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Network-wide link travel time and station
waliting time estimation using automatic fare
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Jinlei Zhang, Feng Chen, Lixing Yang, Wei Ma, Guangyin Jin, and Ziyou Gao

Abstract—Urban rail transit (URT) system plays a dominating
role in many megacities like Beijing and Hong Kong. Due to its
important role and complex nature, it is always in great need for
public agencies to better understand the performance of the URT
system. This paper focuses on an essential and hard problem to
estimate the network-wide link travel time and station waiting
time using the automatic fare collection (AFC) data in the URT
system, which is beneficial to better understand the system-wide
real-time operation state. The emerging data-driven techniques,
such as the computational graph (CG) method in the machine
learning field, provide a new solution for solving this problem. In
this study, we first formulate a data-driven estimation
optimization framework to estimate the link travel time and
station waiting time. Then, we cast the estimation optimization
model into a CG-based framework to solve the optimization
problem and obtain the estimation results. The methodology is
verified on a synthetic URT network and applied to a real-world
URT network using the synthetic and real-world AFC data,
respectively. Results show the robustness and effectiveness of the
CG-based framework. To the best of our knowledge, this is the
first time that the CG is applied to the URT. This study can
provide critical insights to better understand the operational state
in URT.

Index Terms—Urban rail transit, link travel time estimation,
station waiting time estimation, computational graph model

I. INTRODUCTION

‘ N [ ith the increasing urbanization, urban rail transit (URT)
plays an important role in urban transportation systems
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and becomes increasingly congested. To better operate and
manage the complex URT system, understanding passengers’
spatiotemporal congestion distributions in transit systems is in
great need [1, 2]. To this end, this paper aims to estimate the
link travel time, which refers to the in-vehicle time from one
station to the adjacent station, as well as station waiting time,
which refers to the waiting time at the platform of all stations.
The accurate estimation of both link travel time and station
waiting time could help us better understand the operation
status of the URT system.

* First, different travel times could help the public
agencies track the spatiotemporal congestion patterns and
identify the bottlenecks of the URT system. For example, we
can identify the congestion level at different subway stations
and in different time intervals. Long station waiting time might
suggests that the station is likely to be very congested, and then
operators can take measures to alleviate congestions for the
identified stations.

e Second, the estimated travel times are the essential
input to the transit assignment model CITE. To be specific, we
can compute the travel time of a specific path, which is the
summation of several link travel times and station waiting times.
With the path travel time as the disutility, transit assignment
can be implemented to obtain the sectional flow. There are four
subway operating companies cooperatively operating different
lines in Beijing, China. They share revenues according to the
sectional flow volume. Therefore, the estimation of link travel
time and station waiting time can help these companies
calculate revenue splits.

e Third, with accurate path travel time, passengers can
arrange their schedules, thus helping them save time and costs
[3]- Advertisers can post advertisements in subway stations
according to the station waiting time. If there exists a long
waiting time in a station, advertisers can post more
advertisements to propagandize their products [4].

* Finally, link travel time and station waiting time are
fundamental inputs for many other applications, such as
inferring passengers’ trajectories, estimating path travel time
distributions, and analyzing activities [5-7].

Some studies have dived into estimating the link travel
time and station waiting time in the URT systems by using the
automatic fare collection (AFC) data.

* In terms of the link travel time, the most
straightforward way to estimate the link travel time is to
directly extract from the train timetable [8, 9]. However, the
scheduled timetable data may not be officially provided in
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megacities like Beijing, China. Even the scheduled timetable
data is available, it might not reflect the actual timetable as the
the trains could not be punctual sometimes. For example, if
passengers’ clothes were clamped by a train gate, the train can
be delayed for several seconds [10]. There are indicators in the
subway stations showing the real-time actual timetable
information such as how long the next train will arrive, it is still
impractical to conduct a large-scale onsite survey to investigate
all the train timetables throughout a day in hundreds of stations
[10].

* In terms of the station waiting time, existing studies
generally use a half of the headway as the average station
waiting time [8], which cannot reflect the actual traffic
conditions. In many real-world URT systems, the dynamic and
true station waiting times are not available. Besides, many
studies only estimate the station waiting time at a small number
of subway stations or on a few lines [4, 8, 11]. The involved
estimation methods include clustering, regression, and
maximum likelihood method. In recent years, URT networks in
many cities expand rapidly, and hence efficient end-to-end
network-wide estimation method is thus in urgent need.

The emerging data-driven computational graph (CG)
method in the machine learning area provides a new solution
scheme for the estimation of link travel time and station
waiting time on a network scale. The CG is a type of
computational framework, including nodes and edges. The
nodes represent variables or operations on variables. The
variables can be scalars, vectors, matrices, or tensors, etc., and
operations on variables can be a recurrent neural network,
conventional neural network, or fully connected network, etc.
The edges represent the data dependency between variables,
that is, a flow relationship between variables. Therefore, the
CG can also be viewed as a data flow graph. Fig. 1 shows a CG
with two fully connected layers in PyTorch. It transforms the
input tensor of (64, 1000) dimension into a tensor with a
dimension of (64, 100) through the first fully connected layer,
and then into a tensor of (64, 10) dimension through the second
fully connected layer, which is the final output. The backward
propagation algorithm in machine learning is based on the
chain rule. In strict accordance with the data flow relationship
in the CG, the error is backpropagated from the output node to
the input node, so as to optimize parameters on the
computational graph. In recent years, CG-based framework
have been widely used in various transportation applications,
such as the four-step traffic demand model, the OD estimation
problem [12, 13], to estimate traffic parameters leveraging
multi-source traffic data. As an emerging approach to estimate
traffic parameters, the data-driven CG-based framework
provides a powerful and promising solution for the scenario
of traffic problems. However, existing related models focus
on road networks, while there is no study using the CG-based
framework in URT systems.

To summarize, there are several challenges in the
estimation of link travel time and station waiting time in URT.

* First, the timetable data and real-time operation data
may not be available. Therefore, how to estimate these travel

times using only the AFC data is challenging.

* Second, with the increasing scale of the URT systems, it
is impractical to conduct an onsite investigation (or field survey)
to obtain some supplementary information to assist the
estimation process.

