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Abstract: Huge amounts o f spatial-temporal data are generated daily from all kinds o f citywide infrastructures. 
Understanding and predicting accurately such a large amount o f data could benefit many real world 
applications.
This paper provides an analysis o f  human mobility data in an urban area using the amount ofavailable bikes in 
the stations o f the bicycle sharing program. Based on data sampled from the operator's website, it is possible 
to detect temporal and geographic mobility patterns within the city. These patterns are applied to predict the 
number ofavailable bikes for any station some hours ahead. Our methodology first identifies and quantifies the 
latent characteristics o f different spatial environments and temporal factors through tensor factorization. Our 
hypothesis is that the patterns o f spatial-temporal activities are highly dependent on or caused by these latent 
spatial-temporal features. We model this hidden dependent relationship as a Gaussian process, which can be 
viewed as a distribution over the possible functions to predict human mobility.

Keywords: human mobility, spatio-temporal, hidden features, tensor, Tucker decomposition, Gaussian process, 
prediction

АДАМДАРДЬЩ ШАПШАНДЫЛЫГЫНЬЩ ЖАСЫРЫН ЕРЕКШЕЛІКТЕРІН 
АНЬЩТАУ ЖЭНЕ ВЕЛОСИПЕД Б0Л ІСУ СТАНЦИЯЛАРЫНЫН 

ВЕЛОСИПЕД АЕЫНЫН БОЛЖАУ

Ацдатпа: Кецістік-уацыттыц деректердіц YnKeu квлемі кунделікті барлыц цалалыц инфра- 
цурылымдардан жасалады. Осындай Yлкен квлемді мзліметтерді mY&Hy жзне болжау квптеген 
нацты злемдік цосымшаларга пайда зкелуі mymkAh.
Бул мацала велосипед белу станциясыныц деректерін пайдалана отырып, цалалыц жерлерде- 
гі адамдардыц мобйльділігі туралы деректерді талдайды. Оператордыц веб-сайтынан алынган 
мзліметтер негізінде цалада кецістік-уацыттыц утцырлыц аныцталуы mymkw. Осы схемалар бір- 
неше сагат бурын кез келген станция Yшін цолжетімді велосйпедтердіц санын болжау Yшін пайда- 
ланылады. Біздіц здістемеміз алдымен тензорлы факторизация арцылы тYрлі кецістік-уацыттыц 
факторлардыц жасырын ерекшеліктерін аныцтайды жзне сандыц турде айцындайды. Ал гипоте
за кецістік-уацыттыц белсенділіктіц Yлгісі жасырын ерекшеліктерге тзуелді. Бул тзуелділікті 
Гаусс Yдерісі ретінде модельдейміз.

TYMHdi свздер: кецістік-уацыттыц сипаттамалары, жасырын ерекшеліктері, тензоры, Такердіц 
ыдырауы, Гаусс Yдерісі, болжау

ВЫЯВЛЕНИЕ СКРЫТЫХ ХАРАКТЕРИСТИК МОБИЛЬНОСТИ ЛЮДЕЙ И 
ПРОГНОЗИРОВАНИЕ ПРИТОКА/ОТТОКА ВЕЛОСИПЕДОВ НА СТАНЦИЯХ

СОВМЕСТНОГО ИСПОЛЬЗОВАНИЯ

Аннотация: Огромное количество пространственно-временных данных генерируется из всех типов 
городской инфраструктуры. Точное понимание и прогнозирование такого большого объема данных 
может принести пользу многим реальным приложениям.
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В этой статье представлен анализ данных о мобильности людей в городских районах с использованием 
данных со станции совместного использования велосипедов. На основе данных, взятых с веб-сайта 
оператора, можно определить временную и географическую мобильность в пределах города. Эти схемы 
используются для прогнозирования количества доступных велосипедов для любой станции на несколько 
часов вперед. Наша методология сначала идентифицирует и количественно определяет скрытые 
характеристики различных пространственных сред и временных факторов посредством тензорной 
факторизации. Гипотеза авторов состоит в том, что закономерности пространственно-временной 
активности сильно зависят от этих скрытых пространственно-временных особенностей. Мы 
моделируем это как зависимые отношения, как гауссовский процесс, который можно рассматривать 
как распределение.

