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ABSTRACT

Thanks to the recent popularity of GPS-enabled mobile
phones, modeling people flow or population dynamics is at-
tracting a great deal of attention. Advances in methods where
regular population patterns with respect to factors such as
holidays or weekdays are extracted have provided success-
ful results in irregularity detection. With large-scale crowded
events such as fireworks, it is crucial that there be enough time
to take countermeasures against the irregular congestion, i.e.,
irregularity prediction. It remains a tough challenge to predict
population from GPS trace logs with existing methods.

To tackle this problem, we focus here on route search logs,
since aggregation of the location-oriented queries of individ-
ual plans serves as a mirror of short-term city-scale events, in
contrast to GPS mobility logs. This paper presents a brand
new framework for city-scale event prediction: CityProphet.
By our observation of data where the route search logs related
to a future event are in most cases repeatable and accumulated
in proportion as the event draws near, we are able to leverage
the divergence between the above two properties to predict
city-scale irregular events. We demonstrate through experi-
ments using the transit app logs of over 370 million queries
that our approach can successfully predict city-scale crowded
events one week in advance.
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INTRODUCTION

Of especial interest in terms of awareness of user context is
location data, which previously had been collected only by
special terminals exclusively for that purpose [, B, T2, I5].
Thanks to the groundwork laid by prior research, we are able
to grasp the regular characteristics of regions by modeling the
location data acquired intermittently and massively, which is
useful for applications related to the opening plans of stores
or property sales [3, &, G]. For the dramatically changing
modern society, however, responsive specific urban dynamics
is strongly needed in addition to the regular population pat-
terns. When a large-scale disaster such as an earthquake or
a hurricane occurs, for example, visualizing the people flow
enables us to comprehend the situation and thereby save lives
and help recover the city functions [, [Z, [0, 173, T4]. In re-
sponse to these issues, there have been many studies focusing
on irregularity “detection”.

However, since irregularity detection essentially follows its
occurrence, it is disadvantageous in the sense that there is no
time to take countermeasures against the detected irregulari-
ties caused by artificial events, which of course are the most
important times to take actions quickly. Technology for irreg-
ularity “prediction” is useful for optimizing the placement of
guides and planning the unexpected issuance of public trans-
port when artificial events such as festivals or concerts cause
temporary overconcentration of the population [T9].

Although existing research on the extraction of general pop-
ulation patterns can predict the regular population patterns in
regions, these methods are less successful at predicting the
fluctuating population brought about by irregular events be-
cause they are specialized to fit the regular population pat-
terns. Moreover, although the latest pioneering work [8] has
reported success in predicting irregularity, it can only make
predictions about an hour before the target irregularity. This
begs the question of why it is so difficult to predict the irreg-
ularity. The reason is that the amount of data of unusual days
with some events is so much less than that of regular days
with no event that regular population patterns for events are
difficult to extract. Due to the difficulty in precisely predict-
ing usual and unusual populations simultaneously, the exist-
ing methods have mostly given up on irregular prediction and
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focus instead upon irregularity detection by comparing the
obtained real population with predicted regular population.

In the present research, our objective is to develop a method
that can predict irregularity. We call the proposed scheme
“CityProphet”. Since previous methods had difficulty in pre-
cisely predicting the future population by using only GPS
traces and extracting patterns from them, we have built a pre-
diction model from the schedule data of locations for accurate
population prediction. The key point here is that the events
causing an unusual population are certainly irregular for the
region, while at the same time, the attendance at the events
is in exact accordance with the scheduled action of the in-
dividual user. Besides, the usual population with no event
will also match the regular schedule of the users—in other
words, user schedule information is expected to model re-
gional populations that reflect the number of those who in-
vestigate their routes in advance following their schedule re-
gardless of whether or not events are held there. It is also a
fact that regular patterns affected by factors such as day of the
week or the weather are observed from the actual population
in regions. Although previous works on irregularity detection
have focused on the difference between regular population
and actual population in the moment, the difference between
predicted regular population and schedule in terms of location
that is strongly correlated to the actual population serves as ir-
regularity prediction. In terms of user schedule information,
this paper focuses on the user route search results.

