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Abstract. Taxi GPS traces are rich with information regarding the
human mobility pattern in metropolitans. In this paper, we aimed at fully
exploiting the Taxi GPS traces and addressing the bus network planning
problem. Specifically, the proposed framework comprises a method for
determining candidate bus stations by utilizing passenger pick-up and
drop-off records, a bio-inspired method for yielding bus routes and fur-
ther for generating the final bus network. To prove the effectiveness of our
framework, we conduct simulative studies as well based on a real-world
taxi GPS data-set and show that our proposed framework considerably
outperforms traditional ones.

Keywords: Taxi GPS traces · Bus routes planning · Bus network
planning

1 Introduction

Buses are usually believed to be more energy-efficient, in terms of energy con-
sumed per mile and per person, and less resource requiring than private cars
when serving crowded city areas [11]. Nowadays, with the increasing demand for
highly-efficient and green public transportation for metropolitan citizens, cost-
effective and environment-friendly bus networks shows its great importance in
serving versatile transportation demands [15,39].
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Traditional method for bus network planning and design are usually based
on human surveys [2], which requires high cost and manpower but proved to
be inaccurate. Moreover, survey-based planning is incapable of accommodat-
ing the fast changes and modifications of the metropolitan networks, especially
when metropolitan roads are under continuing construction and optimization.
Nowadays, with the wide application of wireless communication technology, taxis
are usually equipped with GPS devices [16,20,40,42]. Taxi GPS traces are rich
with time and spatial information that can be exploited. Such traces comprise
time/positions of pick-up and drop-off events, which can be further used for
analyzing the emergence patterns of “hot” areas and predicting real-time trans-
portation needs.

In this paper, we propose a novel approach to planning bus routes and net-
works by exploiting taxi GPS traces. The propose method is capable of iden-
tifying candidate bus stops base on historical taxi passenger pick-up/drop-off
distributions, appropriately manage “hot” areas for serving as-many-as-possible
passengers and yielding bus networks with maximum passenger flows with the
constraint of available candidate stops and serving time. We conduct extensive
simulations as well to verify the effectiveness of the proposed approach.

2 Related Work

Existing works in the direction of exploiting automobile traces fall into multiple
categories: social dynamics computing, traffic dynamics mining and operational
dynamics computing [5,32,35]. The first category relies itself on analysis of col-
lective behavior and movement of a city’s population. Related works aim at
analyzing the destination places of citizens [19,23], or the distribution patterns
of “hot” spots [6,28], or the functions of “hot” spots [24,30]. The second cate-
gory studies the flow of the population through the city’s road network and aims
at forecasting traffic flows and travelling durations for drivers [4,21,25,41]. The
third category concerns taxi driver’s behavior and aims at learning taxi drivers’
expert knowledge [7,26,27,29,38].

Bus network planning can be seem as a extended topic of the trace min-
ing ones [1,36,37,44]. It is known as a complex, nonlinear, non-convex, multi-
objective NP-hard problem [3,22,34]. Related research objectives comprises
planning and optimization of travelling route, travelling durations, travelling
cost and throughput of road networks [17,18,43]. Among them, [9] aims to find
an optimal bus route for a given origin-destination (OD) pair in a single direc-
tion. Similarly, [8] aims to find a bi-directional travelling route for a specified
OD pair.

3 Main Steps

3.1 Candidate Bus Stop Identification

The first major stage of our proposed method is to decide candidate bus stops
through analyzing the taxi PDRs (taxi passenger pick-up and drop-off spots
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and times). It comprises two steps: (1) Dividing the bus serving area into small
equally-sized grid cells and marking “hot” ones for further processing (A hot
grid cell refers to the grid with PDRs greater than zero); (2) Selecting candidate
bus stops according to the Algorithm 1.

Hot Grid Cells. We first split the area under study into equally-sized grid cells,
each of which covers a 25 m × 25 m square. Thus, the whole area is partitioned
into 1500 × 1800 cells. Note that only reachable cells, excluding unreachable
ones in terms of, e.g., lakes and mountains, are with PDR and are thus ‘hot’
ones. Figure 1 is a sample for hot grid cells.

Fig. 1. A sample for hot grid cells.

