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ABSTRACT

In this paper, we focus on developing a model and system for predict-
ing the city foot traffic. We utilise historical records of pedestrian
counts captured with thermal and laser-based sensors installed at
multiple locations throughout the city. A robust prediction system
is proposed to cope with various temporal foot traffic patterns. The
empirical evaluation of our experiment shows that the proposed
ARIMA model is effective in modelling both weekdays and weekend
patterns, outperforming other state-of-art models for short-term
prediction of pedestrian counts. The model is capable of accurately
predicting pedestrian numbers up to 16 days in advance, on mul-
tiple look-ahead times. Our system is evaluated with a real-world
sensor dataset supplied by the City of Melbourne.
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1 INTRODUCTION

With the rapid growth of human population in modern cities, the
facilities provided in sustainable environments have brought the cit-
izens to be more engaged in moving within the pedestrian friendly
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urban spaces. The vibrancy and vitality of a city are often indicated
by its high pedestrian activities in a walking-friendly environment.

Furthermore, there is also a direct link between the economic
prosperity and safety index of a city, and the convenience of the
pedestrian experience [11]. For example, 2.9 percent population
growth in Melbourne suggests that it lives up to its reputation as a
great place to work, visit, socialise and reside. The numbers add up
to more than 38.3 percent increase in daily population to the city
by the year 2030. The vast majority of this daily population would
move as pedestrians within the dynamic urban spaces.

Consequently, a high number of pedestrians indicates the crowd-
edness of its environment, which is also influenced by various
urban factors (e.g. weather and reliability of public transporta-
tion services). Such situation where high human density is promi-
nent would require immediate attention (in terms of resource plan-
ning and allocation) to cope with the growing pedestrian demands.
Hence, there is a tremendous need for both internal and external
stakeholders to continue adopting a long-term strategy for urban
planning and management; improving city walkability and trans-
port; measuring the impacts of events on pedestrian activity; devel-
oping marking strategies to maximise their exposure and identify
staffing and resource requirements.

Modelling modern city pedestrian counts is difficult as the level
of pedestrian crowdedness varies by locations and changes over
time significantly. Although the level of crowdedness can be derived
from the counts, the mobility of pedestrians also depends on the
spatio-temporal aspects (such as different time of day and location).
For example, fewer pedestrians are noticed in the evening (in com-
parison to the counts in the daytime) for a specific location, while
other areas may have a dramatic increase of pedestrian movements
where there are prominent bars, restaurants, and night parties on
the corresponding streets. Certain groups of people are more in-
terested in the nightlife activities, which results in higher counts
of pedestrians on those streets. Even if sensors can be deployed
ubiquitously to detect the pedestrians, the tasks for diagnosing and
forecasting pedestrian movements solely based on the pedestrian
sensor data are inherently challenging. Furthermore, a modern city
such as Melbourne has many special events that may change the
overall mobility patterns of the pedestrians.

As sensors are becoming smarter to detect the presence of pass-
ing pedestrians, modelling pedestrian mobility is a non-trivial task.
Many of the previous works have only attempted to predict pedes-
trian movements in a closed area (i.e. controlled environment).
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For example, several methodologies are used to predict the pedes-
trian movement in a shopping mall based on the previous status
of visitors [3]. In other cases, a planning-based prediction for the
pedestrians is achieved by determining the robot movements in a
closed environment (e. g. kitchen, secretary desk, and lounge areas
[23]). Hence, the challenge that we faced during this study is related
to the dynamic human movement within urban spaces (i.e. public
service areas in the city). Moreover, there is no suggestion about
a long-term strategy for urban planning and management. Other
methods such as [7, 13] leverage image based estimation approach
of pedestrian orientation to improve travel path and traffic predic-
tions. In this paper, the proposed system is tailored to tackle the
issue of pedestrian movements in public locations, given various
temporal foot traffic patterns that can emerge from pedestrian sen-
sor data. Therefore, the aim of our study is to predict the city foot
traffic, given pedestrian sensor data that are continuously streamed
by non-vision based sensors.

To tackle the problems of analysing pedestrian mobility patterns
in a dynamic urban environment, the main contributions in this
paper are as the following:

(1) A robust system for processing time series data (embedded
with various temporal trends) and interactive report (includ-
ing visualisation) for the prediction of city foot traffic.