Ключевые слова: мобильность людей, пространственно-временные характеристики, скрытые 
особенности, тензор, разложение Такера, гауссовский процесс, прогнозирование

In tro d u ctio n
Public bike sharing system s are becom ing  

m ore and m ore popular in the past few  years. A  
still grow ing list o f  cities w h ich  provides such 
service system s can be found at the B ike sharing 
world map [1]. The three b ig  cities o f  Kazakhstan  
have such system s. They are: A lm atyB ike, 
AstanaBike and Shym kentBike [2]. There are 200  
stations in Almaty, 180 stations in A stana and 40  
bike sharing stations in Shymkent. For optimal 
perform ance o f  such system s there m ust be (a) 
the possib ility  to find a bike w hen a user wants 
to start his/her journey and (b ) the possib ility  to  
leave the bike in the user’s destination. W ithout 
oversizing the system , there are basically  tw o  
w ays to so lve these problems: Inform the user in 
advance about the best p laces to pick up or leave  
the bikes and im prove the redistribution o f  bikes 
from full to em pty stations.

In this study w e  aim to contribute to the 
solution o f  these problem s v ia  the analysis o f  
cyclic  m obility patterns w hich  lead to short term  
predictions o f  the number o f  available bikes in 
the stations by prediction in flow  and outflow  
betw een stations. Such predictions w ould  
allow  us to im prove the current w eb-service o f  
A lm atyB ike, AstanaBike and Shym kentBike 
and in turn increase users’ satisfaction w ith  
the system . O nce this type o f  inform ation is 
available, users m ay use m obile devices to  
access it. K now ledge o f  those patterns could lead  
to an optim ization o f  the bike sharing system  
itself, a llow ing the operator to predict shortage 
or overflow  o f  b icycles in certain stations w ell

in advance and adapt its redistribution schedule  
accordingly on the fly.

Furthermore, w e  intend to show  that this 
type o f  data also a llow s us to infer the activity  
o f  city population as w ell as the spatial-temporal 
distribution o f  their displacem ents. Such 
know ledge m ay be interesting for city planners 
and m ay also represent a cheap w ay to compare 
the activity cyc les betw een different cities.

B ig  Data trend brings great opportunities 
for tackling many real-world challenges. In this 
paper, w e  propose a novel m ethodology for 
prediction o f  spatial-temporal activities using  
latent spatial and temporal factors extracted 
from existing m obility datasets at a city level. 
O f spatial-temporal activities, w e  are interested  
in human m obility, especially  the inflow  and 
outflow  o f  people in neighborhoods/areas during 
certain tim e periods. Understanding the inflow / 
outflow  o f  people in urban environments spatially 
and tem porally and predicting them  correctly are 
essential to solve many real-world problems. 
Such as optim ization bike sharing system s. To 
achieve these goals, w e  use spatial-temporal data, 
w hich has been obtained from N e w  York Cities 
bike sharing system s open data. W ebsite provides 
all historical and real tim e data about the number 
o f  b icycles available for the users in a certain 
m om ent in tim e in every one o f  the approximately 
700 different stations, and inform ation about all 
rent done by users from 2013 year.

The rest o f  the paper is organized as fo llow s. 
W e first review  related w ork on the subject in
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2 and g ive a m ore detailed description o f  the 
m obility spatio-tem poral data in 2.1. Section 3 
describes the tensor m odel o f  human m obility  
and the extraction o f  latent spatial and temporal 
features. Section 4 presents the prediction  
m ethodology through m odeling the relationship  
betw een latent features and human m obility as 
a Gaussian process. Section 5 dem onstrates the 
perform ance o f  our m ethodology through a series 
o f  experim ents w ith the bike trips in N ew  York. 
Finally, w e  present the conclusions in Section 6 .

1. R e la ted  w o rk
G iven the im portance o f  gaining a deeper 

understanding o f  m any spatial-temporal 
activities, like human m obility, and predicting  
them  accurately, related work in this area 
has been published in various fields, such as 
computer science, urban planning, sociology, and 
other areas. In this section, som e o f  the works 
relevant to different aspects o f  m obility patterns 
are overview ed.

Som e studies have visualized  bike sharing 
system s activity, identifying trends, usually  
based on the perform ance analysis o f  connecting  
stations, observing the number o f  trips starting 
and ending at the station level [3] [4] [5]. 
The number o f  studies analyzes bike sharing 
system s im balances caused by various leve ls  
o f  attractiveness and generation o f  station- 
level trips [6 ], often they provide efficient bike  
redistribution strategies [7] [8 ].