Selection of Candidate Bus Stops. Traditional methods for deciding can-
didate stops are performed through clustering PDRs. However, such methods
could lead to inappropriate setting of bus stops especially when some clusters
are too large for a single stop to cover. To overcome related limitations, we con-
sider an improved strategy, as shown in Algorithm 1 for deciding candidate bus
stations:

(1) Taking each “hot” grid cell as the center and a certain distance as the radius
to count the PDRs within the range. The above-mentioned distance refers to
the service radius of a bus stop, and the service radius must be set properly
because it affects the walking distance to the bus stop. According to the
“Urban Road Traffic Planning and Design Code” [31], the service radius of
the bus stop in this paper is set to 300 m.

(2) Sorting the “hot” grid cells in descending order according to pdrs value (It
refers to the number of PDRs within 300 m of each “hot” grid.) and select
the grid with the largest pdrs value as the first candidate stop. Obviously,



A Novel Approach to Taxi-GPS-Trace-Aware Bus Network Planning 523

Algorithm 1: Candidate Stops Selection
Input : The collection of “hot” grid: G
Output: The collection of candidate stops: S
i = 1 // Initialization
for each grid ∈ G do

counting the number of PDRs within 300m of this grid: pdrs
end
repeat

G = sort(G) // sort G according to pdrs by descending order
Si = G1 // select the grid with the largest pdrs as candidate stop
Deleting the PDRs within 300 m of the G1

for each grid ∈ G do
update the pdrs of grid

end
i = i + 1

until Get enough candidate sites;

the larger the pdrs value is, the more potential passengers there are around
the grid.

(3) Deleting the PDRs within 300 m of the first candidate stop and update the
pdrs of the remaining “hot” grid cells. This step is mainly to eliminate the
impact of the selected candidate sites, because if there are candidate stops
around a “hot” grid, the number of potential passengers around the grid will
be reduced.

(4) Sorting the remaining “hot” grid cells in descending order according to pdrs
value, and repeat the above process.

3.2 Bus Network Generation

Taking the bus stations generated above as inputs, the following stage aims at
planning bus networks with 2 steps: (1) Estimating the user flow and trip time
with any two candidate stops according to trace data. (2) Applying an ant colony
algorithm for yielding bus routes and further generating bus networks.

Passenger Flow and Travel Time Evaluation. We employ two matrix, i.e.,
flow matrix (FM) and travelling time matrix (TM), for capturing travel demand
and related time requirement. Every element in the matrix indicates the number
of passengers or the required travelling time from one station to another.

In the FM matrix, we count the total passenger flow from the coverage of
one stop to that of another. We further calculate the average taxi time between
two candidate stops. In addition, in consideration of the speed gap between taxis
and buses, we consider the bus travel time between two candidate stops to be
the average taxi time multiplied by α (α = 1.5). For the paths without taxi trip
records, we consider using dis(i, j)/v as an approximation. dis(i, j) is the driving
distance between station i and station j, and v is 25 km/h due to the fact that
the average speed of taxis is about 25.4 km/h according to taxi GPS traces.
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Bus Route Generation. Ant colony algorithm is a general-purpose heuristic
algorithm which can be used to solve different combinatorial optimization prob-
lems [10,12,13,33]. As illustrated in Algorithm 2, we use ant colony algorithm
with elitist strategy for selecting bus routes. This algorithm takes the following
intermediate variables as inputs:

(1) Visibility. We define the visibility ηij as passenger flow between station i and
station j. fm(i, j) refers to the passenger flow from station i to station j

ηij = fm(i, j) + fm(j, i) (1)

(2) Pheromone update. We update the pheromone τij from station i to station
j according to the following formula. ρ is pheromone evaporation coefficient,
Δτij the pheromone increment, m the number of ants, k the k-th ant and Q
the pheromone constant.

