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Estimation of Influence Distance of Bus Stops
Using Bus GPS Data and Bus Stop Properties
Ilgin Gokasar , Yigit Cetinel, and Mustafa Gokce Baydogan

Abstract— In congested cities where commuting time doubles
during peak hours, it is crucial to identify every network problem.
Here, it is aimed to analyze the traffic behavior of the buses
around the bus stops and to show the effects of the surrounding
network to speedup the pattern of buses using the trajectory
data of Global Positioning System (GPS)-equipped bus fleet.
As an indicator of speed differences near bus stops, influence
distance is suggested, wherein the speed of buses significantly
changes while approaching and leaving the bus stops. Speed
patterns of buses operating on 12 bus routes in Istanbul are
analyzed. The data include more than 5000 daily trajectory log
files and 25 million rows of location and time information during
April 2016. The influence distance, measured using the fused
lasso method, for the 438 bus stops varies from 36 to 174m,
with an average value of 98m. In the second part of this paper,
correlation of the influence distances of the bus stops with the
surrounding interruptions is investigated. A distance matrix of
surrounding interruptions to the nearest bus stop is generated.
This matrix is used as parameters of M5 Prime, random forest,
and extremely randomized trees models in order to predict the
influence distances. The models show that the passenger demand
plays a key role in the influence distances of the bus stops. It is
also found that the changes in the number of lanes and the
location of the traffic lights are quite effective on the influence
distances.
Index Terms— Data mining, decision trees, Global Positioning
System, intelligent transportation systems, public transport.

I. I NTRODUCTION

B

US stops have a significant impact on both the speed
of the buses and the flow of traffic. Dwelling time,
acceleration and deceleration behaviors of buses before and
after bus stops are all important factors that have an influence
on these matters. The distance between start and end points
of this behavior may vary according to various reasons.
In the literature, the studies are either focused on the
influence of bus stops itself or a single feature of them on the
traffic flow. Effects of bus stops on traffic flow are investigated
using simulations of bus stops on arterial roads [1] and urban
roads [2]. Moreover, delay caused by bus stops under moderate
to heavy traffic conditions [3] and, under heterogeneous traffic
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flow [4] are studied. Different roadway capacities for the on
and off-street bus stops are also analyzed [5].
Combined effect of signalized intersection and its nearby
bus stop are analyzed by checking the effect of the distance inbetween [6]. Statistical relationship is developed between average bus impact times when buses maneuver to pull into and out
of the bus bay and average bus arrival frequencies [7]. Also,
bus density and the arrival rate of passengers are important
factors contributing to probability of the traffic interruption
by a bus stop [8]. From the perspective of the passengers, it is
important for them to have access to reliable information so
that the public transportation systems become more attractive.
This is especially important for cities with highly variable
traffic. In India an algorithm was developed which successfully
captured this highly variable traffic condition and can be
applied to other cities with similar traffic conditions [9].
By also having an insight about the behavior of the passengers,
additional benefits can be obtained. In a study it was shown
that, by using Automatic Fare Collection (AFC) and Automatic
Vehicle Location (AVL) systems it is possible to predict the
bus usage of the users with high accuracy. The predictability
is influenced by spatial and temporal factors [10]. In addition
to the behavior of the buses and passengers, the impact of the
public transportation infrastructure to the rest of the traffic is
another crucial factor that has to be considered as well. The
Highway Capacity Manual [11] includes some discussion on
the influence of bus bay stops on capacity when buses pull into
and out of the stops. An extended optimal velocity of a traffic
flow model on two lanes including a bus stop and a bus deceleration area is proposed [12]. However, the distances where
buses start decelerating were not measured using real data.
In this study, an extent (range) of the effects of bus stops is
investigated. Influence of a bus stop to traffic flow starts before
the bus stop, ends after. The influence distance lies between
the point where a bus starts to decelerate while arriving at a
bus stop, and the point where it starts to recover its speed after
departing from the bus stop. Analyzing speed patterns of buses
can be beneficial for better understanding the influence of bus
stops. As shown in Fig. 1, a bus starts to slow down when it
enters into yellow road section and returns to normal speed
when it leaves from the yellow section. Red color indicates
that the slowest speed of buses occurs on this region, green
color indicates normal speed. Ranges of these slow and normal
speed sections can be calculated from bus speed patterns.
This study focuses on the analysis of GPS data of buses to
measure the range of influence of a bus stop and investigate
the parameters affecting this distance.
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Fig. 1.
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Illustration of influence distances of two bus stops.