W ith a sim ilar goal o f  introducing a m ore 
balanced system s, other studies m odeled demand  
[9] or developed m odels that optim ize the location  
o f  stations [10]. Signficant number o f  studies 
have recently focused  on the GPS analysis o f  
casual cy c lists’ routes [11]. A  couple o f  studies 
have focused  on the exploration o f  real bike  
routes. First, the route choice analysis performed  
by Khatri [12], based on approxim ately 12,000  
trips collected  through the Phoenix B S S  bikes 
equipped w ith built-in GPS trackers, second , the 
research published by W ergin and Buehler [13], 
analysing 3596  trips obtained by introducing  
GPS trackers into 94 bikes in the W ashington  
D C  B S S  in 2015, and the study to v isualise  the 
cycling  flow  derived from Madrid bike sharing

system  activity, obtained by processing over 
25 0 ,0 0 0  GPS routes, and provide an analysis 
o f  how  this flow  is distributed across the urban 
street network at different m om ents [14].

2.1 C itiB ik e  N Y C  b ike sh arin g
system
The m ethodology described in this paper is 

tested on open data available on w eb site https:// 
w w w .citib ikenyc.com /system -data. There can 
be found data about all trips done by user o f  
system  C itiB ike N e w  York and annual reports 
per m onth from M ay 2013. C itiB ike system  start 
his operation in M ay 2013. On average, there 
are 43 ,604  rides per day, w ith each bike used 3.5 
tim es per day. It has 8 ,629  annual m em bers and 
61,715  casual m em bers signed up or renewed  
during the month. There are 757 active stations 
at the end o f  the month. The average bike fleet is 
12,744 w ith 12,793 bikes in the fleet. Citi B ike  
staff rebalances on average 22 ,2 8 0  b icycles per 
month. The Service D elivery  Departm ent utilizes  
box trucks, vans, contracted trikes, articulated 
trikes ( ‘bike trains’), valets, and m em ber 
incentives ( ‘B ike A n g els’) to redistribute bikes 
system -w ide.

C itiB ike system  publish dow nloadable files  
o f  C itiB ike trip data. The data includes: Trip 
Duration (seconds), Start Time and Date, Stop 
Tim e and Date, Start Station N am e, End Station 
N am e, Station ID, Station Lat/Long, B ike ID, 
U ser Type (Custom er =  24-hour pass or 3-day 
pass user; Subscriber =  Annual M em ber), Gender 
(Zero=unknown; 1=male; 2=fem ale), Year o f  
Birth. This data has been processed to rem ove  
trips that are taken by staff as they service and 
inspect the system , trips that are taken to/from  
any o f  “test” stations, and any trips that were  
b elow  60 seconds in length (potentially false  
starts or users trying to re-dock a bike to ensure 
its secure).

3. T ensor m odel and  ex tra ctin g  la ten t
features
Tensor is a array w ith 3 or m ore dim ensions. 

D ecom position s o f  a higher-order tensor can be 
used to extract and explain the properties am ong  
the tensor. Tensor decom position  is w idely
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Figure 1. Tensor decomposition

used in computer v ision , numerical analysis, 
data m ining, neuroscience, graph analysis etc. 
[15]. In this paper, w e  propose to m odel human 
flow  betw een different neighborhoods w ith a
3 -dim ensional tensor H  e  RNxWxi, as show n in 
Figure 1. The first dim ension o f  the tensor H  
denotes N  origin neighborhoods, the second  
dim ension denotes N  destination neighborhoods, 
and the third dim ension denotes L tim e slots, 
respectively. Each entry o f  the tensor H (t, j ,  1) 
stores the average number o f  trips starting from  
neighborhood i to neighborhood j  during tim e  
period l.

W ith this tensor m odel, w e  extract the latent 
spatial features o f  each origin neighborhood, 
destination neighborhood, and the latent temporal 
feature o f  each tim e slot through a Tucker 
decom position. The Tucker decom position can be 
thought o f  as the form o f  higher-order Principal 
Com ponent A nalysis (PCA). It decom poses a 
tensor into a core tensor m ultiplied by a matrix 
along each dim ension [15]. In our case, w e  
decom pose the tensor H  into three m atrices

So Nxp, S d  NxQ, T  LxR, and a core tensor 
GpxQxR, as shown in Figure 1. M athem atically, this 
relationship can be expressed as in Equation 1:

К  ^ G X 1 S D X 2 S d X 3 T  (1)

