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ABSTRACT
Automated fare collection (AFC) system, also known as the transit smart card (SC) system, has
gained more and more popularity among transit agencies worldwide. Compared with the
conventional manual fare collection system, an AFC system has its inherent advantages in low
labor cost and high efficiency for fare collection and transaction data archival. Although it is
possible to collect highly valuable data from transit SC transactions, substantial efforts and
methodologies are needed for extracting such data because most AFC systems are not initially
designed for data collection. This is especially true for Beijing’s AFC system, where a
passenger’s boarding stop (origin) on a flat-rate bus is not recorded on the check-in scan. To
extract passengers’ origin data from recorded SC transaction information, a Markov chain based
Bayesian decision tree algorithm is developed in this study. Using the time invariance property
of Markov chain, the algorithm is further optimized and simplified to reduce its computational
complexity to linear. This algorithm is verified with transit vehicles equipped with global
positioning system (GPS) data loggers. Our verification results demonstrated that the proposed
algorithm is effective in extracting transit passengers’ origin information from SC transactions
with a relatively high accuracy. Such transit origin data are highly valuable for transit system
planning and route optimization.
Key words: Automated fare collection system, passenger origin inference, Bayesian decision
tree, Markov chain
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INTRODUCTION
The United States energy information administration states that more than 50% of commuters
drive their own cars to work (1). In China, more and more travelers commute by transit. For
example, the percentage of public transit (including rail transit) riders in Beijing increased from
36.8% in 2008 to 38.9% in 2009 (2). This implies that traffic congestion in metropolitan areas
can be mitigated if public transit services can take a larger share of commuting trips. However, a
commuter’s choice depends on the utility associated with each available mode. Transit service
must be improved to increase its utility and therefore attract more riders.
Transit passenger Origin-Destination (OD) data are crucial for transit system planning and
route optimization (2). Collecting such OD data, however, is extremely difficult and expensive
using traditional paper-survey-based approaches (3, 4). Automatic fare collection (AFC) systems
contain rich spatial and temporal information through contactless smart cards with unique ID,
which significantly reduce manpower to collect transit passenger OD data. However, most AFC
systems are not designed for OD data collection (5), hence further data processing and analysis
are necessary for passenger information extraction (6). The paper presents a Bayesian decision
tree based statistical approach to infer the passenger origin from the imperfect SC transaction
data, which is the first step for transit OD estimation technique.
The remainder of this paper is organized as follows: First, the potential problem with the
Beijing AFC system is fully described. Then, the paper briefly discusses other relevant studies in
transit OD estimation methods for entry-only AFC systems. This is followed by a novel Markov
chain based Bayesian decision tree algorithm proposed to infer passenger origin data based on
the existing smart data characteristics. This algorithm is then verified in the next section using
GPS (Global Positioning System) data with a detailed result analysis. Conclusions of the study
are made at the end of this paper.
PROBLEM STATEMENT
In May 10, 2006, Beijing Transit Incorporated (BTI) (China) started to issue the Beijing
Transportation Smart Card to transit riders. If a user pays the transit fare with the Smart Card, up
to 60% discount can be received. Such a big discount quickly stimulated the use of smart card. In
2010, more than 90% of the transit users paid their transit trips with their smart cards (7). There
are a total of 16 million Smart Card (SC) transactions every day. Among these transactions, 52%
are from flat-rate bus riders. This implies that the OD information for flat-rate bus riders is
potential to form the complete OD matrix of Beijing transit riders. All SC transactions are
archived in a database at Beijing Transportation Research Center (BTRC). The high market
penetration rate and tremendous daily transactions ensure a great data source, and presents
challenges for transit rider OD extraction as well.
Transit rider OD matrix can potentially be extracted from the SC transaction database.
However, this is not a straightforward task. Two major challenges must be addressed to obtain
good quality OD data. The challenges originate from the design of the SC scan system for the
flat-rate buses. Since passengers pay a fixed rate to the flat-rate buses, only check-in scan is
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considered necessary in the SC scan system design (8). Compared to the distance-based fare bus
riders, flat-rate bus users do not have check-out records. This creates the first challenge in OD
extraction: where does a passenger get off a flat-rate bus? Furthermore, the scan system does not
save the location and direction information on the check-in scans and this creates the second
challenge: where does a passenger get on a flat-rate bus?
The two challenges induce two very interesting research topics: (1) how to identify the
transit stop ID for a check-in scan, and (2) at which transit stop does the passenger get off the
flat-rate bus? Given the fixed route of transit vehicles, known distance between stops, and
transaction records stored in the database, such as smart card ID, route number, driver ID,