Measuring influence distance is helpful in terms of identifying the bus stops requiring special attention. This is important
information for classifying bus stops and detecting any potential problems at any bus stop such as faulty bay geometry or
misplacement of bus stops on critical areas. Combining this
information with the other characteristic components for evaluating the performance of the bus stop and classifying them,
such as dwell time, bus punctuality and so on, will provide a
different perspective for this matter. Assessing and measuring
the parameters affecting influence distance of bus stops can
benefit public transportation planners and policy makers while
making design decisions on public transportation.
In this research, the following contributions were aimed:
1) a brief methodology for measuring deceleration and
acceleration distances (influence distance) from bus GPS
data,
2) a methodology of generating a bus stop attributes matrix
from online mapping service and street views,
3) a prediction of influence distances of various bus stops
with the bus stop attributes using M5Prime, Random
Forest and Extremely Randomized Trees models.
II. T HEORY
In the first part of this study, speed patterns extracted from
bus GPS data are analyzed. In order to measure deceleration
and acceleration distances (influence distance), changes in the
speed patterns need to be observed. In other words, a change
point detection algorithm needs to be applied on the speed
patterns. One of the best algorithms, which work well on
change point detection, is Fused Lasso Signal Approximator
(FLSA) [13]. The fused lasso is a method for spatial or
temporal data structure to extract data patterns separated with
points where there are significant changes in data. The loss
function for FLSA is provided in Equation 1:

MIN
β

1
(x i − βi )2
2

subj ect to

N

i=1
N

i=1



|βi | ≤ s1 and

N


|βi − βi−1 | ≤ s2

i=2

(1)
where x, a 1-dimensional data, is the coordinates of x corresponding to successive positions (nodes). The first constraint
encourages sparsity in the coefficients where the second constraint penalizes the absolute differences in adjacent coordinates of β, and is also known as the 1-d fused lasso [14]. This
gives a piecewise constant fit. s1 and s2 are the parameters of
FLSA and they are determined based on cross-validation [15].
Fig. 2 shows an example of the 1-d fused lasso applied to

Fig. 2. Fused lasso signal approximator (FLSA) applied to the speed of a
sample bus GPS data.

Fig. 3.

An example M5 model tree for bus stop attributes data.

the speed distribution of a sample bus GPS data. The red
line represents the 1-d fused lasso result which is the flatten
speed distribution. The similar value-trends are grouped with
the same flatten value separated at the significant changes.
After measuring influence distance of bus stops,
investigating relationships between influence distances
and bus stop attributes, is a regression problem. Since many
real-life systems exhibits nonlinear behavior, the relationship
between influences distances and bus stop attributes cannot
be explained with linear regression approaches. Therefore,
alternative nonlinear regression approaches from machine
learning domain are considered as candidate methods to
model the relationships. In this context, tree-based learners
are selected because of their known success in the regression
setting [16]. Tree-based learners recursively partition the
dataset into homogeneous groups that follow a similar
relation. Partitioning is performed based on test conditions
on the attributes. Fig. 3 illustrates a simple tree structure and
corresponding rules.
Firstly, M5 model trees [17] are introduced as a nonlinear
extension of linear regression. Until the algorithm reaches
end for a given instance, the model tree is traversed from
top to bottom, from a group of all instance (root node) to
smaller groups (leaf nodes). At each step, a decision is made
based on a test condition for a feature assigned to that group.
At each leaf node, a linear regression model is assigned of the
following form;
Ŷk = bk0 + bki X ki ,