(2) Accurate short-term predictions for pedestrian counts based
on the sensor locations and their intrinsic temporal foot
traffic patterns.

(3) Empirical evaluation of various state-of-art models for future
prediction of city foot traffic.

Given the proposed system and the main contributions above, the
outputs of such predictions allow us to have a better understanding
of how the pedestrians move dynamically within the urban spaces,
especially when the data are sourced from non-intrusive devices
(non-vision based sensors). By having the insights of how people
utilise the city, it could lead to the improved coordination and
planning for satisfying future citizenship needs. Furthermore, it
allows the authorities to improve pedestrian walking service and
in turn increase user’s satisfaction with the city life experience.

Throughout this work, there are several key motivations for
knowing more about current and future pedestrian movement. The
corresponding authorities identify them as the following:

e The city has a focus to effectively plan for the future to
ensure the city remains a pedestrian friendly and easy access
city.

e Planning requires data and an understanding of current
trends and future demand.

o The understanding of future state allows the city to plan for
additional infrastructure (such as footpath construction that
eases congestion).

The rest of the paper is organised as follows. Section 2 provides
the background and related work. In Section 3, the analysis of pedes-
trian counts data is elaborated extensively. Section 4 includes our
proposed system for predicting the city foot traffic with pedestrian
sensor data. The forecasting models used in our experiment are
then described in Section 5. Hence, Section 6 presents the perfor-
mance evaluation of these forecasting models. Finally, we conclude
our studies in Section 7, including the future work.
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2 RELATED WORKS

Doan et al. in 2015 used the City of Melbourne pedestrian move-
ments dataset for their research [6]. They tested whether the accu-
racy of an Ensemble Switching outweighs its complexity compared
to their static HyCARCE clustering model for modelling pedes-
trian movements. Doan et al. [6] focused on anomalous events
and analysing the HyCARCE model. The experiments show that
pedestrian distributions can be clustered into meaningful profiles
characterising major activities throughout the day. HyCARCE de-
tects the crowd time periods for different major events throughout
the event day, which is for a specific day. This research does not
provide a general solution for the normal pedestrian activity pat-
tern. Compared to Doan et al’s research work [6], we concentrate
on the forecasting of pedestrian counts for the future time periods
instead of discovering meaningful clustering patterns.

Many of previous works on forecasting pedestrian flow have
only attempted to predict pedestrian’s movement in a closed area.
For example, some method to predict the pedestrian movement in
a shopping mall from people’s previous status [3], or a planning-
based prediction for pedestrian for determining robot movements
in a closed environment such as a kitchen area, secretary desk area,
and lounge area [23]. In fact, these studies are more focused on
private area prediction instead of the pedestrian activity in public
service area in the city. In other domain such as human occupancy
counting, the human presence is detected by modelling time series
data from ambient sensors in a closed office space environment [2].

Furthermore, there is no suggestion about a long-term strategy
for urban planning and management. The other approaches are
related to the image-based estimation of pedestrian orientation for
improving path prediction and traffic [7, 13]. In [14], the pedestrian
counts in groups are estimated and tracked using kalman filtering
techniques.

Another related work such as [22] focused on sensors in public ar-
eas. However, they required the data from vision-based sensors (i.e.
surveillance video cameras). Thus, high dimensional features are
extracted and be used as the inputs for image processing techniques
and non-linear regression models, in order to quantify the pedes-
trian counts in crowded areas. However, the solution for non-vision
based sensors is different, due to the fact of having significantly
less number of dimensions. In our case, a sensor only captures the
pedestrian count in last hour at a given time. Moreover, their work
focused on quantifying the pedestrian counts for the real-time ap-
plication instead of a future prediction of city foot traffic, which is
the main problem we discuss in this paper. Thus, it is important to
model city foot traffic patterns based on time-series analysis, for the
purpose of forecasting report (i.e. future prediction of pedestrian
counts).

There is a significant amount of analysis about short term anal-
ysis of human mobility using different prediction methodologies.
Moreover, several related works are using the number of available
bikes in the stations of the community bicycle program [12]. It
should be noted that these works are not based on pedestrian data.
In [12, 18], only next 60 minutes and 2 hours are estimated.
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Bezuglov et al. [4] proposed the grey system theory models for
short term traffic speed prediction study. They also compared the
nonlinear time series models. Their grey models demonstrated bet-
ter accuracy performance in comparison to other tested nonlinear
models using Root Mean Squared Errors and Mean Absolute Per-
cent Errors. In [8], the article presents a multi-agent system model
for virtual power plants. The proposed model manages the different
elements including a set of agents embedded with artificial neu-
ral networks for collaborative forecasting of disaggregated energy
demand of domestic end users.