¢ Third, existing models generally consist of multiple
sub-modules, which makes the entire estimation process
complicated. How to incorporate the complicated estimation
process in an efficient end-to-end framework also deserves to
be explored.

Loss
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64x10
Hidden
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Backward 64%100 I Forward
propagation, propagation
64x1000
Input

Fig. 1 Diagram of the computational graph

To this end, we apply the CG-based framework to the link
travel time and station waiting time estimation problem in the
network-wide URT system. Firstly, we formulate the
data-driven estimation problem for link travel time and station
waiting time. Then, all the involved variables are vectorized in
the estimation problem and cast into the CG-based framework.
Finally, the methodology is verified using a synthetic URT
network as well as the real-world URT network in Beijing,
China. The contributions of this study are summarized as
Sfollows.

(1) Making use of the AFC data, we formulate a data-driven
framework to estimate the link travel time and station
waiting time for all the stations and links on a large URT
network. No additional information and data are needed in
the framework.

(2) It is the first time that the computational graph model is
applied to URT systems. The proposed framework is
end-to-end in the sense that the AFC data is input into the
CG-based framework and the link travel time and station
waiting time can be directly estimated.

(3) The CG-based framework is strictly verified on a synthetic
URT network and is applied to the real-world URT
network in Beijing, China. It is also proved to be more
efficient in solving the problem than the three existing
benchmark methods, especially for the large-scale transit
netwrok.

The remainder of this paper is organized as follows.
Existing related works are reviewed in Section II. We define the



problem and notations in Section III. In Section IV, we present
the estimation problem and CG-based framework formulation.
The case study is conducted in Section IV including the
synthetic case and the real-world case. Finally, we draw
findings and conclusions in Section VI.

II. LITERATURE REVIEW

A. Link travel time and station waiting time estimation

With the increasing popularity of the automatic fare collection
(AFC) system in the URT system, AFC data becomes
accessible, and it contains the origin, destination, entry time,
and exit time of each trip record. There is a great potential to
extract useful travel time information from the AFC data.
Therefore, it is of great interest and importance to develop
models to estimate the accurate link travel time and station
waiting time using AFC data.

Many studies are using the AFC data for different
purposes. AFC data can be utilized to analyze the route choice
model in URT systems [14-18], and the travel cost can also be
estimated from AFC data using conventional statistical
methods. The traffic assignment model was thoroughly
explored in URT systems with AFC data [19, 20]. Some studies
dived into the commuting pattern or travel pattern analysis
[21-23], and short-term passenger flow predictions [24-27]
using the AFC data. Additionally, passengers’ trajectories were
also estimated via AFC data [28, 29]. According to solution
methods, literature in the estimation for the link travel time
and station waiting time can be classified into two categories.
One aim is to directly estimate these travel times, and the
other one is to conduct transit assignment or route choice
models, from which the travel times can be estimated.

In the first category, some researchers classified all trips
into transfer trips and non-transfer trips. Zhang et al [10]
classified trips into one-transfer and non-transfer trips. They
segmented the travel time into walking time, waiting time,
in-vehicle time, and transfer time. Clustering and stochastic
methods were applied in their study. They also conducted a
field survey to obtain the train dwell time, which is
supplementary means for the estimation process. However, in
some megacities like Beijing, it is infeasible to conduct such a
large-scale field survey. Qu et al and Yang et al classified trips
into one-transfer, two-transfer, and non-transfer trips to
estimate these information [28, 30]. Qu et al [30] only take
several origin stations as examples to only estimate the waiting
time. Yang et al [28] aimed to reconstruct passengers’
trajectories. Both of them used the timetable data as
supplementary data to obtain the in-vehicle time. However, in
some megacities like Beijing, the timetable data for the entire
URT network is hardly available by the public. Some
researchers only take several stations or lines as examples
rather than make network-wide estimations. Only some
components of the travel time are estimated rather than all
components of the travel time. Lee et al. [4] decomposed the
travel time into walking time, riding time (in-vehicle time), and
waiting time in subway networks, which is similar to our study.
Besides, a statistic- and regression-based method is developed

to conduct the estimation on a few stations. In our study, we
further divide the riding time into link travel times between
stations. This kind of partition method is more meaningful
because we can get more fine-grained link travel time
information. Wu et al. [9] divided the total travel time into
walking time, in-vehicle time, and transfer time. The timetable
data is available in their study. The similarity of these two
studies was that they firstly estimated the walking time using
non-transfer AFC records, and then estimated the transfer time
using transfer AFC data. Oh et al. [11] incorporated the AFC
data and train operation data to estimate the dwell time via the
support vector regression-based model. However, the model is
specifically for Seoul, South Korea because of the data
specificity. Wahaballa et al [31, 32] only studied the platform
waiting time and transfer time using multi-source data. They
only took several OD pairs as examples and is hard to scale to
the network-wide estimation. Zhang et al [33] proposed a
Bayesian inference method to infer the walking time, waiting
time, in-vehicle time, and transfer time. However, prior
knowledge of the in-vehicle time was obtained from the train
timetable data. Moreover, they only utilized OD pairs with only
one effective route and the Markov Chain Monte Carlo method
was applied to solve the problem, which is inefficient for a
large-scale network.

In the second category, link travel time and station
waiting time are obtained when conducting the assignment
model or route choice model. In these studies, the time
information usually constitutes the cost function of traffic
assignment models [34, 35]. Zhu et al proposed a “passenger to
train” assignment framework [5, 36]. During the process of
assigning an individual passenger to train, some travel time
components could be estimated using AFC data and automated
vehicle location data. Under the same framework, Singh et al
[37] estimated the entry, on-train, and exit time, and Li et al. [§]
estimated the waiting and walking time in subway stations. In
their study, only a small portion of the stations instead of the
entire subway network was studied. Sun et al [19] proposed
Bayesian inference method to conduct flow assignment model.
During the assignment process, some travel time information
can be estimated. However, in their study [19], the network is
undirected and the travel costs of the same route for different
directions are the same. Tian et al [38] proposed a
“TripDecoder” framework wusing maximum likelihood
estimator and stochastic gradient descent method to
simultaneously infer the link travel times and route choice
model. Sun and Xu [39] obtained the walking time and transfer
time during the inference of route choice proportions. The two
studies were designed only for single OD pairs and was
challengeable when the network is critically large.

