Online Predictive Model for Taxi Services
Luís Moreira-Matias1,2, João Gama2,3, Michel Ferreira4,5, João Mendes-Moreira1,2,
and Luís Damas5
1
Departamento de Engenharia Informática, Faculdade de Engenharia,
Universidade do Porto, Rua Dr. Roberto Frias, s/n 4200-465 Porto – Portugal
2
LIAAD-INESC TEC. Rua de Ceuta, 118, 6º, 4050-190 Porto – Portugal
3
Faculdade de Economia, Universidade do Porto
Rua Dr. Roberto Frias, s/n 4200-465 Porto – Portugal
4
Instituto de Telecomunicações, Departamento de Ciência de Computadores,
Faculdade de Ciências, Universidade do Porto, 4169-007 Porto, Portugal
5
Geolink, Pct. Adelino Amaro Costa, 772 4º Dto, 4050-012 Porto – Portugal
{luis.matias,jmoreira}@fe.up.pt, jgama@fep.up.pt,
michel@dcc.fc.up.pt, luis@geolink.pt

Abstract. In recent years, both companies and researchers have been exploring
intelligent data analysis to increase the profitability of the taxi industry.
Intelligent systems for online taxi dispatching and time saving route finding
have been built to do so. In this paper, we propose a novel methodology to
produce online predictions regarding the spatial distribution of passenger
demand throughout taxi stand networks. We have done so by assembling two
well-known time series short-term forecast models: the time-varying Poisson
models and ARIMA models. Our tests were performed using data gathered over
a period of 6 months and collected from 63 taxi stands within the city of Porto,
Portugal. Our results demonstrate that this model is a true major contribution to
the driver mobility intelligence: 78% of the 253745 demanded taxi services
were correctly forecasted in a 30 minutes horizon.
Keywords: ARIMA, Time-Varying Poisson Model, Taxi Services, Time
Series, Data Streams.

1

Introduction

In the last decade, real-time vehicle location systems have attracted the attention of
both companies and researchers for a new kind of rich spatio-temporal information.
Taxi networks have largely been affected by this phenomenon, as such networks
produce multiple data streams that can be explored using intelligent data analysis.
Online systems for efficient taxi dispatching [1] and time-saving route finding [2]
(among others) have already been developed to improve taxi service reliability.
The taxi driver mobility intelligence is a crucial feature to maximize both profit
and reliability. There are few works which focus on this topic and use real GPS data.
The work presented in [3] uses spatial-based clustering applied to the GPS historical
data of a taxi network running in a large urban zone. Their goal consisted on
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discovering passenger demand patterns over a period of time, by building a departuredestination-time cubic matrix. Recently, an innovative study has been presented in [4]
to validate the triplet Time-Location-Strategy as the key feature to build a good
passenger finding strategy. Here the L1-Norm-SVM was used as a feature selection
tool to discover both efficient and inefficient passenger finding strategies based on a
large-scale GPS dataset, from a taxi network running in a large city in China. An
empirical study on the impact of the selected features was conducted and its
conclusions were validated by the feature selection tool.
Both works represent recent studies about the selection of the best route (over a period
of time) to maximize the number of passengers picked-up by each driver. However, there
are three important issues that are not convincingly handled by these authors: (1)
conditions which are not common to every urban area are assumed (e.g.: drivers are able
to choose their routes freely and without any regulation); (2) their insights consist of
offline patterns, which do not fulfill the ubiquitous potential of the data to provide
decision support information in real-time; (3) the rising cost of fuel is clearly disallowing
the economic viability of online or offline cruising strategies to get passengers.
In our work, we focus on the choice problem concerning which is the best taxi
stand to go to after a passenger drop-off at a given location and time. One of the most
important factors for this is the passenger demand at each taxi stand over a time span.
In this paper, we present a streaming model to predict the number of services of a taxi
network over a space span (taxi stand), for a short-time horizon of P-minutes. Based
on both historical and real time GPS location and service data (passenger drop-off and
pick-up) transmitted by the telematics installed in each vehicle, time series histograms
are built for each stand containing the number of services with an aggregation of Pminutes. The predictive model was developed by adapting well-known time series
forecasting techniques, such as the time varying Poisson model [5] and ARIMA
(Autoregressive Integrated Moving Average) [6] to our problem. Our goal is to
predict at an instant t how many services will be demanded during a period [t, t+P] at
each existent taxi stand, reusing the real service count on [t, t+P] which has been
extracted from the data to do the same for the instant t+P and so on (i.e. the
framework runs continuously in a stream). To the best of our knowledge, such
approach has no parallel in the literature.
Our model was applied to data collected from a large-sized taxi network which
contains a total of 63 taxi stands and has 441 vehicles running in the city of Porto,
Portugal. In this city, the existing regulations force taxi drivers to pick a route to one
of the existing stands after a passenger drop-off. Our study just uses the services
obtained directly at the stands or which were automatically dispatched to the parked
vehicles as input/output. This was done because the passenger demand at each taxi
stand is the main feature to aid the taxi drivers’ decision (since it represents 76% of
the total number of services).
Our experiments use the real-time data arriving in a stream to produce predictions
about the expected number of services demanded in each stand. Firstly, 20 weeks’
worth of data was acquired to build our historic. Secondly, the demand for the next 8
weeks was predicted, by updating the historic time series over time. The results
obtained were promising: our model predicted more than 78% of the services that
actually emerged using an average computational time (i.e. average time per
prediction) of 99.77 seconds.
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The remainder of the paper is structured as follows. Section 2 formally describes
our model. Section 3 describes how the dataset used was acquired and preprocessed,
as well as some statistics about it. Section 4 outlines the testing of the methodology in
a concrete scenario. Firstly, we introduce the evaluation metrics of our model, along
with the experimental setup. We then present the obtained results. Section 5
concludes the paper and describes future work we intend to carry out.

