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Temporal pattern mining of urban traffic volume data: a pairwise
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ABSTRACT
Multiple pattern analyses of traffic data have been conducted previously;
however, it has yet to be explored with an awareness of temporal fac-
tors in big real-world traffic data. In this paper, we introduce a hybrid
method to measure the intensity of differences among various temporal
factors’ data. The proposed method can efficiently process the historical
data given temporal factors and provide insightful information about the
intensity of variations. After data denoising with basis splines, we reshape
the time series into a 2-D latent space using Principal Component Analysis
(PCA) according to the type of analysis. Pairwise K-means clustering is then
applied after anomaly elimination with DBSCAN to derive Adjusted Rand
Index (ARI) matrices. Finally, these matrices are then systematically used to
find similar patterns of different temporal perspectives. Multiple analyses
are carried out with real data fromMelbourne, Australia. Dissimilarities with
intensities of up to 80% are detected that are not detectable with general
clustering approaches.
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Introduction

The emergence of high-speed communication technologies, artificial intelligence, and advanced sen-
sors can facilitate better management of our transport systems. A wide range of sensor devices and
communication facilities are installed on roads and intersections daily (Sarvi, Asadi, and Van Uytsel
2021). Thewealth of resulting data provides an unprecedented opportunity to better understand traf-
fic network performance and address chronic traffic congestions, disruptions, and safety risks more
effectively. However, the lack of proper platforms and techniques to process big data effectively beset
the efficiency of applications.

Thanks to Intelligent Transportation Systems (ITS), historical traffic data has become readily avail-
able everywhere, bringing new challenges to scientists (Emami, Sarvi, and Asadi Bagloee 2019).
Although handling big data becomes more complicated over time, new applications, insights, and
methodologies emerge as a result of exploring these ever-growing databases. Among different data
collection devices, loop detector traffic volume data is one of the earliest and mainly deployed data
collectors in ITS with applications. It has shown significant advantages in several studies, from classi-
cal OD estimation (Hellinga and Aerde 1998) and traffic assignment (Vaze et al. 2009) to congestion
detection (Kalinic and Krisp 2019), accident detection (Parsa et al. 2020) as well as traffic prediction
(Chen et al. 2021; Emami, Sarvi, and Bagloee 2021).
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Data collected by loop detectors (e.g. speed, volume, and occupancy) represent the macroscopic
behavior of traffic dynamics within a specific location, and it is subject to some contextual factors (Qu
et al. 2021), mainly ‘temporal’ ones. For instance, the time of the day, day of the week, month of the
year, season of the year, and even the year itself can significantly alter the underlying distribution of
data (Horowitz et al. 2014). In addition, some other types of contextual factors exist, such as weather
conditions or pandemic situations like COVID-19, which caused unprecedented disruptions to urban
traffic systems (Liu and Stern 2021; Morita, Nakamura, and Hayashi 2020). It is noteworthy that some
effects of contextual factors, especially temporal ones, on traffic data are predictable and easily under-
standable (e.g. the difference betweenworkdays and holidays). However, some others cannot be fully
detected or understood by preexisting knowledge, especially when it comes to big data.

Our aim is to mine the patterns of traffic big data with respect to temporal factors. In other words,
wewant to knowhowdifferent thedataof various temporal factors are compared toeachother. There-
fore, given the traffic data of each link in a network, we will return scores representing the degree of
homogeneity between every pair of factors based on the data. This is valuable from twodifferent prac-
tical and research aspects: 1) it reveals the underlying data patterns that might be hard to detect by
simple data scanning and visualizations. 2) it helps data scientists to create amoremeaningful feature
space of temporal factors for further model training. There are plenty of recent works in the literature
signifying the impacts of temporal factors on traffic-relatedmodels, specifically data-driven predictive
ones (Ma, Song, and Li 2021; Qu et al. 2021). It is also shown that exploring traffic data patterns before
model development results in superior outcomes (Habtemichael and Cetin 2016; Song et al. 2018;
Leiser and Yildirimoglu 2021). However, despite these benefits, there is a lack of sufficient research on
developing fast and efficient methodologies mining these patterns in big datasets before any model
development.

Attempts are devoted to pattern mining of traffic data by applying statistical methods like ANOVA
(Rakha and Aerde 1995) and clustering methods such as agglomerative and spectral clustering
(Soriguera 2012; Yang et al. 2017). Functional Data Analysis (FDA) also proved helpful in this regard
(Guardiola, Leon, and Mallor 2014; Crawford, Watling, and Connors 2017). Although the techniques
recommended in these works are promising, pattern mining of traffic data with the temporal factors
given as input still needs to be comprehensively studied. Themain distinctions of this work compared
to the literature can be stated as follows: 1) temporal factors are used as input in our methodol-
ogy; therefore, the intensity of the differences between every possible pair of factors will indeed be
reported.Amorepreciseoutcome isprovidedbyconducting thepatternmining thisway. For example,
if clustering algorithms are applied to data of all days of the week, the difference between work-
days and weekends prevents any model from checking other differences among the workdays. 2) our
methodology can analyze the differences among the data of all temporal factors like time of the day,
day of the week, month of the year, and the year itself. Earlier studies mainly focus on just one or a few
of them. Since the temporal dimension of data is very long in some cases, various types of temporal
patterns are presented in the data, and the method should be capable of exploring all of these types.

With attention to the above-mentioned points, we propose a hybrid method that automatically
explores the patterns of big volume datawith regard to temporal factors and returnsmatrices demon-
strating the intensity of dissimilarities between every pair of factors. Principal Component Analysis
(PCA), a computationally efficient method for dimension reduction, is utilized to change the shape of
volumedata into a 2-D latent space. This ability of PCA significantly reduces the complexity of data and
makes it favorable for big data applications as it instantly compresses long daily time series into just
two variables. It also adds to interpretability since 2-dimensional data is always easier to visualize and
comprehend. Moreover, DBSCAN is employed to detect outliers related to sensor errors and public
holidays in the latent space, as they can be deceptive for clustering algorithms. After outlier detection,
pairwise clustering is also performed, given the data of every possible pair of temporal factors with
the K-means algorithm. The main goal of pairwise clustering is to determine whether the targeted
data pairs are meaningfully different. To measure the extent of this meaningfulness, Adjusted Rand
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Index (ARI) matrices are utilized to compare the ground truth (temporal factor labels) with the out-
come of K-means clustering. These matrices represent the intensity of the differences observed in the
data and can be used as a dissimilarity score.

To the best of our knowledge, our approach discovers temporal data patterns with more details
compared to the literature (Crawford, Watling, and Connors 2017; Yang et al. 2017; Guardiola, Leon,
and Mallor 2014; Soriguera 2012; Stathopoulos & Karlaftis, 200) as it exploits pairwise clustering and
benefits from temporal factors. We used six years of volume data recorded in different locations in
Melbourne, Australia, to verify our method. The contributions of this research paper are listed below:

• We exploit the PCA to represent the traffic data in a latent space and then compare it in terms of
given temporal factors. To the best of our knowledge, exploring different types of temporal factors
with PCA is not investigated in the literature.

• The proposed methodology in this paper conducts clustering of the data pairwisely regard-
ing temporal factors. This reveals more insights from the traffic data compared to the previous
methodologies exploiting general perspectives for clustering.

• This paper analyzes different types of temporal factors such as time of the day, day of the week,
month of the year, and the year itself, which is not the case in earlier efforts. Notable results and
applications are provided in this research as a result of conducting this range of analyses.

The rest of the paper is organized as follows. In the next chapter, we discuss previous works and
explain the novelty of this paper. In chapter 3, the structure of the methodology is described. Chapter
4 reviews the characteristics of the datasets used in this research. The results and outputs of this study
are also explained in chapter 5. Finally, chapter 6 provides a summary and conclusion of the content.

Literature review

To comprehensively review the literature related to our investigation, we discuss efforts devoted to
pattern mining in traffic data, along with studies establishing data-driven predictive models. The rea-
son for including the latter type is that they are the most recent studies containing challenges related
to temporal factors, and it is imperative to know how they deal with these factors. In the following
sections, we first review the pattern mining studies and then discuss data-driven predictive models
in the literature. In the end, we also explain how this research addresses current research gaps in the
literature.