All in all, existing link travel time and station waiting
time estimation-related studies only consider limited OD pairs,
stations, or subway lines. Train timetable or other real-time
operation data are generally supplementary data required in
the estimation process, and existing models are challenging to
scale up for the network-wise estimation. To highlight the
uniqueness of this paper, differences between some important
existing studies and this study are summarized in Table 1.



Table 1 Comparison between similar studies

Studies Inf(?rmatmn Cases Data Supplementary Supplementary Methods
estimated* data means
Zhang et al [10] OOE® Subway network AFC data None Onsite survey Clustering, statistic method
Quetal [30] @ One subwgy line AFC data Train timetable None Statistic method
(25 stations)
Yang et al [28] 06) One OD pair AFC data Train timetable None Clustering, statistic method
Lee et al. [4] O@® Two stations AFC data None None Clustering, statistic method,
regression
. .. Clustering, statistic method,
Direct Wu et al. [9] L@ Ten OD pairs AFC data Train timetable None normal distribution method
estimation . Smart card-based .
One subway line Real-time metro .
Ohetal. [11] ® . passenger . None Support vector regression
(twelve stations) . . operation data
information data
Three origin and Train timetable and Likelihood estimation
Wahaballa et al 2 . .
(32] ® 27 destination AFC data performance report None method, stochastic frontier
stations data modeling
Zhang et al [33] ORE® OD pairs with AFC data Train timetable Travel behavior Bayesian inference method
one route survey
- - “p to train”
Zhu et al [36] DOE@ Onf? subwgy line AFC data Automa‘ted vehicle None . assenger to train
(Five stations) location data assignment framework
Three Ii Regression, “passenger to
Singh et al [37] Q0] Ser;?ml:;e AFC data Train location data None train” assignment
framework
. Clustering, maximum
Indirect o
.. . . L likelihood method,
estimation Lietal [8] ©0©) Four stations AFC data Train timetable None B - s
passenger to train
(leverage h
assignment - as31fgnn-16;1t framewoilk -
or route Sun et al [19] O@e® Subway network AFC data None None ayesian mnierence method,
choice flow assignment model
model) o ngim}lm likelihoqd
Tian et al [38] ® OD pairs with AFC data None None estlrpatlon, stochastic
one route gradient descent, route
choice model
Sun et al [39] @® Two OD pairs AFC data Train timetable Manual surveys Statistic -method, route
choice model
This study ® Subway network AFC data None None Comy I graph model

*Information estimated: (D: walking time; @): waiting time; (®): transfer time; @: in-vehicle time; &): dwell time (The duration of time of a train stopped at a

station); (©): link travel time and station waiting time.

*Note that the link travel time includes the in-vehicle time, entry walking time, exit walking time, and transfer time. The station waiting time includes the waiting

time at origin stations and transfer stations.
B. Computational graph

In recent years, CG-based framework have been widely
used in various transportation applications. Some studies began
to cast the conventional four-step traffic demand model and OD
estimation problem into the CG-based framework. Leveraging
the backward propagation algorithm in TensorFlow or PyTorch,
the CG can solve the specific parameters in the model. For
example, Wu et al. [13] cast household travel surveys, mobile
phone sample data, sensor data, floating car data, and vehicle
location/identification data into a hierarchical CG-based
framework. Through the forward propagation of multiple data
sources and the backward propagation of the loss errors of
travel time, many demand variables in the three of the four-step
traffic demand model (namely trip generation, spatial
distribution estimation, and path flow-based traffic assignment)
were estimated. This framework has favorable interpretation
and was beneficial to better understand the traffic behaviors.
Similar to this study, Sun et al. [40] further analyzed the
marginal effects of all kinds of traffic policies, e.g., adding the
toll on links, adding flows to OD pairs, removing flows from
OD pairs. The marginal effects and potential traffic migration
caused by various traffic strategies were quantified by casting

the various traffic policies individually or cooperatively into
the above hierarchical CG-based framework. Ma et al [12]
solved the dynamic OD estimation problem under a large-scale
road network using the CG-based framework. Through the
forward propagation of initialized OD demand and the
backward propagation of the loss errors of link flows or link
speeds, many parameters used in the dynamic traffic
assignment models and route choice models, such as OD
demand, route choice probability, dynamic assignment ratio,
and link/path travel time, were estimated. Focusing on discrete
choice modeling applications, Kim et al [41] integrated the
strengths of econometric models and machine learning
algorithms using the CG-based framework. They proposed a
CG-oriented cost functional representation and results showed
that the CG-based choice modeling can produce consistent
estimates of parameters with substantial computational
efficiency. In summary, the data-driven CG-based framework
provides a powerful and promising solution for the scenario
of traffic problems. However, existing related models are all
about the road network. There is no study using the CG-based
framework in URT.
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III. PROBLEM DEFINITION

A. Travel time decomposition

Each trip of a passenger from tap-in to tap-out in URT systems
can be represented into several phases as shown in Fig. 2 [9]. In
the origin station, the passenger will tap in and walk to the
platform to wait for the next train. If there are queues, he/she
cannot board the closest train and have to wait for another train.
Therefore, the waiting time will depend on the queue length.
After departing from the origin station, the passenger will take
line 1 to go to the transfer station, if any. In the transfer station,
he/she will walk to another platform and wait for the next train.
Similar to the origin station, there is a waiting time. After
departing from the transfer station, the passenger will take line
2 to go to the destination station and walk to tap out.

The complete trip can be encapsulated into the subway
network graph G = (V, E), where V is the set of all nodes,
including the gate machine node, platform node, and train gate
node. E is the set of all links, including the entry link, exit link,
vehicle link, transfer link, and the virtual waiting link and
alighting link. Different links can be either a uplink or a
downlink, and the overall set is E. If the direction of link a—b
is the uplink, the direction of link b—a is the downlink. The
links from different directions have different attributes are
modeled separately in E. In summary, a complete trip includes
six types of links and three types of nodes. The meanings of the
notations are listed as follows.

For links:

(1) Entry link: The links from the entry gate machine to

the platform. It can be also called the “boarding link™.

(2) Exit link: The links from the platform to the exit gate
machine.

(3) Vehicle link: The links that passengers are in the
vehicle.

