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Abstract:    The 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 true especially for the Beijing 
AFC system, where a passenger’s boarding stop (origin) on a flat-rate bus is not recorded on the check-in scan. To extract pas-
sengers’ origin data from recorded SC transaction information, a Markov chain based Bayesian decision tree algorithm is de-
veloped in this study. Using the time invariance property of the Markov chain, the algorithm is further optimized and simplified to 
have a linear computational complexity. 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. 
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1  Introduction 
 

US Energy Information Administration (2007) 
stated that “more than 50% of commuters drive their 
own cars to work”. 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 
(Beijing Transportation Research Center (BTRC), 
2010a). This implies that traffic congestion in metro- 
politan areas can be mitigated if public transit services 
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 op-
timization (Li, 2009). Collecting such OD data, 
however, is extremely difficult and expensive using 
traditional paper-survey-based approaches (Hofmann 
et al., 2009; Reddy et al., 2009). Automated fare 
collection (AFC) systems contain rich spatial and 
temporal information through contactless smart cards 
(SCs), each with a unique ID, which significantly 
reduces manpower to collect transit passenger OD 
data. However, most AFC systems are not designed 
for OD data collection (Pelletier et al., 2011); hence, 
further data processing and analysis is necessary for 
passenger information extraction (Barry et al., 2009). 
In this paper we present a Bayesian decision tree 
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based statistical approach to infer the passenger origin 
from the imperfect SC transaction data, which is the 
first step for the transit OD estimation technique. 

The remainder of this paper is organized as fol-
lows. First, the potential problem with the Beijing 
AFC system is fully described. Then, we briefly dis-
cuss relevant studies in transit OD estimation meth-
ods for entry-only AFC systems. This is followed by a 
novel Markov chain based Bayesian decision tree 
algorithm which is proposed to infer passenger origin 
data based on the existing smart data characteristics. 
This algorithm is verified in the next section using 
global positioning system (GPS) data with a detailed 
result analysis. Conclusions of the study are made at 
the end of this paper. 
 
 

2  Problem statement 
 

In May 10, 2006, the Beijing Transportation 
Corporation started to issue the Beijing Transporta-
tion SC to transit riders. If a user pays the transit fare 
with the SC, up to 60% discount can be received. 
Such a large discount quickly stimulated the use of 
SCs. In 2010, more than 90% of the transit users paid 
for their transit trips with their SCs (BTRC, 2010b). 
There are a total of 16 million 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 essential to form the complete 
OD matrix of Beijing transit riders. All SC transac-
tions are archived in a database at the BTRC, China. 
The high market penetration rate and tremendous 
daily transactions ensure a great data source, and 
present challenges for the transit rider OD extraction 
as well. 

The transit rider OD matrix can potentially be 
extracted from the SC transaction database. However, 
this is not a straightforward task. Two major chal-
lenges 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 passen-
gers pay a fixed rate to the flat-rate buses, only 
check-in scan is considered necessary in SC scan 
system design (Zhao et al., 2007). Compared to the 
distance-based fare bus riders, flat-rate bus users do 
not have check-out records. This creates the first 
challenge in the OD extraction: where does a pas-
senger get off a flat-rate bus? Furthermore, the scan 

system does not save the location or direction infor-
mation on 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, 
including SC ID, route number, driver ID, transaction 
time, remaining balance, and transaction amount, it is 
possible 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 (Zhang, 2002). 

Many cities in China employ the SC system for 
transit services. Almost all the systems suffer from the 
same problem as the Beijing system. A solution for 
passenger boarding and alighting information extrac-
tion will be beneficial to most transit agencies in 
China. 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. 
 
 