Patternmining studies

Studies in this group aim to classify the daily traffic volumeor speedpatterns into different groups. The
main objective of these efforts is to provide insights for traffic agencies about the daily traffic behavior
in thenetworkor a specific road. In termsofmethodology, statistical tests andclusteringalgorithmsare
often used in the literature for data exploration. For instance, earlier studies (H. Rakha and Aerde 1995)
used theAnalysis of Variance test (ANOVA) to investigate the variations anddistributions of traffic data.
However, some researchers argue that traffic data only sometimes satisfies the assumptions of para-
metric tests suchasANOVA (Stathopoulos andKarlaftis 2001). Clusteringalgorithmswere also found to
be applicable and insightful for pattern mining. Without strict assumptions, these methods are capa-
ble of finding complicated patterns in data with higher dimensions. For instance, Soriguera (2012)
and Yang et al. (2017), utilized agglomerative and spectral clustering to group daily traffic data pat-
terns. However, their investigation was limited to daily variations in a short period and low-frequency
collected data (hourly collected).

Other studies can also be found in the literature focusing on traffic pattern investigation; how-
ever, their methodologies were designed for specific applications. Jiang and Adeli (2004) developed
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a Wavelet Packet-Autocorrelation Function Method to denoise the traffic data and identify its singu-
larities. Pascale et al. (2015) also proposed an algorithm using Ward’s method to extract daily speed
patterns from the data of a few connected trucks. Tensor decomposition was used by Yang et al.
(2019b) to detect homogenous subnetworks over time using two months of loop detector data. In
addition, Functional Data Analysis (FDA) (Li and Chiou 2020) also captured attention for analyzing
traffic volume data in previous works. For instance, Guardiola, Leon, and Mallor 2014; and Crawford,
Watling, and Connors 2017 fitted spline functions into the aggregated data collected by loop detec-
tors to benefit from functional PCA (FPCA) and functional linearmodeling. Guardiola, Leon, andMallor
2014 reshaped the daily traffic functions into a 2-D space using FPCA and clustered them to provide
a traffic monitoring system. Crawford, Watling, and Connors 2017 also createdmultiple functional lin-
ear models to investigate the effects of the day of the week feature space on functional prediction
accuracy.

Efforts in this group are substantial in developing practical approaches to explore historical traffic
data; however, more attention needs to be paid to patternmining with an awareness of temporal fac-
tors. Looking into the datawithout benefiting from temporal factorsmay result in imprecise clustering
since some differences among daily profiles are not easily detectable.

Data-driven predictivemodels

Temporal factors are one of the main concerns that should be addressed before developing any
data-driven predictive model. Previous efforts in this group can be divided into two main categories
regarding their approach to tackling temporal factors. Using pre-existing knowledge and clustering of
daily traffic patterns aremostly adopted in the literature for prediction, each ofwhichwill be discussed
in the following.

A vast majority of previous works (Liu, Liu, and Jia 2019; Lv et al. 2015; Yang et al. 2019a; Zhao et al.
2020: and Yao, Zhang, and Long 2021) have used assumptions or pre-existing knowledge to develop a
predictivemodel. This means that authors fed the data into their models without prior patternmining
to explore the exact extent of differences between the data of temporal factors. They utilized simple
facts like ‘there is a considerable difference between the data of workdays and weekends’ for model
training and assumed that the behavior of data during different months is similar. Yang et al. (2019a)
even excluded weekends in their analysis. In addition to these studies, other efforts were observed
in the literature employing a feature reduction algorithm for the temporal feature space (Ma, Song,
and Li 2021; Qu et al. 2021). Although temporal feature space improved the prediction performance
in these studies, defining it using pattern exploration of data is a more precise approach and avoids
overfitting problems.

On the other hand, other research papers in the literature also emphasize pattern exploration of
data prior to the prediction. Wang and Shi (2013) used simple visualization approaches to define the
temporal factors feature space. Habtemichael and Cetin (2016) clustered daily volume profiles using
enhanced K-Nearest Neighbors and made predictions based on the similarity of the data from the
targeted day and the extracted clusters. Their algorithm is tested using data from different locations,
and superior results are achieved compared to previous works. Song et al. (2018) also developed a
Match-then-Predict method to predict the whole daily volume profile of a targeted day. In this work,
historical profiles are first clustered using the density peak clustering method; then, predictions are
made based on comparing the temporal factors of the target day and created clusters. The idea of
clustering the data before making a prediction is promising; however, the approaches established in
these works are similar to the ones in Pattern Mining studies and do not include pattern mining given
temporal factors as input.

In this paper, we explore road traffic big volume data of different locations with respect to tempo-
ral factors and show how different they are compared to each other. For this objective, we develop an
approach that takes advantage of Principal Component Analysis (PCA) to reshape the data with differ-
ent dimensions and represent it in a 2-D latent space. Using a latent space to represent the traffic data
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has been adopted recently and has shown practical applications (Boquet et al. 2020; Guardiola, Leon,
andMallor 2014). Moreover, this change of dimension represents any data within a unique shape that
is insightful and representative and empowers clustering algorithms such as K-means and DBSCAN
that have shown better performance in a 2-D space previously (Keogh and Lin 2005). It is also shown
in the results that patternminingof traffic data, given all the temporal factors,may revealmore insights
about traffic behavior in a road section.

Problem statement

Traffic volume data of a whole day recorded in a specific location (either by a loop detector or any
other sensor) can be stated as X = {(xk)}mk=0 with xk representing a single observation recorded in the
kth time interval andm representing the total number of recorded observations during a single day. As
loop detectors always capture the aggregate volumes of traffic in discrete time intervals with duration
T (T = 5, 10 or 15min),mwouldbe equal to 24× 60/T . In this study, the volumedata is collected every
T = 15 minutes, and therefore, m would be equal to 96 data points. Furthermore, a feature space of
Zm×n is always assigned to the daily traffic data describing different temporal factors, as demonstrated
in Equation 1:

Zm×n = [zk,l ∈ {0, 1}] (1)

In this equation, zk,l is a binary number denoting if a single record belongs to the lth (l = 1, 2, . . . , n)
temporal feature or not, and the number of features (n) representing the temporal factors depends
on the available information. Temporal factors like time of the day (96 features), day of the week (7
features), month of the year (12 features), and the year itself (6 features) are considered in this study
leading to n = 121. Therefore, along with any volume data point recorded in a specific location, there
are 121 other features clarifying its temporal characteristics.

Our aim in this paper is to explore the traffic volume data of each location and measure how dif-
ferent the data is considering these 121 temporal features. In other words, we intend to automatically
analyze an extensive volume dataset collected from different locations and return a score stating the
similarity of the data collected during each pair of different temporal factors in each location. Looking
into the results, one could claimmultiple statements according to the factors such as the degree of dis-
similarity between thedata ofMondays andTuesdays of locationA is very high (or very low, depending
on the case). By the results, we can also define a revised feature space Z′m′×n′ , a moremeaningful fea-
ture space of temporal factors than the Z. The mathematical representation of Z′ is provided below
wherem′ < m and n′ < n:

Z′m
′×n′ = [z′ k

′ ,l′ ∈ {0, 1}] (2)

Method

This section elaborates on our proposed methodology for extracting dissimilarities in traffic data. A
general overview of the model architecture and its inputs and outputs are depicted in Figure 1. We
will first discuss the data pre-processingmethods used in this paper and then describe different types
of data inputs used for pattern exploration in our method. Finally, we will explain the details of the
data reshaping and pairwise clustering part of our method, which leads to the model’s output (ARI
matrices).

Data pre-processing

Missing data imputation
Loop detector raw data usually contains missing values, which should be replaced or removed before
further investigation. In this research, recordswith xi < 0 or empty values are both consideredmissing
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Figure 1. The proposed framework in this paper to identify the patterns of data according to its temporal factors.

values and replaced by other records possessing temporal factors like the targeted missing values. In
otherwords, there are four xi in eachdataset for each specific zi (as there are fourweeks in eachmonth),
and any missing value in our dataset is replaced with the average of the other three records with the
same zi. This approach is exploited since the proportion of the missing values to the correct values is
very low (less than 1%) in our dataset. Other methods should be considered and applied when this
proportion is significant.