3 PEDESTRIAN COUNTS IN MELBOURNE

3.1 Pedestrian Counts Dataset

Nowadays, location-based urban data are highly available such as
point of interests, real-time traffic and user check-in data. However,
the pedestrian counts used in this paper are derived from non-
vision based sensors in Melbourne, Australia. The open dataset
is widely accessible from City of Melbourne’s 24-hour pedestrian
counting system. There are more than 42 sensors installed within
range of Melbourne Central Business District (CBD). In [16], visual
representation of pedestrian volume is provided for each location
from year 2009 to 2017. We leveraged their open dataset for our
study in this paper.

The types of sensors deployed in City of Melbourne’s Pedestrian
Counting System are thermal and laser based sensors. Typically, a
sensor is installed under an awning or on a street pole forming a
counting zone on the footpath below. It records all multi-directional
pedestrian movements passing through the zone. The data collected
from a wireless data transmission system is stored in the onsite
data logger and be transferred to the central server every 10-15
minutes, which then be integrated to the data visualisation website
every hour. The target locations were selected based on following
three criteria:

e Main pedestrian thoroughfares
o Retail and event activity
e Egress and entry flow to these areas

As mentioned previously, these non-vision based sensors are set
to only record human movements. Hence, no personal information
is collected since no image is captured. Each sensor is labelled by its
street or station name. Particular streets or stations have multiple
sensors for different directions, which are labelled according to
their directions.

The Pedestrian Counting System provides an information service
for users through the City of Melbourne Council website (refers to
Figure 1). It shows a dynamic map of Melbourne CBD area overlaid
with a small vertical bar for each sensor location, which includes the
value of pedestrian counts and its detailed daily summary. In each
daily summary of a particular sensor, we can perform a direct hourly
comparison between real-time pedestrian counts of the day and the
average pedestrian counts of the previous four weeks and fifty-two
weeks. Each data point in the visualisation provides the pedestrian
count information for each hour. Our observation also revealed
that the pedestrian dataset contains missing data. Moreover, the
hourly count represents repetitive zero values when the sensor is
unavailable due to a technical reason.
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Figure 1: City of Melbourne’s 24-hour pedestrian counting
system [16]

Their open data is structured with the following information:

(1) Station name

(2) Street name

(3) Sensor location name and sensor id

(4) Latitude and longitude of each sensor

(5) Number of pedestrian present in the counting zone
(6) Detailed timestamps of each day

In order to analyse the dynamics of station or street loads, we
have been collecting these CSV documents since March 2017 and
stored all the relevant information, such as the station name, locali-
sation, pedestrian counts and timestamps. As the Pedestrian data
are updated from time to time, the dimension of the data increases
as new sensors are also added (corresponding to certain stations).
In overall, the deployment has grown from 34 to 42 sensors, ever
since the information of pedestrian counts data were made publicly
accessible through the Pedestrian Counting website.

3.2 Analysis of Pedestrian Counts Data

Before we begin calculating pedestrian activity, we take a closer
look at the data collected from City of Melbourne Council website.
The plot in Figure 2 shows an example of the collected time series
data from a railway train station that is close to large shopping
centre, office, public transport and university campus. The data
collection started from January to March 2016. In other words, the
observation of total three months time series data was applied to
one sensor as an example. The black line indicates the average
number of pedestrian counts captured by this particular sensor
within three months. The figures also show the overview of average
pedestrians by the weekly patterns for a particular train station (a
sensor in a given location). Furthermore, the grey areas correspond
to minimum and maximum bounds of the pedestrian counts.
From our observation, the data is relatively noisy with several
sudden increases and declines in the minimum and maximum pedes-
trian counts. These trends can be caused by special events or ex-
treme weather, which could affect the local pedestrian activities.
The average weekly activity patterns are shown in Figure 2 from
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Figure 2: Summary of Pedestrian Mobility Week Patterns (The data collection started from January to March 2016).