2

The Model

to be the set of
taxi stands of interest and
Consider
, ,… ,
, ,… ,
to be a set of possible passenger destinations. Our problem consists
of choosing the best taxi stand at the instant according to our forecast about
passenger demand distribution over the time stands for the period [ , +P], as is
illustrated in Fig. 1.
to be a time series for the number of
Consider
, ,
, ,… ,
,
demanded services at a taxi stand . Our goal is to build a model to determine the set
,
. To do
of service count , for the instant + and for all taxi stands
so, we propose three distinct short-term prediction models and a well-known data
stream ensemble framework to use them all. We formally describe those models along
this section.
2.1

Time Varying Poisson Model

The following section presents a model firstly proposed in [5]. The demand of taxi
services exhibit, like other transportation means [7], a periodicity in time on a daily
basis that reflects the patterns of the underlying human activity, making the data
appear non-homogeneous [5]. Fig. 2 illustrates a one month taxi service analysis
extracted from our dataset that illustrates this periodicity (the dataset is described in
detail in Section 3).
Consider the probability to have n taxi assignments in a determined time period –
P(n) - following a Poisson distribution. We can define it using the following equation
P n; λ

,

!

(1)

where represents the rate (averaged number of the demand on taxi services) in a
fixed time interval. However, in this specific problem, the rate is not constant but
time-variant. As a result, we adapt it as a function of time, i.e.
, transforming the
Poisson distribution into a nonhomogeneous one. Consider
to be defined as
follows
λ t

λ δ

η

,

,

(2)

where
represents the weekday {1=Sunday, 2=Monday,…};
the period in
which time t falls (e.g. the time 00:31 is contained in period 2 if we consider 30minute periods).
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Fig. 1. A schema to illustrate our problem

It requires the validity of both equations
∑

δ

∑D η

7,
,

D

(3)
d,

(4)

where D is the number of time intervals in a day. To ease the interpretation of these
equations, we can define the remaining symbols as follows:
• λ is the average (i.e. expected) rate of the Poisson process over a full week;
• δ is the relative change for the day i (Saturdays have lower day rates than
Tuesdays);
• η , is the relative change for the period i on the day j (the peak hours);
• λ t is a discrete function representing the expected demand of taxi services
distribution over a period of time for a taxi stand of interest k.
2.2

Weighted Time Varying Poisson Model

The model previously presented can be viewed as a time-dependent average.
However, it is not guaranteed that every taxi stand will have a highly regular
passenger demands: in fact, the demand at many stands can often be seasonal.
To face this specific issue, we propose a weighted average model based on the one
already presented: our goal is to increase the relevance of the demand pattern
observed in the previous week, by comparing it with the patterns observed several
weeks ago (e.g. what happened on the previous Tuesday is more relevant than what
happened two or three Tuesdays ago). The weight set is calculated using a wellknown time series approach to these kind of problems: the Exponential Smoothing
[8]. We can define as follows
ω

