
See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/319602300

Full trajectory prediction: what will you do the rest of the day?

Conference Paper · September 2017

DOI: 10.1145/3123024.3123140

CITATIONS

3
READS

177

3 authors, including:

Some of the authors of this publication are also working on these related projects:

Spatio-temporal Data Analytics for Situation Awareness View project

Context-Aware Mobility and Smart Airport Services View project

Flora Dilys Salim

RMIT University

213 PUBLICATIONS   1,634 CITATIONS   

SEE PROFILE

Yongli Ren

RMIT University

71 PUBLICATIONS   565 CITATIONS   

SEE PROFILE

All content following this page was uploaded by Flora Dilys Salim on 04 October 2017.

The user has requested enhancement of the downloaded file.

https://www.researchgate.net/publication/319602300_Full_trajectory_prediction_what_will_you_do_the_rest_of_the_day?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/319602300_Full_trajectory_prediction_what_will_you_do_the_rest_of_the_day?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/project/Spatio-temporal-Data-Analytics-for-Situation-Awareness?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/project/Context-Aware-Mobility-and-Smart-Airport-Services?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Flora-Salim?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Flora-Salim?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/RMIT-University?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Flora-Salim?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yongli-Ren-3?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yongli-Ren-3?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/RMIT-University?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yongli-Ren-3?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Flora-Salim?enrichId=rgreq-cc7fb2f784b68bc7f29722537eed35bb-XXX&enrichSource=Y292ZXJQYWdlOzMxOTYwMjMwMDtBUzo1NDU2NjkwOTk5MjE0MDhAMTUwNzEwOTA1OTQ3Mg%3D%3D&el=1_x_10&_esc=publicationCoverPdf


Full Trajectory Prediction: What Will
You Do the Rest of the Day?

Amin Sadri
RMIT University
Melbourne, VIC 3000
Australia
amin.sadri@rmit.edu.au

Yongli Ren
RMIT University
Melbourne, VIC 3000
Australia
yongli.ren@rmit.edu.au

Flora Dilys Salim
RMIT University
Melbourne, VIC 3000
Australia
flora.salim@rmit.edu.au

Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies 
are not made or distributed for profit or commercial advantage and that 
copies bear this notice and the full citation on the first page. Copyrights 
for components of this work owned by others than ACM must be 
honored. Abstracting with credit is permitted. To copy otherwise, or 
republish, to post on servers or to redistribute to lists, requires prior 
specific permission and/or a fee. Request permissions from 
Permissions@acm.org.
UbiComp/ISWC'17 Adjunct, September 11–15, 2017, Maui, HI, USA 
© 2017 Association for Computing Machinery.
ACM ISBN 978-1-4503-5190-4/17/09...$15.00 
https://doi.org/10.1145/3123024.3123140

Abstract
Understanding and predicting human mobility is a key prob-
lem in different applications. Existing works on human mo-
bility prediction mainly focus on the prediction of the next
location (or a set of locations) that will be visited by the user
in a specified time. These methods do not take into account
the locations sequence and the departure times. In this re-
search, given the historical data and the user’s trajectory in
the first part of the current day (e.g trajectory in the morn-
ing), we introduce the concept of full trajectory prediction for
the rest of the day (e.g. prediction of the trajectory in the af-
ternoon). We emphasize that the full trajectory includes the
sequence of the locations, the staying times, and the depar-
ture times. The proposed method has been examined on
either labeled trajectories and geographical trajectories and
the results show the effectiveness of the proposed method.

Author Keywords
Trajectory prediction; Path prediction; Similarity measure

ACM Classification Keywords
I.2.6 [Artificial Intelligence]: Learning

Introduction
Understanding human mobility benefits location-based ser-
vices which deliver services to a user based on the user’s
location. Location-based services require location predic-
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tion to adapt the application to possible movements of the
user. This provides the user with transportation information,
location-based advertisements, or to enable smart home
heating systems [5].

Most of the existing researches on human mobility predic-
tion focus on the next location prediction which is the pre-
diction of the place visited by the user at a certain time [1].
Others focus on the prediction of transition time. To this
end, the length of the stay or dwell time is estimated [4].
None of the existing research on human mobility focuses
on the full trajectory prediction. The full trajectory includes
the sequence of locations with time stamps that will be vis-
ited by the user. Specifically, a full trajectory consists of
spatio-temporal points, such as GPS coordinates with time
stamps. To predict the full trajectory, the following informa-
tion should be estimated: 1) the geographic properties of
the locations (e.g. latitude and longitude) 2) the sequence
of the predicted locations (i.e. which place is visited first?)
3) the duration of the stays and transition times. To the best
of our knowledge, none of the existing works in human
trajectory prediction can predict such information. Table 1
summarizes the differences between the problems.

In this research, we predict the full trajectory of a user con-
taining a sequence of locations and transition times. Given
the user’s trajectory up to a certain time of a day, the goal
is to find the trajectory in the rest of the day. For example,
we have the trajectory in the morning (e.g. up to 12:00) and
the problem is to predict the trajectory in the afternoon (e.g.
from 12:00 to 23:59).To this end, first, we investigate the
similarities between the trajectory in the morning and the
historical data. The prediction is based on the trajectories
that contain similar sub-trajectories in the morning.

In practice, full trajectory prediction with high granularity is
vital for an effective location-based service. With full tra-

jectory prediction, the user can be notified about the con-
sequence of her movement in advance. Specifically, the
essential information for the service is not only the location
of the user after one hour but also how and when the user
gets to that location is important. For example, before leav-
ing the office, the user should be notified about the trans-
port disruption if it happens during her usual commuting
time. We evaluate our method with both labeled trajectories
and geographical trajectories and the results show the ef-
fectiveness and efficiency of the method compared to the
baselines.