(4) Transfer link: The links that passengers transfer from
one subway line to another subway line at transfer
stations.

(5) Alighting link: Virtual links denote the link from train
gate node to platform node. In this study, we assume
that there in no time spent on the alignting link.

(6) Waiting link: Virtual links denote the link from
platform node to train gate node. In this study, the
time spent on the waiting link is to be estimated.

For nodes:

(7) Gate machine node: The node at the gate machine.

(8) Platform node: The node at the platform.

(9) Train gate node: The node at the train gate.

The AFC data can record the card number, entry station,
entry time, exit station, exit time. Therefore, the true travel time
of a single trip is available.

B. Network representation

In order to further illustrate the problem, a simplified URT
network with 5 subway stations and two subway lines is
constructed as shown in Fig. 3. Note that this simplified

network is just for illustrative purpose, and in the case study
section, we will construct a complete synthetic network to
demonstrate the performance of the proposed method.

The station can be divided into the general station and
transfer station. All stations are numbered according to the line
number and station adjacency relationship. During the network
modeling process, we divide the general station into four nodes,
namely one gate machine node, one platform node, and two
train gate nodes, as shown in Fig. 3. The number of the gate
machine is the original station number with the letter G, such as
VE,VE,VE. The number of the platform node is the original
station number with the letter P, such as VP, VP, V. The
number of the train gate nodes are the original station number
with the letter 71 and 72, indicating different directions, such as
VlTl, VlT2 . We divide the transfer station into seven nodes,
denoting the gate machine node V¢, the original platform node
VP4, the virtual platform node VY2, and four train gate nodes
VZTAl, VZTAZ, /A VZTB2 , as shown in Fig. 3.

The links in the synthetic are divided into entry link, exit
link, vehicle link, and transfer link, as shown in Fig. 3. Every
link includes the attributes of the origin, destination, direction,
line number, travel time, and link name.

C. Problem statement

In this study, we will estimate the link travel time and the
station waiting time, as shown in Fig. 3, only using the AFC
data. The link travel time includes walking time on the entry
link, transfer link, and exit link, as well as the in-vehicle time
on the vehicle link. The station waiting time includes waiting
time at the platform node of the origin station or transfer station.
The problem is cast into the CG-based framework, with inputs
being the AFC data and outputs being the journey time
components.

D. An intuitive example

Taking path 1 (station 4 to station 2) and path 2 (station 4 to
station 5) as shown in Fig. 4 as an example, we will estimate the
waiting time 7 at the node V;° of the station 4, as well as the
link travel time of the entry link, vehicle link, and exit link only
using the AFC data. For path 1 and path 2, passengers only wait
at station 4. Therefore, the station waiting time only exists at
station 4. Passengers tap in at node V¢ and wait at node V' to
board. Some passengers alight at node VZTB2 and tap out at node
V£, and others alight at node VST2 and tap out at node V.
Hence, the travel time of five links needs to be estimated. In
brief, we will estimate the link travel time (five links) and
station waiting time (one station) for path 1 and path 2.

E. Notations
All notations are summarized in Table 2.

Table 2 Notations in the framework

Notations Definitions

G The URT network graph

4 The set of all nodes in the URT network

E The set of all links in the URT network

a€E The link in the URT network. All links are
directed.

vETV The node in the URT network




r The origin station

K The destination station

Kq The set of all OD pairs

k The kun shortest path

Kis The set of k shortest paths from station 7 to s

h€H=(h1, ha, hs...) The time interval that passengers enter the URT
network

ta The link travel time that passengers pass the link a

I The passengers’ waiting time at station v during

the time interval £

Oy The coefficient of t

S and yi The coefficient of 7!

ckh The cost function

pkh The generalized route choice model

% The parameter of the logit model

p The probability that passengers choose the & path
[ The vector of the true travel time

B The vector of the link

M The vector of the node

A The combined vector of the link and node

t, The vector of the link travel time

The vector of the link travel time and station

th AN
waiting time

¢ The combined vector of the link travel time and
the station waiting time

P The vector of the route choice probability

IV. METHODOLOGY

In this section, we present the estimation framework in
large-scale URT networks. The framework comprises two
parts: (1) Define the estimation framework on the basis of the
passengers’ route choice model; (2) Variable vectorization and
development of a CG-based framework to solve this problem.

A. Passengers’ route choice model

In Section 2.1, we have described the passengers’ behavior
during a single trip. Before choosing this route, passengers’
route choice behaviors are affected by many factors including
the walking time on the entry link and exit link, in-vehicle time
on the vehicle link, transfer walking time on the transfer link,
waiting time at the platform nodes of the origin station or
transfer station, transfer times, and ticket fare, etc. In this study,
we choose the link travel time, station waiting time, and ticket
fare as the generalized cost function, as shown in Eq. (1). In
Beijing, China, the ticket fare is determined according to the
distance. Generally, it is 0.5 Yuan per kilometer.

=) e+ ) ML) W4 Y 056 ()
a v v a

where ckI' is the generalized cost, rs € Kq, Kq is the set of OD
pairs, k€ Kis, Kis is the path set from the origin station r to
destination station s, A € H=(h1, h2, hs...) is the time interval
that passengers enter the URT network, a €E is the link edge
set in the URT network graph G, L is the length of link a, vE V'
is the station node set in the URT network graph G, t. is the
travel time that passengers pass the link a, £, is the passengers’
waiting time at station v during the time interval 4, o~ f and y
are the coefficient of z and 7. The  is the coefficient of link a.
They are defined as follows.

The o) equals 1 if the path k of OD pair rs passes the link
a, otherwise equals 0.

The A" equals 1 if the path k of OD pair 7s boarding at the
origin or transfer station v in the uplink during time interval 4,
otherwise equals 0.

The y." equals 1 if the path k of OD pair rs boarding at the
origin or transfer station v in the downlink during time interval
h, otherwise equals 0.

The J. equals 1 if the link @ is vehicle link otherwise
equals 0.

In this study, we assume that all passengers have the same
waiting time at a certain station and in a specific time interval.
The dwell time is included in the waiting time as passengers are
still waiting in the train. The overall waiting time and dwell
time will be amortized to each passenger in order to obtain an
averaged waiting time 7,.