B-spline fitting
Superior results are achieved in data clusteringby applyingdenoising approaches prior to the analysis.
It is shown that clean data better describe the underlying nature of reality rather than raw and noisy
data (Hitchcock, Booth, andCasella 2007). In addition to theseproven facts, datadenoising canprevent
the effects of extreme data points in any analysis. Loop detector data, in our case, is always contami-
natedwith point outliers and extreme values like the one shown in Figure 2. Although thedaily pattern
of data is recorded precisely, this extreme observation maymislead our linear dimension reduction in
the following steps deriving thewhole data pattern. Therefore, with just one extreme point, thewhole
pattern of data would bewrongly represented. Therefore, to avoid eliminating beneficial information,
B-spline (basis spline) fitting is adopted in this study to denoise the volume data before reshaping it
into a latent space. B-splines have been implemented previously in the literature (Crawford, Watling,
and Connors 2017; Guardiola, Leon, andMallor 2014) to describe the daily volumeprofiles as functions
and benefit from their continuous nature. However, themain purpose of using them in this study is to
smoothen the collected noisy data and better describe the underlying behavior of traffic data.

Figure 2. A sample of point outlier in volume data and the effect of B-spline smoothing.
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B-spline curves (Bartels, Barsky, and Beatty 1987) are piecewise polynomials inspired by the classic
Bézier curves. The main idea is to fit a linear combination of some basis splines into aggregated data
to represent its continuous form. A d-degree B-spline curve C(t) is defined by:

C(t) =
n∑
i=1

Bi,d(t)Qi (3)

where {Qi}ni=1 is a set of n+ 1 control points (1 ≤ d ≤ n) and Bi,d(t) represents the B-spline basis func-
tions. A non-decreasing sequence of scalars ti (0 ≤ i ≤ n+ d + 1) called knots are needed to derive
the basis- functions of equation (3) recursively. A primary basis function is shown in equation (4) for
0 ≤ i ≤ n+ d which can be used as a starting point for calculating the other ones. Equation (5) is also
showing the recursion for 1 ≤ j ≤ d and 0 ≤ i ≤ n+ d − j:

Bi,0(t) =
{
1, ti ≤ t ≤ ti+1
0, otherwise

(4)

Bi,j(t) = t–ti
ti+j–ti

Bi,j−1(t)+ ti+j+1–t
ti+j+1–ti+1

Bi+1,j−1(t) (5)

To fit a B-spline curve into the daily volume profiles, the control points {Qi}ni=1 and the knots ti men-
tioned above are unknown and should be determined. Given a set of knots, optimal control points can
be extracted using the Least-Squares fitting approach. Let {(xk)}mk=0 be the volume time series data of
a single day. Since a B-spline curve is formulated using tε[0, 1], [0,m] should also be reshaped into this
interval as tk = k/m. Byminimization of the error term E(Q̂) stated in equation (6), one can achieve the
desired control points resulting in a minimum amount of fit error:

E(Q̂) = 1
2

m∑
k=0

∣∣∣∣∣∣
n∑
j=0

Bj,d(tk)Qj − xk

∣∣∣∣∣∣
2

(6)

As stated, the knot set should be specified prior to solving the above optimization problem, and the
final shape of the fitted B-spline curve highly depends on it. Results using different sets of knots are
visually evaluated in this research and will be discussed in the result section of this paper.

Data rescaling
Data rescaling is conducted after the B-spline curve fitting into the daily profiles. This is the case in
most of the experiments in this paper, where we need to remove the effects of the size and just focus
on profile shapes. In this rescaling, the raw data xk becomes x

′
k by the following equation:

x
′
k =

C(tk)

(
∑m

k=0 C(tk))/m
(7)

where C(tk) is the smoothed value of the volume data achieved from the previous step and k is sample
time (from0 tom). This formula divides every data point of a daily volumeprofile (C(tk)) by the average

daily volume (
m∑
k=0

C(tk) is the area under the time series). A better representation of the parameters is

depicted in Figure 3. In this figure, the area under the profile (
m∑
k=0

C(tk)) is shadowed by the yellow

color, and it is shown thatm is the number of samples collected in a day. By this rescaling, we just take
the shape of the profiles into account and neglect the differences in their amplitude.
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Figure 3. A depiction of the parameters in rescaling equation using a smoothed sample volume profile (equation 7). Based on the
equation, every data point in a volume profile (C(tk): the blue curve) should be divided by the average of all values observed in that

day (
m∑
k=0

C(tk)/m: the yellow area under the curve).

Model inputs

According to Figure 1, data reshaping and pairwise clustering are implemented separately for each
type of temporal factor. The input data for the year,month of the year, and day of theweek are prepro-
cessed daily volumeprofiles, and by daily volumeprofile, wemean all the filtered data points collected
during a day from 00:00 AM to 11:59 PM. Using daily volume profiles as input, one should carefully
avoid the effects of other factors while focusing on a single factor. For example, when our intention
is to analyze the year, we should ensure that homogenous daily volume profiles in terms of the day
of the week and month of the year are included in our analysis. On the other side, in time of the day
analysis, as it is observed, a stepwise split of the data is used after extracting the daily profiles. To bet-
ter illustrate the stepwise split after the daily profile extraction, Figure 4 is provided. We can see in this
figure that the data of different time intervals (or steps) denoted as xl are extracted from daily profiles
X = {(xk)}96k=0 during homogenous days of the week to be the method’s input. Since we should use
the homogenous daily profiles in the time of the day analysis, it is necessary to use the output of the
year,month, and day of theweek analysis. Therefore, daily volume profile analyses should be primarily
implemented.

Figure 4. An illustration of stepwise split of data for time of the day analysis.
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According to the aboveexplanation,Dr×m is themodel input (R is thenumber of days in thedataset)
for the year, month of the year, and day of the week analysis consisting of homogenous daily volume
profiles. Ts×h is the model input for the time of the day analysis (s and h are indicated in Figure 4).

Data reshaping and pairwise clustering

An overview of the process in this part is demonstrated in Figure 5withmore details. As observed, one
main loop in this process calculates ARIs (dissimilarity scores) related to each pair of temporal factors
and sends it to the final ARI matrix. In other words, when the method receives the input data (Dr×m or
Ts×h), it calculates a dissimilarity score between 0 and 1 for every possible pair of temporal factors. For
example, if the input contains the filtered homogenous daily profiles of 2014–2019, the loop will be
executed for each pair like (2014, 2015), (2014, 2016), . . . , (2018, 2019). The exact calculation of each
step and its mathematical representation will be further discussed in the following subsections.

Dimension reduction with PCA
We reduce the dimension of data in our method before further analysis as it helps us better manage
and discover the data. In big data cases, it is of paramount importance to keep the computational
cost as low as possible and work with parts of the data that are substantially needed. Among different
dimension reductionmethodologies in the literature, from linear to non-linear ones, we selected Prin-
cipal Component Analysis (PCA) as our method’s backbone. There are somemain reasons behind this
decision:

1) PCA is a linear and deterministic approach that performsmuch faster than recent non-linear ones
suchasAutoencoders. Therefore, it canbeutilized inbigdata applicationswheredata fromseveral
different locations are available.

2) The objective function of this method maximizes the variance, and since our aim is to discover
the differences in different data groups, this feature strongly suits our needs. In other words, PCA
leads to more effortless capturing of differences among the data samples.

3) We also showed in Appendix 1 that PCA is robust to the data size and can be used for pattern
exploration with low amounts of data (a few months). This is not possible with other learning-
based dimension reduction algorithms.

4) PCA orthogonally projects the input data into a lower dimension principal subspace (or a latent
space) such that the variance of theprojecteddata ismaximized (Bishop2006) andnopre-training
of the model is needed making it more practical for fast calculations.