τij(t + 1) = (1 − ρ) · τij(t) + Δτij (2)

Δτij =
m∑

k=1

Δτk
ij (3)

Δτk
ij =

{
Q · Num, if the k-th ant passes edge(i, j)
0, otherwise

(4)

(3) Passenger flow. Num represents the passenger flow in both directions of
the route. For route R = [s1, s2, ...sn], Num is determined according to the
following formula:

Num =
n∑

i;j(j>i)

(fm(si, sj) + fm(sj , si)) (5)

(4) Transition probability. Ants randomly select the next stop according to a
selection probability affected by visibility and pheromone. We use allowed
to represent the set of optional next stations and define the transition prob-
ability from station i to station j for the k-th ant as:

pk
ij =

[τij ]α · [ηij ]β∑
k∈allowed[τik]α · [ηik]β

, if j ∈ allowed (6)

(5) Time of current route. T is the total time of the current route in both
directions. If T satisfies the time constraint, the corresponding ant continues
to search for the next station, otherwise, it stops searching. For current route
R = [s1, s2, ...sn], we calculate the T according to the following formula. t0
is the waiting time of the bus at each stop:

T =
n−1∑

i=1

(tm(si, si+1) + tm(si+1, si)) + (n − 2) · t0 · 2 (7)
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Algorithm 2: Bus Route Selection
Input : FM : Passenger flow matrix

TM : Travel time matrix
itermax: Maximum number of iterations
Tmax: Time constraints

Output: Route

Initialize the parameters of ant colony algorithm.
Initialize the position of the ants.
count = 0 // Initialize the number of iterations.
while count < itermax do

for each ant do
repeat

Choose the next stop j according to Eq. 6.
Calculate the total time T according to Eq. 7.

until T > Tmax;
Calculate the passenger flow of the route according to Eq. 5.
Update the best route.

end
for each edge(i, j) do

Update pheromone according to Eq. 2–Eq. 4.
end
count = count + 1

end

Algorithm 3: Bus Network Planning
Input : FM : Passenger flow matrix

TM : Travel time matrix
Nummin: Minimum passenger flow

Output: The collection of routes {R1, R2...Rn}
k = 1 // Initialization
repeat

Run Bus Route Selection Algorithm, and we get Rk.
//Rk is a route generated by Algorithm 2.
Calculate Num (the passenger flow of the route Rk) according to Eq. 5.
for i in Rk do

for j in Rk do
fm(i, j) = 0 //fm(i, j) is the passenger flow from stop i to stop j.

end

end
k = k + 1

until Num <Nummin;
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Bus Network Generation. Algorithm 3 shows the process of bus network
generation. It first generates one single bus route using the Bus Route Selection
algorithm and then updates passenger flow matrix (FM). For example, we firstly
get a route Rk by Algorithm 2. Then, we assume that the passenger flow between
the stations of route Rk becomes zero. Finally, we update FM and get a new
route based on the new FM.

4 Simulations

In this part, we test our proposed approach with a third-party and real-world
taxi GPS data-set. The data-set was generated from taxis in New York City
for one week and comprises more than 3.4 million passenger delivering trips
formatted as follows:

– Trip Pickup Datetime : passenger boarding time
– Trip Dropoff Datetime : passenger drop-off time
– Start Lon : longitude of the place where passengers get on
– Start Lat : latitude of the place where passengers get on
– End Lat : longitude of the place where passengers get off
– End Lat : latitude of the place where passengers get off
– Trip Distance : total travel distance

Fig. 2. A sample for data set.

Based on the data-set, we further:

(1) Delete duplicate data and unreasonable data, e.g., the Trip Distance with
values of 0.

(2) Delete invalid data, for example, the place where passengers get on/off the
taxi is not in the New York.

(3) Project the longitude and latitude coordinates into plane coordinates accord-
ing to the UTM (Universal transverse Mercator) projection. It divides the
earth’s surface into 60 projection zones and New York is located in No.18
projection zone. Since New York is located in the northern hemisphere, the
FalseEasting is set to 500 km and FalseNorthing is 0.
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We generate 200 stations based on Algorithm 1 and Fig. 3 shows the number
of PDRs within the 300 m of these stations. It can be seen from Fig. 3 that the
stations ahead contain more PDRs. This indicates that there are more potential
passengers at the stations ahead. Among them, the station No.0 contains 43825
PDRs, while the station No.199 only contains 1019 PDRs.

Fig. 3. The number of PDRs within the 300 m of each station.

As shown in the Fig. 4, the PDRs covered by the top 80 stations accounts
for 74.29% of the total PDRs, and the PDRs covered by the top 100 stations
accounts for 80.12% of the total PDRs. Therefore, we decide to select the top
100 stations as candidate stations.