(2)

where Ŷk is the dependent variable of the kth regression model
in a M5 model tree, and X ki is the ith independent variable
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of the kth regression model. In the kth model tree, bk0 is the
offset term, bki is the ith regression coefficient.
The fact that each leaf node containing a linear regression
model for obtaining an estimation output is the reason why
this tree is being called a model tree. When the M5 algorithm
is applied on the bus stops example, a model tree with the
form shown in Fig. 3 will be generated. This sample model is
split by three condition; those are passenger demand, number
of lanes and distance to intersection. Then, four linear models
are fitted for each created leaf.
The M5P or M5Prime algorithm is an improvement of
M5 model with some additions. As the trees can become too
much complex, M5P introduces pruning of the tree leaves in
order to make it simpler without the loss of base functionality.
M5P method suffers from greedy nature of decision trees [18].
To avoid potential problems of learning a single decision tree
model, tree-based ensembles are introduced. Random Forest
algorithm is an ensemble method that performs better than
individual decision trees. Random Forest can be used for
both classification and regression. In Random Forest, multiple
decision trees are grown independently and can be grown in
parallel. Each tree is built using all the training samples that
are sampled with replacement. This is also known as bagging
(i.e. bootstrap aggregating). In training process, nodes can only
access randomly chosen features as a feature subset. At each
node, a decision feature is selected from the feature subset,
which best splits the data set. None of the trees is pruned,
in other words, all trees are fully grown. In testing process of
regression, average values of each tree are used for predictions
of the final model.
ExtraTrees (Extremely randomized trees) is a variation of
randomized ensemble of trees [19]. The method suggests that
splits are selected completely at random for both predictor
variable and its cut-points. This strategy is shown to improve
the prediction accuracy.

Fig. 4.
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Flowchart of methodology.

III. M ETHODOLOGY
The influence distance of a bus stop is the distance between
the start and end points of the zone where the road traffic
nearby is adversely affected by the buses. These negative
impact areas are determined by examining the declines in the
speed patterns of buses with GPS location information. In this
study, the purpose is to measure the distance starting from the
point where speed decreases to the point where speed increases
dramatically around bus stops.
The proposed methodology of influence distance calculation
consists of two parts. Data preprocessing with map matching
using bus GPS data, and measurement of influence distances
with change point detection are indicated at the flowchart in
Fig 4.
Firstly, nodes are created along the bus route using a map
matching methodology. Bus speed measurements are matched
to created nodes. Average speeds of buses are calculated for
each node and for every 15-minute interval. Aggregated values
of an example route are shown in Fig. 5 (a).
In this example route, the average speeds decrease around
nodes number 10, 125, 350 and 425. Locations of the bus

Fig. 5. (a) Space time speeds and location of bus stops as vertical blue lines.
(b) Space time speeds after fixed with interpolation.

stops are drawn as vertical blue lines. Because of the intervals
of the measurements are too small, there are some spaces
seen as white squares, namely missing data. Missing data are
interpolated and the final version is shown in Fig. 5 (b).
Red areas in the figures represent slow areas, and slow areas
near vertical blue lines are influence distances of bus stops.
The vertical red patterns on space-time speeds graph show that
the influence distances are not time dependent, although there
are some irregularities in morning and evening peaks.
The next step is to measure the width of these influence
distances for each bus stop. For example, an off-peak hour of
data is selected, and it is filtered with one dimensional generalized fused lasso method, shown in Fig. 6. A trend-filtering
model is chosen by performing k-fold cross-validation.
After filtering the speed data, the flatten data are split at
the points where speed data has a dramatic change. The split
points before the bus stop location are represented with vertical
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Fig. 6. Off-peak average speed distribution along the selected route filtered
with one-dimensional generalized fused lasso method.

Fig. 8.