The contributions of this research are as follows.

e This is the first report in the world of an irregularity pre-
diction model, CityProphet, that compares a regular popu-
lation with a short-term population from location schedule
information.

e Through experiments using actual big query data, we found
that the proposed model can achieve irregularity prediction
that is fast enough to take the appropriate countermeasures.
This is in contrast to state-of-the-art works (e.g., [S]) can
only predict irregularity an hour in advance.

RELATED WORKS

Isaacman, et al. developed a population estimation method
at the city-scale by constructing models from each user’s fa-
vorite regions and routes [8]. Since this assumes, however,
that each user repeatedly selects the same routes, it is difficult
to estimate population in regions where they do not often go.
Song, et al. suggested an evacuation route estimation method
using data of the Great East Japan Earthquake ["]. However,
because the training data used can be collected only after the
disaster actually occurs, estimation prior to a disaster cannot
be done, even though this is the time when help is most ur-
gently needed. Additionally, it falls short in practical terms
in that the method cannot reuse data that have been collected
in previous disasters. Sasaki, et al. constructed a system that
can detect the occurrence of an earthquake and estimate the
epicenter within one second by using data from Twitter" [I3].

'https://twitter.com/
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Figure 1. Possible prediction by using aggregated schedule information
concerning Kokusai-tenjijo Sta. for 14 August 2015.

This is a good example of how the actions on an SNS are re-
flected in the real world, which might be beneficial for use
with prediction technology to develop evacuation routes.

Even though there have been many methods for irregularity
detection using location data, irregularity prediction has re-
mained difficult [TX]. A framework on irregularity prediction
beyond detection has been proposed in the recent works [9,
IT], but irregularity prediction on the city-scale level has yet
to be resolved. As a state-of-the-art work, Fan, et al. focused
on the fact that people flow is much different from usual at
times shortly before large events are held and predicted the
next hour’s population an hour in advance [8]. However, one
hour in advance does not leave enough time to take appro-
priate countermeasures against events that are likely to cause
irregularity in the city-scale population. Although previous
works have focused on location data to detect irregularity, us-
ing schedules pertaining to location will help us predict ir-
regularity accurately and far enough in advance compared to
using only location data. Although there are already a few
look-ahead services targeted at individuals (such as Google
Now?) that utilize calendar information, as yet there has been
no city-scale analysis that exploits schedule information.

IRREGULARITY PREDICTION BY EXPLOITING USER
SCHEDULES

Transit app log dataset overview

As one example of user schedules in modeling the predic-
tion of a population, in this paper we use the log data of a
route search service (specifically, we use the log data of Ya-
hoo! JAPAN®). The log data contains the time of passing each
train station on the results of route searches, so the number of
people at any time and at any station can be obtained quanti-
tatively. The most characteristic feature of this service is that
users are able to specify any day they want to query (e.g., they
can query routes for 8 April when it is still 1 April). Hence,
the results of searching routes at future dates can be exploited
as the user schedules. In fact, as shown in Fig. [, in their
scale, all of the queries concerning Kokusai-tenjijo Sta. for
14 August 2015 that were made on 31 July 2015, 7 August
2015, and 13 August 2015 are as relevant as the queries made
on the actual day (14 August). In this paper, we focus on
user schedules accumulated in this way and use them to con-
struct the population prediction model. On the other hand,
as shown in Fig. D, the population of a region metamorphoses
its scale and pattern strongly depending on various factors
such as day of the week, and hence, this model can predict
the regular population from these factors. Hereafter, we refer

2 https://www.google.com/intl/en/landing/now/
3 http://transit.yahoo.co.jp/


https://twitter.com/
https://www.google.com/intl/en/landing/now/
http://transit.yahoo.co.jp/

Monday
pattern

no- of querics
9/07

Saturday
pattern

no. of querics
or 9/12

Monday
pattern

no. of queries
. for 9/07

Saturday
pattern

TG. of queries
@ for 9/12

_no. of queries
“made on 9/12

of queries|
“hade on 8712

o

of queries|
—nade on 5707

o

_no. of queries
made on 9/07

2
S

week1

Y
~

&
o

&

6 12 18 24
Time
no. of queries
1 or 9/14

_no. of queries,
made on 9/14

6 12 18 24
rife
no. of queries
or 9/19

_no. of queries,
made on 9/19

6 12 18 24
rife
no. of queries
for 9/14

6 12 18 24
Time

no. of queries
for 9/19

107

w10

o
o

of que

_no. of queries _no. es
made on 9/14 “made on 8715

S

~
~

week?2

o

&
o

no. of queries no. of queries

To. of queries mo. of queries
no. of queries no. of queries
To. of queries mo. of queries

