()]

2w FOrETaxi: Data-Driven Fleet-Oriented Charging Resource
Allocation in Large-Scale Electric Taxi Networks

GUANG WANG, Florida State University, USA

YUEFEI CHEN, Columbia University in the city of New York, USA

SHUAI WANG, Southeast University, China

FAN ZHANG, SIAT, CAS & Shenzhen Beidou Intelligent Technology Co., Ltd., China
DESHENG ZHANG, Rutgers University, USA

Charging processes are the key to promoting electric taxis and improving their operational efficiency due to
frequent charging activities and long charging time. Nevertheless, optimizing charging resource allocation in
real time is extremely challenging because of uneven charging demand/supply distributions, heuristic-based
charging behaviors of drivers, and city-scale of the fleets. The existing solutions have utilized real-time con-
textual information for charging recommendation, but they do not consider the much-richer fleet information,
leading to the suboptimal individual-based charging recommendation. In this paper, we design a data-driven
fleet-oriented charging recommendation system for charging resource allocation called ForETaxi for elec-
tric taxis, which aims to minimize the overall charging overhead for the entire fleet, instead of individual
vehicles. ForETaxi considers not only current charging requests but also possible charging requests of other
nearby electric taxis in the near future by inferring their status in real time. More importantly, we imple-
ment ForETaxi with multiple types of sensor data from the Chinese Shenzhen city including GPS data, and
taxi transaction data from more than 13,000 electric taxis, combined with road network data and charging
station data. The data-driven evaluation results show that compared to the state-of-the-art individual-based
recommendation methods, our fleet-oriented ForETaxi outperforms them by 16% in the total charging time
reduction and 82% in the queuing time reduction.
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1 INTRODUCTION

With more and more advanced sensing and communication devices deployed on vehicles, ubiqui-
tous sensor data (e.g., GPS and transaction data) are available, which provide us great opportunities
to enhance their mobility and energy performance. As an important mode of urban mobility, taxis
are essential for people’s daily activities [45]. Taxis typically have high gas consumption and emis-
sions due to their long-time daily operation, e.g., 24-7, around-the-clock, which undoubtedly brings
great challenges to the sustainable development of cities [49]. Compared to the conventional gas
taxis, the electric taxis (ETs) show considerable advantages in terms of gas consumption and
emissions, e.g., zero tailpipe emissions, which motivate many city governments to implement full
ET networks, e.g., Beijing, Shenzhen, and New York City [27]. For example, all taxis in Shenzhen
have been replaced with electric vehicles and New York City also has the initiative to replace
one-third of its taxis with ETs by the end of 2021 [7].

Despite the obvious advantages of oil energy-saving and environmental protection, ETs have
not been adopted worldwide due to several reasons e.g., low cruising miles, high prices, and most
importantly, complicated charging problems. Among these issues, charging is the key concern that
hinders the ETs to achieve their full potential [16, 32, 39]. In particular, ET charging is extremely
challenging due to unbalanced charging demand and supply. (i) Demand: because of limited bat-
tery capacity, ETs have a low endurance mileage (also called cruising mileage) and need several
times charging in a day due to their long daily mileage, and each charging usually lasts for half
an hour to two hours. For example, based on our analysis, even though ETs in Shenzhen have a
maximum cruising mileage of 300km, the actual mileage is much lower due to traffic congestion,
environmental factors, and human factors [30]. On summer nights, the average daily mileage is
around 220km due to air conditioning and headlights. Given their operating nature, almost all
ETs charge during the non-rush hours and shift time, which leads to the high yet concentrated
charging demand [25]. (ii) Supply: because of high cost and security concerns, the number of
charging stations in urban downtown areas is limited, and fast charging points in each station are
also insufficient, which leads to the prolonged and unforeseeable waiting time at stations. [36]. A
combination of charging demand and supply issues makes the current charging strategy rather
heuristic, i.e., most ET drivers only choose the nearest charging stations they know to charge their
ETs during the non-rush hour or shift time, which makes the charging issue even worse.

To address the complicated charging issue, many researchers have focused on different aspects
of this topic due to its importance, e.g., individual charging recommendation [25], charging sta-
tion deployment [13], electric vehicle charging scheduling via park-and-charge [15], and charging
time planning [4]. However, most charging recommendation systems are focused on individual
vehicle recommendations and have not considered the uncertain waiting time and charging ser-
vice time due to lack of real-world data. More importantly, they did not consider this issue from a
fleet perspective, which results in the underutilized fleet information and fail to collectively infer
the current and future status of the ET fleet for a global charging optimization. Therefore, it mo-
tivates us to design a fleet-oriented charging recommendation system to achieve global charging
optimization for ET fleets with real-time charging resource allocation.
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However, charging recommendation is more challenging by considering the fleet information,
e.g., later possible charging requests by ETs and service time of ETs. Fortunately, as one of the
initial pilot cities to promote ETs, the real-world data collected from diverse sensors in Shenzhen
make it possible for us to conduct research on the data-driven fleet-oriented charging modeling
and resultant recommendation based on large-scale data. In this paper, we argue that the data-
driven fleet-oriented charging recommendation is a promising solution to solve the ETs charging
problem. This is because, in addition to the status of a particular ET, we also utilize the real-time
status of the entire ET fleet, which provides more comprehensive information to infer the various
status of ETs and charging stations, e.g., the queuing time at charging stations, charging service
time, and the potential future charging requests, which has not been fully considered by current
individual-based recommendations. Specifically, the key contributions of this paper are as follows:

e We conduct a comprehensive investigation to study the fleet-oriented charging modeling
and related recommendation with real-world sensor data of more than 13,000 ETs. Such a
large-scale study has the potential to advance our understanding on ET operating patterns
and resultant charging recommendations. It enables us to find real-world charging issues,
which are hard to be discovered by other simulation-based or small-scale studies.

e We design a fleet-oriented recommendation system called ForETaxi to minimize the overall
charging time of the entire fleet, instead of an individual ET based on historical and real-time
multi-source data. ForETaxi considers detailed fine-grained charging and recommendation
activities by inferring the battery status, queuing time, and service time of ETs, as well as
the charging demand and passenger demand in the near future. We only leverage existing
charging infrastructure to reduce the overall charging time for the ET fleet, which does not
involve high costs for building new charging stations.

e More importantly, we extensively implement and evaluate ForETaxi based on real-world sen-
sor data in Shenzhen including GPS records and transaction records from more than 13,000
ETs, as well as all ET-exclusive charging stations in 2018. The results show that compared
with individual-oriented recommendations, ForETaxi reduces 82% of the queuing time and
16% of total charging time, respectively.

2 RELATED WORK

In this section, four categories of related works are reviewed including charging station deploy-
ment, electric vehicle charging, gas vehicle refueling, and resource allocation.

2.1 Charging Station Deployment

The objective of charging station deployment [9, 16, 18, 28] is to find the optimal locations to
deploy charging stations and optimally assign charging points to each station. With the rapid
promotion of electric vehicles, deploying more new charging stations becomes the most direct
approach to facilitate the charging of electric vehicles for reducing the queuing time, so there is
much electric vehicles related research in this direction. Li et al. [16] developed a charging station
deployment and charging point placement framework (i.e., its main contribution) to minimize the
overall charging time. Wahl et al. [28] designed a novel Deep Reinforcement Learning approach to
solve the charging station placement problem. Du et al. [9] studied the EV charging station plan-
ning problem for deploying charging infrastructure (locations of stations and numbers of chargers
per station) to maximize the satisfied charging demand. However, enough charging stations can-
not guarantee there is an available charging point in a specific station for an EV. In addition, the
cost for deploying new charging stations is very expensive, especially for some large cities like
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New York City, London, and Beijing, where the land resources are limited for large charging sta-
tions, so charging recommendation is an orthogonal effort of charging station deployment.

2.2 Electric Vehicle Charging

Electric Vehicle Charging became a popular research topic in recent years with the increasing pro-
motion of EVs [11, 25, 29, 34, 38]. The objective of charging recommendation is to recommend each
vehicle to a charging station for some benefits, e.g., shortest time spent, lowest money cost, but al-
most all of them focus on the individual recommendation. Different from scheduling, which refers
to when and whether to charge in a mandatory fashion [31, 35], charging recommendation is fo-
cused on recommending where and which charging station to charge [5]. Fan et al. [10] considered
both order dispatch and charging for electric self-driving taxi systems to maximize long-term cu-
mulative profit of ride-hailing platforms. Wang et al. [33] designed a system called Record to jointly
optimize repositioning and charging for shared EVs with dynamic deadlines. Schoenberg et al. [21]
studied the problem of reducing waiting times at charging stations with adaptive EV route plan-
ning. Zhou et al. [50] focused on design and optimization of solar-powered shared autonomous
EV systems for smart cities. Zhao et al. [47] performed joint order dispatch and repositioning to
maximize the urban EV sharing platform’s long-term cumulative profit. Tian et al. [25] designed a
charging recommendation model for individual ET only after a request, but they did not consider
potential charging requests and possible leave of ETs after a full charge, which will cause a subop-
timal recommendation and lead to a longer queuing time. The individual-based recommendation
is similar to the greedy algorithms, which may provide a single-step optimal charging station rec-
ommendation for each request. However, it cannot guarantee the global optimum for the entire
ET fleet. Since the taxi fleet is controlled by the same dispatching center, leveraging the abundant
fleet information may make a better decision and obtain an optimal recommendation.