Analyzed Bus Routes on Map.
TABLE I

D ISTRIBUTION OF B US S TOPS A CCORDING TO THE N UMBER OF L ANES

Fig. 7. The split points where speed data has a dramatic change before
(vertical dashed blue line) and after (vertical dashed red line) the bus stop
location.

dashed red line, and the points after the bus stop locations are
with vertical dashed blue line. The process of the example
route is shown in IV with bus stop order numbers. Then,
the differences between points represented with red and blue
lines are calculated and assigned to the near bus stops as the
influence distance.
IV. A NALYSIS & R ESULTS
Matrix of bus stop attributes of 12 bus lines in Istanbul
selected for the most variety are prepared with the help of
online street view services. The selected bus routes are shown
on map in Fig. 8. 14 parameters are used for each bus stop:
First two of them are number of lanes where the bus stops
locate and whether pockets of the bus stops exist. Other information is related interruptions to the network around the bus
stops and how far these interruptions are from the bus stops.
These interruptions are drops in the number of lanes, increase
of the number of lanes, traffic light, crossroad, roundabout,
and significant entry. These are separately recorded whether
they are before or after the bus stops.
Along these lines, there are 451 different bus stops. After
eliminating terminal stops, the data set is prepared for 438 bus
stops. 15 characteristic information of each bus stop is
recorded. These are number of lanes where the bus stop

locates, whether the bus stop has a pocket, passenger demand
on the bus stop and before and after distances from the bus
stop to the nearest drops in the number of lanes and increase
of the number of lanes, traffic light, crossroad, roundabout,
and entrances.
Firstly, the bus stop pockets are analyzed. 217 of the
bus stops (49.54%) do not have any separated pocket; the
remaining (221) (50.46%) has a pocket. Majority of the bus
stops are located near roads having two or less lanes (73.97%).
The distribution of bus stops according to number of lanes is
shown in Table I.
The bus stops with and without pockets are equally distributed on one-lane roads. Almost 60 percent of the bus stops
do not have a pocket on 2-lane roads. On the other hand, the
percentage is reversed on 3-lane roads, 65 percent of bus stops
have a pocket. For 4-lane roads, this percentage is increased to
87 percent. The relationships of number of lanes and pocket
of bus stops are shown in Fig. 9.
The passenger demands of the bus stops are determined
using the data of transportation smart card (İstanbulkart),
which is used to board the buses. Monthly data of the selected
bus routes are aggregated to determine monthly passenger
demand for each bus stop. Demands of the bus stops in
Besiktas area are shown on map in Fig. 10.
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Fig. 9. The relationship of the number of lanes and pocket of the bus stops.

Fig. 12.
Interruptions before and after the bus stops: (a) traffic lights,
(b) crossings, (c) drops in the number of lanes, (d) increase of the number of
lanes, (e) roundabouts, and (f) significant entries.

Fig. 10.

Demands of the bus stops in Besiktas district.

Fig. 11.

Boxplots of monthly passenger demand vs. the number of lanes.

Passenger demands of the bus stops are affected by the area
properties around the bus stops. The demands are higher on
the terminal stops, and the bus stops near arterial streets and
dense residential and commercial areas. Touristic places like
near Bosphorus and Historical Peninsula have more public
transportation demand.
Average demand of the selected bus stops is 347 people
per bus stops, maximum value of 2105 people. Boxplots of
the passenger demands separated with number of lanes are
shown in Fig. 11. Most of the data set is between the ranges
of 100-500 people although there are outliers reaching above
1000 people.
Although there is no direct relationship between the
passenger demands and the number of lanes, one and three
lane roads have slightly more demand. Demand increases
around three-lane roads can be due to the fact that most
of the road between commuting areas are upgraded to have

three-lane roads due to high congestion. On the other hand,
the old structure of historical areas prevents roads to develop,
despite its touristic demand.
Fourthly, the interruptions before and after the bus stops
are separately investigated. Distances from the interruptions
to the bus stops are recorded. For the purpose of increasing
prediction accuracy, the records are separated into 3 groups;
0-75 meters, 75-150 meters, and 150-225 meters. Numbers of
each interruption in the groups are shown in Fig. 12. Before
the bus stops are represented with negative values on the left
sides of the charts.
The new dataset is called as “Grouped Dataset”, the other
is called as “Normal Dataset”. Three variables for each interruption (and for before and after cases) are added into the
dataset. This dataset is named “binary”. After changing the
variables of interruptions, the number of variables indicating
the interruptions increased from 12 to 36, and the total number
of variables increases 16 to 40.
GPS measurements of buses are used to calculate the speed
distribution of along the bus routes. The speed distribution
of buses is dropped around the bus stops due to waiting
passengers. Although the speed of buses decreases near each
bus stop, the effect varies. The drop causes a sink like pattern
on the speed distribution.
The speed values start decreasing at a point near and before
the bus stops. After passing the bus stop, the values are
increasing until a point. The starting point where the pattern
starts decreasing and the ending point where the pattern ends
increasing are the important points of bus stops. Using these
points, the influence of the bus stops can be demonstrated.
The starting and ending point for each bus stop are determined using Fused Lasso method. The distance between
these points are calculated and named as “Influence Distance” of bus stops. The process details are explained in the
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Histogram of influence distances of bus stops.
Fig. 15.