Trajectory prediction
Our method is based on two facts. First, the user routine
trajectories have a correlation in the mornings and in the af-
ternoons. Specifically, if the user has the same trajectories
in the morning of two days, she probably has the similar tra-
jectories in the afternoons. For example, if a user works for
two companies and has two routines, the morning trajectory
identifies which routine the user will follow in the afternoon.
Second, the predicted trajectory should not include outliers
(i.e. temporally visit of a location). For example, the user
may deviate from his routine in one of the historical trajec-
tories in the afternoon (e.g. visiting a friend in a hospital).
This outlier sub-trajectory should not be considered in the
predicted trajectory because it is unlikely to happen again.

Method structure
Here, we describe each component of the proposed method.

a© The first step is to compare the morning part of the sub-
trajectories. The goal of this stage is to weight the histori-
cal trajectories based on the similarities with the given tra-
jectory in the mornings. Two similarity metrics used in our
method are Dynamic Time Warping (DTW) and Edited Dis-
tance (ED).
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Table 1: Location prediction problem vs. full trajectory prediction problem

Location prediction
[1] [2]

Transition time prediction
[4]

Full trajectory prediction

Question to be an-
swered

Where will be the user at a
certain time?

When will the user departure
from the current location?

What is the user’s trajectory for the
rest of the day?

Location granularity
of the output

Region (e.g. POI, gridded
map, area covered by a CID)

NA the same as the input (e.g latitude and
longitude for GPS trajectories)

Sample output infer-
ence

The user is at home at 6 pm. The user leaves the office at
4 pm.

The user leaves the office at 4 pm,
passes along George St, and arrives
home at 5 pm. The user stays home
for the rest of the day.

b©We process the historical data to investigate the tempo-
ral correlation between the trajectories and to find out how
similar are two trajectories based on their dates. The tem-
poral correlation between the trajectories reveals the impact
of date differences in the prediction.

c© The output of temporal correlation is used to enhance
the historical trajectories. For example, the afternoon tra-
jectory of yesterday receives the higher weight compared to
the afternoon trajectory of a day from last month.

d© Two similarity measures are applied to the trajectories
(i.e. DTW and ED). After normalizing the similarity mea-
sures, they are summed up to give the final weight to each
historical trajectory. The final weight indicates the similarity
between the first part of the historical trajectories and the
given trajectory. The second part (e.g. afternoon part) of
the trajectories that received high weights will be used for
prediction in the final stage.

0

20

40

DTW ED

R
M

S
E

Method
TrAf

TrAf (without segmentation)

Most frequent visits

Last week Trajectory

Figure 1: Experiments on Device
Analyzer dataset

e©We apply a temporal segmentation method to the af-
ternoon part of the historical trajectories. The prediction is

performed within each segment. Ideally, each temporal seg-
ment presents the period that an activity is undertaken. For
example, if the user often goes for lunch between 12:00 and
13:00, [12:00, 13:00] is one of the temporal segments.

f© In each segment, the sub-trajectories are clustered and
the outliers are discarded. From the rest of the trajectories,
first, the best cluster is identified and then the sub-trajectory
is chosen from that cluster. The predicted sub-trajectory are
linked together to form the prediction.

Experiments
To evaluate our method, we pick N days of data for each
user (N > n) where n denotes the historical trajectory
size measured in days. We start with the (n+1)-th day, and
for each day, we consider the past n days as the historical
data. Based on the morning trajectory and historical data,
we predict the afternoon part of the day. We continue the
prediction of the afternoon sub-trajectories for each day un-
til we reach N -th day. Therefore, we have N − n instances
for each user. For each instance, the similarity between the
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predicted trajectory and actual trajectory is calculated. In
other words, each day of data is treated as a test instance.

For each instance, the predicted trajectory is compared to
the actual trajectory and the error is calculated using DTW
or ED. The error of prediction shows how much the pre-
dicted trajectory is similar to the actual trajectory. If the pre-
dicted trajectory is exactly the same as the actual trajectory,
DTW and ED return zero. Otherwise, the error is the DTW
or ED distance between the two trajectories. Calculating the
error for each instance, we report root mean square error
(RMSE) over the whole data.

Baselines
The existing trajectory prediction methods are not able to
provide the full trajectory. We use two baselines as follows:
1) Last week trajectory: the second part of the user trajec-
tory from the last week that can be used as a baseline. 2)
Most visited locations: This baseline finds the most visited
locations at each time of the day.

Results
We run our method to predict the afternoon trajectories of
688 days from Device Analyzer dataset and 1360 days from
MDC dataset [6] [3]. The trajectory of each day is split into
morning trajectory (up to 12 pm) and afternoon trajectory
(from 12 pm to 12 am). The length of the historical data is
30 days which means for prediction of the afternoon tra-
jectory, we process the morning trajectory as well as the
trajectories of the user during the past 30 days.
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Figure 2: Experiments on MDC
dataset

Fig. 1 shows the Device Analyzer result for our algorithm
and the baselines. TrAF denotes the trajectory in the after-
noon predicted by our algorithm. To show the effect of tem-
poral segmentation, we also run our method on one seg-
ment. We perform the same experiment on MDC dataset
and Fig. 2 shows the result using inter-quartile range (IQR).

In this figure, each point shows the result for one user. It
can be infered from the results that our method performs
better because it has lower RMSE and predicted trajectory
is more similar to the actual trajectory.
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