transaction time, remaining balance, transaction amount, etc, it is not impossible to estimate a
flat-rate bus user’s check-in and check-out stops through data mining and data fusion techniques.
However, the accuracy of the extracted OD data depends largely on the quality of the data
processing algorithms (9).
Beijing AFC system should not be treated as a special case, and most cities in China also
employ the similar AFC system where passengers’ origin information is absent, such as
Chongqing City (10), Nanning City (11), Kunming City (12). Even in some developing countries,
such as Brazil, AFC system doesn’t record any boarding location information (13). Therefore, a
solution for passenger boarding and alighting information extraction is beneficial to those transit
agencies with imperfect SC data internationally. This paper focuses on the first challenge to
identify the transit stop ID for a check-in scan. A Markov chain based Bayesian decision tree
algorithm is developed to resolve this problem.
LITERATURE REVIEW
Many OD matrix inference approaches have been investigated over the past years. Researches on
Metropolitan Transit Authority (MTA)’s MetroCard system in New York City (14, 6) revealed
the feasibility of station-to-station OD matrix generation in the entry-only automatic fare
collection subway system. Zhao et al. (8) and Rahbee (15) proposed a transit OD matrix
estimation algorithm for origin-only AFC data from Chicago Transit Authority rail system.
However, their algorithms primarily focused on the rail system, where boarding at fixed stations
are easier to locate than bus transit systems. Pelletier et al. (Pelletier et al., 2010) undertook a
thorough literature review on transit smart card data usage, and they concluded that properly
processing SC data can enhance the strategic, tactical, and operational performances for transit
agencies Trépanier et al. (16, 17) conducted several studies on AFC system in the National
Capital Region of Canada, and developed algorithms to extract travel information from SC
transaction data for transit performance measures. They evaluated various transit statistics, and
demonstrated the feasibility of developing of a transit performance measure system using SC
data. Most of the aforementioned studies are based on the entry-only AFC system, where
boarding information is known in advance. In several existing AFC systems with missing
boarding stops, researchers incorporated other data sources to jointly infer boarding locations,
such as Automated Passenger Counter (APC) data, schedule data and GPS data. Farzin (13)
outlined a process to construct an automated transit OD matrix based on smart card and GPS data
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in Brazil. Nassir et al. (18) integrated APC data, GPS data, transit schedule data with AFC data
to estimate the stop-level passenger origin and destination. Similar with Beijing AFC system,
City of Changchun’s AFC system lacks both boarding and alighting stops, hence Zhang el al.
designed an on-bus questionnaire to match each passenger’s boarding time for origin inference
(19). To the best of our knowledge, few studies were undertaken to infer passenger’s origin from
the entry-only AFC system with the missing boarding information. Review of existing literature
does not identify any approach suitable for passenger OD information extraction from Beijing’s
SC transaction data. Hence, an algorithm applicable for Beijing’s AFC system is highly desired.
METHDOLOGY
As mentioned in the Problem Statement section, the boarding stop and bus direction information
are missing in Beijing transit SC transaction database. Boarding stop is not directly available
from the database. However, most passengers scan their cards immediately when boarding and
almost all passengers have completed the check-in scan before arriving to the next stop. This
indicates that the first passenger’s transaction time can be safely assumed as the group of
passengers’ boarding time at the same stop. The challenge is then to identify the bus location at
the moment of the SC transaction so that we can infer the onboard stop for that passenger.
However, this is not easy because the SC system for the flat-rate bus does not record bus location.
We know the time each transaction occurred on a bus of a particular route under the operation of
a particular driver, but nothing else is known from the SC transaction database. Nonetheless, we
are able to extract boarding volume changes with time and passengers who made transfers. By
mining these data and combining transit route maps, we may be able to accomplish our goal.
Therefore, a two-step approach is designed for passenger origin data extraction: smart card data
clustering and transit stop recognition. Details of each step are described below.
Smart Card Data Clustering
Transaction Data Classification
First of all, we need to sort SC transactions by the transit vehicle number. This results in a list of
SC transactions in the vehicle for the entire period of operations for each day. During the
operational period, the vehicle may have two to ten round-trip runs depending on the round-trip
length and roadway condition. At a terminal station, a transit vehicle may take a break or
continue running. So there is no obvious signal for the end of a trip (a trip is defined as the
journey from one terminus to the other terminus). Meanwhile, there are a varying number of
passengers at each stop, including some stops with no passengers.
For stops with several passengers boarding, all transactions can be classified into one group
based on interval between their transactions. Thus, the clustered SC transactions can be
represented by a time series of check-in passenger volumes at stops as shown in TABLE 1.
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TABLE 1 Examples of Clustered SC transactions
Transaction
Cluster No.