α

1, 1

α , 1

α ,… , 1

α

,

(5)

where γ is the number of historical periods considered in the initial average, α is the
smoothing factor (i.e. a user-defined parameter) and 0
1.
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Fig. 2. One month data analysis (total and per driver shift)

2.3

Autoregressive Inteegrated Moving Average Model

The two previous modelss assume the existence of a regular (seasonal or nnot)
periodicity in the taxi service passenger demand (i.e. the demand at one taxi standd on
a regular Tuesday during a certain time period will be highly similar to the dem
mand
verified during the same tim
me period on other Tuesdays).
However, the demand can
c present distinct periodicities for different stands. T
The
ubiquitous characteristics of
o this network force us to rapidly decide if and how the
model is changing. The Au
utoregressive Integrated Moving Average Model (ARIM
MA)
[9] is a well-known metho
odology to both model and forecast univariate time seeries
data such as traffic flow data [10], electricity pricing [11] and other short teerm
prediction problems like ou
ur own. The ARIMA main advantage when comparedd to
other algorithms is its verssatility to represent very different types of time series: the
autoregressive (AR) ones, the
t moving average ones (MA) and a combination of thhose
two (ARMA). A brief pressentation of one of the simplest ARIMA models (for nnonseasonal stationary time series) is enunciated below following the existting
description in [12] (however, our framework can also detect both seasonal and nnonstationary ones). For a more
m
detailed discussion, the reader should consullt a
comprehensive time series forecasting
f
text such as Chapters 4 and 5 in [13].
In an autoregressive in
ntegrated moving average model, the future value oof a
variable is assumed to be a linear function of several past observations and randdom
errors. The underlying proccess that generates the time series (taxi service over tiime
for a given stand k) can be formulate
f
as
R

,
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X
,
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where R , and , are the actual value and random error at time period t,
1,2, … ,
and θ
0,1,2, … ,
are the model
respectively;
parameters/weights while p and q are positive integers often referred to as the order of
the model. Both order and weights can be inferred from the historical time series
using both the autocorrelation and partial autocorrelation functions as introduced by
Box and Jenkins in [9]. They are useful to detect if the signal is periodic and, most
important, which are the frequencies of these periodicities.
2.4

Sliding Window Ensemble Framework

In the last decade, regression and classification tasks on stream data have attracted the
community attention due to its special characteristics: the traditional algorithms had
computational efforts which were not compatible with the time available to make a
decision. Fast and adaptive ensembles of these were also built. One of the most
popular models is the weighted ensemble [14]. The model proposed below is also
based on this one.
Consider
, ,… ,
to be a set of z models of interest to model a given
time series and
,
,… ,
to be the set of forecasted values to the next
period on the interval t by those models. The ensemble forecast Ε is obtained as
Ε

∑

M

,

β

∑

ρ

(7)

where ρ H is the forecasting error obtained for the model M in the periods contained
within the time window/period t H, t (H is a user-defined parameter to define the
window size). As the information is arriving in a continuous manner for the next periods
, + 1, + 2, … . the window will also slide to determine how the models are
performing in the last H periods. To calculate such error, we used a well-known time
series forecasting error metric: the Symmetric Mean Percentage Error (sMAPE) [15].

3

Data Acquisition and Preprocessing

In this work, we studied the taxi driver mobility intelligence of one company
operating in the city of Porto, Portugal. This city is the center of a medium size urban
area (1.3 million inhabitants) where the passenger demand is lower than the number
of running vacant taxis, provoking a huge competition between both companies and
drivers. The existing regulations force the drivers to not run randomly in search of
passengers but to choose a specific taxi stand out of the 63 existing ones in the city –
see Fig. 3 to observe its spatial distribution - to go park and wait for the next service
immediately after the last passenger drop-off. There are three main ways to pick-up a
passenger: (I) a passenger goes to a taxi stand and picks-up a taxi – the regulations
also force the passengers to pick-up the first taxi in the line (First In, First Out); (II) a
passenger calls the taxi network central and demands a taxi for a specific
location/time –parked taxis have priority over running vacant ones in the central taxi
dispatch system; (III) a passenger picks a vacant taxi while it is going to a taxi stand,
on any street.
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Fig. 3. Taxi Stan
nd spatial distribution over the city of Porto, Portugal

In this section, we desccribe the studied company and the data acquisition proccess
and the preprocessing appliied to it.
3.1