3  Related works 
 

Many OD matrix inference approaches have 
been investigated over the past years. Research on 
Metropolitan Transit Authority (MTA)’s MetroCard 
system in New York City (Barry et al., 2002; 2009) 
revealed the feasibility of station-to-station OD ma-
trix generation in the entry-only AFC subway system. 
Zhao et al. (2007) and Rahbee (2009) proposed a 
transit OD matrix estimation algorithm for origin- 
only AFC data from the Chicago Transit Authority 
rail system. However, their algorithms primarily fo-
cus on the rail system, where boarding at fixed sta-
tions is easier to locate than in bus transit systems. 
Pelletier et al. (2010) undertook a thorough literature 
review on transit SC data usage, and concluded that 
properly processing SC data can enhance the strategic, 
tactical, and operational performances for transit 
agencies. Trépanier et al. (2007; 2009) conducted 
several studies on the AFC system in the National 
Capital Region of Canada, and developed algorithms 
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to extract travel information from SC transaction data 
for transit performance measures. They evaluated 
various transit statistics and demonstrated the feasi-
bility of developing a transit performance measure-
ment system using SC data. Most of the aforemen-
tioned studies are based on the entry-only AFC sys-
tem, 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 (2008) outlined a process 
to construct an automated transit OD matrix based on 
SC and GPS data in Brazil. Nassir et al. (2011) inte-
grated APC data, GPS data, and transit schedule data 
with AFC data to estimate the stop-level passenger 
origin and destination. The AFC system of the city of 
Changchun (China) lacks both boarding and alighting 
stops; hence, Zhang et al. (2007) designed an on-bus 
questionnaire to match each passenger’s boarding 
time for origin inference. To the best of our knowl-
edge, few studies were undertaken to infer passen-
ger’s origin from the entry-only AFC system with the 
missing boarding information. Review of the existing 
literature did not identify any approach suitable for 
passenger OD information extraction from Beijing 
SC transaction data. Hence, an algorithm applicable 
for the Beijing AFC system is highly desired. 

 
 

4  Methodology 
 

As mentioned in Section 2, the boarding stop and 
bus direction information is missing in the 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 at 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 as the SC 
system for the flat-rate bus does not record the 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 can extract 
boarding volume changes with time and passengers 
who made transfers. By mining these data and com-
bining transit route maps, we may accomplish our 
goal. Therefore, a two-step approach is designed for 
passenger origin data extraction: SC data clustering 
and transit stop recognition. Details of each step are 
described below. 

4.1  Smart card data clustering 

4.1.1  Transaction data classification 

First, 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 de-
pending on the round-trip length and roadway condi-
tion. 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 
the interval between their transactions. Thus, the 
clustered SC transactions can be represented by a  
time series of check-in passenger volumes at stops 
(Table 1). 

 
 
 
 
 
 
 
 
 
 
 

 
In Table 1, the ‘total number of transactions’ in-

dicates the total boarding passengers in one stop, 
‘transaction timestamp’ is recorded as the time when 
the first passenger boards in this stop, and ‘time dif-
ference’ means the elapsed time between the boarding 
times at this stop and at the next stop with boarding 
passengers. Unlike most entry-only AFC systems in 

Table 1  The four clustered smart card transactions 

Value/Description 
Parameter 

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Stop ID Unknown Unknown Unknown Unknown

Stop name Unknown Unknown Unknown Unknown
Total number of 
transactions 

18 9 11 27 

Transaction 
timestamp 

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

Time difference 0:14:26 0:03:16 0:04:35 0:01:00
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the US, the stop name and ID from each transaction 
are unknown in the Beijing 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 
should map each cluster into the corresponding 
boarding stop ID. 

In summary, the SC data clustering algorithm 
contains the following three steps:  

1. All transaction data for each bus are sorted by 
the transaction timestamp in ascending order. 

2. For two consecutive records, if their transac-
tion time difference is within 60 s, these two transac-
tions 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 at 
the terminus, and for this bus, one bus trip has com-
pleted. The next record will be the beginning for the 
next bus trip.  

The results of the clustering process are 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 the 
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, which makes the pattern discovery process 
very challenging. Furthermore, unfamiliar passengers 
or passengers boarding from the check-out doors (this 
occurs for very crowded buses) may take longer than 
60 s 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. 

4.1.2  Transaction cluster sequence segmentation 

Beijing has a huge transit network with nearly 
1000 routes. It is quite common to see passengers 
transfer between transit routes. Through transfer ac-
tivity analysis, we can further segment the clustered 
transaction sequence into shorter series to reduce the 
uncertainty in passenger OD estimation (Jang, 2010). 
The key principle used for transfer stop identification 
is that the alighting stop in the previous route is as-

sumed to be spatially the closest to the boarding stop 
for the next route. This is reasonable because most 
passengers choose the closest stop for transit transfer 
(Chu and Chapleau, 2008).  

Assume a passenger k makes a transfer from 
route i to route j. If either 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, for a unique transferring lo-
cation, we can still use the transfer information to 
identify the transfer bus stop ID and name. In addition, 
the walking distance between the two stops is 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.  