Influence distance with demand counts on logarithmic scale.

TABLE II
T OP 10 VARIABLE I MPORTANCE M EASURES OF M5P M ODELS

Fig. 14. Boxplots of influence distance of bus stops grouped by (a) number
of lanes and (b) pocket.

methodology chapter. After calculating influence distances, the
histogram of the influence distances of the bus stops is shown
in Fig. 13.
Beside bus stops effect on the speed distribution of buses,
other parameters may affect influence distance of bus stops.
Firstly, the relationship between influence distances and number of lanes of the road is investigated, in addition to pocket
existence. For each number of lanes and whether it has
pocket, a boxplot of influence distance is drawn, in Fig. 14.
Median values and third quantile values of influence distance
have a positive correlation with number of lanes. In order to
ascertain whether this influence distance is applicable and the
calculation results are reasonable, it was asked to the drivers
of the selected bus lines. The responses were generally within
the determined range.
This relationship can be explained with speed increase in
multilane roads that causes buses to start slowing down earlier.
Another explanation could be related with lane changing
behavior of drivers. In right-hand traffic, bus stops are usually
at the right side of the road. It results in lane changes to reach
the bus stops if the vehicle is not at the right lane. The bus
can slow down earlier if it needs to change more lanes.
As a next step, the relationship between public transportation demand and influence distance is investigated. There can
be seen a slightly bolded area when the demand values are
plotted on logarithmic scale with influence distance values
on x scale, in Fig. 15. Although a simple linear distribution
fitted on data points, it cannot be said that it is a good model;
it has low adjusted r-squared value (3.5%). However, it can

be claimed that there is an increasing trend on the influence
distances with the demand counts.
A. M5p Model Results
The data set of bus stops has lots of missing values for
those variables mentioned in previous paragraph. Additionally,
the other observed relationships do not seem linear. For these
reasons, tree-based models can be claimed to work better than
linear models. Firstly, M5P model, which fits linear models
on data split with decision tree, is performed on the datasets
(normal and grouped as indicated in Fig. 12). The model is
applied 5 times repeated 10-fold cross-validation to prevent
algorithm from over-fitting.
R-squared value of the model with the normal dataset is
0.39, with the grouped dataset, it is 0.45. If MP5 model is
fit using pruning, r-squared values decrease to 0.16 and 0.22.
Root mean squared error of the best MP5 model is 22.61. It
cannot be claimed as a good model either, although it has better values than a linear model would have. Variable importance
measures of two M5P models are shown in Table II.
The most important variable is the variable of passenger
counts (Count). After that, lane related variables take place.
Existence of a pocket also plays role in the MP5 models.
Although increase in lane number has high importance, it can
be claimed that interruptions such as change in lane number,
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TABLE IV

T OP 10 VARIABLE I MPORTANCE M EASURES OF
T WO R ANDOM F OREST M ODELS

T OP 10 VARIABLE I MPORTANCE M EASURES OF
T WO E XTRA T REES M ODELS

traffic light and roundabout influence more if they are before
a bus stop.
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TABLE V
M ODEL S UMMARIES