2.3 Gas Vehicle Refueling

A charging process of ETs has a similar function with the refueling process of conventional gas
taxis [46, 48], i.e., providing power for vehicles, but there are two key differences. First, a charg-
ing duration of ETs typically lasts for half an hour to two hours, which is much longer than a
gasoline refueling duration of conventional taxis, which normally takes about 4-6 minutes [7, 46].
This long charging service time makes our modeling for ETs much more challenging than that
of gasoline taxis. Second, compared with the number of gas stations across the city, the number
of charging stations is much fewer. The limited charging infrastructure makes it difficult for ETs
to find available charging points, which potentially causes long queuing time (e.g., half an hour).
These two reasons make the charging issues different from the gas refueling problem.

2.4 Resource Allocation

There are many recent papers on resource allocation in different scenarios, e.g., mobile edge net-
work, communication network, smart industry, IoT network, and so on. Chen et al. [6] jointly op-
timized the unloading decision of all users and calculated the resource allocation to minimize the
total energy consumption and the maximum delay of users. Tan et al. [24] aimed to optimize the un-
loading decision of the tasks among all users and the allocation of computing and communication
resources to minimize overall energy consumption and costs of computing and maximum delay.
Yang et al. [43] considered the sum power minimization problem via jointly optimizing user asso-
ciation, power control, computation capacity allocation, and location planning in a mobile edge
computing network. Seid et al. [22] proposed a model-free deep reinforcement learning-based col-
laborative computation offloading and resource allocation scheme for emergency situations. Wu
et al. [41] aimed to maximize the secrecy rate of the wireless-powered relay network via a joint
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optimization of power allocation and time assignment. Wang et al. [40] proposed an integrated
scheduling algorithm with both future-aware and context-aware mechanisms for taxi allocation.
Afrin et al. [1] comprehensively surveyed the state of the art on resource allocation and service
provisioning in multi-agent cloud robotics. Peng et al. [20] determined the resource allocation strat-
egy by the interaction among Digital Twins according to the credit-based incentives. However, few
existing works focus on charging resource allocation in large-scale EV networks.

2.5 Summary

Technically, the key advantage of our method is that we fully leverage the fleet information to
infer the status of all ETs (e.g., potential future demand) and all charging stations (e.g., charging
queuing and service time) from a fleet perspective based on multiple sensor datasets, in contrast
to existing works on recommendation from an individual level. Our objective is to minimize the
overall charging overhead without building new charging infrastructure.

3 DATA COLLECTION AND ANALYSIS

In this section, we first introduce the multi-source data used in this paper, and we then conduct
data analysis to uncover some insights of ET charging.

3.1 Taxi Infrastructure and Data Collection

In addition to the basic taximeters, all taxis in Shenzhen are equipped with different sensing devices
(e.g., GPS and camera) and communication devices [37]. Dispatching centers with cloud storage
are built to monitor the operating status of all taxis and all GPS data are uploaded periodically to
dispatching centers through cell towers. Charging stations with fast charging points are deployed
to refuel the ET fleets for their daily operation.

In the ET infrastructure, various data have been collected for management purposes: (i) with
GPS devices, vehicle attributes, e.g., vehicle IDs, and dynamic attributes, e.g., current longitudes
and latitudes, time stamps, speeds, directions, and occupied flags are recorded; (ii) with taximeters,
ETs record the pickup and drop-off time stamps, operating distances, cruising distances, and fares;
(iii) with communication devices, both static and dynamic attributes are uploaded periodically to
dispatching centers via cell towers, and then the massive GPS dataset is stored in cloud servers
of dispatching centers for management; (iv) with charging devices in charging stations, ETs can
charge. Each station has a station ID, a name, longitude, and latitude of the station, and the number
of fast charging points in it. There are 117 fast charging stations scattered in Shenzhen in 2018.

3.2 Data Preprocessing

In this project, we are working with Shenzhen transportation committee, which operates and owns
all these ET and regular taxis in Shenzhen (but charging stations are operated individually). We
establish a secure and reliable transmission mechanism with a wired connection, which feeds
our server the filtered ET data wirelessly collected by the Shenzhen transportation committee by
using a cellular network. The filtering process replaces sensitive data, e.g., plate ID, with a serial
number for privacy protection. We utilize a 34 TB Hadoop Distributed File System (HDFS) on
a cluster consisting of 11 nodes, each of which is equipped with 32 cores and 32 GB RAM. For daily
management and processing, we utilize the MapReduce-based Pig and Hive. Then we match each
GPS record on the Shenzhen road network, and we filter some records that are very far from all
road segments caused by GPS error (e.g., 20 meters from the nearest road segment). Due to the
long-term GPS data and transaction data, we have been dealing with several kinds of errant data,
e.g., duplicated data, missing data, and data with logical errors, and thus we have been conducting
a detailed data curation process.
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Fig. 1. Charging spatial distribution. Fig. 2. Temporal distribution.

3.3 Charging Activity Definition

A complete ET charging activity includes three stages: (i) seeking and traveling to a station,
which we call the traveling stage; (ii) queuing in a station for an available charging point to charge,
so it is called the queuing stage; and (iii) being served and charged at a charging point, and this
is denoted as the service stage. Likewise, the three time periods corresponding to the three stages
are defined as traveling time Ty, qpeling, queuing time Tyyeuing, and service time Tserpice. The total
charging time is defined as the sum of the three items.

We designed a two-step spatiotemporal constraint-based charging activity extraction algorithm
to infer the three times of ETs from their trajectories (i.e., GPS records), combined with the trans-
action data. For the first step, we extract the possible charging events from ETs” GPS data based on
the fact that an ET will stay for a long time at the same point (i.e., same longitude and latitude) to
have a charge. For the second step, we check if the possible charging event is in a charging station,
which means the location of the possible charging events should be within a certain range of a
charging station location in the charging station data.

3.4 Charging Pattern Analysis

In this subsection, we analyze one-month real-world data to capture some insights into the charg-
ing patterns of ETs. From Figure 1, we found that about 70% of charging activities happen in 25%
of charging stations. It is understandable that most ETs always operate in the business area since
there is higher passenger demand. More importantly, drivers are more likely to cruise in the area
with more charging stations to avoid low-range anxiety.

Figure 2 shows the temporal distribution of charging activities. It is clear that most charging
activities happen at some time slots, e.g., early morning (2:00-6:00), midday (10:00-13:00), and
early evening (20:00:22:00). The intensive charging and frequent charging activities potentially
cause severe charging resource competition phenomena, which result in a longer queuing time in
charging stations.

Figure 3 shows cumulative distribution function (CDF) of charging service time. We found
that about 85% of charging activities consume half an hour to one and half hour, and over 97% of
charging activities last for half an hour to two hours. Based on the historical charging data, we
can understand the charging pattern for each particular ET and predict the charging service time.

Insights. Based on the above charging pattern analysis, we provide the following observations:
(i) there is an uneven spatial and temporal charging pattern. For the unbalanced spatial pattern,
58% of charging activities happen in 10% of charging stations. For the uneven temporal pattern,
there are four distinct charging peaks, resulting in overcrowded charging stations at these times
while underutilized charging stations during other periods; (ii) 97% of charging service time would
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be half an hour to two hours for ETs, which results in potential operation time reduction than gas
taxis, so it is important for us to obtain an optimal charging station deployment strategy or design
an intelligent charging recommendation system to address these charging issues. However, it is
difficult to site abundant charging stations for ETs due to some real constraints, e.g., unavailable
land resources.

Hence, itis necessary for us to design a charging recommendation system, which informs drivers
where/which charging stations to charge for addressing the uneven charging demand problem and
improving the charging efficiency of the current charging network based on only existing charging
stations.

4 SYSTEM MODELING AND DESIGN
4.1 Overview of the ForETaxi

In this paper, we design a fleet-oriented charging recommendation system called ForETaxi to im-
prove the charging efficiency of ETs, which includes a three-layer data-driven architecture for
ET fleet modeling and charging recommendation, as shown in Figure 4. The bottom layer is the
multi-source data layer, which collects and stores data from the ET infrastructure and lays the
data foundation for charging modeling and recommendation. The second layer is the charging
activity modeling layer, which models the charging activities of ET fleets, including seeking and
traveling activities to charging stations, queuing activity at stations for available charging points,
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and service activity at stations. In the top layer, i.e., the charging recommendation layer, we use
the information obtained from the charging modeling layer to recommend ETs to corresponding
charging stations, and the overall objective is to minimize the total charging time of all ETs and
maximize the operating time of the fleet. After each recommendation decision, the status of charg-
ing stations will be updated in the data layer, which will be used by modeling and recommendation
layers again in an iterative way.