6 12 18 24
Time

&
o
b

6 12 18 24 6 12 18 24
Timg Time

Shinjuku Sta. Kachidoki Sta.
Figure 2. Population changes dramatically depending on region or day
of the week. Left: Shinjuku Sta., right: Kachidoki Sta.
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Figure 3. Irregularity prediction by SP and DP models.

to the former short-term population model as the schedule-
based population (SP) model and to the latter regular popula-
tion model as the descriptor-based population (DP) model.

The result of a route search denoting the log of the timetable
on data d at time ¢ from the searched date d — i (i.e., at the
point in time ¢ days in advance) is defined as xg¢q—;. The
ground truth of prediction in our method is the number of
search results for a date that was searched on the same date.
Although in fact the number of people who searched routes
passing through a station is strictly different from the actual
population of the region, we assume a correlation here so that
there is nothing wrong with irregularity prediction, namely
our main purpose. On this assumption, in this paper, we rep-
resent the number of those as “population”.

Methodology overview

In previous works, irregularity is “detected” as follows. First,
the general population of target regions is predicted by us-
ing methods of extracting the regular population patterns of
the regions. Second, the actual population is obtained in real
time or later. Finally, the above two populations, predicted
and informed, are compared and if they are quite different,
irregularity is “detected”. In turn, the population given at
the second step should be changed from actual to a predicted
value in order not to “detect” but to “predict” irregularity.

To achieve irregularity prediction, in this work, we replace
the second part with a highly accurate short-term population
prediction model that takes into account user schedule infor-
mation. As shown in Fig. B, irregularity is “predicted” with
the SP model as follows. The first step is the same as above.
Second, a highly accurate short-term population prediction
model considering the user schedule information, which is
route search logs, is built and we try to predict the population

correctly regardless of whether or not any event is being held.
Finally, the above two populations predicted by these mod-
els are compared and if they are quite different, irregularity is
“predicted”.

Proposed model

Quantitative irregularity prediction using transit app logs

In order to judge the occurrence of irregularity at a certain

date and time, there should be a quantitative index represent-

ing the deviation between the DP and SP models. In this pa-

per, we define the deviation measure v ; = w for
d,t|d

date d and time ¢. If this measure exceeds the threshold 7, it is

judged as an irregularity. The time variable ¢ is discretized by

the same interval A, which is adjusted empirically. Moreover,

93372' & aEde‘ 4 represent the predicted population at day d and

time ¢ by the SP and DP models, respectively. If 27}, = 0,

v is not calculated.

SP: Schedule-based population model

As stated above, our objective is to build a model that can
predict the population regardless of whether or not people are
attending special events by means of user schedule informa-
tion such as the results of route searches. We focus on the
user schedule information because we assume that although
an event is irregular for a region, in actual fact, it is within
the scope of the plan (i.e., is not irregular) for those who are
going to the event. Our approach is to model the correlation
between the ground truth and the number of logs for a date
searched a few days in advance that can be regarded as the
user schedule information.

Our proposed SP model formulates the following equation by
referring to the auto regressive model [],

Pd+Pw q
ZTapa = E E PijTd t—fld—is ()
1=pd j=—q

where ¢ is the range of time over which the data affects
the population target (i.e., only the result of route search for
Yt/ t—q <t' < t+q, which is searched on day d—i, has an
effect on the prediction of time ¢). Similarly, the ground truth,
namely the search results for day d, which is searched on day
d, is expressed as 4|4, the same as above. The parameters
are optimized by minimizing the negative log likelihood with
penalized /5 norm regularization.