B. Random Forest Model Results
As a next method, random forest is applied on the datasets
of the bus stop attributes to predict the influence distances.
Random forest algorithm is applied on these two datasets. The
model is applied 5 time repeated 10-fold cross-validation to
prevent algorithm from overfitting. “mtry” parameter, which is
number of variables randomly sampled as candidates at each
split, is tried to optimized.
One of the best values of Random forest algorithm has
the lowest RMSE value as 18.47 meter and r-squared values as 61.81% from ‘grouped’ dataset with mtry value as
33 variables. Another good value from ‘normal’ dataset has
the highest r-squared value as 61.83% with RMSE value as
20.16 meter. Variable importance measures of two random forest models optimized with these values are shown in Table III.
The most important variable is passenger counts as well.
After that, street entrance and major road crossing after a bus
stop, number of lanes and traffic light before a bus stop take
place. Existence of a pocket also plays role in the random
forest models.
C. Extremely Randomized Trees Model Results
ExtraTrees algorithm is applied on these two datasets. The
model is applied 5 times repeated 10-fold cross-validation
to prevent algorithm from overfitting. “mtry” and “numRandomCuts” parameters are optimized. “numRandomCuts” represents the number of random cuts for each randomly chosen
feature.
Both of the best values of ExtraTrees algorithm is from
‘binary’ dataset. It has the lowest RMSE value as 16.38 meter
and r-squared values as 68.71% from ‘binary’ dataset with
“mtry” value as 14 variables and 5 random cuts. Variable
importance measures of two extratrees models optimized with
these values are shown in Table IV.
The most important variable is the variable of passenger
counts as well. To sum up all models, ensemble-based methods
perform better than M5P method. The Random Forest model

decreases RMSE by 17.34%, and the Extremely Randomized
Trees model by 27.55%, shown in Table V. Although M5P
model is seen as the worst model among the ones been tried,
it shows that mixture of linear models and tree-based models
can perform better than those themselves.
V. C ONCLUSION
In this paper, it is suggested to analyze bus trajectory data
to investigate the possible problems that buses are frequently
encountered along their routes. 12 distinct bus routes are
selected, and daily GPS data of more than 5000 bus vehicles operating on the selected bus routes in April 2016 are
processed to be used in several analyses.
The dataset is created for each bus stop along the selected
routes. The dataset consists of the surrounding network
attributes of the bus stops. It is created using street views of
the bus stops and transportation smart card (Istanbulkart) data.
Transportation smart card data provides the passenger boarding counts on the bus stops, which lead to the passenger public
transportation demands. In street views, the number of lanes,
the pocket existence and the distances to the interruptions
(e.g., traffic lights or change in number of lanes) are recorded.
The speed distributions of buses are used to determine the
effects of each bus stop. The starting and ending points of
the decreased speed values around the bus stops are found
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using Fused Lasso method. The distance between the points
for each bus stop named as the influence distance. In the bus
stops where buses start to slow down earlier, the influence
distance values get higher. The influence distances for all the
bus stops are calculated at peak and off-peak hours.
Three models are formed to statistically model the influence
distances of all bus stops of the selected bus routes. First
model is chosen as M5P, which implements regression models
on leaves of the created decision tree. After that, the random
forest and extremely random trees models are used in order
to predict the influence distance values by only using the data
matrix of the bus stop attributes.
The data matrix is preprocessed into four different data
matrices in order to overcome missing value problems.
On these models, the binary data representation has less
root mean square error than pseudo high number for missing
values. If a dataset includes continuous values, which can be
missing for some data rows; for example, there is no traffic
lights near every bus stop, the class binary representation for
continuous values is more suitable.
This study shows that using network attributes near a bus
stop or possible position of a bus stop, the influence distances
of buses slowing down and speeding up around bus stops can
be calculated. It could show the intensity of the possible effects
of buses to current traffic network around the bus stops.
This study is limited with 12 bus lines and 450 bus stops
along the selected bus lines, which constitutes only 10%
of total bus stops in Istanbul. Further effects can be found
when number of investigated bus lines is increased. Another
point is that the data is obtained for April 2016. It cannot be
worked on any seasonal effects or any interesting feature is
specific to April.
For future studies, the data size could be increased so that it
makes possible to split and keep another test dataset in order
to compare different models on it. The number of factors in
the data matrix could also include the traffic parameters (e.g.,
traffic flow, speed, and occupancy) near bus stops to investigate
different effects. The sensitivity of distance of interruptions to
the bus stops could be analyzed.
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