Several meanings should be noted in the generalized cost
function.

(1) The 4 is the time interval that passengers enter the URT
network. Hence, the ¢! is associated with the time
interval h. For the same route, there is different cX in
different time intervals.

(2) The £ is also associated with the time interval 4. For the
same route, there is a different # in different time
intervals.

(3) The # is associated with the direction of the train. For the
same station in the same time interval, there is a different ¢
». Therefore, the coefficients of £, for uplink and downlink
are KV and y kR, respectively.

(4) We assume that the walking time and in-vehicle time is
independent of the time interval. Hence, a*¢ and # is not
associated with the time interval 4.

(5) We assume that the stochastic cost is subject to the
independent  identical  distribution and  Gumbel
distribution. Therefore, the route choice model can be
defined as Eq. (2).

s = Wi (e )

— [kh @

c= {crs |h EH,rs €K,k € Krs}

t={t,th|lheHa€EveV}
where p¥ is the probability that passengers choose the k path

between OD pair rs within the time interval 4. ‘Plr‘? is a

generalized route choice model that is used to compute the

probability. ck* is the cost function as shown in Eq. (1),

including the link travel time % and station waiting time 7.

B. Estimation framework: A data-driven optimization model

In this section, we will formulate the estimation framework
leveraging the AFC data. Through minimizing the difference
between the estimated OD travel time and the true OD travel
time, we will estimate the link travel time (including the
walking time when entering or exiting the station and in-vehicle
time) and station waiting time (including the waiting time at the
origin station and the transfer station). Therefore, we will first
formulate the true OD travel time and the estimated OD travel
time.

C. The true OD travel time

For one piece of the AFC data, let the entry station, entry
time, exit station, exit time be the r, &;,, s, {;5, respectively.
Therefore, the true travel time can be formulated as Eq. (3).
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where ¢ is the true travel time of passenger i for the OD pair
rs. Because the AFC data cannot record that which path of the
OD pair rs the passengers chose, the &/ is not associated with
the path k of the OD pair rs.

There are many records for the same OD pair in the same
time interval. Among these records, the travel time is generally
different because of the different entry time and different routes.
To reduce the computational cost, we choose the true average
OD travel time as the true OD travel time, as Eq. (4).

Nrs Nrs

61}}5 Nh z ClTS = Nh Z(tls - lT) (4)

i=1

where N} is the record number of the OD pair rs in the time
interval &, &L is the true travel time for the specific OD pair rs
in the time interval 4.

D. The estimated OD travel time

Given the route choice probability pX!* and travel cost ¢k,
the estimated average OD travel time of the OD pair s in the
time interval /4 is shown as Eq.(5). When estimating the OD
travel time, we should consider the probability of different

paths of the OD pair rs. Therefore, the ck! is associated with
the path k of the OD pair rs.

= pite )

E. The optimization model
The objective is to minimize the difference between the

estimated OD travel time and the true OD travel time, as shown
in Eq. (6)

min Y[k - chf3 ©

rsh

Considering the Egs. (1)-(6), the optimization model used
in this study can be formulated as Eq. (7). The objective
function is to minimize the difference between the estimated
OD travel time and the true OD travel time. The decision
variables are the link travel time . and the waiting time ¢, .

S 'S
{ta}ar {tu o Lt o “

s.t. tqa =2 0,a€E ™

+ Ifa - ta|121 + IE]}; - t1};l|127

th >0vev
Egs. (1)-(2)

F. Variable vectorization

Before casting the optimization model into a CG-based
framework to obtain the optimal solution, we will vectorize the
variables used in Eq. (7), including the true travel time &, the
links a, the nodes v, the link travel time ., the station waiting
time 7, and the route choice probability p. After vectorization,

the supervised tasks under the CG-based framework are
constructed.

The summary of all variable vectorizations is shown in
Table 3. The detailed vectorizing process is shown in the
supplementary file.

Table 3 Variable vectorization

Variable Scalar Vector Dimension Type
True travel ~ ~
I'utein:‘:VS Crhisi ¢ R(N,SxH)xl Dense
Links ake B R(WrsxI)xNa Sparse
Nodes LEvh Kok Mm" RWrsxI)xNy Sparse
Links and ka1 gl kvh (NysXkXH)X(Ng+NyxH)
nodes Qs 1' Brsv ’ )/TSV A Rrs a Sparse
Link travel
mtimrjve ty t, RNax1 Dense
Station N
waiting time ty t R Dense
Vzrslg?rllzt?dbe o~ th t RWatNyxH)x1 Dense
Route choice kh (NypsXH)X(NypsxXkXH)
probability Prs P R © Sparse

Based on Table 3, the optimization model in Eq. (7) can be
reformulated as Eq. (8).

; P 2

min llc — PAtll3

s.t. t>0 ®)
= logit(A;t; 0)

The main decision variable in the above optimization
model is £, including the link travel time (walking time when
entering or exiting the station and in-vehicle time) and station
waiting time (waiting time at origin station or transfer station).
When the matrix A4 is with full rank, there is the only solution
for the optimization problem.

G. A computational graph for the optimization model
In order to solve the optimization model, we cast it into the CG

framework.
Links ————> Forward propagation
Nodes €mmmemaee Backward propagation
Path
presentation

Station waiting time |[*7777777 Path  [T777TT7C Estimated [*7777777 Observed
Link travel time travel time OD travel time OD travel time

Route choice
probability

Fig. 5 shows the CG framework of this problem. The
framework consists of two parts, the forward propagation part
and the backward propagation part.

The forward propagation part is shown as the solid line in




Links ————> Forward propagation
Nodes €-mmmenen Backward propagation
Path
presentation

Station waiting time [*7777777 Path [T Estimated [*7777777 Observed
Link travel time travel time OD travel time OD travel time

Route choice
probability

Fig. 5. During forward propagation, we assume that the
station waiting time and link travel time are fixed. By
calculating the path travel time and route choice probability, the
estimated OD travel time is obtained, and the estimated OD
travel time is compared with the true one to obtain the estimated
error. In the backward propagation part, which is shown as the
dashed line in

Links ————> Forward propagation
Nodes €eececnen Backward propagation
Path
presentation
Station waiting time |[*7777777 Path  [F77TTT7C Estimated [*7777777 Observed
Link travel time travel time OD travel time OD travel time

Route choice
probability

Fig. 5, the error is backward propagated according to the
original path to adjust the station waiting time and link travel
time. In this way, repeated iteration calculation is carried out
until the iteration stops, and the final estimated station waiting
time and link travel time are obtained.