4. P red ictin g  u sin g  la ten t featu res
A fter the extraction  o f  latent spatial- 

tem poral features, w e  m athem atica lly  m odel

the relationsh ip  b etw een  spatial-tem poral 
activ ities  such as hum an m ob ility  and the  
extracted  latent features for prediction. For this, 
w e assum e that p e o p le ’s m ob ility  is  generated  
from  a sm ooth  and continu ous p rocess. This 
process has typ ica l am plitude and variations  
in the function  w h ich  takes p lace over spatial, 
tem poral, and other characteristics. For 
exam p le, to  predict the v o lu m e o f  ou tflow  x o  
i, in the n eighborhood  i during tim e period  I 
(or the v o lu m e o f  in flow  x i  i, 1), w e  can m odel 
the relationsh ip  as below :

d (4 S ot  ̂ ^  X0 U-1, ... ) (2 )

3 ( s dL.  T IF ^ l - V ... ) (3)

N ote  that instead o f  relating this relationship  
to som e specific m odels such as linear, quadratic, 
cubic, or even non-polynom ial m odels, w hich  
m ay have num erous possib ilities, w e  m odeled  
this relationship as a free-form  G aussian process. 
One reason for using the G aussian process is 
that for any spatial-temporal activity у  (e.g ., x o  
i,l) to be predicted, it w ill likely  be generated  
by the sam e process and have sim ilar values as 
the historical processes that share sim ilar latent 
spatial-temporal features. W e can take advantage 
o f  this relationship and use it for prediction. The 
G aussian process is described properly in the 
w ork o f  R asm ussen [16].
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F ig u r e  2. R e s u l ts  o f  p r e d ic tio n

5. R esu lts
The m athem atical m odel and all calculations 

are done in programm ing language python w ith  
help o f  libraries. Three-dim ensional tensor w as  
created w ith num py library. Generated tensor is 
decom posed by Tucker decom position  algorithm  
using tensorly library, that is h ighly recom m ended  
for tensor learning in python. Gaussian regression  
w as done by library GPy. In order to verify our 
assum ptions, the data set w as divided into tw o  
part: train data and test data. Taking a look  at the 
training data, w e  can see a number o f  features 
that occur in the data. There is a clear periodic 
trend that is daily or w eekly. W e can use this 
prior inform ation in our choice o f  kernel to g ive  
som e m eaning to the G aussian process fit. In the 
Figure 2 you  can see the prediction o f  outflow  o f  
one station for one month. In figure vertical axis 
is the number o f  bikes taken from that station, 
horizontal axis is the number o f  hours in month. 
For exam ple, 0 is first hour (00:00-00:59) o f  first 
day o f  month, 39 is tim e period 14:00-14:59 o f  
second day o f  m onth (39-24= 15).

For prediction accuracy m easurem ents, w e  
used the m ean squared error (M S E ) and m ean  
absolute scaled error. M SE  in average is 1919  
and M A SE  is 0.38.

C on clu sion
In th is  w ork , w e  p ro p o sed  a n ew  

m e th o d o lo g y  fo r  th e  p r e d ic t io n  o f  sp a tia l-  
tem p o ra l hum an  m o b ility , e s p e c ia l ly  the  
in f lo w  and o u t f lo w  o f  b ik e s  from  o n e  s ta tio n  
to  an oth er  d u rin g  certa in  tim e  p er io d s . Our 
m e th o d o lo g y  c o m p rise d  tw o  step s: ( 1) u se  
o f  a 3 D  ten so r  to  m o d e l hum an  m o b ility  
and ex tra c t la ten t  sp a tia l and tem p o ra l 
fea tu res  o f  d iffe r en t s ta t io n s  and t im e  
p er io d s  th rou gh  ten so r  fa c to r iz a t io n ;  and  
(2 ) m o d e le d  r e la t io n sh ip  b e tw e e n  m o b ility  
pattern s and th e  ex tra c ted  la ten t  sp a tia l and  
tem p o ra l fea tu res  as a G a u ssia n  p r o c e ss  
fo r  p r e d ic t io n  o f  hum an  m o b ility . F or  
v a lid a t io n  o f  th e  p ro p o sed  m e th o d o lo g y , w e  
e x p e r im en te d  w ith  N e w  Y ork C ity ’s b ik e  
trip s. T h e r e su lts  sh o w e d  th at our ex tra c ted  
la ten t  fea tu res  s u c c e s s fu lly  d is t in g u ish  
b e tw e e n  b ik e  sh arin g  s ta t io n s  w ith  d iv e rse  
u n iq u e  c h a r a c te r is t ic s .

This work has done under the project №  
А Р 05134776  «Location A nalytics Techniques for 
Prediction o f  M obility  Patterns» o f  the M inistry  
o f  Education and Sciences o f  the R epublic o f  
Kazakhstan.
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