Suppose that {xn} is a D-dimension set of data and n = 1, 2, . . . ,N is the number of observations
included in the experiment. The data should be projected into a lower dimension M (M < D) while
the variance of the reshaped data is maximized. To keep the explanation simple and understandable,

Figure 5. A detailed illustration of data reshaping and pairwise clustering process.
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we first suppose thatM = 1, and in the end, we will generalize the process. Let u1 be a D-dimensional
unit vector denoting the direction of the latent space. As u1 is a unit vector, one can state uT1u1 = 1.
Using PCA, each data point xn in the data set will be demonstrated by a scalar which is uT1xn, and the
following equations, respectively, provide the mean and variance of the projected data:

uT1 x̄ = uT1
1
N

N∑
n=1

xn (8)

1
N

N∑
n=1
{uT1xn − uT1 x̄}2 = uT1Su1 (9)

where S is the covariance matrix of the data defined by:

S = 1
N

N∑
n=1

(xn − x̄)(xn − x̄)T (10)

According to the above equations, we should maximize the variance (equation 9) with respect to the
u1 to find the best direction of the principal subspace. To constrain the above optimization problem, a
Lagrangemultiplier denotedbyλ1 shouldbeconsidered in theobjective equation (varianceequation),
adding the previously mentioned constraint uT1u1 = 1 to it as below:

uT1Su1 + λ1(1− uT1u1) (11)

Themaximumvalue of the variance canbedeterminedby setting the derivative of the above equation
to u1, equal to zero, and multiplying it by uT1 from the left side. This would result in equation 12:

uT1Su1 = λ1 (12)

which states that the optimum direction (or the first principal component) can be determined by the
eigenvector having the largest λ1. We can incrementally increase the number of principal compo-
nents (M > 1) by maximizing the variance of the projected data in all the directions orthogonal to the
previous ones. A simple implementation of the PCA technique is demonstrated in Figure 6 for a syn-
thesized 2-D dataset projected into a 1-D subspace. Different parameters discussed in this section can
beobserved in this figure for better understanding. In our framework,we reshape the input data (Dr×m
or Ts×h) from their original dimension (m or h) into 2-dimension, and we will show that this is useful
to capture the data patterns within a unified 2-D space.

Outlier detection
In addition to point outliers discussed previously, the general behavior of traffic datamay also change
due to different reasons, such as public holidays, long-time faulty sensors, and rare events happening
in the network. These would result in a few complete volume profiles that the B-spline smoothing
cannot handle alone. For these cases, we have no choice but to remove the abnormal data as they
do not genuinely represent the dominant behavior of any specific temporal factor. In this work, we
intend to compare the data completely related to a specific pair of factors. Therefore, any collected
data during a public holiday has an extra factor (being related to a holiday) and does not purely belong
to its temporal feature. As a result, it cannot be considered the sameway as the rest. The literature also
extensively shows that abnormal observations can significantly change the performance of different
models. To better illustrate this point, Figure 7 is provided here. In Figure 7 (a), K-means clustering
with the number of clusters = 2 is applied on an uncleaned 2-D dataset, and consequently, outliers
are considered as a separate cluster. However, we know that the blue points in Figure 7 (a) are not
independent, strongpatterns in the data and are just anomalies. Sincewedonotwant them to change
the performance of clustering algorithms, we will first decontaminate the reshaped data and then
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Figure 6. Dimension reduction of a 2-D dataset into 1-D using PCA.

Figure 7. The effect of outliers applying clustering algorithms: K-means with #clusters = 2 applied on (a) data with outliers
(b) cleaned data.

proceed with the clustering. In this manner, the clustering method will go for finding the best two
clusters in the normal samples, as shown in Figure 7 (b).

For this aim, DBSCAN, with the help of KNN for hyperparameter selection, is applied before any
pairwise clustering. DBSCAN (density-based spatial clustering of applications with noise) is a density-
based and non-parametric clustering algorithm capable of detecting outliers in the data (Ester et al.
1996). It can be advantageous to apply DBSCAN-KNN for outlier detection in our methodology from
different aspects. First, it works completely based on the distance and reachability of data samples.
Theoretically, this aligns with our intention as we tend to eliminate data points considerably far from
the clusters. Second, the hyperparameters of DBSCAN are challenging to setwithout anymodel imple-
mentation; however, with assistance from KNN, we show that it becomes completely straightforward
to use DBSCAN within our methodology. Furthermore, it is shown in the literature that DBSCAN out-
performs most other outlier detection and clustering algorithms when it comes to data with a low
number of dimensions (Keogh and Lin 2005).

The basic concept behind this algorithm is to group very close data samples to each other and
assign outlier labels to the data samples that are far from their neighbors. DBSCAN uses two main
parameters to cluster the data: ε and minPts. ε is a distance measure specified before the clustering
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algorithm’s implementation to define reachability from one point to another point.minPts is themini-
mumnumber of points required to formadata cluster in a dense region. There is noneed to specify the
number of clusters in this algorithm since this approach determines the data clusters within a dataset
solely based on ε andminPts. This is not the case in most other clustering approaches. The following
steps are conducted in the DBSCAN clustering algorithm to assign cluster labels to the data:

• A data point is called a core point (p) if there are at least minPts number of data points within a
specific distance of it (ε).

• q is a reachable data point from p if a path p1, . . . , pn is available with p1 = p and pn = q, where
every pi+1 is directly connected to pi. The point here is that all the points on path p1, . . . , pn must
be core points, with a potential exception for q.

• Data points not reachable from any other point are labeled as outliers in this algorithm.
• p forms a cluster with all other core or non-core points that are reachable from it.
• Non-core points included in any cluster form the edge, as there is no more point to be reached

using them.

Although themain idea behind the DBSCAN algorithm is promising, selecting its hyperparameters,
specifically the ε, is challenging. minPts (Minimum number of points per each cluster) can be deter-
mined by domain knowledge; however, we benefited from KNN (K Nearest Neighbors) algorithm to
find the proper value for the ε (Schubert et al. 2017). In this algorithm, first, the Euclidean distance of
each sample to its Kth nearest neighbor is calculated. Then, samples are sorted based on the derived
distances. One candidate for the ε is the distance of the elbow (or knee) point (εelb) existing in this
sorted set of samples (Satopaa et al. 2011). However, in this paper, we use 3× εelb instead of the ε in
DBSCAN and experimentally show that it is more precise than the εelb using the data of different loca-
tions in different types of analyses. In this way, the problem of ε selection is changed to the selection
of K in KNN algorithm, and we also show that the performance is not sensitive to the choice of the K
value.

One should also be careful about ‘super-long errors’ in the datasets when applying our algorithm
to the data of several links in a network. In some cases, long periods (like one or two months) might
exist with messy data. Feeding such a dataset into our method without pre-screening would result in
meaningless outcomes.

Pairwise clustering using K-means algorithm
The key idea of this research is to compare the reshaped traffic data related to pairwise temporal fac-
tors and determine a measure of dissimilarity. We will show in the result section that exploring data
patterns reveals interesting and valuable points in this manner. We apply K-means clustering after
the previously mentioned steps to achieve a dissimilarity measure for the data related to two distinct
temporal factors. Then, we compare the results with the ground truth. Let {x′n}Nn=1 be a reshaped data
(from D to 2 dimensions) with no outlier derived from two specific temporal factors, and {z′n}Nn=1 be
the label of each data sample demonstrating its specific temporal factor. As we extracted the data of
two specific factors for pairwise clustering, z

′
n would be a binary value with 0 and 1 indicating the first

and second temporal factors, respectively.
Our aim in this step is to partition the data {x′n}Nn=1 into two groups to see whether they are well

separated from each other in terms of their temporal factors. By applying the K-means clustering
algorithm, a set of D-dimension vectors {μk}Kk=1 will be found (K = 2 and D = 2 in our case) such that

the Euclidean distance of the {x′n}Nn=1 data points to their closest μk is minimized. In this method, we
assign a set of binary indicators rnk ∈ {0, 1} to each data point n to represent which one of the clus-
ters k includes them. An objective function is then defined to be minimized by this method which is
described below:

J =
N∑

n=1

K∑
k=1

rnk||x′n − μk||2 (13)
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The above optimization problem can be solved using a two-stage approach. First, a set of initial values
are selected for μk , and rnk is determined using the below equation:

rnk =
{
1 if k = argminj||x′n − μk||2
0 otherwise.