DP: Descriptor-based population model

No matter how accurately our proposed SP model, which con-
siders user schedules, predicts the population of regions, it is
still difficult to “predict” irregularity by using only the result
predicted by the SP model. Therefore, the usual population
at regions should also be predicted and then compared with
those predicted by the SP model. As one approach to pre-
dicting the usual population, we can exploit previous models
connected to research on urban dynamics. We use features
such as the weather, day of the week, whether it is a holiday,
and so on to predict the patterns of a region.

In this work, we use the bilinear low-rank Poisson regression
model [[I&], which is known as a the state-of-the-art method.



In this model, the population distribution is assumed to follow
the Poisson distribution and population is predicted with the
model parameter Ay g = exp(fTUV Tg), where this model
makes the bilinear features f € RM and g € R®, which are
designed in terms of outer factors such as day of the week or
the weather and in terms of temporal factors, respectively. In
addition, U € RM*K and V € R*K are parameter matrices.
The estimated population 4 ;|4 is generated from a Poisson
distribution as follows. Note that K and M satisfy K < M.

jd,t|d =K [POiS(md,ﬂd‘/\ﬁg)} = )\ﬁg 2)

EXPERIMENT

Dataset details

The dataset we used for the experiments covers 73 days from
20 July 2015 to 30 September 2015 and comprises roughly
370 million queries, about 96% of which are the results of
future-date-oriented searches, namely schedule information.
In general, users sometimes search routes to know only routes
rather than the timetable of a train. Since such data cannot be
part of any schedule, only the query data that are searched
with a specific date and time are used.

Short-term population prediction using the SP model
Before evaluating the effectiveness of irregularity prediction,
which is the main purpose of this research, we check whether
our proposed SP model can predict population regardless of
whether city-scale events are held or not.

Descriptor-based population prediction using the DP model
Since it will be compared with the SP model in irregular-
ity prediction, the DP model is only expected to accurately
predict regular population, not irregularity population. The
evaluation was performed with two changing parameters: the
dimensions of the parameter matrix & and the coefficient -,
which are relevant to the regularization. As the outer factor
f, we use 14 dimensioned features including the tensor prod-
uct of day of the week (seven dimensions) and whether it is a
holiday (two dimensions).

Results

A large-scale event, Comiket88?%, was held in August 2015
and no less than 550,000 people attended over the course of
three days. To determine if there was any difference between
the accuracy of the SP and DP models, we predicted the pop-
ulation of both the last day of the event and the day one week
after the event (i.e., with no event in this region), plotting the
results in Fig. B. Under the use case to take measures against
the event in advance, the population is predicted at the day
one week before, that is, p; = 7. On one of the regular days
(right side of the figure), there is no difference between the
SP and DP models. In contrast, on an irregular day with 100
times more population as regular days (left), the SP model
could predict accurately but the DP model could not follow
the population explosion. The fact that there is a difference
between the SP and DP models only on an irregular day sup-
ports our hypothesis that comparing the SP and DP models
will enable us to predict irregularity successfully.

4 http://www.comiket.co.|p/index_e.html
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Figure 4. Population prediction for a city-scale event, Comiket88.

Left: the day of Comiket88, right: the day one week after Comiket88.
Table 1. Details of each event.

No. Name (Sta.) Scale

1 Fireworks (Kachidoki) ~700 thousand
2 Comiket88 (Kokusai-tenjijo)  ~200 thousand
3 Fireworks (Katase-Enoshima)  ~20 thousand
4 Baseball game (Korakuen) ~50 thousand

5 Typhoon (Haneda Airport) —

Prediction of city-scale events by our model
We confirmed that exploiting user schedule information en-
ables us to predict short-term population in specific regions.
To determine whether it is possible to predict irregularities,
we performed another experiment in which we compared the
DP model, which represents the regular population, with the
SP model, which accurately represents short-term population
regardless of whether an event is held. In addition to large-
scale events such as Comiket88, small-scale events and a ty-
phoon were selected as target events in this experiment. An
overview of all selected events is given in Table. . Concern-
ing the typhoon, the scale is not described. Due to the use
case in predicting the typhoon, its prediction is done on one
day before the target date (i.e., p; = 1), and for the others,
predictions are done a day one week before (i.e., pg = 7).
So as to predict irregularity, the deviation rate v is compared
with the threshold 7 = {5.0,1.0,0.5}. Additionally, to ex-
amine the irregularity predicted result compared with the ir-
regularity detected result, the deviation rate of the detection
208 ata
Bd,t = riPad BT d’x’ﬂd 4
old z=1{0.8,0.5,0.3}, as with the irregularity prediction.