Stop ID

Stop Name

Total
Transactions

Transaction
Timestamp

Time
Difference

1
2
3
4

Unknown
Unknown
Unknown
Unknown

Unknown
Unknown
Unknown
Unknown

18
9
11
27

5:26:36
5:41:02
5:44:18
5:48:53

0:14:26
0:03:16
0:04:35
0:01:00

In TABLE 1, total transactions indicate the total boarding passengers in one stop;
transaction timestamp is recorded as the time when the first passenger boards in this stop, and
time difference means the elapsed time between the boarding time at this stop and next stop with
boarding passengers. Unlike most entry-only AFC systems in the United States, stop name and
ID from each transaction are unknown in Beijing’s AFC system. Most buses in service follow the
predefined order of stops, however, it is still possible that there is no passenger boarding in a
specific stop, and thus two consecutive SC transaction clusters do not necessarily correspond to
two physically consecutive stops. Obviously, this further complicates the situation and the
algorithm needed is indeed to map each cluster into the corresponding boarding stop ID.
In summary, the smart card data clustering algorithm contains three steps as follows:
1. All transaction data for each bus are sorted by the transaction timestamp in an ascending
order.
2. For two consecutive records, if their transaction time difference is within 60 sec, then, these
two transactions are included in one cluster; otherwise, another cluster is initiated.
3. If the transaction time difference for two consecutive records is greater than 30 min or
driver changing occurs, it is likely that the bus has arrived in terminus, and for this bus, one
bus trip has completed. Next record will be the beginning for the next bus trip.
The result of the clustering process is several sequences of clustered transactions. Each
sequence may contain one or more trips of the transit vehicle. For particular routes, due to the
limited space in terminus or busy transit schedule, bus layover time may be too short to be used
as a separation symbol for trips. Such buses may have a very long clustered sequence that makes
the pattern discovery process very challenging. Furthermore, unfamiliar passengers or passengers
boarding from the check-out doors (this happens for very crowded buses) may take longer than
60 seconds to scan their cards. The delayed transaction may cause cluster assignment errors.
Again, this adds extra challenge to the follow-up passenger origin extraction process.
Transaction Cluster Sequence Segmentation
Beijing has a huge transit network with nearly 1,000 routes. It is quite common to see passengers
transfer between transit routes. Through transfer activity analysis, we can further segment the
clustered transaction sequence into shorter series to reduce the uncertainty in passenger OD
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estimation (20). The key principle used in the transfer stop identification is that we assume the
alighting stop in the previous route is spatially the closest to the boarding stop for the next route.
This is reasonable because most passengers choose the closest stop for transit transfer (22).
Assume a passenger k makes a transfer from route i to route j. If any of the two routes is
distance-based-rate bus or a subway line, then we can identify the name of the transfer station.
Even if both routes are flat-rate bus routes, if the transferring location is unique, we can still use
the transfer information to identify the transfer bus stop ID and name. In addition, walk distance
between the two stops are needed to infer the time when the flat-rate bus arrives at the transfer
stop.
Based on the identified transfer stops, we can further segment the transaction cluster
sequence into shorter cluster series. Each series is bounded by either the termini or the identified
bus stops. The segmented series of transaction clusters will be used as the input for the
subsequent transit stop inference algorithm.
Data Mining for Transit Stop Recognition
If we treat each segmented series of transaction cluster as an unknown pattern, this unknown
pattern can be considered as a sample of the sequential stops on the bus route. If every stop has
boarding passengers, this unknown pattern is identical to the known bus stop sequence. Also,
since distance and speed limit between stops are known, travel time between stops is highly
predictable if there is no traffic jam. In reality, however, there may have varying distribution of
passengers boarding at any given stop and roadway congestion may cost unpredictable delays.
Therefore, the unknown pattern recognition is a very challenging issue. Once the unknown
pattern is recognized, the boarding stop for any passenger becomes clear.
Bayesian decision tree algorithm is one of the widely used data mining techniques for
pattern recognition (23). Each node in the Bayesian decision tree is connected through Bayesian
conditional probability, and the entire tree is constructed directionally from the root node to the
leaf nodes. Applying this technique to the current problem, we can represent the known starting
stop as the root. if we denote the current boarding stop ID at time step k as Sk , and at time step
k+1, the next boarding stop ID as Sk +1 , according to Bayesian inference theory (24), Sk +1 can be
calculated as:
=
Sk +1 arg
=
max(Pr( Sk +1 j | S1 , S2 ...Sk ))
j