Data Acquisition

The data was continuously acquired using the telematics installed in each one of the
441 running vehicles (GPS
S and wireless communication) of the studied compaany.
These vehicles usually run in one out of three 8h shifts: midnight to 8am, 8am-44pm
and 4pm to midnight. Each data chunk arrives with the following six attributes: (1)
ype of event reported and has four possible values: bussy –
TYPE –relative to the ty
the driver picked-up a passsenger; assign – the dispatch central assigned a servvice
previously demanded; free – the driver dropped-off a passenger and park – the driiver
parked at a taxi stand. The attribute (2) STOP is an integer with the ID of the relaated
taxi stand. The attribute (3) TIMESTAMP is the date/time in seconds of the event and
the attribute (4) TAXI is the driver code; the attributes (5) and (6) refer to the
LATITUDE and the LONG
GITUDE corresponding to the acquired GPS position.
This data was acquired over
o
a non-stop period of 28 weeks. Our study just usess as
input/output the services obttained directly at the stands or those automatically dispatcched
to the parked vehicles (moree details in the section below). This was done as the passennger
demand at each taxi stand is the main feature to aid the taxi drivers’ decision.
3.2

Preprocessing and Data Analysis

As preprocessing, a time seeries of taxi demand services aggregated for a period off Pminutes was continuously built. There are three types of accounted events: (1) the
busy directly set at a taxi stand;
s
(2) the assign directly set to a taxi parked in a ttaxi
stand and (3) the busy set while
w
a vacant taxi is cruising. Type 1 events are accounnted
directly as type 2 events. However,
H
for each type 2 event, the system receives a bbusy
event a few minutes later – as soon as the driver effectively picked-up the passengeer –
this is ignored by our system. Type 3 events are ignored unless they occur in a raddius
of W meters from a taxi staand (where W is a user defined parameter). If it does, iit is
considered as being a typee 1 event related with the nearest taxi stand according the
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defined criteria. This was done because many regulations disallow to picking-up
passengers in a pre-defined radius of a stop (in Porto a 50m radius is defined).
Table 1 details the number of taxi services demanded from any taxi stand per daily
shift and day type. Table 2 has information about all services (independently of the
pick-up place) per taxi and duration. The service column in Table 2 represents the
number of services picked-up by taxi drivers, while the second one is related to the
time distance of each service done.
Additionally, it could be stated that the central service assignment is 24% of the
total service (versus the 76% of the one demanded directly in the street) while 77% of
the service is demanded directly to taxis parked at a taxi stand (and 23% is picked-up
while they are cruising). The average waiting time (to pick-up passengers) of a taxi
parked at a taxi stand is 42 minutes while the average time distance for a service is
only 11 minutes and 12 seconds.
The data presented in the tables highlight this, despite the regularity exhibited in
the service (especially on the weekends), there are huge mobility intelligence
discrepancies between the drivers (i.e. a large variance in both number and time
distance of the services).

4

Experimental Results

In this section, we firstly describe the experimental setup developed to test our model
on the available data. Secondly, we present and discuss the results achieved.
4.1

Experimental Setup

Our model produces an online forecast for the demand of taxi services at all taxi
stands at each period of P-minutes. The scripts used were developed using the R
statistical software [16].
The data was continuously acquired and processed through messages sent over a
socket. The pre-defined functions used and the values set for the models parameters
are detailed along this section.
An aggregation period of 30 minutes was set (i.e. a new forecast is produced each
30 minutes; P=30) and a radius of 100 meters (W = 100 > 50 defined by the existing
regulations). This aggregation was set according the average waiting time at a taxi
stand, i.e. the forecast horizon lower than 42 minutes.
Data was acquired over a period of 28 weeks. 20 weeks’ worth of data was initially
stored just to train the model. Then the number of services for each stand was
continuously forecasted every 30 minutes over a total of 8 weeks. This framework
continuously runs on a single computer using just one core (i.e. without any
parallelization).
The ARIMA model (p,d,q values and seasonality) was firstly set (and updated each
24h exactly at 3am) by learning/detecting the underlying model running on the
historical time series curve for each considered taxi stand. This was done by using an
automatic time series function in the [forecast] R package [17] - auto-arima - with
the default parameters. The weights/parameters are specifically fit for each period
using the arima function from the built-in R package [stats].
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Table 1. Taxi Services Volume (per daytype/Shift)
Total Services
Occurred
781398
289364
1070762

Workdays
Weekends
Total

Averaged Service Demand per Shift
0am to 8am
8am to 4pm
4pm to 0am
1263
2227
1719
1048
2085
1534
2311
4312
3253

Table 2. Taxi Services Volume (per Taxi/Duration)
Services

Time Running Busy (minutes)

Máx.