is defined and compared with the thresh-

Results

The results concerning five events are plotted in Fig. B. The
top graph represents the ground truth and the population pre-
dicted by the SP and DP models. The second graph represents
the calculated deviation rate and the threshold of judgment of
irregularity. To ensure readability, values higher than 8 are
not plotted. The third graph represents the time zone in which
v exceeds the threshold 7 and is judged as an irregularity.
The fourth graph represents the results of detection of irreg-
ularity the same as the prediction. For city-scale events such
as Nos. 1 and 2, even with a large threshold (¥ = 5.0), we
could predict irregularity. For the smaller fireworks display
(No. 3), although it showed the same trend, the irregularity
around noon could not be predicted, probably because of the
small scale of the event. However, the irregularity caused by
the baseball game (No. 4) could not be predicted. We assume
this is because the region has a stadium where baseball games
and concerts are held every day, the game was not technically
“irregular”. As for the typhoon (No. 5), we could not predict
it as accurately as we could the artificial events, even though
we knew a day in advance that the typhoon was coming.
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Figure 5. Irregularity prediction of Nos. 1, 2, 3, 4, 5. To “predict” irregularity quantitatively, the deviation rate is calculated by comparing the SP and
DP models. The result of irregularity ‘“prediction” (the 3rd graph) is about the same as that of irregularity “detection” (the 4th graph).

Table 2. F-measures of irregularity prediction and detection.

No.1 No.2 No.3
084 073 074

When we assume that, additionally, irregularity “detection”
works well, we calculated the F-measures regarding the ir-
regularity detection result as the ground truth in order to ver-
ify the performance of our proposed method of irregularity
“prediction”. The F-measures of irregularity prediction and
detection of Nos. 1, 2, and 3, in which artificial events were
accurately predicted, are shown in Table. . From these high
values, it is clear that our proposed method can predict irreg-
ularity one week in advance while maintaining the accuracy
of irregularity detection. We utilize a simple and naive ir-
regularity prediction based on the fixed threshold (v = 0.5):
however, the results imply that our method is able to handle
multiple scale city events (Nos. 1 and 2) so as to achieve ac-
curate irregularity prediction. We should be able to improve
the accuracy with a more sophisticated approach (e.g., adap-
tive thresholding), which will be handled in future works.

F-measure

CONCLUSION

In this paper, we have proposed a brand new scheme that
can predict irregularities one week in advance (which earlier
methods cannot do) by exploiting user schedules involving
future-oriented location data. We presented the observation
of this kind of data and then provided a framework with two
basic prediction models: 1) the DP model, which predicts
regular population patterns, and 2) the SP model, which pre-
dicts short-term population by considering user schedule in-

formation. Although the SP model is defined similarly to the
conventional auto regressive model, it differs in that we uti-
lize user schedules as input, resulting in accurate prediction
regardless of whether events are held. Moreover, our pro-
posed framework is advanced in that we can use other sched-
ule information to predict irregularity. Although our proposed
method has difficulty in predicting sudden natural events be-
cause our approach depends on user schedules and intentions,
it can usually predict irregularity caused by low-frequency,
large, and deliberate events. In this paper, the deviation rate
is formulated with a simple equation, leading us to conclude
that a better expression will enable us to predict different par-
ticle size irregularities more accurately.

Certainly, irregularities caused by large events have already
been known well in general, however, our approach is able to
provide a quantitative measure of irregularities even when the
first event (such as new railway opening) is held. That is, to
the best of our knowledge, our framework is the first frame-
work for real world application that provides the quantitative
measure of irregularity caused by events in advance by us-
ing user schedules, which enables us to take countermeasures
against it. In this work, we predicted irregular population per
station, but irregularity per train line might also be predicted
from our data, for example, and the exploding popularity of
products could be also predicted from query logs pertaining
to them. We are considering the utilization of other schedule
information and will examine the feasibility of this in future
works.
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