(1)

where Pr( Sk +1 | S1 , S2 ...Sk ) =conditional probability of the next boarding stop being Sk +1 , given the
previous boarding stop sequence S1 , S2 ...Sk .
A Bayesian decision tree represents many possible known patterns. We need to compute the
probability for each known pattern to match the unknown pattern. By further observation, we can
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find due to the nature of transit route, the probability of passengers boarding at Sk +1 at time step
k+1 is only related to whether the last boarding stop was Sk at time step k. That is because if the
transaction time and corresponding bus location for SC transaction cluster k is known, the next
SC transaction cluster k+1 only relies on how fast the bus travels during the time period between
SC transaction clusters k and k+1. In this case, a SC transaction series can be recognized as a
Markov chain process. Markov chain is a stochastic process with the property that the next state
only relies on the current state. Therefore, Sk +1 can be rewritten as:
=
Sk +1 arg
=
max(Pr( Sk +1 =
j | S1 , S2 ...Sk )) arg
=
max(Pr(
=
Sk +1 j | Sk i))
j

j

subject to i < j

(2)

The single-step Markov transition probability is defined as Pr(=
Sk +1 j=
| Sk i ) , also denoted as
pij , with i, j being the stop IDs. Without losing generality, we assume the bus is moving

outbound with an increasing trend of stop ID toward the destination. Then the transition
probability matrix Π can be simplified as:
p12 
p1n 
 p11


p22 
p2 n 
 p21
=
Π  =


 


 p( n −1)1 p( n −1)2 p( n −1) n 
 p
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pnn 
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−
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0
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0
0
p( n −1) n 


0
0
1 


(3)

where n=the total number of stops for the bus route. This transition probability matrix plays a
vital role in determining the potential stop ID for the next time step.
Transition Matrix Generation
To recognize the unknown pattern, it is critical to develop a measure to quantify pij , the
possibility of next boarding stop being stop j conditioned on the previous boarding stop being i.
The higher pij is, the more likely the next SC transaction cluster corresponds to boarding
passengers at stop j. In other words, pij represents the probability for the next SC transaction
cluster timestamp being the bus boarding time at stop j. That is to say, the boarding time in stop j
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for cluster k+1 can be predicted based on the travel distance from stop i to stop j and average bus
speed. Then, the calculated time can be used as an indicator to compare with the real transaction
timestamp for cluster k+1. From this point, the average speed between stops i and j will be a key
variable. If the timestamp for cluster k is tk , and that for cluster k+1 is tk +1 , then, the bus travel
time from time step k to time step k+1 is tk +1 − tk , and the stop distance between stop j and stop i
is Dij , then, the average bus travel speed Vij can be expressed as:
Vij =

Dij

(4)

tk +1 − tk

Where Vij is a random variable depending on the traffic condition at the moment. Vij is
considered to be normally distributed, and its probability density function can be adopted to
quantifying pij .
In the speed normal distribution, the mean travel speed µij and standard deviation σ ij
can be calculated from all buses with GPS devices in the same route. Under this circumstance,
the boarding time for each stop can be inferred by matching GPS data and stop location
information. Using the inferred boarding time difference and distance between stop i and stop j,
we can calculate the mean travel speed µij and standard deviation σ ij as a priori information.
It is noteworthy that the speed mean and standard deviation are not dependent on GPS data, but
can be also obtained by other data sources such as distance-based-rate SC transaction data. A
sensitivity analysis further demonstrates the algorithm’s robustness even with different speed
data sources.
Then, the transition probability can be reformulated as:
=
pij Pr(=
Sk +1 j=
| Sk i)
zij + ∆