In this next part, we describe the system modeling and recommendation design in detail, in-
cluding charging activity modeling and charging recommendation. We present a vehicle-specific
energy and time consumption model at road segment levels, and then calculate the three time
overheads, i.e., Tyrqvelings Tqueuings Tservice based on inferring the status of ETs. The models of
Tiraveling> Tqueuing> Tservice as well as the parameters of the three models, are learned from our
large-scale data and field studies, so they should be more practical compared to existing models.
Suppose there is an ET fleet in a city, including n.; ETs, and all these taxis are managed by a dis-
patching center so taxis can coordinate with each other. Without loss of generality, we take one day
as a basis and then iterate the model to obtain a long-term and effective charging recommendation
for the fleet.

4.2  Tservice Inference

In this subsection, we first clarify why it is significant and meaningful to consider the Tserpice
for charging recommendation by real charging scenarios. Then we analyze the historical data
to investigate the spatial and temporal charging patterns, i.e., (i) charging events distribution in
different charging stations, i.e., spatial distribution; (ii) charging events distribution in different
hours, i.e., temporal distribution; and (iii) the duration of charging service time for each charging
event. Finally, we obtain the energy and time consumption models to estimate the service time for
each charging event, which is then used for the Tyycying inference in Section 4.4.

4.2.1 Importance of Considering Tserpice- We show the significance of Tserpice by describing
some ET charging scenarios. We also show how we leverage existing charging infrastructure to re-
duce the overall charging time for ET fleets and why fleet-oriented recommendation can leverage
service time to achieve better performance than individual-based recommendations or recommen-
dations without considering the service time, which is also the difference between individual-based
recommendations and our fleet-oriented recommendation.

As shown in Figure 5, there are two charging stations, i.e., charging station 1 (CS;) and charging
station 2 (CS,), and there are two charging points in each station. The time labeled near each line
stands for the traveling time to a station.

Scenario 1: a = 10, b = 15, ¢ = 12, and d = 15, and there is an available charging point in each
station. An individual-oriented recommendation system adopts the first come first served policy. If
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ET, sends a request first, it will be recommended to CS; by the individual-oriented system. At this
time, if ET; requests a recommendation, the system will recommend it to CS,. The total traveling
time is 27 minutes without queuing time. But if we consider the status of all ETs in the fleet and
predict the request from ET;, we can recommend ET; to CS; and ET; to CS, to obtain a global
optimization with 25 minutes’ traveling overhead with zero queuing time. In this case, the fleet
information (e.g., the possible charging requests) has not been considered in individual-oriented
recommendation, and we can save about 8% (2 minutes) as for the total Ttrqoeling + Tqueuing if we
consider from a fleet perspective.

Scenario 2: a = 10, b = 15, ¢ = 20, and d = 15, and all charging points are occupied. If only
considering to recommend the drivers to the stations with shortest traveling time, the ET; will
be recommended to CS; and the ET, will be recommended to CS;. However, in fact, the two ETs
served at CS; will leave in 20 minutes but the two ETs at CS, will leave after 30 minutes. In this case,
we should recommend ET; and ET, to CS; to reduce its queuing time and overall charging time.
Hence, if the charging status of each taxi has been estimated in advance, a better recommendation
may be obtained, this is why the service time is important for the charging recommendation, even
though the service time itself would not have significant differences by leveraging different rec-
ommendations. In this case, if we utilize the fleet information, i.e., the status of ETs being served
at stations, we can save 40% (10+20+0+0 compared to 10+15+10+15) of the Ty qveling + Tqueuing
during this recommendation process. Hence, such fleet information can be useful for reducing the
overall charging time, but it has not been considered by individual-oriented methods.

4.2.2  Calculation of Tserpice- The duration an ET served at a charging point is decided by the
current State of Charge (i.e., SOC) of the ET and the charging rate of the charging point, i.e., fast
charging points or slow charging points. If the battery level is too low, drivers will spend more time
on charging, and vice versa. Likewise, if the charging point has low charging rates, it will cost more
time for drivers to have their taxis fully charged. The current battery power of an ET is related to
the distance and time it has traveled since the last charge. Higher cruising mileage will consume
more energy. Similarly, a longer operating time will also lead to low battery capacity. For example,
if the traffic is heavy, the drivers will spend more time going to the same destination. Hence, in
this case, even though the traveling distance of the ET is not too long, the battery consumption is
high. Considering these factors, a linear model can be built to estimate the battery status of each
ET [13, 17, 42]. According to two field studies [3] in Shenzhen, the battery consumption rate of the
BYD e6 ETs is related to cruising speeds. The battery consumption model and the depletion rate
can be expressed as follows:

n
Ct1 - Z dl s U
I=1

n

Ctl_zvl'tl'ul (1)

=1

C,

2.03 v > 80km/h
w =426 20<uv<80km/h (2)
1.53 v < 20km/h

Where C, is the current battery capacity; Cy, is the original battery power at time t;; d; is the
distance traveled on a road; u; is the battery consumption rate on road segment [, which denotes
the distance an ET can cover with 1% battery capacity and it is decided by the speed of the road
segment. Here we assume that the speed under 20km/h is caused by the traffic jam, so the bat-
tery consumption is relatively large. It is expected that the ETs will have charging requests when
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the SOC is lower than a threshold [17]. According to [2], the range anxiety of ET drivers will be
extremely strong when the battery power is lower than 13% and they are eager to charge, so we
assume ETs have potential charging demand when the battery power is around 13%, which is used
for charging requests prediction.

If all fast charging points have the same charging rate, similar to the energy consumption model
[23], a linear charging model can be built to estimate the service time at charging stations. Since it
needs two hours to fully charge an ET and the maximum battery capacity is 57 kWh, for simplicity,
the average charging rate is set to 0.8333% per min. The charging model can be described as the
following:

Cruir — Cse
Tservice = ——————— (3)
Fcharge

Where Cryy; is different from different ETs since they have various operational time and max-
imum battery capacities. It can be estimated by their maximum traveling distance, which can be
inferred from the transaction data. C, is the current SOC and it is decided by the distance an ET
has traveled since the last charging activity and the traffic conditions.

4.3  Tiraveling Inference

4.3.1  Start and End Points of Tt qeling- According to [16, 25], drivers usually submit a charging
request after dropping off a passenger and it has also operated a certain distance since the last
charge, leading to a low battery level. Hence, the start point of the traveling stage is the time
when the last passenger gets off the ET before a charging event. We merge the transaction data
from the onboard vehicle equipment and charging activities from GPS data to obtain the start
points since the last drop-offs, and the charging events are adjacent and disjoint. Due to the limited
battery capacity, ETs can only operate a certain amount of miles after a full charge. The maximum
traveling distances are decided by their full battery capacity, which can be calculated by combining
the transaction data and charging events, so the operation distance of an ET after charging must be
shorter than the maximum traveling distance. The endpoint of the traveling stage is the time when
the ET arrives at a charging station and starts queuing for charging. The time interval between
the two points is the traveling time to a station, which is decided by the distance and the road
condition to a station at this time.

4.3.2  Calculation of Ty qveling- In this subsection, we present a vehicle-specific time consump-
tion model at road segment levels in real time for more precise status modeling. Since the des-
tinations of passengers could be any place in the city and the drop-off locations can be any-
where, the routes to a charging station may not appear before, and it is necessary to estimate the
speed of each road and then infer the time from any place to a station. The existing research [49]
shows that the workdays typically have similar traffic conditions and patterns, while the weekends
have different patterns compared to workdays. We use historical trajectory data to predict the av-
erage speed on each road segment on workdays and weekends. We empirically select 5 minutes
as a time slot to update the estimation value because of the dynamic characteristic of the traffic
flows. We also compare performances with different slot lengths in Section 5.4.1.

A road network can be seen as a graph consisting of road segments and intersections. The road
segments are the edges of the graph. The intersections and endpoints of the road segments are the
vertices of the graph. The traveling speed of each road segment can be seen as the weight of the
edge. Notably, to a bidirectional road segment, the traffic conditions from different directions are
different. Suppose there are m intersections and n road segments in a city, and the road network
of the city can be represented by a directed graph (DG) G = (LR), where [ = ; UL U+ U Ln,
R=R; URy U - UR,. We utilize all historical GPS data of all vehicles to estimate the travel speed
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at a fine-grained time slot since our GPS data includes the real-time vehicle speed. We denote the
average traveling speed at time ¢ in workdays as vg,; (wo, t), and weekends as vg,; (w,, t), where R;;
denotes the road segment from intersection J; to intersection I;. Thus, two average speed matrixes
at time ¢ can be obtained, representing the traveling speed of each road segment for workdays and
weekends.