Monday to Sunday, which allows us to average out those fluctu-
ations. Therefore, unpredictable events such as traffic accidents
and natural disasters are excluded in the rest of this study. Tues-
day, 26 January 2016 is Labour Day, which may be the reason to
cause the drop in Figure 2(b) for its minimum number of the pedes-
trian. Monday, 14 March 2016 is an Australia Day. Such festivals are
also excluded and be filtered out for our analysis in this paper. It
should be noted that the foot traffic patterns associated with these

events will be included in our future work, in order to improve our
proposed system.

The greater standard deviation of the weekend patterns are pri-
marily caused by the public holiday. There are two distinct patterns
that we have observed: weekdays and weekend foot traffic patterns.
This differentiation is verified by more detailed analysis of the
weekdays (Monday - Friday) and weekend patterns (Saturday and
Sunday) in the given Figure 2. The weekdays and weekend patterns
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across three month time period are compared. We first concentrate
on the weekdays foot traffic patterns. In fact, the weekdays patterns
shown in Figure 2 are focused on one of Melbourne’s major railway
train stations. Relative low activity pattern is noticed between 00:00
and 7:00 am, the average number of pedestrian under this sensor
is less than 500 in weekdays patterns. There is an upward trend
during 7:00 to 11:00 as people normally start the daytime activities
within this time range. Not until 12:00 to 1:00 the pedestrian counts
reaches a peak point. There are two reasons that may explain this
intrinsic behaviour. Firstly, several people started their activities in
the middle of the day. Secondly, there are many restaurants near
this station in the shopping centre. Consequently, people would be
seeking for food in the lunchtime. Furthermore, this station experi-
ences the second peak starting at 17:00 and reaches its maximum
at 18:00 in the afternoon. This may either be caused by people
leaving the office or university to off from work or study. Finally,
this station also experienced a high number of pedestrian activity
around 20:00 caused by the popular bars and restaurants near or
within the shopping centre.

Compared with weekdays patterns, the weekend patterns are
distinctively different, thus having greater standard deviation. We
can observe that the boundary of the maximum pedestrian count
is about 5000 in the midnight of Saturday. This change can be ex-
plained that people are more active and likely to have more outdoor
activities during the evening in the weekend. In the daytime, the
average number of pedestrian under this sensor is about 2500 at
peak time from 13:00 to 20:00, which is significantly lesser than the
peak of weekdays foot traffic patterns.

4 CITY FOOT TRAFFIC PREDICTION
4.1 System Architecture

In order to handle the variability and inconsistency of temporal
foot traffic patterns emerging from the time series of pedestrian
sensor data, we present the design of City Foot Traffic Prediction
system in this section.

The general system architecture is described in Figure 3. City
Foot Traffic Prediction system consists of the following three core
components:

4.1.1 Construction of Forecasting Model. The objective of this
component is to produce the forecasting models that can be used
for prediction tasks. First, the historical records are retrieved
from the Pedestrian Counting System. Essentially, these historical
records require substantial data cleaning process, which includes
the selection and extraction of temporal foot traffic patterns. In
this case, we extract both weekdays and weekend foot traffic pat-
terns. Once these patterns have been extracted from the time-series
data, the model building process is initiated, given a set of pre-
defined predictive algorithms. Subsequently, the model selection
process is applied to the forecasting models that are produced
from the previous step. The criteria for selecting the forecasting
model depend on the evaluation metrics that are used to measure
the predictive performance (refers to Section 6).

4.1.2  Prediction of Future Pedestrian Counts. This component
is mainly responsible for executing the predictive tasks. Previous
n-weeks time series data of pedestrian counts are required as the
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Figure 3: General System Architecture of City Foot Traffic
Prediction System

input. Consequently, data pre-processing is required to produce
the data in the desired format, which will be the input for the pre-
dict function. In this function, the short-term forecasting model
from output of the model selection process is used. Inherently, there
are two possible outcomes of the predict function: success and fail-
ure. When the predict function fails to execute, it would then be
forwarded to error handling component as a fall-back mechanism.
For example, default parameters for the ARIMA model would be
applied when the predict function fails to execute. Otherwise, the
forecasting result for future pedestrian counts is produced as the
output of a successful prediction task for a given sensor location.

4.1.3  Visualisation and Report Generation. Once the forecast-
ing result has been produced from the previous step, meaningful
representation is generated through this component. Consequently,
the report generation requires the consolidation of the forecasting
result. In this case, data summarisation and visualisation are used
in the forecast report generation.