=

∫∆

zij −

where Z ij =

Vij − µij

σ ij

1

1

2p

2p

=
exp(− z 2 / 2)dz

exp(− zij2 / 2) ⋅ 2∆,

(5)

, which is the standardized travel speed between stop j and stop i

Δ is a small increase value for travel speed, and it will not impact the algorithm result, since
this is a common term for each transition probability.
Each element in transition matrix can be quantified in the same way as shown in Equation
(5). With the complete transition matrix, the unknown pattern of SC transaction series can be
recognized as:
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[ Sk +1 , Sk , Sk −1 ,..., S1 ]
= arg max Pr( Sk +1 , Sk , Sk −1 ,..., S1 )
S1 ... S k +1

= arg max ( Pr( Sk +1 | Sk , Sk −1 ,..., S1 ) Pr( Sk , Sk −1 ,..., S1 ) )
S1 ... S k +1

= arg max ( Pr( Sk +1 | Sk ) Pr( Sk | Sk −1 ) Pr( S2 | S1 ) )
S1 ... S k +1

k

(6)

= arg max (P Pr(=
Sn +1 j=
| Sn i ))
S1 ... S k +1

n =1

k

= arg max ( k +1 P Pr(=
Sn +1 j=
| Sn i ))
S1 ... S k +1

n =1

= arg max ( P(k + 1))
S1 ... S k +1

Here,

P(k + 1)
=

k

k +1

P Pr(S =
n =1

n +1

j | S=
i)
n

denotes the geometric mean probability of

passengers boarding stop sequence at time step k+1. It is also the probability for the identified
stop sequence to match the unknown pattern.

ALGORITHM IMPLEMENTATION AND OPTIMIZATION
Implementation
As mentioned in the previous sections, due to the nature of transaction data, several defects need
to be addressed in the process of Markov chain based Bayesian decision tree algorithm:
1. Direction identification
Beijing transit AFC system doesn’t log the travel direction information for each route. We
need to determine whether the bus is traveling inbound or outbound before algorithm
execution. The solution is that we construct two Bayesian decision trees in each direction.
Then the probability of the most likely stop sequence from each of trees will be compared
and the one with the highest path probability wins.
2. Outlier removal
As mentioned in the Smart Card Data Clustering section, in some cases, the delayed
transactions impact the accuracy of clustering algorithm, and these abnormal transactions
are also labeled as outliers. The principal difficulty is that two inconsistent SC transactions
by timestamp that should be classified in one cluster may be read separately, and thus, the
latter will be classified as another cluster for the next stop. For instance, at a particular stop,
if one passenger boarded the bus and paid the fare at 8:00 AM, another passenger swiped
his smart card to alight at 8:10 AM. Due to the relative large transaction timestamp gap, the
second transaction will be assigned to another cluster. In this case, the boarding stop ID will
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be misidentified.
The strategy used to remove these outliers is that there exists a probability that a
passenger may retain in the same stop. If the previous stop ID is defined as i , the number
of total stops in each possible direction is denoted as N , and the probability that a
passenger stay at stop i in the next time step can be expressed as:
pii = 1 −

j≤N

∑p

j = i +1

ij

(8)