(14)

Then, we optimize J given the calculated set of rnk . Since equation 13 is a quadratic function given rnk ,
one canminimize it by setting its derivative toμk equal to zero. The following equation can be derived
as a result of this calculation for updating μk :

μk =
∑

n rnkx
′
n∑

n rnk
(15)

After calculating a new set ofμk using the above formula, rnk can be updated employing equation 13.
This process is repeated until no significant change is observed in the value of J, where convergence
happens. At this stage, μk would be the center of the created clusters, and rnk demonstrates the final
clustering labels of the dataset.

To achieve a dissimilarity score for the selected groups of data, a comparison should be made
between the labels assigned by the K-means clustering algorithm and the real primary labels {z′n}Nn=1
expressing the temporal characteristics of the collected data. Since K is always equal to 2 in our
research, a comparison between z

′
n and rn1 or rn2 would represent how successful the K-means clus-

tering algorithm is in separating the data samples of a pair of temporal factors in our dataset. Adjusted
Rand Index (ARI) is utilized in this paper to compare z

′
n and rn1. To achieve ARI, a contingency table

(Table 1) should be first determined to calculate equation 16. Xi and Yi in Table 1 are two differ-
ent sets of clusters, and nij denotes the number of elements in common between different clusters
(nij = |Xi ∩ Yj|).

ARI =
∑

ij

(
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2
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An ARI close to 1 implies clustering the data using the K-means algorithm reveals similar results to the
ground truth (targeted temporal factors). For instance, in comparison between the reshaped data of
Mondays and Tuesdays, we already know which data point belongs to which one of the groups (the
targeted factors here areMonday and Tuesday). This label set, Monday or Tuesday, is the ground truth
of data, and if K-means can clearly differentiate between these two groups, the ARI becomes equal
to one. This explanation applies to any other pair of temporal factors considered in this study. On the
other hand, an ARI close to 0 denotes that differentiation between the data with respect to the target
labels is not possible for K-means. ARI will be used in the result section as a dissimilarity measure to
investigate the data patterns.

Data

We utilized seven years and eight months of traffic volume data recorded by loop detectors in Mel-
bourne, Australia, to demonstrate the applications of our proposed methodology in exploring the

Table 1. Contingency table for ARI calculation.

Y1 Y2 . . . Ys sums

X1 n11 n12 . . . n1s a1
X2 n21 n22 . . . n2s a2

...
...

. . .
...

...
Xr nr1 nr1 . . . nrs ar
sums b1 b2 . . . bs
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patterns of big time series data. Several detectors are located on the road surface of the different inter-
sections in Melbourne city, recording the behavior of vehicles in each direction. The data from some
specific locationswere selected based on the expert’s opinion for this investigation. In our analysis, we
tried to include data frommultiple urban contexts (CBD areas, suburbs, highways, and streets).

The number of vehicles passing a specific way is collected by loop detectors every 15min result-
ing in 96 data points for every single day (from 00:00–23:59). Data collection was also conducted from
January 1st, 2014, to August 31st, 2021, for each location. The point is that loop detector data is not
immune to outliers ormissing values during such an extended period. Nevertheless, the selected loca-
tions in this study recorded a negligible number ofmissing values during the data collection (less than
1% of the total number of data points), and the approach to replacing them is explained previously.
Temporal properties of the data, such as time, day, month, and year are also automatically recorded
along with the volume data. One can also use our methodology to compare the data with regard to
other characteristics like weather conditions or any other specific events.

To precisely mention any detector in the following section (result section), we refer to the data of
each location using the name of two intersecting roadways (main roadway in the beginning) and a
letter as an indicator of the direction (N, S, E, W). Therefore, interested readers can easily find the exact
locationof thedetectors on themap. For example, SydneyRd– Gaffney St (N) refers to the volumedata
collected in one direction (North Bound) of Sydney Road right before intersecting with Gaffney Street.
A demonstration of this example is also depicted in Figure 8, where we can observe loop detectors
of both directions in the Sydney Rd – Gaffney St intersection. In the following section, we will show
important patterns observed in the data of different locations using our proposed method. We will
recall different locations in the text with this format to be easily comprehended.

Results and discussion

Before discussing the applications of our proposed approach, we should mention the values selected
for the hyperparameters of different methods introduced earlier. A summary of them is provided in
Table 2. For B-spline fitting, a set of knots should be determined prior to curve fitting. The first and
last data points are automatically considered knots in this method, and the number of interior knots,
which can vary from 0 to 94, should be specified by the user. A very low and high number of interior
knots cause underfitting and overfitting, respectively. Therefore, one should select a reasonable value

Figure 8. A sample depiction of loop detectors located at intersections in Melbourne.
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Table 2. Derived hyperparameters for our proposed methodology.

Method Parameter Value

B-spline fitting Number of Knots (ti) 30 (uniform)
PCA Number of components (M) 2
DBSCAN ε 3× εelb

minPts 30
KKNN 5

K-means Number of clusters (K) 2

Figure 9. Effects of the number of interior knots on daily volume profiles (number of interior knots: (a) = 10, (b) = 30, (c) = 40).

for this parameter to fit an appropriate curve into the data. For better demonstration, fitted curves
with different numbers of interior knots to a sample daily volume profile are provided in Figure 9. We
used 30 as the number of interior knots (Figure 9 (b)) in our analysis since it is robust to noise and
also better represents the underlying shape of the daily volume profiles despite the other lower and
higher numbers (Figure 9 (a) and (c)). For PCA, we always use M = 2 to bring any data with different
shapes into a 2-D space which is insightful and covers most of the variations among the data. Exper-
iments with data from different locations showed an explained variance of more than 90 percent in
most cases after applying PCA withM = 2 (with a few exceptions of 70 percent where faulty data was
frequently observed). This means that the first two components are decent to capture the majority of
the differences. Figure 10 (a) shows smootheddaily volumeprofiles ofMondays collected fromSydney
Rd – Gaffney St (S) for six years (2014-2019). These profiles are reshaped into a 2-D latent space using
PCA (Figure 10 (b)), and as it is observed, abnormal profiles are located far from the normal ones in
this space. These abnormal samples should be detected using DBSCAN and removed before applying
pairwise K-means clustering.

InDBSCAN,minPts = 30 is determinedbasedon theminimumnumber of sampleswe expect to see
in eachgroup (background knowledge).minPts = 30 implies thatweneed at least 30 data points close
to each other to consider them a unique cluster. The performance of DBSCAN is also not significantly
affected by this parameter unless a very low (e.g. 5) or high value (e.g. 200) is assigned.We can use any
value in a reasonable range according to the data size. Therefore, one can also get similar results using
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Figure 10. (a) Smoothed curves of daily volume profiles, and (b) their reshaped format using PCA. (Red points indicate potential
outliers).

Figure 11. Pairwise comparison among data of 2014 and 2019 (a) vs. data of all years (2014–2019): location: Hoddle St – Victoria
St (S).

minPts = 40 orminPts = 50. As we alsomentioned in theMethod section, we use 3× εelb determined
by the KNN algorithm instead of ε. KKNN = 5 is also chosen to perform the KNN algorithm. A detailed
sensitivity analysis of the DBSCAN performance is discussed in Appendix 2.

Aspairwise clustering is conducted inour analysis to compare thedataof different temporal factors,
the number of clusters in the K-means algorithm is always equal to 2. In our approach, K-means clusters
the data related to every pair of temporal factors, and then its result is comparedwith reality using ARI.
If a high ARI is calculated for each pair, we can conclude that the two data groups are totally different.
An advantage of using ARI for analyzing K-means results is that it is not a binary number making strict
decisions; however, it displays a number between 0 and 1, indicating the intensity of the differences.

In the following subsections, we will compare the patterns extracted from volume data of different
locations and explore their variation with respect to the year, month, weekday, and time of the day. In
each subsection, we will exclude the effect of other factors as much as possible to focus solely on the
target factors using homogenous data. In the end, we also conduct a comparative study and show the
strengths of pairwise clustering compared to the other clustering baselines.