After obtaining the average speed of each road segment, we estimate the traveling time between
any two locations L, L, using the following formula

k D/RS (W07 t)
Tir,,1,)(Wo, t) = m (4)
s=1 Rs 0>
£ D
we, t)
Ti1,, 1) (Wes 1) Z )’ (5)
— e’

where k is the number of road segments between L; and Ly; D;Q is the length of road segment Rg;
vR, is the average speed of corresponding road segment R,. Thus, two speed matrices can be built
to estimate the traveling time on road segments on different days.

4.4  Tyyueuing Inference

If an electric taxi ET; starts seeking a charging station at time t;, the Ty,euing is decided by the
number of ETs served in the station and the ETs arriving at the station before ET; arrives. It should
be noted that the number of ETs served and waited in a station should be the number when ET;
arrives at the station f,, because there may be some ETs that got fully charged and left when ET;
arrives at the station t,, and there may also be some ETs arriving at the station earlier than ET;.
That is why we need to estimate the charging service time of each ET. In this case, it may be not
optimal to recommend the ET to the charging station with the nearest distance or the shortest
time. In certain circumstances, when an ET heads to a station, there may be other ETs submitting
charging requests at the same time or near future, so they can coordinate with each other to avoid
long queuing times. In other cases, even though there are no available charging points when they
send requests, there may have some points available when they arrive at the station since some
ETs will be fully charged and ready to go at that moment, so it is also important to estimate the
charging status of ETs that are charging. If there are available points when an ET arrives at a
station, the queuing time is 0.

Based on the fleet information, we design the fleet-oriented optimal queuing algorithm, which
is shown as Algorithm 1, where Tlie ... stands for the time when i* " ET is fully charged and leaves,
leading to an unoccupied point.

4.5 Charging Request Prediction

A key component that needs to be predicted is the number of charging requests in the near fu-
ture. In this work, we fully utilize our large-scale long-term data to extract patterns for prediction.
Particularly, we consider different real-world factors to predict the charging requests accurately
(historical request, spatial features, temporal features, and contextual features like weather condi-
tions, etc.). Firstly, we divide the city into 100m*100m of grids for fine-grained prediction. We also
divide one day into 288 time slots, and each slot is 5 minutes. we collect meteorology data from the
website [26] and extract features for the net flow prediction. We identify three contextual features:
weather, temperature, and wind speed. Among these features, the weather feature is divided into
three categories: sunny (or cloudy), rainy, and snowy. The temperature feature has also three types
of values: cold (lower than 15°C), mild (15-30 °C), and hot (over 30 °C). The wind speed is divided
into two categories according to the Beaufort number: light (<3) and heavy (>3). Then we utilize

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



63:12 G. Wang et al.

ALGORITHM 1: Fleet-Oriented Queuing Time
Input:

s: a charging station;

ET,: an ET to be recommended;

Tarrive: time arrive a station;

Np: the number of charging points;

Nj: the number of ETs served at the station;
Ne: the number of ETs arrive early than ET,.

Output:
Tqueuing§
1: Begin
2: If Np-Ns-Ne > 0
3: Tqueuing =0
4: End
5: Else
6: Foreach ET; in (Es | Ee)
7: Infer leaving time T,
. Np-Ns—-N
8: Tqueuing = mm{Tlecjz)ve s ‘- Tarrive)
9: End
10: End

11: return Tgyeyings

a widely-adopted spatial-temporal prediction method [44] to predict the charging requests in the
near future, which has the capability to capture the spatial relation (e.g., using CNN) and temporal
relation (e.g., using LSTM) at the same time.

To now, we have designed a vehicle-specific energy and time consumption model at road seg-
ment levels to infer the traveling time, queuing time, and charging service time of a particular ET
based on the status of all relevant ETs in the fleet. In the next part, we will leverage these inferences
to make charging recommendations for the ET fleet.

4.6 Charging Recommendation

Passenger demand has also been considered a con- = 40
straint to recommend ETs to charging stations to re-
duce potential income loss of drivers. As shown in
Figure 2, we will recommend the number of ETs to
charging stations in inverse proportion to the number
of passengers, which means we will recommend more

%

30

—*— Weekday |

Passenger Demand (k
—

— 8 — Weekend |
ETs to charge when the passenger demand is low and s
charging demand is high and recommend fewer ETs to 0 4 8 12 16 20 24
charge when the passenger demand is high and charg- 24 Hours of a Day (h)

ing demand is low. Thus, the recommendation system
would have little impact on the mobility of the city and
potentially do not affect the income of ET drivers. We leverage all taxis’ transaction data (including
gas taxis) to infer the passenger demand, as shown in Figure 6.

From Figure 6, we found that the passenger demand has an increase or decrease trend for every
6 hours, e.g., the passenger demand has a decreasing trend from 0:00 to 6:00 am, so we potentially
recommend more ETs to charge when the time is close to 6:00 am. Under normal circumstances, we
do not interfere with drivers’ requests. When the number of charging requests reaches a threshold,

Fig. 6. Passenger demand.
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we do not consider potential charging requests and only deal with these submitting ones. The
recommendation number threshold is decided by the total number of available charging points and
the historical charging request distribution every 6 hours. For example, if the available charging
points are 100, we would not consider extra charging requests more than 100 ETs to charge. These
numbers are obtained from our real-world data.

Based on the charging time estimation and the passenger demand, the system will make real-
time decisions for ETs. The process of the fleet-oriented charging recommendation algorithm is
given in Algorithm 2, which we sum up one-day recommendation together. Charging activity
modeling in Sections 4.2, 4.3, and 4.4 is embedded in Algorithm 2. The insight of this algorithm
is that the service time is embedded in Algorithm 2 and the possible charging requests are also
considered for a recommendation, which is shown in lines 6 and 7 of Algorithm 2. Besides, the
passenger demand is also considered as a constraint when recommending, which is in line 9 of
Algorithm 2. These three components distinguish our method from existing works.

ALGORITHM 2: Charging Recommendation Process
Input:
An ET Fleet, Charging Stations, Number of Time Slots;
Output:
Corresponding Stations;
1: Begin
22 VseS
3 For m =1 to n;5 do
4 Fork =1 to ner do
5: T; (s, k, m) inference from Section 4.3;
6
7
8
9

Algorithm 1 in Section 4.4;
Ts(s, k, m) inference from Section 4.2;

End
I XN Net; < Nihyre
10: SumlInSlot « ZZE:’I(T, (s, k,m), Tq(s, k,m), Ts(s, k, m));
11: End
12: SumInDay « ZZ:l SumlInSlot;
13:  Min(SumInDay);

14: End
15: return Corresponding Stations;

We aim to recommend a fleet with n., ETs to charge, and we first split one day into n,, time
slots. We then estimate the speed on each road segment and the number of ETs that need to charge
in the time slot. After a charging request submitted by a driver, we leverage Equations (4) or (5) to
estimate the traveling time of ET k to station s at time slot m T;(s, k, m) based on historical data.
Likewise, we leverage T,(s, k,m) to stand for the queuing time of ET k in station s at time slot
m and calculate it by using Algorithm 1, and we calculate the service time of ET k at station s at
time slot m T (s, k, m) as shown in Section 4.2.2. Then we add all items together to obtain the total
charging overhead of one ET. T; (s, k, m) is calculated by using Equations (4) and (5), which is the
total traveling time on each road segment to station s. T (s, k, m) is decided by the current battery
status if all charging points have the same charging rate. Current battery status can be estimated
based on Equations (1) and (2). After estimating the current battery status, we use Equation (3)
to estimate the service time at a station. It should be noted that the difference of service time in
different charging stations is decided by the road conditions, e.g., road length and speed on the
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road, which can induce different energy consumption, so the Ts(s, k, m) is related to the traveling
route and traveling time, namely, which station is to be recommended.

After we estimate the service time of each ET, we estimate their full charge time and then infer
the number of ETs served in the station when an ET arrives at the station. Hence, the T, (s, k, m)
is decided by the ETs served at stations. In each time slot, we recommend all ETs with possible
requests to corresponding stations by minimizing the overall charging time. Once we perform a
recommendation, we add all recommendations in one day to obtain the optimal recommendation
results in this day, which can be formulated as Equations (6)—(8).

§* = argmin Z Z [T (s, k. m) + Ty (s, k,m) + Ty (s, k, m) | (6)
S€E
m=1 k=1
Nts
s.t.: ZNeti < ]\][hrE (7)
i=1
Nihre = f(Ntd) (8)

where S is the set of charging stations; s is a station in the set; S* is the recommendation result;
Nihre is the threshold number to recommend, which is denoted by a function of passenger demand
Nia; Nis is the number of time slots in 6 hours; and N, is the number of requests in each time slot.