The probability is able to better depict the situation where passengers may delay a
certain period to swipe their Smart Cards during boarding.
3. Bus trip detection
The journey begins from the initial bus stop to the terminus is defined as a bus trip. The bus
terminus is designed for bus turning, layover, and driver change. It is also the starting stop
on the bus timetable. However, in Beijing’s transit network, some bus termini are located in
the busy street or have limited space. Hence, buses using these termini have to begin their
next trip in a short time period without causing an obstruction. This is a challenging issue in
the procedure of passenger origin inference, since the initial stop (root node) in Bayesian
decision tree may be misidentified if the bus trip is mistakenly detected. The solution to this
issue is to model the travel time probability of each transaction cluster series. As indicated
in the transaction cluster sequence segmentation section, each series is bounded by possible
inferred stops, by calculating the travel time for multiple combinations of inferred stops,
and comparing with the actual time difference, we are able to determine the most likely bus
trip based on the highest probability.
This algorithm was successfully implemented in Microsoft Visual C#, and all the SC
transaction data was stored in Microsoft SQL server database.
Computational Performance Optimization
Although we illustrated the mathematical form for Markov chain based Bayesian decision tree in
theory, this algorithm presented above has not been applied in the real dataset. Cooper (25) has
proven Bayesian decision tree algorithm a NP (Non-deterministic Polynomial)-hard problem,
which means this algorithm cannot be solved in a polynomial time. Conventional approach to
calculate the path probability for all the potential boarding stop sequences is computationally
expensive, especially for the long sequences. To better explain this challenge, an example is
shown as follows:
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1

3

2

Path Probability:

4

3

4

5

4

5

6

5

6

7

0.36

0.32

0.27

0.31

0.21

0.19

0.12

0.07

0.04

FIGURE 1 A Bayesian Decision Tree Algorithm Example
Assume the initial boarding stop is 1. The potential stops in the next step could be stop 2,
stop 3, or stop 4 because they are all in the reachable range. Assuming the situations are similar
for the remaining stops. A decision tree is fully established following the approach as shown in
Fig. 2. The traditional exhaustive search is to traverse each potential path, and select the
maximum probability. Based on this method, we need to calculate the path probability nine times.
This implies that the number of paths to be calculated increases exponentially as the time step
increases. However, at the time step 3, there are two or more paths ending with stop 3, 4 and 5.
Before carrying on the computation in the next time step, we can compare the probability of the
paths with the same ending stop, and choose the maximum one, which is also called the partial
best path, that is:
In the time step 3, only the following five paths are selected 1->2->3,
1->2->4,1->2->5,1->3->6, and 1->4->7. Recall that the Markov Chain model states that the
probability of current state given a previous state sequence depends only on the previous state.
Hence, five paths calculated in time step 3 guarantees the most probable paths in time step 4
without extra computations of other paths. According to Equation (6), we can express the
optimized procedure in mathematics as:
P(k + 1)
= max( P(k )( k +1 Pr( Sk +=
j | S=
i )))
1
k
i, j

(9)

We can now calculate the probability at each time step recursively until the end of the route.
Computing the probability in this way is far less computational expensive than calculating the
probabilities for all sequences. If we denoted the total stops for a specific route as n, and the SC
transactions are classified in m clusters, which correspond to m time steps in Bayesian decision
trees, then the computational complexity for the exhaustive approach can be written as O(m n ) .
While using the optimized algorithm, the computational complexity is only O(mn) . With the
optimization, the algorithm can be solved in a finite time, and can be efficiently applied in
reality.
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VALIDATION AND ANALYSIS
By installing GPS receivers on flat-rate buses, we can collect the geospatial information and spot
speed data in a real-time manner. There are approximately 30% buses equipped with GPS
devices in Beijing, and GPS data are updated every 30 seconds. These data provide the
opportunity to validate the Markov-chain based Bayesian decision tree algorithm developed in
this study for passenger origin data extraction. GPS coordinates and timestamp can be used to
determine bus boarding and alighting location and time. First, the geographical feature of bus
stops and consecutive GPS records for each bus are joined using latitude and longitude
coordinates. Then, by matching the passenger check-in time in the SC transaction database, the
boarding stop ID can be associated with each transaction. The inferred stop ID using GPS data
can be considered as the ‘ground truth’ data for the comparison purpose.
In this section, the Markov chain based Bayesian decision tree algorithm is first validated
using GPS data for route 22, and then, a sensitivity analysis is conducted to investigate impacts
of speed mean and standard deviation calculated from GPS data and other data sources.
Algorithm validation
Flat-rate based route 22 was selected to infer unknown boarding location, and GPS data
associated with route 22 was also collected to verify the result. The SC transaction data and GPS
data are all recorded on April 7, 2010. Route 22 contains total 34 stops both inbound and
outbound directions as shown in FIGURE 2.
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FIGURE 2 Route 22 in Beijing transit network
The algorithm results are listed as in TABLE 2. In TABLE 2, there are a total of 12,675 SC
transactions mapped with GPS data for Route 22. Error is defined as the stop ID difference (two
stops next to each other should have consecutive IDs) between the ground truth stop based on
GPS data and the inferred stop using the proposed algorithm. For Route 22, 95% passenger
boarding stops were deducted by the algorithm. 58.6% of results perfectly match with the stops
inferred by GPS accurately. There are 11,645 recognized boarding stops within three stops in
error, accounting for approximately 96.7% of the total identified stops or 91.6% of all the stops
need.
The results are very encouraging. In Beijing’s transit network, the error within three stops is
acceptable for transit planning level study, since these stops are mostly affiliated with the same
traffic analysis zone (TAZ).
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TABLE 2 Results of Bayesian Decision Tree Algorithm for Route 22 Based on GPS Speed
Route 22