4.2  Data mining for transit stop recognition 

If we treat each segmented series of transaction 
clusters 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 passen-
gers, 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 be a varying distribution 
of passengers boarding at any given stop, and road-
way congestion may result in unpredictable delays. 
Therefore, unknown pattern recognition is a very 
challenging issue. Once the unknown pattern is rec-
ognized, the boarding stop for any passenger becomes 
clear. 

The Bayesian decision tree algorithm is one of 
the widely used data mining techniques for pattern 
recognition (Janssens et al., 2006). Each node in the 
Bayesian decision tree is connected through the 
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. Denoting the current boarding stop ID at time 
step k as Sk, and the next boarding stop ID at time step 
k+1 as Sk+1, according to Bayesian inference theory 
(Bayes and Price, 1763), Sk+1 can be calculated as  
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1 1 1 2argmax Pr( | , ,..., ),k k k
j

S S j S S S         (1) 

 

where 1 1 2Pr( | , ,..., )k kS S S S  is the conditional prob-

ability of the next boarding stop being Sk+1, given the 
previous boarding stop sequence S1, S2, …, Sk.  

A Bayesian decision tree represents many pos-
sible known patterns. We need to compute the prob-
ability for each known pattern to match the unknown 
pattern. By further observation, we can find that the 
probability of passengers boarding at Sk+1 at time step 
k+1 is related only to whether the last boarding stop is 
Sk at time step k. This is because if the transaction 
time and corresponding bus location for SC transac-
tion cluster k are known, the next SC transaction 
cluster k+1 relies only on how fast the bus travels 
during the time period between SC transaction clus-
ters k and k+1. In this case, an SC transaction series 
can be recognized as a Markov chain process. Markov 
chain is a stochastic process with the property that the 
next state relies only on the current state. Therefore, 
Sk+1 can be rewritten as 
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s.t.  i<j. 
 

The single-step Markov transition probability is de-
fined as Pr(Sk+1=j|Sk=i), also denoted as pij, with i and 
j being the stop IDs. Without losing generality, we 
assume the bus is moving outbound with an increas-
ing trend of stop ID toward the destination. Then the 
transition probability matrix Π can be simplified as  
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where n is 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. 

4.2.1  Transition matrix generation 

To recognize the unknown pattern, it is critical to 
develop a measure to quantify pij, the possibility of 
the next boarding stop being stop j conditioned on the 
previous boarding stop being i. The higher the pij, the 
more likely the next SC transaction cluster corre-
sponds to boarding passengers at stop j. In other 
words, pij represents the probability of the next SC 
transaction cluster timestamp being the bus boarding 
time at stop j. That is to say, the boarding time in stop 
j for cluster k+1 can be predicted based on the travel 
distance from stops i to 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 be-
tween stops i and j will be a key variable. If the 
timestamp is tk for cluster k, and tk+1 for cluster k+1, 
then the bus travel time from time steps k to k+1 is 
tk+1-tk. The stop distance between stops j and i is Dij. 
Then the average bus travel speed Vij can be ex-
pressed as  

1

,ij
ij

k k

D
V

t t




                          (4) 

 

where Vij is a random variable depending on the traf-
fic condition at the moment. Vij is considered to be 
normally distributed, and its probability density 
function can be adopted to quantify pij. 

In the speed normal distribution, the mean travel 
speed μij and standard deviation σij 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 stops i and j, we 
can calculate the mean travel speed μij and standard 
deviation σij as a priori information. Note that the 
mean speed and standard deviation are not dependent 
on GPS data, but can be obtained using other data 
sources such as distance-based-rate SC transaction 
data. A sensitivity analysis further demonstrates the 
algorithm’s robustness even with fluctuations on both 
mean speed and standard deviation. 



Ma et al. / J Zhejiang Univ-Sci C (Comput & Electron)   2012 13(10):750-760 755

Then, the transition probability can be reformu-
lated as  
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where zij=(Vij−μij)/σij is the standardized travel speed 
between stops j and i. Δ is a small increment of the 
travel speed, and will not impact the algorithm result, 
since it is a common term for each transition  
probability. 

Each element in the transition matrix can be 
quantified in the same way as Eq. (5). With the com-
plete transition matrix, the unknown pattern of SC 
transaction series can be recognized as 
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where ( 1)P k   denotes the geometric mean of the 

probabilities of the passenger boarding stop sequence 
at time step k+1. It is also the probability that the 
identified stop sequence matches the unknown pattern. 

Although GPS data are used, as a matter of fact, 
the algorithm is not very sensitive to either the mean 
speed or standard deviation, as will be demonstrated 
later by variable sensitivity analysis. 