The most challenging components of solving (6) include estimating the Ty, qveling and Tqueuings
and then minimizing different possible combinations of charging times of ETs as Tservice can be
estimated when we know the status of the ET (e.g., location and battery level) when it sends
the request. To directly solve (6) would be complexity intractable due to a large number of possible
paths to charging stations, a large number of ETs in the fleet, and concurrent requests. Hence, we
first adopt pruning to reduce the feasible search space. The basic idea is that we limit the number
of charging stations that each ET can go to an appropriate range instead of the entire charging
network. The intuition is that the traveling time is highly correlated with the traveling distance,
so we can select several near charging stations to guarantee a short traveling time for the ET. The
specific number is decided by different real-world factors (e.g., the size of the fleet, the charging
network, and the city), and it is set as five in our work after carefully comparing different values.
There are three key factors that impact the Tqyeuing, i-e., the number of charging points in each
station N, the number of ETs served at the station Ny, and the number of ETs that arrive earlier
than the ET to be recommended N.. N, is static data and has been stored in our database. N
is dynamic data and will be updated and stored in our database periodically, so which will also
reduce the computational complexity. N, is decided by other ETs that have charging requests now
or in a near future, so it will be decided when we try different combinations. The most challenging
part for recommendation is to coordinate the ETs for higher charging efficiency since it is a large-
scale nonconvex nonlinear optimization problem. To address this problem, in this work, we adopt
the simulated annealing algorithm [14, 19] to find the approximate global optimization in the
large search space. The reason is that the simulated annealing algorithm is effective when the
search space is discrete. Even though simulated annealing cannot always be guaranteed to find
the globally optimal solution, but it does usually produce a good solution. In our scenario, finding
an approximate global optimum is more important than finding a precise local optimum given a
limited time for the real-time requirement.

5 EVALUATION

In this section, we start by introducing the real-world datasets for evaluation. Then several metrics
are defined to compare our system with other state-of-art recommendation methods. Finally, we
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investigate the impacts of time slots, recommendation-following rate, and fleet sizes on the system
performance of ForETaxi.

5.1 Datasets

A real-world dataset introduced in Section 3 is leveraged to validate our ForETaxi. We utilize one
week of GPS records from more than 13,000 ETs and metadata of 117 charging stations in 2018.
More than 11.9 million transaction records are generated by ETs during this duration. The numbers
of road segments and intersections are 135,138 and 87,514, respectively, in Shenzhen city.

5.2 Metrics and Baselines

We define Percentage of Reduced Queuing Time, Percentage of Reduced Service Time, and Per-
centage of Reduced Charging Time as three key metrics to show the system efficiency. Assuming
the actual average queuing time is 7, ¢ is the average queuing time of a specific recommendation,
then the Percentage of Reduced Queuing Time equals to g.

Three other individual-oriented charging recommendation strategies, i.e., the nearest distance-
based charging recommendation (NDBR) [16] and the shortest traveling time-based charg-
ing recommendation (STBR) [8] and the individual-oriented optimal recommendation
(IOOR) system [25], are compared with our fleet-oriented optimal recommendation system ForE-
Taxi. For the individual recommendation, they are local greedy algorithms, which means they
serve the driver who sends a charging request without considering other potential requests.

We first extract the speed of each vehicle in a short time slot and then conduct map matching
to estimate the average traveling speed on each road segment at different times. This speed will
be used for the traveling time estimation to feed to the algorithm. We also extract the charging
requests based on our data. The intuition is that drivers usually submit a charging request after
dropping off a passenger and it has also operated a certain distance since the last charge, leading to
alow battery level. Hence, the charging request will be sent when the last passenger gets off the ET
and the battery capacity also decreases to a low level. That is to say, we merge the transaction data
and charging activities extracted from GPS data by a two-step spatiotemporal constraint-based
extraction algorithm [36] to obtain the charging requests. We then further calculate the operation
distance of the ET since the last charging by merging the transaction data and the charging events.
Then the service time can be estimated with Equations (1)—(3). There are three key factors that
impact the charging queuing time, i.e., the number of charging points in each station N,, the
number of ETs served at the station N, and the number of ETs that arrive earlier than the ET to
be recommended N,. N,, is static data and has been stored in our database. N is dynamic data
and will be updated and stored in our database after each round of recommendations. With the
predicted number of charging requests in the near future, we will feed our static and dynamic
data into Algorithm 1 to infer the queuing time of the ET when it is recommended to different
charging stations. Then we store the queuing time in our database. With all possible combinations
of estimated traveling time, queuing time, and service time, we then feed them into Algorithm 2
to find the approximate global optimization in the large search space.

5.3 Comparison Results

5.3.1 Comparison of Traveling Time to Stations. In this subsection, we compare the performance
of different recommendation systems using the metric Percentage of Reduced Traveling Time. As
shown in Figures 7 and 8, the NDBR has the smallest Percentage of Reduced Traveling Time. The
other three recommendation systems achieve better performance, with more reduction of traveling
time. The reason may be that even though the station is the nearest one to an ET, the traveling time
to the station may be long because of the traffic conditions, i.e., traffic congestion. STBR obtains
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Fig. 7. Traveling time in workdays. Fig. 8. Traveling time in weekends.

the optimal traveling time but the IOOR and ForETaxi also achieve good performance with just
several seconds longer. Both two figures show that the least Percentage of Reduced Traveling Time
is around 5:00 in the morning and the traveling time is long in the early morning. The reason may
be that drivers operate the ETs in the urban business areas and they will change shifts at suburban
areas where ET drivers live and charging stations are built. The distance from urban business areas
to suburban is very far, thus, although the traffic conditions are fair at this duration, the traveling
time is still long. Another change shift time is around 16:00, so the traveling time to the stations
is also longer in this duration.

Comparing Figure 7 with Figure 8, we found that the Percentage of Reduced Traveling Time is
different between workdays and weekends since there are different distances to charging stations,
traffic conditions, and various traveling patterns of citizens. ETs will spend more time on the way
to stations at rush hours on workdays than on weekends because there may be a heavy traffic jam
on workdays, i.e., 7:00 and 18:00. But the traveling time to stations around 20:00 on weekends is
longer than on workdays since more vehicles travel at this moment, leading to traffic jams.

5.3.2  Comparison of Charging Queuing Time. Figures 9 and 10 shows the Percentage of Reduced
Queuing Time in different hours for workdays and weekends. The negative numbers denote that
the average queuing time using this method is longer than the ground truth. This is because too
many ETs operate in urban business areas. If using NDBR and STBR recommendations, there are
too many ETs that will be recommended to the same charging stations, leading to an increase
in the queuing time. During charging peak hours in one day, e.g., 3:00-6:00, 11:00-13:00, 16:00—
18:00, 21:00-23:00, it will waste more time for drivers to wait for an available charging point. The
charging peak durations are usually in break and mealtime and lower passenger demand is in these
durations, so it would not cause much income loss to drivers. In our recommendation system, we
also follow this intuition by recommending more ETs to charge when passengers’ demand is low
and few ETs to charge if passengers’ demand is high.

It can be seen from Figures 9 and 10, our method achieves the largest decrease in terms of
the queuing time. There are some differences between workdays and weekends. The passenger
demand in the early morning on weekends is high, so few ETs are recommended for charging at
this time slot, leading to a short queuing time. More ETs are recommended to charge between 7:00—
9:00 on weekends than on workdays since people will have more rest and do not need to work on
these days, so there is lower passenger demand. Likewise, few ETs will be recommended to charge
in the afternoon on weekends since more people will go out causing higher passenger demand, so
the queuing time is short on workdays compared to weekends. In general, we found Our ForETaxi
reduces 83% and 82% of queuing time compared to the ground truth and NDBR, respectively.
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5.3.3  Comparison of Charging Service Time. In this subsection, we compare the performances
of different recommendations using the metric Percentage of Reduced Queuing Time. From
Figures 11 and 12, we find that all recommendation systems have a smaller percentage decrease
of service time for the fleet since the SOC is similar when an ET submits a charging request. The
difference in the service time between various systems is decided by the road conditions and trav-
eling time to stations. As we describe in Section 4.2, different road speeds will lead to different
battery consumption rates. There is a big difference between workdays and weekends, but our
system can keep obtaining slightly better performance in terms of this metric.

5.3.4 Comparison of Overall Charging Time. In this subsection, we compare the overall charg-
ing time of different recommendation methods, which is also the objective of our charging recom-
mendation. From Figure 13, we found that all of the four methods can reduce the overall charging
time to some degree, and our ForETaxi achieves the best performance.

In this subsection, we compare the performance of different recommendations using the metric
average service time at stations. From Figures 11 and 12, we can see that all recommendation
systems have similar service time for ETs since the electric capacity is constant when an ET sends a
charging request, so the service time difference of various systems is decided by the road condition
and traveling time to stations. As we describe in Section 4.2, different road speeds will lead to
different battery consumption rates. There is a big difference between workdays and weekends,
but our IOOR can keep obtaining a little better performance as this metric.