5174

50605

Min.

38

384

1811

23424

816

9996

Mean Total
Std. Dev. Total

The time-varying Poisson averaged models (both weighted and non-weighted)
were updated every 24 hours. A sliding window of 4 hours (H=8) was considered in
the ensemble. The error of each model was measured using the metric also proposed
to weight each model in the ensemble – sMAPE. Distinct results for two distinct
values (0.4 and 0.5) of the parameter alpha ( in the weighted average) are presented
below.
4.2

Results

The main results are presented in Table 3. A percentage is presented for each model
corresponding to a similarity measure between the real service time series and the
predicted one (i.e.: like a distance between the two time series calculated using the
sMAPE). The results are firstly presented per shift and then globally. The values
presented below are calculated through an average weight of the error obtained through
each one of the time series (i.e. the forecast error of the demand for taxi services at
each one of the 63 taxi stands). Each error rate was weighted according to the number
of services demanded at the corresponding taxi stand along the whole test period.
Table 3. Models Success Rate per Shift
PERIODS
alpha ( ) = 0.4

alpha ( ) = 0.5

MODEL

00->08

08->16

16->00

24h

00->08

08->16

16->00

24h

Poisson Mean

79,03%

76,25%

76,79%

77,34%

79,03%

76,25%

76,79%

77,34%

W. Poisson Mean

78,15%

74,51%

75,25%

75,53%

77,05%

73,20%

73,99%

74,29%

ARIMA

79,01%

73,37%

76,79%

75,72%

79,01%

73,37%

76,79%

75,72%

Ensemble

81,06%

76,87%

78,64%

78,36%

81,01%

76,73%

78,58%

78,26%

Nr. Of Events

54.276

114.344

85.125

253.745

54.276

114.344

85.125

253.745
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Each model returns a time series which has a similarity measure above 74% (the
Weighted Poisson Mean and the Ensemble are only affected by the changes of the alpha
(α) parameter) for the real one. The sliding window ensemble is always the best model
for every shift and period considered, with a similarity measure greater than 78%
(197921 of the 253745 total taxi services were correctly forecasted in both time and
space using an aggregation of 30-minutes). Our framework also had a satisfactory
performance in another important aspect: the computational time. It was implemented
using an iterative process (i.e. a loop) forecasting the next value for each existing time
series (for a total of 63). Such process took, in average, 99.77 seconds of processing time.
The ARIMA model update (it is done every 24 hours) on average lasted 48.12 seconds.

5

Conclusions and Future Work

Sensor networks are providing a growing number of challenges to researchers along
with an explosive number of opportunities for companies. In the last decade, the taxi
industry has already been exploring intelligent data analysis on a daily basis (efficient
taxi dispatching, time saving route finding, among others). This paper presents a
novel application work where well-known time series forecasting models are adapted
to predict the spatial distribution of the passenger demand for taxi services in a short
term horizon (30 minutes periods). To do so, two distinct models have been
assembled - the Time-Varying Poisson Model [5] and the ARIMA [9] one – using a
Sliding Window Weighted Ensemble model [14] (i.e. it uses the error of each model
through a pre-determined time window as their weight in the mean calculation). These
models were chosen due to their well-known efficiency in short-term point forecast
problems like our own. At our best knowledge, such an online predictive model for
the passenger demand is a true novelty in this specific industry.
We tested it using the data received from a company network in the city of Porto,
Portugal. The test ran continuously for the duration of 28 weeks over the existing 63
taxi stands.
The results are promising: the model correctly predicted 78% of the 253745
received services. Our iterative implementation took, an average, 99.77 seconds to
produce a prediction (1.58 seconds for each taxi stand) for the next period. These
numbers demonstrate that this model can be a major contribution to this industry,
improving and aiding the drivers mobility intelligence in real time.
In the near future, we will improve this model in two ways: 1) using parallel
computation to reduce the current processing time - the time series produced by each
stand are independent from the remaining ones; 2) modeling the weather changes as a
factor to change our predictions (as it is addressed by using Hidden Markov Models
to handle the occurrence of bursty events in [5]).
It will also be used as a feature of a recommendation system (to be developed)
which will produce smart live recommendations to taxi drivers about which taxi stand
they should head to after a drop-off. This decision support framework will also
address other features like the distance or live traffic conditions, among others.
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