Fig. 6 shows the corresponding variable propagation
process. The solid line represents the forward propagation, and
the dashed line represents the backward propagation. Through
the forward propagation of variables and the backward
propagation of errors, the final ¢ composed of station waiting
time and link travel time is obtained.

Links
Nodes
Path
presentation
Station waiting time |[*7777777 Path  [F777T77C Estimated  [*777777 Observed
Link travel time travel time OD travel time OD travel time

Route choice
probability

————> Forward propagation
€mmmmm——- Backward propagation

Fig. 5 The computational graph framework: a diagram of the forward-backward
algorithm

———> Forward propagation
B, M €mmmmmean Backward propagation

Fig. 6 The diagram of the forward-backward algorithm among all variables

Forward propagation: The input is the randomly
initialized ¢ composed of the station waiting time ¢ and link
travel time t,. Together with the path representation A, the path
travel time €pqp, is obtained. According to the path travel time,

the route choice probability P is obtained. The path travel time
Cpaen Multiply the route choice probability P to get the
estimated OD travel time.

The objective of the forward propagation is to obtain the
estimated OD travel time. Let the objective function of Eq. (8)
be the loss function in the machine learning field, the Eq. (8)
can be decomposed into Eq.(9).

L=le-ecl

c = Pcpath )
P = softmax(—@cpath)

cpath = At

where € is the true average OD travel time extracted from the
AFC data,c is the estimated average OD travel time, P is the
route choice model obtained using the logit model, €445, is the
path travel time.

Backward propagation: During this process, we take the
route choice probability P as a known variable. Then, Eq. (8)
can be simplified into Eq. (10).

min ||¢ — PAt||3
(G (10)

st. t=0

Further, the gradient of the objective function can be obtained
as shown in Eq. (11).

oL
— = 2(¢ — PAY)

dc
oL 7 OL
= P —_
0Cpatn ac an
6_L _oar oL
ot 6Cpath

By consolidating Eq. (11), the gradient of the objective
function L against t can be obtained, as shown in Eq.(12).
Finally, the problem of the Eq. (8) can be solved leveraging the

backpropagation algorithm.
oL
i ATPT2(¢ — PA?) (12)



V. CASE STUDY

In this section, we first present the synthetic and real-world
data. The model configuration is then described. The result
analyses are finally shown.

A. Data Description

In this section, the synthetic and real-world data are described
in detail. Due to the page limit, the detailed data examples
(Table I to IV) are presented in the supplementary material.
1) Synthetic data

In order to verify the proposed framework, a synthetic
URT network is constructed. The network modeling method is
the same as that in Section III. Fig. 7 shows the synthetic
subway network with 3 subway lines, including one ring line
and 2 general lines, and 14 subway stations, including 8 general
stations and 6 transfer stations. The green line is line 1,
including 7 stations (stations 1, 2, 3, 4, 5, 6, 7). The yellow line
is the ring line 2, including 5 stations (stations 8, 9, 104, 10,
102). Station 104 and station 102 are the same as station 4 and
station 2, respectively. The blue line is the line 3, including 8
stations (station 11, 109, 103, 110, 12, 13, 106, 14). Station 109,
103, 110, and 106 are the same as stations 9, 3, 10, 6. In the
diagram, the blue nodes are the general stations and the green
nodes are the transfer stations.

will delete some data records of some OD pairs to simulate the
actual AFC data. (2) The number of data records can be
different for different OD pairs. (3) For the same OD pair, the
data records for different k& paths are generated according to
the logit model. (4) For the same OD pair, the number of data
records varies in different time intervals in order to simulate
the demand changes in peak hours and off-peak hours. (5) To
verify the proposed methodology, the travel time is the
theoretically true travel time without white noises. However,
when conducting sensitivity analysis, we will use the travel
time with white noises to simulate the travel time obtained
from the actual AFC data. The example of synthetic AFC data
for the same OD pair and different & paths is shown in Table II
in the supplementary material.
2) Real-world data
The dataset from Beijing Subway in China on March 7,
2016, is used in the experiment, as shown in Table III in the
supplementary material. The travel time is obtained by
subtracting the entry time from the exit time, and the station
number is unique for each station in Beijing. The entry time and
exit time are converted to minutes (There are 1440 minutes
throughout the day). The topology structure of the URT
network in Beijing is also available, which includes link
distance information between adjacent stations and the transfer
walking time. We set the average train speed of the Beijing
subway as 30 km/h [42]. The walking time is further
transformed into the driving distance of the train to search for
the & shortest path. An example of the link distance information
is shown in Table IV in the supplementary material.
3) Comparison between the synthetic and real-world network

@ (03} (103} (o) C) To present a straightforward overview of the synthetic and
Ny G/ N\ \ . . . . .
real-world networks, we list their detailed information as
shown in Table 4.
GID Table 4 The detailed information of the synthetic and real-world network
. Synthetic Real-world
2) () ) @ Attributes network network
—/ G/ Total 74 1254
el Nod b Gate machine node 14 276
L::; ode number Platform node 20 326
o Train gate node 40 652
Line3
@ Total 168 2689
Entry link 20 326
Fig. 7 Diagram of the synthetic URT network Waiting link 40 652
. . . . Link number Vehicle link 36 633
. .In th.e synthetic qetvyork, the link travel tlme.and stathn Aliohting link 20 652
waiting time are artificially generated. According to this Exit link 20 326
information, the synthetic AFC data are artificially constructed. Transfer link 12 100
Therefore, all the true traffic state information in this synthetic OD pair number 182 75,900
D . Routes number 426 204, 627
network is available. Line number 3 16
The synthetic AFC data is shown in Table I in the Total 14 276
supplementary material. The travel time includes theoretical Station number General station 8 226
t t 1t dt 1t ith The th ticall Transfer station 6 50
Tue trave lme an rave . 1me wi erro.rs' € core lca y AFC data number 18.1 million 20.9 million
true travel time does not include any noises. The travel time Capacity of trains / 1920
with white noises is obtained by applying a random noise Capacity of platforms / 5 p/m’*
subject to normal distribution to the theoretically true travel gﬁelﬁzz‘:l 7:00 an;(;(’n}i:oo am,
time in order to simulate the real travel environment. Optimizer AdaGrad
When constructing AFC data, note that: (1) To verify the Learning rate 0.1
g > Yy g
proposed methodology, we construct enough AFC data for all Loss function MSE
Batch size 8 | 1024%5

OD pairs. However, when conducting sensitivity analysis, we




Epochs 20 10

Time consumed 8.81s 1,135s
Desktop Specs Intel Core i7-8700K, 24GB RAM, NVIDIA GeForce
P P GTX 1070 Ti

* This data is from “Code for Design of Urban Rail Transit” in the Chinese standard.