4.2 System Implementation

City Foot Traffic Prediction system was implemented in R program-
ming language. For the reporting module, Knitr [20, 21] is used
as the engine for dynamic report generation with R. In order to
perform both weekdays and weekend prediction for the next two
weeks, the system requires a CSV input file that contains at least
previous four weeks of pedestrian counts data. These data can be
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extracted from the Pedestrian Counting System. Moreover, the sys-
tem is specifically developed to be executed on a standard Windows
Operating System.

5 SHORT-TERM FORECASTING MODELS

5.1 ARIMA Model

The ARIMA algorithm is a statistical method for analysing and
building a forecasting model which best represents a time series
by modelling the correlations in the data. ARIMA model is one of
the most widely-used approaches to time series forecasting, and
provide complementary approaches to the problem [19] [10].

The aim of ARIMA model is to describe the autocorrelations
in the data.The acronym ARIMA stands for Auto-Regressive In-
tegrated Moving Average. Lags of the stationarised series in the
forecasting equation are called “autoregressive (AR)” terms, lags of
the forecast errors are called “moving average (MA)” terms, and a
time series which needs to be differenced to be made stationary is
said to be an “integrated” version of a stationary series [19] [9]. In
an autoregression model, we forecast the variable of interest using
a linear combination of past values of the variable. The term au-
toregression indicates that it is a regression of the variable against
itself [10]. Thus, an autoregressive model of order p can be written
as

Yr =c+ P1yr—1 + ayr—2 + ... + $pyr—p + et, (1)
where c is a constant and e; is white noise. y¢—1, ys—2...ys—p are the
past series values named as lags. We refer to this as AR(p) model. A
moving average model applies past forecast errors in a regression-
like model. The g order moving average model denoted by MA(q)
is

Yyr =c+er +01er—1 + brera + ... + Oger—g, )

where e; is white noise, and 6;...04 are constants. If combining
differencing with autoregression and a moving average model, we
obtain a non-seasonal ARIMA model. The full model can be written
as

Yr =t Py o+ Ppyi_p o+ Pger—q + et 3)
where y; is the differenced series that include both lagged values

and lagged errors. A non-seasonal ARIMA model is usually specified
as an ARIMA(p, d, q) model, where:

e p is the number of autoregressive terms,

e d is the number of non-seasonal differences needed for sta-
tionarity, and

e g is the number of lagged forecast errors in the prediction
equation.

We select the three parameters based on Hyndman’s method
presented in [10]. In order to identify the numbers of AR or MA
terms in an ARIMA model, a time series needs to be stationarised
by the difference in the first step. The next step in fitting an ARIMA
model is to determine whether AR or MA terms are needed to
correct any autocorrelation that remains in the differenced series.
We use autocorrelation function (ACF) plot, and the closely related
partial autocorrelation (PACF) plot to determine appropriate values
for p and q. ACF plot shows the autocorrelation which measure

X. Wang et al.

1.0

0.5

ACF
0.0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
.
1
I
|
1

-0.5

Lag

Figure 4: An estimate of the autocorrelation function of a
pedestrian counts time series

the relationship between y; and y;_. for different values of k. If y;
and y;—1 are correlated, then y;—; and y;—» must also be correlated.
Then y; and y;— might be correlated. This is because both y; and
y;—2 are connected to y;—1, which can be applied in forecasting
y;. The measurement of relationship between y; and y,_j after
removing the effects of other time lags from 1,2,3,...,k — 1 can
be done by using PACF. The first partial autocorrelation is identical
to the first autocorrelation. The partial autocorrelation for lags 2,3
and greater are calculated as ap equal to the kth partial autocor-
relation coefficient, and aj also equal to the estimate of 6, in the
autoregression model as follows:

Y =C+91yt_1 +92yt—2+---+9kyt—k + e;. (4)

Three factors that should be considered to determine the first
guess at an ARIMA model are: a time series plot of pedestrian data,
the autocorrelation and the partial autocorrelation for pedestrian
count data. The ACF and PACF should be considered together. The
following charts in Figure 4 and Figure 5 demonstrate the ACF and
PACEF plots for the weekend pedestrian count data from January
to April 2017. The partial autocorrelations have the same critical
values of | z |> 1.96 as for ordinary autocorrelations. In Figure 4,
there are three spikes decreasing with the lag in the ACF and then
no significant spikes thereafter. In PACF shown in Figure 5, there
are two spikes and no other significant spikes apart from one just
few just outside the bounds 0.4. The ignored spikes in each plot
are the ones outside the limits, and not in the first few lags. The
probability of a spike being significant by chance is about one in
twenty four. In total, there are 24 spikes in each plot ACF and PACF.
The pattern in the first two spikes in PACF specifies the expectation
from an AR(2).