Year analysis

In this section, our proposed methodology investigates the data patterns with respect to the year as
a temporal factor. In other words, our aim in this section is to determine whether one specific year’s
data differs significantly from the others. We should note that to focus on annual variations, we just
included Mondays to Thursdays and excluded the data for January and December in this analysis. An
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Figure 12. ARI matrix for year analysis of Hoddle St – Victoria St (S) (2014–2019).

essential point in this part is that annual data variationsmostly happen gradually rather than abruptly.
Therefore, a pairwise comparison of data related to different years is more revealing than observing
thewhole data together. Figure 11 shows the importance of pairwise comparison,which is overlooked
bymost previous literature investigations. Figure 11 (a) and (b) represent the volume profiles of every
single day (collected from the Hoddle St – Victoria St loop detector) after pre-processing and being
reshaped using the PCA method. In other words, every point in these figures (with two features of
PC1 and PC2) depicts a reshaped daily volume profile with 96 features. As we can observe, when we
consider the 2014 and 2019 data and exclude other years (Figure 11 (a)), two distinct clusters of data
can be detected, indicating significant differences between the data of these two years. However, if we
also include the data from other years (2015–2018), the differences are not clearly visible, and it is also
impossible for clustering algorithms to detect these gradual changes. Although a gradual movement
of each year’s data is visible in Figure 11 (b), applying a clustering algorithm on these data does not
detect this movement. Therefore, we will fail to make a valid conclusion.

The results of applying our method (pairwise clustering) on Hoddle St – Victoria St data are shown
in Figure 12. The provided symmetric matrix in this figure shows the ARI of comparing every two data
groups with respect to their years. As we can observe, our methodology can automatically extract
the differences among the data considering their temporal factors (specifically the year in this case).
It can also be inferred from this matrix that the data of two consecutive years are not significantly
different; however, the data differs substantially in the long run. It should also be mentioned that as
we rescaled the data before using PCA, the comparison here is just based on the shape rather than
the magnitude. As we discussed previously, daily volume profiles can be normalized in any analysis,
but one can also consider their magnitude by simply omitting data rescaling. Figure 13 demonstrates
two rescaled sample volume profiles of Hoddle St – Victoria St, each collected in different years (2014
and 2019). Based on this figure, a different shapewas recorded during 2019, which is the case formost
2019 profiles, according to Figure 11 (a).

The above analysis is also conducted for the data of other locations, and it is observed that these
patterns vary fromone location to another location. For instance, theARImatrix of Exhibition St – Lons-
dale St (S), a location in the CBD area, is shown in Figure 14, and no significant change is recorded for
the data of different years in this specific location. Therefore, this should be remarked that long-term
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Figure 13. Two re-scaled volume profile samples from 2014 and 2019 collected by Hoddle St – Victoria St (S) loop detector.

Figure 14. ARI matrix for year analysis of Exhibition St – Lonsdale St (N) (2014–2019).

historical data may not be homogenous, and our results highly recommend that one must first test
the differences of big historical data prior to any model fitting or training. Specifically, it is a common
belief that more data always empowers the predictive models (specifically learning-based models).
However, the underlying nature of data must also be unique in the whole training set, and significant
long-term variations can degrade the performance. Benefiting from the ARImatrices generated in this
analysis, traffic experts can quickly scan the extent of dissimilarities in long historical data and then
decide the best time scope in each location to be used in further analysis.

Furthermore, another experiment is conducted in this section to show our method’s ability to
explore the differences in volume data after and before COVID-19. For this aim, we considered the
data from all the selected locations. Reshaped (2-D) daily volume profiles of each location were joined
together, and again PCA was applied to reduce the dimension from 31× 2 (number of locations× 2)
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Figure 15. ARI matrix for year analysis of all available locations to show the effects of COVID-19 (2014–2021).

Table 3. School holidays in Melbourne.

School Holidays Start Finish

First Day of School 28 Jan
Term 1 Holidays (Autumn) 2 Apr 18 Apr
Term 2 Holidays (Winter) 26 Jun 11 Jul
Term 3 Holidays (Spring) 18 Sep 3 Oct
Term 4 Holidays (Summer) 18 Dec 30 Jan

to a new 2-D latent space. Every point on the new latent space was a representation of daily volume
profiles in all of the locations. Figure 15 shows the ARI matrix of this experiment, and as we can see,
the data is clearly different before and after the COVID-19 pandemic. ARI for 2020 is also higher than
in 2021 since more lockdowns were in place in Melbourne during 2020. Some differences are also
detected between the data of 2019–18 and 2014-15. However, as we clarified previously, the exact
differences should be analyzed for each location.

Month of the year analysis

Daily volume profiles of each location can also be explored with respect to the months of the year.
Figure 16 shows the ARI matrix of two specific locations considering monthly data variations. These
two figures are the most frequent patterns observed in the data of different locations, and we should
note that the data used for them in this section was homogenous in terms of the year and the day of
the week. We focused only on workdays and included the data with no significant annual pattern in
this analysis. The main point inferred from these figures is that January and December (the first and
the last month in each year) are more different from the other months in these locations. However,
there are also some exceptions to this observation. For instance, the first month of the year (January)
is significantly different from the other months in Figure 16 (a), but this happened in Figure 16 (b)
with lower intensity. Furthermore, some months like April, July, and September showed lower con-
flict with January in Figure 16 (a), while this is true in Figure 16 (b) between December and other
months like January, February, March, and November. These patterns and exceptions are because of
themain characteristics of the traffic behavior in these locations. For example, Springvale Rd – Waver-
ley Rd intersection inMelbourne is close to a primary school. The patterns observed in Figure 16 (a) are
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Figure 16. Analysis of month for two different locations: (a) Springvale Rd – Waverley Rd (N) vs. (b) Sydney Rd – Gaffney St (N).
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adjustable with school holidays in this area. School holidays during 2021 in Melbourne are provided
in Table 3, which is also approximately the same as the previous years (2014-2019). As we can see,
January is the only month in which Melbourne schools are off, and there are also some other months,
like August, July, and September, being partially off. These holidays affect the traffic volume data, and
the patterns are depicted in Figure 16 (a). A seasonal pattern is also detected for Sydney Rd – Gaffney
St data in Figure 16 (b). Summer starts in Melbourne from October to March. As we can see, a gradual
variation is recorded, moving from cold weather (April to September) to warm weather (October to
March) in this location, with the highest temperature in December.

Results in this section indicate that monthly traffic data variations significantly differ from location
to location. Our methodology can detect themwithout information about land use or pre-knowledge
of traffic behavior. Moreover, the extracted variations in this analysis also show the importance of pat-
tern exploration before traffic modeling because these variations affect the performance and should
be considered in the model.

Day of theweek analysis

Traffic behavior varies on different days of theweek, and awell-known expression in this regard is that
workdays are different from theweekends. In this subsection,we analyzed the volumedata of different
locations inMelbourne employing ourmethodology. The results indicate other differences among the
daily volume profiles of different locations, which are worth exploring before further analysis.

Figure 17. Analysis of day for Victoria St – Elizabeth St (E).

Figure 18. Analysis of day for Lorimer St – Salmon St (W).
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Figure 19. Analysis of day for Melville Rd – Moreland Rd (S).

Figures 17–19 show the results of the day of the week analysis for three different locations as well
as some demonstrations of their reshaped data. Firstly, based on these results, one can accept signif-
icant differences between the workdays and the weekends for each location (as an ARI close to one
is calculated for the weekends). However, another interesting point here is that even Saturdays and
Sundays (weekend days) are also different from in terms of traffic behavior. Furthermore, other mean-
ingful differences are also detectable between different days of the week, varying from one location
to another. For instance, in the Victoria St – Elizabeth St intersection (Figure 17), a gradual movement
for different workdays is recorded in the latent space (Figure 17 (b)) that enables the K-means cluster-
ing algorithm to detect some extra differences within them using a pairwise manner. In this location,
Mondays and Fridays are significantly different from the other workdays; however, this is not the case
in Figures 18 and 19. In Lorimer St – Salmon St intersection, traffic behavior is almost the same within
the workdays (just a low difference is observed betweenMondays and Fridays), and in Melville St, just
Fridays possess different data among the other workdays.