From Figure 14, we found our system achieves better performance than the other three meth-
ods, especially NDBR and STBR. The queuing time of 90% charging activities would be less than
10 minutes by using our ForETaxi recommendation, while only 70% by using STBR and NDBR.
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To have a better understanding of the overall charging time reduction, we also show the charg-
ing time reduction of different recommendation methods in Figures 15 and 16, and we found our
recommendation can achieve the largest charging time reduction. For example, ForETaxi reduces
29% of total charging time compared to the ground truth and reduces 16% of total charging time
compared to NDBR. In total, the average traveling time + average queuing time of our ForETaxi
is about 445s for one charging activity, while NDBR is 1207s and IOOR is 520s. Moreover, ForE-
Taxi saves 94s service time for drivers compared with IOOR. In fact, the IOOR has a good rec-
ommendation for the ETs if other vehicles’ status is not available. Our more advanced design for
ForETaxi is to further advance the ET charging recommendation with our fleet-oriented solution.
Compared with NDBR, STBR, especially for the ground truth, the IOOR and ForETaxi saved over
30 minutes for each charging. Our fleet-oriented recommendation can reduce 4.407 and 23.467
minutes compared to IOOR and the ground truth. In particular, for each ET, it charges about 3.5
times a day, so our ForETaxi can reduce about 200,518 minutes of charging time compared with
the optimal individual recommendation IOOR for the ET fleet per day based on our data. This
200,518 minutes reduction can make the ET fleet serve additional 11,460 passengers in one day,
which can potentially improve passengers’ satisfaction and enhance the mobility of the city. With
more and more taxis replaced by electric vehicles, we believe our recommendation has the po-
tential to achieve better performance compared with IOOR based on our evaluation, and our de-
sign should have higher benefits compared to the supplementary cost (e.g., communication and
complexity).
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5.4 Impact of Factors

5.4.1 Impact of Slot Length. In the previous investigation of the paper, we empirically divide
24 hours into a total of 288 5-min slots. For a particular slot, we calculate the average speed of each
road in one day. In order to investigate the impact of slot lengths on performance, we split one day
into different slots, e.g., 2-min, 5-min, and 10-min for comparison.

Figure 17 shows the average queuing time in stations. We found that our ForETaxi achieves
better performance than IOOR, e.g., the average queuing time is about 40% less than IOOR, but
the queuing time is similar between different time slots since the queuing time is irrelevant to the
slot length.

5.4.2  Impact of Recommendation-Following Rate. In the previous setting, we assume all drivers
will follow our recommendations, but in reality, some of them will not follow the recommendation.
In this subsection, we show the system robustness when some ET drivers do not follow our rec-
ommendations and show how they may affect the system as a whole. We consider the drivers who
obtain a much longer charging time than they usually have or expect will have a higher probabil-
ity to reject our recommendation instead of randomly selecting them. As shown in Figure 18, the
system performance of the four recommendation systems will increase with the recommendation-
following rate increase, but our ForETaxi achieves a higher gain of charging time reduction with
high participating rates. Especially, when more drivers follow our recommendation, the average
total charging time will be lower for the ET fleet.

5.4.3 Impact of Different Fleet Sizes. To further
verify the generalizability of our recommendation

3
(=]

method under different fleet sizes, we further study 25 77;72?;]5
the recommendation performance under the various IOOR 7
amount of data by using five-year data (from 2014- 20 | —s— ForETaxi

2018) from Shenzhen, during this duration the num-
ber of ETs has increased from about 500 to over 13,000
and the number of charging stations has also in-

—_
S

(9]

Charging Time Reduction(mins)
&

creased. More details about this dataset can be found

n [30]. For all the five-year data, we utilize the GPS 0

data of all taxis (including both gas taxis and ETs) to 500 1000 2500 5000 10000 13000
estimate the travel time accurately since more GPS Number of ETs

data can lead to more fine-grained real-time travel Fig. 19. Performance with different number
speed on each road segment. of ETs.
As shown in Figure 19, we found the total charging

time has a decreasing trend with the increase of the
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number of ETs in the fleet. When there is a small-scale ET fleet (e.g., less than 1,000 ETs), the per-
formance of different methods is similar although our system is slightly better than other methods.
While the number of ETs is over 2,500, our system achieves much better performance compared to
other methods, and the charging time reduction reaches a peak when the number of ETs is around
10,000. One possible reason is that the queuing phenomenon is not severe when the ET fleet size
is not too large, so the original charging time of ETs is also small. When there are more ETs, the
competition between ETs for charging resources will become fierce, which leads to a much longer
charging queuing time, so it is more necessary to have a fleet-oriented charging recommendation
system to improve the overall charging efficiency. The reason why the maximum charging time
reduction happens when the number of ETs is around 10,000 is that the number of charging sta-
tions did not increase as fast as the increase of ETs, which leads to a much longer queuing time
for ETs. To summarize, our ForETaxi can achieve better performance than other methods under
different number of ETs, and the performance will be more significant when the fleet size is large
(e.g., the number of ETs is larger than 1,000).

5.5 Simulator Implementation

To make our method and system more accessible to other researchers, we design and share an ET
simulator that includes the ForETaxi and other existing methods in it. We utilize the real-world
data from Shenzhen for simulation. The simulator can show the system performance more visible
and dynamic, and it also has the potential to be used by other researchers for simulating their algo-
rithms because the parameters in the simulator are adjustable. Our simulator includes a backend
server and a frontend Ul interface.

5.5.1 Backend Server. The backend server is built upon the flask framework, which is a light-
weight WSGI web application framework with the ability to scale up to complex applications. It
allows the developer to customize the tools, libraries, and layouts they want to use. The backend
flask server has three key functions: data processing, algorithm execution, and route generation.

Data Processing. In this step, the charging station information, ET information, and passen-
ger requests will be parsed into the server. The data of charging stations include their latitudes,
longitudes, and the number of available charging points. The data of ETs include their locations,
operation status, and charging information, and so on. Passenger demand will be generated ac-
cording to the historical distribution at that time. Based on these data, we can obtain the actual
queuing time and charging time of ETs in the charging station.

Algorithm Execution. After setting the number of ETs, we can run the simulator, which will
apply different algorithms to make recommendation decisions, e.g., NDBR and our fleet-oriented
ForETaxi. These algorithms will assign the charging stations for the ETs to charge. Our ForETaxi
will optimize the charging efficiency of the ET fleet by considering traveling time to stations, queu-
ing time, and service time at stations. The queuing time will also be shown on the simulator.

Route Generation. After deciding which charging stations the ETs need to go to, we also
generate the routes from the current locations of ETs to charging stations. we leverage the Google
Maps API to display the routes. The Google Maps provides a geographically enabled Web 2.0
service [12]. When an ET has no charging need, it will serve passengers. The routes for serving
passengers will also show on the simulator.

5.5.2  Front Ul Interface. The Ul interface is designed as web-based using the Google Map API
and flask. The Google Map API provides a map for the whole Shenzhen city with millions of streets
and the road network. We can also zoom in and zoom out the map to show different regions. An
example of our Ul interface is shown in Figure 20. The blue charger icons on the map mean ET
charging stations deployed across the city. Each white circle icon means an ET in the fleet, and we

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



ForETaxi: Data-Driven Fleet-Oriented Charging Resource Allocation 63:21

© TIME fleet-oriented
T

o Electric Taxi Fleet Size: 50
& No. of ETs Needing Charge

@ Simulation Speed:

Fig. 20. The interface of the ET simulator.

utilize different colors to show various statuses of ETs. For example, the white color means the ET
is cruising; the yellow color means the ET is serving passengers; and the green color means the
ET is charging. There is also a dynamic green bar behind the ET when it is charging. When the
ET is queuing for a charging point, there will be a red clock behind it. We also show the queuing
time of different algorithms using the bar charts for comparison. We also set a simulation speed
parameter for users’ convenience.

6 DISCUSSION

Lessons Learned. (i) Based on our data-driven analysis, we found there is an uneven spatial and
temporal charging pattern of the ET fleet, and it is possible for us to design a charging recommen-
dation system to address this issue and improve the charging efficiency of the fleet. (ii) We found
the fleet information (e.g., charging service time and potential future charging requests) is very
important for the recommendation system, but it is rarely considered by existing works. (iii) Our
simulator can potentially provide a platform for other researchers to understand the mobility can
charging patterns of ETs, as well as verify their charging recommendation systems.

Existing Mobile Apps. Although some charging station providers have their own apps to show
their charging station status, they cannot have access to other providers’ charging station infor-
mation due to the business competition, e.g., there are eight ET charging station providers in
Shenzhen. Such incomplete information is not enough for fleet-oriented charging recommenda-
tion, resulting in suboptimal solutions. Moreover, these apps can potentially worsen the current
charging situation, e.g., navigating more drivers to the same station without coordination and
causing a severely crowded phenomenon. Hence, it is meaningful for us to design a fleet-oriented
charging recommendation system by considering the city-scale station and vehicle information.

Impact of Private EVs and Multiple ET Fleets. In the Chinese city Shenzhen (i.e., the city
that the paper focused on), most ET charging stations deployed in the city are exclusively for ETs,
which cannot be used by electric private vehicles. As shown in Figure 21, this fast charging station
is exclusively for ETs, and we found no private electric vehicles charged in this station when we
did the field study there. Even though some charging stations may be shared by private EVs with
ETs, few private EVs prefer to utilize fast charging stations for the following two reasons. (i) EVs
used for commuting have no needs to leverage fast charging like commercial ETs, which rely on

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



63:22 G. Wang et al.