B. Model configuration, efficiency, and accuracy

1) Configuration

For the synthetic data and real-world data, the configurations
are all listed in Table 4. We randomly choose 100 epochs to
show the loss variation as in Fig. 8 and Fig. 9. After 20 and 10
epochs for synthetic and real-world data, respectively, the
model remains stable with a good convergence effect.

100
—e— Training Loss

80

60

Loss

40

20

0

0 20 40 60 80 100
Epoch

Fig. 8 The convergence curve of training loss for synthetic data

—e— Training Loss

50 60 70 80 90 100
Epoch

0 10 20 30 40

Fig. 9 The convergence curve of training loss for real-world data

2) Efficiency

To analyze the efficiency of the proposed CG-based
framework, we adopt the delayed Stochastic Gradient Descent
(SGD) framework [12, 43]. Suppose that there are n workers
process and one master process, the communication time
between the worker and master is 7., and 7, represents the time
cost for completing the forward and backward iteration once.

To run the CG for N times, the total time cost is Nt + [%] ;.

Note that each process can be viewed as a computer, a central
processing

Table 5 Mean and standard deviation of the running time for different methods (unit: seconds)

Number of Time Intervals
Methods

10 20 30 40 50 60 70 80

OSQPp 14.19+0.02 42.23+0.29 115.54+0.34 276.61+5.19 504.70+6.28 — — —

SCS 27.65+0.54 83.89+1.99 197.95+5.34 405.7+2.73 695.30+19.53 — — —

NNLS 28.85+0.36 161.71+£3.43 | 535.17+£24.01 1300.09+63.76 | 2509.36+32.28 — — —
CG 8.79+0.44 25.89+1.53 75.18+8.43 179.24+6.64 329.17+13.34 531+16.54 791+19.61 1112+22.97

Table 6 The residual error for different methods (unit: No. of passengers / 30mins)
Number of Time Intervals
Methods

10 20 30 40 50 60 70 80

OSQP 7.76+0.00 11.12+0.00 11.31+0.00 11.82+0.00 12.12+0.00 — — —

SCS 7.76+0.00 11.12+0.00 11.31+0.00 11.82+0.00 12.12+0.00 — — —

NNLS 7.9840.01 11.38+0.02 11.61+0.02 12.09+0.01 12.46+0.01 — — —
CG 7.75+0.00 11.11+0.01 11.29+0.00 11.83+0.01 12.10+0.02 12.51+0.01 12.98+0.01 13.27+0.00

unit (CPU), or a graphics processing unit (GPU). For
large-scale networks, 7; is larger than 7., hence the CG-based
framework with multiple process could speed up the solution
process significantly by the factor of n.

In terms of the time complexity, we first collect the overall
time consumed both for the synthetic and the real-world
network. For the synthetic network, the algorithm is nearly
real-time, only consuming 8.81 seconds under 10 time intervals,
indicating extremely high efficiency. For the real-world
network, the time consumed for the 5-hour morning peak
period in Beijing is 1135 seconds (about 20 minutes), which is
also acceptable.

Then, we compare the proposed CG-based framework
with existing solvers such as Non-Negative Least Square
(NNLS) solver [44], Operator Splitting Solver for Quadratic
Programs (OSQP) [45], and Splitting Conic Solver (SCS) [46].
On the synthetic network, we run the experiments 5 times with
time intervals being [10, 20, 30, 40, 50, 60, 70, 80], and the

mean and standard deviation of the running time is presented in
Table 5. As is shown, the CG-based framework is significantly
faster than the existing methods, showing its high advantages in
solving this problem. With the increasing of time interval
number, the efficiency advantage of CG becomes more
obvious. When the time intervals are larger than 50, all other
methods fail to give the result on the synthetic network.

On the real-world network, however, no matter how many
the time interval is, all other methods fail to give the result
because of the memory overflow or exceeding the maximum
time budget (24 hours).

3) Accuracy

Because all other methods fail to give the result for the
real-world netwrk, we only compare the estimation accuracy on
the synthetic network. On the synthetic network, we run the
experiments 5 times with time intervals being [10, 20, 30, 40,
50], and the residual error for different methods is presented in

Table 6.




C. Result analysis for synthetic subway networks

In this section, we will verify the methodology using the
synthetic subway network and the synthetic AFC data. For the
synthetic network, all the true traffic states are available,
including the true link travel time, the true station waiting time,
and the true path travel time. The estimated # includes the
estimated link travel time and station waiting time in different
time intervals. Leveraging these estimated link travel times and
station waiting times, we can reconstruct the estimated path
travel time. Therefore, the estimated and the true link travel
time, station waiting time, and path travel time are all available.
The summary of this information is shown in Table 7.

Table 7 Information summary for the synthetic and real-world subway network

Estimated values True values

Link travel time
Station waiting time
Path travel time

Synthetic

Link travel time
Station waiting time
Path travel time

Real-world

2 2 22 2 2|
<2 X X |2 2 2]

1) Link travel time and station waiting time

The comparison between the true and the estimated link travel
time and station waiting time (delay time) is shown in Fig. 10.
The estimated values and the true values are also generally
equal to each other. The R?reaches up to 0.999, which proves
the effectiveness of the proposed methodology.

