and operation mode to be another reason. We
assert that the observations that "TNC worsens urban traffic congestion and emissions” should not be
viewed as contradicting the potential of TNCs for improving the efficiency and sustainability of our
urban mobility. Indeed, several studies have pointed out that TNC could be a highly effective solution
for efficient travel (e.g. 60% to 90% empty trips may be reduced if passengers and drivers are optimally
matched [39]) and have validated the effectiveness of properly designed ridesharing mechanisms [40, 41].
But at present, there is no evidence showing how efficiently are TNC drivers and passengers being
matched and the 'real’ ridesharing which actually combines multiple single rides only accounts for a
small amount of the total number of TNC trips [42]. Apparently the current TNC practice, which is
primarily revenue driven, is still far from its optimal performance considering aspects of social benefits
and overall sustainability. It is therefore necessary to frame regulations to strike the balance between the
TNC’s business model and social welfare. And the findings in our study provide important insights for
evaluating the actual externalities from the TNC sector and will be valuable for decision and policymakers

in framing effective regulations. As an example, NYC recently started the congestion surcharge for TNC
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and taxi trips entering Manhattan (south of 96th street) [43]. Our findings largely favor this regulation

as the first step to mitigate the congestion impacts from the TNC sector, but also suggest the possibility

for the surcharge to be varying spatially and temporally.
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