 
 

5 Algorithm implementation and optimization 

5.1  Implementation 

Fig. 1 illustrates the process of using the Markov 
chain based Bayesian decision tree algorithm for 

transit origin information extraction. Before estimat-
ing a passenger boarding stop, we need to assume that 
there must be passengers boarding within the first 
three stops in one route, and this stop is used as the 
root node in the Bayesian decision tree to initiate the 
algorithm. This assumption is reasonable for the Bei-
jing transit system because for approximately 95% 
flat-rate buses, there are transactions within the first 
three stops, at any time period, based on our survey.  

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

As mentioned in previous sections, due to the 
nature of transaction data, several defects need to be 
addressed in the process of the Markov chain based 
Bayesian decision tree algorithm. 

1. Direction identification 
The Beijing transit AFC system does not 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 

Fig. 1  Flow chart of the Markov chain based Bayesian 
decision tree algorithm 
proute: Bayesian decision path probability; pmin: path prob-
ability threshold 
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that we construct two Bayesian decision trees in each 
direction, with the roots being the first stop (terminus), 
second stop, and third stop, respectively. Then the 
probability of the most likely stop sequence from each 
of the six trees will be compared and the one with the 
highest path probability wins. 

2. Outlier removal  
As mentioned in Section 4.1, in some cases, the 

delayed transactions impact the accuracy of the 
clustering algorithm, and these abnormal transac-
tions are also labeled as outliers. The principal dif-
ficulty 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, one passenger gets on 
the bus and pays the fare at 8:00 AM, and another 
passenger swipes his/her SC at 8:10 AM. Due to the 
relatively large transaction timestamp gap, the  
second transaction will be assigned to another  
cluster. In this case, the boarding stop ID will be 
misidentified. 

The strategy used to remove these outliers is that 
we set a path probability threshold pmin. If the decision 
tree starts with a false root node (e.g., the initial SC 
transaction cluster is misidentified), its error will be 
accumulated and extended in the following leave 
nodes. As a result, the path probability decreases as 
the time step increases, and the initial cluster is then 
abandoned; thus, we restart the computation process 
from the next cluster, until we find the path probabil-
ity that exceeds the threshold. 

3. Bus trip detection  
The journey from the initial bus stop to the ter-

minus 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 the Beijing 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 the Bayesian decision tree 
may be misidentified if the bus trip is mistakenly 
detected. Similar to the solution to outlier removal, 
the same threshold pmin can ensure the correct initial 
root node in the Bayesian decision tree.  

This algorithm was successfully implemented in 
Microsoft Visual C#, and all the SC transaction data 
were stored in the Microsoft SQL server database.  

5.2  Computational performance optimization 

Although we have illustrated the mathematical 
form of the Markov chain based Bayesian decision 
tree in theory, this algorithm presented above has not 
been applied in the real dataset. Cooper (1990) has 
proven that the Bayesian decision tree algorithm is an 
NP-hard problem, which means this algorithm cannot 
be solved in polynomial time. The conventional ap-
proach to calculating the path probability for all the 
potential boarding stop sequences is computationally 
expensive, especially for the long sequences. To bet-
ter explain this challenge, an example is shown in  
Fig. 2. 

 
 
 
 
 
 
 
 
 
 
Assume the initial boarding stop is 1. The po-

tential stop in the next step could be stop 2, stop 3, or 
stop 4, since they are all in the reachable range. As-
suming the situations are similar for the remaining 
stops, a decision tree is fully established following the 
approach as shown in Fig. 2. The traditional exhaus-
tive 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 time step 3, there are two or more paths 
ending with stops 3, 4, and 5. Before carrying out the 
computation in the next time step, we can compare the 
probabilities of the paths with the same ending stop, 
and choose the maximum one, which is also called the 
‘partial best path’.  

In 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 in the Markov chain model, 
given a previous state sequence, the probability of the 

Fig. 2  A Bayesian decision tree algorithm example 

1

42 3

53 4 64 5 75 6

0.36 0.32 0.27 0.31 0.21 0.19 0.12 0.07 0.04

Path probability
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current state depends only on the previous state. 
Hence, the most probable paths in time step 4 are 
guaranteed by the five paths calculated in time step 3 
without extra computations of other paths. According 
to Eq. (6), we can express the optimized procedure as 

 

 1
1

,
( 1) max ( ) Pr( | ) .k

k k
i j

P k P k S j S i
       (7) 

 
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 
computationally expensive than calculating the prob-
abilities for all sequences. Denoting the total number 
of stops for a specific route as n, and classifying the 
SC transactions in m clusters, which correspond to m 
time steps in Bayesian decision trees, the computa-
tional complexity of the exhaustive approach is O(mn). 
While using the optimized algorithm, the computa-
tional complexity is only O(mn). With the optimiza-
tion, the algorithm can be solved in finite time, and 
can be efficiently applied in reality.  