Link travel time Station waiting time

(unit: mins)

3) Sensitivity analysis

For the real-world AFC data, the path travel time always
contains noises. Moreover, there is no AFC record for many
OD pairs. To simulate the real-world AFC data, we conduct the
sensitivity analysis in this section. At first, we add 10% and
20% white noise to the path travel time of all AFC records. On
the basis of the 20% white noise, we randomly delete the
records of 20% and 50% OD pairs. For the deleted OD pairs,
the corresponding true average OD path travel time in the
vector ¢ in Egs. (4) is zero. Therefore, we use the “softimpute”
method to conduct matrix completion. The R* between the true
and the estimated values are computed for the four cases as
shown in Table 8. Given the page limit, we put the detailed
results into the supplementary material.

From the first case to the fourth case, the errors continue to
increase, which is reasonable because more interference factors
are imposed onto the original AFC data. However, the
estimated path travel times are always highly aligned with their
corresponding true values, showing that the proposed
methodology is effective.

Table 8 The goodness-of-fitting (R?) in different cases

Link travel Station waiting Path travel

time time time

Synthetic-Original 0.999 0.999 0.999
Adding 10% white noise 0.999 0.999 0.999
Adding 20% white noise 0.998 0.987 0.999
Deleting 20% OD pairs 0.996 0.972 0.999
Deleting 50% OD pairs 0.981 0.827 0.998
Real-world / / 0.700
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Fig. 10 The comparison between the estimated and the true time (unit: mins)

2) Path travel time

The comparison between the true and the estimated path travel
time is shown in Fig. 11. The estimated values and the true
values are generally equal to each other. The R%reaches up to
0.999, which proves the effectiveness of the proposed
methodology.
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Fig. 11 The comparison between the estimated and the true OD path travel time

D. Result analysis for real-world subway networks

In this section, we will apply the methodology to the Beijing
Subway network using real-world AFC data. For the real-world
network, the true link travel time and the true station waiting
time are unavailable. However, the true path travel time is
available. The estimated # includes the estimated link travel
time and station waiting time in different time intervals.
Leveraging these estimated link travel time and station waiting
time, we can reconstruct the estimated path travel time.
Therefore, the estimated path travel time is also available. The
summary of this information is shown in Table 7.

1) Convergence and goodness-of-fitting

In the real-world subway network, the comparison between the
true and the estimated path travel time is shown in Fig. 12. As
we can see, there exist some errors in the real-world network.
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Fig. 12 The comparison between the estimated and the true OD path travel time
(unit: mins)
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Fig. 13 The summary of the estimation results for all link travel times (unit:
mins)
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Fig. 14 The summary of the estimation results for different link types (unit:
mins)

However, the estimated values and the true values are generally
aligned with each other. The R? of real-world results can reach
up to 0.700 as shown in Table 8, which is generally acceptable
because so many external factors affect the travel time.
Therefore, results show the effectiveness of the proposed
methodology for the application in the real world.

2) Link travel time

The summary of the estimation results for all link travel times
and different link types is shown in Fig. 13 and

Fig. 14. There are nearly 250 links that cost small travel time
(less than 1 minute), such as the transfer links in the same
platforms. Most link travel time ranges from 1 minute to 5
minutes, which conforms to real-world operation
environments. The estimation results are also consistent with
common sense. Besides, we compute the average speed on the
vehicle links using the estimated time and the distance, which is
known. The vehicle speed ranges from 29 km/h to 38 km/h,
which is compatible with the official average speed, namely 30
km/h [42].

3) Station waiting time in different time intervals

A summary of the estimation results for the station waiting time
is shown in Fig. 15. From the first time interval (07:00-07:30)
to the tenth time interval (11:30-12:00), the number of the
larger waiting times increases, while the number of the smaller
waiting times decreases, which is in line with common sense. In
the sixth time interval (09:00-09:30), the station waiting time
seems to be the largest. We select several specific stations to

present their waiting time variations in different time intervals
as shown in Fig. 16. The estimation results are also reasonable,
which shows the effectiveness of the proposed methodology.
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Fig. 15 The summary of the estimation results for the station waiting time in
different time intervals (unit: mins)
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Fig. 16 The specific station waiting time variation in different time intervals

VI. CONCLUSION

In this study, we propose a CG-based framework to estimate the
link travel time and station waiting time using the AFC data for
large-scale URT networks. We first formulate a data-driven
optimization model to estimate the link travel time and station
waiting time. The optimization model is then cast into a
CG-based framework to obtain the estimation results
efficiently. The proposed framework is strictly verified on a
synthetic URT network and applied to a real-world URT
network. To the best of our knowledge, this is the first time that
the CG-based method is applied to the URT system. Several
critical findings are summarized as follows.
(1) The CG-based framework is proved to be effective and

efficient in the estimation of the link travel time and

station waiting time under a URT network level.



(2) Sensitivity analysis on the synthetic network indicates that
the proposed CG-based framework is robust to the data
noise and data missing.

(3) The CG methodology can be verified using the AFC data
in real-world, and the estimated OD path travel time in the
real-world network is proved to be reasonable.

Overall, these findings can provide critical insights for
future research. For example, the CG-based framework has
potentials to be applied to the multi-modal traffic systems [47].
If the AFC data for both subway and bus systems are available,
the developed CG-based framework can be extended to
estimate the transfer time between the adjacent subway station
and bus station. Travel time reliability can be measured and
passengers’ trajectories can be estimated using the estimation
results [48, 49].

In practice, several considerations should be taken. For
example, when we apply this research in the real world, the
entry/exit/transfer walking time needs to be carefully calibrated
using field survey data or timetable data. The large-scale
timetable data can also be integrated into the estimation process
to improve the estimation accuracy. Computer vision
techniques can be used to detect and count passengers.
Therefore, the monitoring video data from cameras in the
subway station, together with the congestion identification
results according to the station waiting time, can be used to
simultaneously monitor the congestion. We assume that all
passengers board the train simultaneously and once passengers
board the train, the train will drive to the next station, which
should be further refined in future study. Some accidents
should also be taken into consideration when applying this
research. The error distribution in the link travel time and
station waiting time for the real-world URT systems should be
analyzed in detail, and the estimated travel time should also be
incorporated into the proposed CG-based framework. We
assume that the link travel time is not time-dependent, which
may not be true in some of the URT systems and should be
calibrated in practice. Moreover, whether the CG-based
framework can be applied on weekends is to be further
explored.
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