These patterns can be justified with some characteristics of these roadways to show that they are
meaningful and reasonable. In particular, the Victoria St – Elizabeth St intersection is located near a big
shopping center (Queen Victoria Market), and this center is totally closed onMondays and partially on
Wednesdays. As it is observed, Mondays are recognized in Figure 17 (a) as a unique day, but this is not
the case for Wednesdays. A few regular shopping stores also surround Lorimer St without any specific
recreational facility, which leads to a Friday similar to the other workdays. On the other hand, Melville
Rd – Moreland Rd intersection connects two typical major roadways, which help people with their
work trips. Friday is the day before the holidays, and some leavework sooner than usual and go home.
This canbewhy Fridays stand as a different day inmostmajor roadways data.We should note here that
the above reasons are stated only for justification and reasoning. They are not definitely the only factor
affecting the traffic volumedata, and theremay be someother causes in these locations impacting the
traffic volume data. Nevertheless, our approach in this paper is able to automatically detect the traffic
behavior in a data-driven way without any prior information on the location properties.

Time of the day analysis

Daily volume profiles are different in each location. Given a historical set of volume data, one can also
group different times of the day utilizing the proposed approach in this paper. Recognizing times
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of the day with similar traffic volume values can be useful for different aims, such as missing data
imputation and feature reduction of data. Since the traffic data is collected every T minutes (T = 15
minutes in this study), the feature space of the time of the day becomes equal to 24× 60

T (= 96).
Therefore, it sometimes becomes necessary to reduce this feature dimension for further analysis like
predictive modeling. For this purpose, we reshaped the values recorded for each time slot during a
week (only homogenous days) into a 2-D latent space using PCA. Then we conducted our pairwise
clustering approach to construct an ARI matrix for every location. In other words, each xn in this anal-
ysis is the value of traffic volume recorded during a week (different days are excluded). For instance,
if it is observed that Mondays to Thursdays are similar in a specific location, {xn}Nn=1 becomes a 4-
dimensional matrix that will be fed into the PCA. Each dimension or feature in xn involves the data
of one specific time interval (e.g. 2:00–2:15 PM) from each day of the week (Monday to Thursday).
Different samples (n) are extracted from all other times andweeks included in historical data (this con-
cept is also illustrated in Figure 4). Results for two different locations in our dataset, along with their
daily volume profiles, are illustrated in Figures 20 and 21. As we can see, the ARI matrix for each loca-
tion becomes a 96× 96 matrix, with each cell demonstrating the degree of dissimilarity between the
data of each pair of time (15min intervals). For better representation, heatmaps of these matrices are
shown in Figures 20 and 21, and any yellow cell in these figures indicates that the data of a specific
pair of times are similar and indifferent based on our method.

Looking solely into the daily volumeprofiles of each location (right side of the figures) to determine
similar time slots in a day is time-consuming and also imprecise and controversial in big datasets. For
instance, onemay claim that thedata in Figure 20 (right side) does not significantly change from10AM
to 4 PM, and onemay state that the data is totally different in each time slot of this period. This paper’s
methodology can also be used as a baseline to overcome this issue. ARI matrices derived for different
locations in this study can be employed to determine similar time intervals during a day automatically.

Figure 20. Time of the day analysis for Lonsdale St – William St (N). Left: ARI matrix. Right: homogenous daily volume profiles.

Figure 21. Time of the day analysis for Springvale St – Waverley St (N). Left: ARI matrix. Right: homogenous daily volume profiles.
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Figure 22. A demonstration of sliding windows used for detecting homogenous times (different values for x is tested).

Every yellow square (by square, wemean a set of cells connected to each other) on the diagonal of the
ARI matrix shows pairs of time intervals with indifferent volume data. To avoid using personal judg-
ments for detection of these squares, we employed 2-D sliding windows with variable length (x) to
be rolled on ARI matrices (Figure 22). The exact algorithm for detecting these areas is discussed in
Appendix 3. In this algorithm, we assign positive scores to the yellow-colored cells and very low neg-
ative scores to the red cells in each ARI matrix. Then windows with different lengths (x = 2–96) were
rolled diagonally from the top left of each ARI matrix to the bottom right, and the sum of the scores
within eachwindowwas calculated. Every square in thematriceswas detectedby sorting thewindows
based on their total scores and removing the overlappedwindowswith lower scores. A demonstration
of the detected areas using sliding windows for Lonsdale St – William St and Springvale St – Waverley
St intersections is provided in Figure 23. We can observe that three major time intervals with no sig-
nificant variations were detected during the day for these two locations. This is not easily detectable
by simple visualizations on the right side.

By this approach, one can also detect peak hours during a day (without using human judgment)
employing the average volume of detected time intervals. In other words, if we compare the average
volume of intervals in the new reduced feature space, we canmark the interval with the highest value
as a peak interval. For example, the highest value (peak volume) can be observed for Springvale St –
Waverley St (N) from 8:00 AM to 9:15 AM, as indicated in Figure 23.

Comparative study

According to the previous subsections, several types of information can be extracted from volume
data of different locations by applying the pairwise clustering algorithm. To the best of our knowl-
edge, no similar methodology from the literature can be systematically used for analyzing every type
of temporal factor in such a way. However, to better demonstrate the preciseness of our method,
clustering baselines are selected in this part and tested with Victoria St – Elizabeth St (E) data to ana-
lyze the day of the week patterns within it (like Figure 17 in our results). We compared daily volume
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Figure 23. Detected areas showing time slots with homogenous data (Springvale St – Waverley St (N) vs. Lonsdale St – William
St (N)).

Table 4. Suggested number of clusters applying different clustering algorithms on different days of the week in Victoria St –
Elizabeth St (E).

Silhouette coefficient for different
number of clusters (components)

Method 2 3 4 5 6 7
Suggested #
of clusters

Euclidean Distance+ K-means 0.51 0.33 0.34 0.34 0.34 0.24 2
DTW+ K-means 0.49 0.45 0.47 0.32 0.34 0.33 2
Soft DTW+ K-means 0.50 0.33 0.23 0.23 0.24 0.24 2
PCA+ K-means 0.65 0.63 0.57 0.57 0.58 0.51 2
PCA+Agglomerative clustering 0.65 0.62 0.55 0.56 0.49 0.49 2
PCA+GMM 0.60 0.48 0.46 0.47 0.47 0.45 2
Pairwise clustering (our method) Up to four dissimilarities are detected (Figure 17)

profiles using similarity metrics named Euclidean distance, Dynamic Time Warping (DTW), and soft
DTW (instead of using PCA). Then we applied K-means clustering as in Tavenard et al. (2020) to differ-
entiate between different traffic data patterns. Since our aim is to know how many different patterns
exist within the data, we adopted Silhouette Coefficient with variable numbers of clusters (Rousseeuw
1987) to find the optimum number of clusters. In another setting, we also used PCA to reduce the
dimension of data. However, instead of pairwise clustering,webenefited fromgeneral clustering algo-
rithms, like K-means, Agglomerative clustering, and Gaussian Mixture Model (GMM), where the whole
data is passed into the model at once. Table 4 shows the Silhouette Coefficient achieved by apply-
ing these different settings with various numbers of clusters (or numbers of components in GMM).
As we can see, the number of clusters = 2 is suggested by all methods as it has resulted in a higher
Silhouette Coefficient. However, according to Figure 17, up to four different dissimilarities (Saturdays,
Sundays, Fridays, and even Thursdays to some extent) can be detected with their own specified inten-
sities. In other words, since the aim is to find a number-of-clusters which result in well-separated and
internally intense groups of data (based on the definition of the Silhouette Coefficient), these mod-
els may neglect any particular pattern existing within the generally similar volume profiles. Applying
PCA and pairwise clustering can provide a more detailed and accurate pattern exploration of data in
this regard.