 
 

6  Validation and analysis 

 
By installing GPS receivers on flat-rate buses, 

we can collect the bus geospatial information and spot 
speed data in a real-time manner. 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 co-
ordinates and timestamp can be used to determine bus 
boarding and alighting location and time. First, the 
geographical features of bus stops and consecutive 
GPS records for each bus are joined using latitude and 
longitude coordinates. Then, by matching the pas-
senger 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 ‘ground truth’ data for comparison. 

In this section, the Markov chain based Bayesian 
decision tree algorithm is first validated using GPS 
data for two flat-rate based routes, and then a bus 
travel speed sensitivity analysis is conducted to in-
vestigate the impacts of the speed mean and standard 
deviation calculated from GPS data. 

6.1  Algorithm validation 

Two flat-rate based routes with buses equipped 
with GPS devices were selected (Fig. 3). The SC 
transaction data and GPS data were recorded on April 
7, 2010. Route 300 is a loop route with 30 stops. 
Thereby, the initial stop and terminus for Route 300 
are identical. There are totally 32 stops in Route 67 
for both inbound and outbound directions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The algorithm results are listed in Tables 2 and 3. 

There are a total of 12 187 SC transactions mapped 
with GPS data for Route 67, and 24 059 transactions 
for Route 300. The 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, the ‘percentage in results’ is equal to the 
number of records divided by the number of inferred 
transactions, and the ‘percentage in total transactions’ 
is calculated as the number of records divided by the 
number of total transactions. For Route 67, 94% 
passenger boarding stops were deducted by the algo-
rithm. There are 8055 recognized boarding stops 
whose absolute deviations to the true stop IDs are 
within three, accounting for approximately 70% of 
the total identified stops or 66% of the entire SC 
transactions. However, for Route 300, the algorithm 
result accuracy decreases slightly compared with that 
of Route 67. Out of the identified stops, 68% are 
within three stops from the ground truth, corre-
sponding to 65% of the entire SC transactions. The 
reduced accuracy is largely due to the loop route for 

Fig. 3  Map of Routes 67 and 300 in the Beijing transit 
network (the red line is Route 67 and the blue line is 
Route 300) 
References to color refer to the online version of this figure

Route 67
Route 300
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Route 300, whose buses start and end in the same 
place and bus drivers have only a very short layover 
time in the terminus. This makes it very difficult to 
detect the initial stop. A wrong root stop will impact 
the algorithm results consequently. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
To further illustrate the effectiveness of the 

proposed algorithm, the error distribution for each 
stop is spatially presented on a geographic informa-
tion system (GIS) map (Figs. 4a and 4b). For Route 
67, errors for most stops are evenly distributed at 
different levels; however, the last few stop errors 
suffer from a slight increase. This is because the er-
rors generated in previous stops are propagated to the 
last few stops and augmented. For Route 300, there 
are three missing stops (shown as exclamation marks 
on the GIS map) which cannot be detected by the 
proposed algorithm. Although the missing stops incur 
the erroneous identification of subsequent stops, the 
proposed algorithm is still able to limit the stop mis-
detection to within an acceptable range. The proposed 
algorithm generates a relatively high accuracy, and 
demonstrates its robust error tolerance capability.  

The results are quite encouraging even with in-
complete GIS information. In the Beijing transit net-
work, the errors within three stops are acceptable for 
transit planning level study, since these stops are af-
filiated mostly with the same traffic analysis zone 
(TAZ). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

6.2  Travel speed sensitivity analysis 

Recall that in computing the transition matrix, 
mean travel speed μ and standard deviation σ were 
calculated from GPS data. However, there are still 
many flat-rate routes without GPS devices. To un-
derstand how the algorithm result changes when  
the mean travel speed and standard deviation are  
 

Table 2  Results of the Markov chain Bayesian decision 
tree algorithm for Route 67 