Number of

Accumulated Percentage in Accumulated Percentage in

Records

inferred stops

total stops

Stop ID errors<1

7062

58.6%

55.8%

Stop ID errors<2

10371

86.1%

81.8%

Stop ID errors<3

11341

94.2%

89.5%

Stop ID errors<4

11645

96.7%

91.9%

Total

12043

N/A

95%

Travel speed sensitivity analysis
Recall that in computing the transition matrix, mean travel speed µ and standard deviation σ
were extracted from GPS data. However, there are still many flat-rate routes without GPS
devices. To understand how the algorithm result changes when the travel speed mean and
standard deviation are inaccurate, a sensitivity analysis is carried out for this purpose. Below
table show the results when the mean travel speed and standard are retrieved from the
distance-based fare routes, and these routes share common stops with the “no-GPS” flat-fare
route. Since boarding stop and alighting stop are known in the distance-based fare buses, using
the distance between two known stop and time difference, we are able to extract the mean and
variance of travel speed to construct the transition matrix.
TABLE 3 Results of Bayesian Decision Tree Algorithm for Route 22 Based on the Speed
from Distance-based Fare Routes
Route 22

Number of

Accumulated Percentage in Accumulated Percentage in

Records

inferred stops

total stops

Stop ID errors<1

6841

58.5%

54%

Stop ID errors<2

10319

88.2%

81.4%

Stop ID errors<3

11296

96.6%

89.1%

Stop ID errors<4

11509

98.4%

90.8%

Total

11694

N/A

92.2%

Different data sources only slightly influence the percentage of inferred stops. 92.2%
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boarding stops can be extracted using the speed generated from distance-based fare routes, but
the accuracy within three stop errors is higher than the one using GPS speed. The result indicates
the algorithm is not sensitive to the travel speed, even without GPS data, we are still able to
correctly identify passenger boarding stops using other data sources. This is not surprising,
because in normal distribution, mean and standard only influence the shape for probability
density function, as long as we make a reasonable assumption for bus travel speed calculation,
the algorithm results will not fluctuate significantly.

CONCLUSIONS
Different from most entry-only AFC systems in other countries, Beijing’s AFC system does not
record boarding location information when passengers get on the buses and swipe their smart
cards. This creates challenges for passenger OD estimation.
This study aims to tackle this issue. With further investigations on SC transactions data, we
propose a Markov chain based Bayesian decision tree algorithm to infer passengers boarding
stops. This algorithm is based on Bayesian conditional probability theory, and the travel speed
normal distribution probability density function is used to measure the randomness of passenger
boarding stops, where its mean and variance are not sensitive to the algorithm accuracy and
thereby not dependent on other data sources. Moreover, we can use the time invariance of
Markov chain model to further reduce the computational complexity of the algorithm to linear
load. The optimized algorithm is proven effective using the SC transaction data from two routes.
However, this algorithm can still be improved in many ways; for instance, the algorithm
does not perform well under the circumstance that the travel speed is not distinct, i.e. the travel
speed probability calculated for each stop is similar. The countermeasure for this issue is to
incorporate more feature functions, e.g., the closeness between each stop and subway stations or
tourist spots is a factor to quantify the attractiveness for the transit ridership.
In summary, the Markov chain based Bayesian decision tree algorithm provides an effective
data mining approach for passenger origin data extraction. It offers a great start for mining transit
passenger ODs from the SC transaction data for transit system planning and operations.
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