Let us consider the selection best parameters by comparing the
value of: Akaike’s Information Criterion (AIC) on a set of models
and investigate the models with the lowest AIC values. Table 1
demonstrates all the AIC values comparison between different pa-
rameters applied on the pedestrian forecasting model. We obtain
ARIMA(2, 0, 1) as the best model for predicting pedestrian counts
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Figure 5: An estimate of the partial autocorrelation function
of a pedestrian counts time series

from the lowest AIC comparison. We test various ARIMA models on
the pedestrian counts dataset in 2015-2017. There are more than 16
models compared for choosing the best parameters: ARIMA(0, 0, 1),
ARIMA(0,0,2), ..., ARIMA(3,0, 3). The table below illustrates the
AIC comparison among p in AR(p) and q in MA(q). The lowest
AICs are highlighted in bold in three different ARIMA models.
The worst two models are also highlighted in Italic. The three
bold highlighted ARIMA models has the lowest AICs in the table,
such as ARIMA(2, 0, 2) and ARIMA(2, 0, 3) may offer better fit than
ARIMA(2,0, 1), however that fit is not worth the loss in parsimony
imposed by the addition of increased AR and MA lags.

[ [p=0  [p=t  [p=2 [p=3 |

q=0 | 2929.71 | 2578.40 | 2479.25 | 2455.02
q=1 | 2709.98 | 2507.54 | 2462.24 | 2452.84
q=2 | 2597.26 | 2485.62 | 2443.05 | 2448.70
q=3 | 2594.13 | 2481.83 | 2441.66 | 2451.54

Table 1: AIC values with respect to different values of param-
eters p in AR(p) and g in MA(q)

5.2 Baseline models

In practice, we compare the forecasting performance of three differ-
ent advanced linear regression models: autoregressive integrated
moving average, support vector regression (SVR), and multiple lin-
ear regression (MLR) models. We use SVR and MLR models as our
baseline models.

5.2.1 Support vector machine regression model. Support vector
machine (SVM) analysis is a popular machine learning tool for
classification and regression, first identified by Vladimir Vapnik and
his colleagues in 1992 [5]. SVM can also be applied as a regression
method, maintaining all the main features that characterise the
algorithm (maximal margin) [17]. When it is applied to a regression
problem, it is termed as support vector regression.
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Suppose we have given training data {(x1,y1),...,(x;,y;)} C
X X R, where X denotes the space of the input patterns. When
there is a linearly separable set of points of two different classes,
the objective of a SVM is to find where that particular hyperplane
in which separates these two classes with minimum error. While
it also making sure that the perpendicular distance between the
two closes points from either of these two classes is maximized.
That is the method how the hyperplane is determined. A separating
hyperplane in canonical form must satisfy the following constrains,

yi[{w,x;) +b] 1, i=1,...,1, (5)

where (., .) denotes the dot product in X. Hyperplane in the case of
Eq. 5 means that one seeks small w. There is one way to minimize
the Euclidean norm. The problem as a convex optimization problem

1
by requiring minimize 5 | w ||? which is subject to:

yi—(w,xj)—b<e

(6)

(w,xjy+b—-y; <e

The assumption in Eq. 7 is that such a function y actually exists
that approximates all pairs (x;,y;) with ¢ precision [17], support
vector regression attempts to minimize the generalization error
bound to achieve generalized performance. The idea of SVR is
based on the computation of a linear regression function in a high
dimensional feature space where the input data are mapped through
a non linear function.

Mean Absolute Percentage Error
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Figure 6: The forecasting performance of three different
models evaluated via the mean absolute percentage error.