Another point in Table 4 is also the high marginal contribution of PCA in increasing the Silhouette
Coefficients. Methods containing the PCA recorded higher cluster quality measures compared to the
time series clustering algorithms. This shows the ability of PCA to reshape the data in a way that maxi-
mizes the variation. We also benefited from this ability in our proposedmethodology to represent the
data thoroughly for clustering and outlier detection.
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Summary and conclusion

Pattern mining of traffic data considering temporal factors is advantageous for traffic modeling and
analysis. It is highly suggested by the literature to explore the variations of data before developing
practical and novel methodologies. In this work, we propose a hybrid approach that is able to auto-
matically analyze the traffic data and report the intensity of dissimilarities existing among every pair
of temporal factors. It is efficient and lightweight because it uses PCA, DBSCAN, and K-means. In cases
where only large raw traffic data is available, traffic experts can also instantly apply it to reveal detailed
information about the patterns of data. In this approach, B-spline fitted traffic volume data is first
transferred into a 2-D latent space using PCA, and then abnormal samples are excluded using the
DBSCAN clustering algorithm. Second, pairwise clustering using K-means is applied to derive Adjusted
Rand Indexmatrices (which show the degree of dissimilarity of any data pairs). Using the ARI matrices,
multiple analyses are carried out to elicit variations of traffic data regarding the time of the day, day
of the week, month of the year, and the year itself. Seven years and eight months of volume data
from different locations in Melbourne were used in our experiment. Some locations were found to
have a different volume profile shape in the long run, while others demonstrated unique patterns
in previous years. Moreover, monthly patterns and daily patterns within a week were found to be
diverse as a result of surrounding land uses around each location. Daily variations were also ana-
lyzed, showing that it might be tricky to visually detect time intervals with similar volume data within
a day.

The main findings of this paper can be summarized as follows:

• Traffic behavior may not be consistent with pre-existing knowledge in every location, and atten-
tion needs to be paid to data patterns regarding temporal factors before any further model
developments.

• Pairwise clustering with respect to temporal factors is more illuminating than previous general
clustering approaches in the literature since it revealed more insights in this study.

• Our pattern mining approach showed to be a proper feature reduction algorithm for temporal fac-
tors, specifically the time of the day. It has the capability of extracting time intervals with indifferent
values.

• An automatic sliding window approach is also developed to detect each location’s homogenous
timesduring theday. Thiswouldbehelpful to avoidhuman judgment indaily profile segmentation.

A comparison between PCA and other dimension reduction approaches, such as autoencoders, is
highly suggested for future directions. PCA is robust to the amount of data and does not need any
pre-training. Nevertheless, it is valuable to compare its results with other recent dimension reduction
methods to seewhether there are significant differences between them. Pattern analysis of traffic data
using a higher number of principal components (M > 2) is also worth exploring, as clustering the data
in higher dimensions has its own challenges and advantages. Moreover, comparing the performance
of predictive machine learning models before and after feature reduction of temporal factors using
the proposed methodology can also be another research direction revealing the impact of temporal
factors’ feature space on prediction results.
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Appendices

Appendix 1. PCA sensitivity to the amount of data
One of the most important benefits of using PCA as a baseline for data reshaping is its low sensitivity to the amount of
data. The latent space can be derived precisely using this methodology evenwhen there is a lower amount of data rather
than six years, like one year, or even six or fivemonths. Figure A1 is represented in this section showing the reshaped daily
volume profiles of the Sydney Rd – Gaffney St (N) location to investigate the impacts of data size on PCA performance. As
we can see, PCA is able to detect the differences between daily volume profiles of each day, even using just threemonths
of data. The differences become more observable in the latent space using lower data sizes, such as one year. However,
very low sample sizes like three, two, or onemonthmay result in improper results as similar data groups (such asMondays
and Tuesdays in Figure A1) start creating clusters in very low sample sizes.

Compared to the recent dimension reduction approaches developed in the literature, like autoencoders (Boquet et al.
2020), PCA is advantageous not only when it comes to low data sample sizes (as indicated above) but also in terms of
run-time. Although neural network autoencoders have their own benefits in dimension reduction of traffic data, such as
exploring nonlinear relationships among the data, training them is a stochastic process and requires considerable time
to be trained. However, there is no training phase while reshaping the data using PCA; and as shown, a huge amount of
data does not significantly affect its performance.
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Figure A1. PCA performance using different amounts of data: daily volume profiles are reshaped in this figure to see the effects of
day of the week (Sydney Rd – Gaffney St)

Appendix 2. Sensitivity analysis of ε in DBSCAN
Based on the method section, we utilized the KNN algorithm to find the best value of ε in DBSCAN and decided to use
ε = 3× εelb . As there is no real ground truth label for anomalies in traffic data to calculate accuracy indicators, we
employed visual inspection of data in every type of analysis using the data of multiple locations. In this experiment,
DBSCAN with ε = 3× εelb detected anomalies precisely and better than any other ε value in all sets of the available
data. To keep the paper within a reasonable size, we randomly selected data from different types of temporal analysis
to show the performance of DBSCAN. Results from this test are demonstrated in Figure A2. In this figure, we first show
different pairs of data from different locations in the PCA latent space (first column). The detected outliers by DBSCAN
with ε = 3× εelb are illustrated in the second column. In the third column,we also applied pairwise K-means clustering to
the decontaminated data to see if it can handle the clustering or not. As observed, all situations are successfully handled
in our data by applying the DBSCAN algorithm with ε = 3× εelb .

To better clarify the reason behind choosing ε = 3× εelb in our analysis, Figure A3 is provided. In this figure, we
applied DBSCAN on a sample pair of data changing the coefficient of εelb from 1 to 6. According to this figure, low coef-
ficient values like 1 or 2 result in the exclusion of several data samples. High values also may not detect some outliers
existing in the data. Therefore, ε = 3× εelb is the best option for applying DBSCAN in our case study. Furthermore, Figure
A4 shows that the performance of DBSCAN does not heavily rely on the selection of KKNN (low sensitivity).

Appendix 3. Detection of homogenous time intervals from time of the day ARI matrix
To automatically detect adjacent time intervals with indifferent volume data, the algorithm in Table A1 is used in this
research. Themain idea behind this algorithm is to first replace theARI values in ARImatrices using a predefined threshold
(0.2 in our case) with 1 and -1000 (a negative score would be assigned to dissimilar pairs of factors). This algorithm then
employs sliding windows with all the possible sizes moving diagonally to calculate a score (Figure 22). The score in our
algorithm is equal to the sumof values surrounded by each slidingwindow. After score calculation, windows overlapping
with higher score windows are removed, and the remaining ones would indicate the desired areas in the ARI matrices.
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Figure A2. Randomvisual evaluationof hyperparameter selection inDBSCANusingKNNalgorithm (3× εelb). Performanceondata
of different locations and all types of temporal factors are included. (a) Raw data of the targeted pair of factors, (b) detected outliers
by DBSCAN, and (3) pairwise clustering applied on decontaminated data.
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Figure A3. Effect of the elbowpoint coefficient in outlier detection: comparison of different values (1, 2, . . . , 6). Victoria St – Elizabet
St (E) Tuesday vs. Friday.

Figure A4. Effect of K in KNN method for determining the elbow/knee point: comparison of different values (3, 4, 5, 6). Victoria St
– Elizabet St (E) Tuesday vs. Friday.
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Table A1. Algorithm for detection of similar time intervals during a day.

Algorithm: Detection of similar time intervals

Input: Adjusted Rand Index matrix with values between 0 and 1
Output: Groups of adjacent homogenous time intervals (window locations)

1: threshold← 0.2
2: negativescore←−1000
3: for each ARI in ARI matrix do
4: if ARI > threshold then
5: ARI← negative score
6: else if ARI < threshold then
7: ARI← 1
8: end if
9: end for
10: scores← [ ]
11: for eachwindow-size between 2 and 96 do
12: W ← store all possible window locations (WL)
13: for eachWL do
14: S← sum all the ARI inside the window
15: append S and WL to the scores
16: end for
17: end for
18: sort scores based on S values
19: for eachWL in scores do
20: higherWL ← WLs with higher S than the target WL in scores
21: ifWL overlaps with items in higerwl then
22: removeWL from the scores
23: end if
24: end for
25: returnWLs remained in scores
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