I ERT) -

o S

EERR&TR
Eb 0 388 37 R 7R 7 R 0%

BEHA : RERR
R 3 S

B s Electric Taxis

St o !

Fig. 22. A public fast charging station.

the fast charging stations to keep the normal business activities, so private EV drivers prefer to
charge their cars at home in the evening when the electricity price is also lower than the daytime
price. (ii) A fast charging mode can accelerate the degradation of the battery, so private EV drivers
usually would not use fast charging stations except in emergency circumstances. We also verify
this during the field studies in Shenzhen. Figure 22 shows an example of the status of a public
fast charging station, and we found less than 10% of all charging points are utilized by private
electric vehicles. Based on this, we consider that other EVs have little influence on the charging
recommendation. Hence, in this paper, we envision that all fast charging stations are exclusive for
ETs, which is also adopted by some other related research [16, 25, 38].

In this paper, we are working with the city government and we try to improve the overall charg-
ing efficiency of all ETs in the city. Hence, the fleet here includes all ETs in the city instead of
taxis of a specific company. In addition, we can also consider some uncertainties (e.g., competition
of the vehicles from other companies) to assume that all vehicles from other companies will not
follow our recommendation, which is implicitly included in Figure 18, i.e., the impact of different
recommendation following rates.

Impact of Scales of ETs. Even though most cities in the world do not have ETs as many as
13,000 and Shenzhen is the only city that has such a large-scale and all ET fleet, we argue that our
method still works for other cities because our method relies on only the drivers’ mobility and
charging instead of city features, but the real-world performance will be impacted by the number
of ETs and available charging resources in the city. For example, when the ET fleet size is not too
large and there are relatively enough chargers in the city, the queuing phenomenon will not be
severe, so the original charging time of ETs will also be small and it is challenging to decrease it too
much. When there are more and more ETs, while the charging resources cannot keep pace with
its increase, the competition between ETs for charging resources will become fierce, which leads
to a much longer charging queuing time, so our fleet-oriented charging recommendation system
can significantly improve the overall charging efficiency. To summarize, our ForETaxi can achieve
better performance than other methods under a different number of ETs, and the performance will
be more significant when the charging resource competition is more fierce.
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Impact of Vehicle Model. In our work, all EVs are the same model, i.e., BYD e6, and they
have the same battery consumption model and charging model, so they share the same solution.
For different EV models, they have different battery capacities, consumption rates, and charging
rates, which will impact their charging service time as shown in Equations (1)—(3). The traveling
time will not be influenced as shown in Section 4.3, but the queuing time will be different if EVs
have different charging rates. As shown in Equation (6), our solution considers the charging time
(traveling time, queuing time, and service time) of individual EVs, so different EV models will
not impact our solution since we will input the traveling time, queuing time, and service time of
individual EV to our model for decision making. If there are different EV models, we only need
to specify their battery capacities, consumption rates, and charging rates in Equations (1)—(3) to
calculate the traveling time, queuing time, and service time of individual EVs to feed into our
optimization objective.

7 CONCLUSION

In this paper, we design a data-driven fleet-oriented charging recommendation system called ForE-
Taxi based on multi-source sensor data with real-time charging resource allocation, which aims to
obtain an optimal charging recommendation for the entire fleet, instead of individual vehicles.
ForETaxi considers different practical factors for recommendation including charging queuing
time, service time, possible future charging demand and passenger demand, and so on. Real-world
sensor data including GPS data, taxi transaction data from more than 13,000 ETs, road network
data, and all ET charging stations in Shenzhen are used to verify the performance of the ForETaxi.
Extensive results show that our ForETaxi outperforms other state-of-art methods by about 16% of
the total charging time reduction and 82% of the queuing time reduction.

REFERENCES

[1] Mahbuba Afrin, Jiong Jin, Akhlaqur Rahman, Ashfaqur Rahman, Jiafu Wan, and Ekram Hossain. 2021. Resource allo-
cation and service provisioning in multi-agent cloud robotics: A comprehensive survey. IEEE Communications Surveys
& Tutorials 23, 2 (2021), 842-870.

[2] NetEase Auto. 2014. Is the battery attenuation severe? http://auto.163.com/14/0801/09/A2I8LD1B00084TUR%_2.html.
(2014).

[3] Autohome. 2014. Endurance test of BYD e6 electric vehicles. http://www.autohome.com.cn/drive/201407/825599.html.
(2014).

[4] A.]J.Bernheim Brush, John Krumm, Sidhant Gupta, and Shwetak Patel. 2015. EVHomeShifter: Evaluating intelligent
techniques for using electrical vehicle batteries to shift when homes draw energy from the grid. In Proceedings of the
2015 ACM International Joint Conference on Pervasive and Ubiquitous Computing. 1077-1088.

[5] Yue Cao, Houbing Song, Omprakash Kaiwartya, Ao Lei, Yue Wang, and Ghanim Putrus. 2017. Electric vehicle charg-
ing recommendation and enabling ICT technologies: Recent advances and future directions. IEEE COMSOC MMTC
Communications-Frontiers 12, 6 (2017), 23-32.

[6] Meng-Hsi Chen, Ben Liang, and Min Dong. 2017. Joint offloading and resource allocation for computation and com-
munication in mobile cloud with computing access point. In IEEE INFOCOM 2017-IEEE Conference on Computer Com-
munications. IEEE, 1-9.

[7] NYC Taxi &Limousine Commission. 2013. Take Charge: A Roadmap to Electric New York City Taxi. http://www.nyc.
gov/html/tlc/downloads/pdf/electric_taxi_task_force_report_20131231.pdf. (2013).

[8] Zheng Dong, Cong Liu, Yanhua Li, Jie Bao, Yu Gu, and Tian He. 2017. Rec: Predictable charging scheduling for electric
taxi fleets. In 2017 IEEE Real-Time Systems Symposium (RTSS). IEEE, 287-296.

[9] Bowen Du, Yongxin Tong, Zimu Zhou, Qian Tao, and Wenjun Zhou. 2018. Demand-aware charger planning for electric
vehicle sharing. In Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data
Mining. 1330-1338.

[10] Guiyun Fan, Haiming Jin, Yiran Zhao, Yiwen Song, Xiaoying Gan, Jiaxin Ding, Lu Su, and Xinbing Wang. 2022. Joint
order dispatch and charging for electric self-driving taxi systems. In IEEE INFOCOM 2022-IEEE Conference on Computer
Communications. IEEE, 1619-1628.

[11] Guiyun Fan, Zhaoxing Yang, Haiming Jin, Xiaoying Gan, and Xinbing Wang. 2020. Enabling optimal control under
demand elasticity for electric vehicle charging systems. IEEE Transactions on Mobile Computing (2020).

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



63:24 G. Wang et al.

(12]
(13]

(14]
[15]

[16]

(17]

(23]
[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

P. Graham. 2005. Web 2.0. http://www.paulgraham.com/web20.html. (2005).

Andrea Hess, Francesco Malandrino, Moritz Bastian Reinhardt, Claudio Casetti, Karin Anna Hummel, and Jose M.
Barcelo Ordinas. 2012. Optimal deployment of charging stations for electric vehicular networks. In Proceedings of the
First Workshop on Urban Networking. ACM, 1-6.

Scott Kirkpatrick, C. Daniel Gelatt, and Mario P. Vecchi. 1983. Optimization by simulated annealing. Science 220, 4598
(1983), 671-680.

Fanxin Kong, Qiao Xiang, Linghe Kong, and Xue Liu. 2016. On-line event-driven scheduling for electric vehicle charg-
ing via park-and-charge. In 2016 IEEE Real-Time Systems Symposium (RTSS). IEEE, 69-78.

Yanhua Li, Jun Luo, Chi-Yin Chow, Kam-Lam Chan, Ye Ding, and Fan Zhang. 2015. Growing the charging station net-
work for electric vehicles with trajectory data analytics. In 2015 IEEE 31st International Conference on Data Engineering
(ICDE). IEEE, 1376-1387.

Binjie Liao, Liang Li, Bo Li, Jianwei Mao, Jun Yang, Fushuan Wen, and Md. Abdus Salam. 2016. Load modeling for
electric taxi battery charging and swapping stations: Comparison studies. In 2016 IEEE 2nd Annual Southern Power
Electronics Conference (SPEC). IEEE, 1-6.

Chen Liu, Ke Deng, Chaojie Li, Jianxin Li, Yanhua Li, and Jun Luo. 2016. The optimal distribution of electric-vehicle
chargers across a city. In 2016 IEEE 16th International Conference on Data Mining (ICDM). IEEE, 261-270.