We use R interface to libsvm in package 1071, svm(), is de-
signed to be as intuitive as possible [15]. The models are fitted and
new data can be predicted. Both matrix and the formula interface
are implemented in the R’s statistical functions. The engine uses the
dependent variable’s type (y): if y is a factor, the engine switched to
classification mode, otherwise, it behaves as a regression machine.
If y is omitted, the engine assumes a novelty detection task.
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5.2.2  Multiple linear regression model. A multiple linear regres-
sion analysis attempts to model the relationship between two or
more explanatory variables and a response variable by fitting a
linear equation to observed data [1]. Each value of the independent
variable x is associated with a value of the dependent variable y.
This carries out to predict the value of a dependent variable, Y,
given a set of p explanatory variables (x1, x2, ..., xp) is defined to
py = Po + Pix1 + Paxz + ... + Bpxp. The equation describes how
the mean response p1,, changes with the explanatory variables. The
observed values for y vary about their means y,, and are assumed
to have the same standard deviation. The formal model for multiple
linear regression, given n observations, is:

yi=ﬂ0+ﬂlxi1+ﬂzxi2+...+ﬁpx,-p+£,~, i=12,...,n. (7)

We use R interface 1m() is used to fit linear models with addition
of a one or more predictors. It can be used to perform multiple linear
regression, and single stratum analysis of variance and analysis of
covariance. As a predictive analysis, we model the relationship be-
tween three explanatory variables — Spencer St-Collins St (North),
Spencer St-Collins St (South) and Southern Cross Station sensors.
We used Spencer St-Collins St (North) as one continuous dependent
variable and the other two sensors as independent variables. In next
section, we evaluate the forecasting performance of the relationship
between three explanatory variables for pedestrian count data.

6 PERFORMANCE EVALUATION

In this section, we present initial results on the prediction of pedes-
trian counts at a given time and location. We compare several linear
regression models and establish evaluation measurements, includ-
ing the baseline with which other models can be compared. The
evaluation that we present in this section would be used as the inclu-
sive process (refers to model selection process in Section 4.1.1) in
our proposed system. The framework leveraged by the system can
essentially be used not only for forecasting the pedestrian counts,
but also for other forecasting problems.

In our experiment, we compare the forecasting performance of
three different advanced linear regression models: autoregressive in-
tegrated moving average (ARIMA), support vector regression (SVR),
and multiple linear regression (MLR) models. Empirical evaluation
is performed on these models by measuring the mean absolute
percentage error (MAPE) over all available dates and all available
sensors. Consequently, the evaluation covers various time periods,
i.e. one day, two days, four days, ... and more than 16 days into
the future.

Figure 6 shows an example of overall forecasting performance
of ARIMA, SVR, and MLR models evaluated via the mean absolute
percentage error for one particular sensor and different time peri-
ods. The black curve corresponds to the mean absolute percentage
error value for SVR model, while the dotted line with diamond
and dashed line with square indicate the mean absolute percent-
age error value for MLR and ARIMA models. In this example, the
ARIMA model with best-selected parameters achieves a much lower
MAPE (indicated be the red line in Figure 6) using the pedestrian
counts of August 2016 dataset. The lower MAPE shows a better
performance in term of accurate forecasting method. Low MAPE
result for SVR model (dotted line with square in Figure 6) indicates
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a better forecasting result in the next 24 hours prediction. However,
the mean absolute percentage error result increases dramatically
from next 24 hours. For next 48, 96, and 192 hours prediction, SVR
models are not optimal given the MAPE performance evaluation.
The mean absolute percentage error of MLR model is slightly higher
than ARIMA model across different prediction time periods. For the
overall forecasting performance, the ARIMA model has the lowest
MAPE and the error keeps low within 16 days’ forecasting result.

From the application input perspective, both SVR and ARIMA
models request only one sensor as input string for one pipeline,
while the MLR model needs two or more than two input pipeline to
build the predictive model. We modelled the relationship between
three explanatory variables — Spencer St-Collins St (North), Spencer
St-Collins St (South) and Southern Cross Station sensors in MLR.
We used Spencer St-Collins St (North) as one continuous depen-
dent variable and the other two sensors as independent variables.
This increase the complexity of building a predictive application.
Given the overall ARIMA performance is better than the MLR for
its lowest mean absolute percentage error, and the simple input
pipeline system. The forecasting performance of ARIMA model
with best-selected parameters beats the other two linear regression
models: SVR and MLR.