Stop ID 
error 

Number of 
records 

Percentage 
in results 

Percentage in 
total transactions

<1   1529 13% 13% 

<2   3926 34% 33% 

<3   5882 51% 48% 

<4   8055 70% 66% 

≥4   3380 30% 28% 

Total 11 435 100% 94% 

Table 3  Results of the Markov chain Bayesian decision 
tree algorithm for Route 300 

Stop ID 
error 

Number 
of records 

Percentage 
in results 

Percentage in 
total transactions

<1   3035 14% 13% 

<2   7232 33% 30% 

<3 10 988 50% 48% 

<4 14 961 68% 65% 

≥4   6904 32% 28% 

Total 21 865 100% 93% 

Error_4 

Legend 

Error_3
Error_2
Error_1
Error_0 
Missing 
stop 

Fig. 4  Stop-level error distribution maps for Route 67 (a) 
and Route 300 (b) (numbers represent stop order) 

Error_4 

Legend

Error_3 
Error_2 
Error_1 
Error_0 

(a) 

(b) 
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inaccurate, a sensitivity analysis was carried out. 
Tables 4 and 5 show the results when mean travel 
speed and standard deviation change for Route 67, 
where Δσ is defined as the standard deviation change, 
and Δμ is defined as the mean change of speed. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Tables 4 and 5 show that the impacts of the travel 
speed standard deviation changes are less than those 
of the mean travel speed changes. However, the ac-
curacy of the algorithm is not highly sensitive to ei-
ther the travel speed standard deviation or the mean. 
This is not surprising, because in a normal distribu-
tion, mean and standard deviation influence only the 
shape of the probability density function. As long as 
we make a reasonable assumption for bus travel speed 
calculation, the algorithm results will not fluctuate 
significantly. Even if there are no available GPS data, 
we can still calculate the travel speed, either from 
other flat-fare routes with GPS devices or from dis-
tance-based fare routes, which share common stops 
with the ‘no-GPS’ flat-fare route. Alternatively, traffic 
detectors can be used to calculate the travel speed. 

7  Conclusions 
 
Different from most entry-only AFC systems in 

other countries, the Beijing AFC system does not 
record boarding location information when passen-
gers get on the buses and swipe their SCs. 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 probability density function of travel speed normal 
distribution is used to measure the randomness of 
passenger boarding stops, where its mean and variance 
are not sensitive to algorithm accuracy and thereby not 
dependent on other data sources. Moreover, we can 
use the time invariance of the Markov chain model to 
further reduce the computational complexity of the 
algorithm to linear load. The effectiveness of the op-
timized algorithm is proven using the SC transaction 
data from two routes. 

This algorithm can still be improved in many 
ways. For instance, the algorithm does not perform 
well when 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 in-
corporate more feature matrices; e.g., the closeness 
between each stop and the 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 start for mining transit passenger ODs from 
the SC transaction data for transit system planning 
and operations. The long-term research goal of this 
study is to establish a network-wide transit OD matrix 
for the Beijing transit performance measurement 
program, which can be used to estimate trip demand 
and optimize the bus schedule and route for policy 
makers and transit operators. This research contrib-
utes an effective statistical approach to extracting 
boarding information for the widely used entry- 
missing AFC system in China, which is feasible for 
implementation by practitioners. Furthermore, the 
algorithm sheds light on other unknown sequential 
pattern recognition problems in transportation, and 
can be generalized to other similar issues. 

Table 4  Results of the Markov chain Bayesian decision 
tree algorithm for Route 67 when the travel speed 
standard deviation (Δσ) changes  

Number of records Stop ID 
error Δσ=0 Δσ=3 Δσ=−3 Δσ=5 Δσ=−5

<1   1529   1555   1407   1498   1453

<2   3926   4025   3804   3960   3834

<3   5882   5837   5887   5824   5824

<4   8055   8234   8099   8114   7928

≥4   3380   3128   3432   3486   3389

Total 11 435 11 362 11 531 11 600 11 317

Table 5  Results of the Markov chain Bayesian decision 
tree algorithm for Route 67 when the mean travel 
speed (Δμ, in km/h) changes  

Number of records Stop ID 
error Δμ=0 Δμ=3 Δμ=−3 Δμ=5 Δμ=−5

<1   1529   1387   1423   1238   1302

<2   3926   3479   3653   3660   3503

<3   5882   5487   5622   5491   5294

<4   8055   7878   7967   7714   7334

≥4   3380   3611   3405   4272   4087

Total 11 435 11 489 11 372 11 986 11 421
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