Matlab. 2021. Global Optimization Toolbox. https://www.mathworks.com/products/global-optimization.html. (2021).
Kai Peng, Hualong Huang, Muhammad Bilal, and Xiaolong Xu. 2022. Distributed incentives for intelligent offloading
and resource allocation in digital twin driven smart industry. [EEE Transactions on Industrial Informatics (2022).

Sven Schoenberg and Falko Dressler. 2022. Reducing waiting times at charging stations with adaptive electric vehicle
route planning. IEEE Transactions on Intelligent Vehicles (2022).

Abegaz Mohammed Seid, Gordon Owusu Boateng, Stephen Anokye, Thomas Kwantwi, Guolin Sun, and Guisong
Liu. 2021. Collaborative computation offloading and resource allocation in multi-UAV-assisted IoT networks: A deep
reinforcement learning approach. IEEE Internet of Things Journal 8, 15 (2021), 12203-12218.

Shao Jian Song and Xiao Han Wang. 2014. Behavior of electric vehicles charging and discharging and impact on the
grid. In Applied Mechanics and Materials, Vol. 556. Trans. Tech. Publ., 1584-1587.

Tiao Tan, Ming Zhao, and Zhiwen Zeng. 2022. Joint offloading and resource allocation based on UAV-assisted mobile
edge computing. ACM Transactions on Sensor Networks (TOSN) 18, 3 (2022), 1-21.

Zhiyong Tian, Taeho Jung, Yi Wang, Fan Zhang, Lai Tu, Chengzhong Xu, Chen Tian, and Xiang Yang Li. 2016. Real-
time charging station recommendation system for electric-vehicle taxis. IEEE Transactions on Intelligent Transportation
Systems 17, 11 (2016), 3098-3109.

Tianqihoubao. 2020. Historical Weather in Shenzhen. http://www.tianqihoubao.com/lishi/shenzhen.html. (2020).
John Voelcker. 2012. New York’s City Council Wants Electric Taxis: Why? http://www.greencarreports.com/news/
1078951_new-yorks-city-council-wants-electric-taxis-why. (2012).

Leonie von Wahl, Nicolas Tempelmeier, Ashutosh Sao, and Elena Demidova. 2022. Reinforcement learning-based
placement of charging stations in urban road networks. In Proceedings of the 28th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining. 3992-4000.

Enshu Wang, Rong Ding, Zhaoxing Yang, Haiming Jin, Chenglin Miao, Lu Su, Fan Zhang, Chunming Qiao, and
Xinbing Wang. 2020. Joint charging and relocation recommendation for e-taxi drivers via multi-agent mean field
hierarchical reinforcement learning. IEEE Transactions on Mobile Computing (2020), 1-17.

Guang Wang, Xiuyuan Chen, Fan Zhang, Yang Wang, and Desheng Zhang. 2019. Experience: Understanding long-
term evolving patterns of shared electric vehicle networks. In The 25th Annual International Conference on Mobile
Computing and Networking. 1-12.

Guang Wang, Zhihan Fang, Xiaoyang Xie, Shuai Wang, Huijun Sun, Fan Zhang, Yunhuai Liu, and Desheng Zhang.
2020. Pricing-aware real-time charging scheduling and charging station expansion for large-scale electric buses. ACM
Transactions on Intelligent Systems and Technology (TIST) 12, 1 (2020), 1-26.

Guang Wang, Wenzhong Li, Jun Zhang, Yingqiang Ge, Zuohui Fu, Fan Zhang, Yang Wang, and Desheng Zhang. 2019.
sharedCharging: Data-driven shared charging for large-scale heterogeneous electric vehicle fleets. Proceedings of the
ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 3, 3 (2019), 1-25.

Guang Wang, Zhou Qin, Shuai Wang, Huijun Sun, Zheng Dong, and Desheng Zhang. 2021. Record: Joint real-time
repositioning and charging for electric carsharing with dynamic deadlines. In Proceedings of the 27th ACM SIGKDD
Conference on Knowledge Discovery & Data Mining. 3660-3669.

Guang Wang, Zhou Qin, Shuai Wang, Huijun Sun, Zheng Dong, and Desheng Zhang. 2022. Towards accessible shared
autonomous electric mobility with dynamic deadlines. IEEE Transactions on Mobile Computing (2022).

Guang Wang, Xiaoyang Xie, Fan Zhang, Yunhuai Liu, and Desheng Zhang. 2018. bCharge: Data-driven real-time
charging scheduling for large-scale electric bus fleets. In 2018 IEEE Real-Time Systems Symposium (RTSS). IEEE,
45-55.

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



ForETaxi: Data-Driven Fleet-Oriented Charging Resource Allocation 63:25

[36] Guang Wang, Fan Zhang, Huijun Sun, Yang Wang, and Desheng Zhang. 2020. Understanding the long-term evolution
of electric taxi networks: A longitudinal measurement study on mobility and charging patterns. ACM Transactions on
Intelligent Systems and Technology (TIST) 11, 4 (2020), 1-27.

[37] Guang Wang, Fan Zhang, and Desheng Zhang. 2019. tCharge-a fleet-oriented real-time charging scheduling system
for electric taxi fleets. In Proceedings of the 17th Conference on Embedded Networked Sensor Systems. 440-441.

[38] Guang Wang, Yongfeng Zhang, Zhihan Fang, Shuai Wang, Fan Zhang, and Desheng Zhang. 2020. FairCharge: A data-
driven fairness-aware charging recommendation system for large-scale electric taxi fleets. Proceedings of the ACM on
Interactive, Mobile, Wearable and Ubiquitous Technologies 4, 1 (2020), 1-25.

[39] Guang Wang, Shuxin Zhong, Shuai Wang, Fei Miao, Zheng Dong, and Desheng Zhang. 2021. Data-driven fairness-
aware vehicle displacement for large-scale electric taxi fleets. In 2021 IEEE 37th International Conference on Data
Engineering (ICDE). IEEE, 1200-1211.

[40] Yang Wang, Zhengyang Zhou, Kai Liu, Xike Xie, and Wenhua Li. 2020. Large-scale intelligent taxicab scheduling: A
distributed and future-aware approach. IEEE Transactions on Vehicular Technology 69, 8 (2020), 8176-8191.

[41] MengruWu, Qingyang Song, Lei Guo, and Abbas Jamalipour. 2021. Charge-then-cooperate: Secure resource allocation
for wireless-powered relay networks with wireless energy transfer. IEEE Transactions on Vehicular Technology 70, 5
(2021), 5088-5093.

[42] Tianyu Yang, Xiangxiang Xu, Qinglai Guo, Lin Zhang, and Hongbin Sun. 2017. EV charging behaviour analysis and
modelling based on mobile crowdsensing data. IET Generation, Transmission & Distribution 11, 7 (2017), 1683-1691.

[43] Zhaohui Yang, Cunhua Pan, Kezhi Wang, and Mohammad Shikh-Bahaei. 2019. Energy efficient resource allocation in
UAV-enabled mobile edge computing networks. IEEE Transactions on Wireless Communications 18,9 (2019), 4576-4589.

[44] Huaxiu Yao, Fei Wu, Jintao Ke, Xianfeng Tang, Yitian Jia, Siyu Lu, Pinghua Gong, Jieping Ye, and Zhenhui Li. 2018.

Deep multi-view spatial-temporal network for taxi demand prediction. In Proceedings of the AAAI Conference on

Artificial Intelligence, Vol. 32.

Desheng Zhang, Tian He, Yunhuai Liu, Shan Lin, and John A. Stankovic. 2014. A carpooling recommendation system

for taxicab services. IEEE Transactions on Emerging Topics in Computing 2, 3 (2014), 254-266.

Fuzheng Zhang, David Wilkie, Yu Zheng, and Xing Xie. 2013. Sensing the pulse of urban refueling behavior. In Pro-

ceedings of the 2013 ACM International Joint Conference on Pervasive and Ubiquitous Computing. 13-22.

[47] Yiran Zhao, Guiyun Fan, Haiming Jin, Wenze Ma, Baoxiang He, and Xinbing Wang. 2021. Joint order dispatch and
repositioning for urban vehicle sharing systems via robust optimization. In 2021 IEEE 41st International Conference on
Distributed Computing Systems (ICDCS). IEEE, 663-673.

[48] Yu Zheng. 2015. Trajectory data mining: An overview. ACM Transactions on Intelligent Systems and Technology (TIST)
6,3 (2015), 1-41.

[49] Yu Zheng, Yanchi Liu, Jing Yuan, and Xing Xie. 2011. Urban computing with taxicabs. In Proceedings of the 13th

International Conference on Ubiquitous Computing. 89-98.

Pengzhan Zhou, Cong Wang, and Yuanyuan Yang. 2021. Design and optimization of solar-powered shared electric

autonomous vehicle system for smart cities. [EEE Transactions on Mobile Computing (2021).

[45

—

[46

—

[50

[t

Received 26 April 2022; revised 22 August 2022; accepted 4 November 2022

ACM Transactions on Sensor Networks, Vol. 19, No. 3, Article 63. Publication date: March 2023.