The ARIMA models are trained by pedestrian count dataset from
2015 to 2017 March for all the sensors in Southern Cross area. We
selected a continuous section of about 300 hours of historical data
for each sensor for training the models. In all the experiments pre-
sented here, we used a history dataset, the same sensor or location
the predictions are generated for (AR component) and the surround-
ing sensor or location (MA component) to generate the predictions.
Hence, the corresponding orders of our ARIMA model are p = 2,
d =0,and g = 1 in ARIMA(2,0, 1).

Figure 7(a), Figure 7(b), Figure 7(c) and Figure 7(d) show the
forecasting result for the next 24, 48, 96 and 192 hours for one
specific sensor in Southern Cross area, using the weekend dataset
for forecasting (August and September in the year 2016). The solid
black line represents the ground truth of hourly pedestrian count
in the day. The dashed red line represents the forecasting result
for ARIMA model in different time periods in the four figures. As
shown in Figure 7(a), the forecasting result is very close to the
ground truth. Two lines are noticed to have similar city foot traffic
pattern from the first hour to twenty-four hours in the future. The
pedestrian count reaches the lowest number at midnight around
4am and starts to increase dramatically from 5am in the morning
to 3pm in the afternoon, then following with some noise around
6pm. Similar to the rest three figures (Figure 7(b), Figure 7(c) and
Figure 7(d)), there are some differences between the forecasting
results and ground truth from the 15th to the 20th hours of the
day. The performance of ARIMA models shows the lowest MAPE.
Moreover, its forecasting results are closer to the ground truth
within the limit of 192 hours for future prediction.



Predicting the city foot traffic with pedestrian sensor data

o
S |
w
o =
c
>3
3 8
O S
£ A\
o
2]
[0) o
s
T ©
o
o -
T T T I
5 10 15 20
Hours
(a) Next 24 hours
S
2 o
c —
>
8 o
s 8
(0] ~
=
3
3 8-
o wn
O —
T T T T I
0 20 40 60 80
Hours

(c) Next 96 hours

MobiQuitous 2017, November 7-10, 2017, Melbourne, VIC, Australia

o
S |
w
8 -
c
>3
o o
O S -
£ ~
o
7]
[ o
T B8 7
a
° T T T T
0 10 20 30 40
Hours
(b) Next 48 hours
o
£ 3
c ~—
=
8 o
£ 38
E -~
8
3 8-
o wn
O —
T T T T
0 50 100 150
Hours

(d) Next 192 hours

Figure 7: ARIMA forecasting results

7 CONCLUSIONS AND FUTURE WORK

In this paper, a robust pedestrian forecasting model is presented for
the case study of pedestrian sensor locations (the Southern Cross
area) in Melbourne, Australia. We choose a time series ARIMA
model for its best forecasting performance via the analysis of both
weekdays and weekend foot traffic patterns among three different
linear regression models. By investigating the lowest AIC value, the
best parameters for ARIMA model is selected and tested on ground
truth. From the MAPE comparison between different time period,
the ARIMA model provides accurate and stable forecasting result
in next 192 hours. The best time period for the weekend model is
next two weekends. The best time period for the weekdays model
is next two weekdays. Most importantly, the forecasting model
is mainly leveraged by our proposed system to predict city foot

traffic. Both City Foot Traffic Prediction system and forecasting
models are implemented in R programming language. The code is
designed to execute on a standard Windows desktop environment.
A visualisation of forecasted pedestrian counts will be presented in
the PDF file while executing the model.

For the larger scale of our future work, there are several improve-
ments that could be studied and applied to enhance the current
system. First, the modelling of different patterns such as public holi-
days and important events. Currently, only weekend and weekdays
pedestrian counts are predicted effectively. Different patterns could
emerge from such abnormal patterns that can be extracted from
special events (e.g. public holidays or major football league events).
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Secondly, a robust and integrated pedestrian count forecasting
system needs to be built for deep analysis of pedestrian mobility
patterns between sets of sensors. In other words, the association
between sensors (including auxiliary data) would be critical for the
improvement of the current forecasting system. Such predictions
would allow us to give City of Melbourne a better understanding of
how the people use the city at future times of the day so that we can
manage the way it functions and plan for future needs. In addition,
other sources of information can be leveraged, such as weather
data, road networks data and public transportation schedules.

Furthermore, the exploration and application of cluster analysis
(an unsupervised machine learning methodology) are needed. This
approach would let us distinguish sets of sensors into many group-
s/clusters for similar pedestrian mobility patterns by calculating
the small distances among the cluster members.
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