Fig. 4. Proportion of the PDRs covered by top n stops.

In order to compare our method with the baseline methods [8,14], we propose
two strategies to evaluate the rationality of candidate sites:
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(1) We compare the number of PDRs covered by the same number of candidate
sites. Obviously, with the same number of candidate stations, the more PDRs
the candidate stations contain, the more potential passengers there are.

(2) We compare the effective areas covered by the same number of candidate
sites. The effective area refers to the regions with taxi passengers pick-
up/drop-off records. In this paper, we use the number of “hot” grids mul-
tiplied by the area of the grid to approximately represent the size of the
effective area. Similarly, when the number of candidate stations is the same,
the candidate stations with more effective areas are better.

(a) Comparison of PDRs

(b) Comparison of effective area

Fig. 5. Comparison of candidate stops selection methods.

Figure 5 shows the comparison results between our method and baseline
methods [8,14], when the number of candidate site is set to 10, 20... 200 respec-
tively. As illustrated in Fig. 5, in the case of the same number of candidate sites,



A Novel Approach to Taxi-GPS-Trace-Aware Bus Network Planning 529

the candidate sites determined by our method can cover more PDRs, which
means more potential passengers. Similarly, the candidate sites determined by
our method can contain more effective areas, indicating that the stations are
more reasonable. Therefore, our method is superior to the baseline methods in
many aspects.

In the stage of bus route selection, the methods in [8,9] generate an optimal
route for a specified origin-destination (OD) pair. However, our method does not
need to specify the origin-destination pair in advance, and can generate a global
optimal route.

Parameter-setting of the Bus Route Selection algorithm is shown in Table 1
and the bus network generated in the experiment is shown in Table 2.

Table 1. Experimental parameters

Parameter Description Value

stop num The number of candidate stops 100

ant num The number of ants 500

α Pheromone weight value 1

β Visibility weight value 1.5

ρ Pheromone evaporation rate 0.5

Q Pheromone constant 1

e The number of elite ants 10

t Time constraints 7200 s

Table 2. Bus network

Path Bus frequency Bus type Passenger flow

1 [15, 10, 2, 6, 0, 4, 11, 8] 20 min Medium-sized 18652

2 [1, 0, 18, 5, 7, 9, 11, 13] 20 min Medium-sized 15271

3 [12, 3, 17, 27, 7, 22, 16, 5] 20 min Medium-sized 12702

4 [23, 20, 4, 13, 24, 8, 28, 25, 21] 20 min Medium-sized 12308

5 [44, 25, 40, 8, 29, 4, 14, 0, 19] 20 min Small-sized 9598

6 [30, 6, 33, 1, 34, 26, 5, 14] 20 min Small-sized 8762

7 [35, 12, 9, 26, 0, 24, 11, 17] 20 min Small-sized 7806

Next, according to the number of users on the bus at each stop in both
directions, we determine the operation frequency and bus capacity for each route
in Table 2. For example, for path: [15, 10, 2, 6, 0, 4, 11, 8], Fig. 6 illustrates
the number of citizens on the bus at each stop, when bus operation frequency
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is respectively set to 10 min, 20 min, 30 min. Considering the waiting time of
passengers, the cost of public transportation system and the capacity of buses,
for this path, we set the bus operation frequency to 20 min and choose the
medium-sized bus for transportation.

(a) Station 15 to station 8

(b) Station 8 to station 15

Fig. 6. The number of passengers on the bus at each stop.

Finally, we compare Bus Route Selection algorithm with the baseline methods
[8,9]. As illustrated in Fig. 7, our method achieves higher passenger flow, i.e., the
maximum number of passengers being served, than the baseline methods [8,9]
at varying time constraints.
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Fig. 7. Comparison of bus route selection methods.

5 Conclusion

In this paper, we propose a novel framework for generating bus routes and net-
works through exploiting the taxi GPS traces. The proposed framework com-
prises a method for determining candidate bus stations according to taxi pas-
senger pick-up and drop-off records and a bio-inspired method for yielding bus
routes and networks with adaptive strategies for deciding bus frequency and
capacity. With a real-world data set of 3.4 million passenger delivery trips, we
conduct simulations and show that our proposed framework clearly outperform
baseline methods in terms of the number of people served.
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