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ABSTRACT 
The amount of data generated by the present information society has been increasing rapidly and Traffic 

Engineering does not escape this tendency. The growing use of intelligent transportation systems (ITS) for urban 

road traffic management has been having a beneficial impact on urban everyday life. Following this trend, several 

ITS have been producing, recording and storing traffic data for quite a few years. However, this information has 

had little treatment, analysis or practical use. This investigation research develops specific tools for the treatment, 

assessment, visualization, exploration and analysis of data from Porto ITS, thus effectively and efficiently 

providing access to the properly treated information. Apart from carrying out the data treatment and analysis, the 

ITS sensors are to be classified according to the quality of their attributes, thus identifying the inductive loops that 

contribute most to the explanation of traffic behavior, that is, the detectors that have consistent characteristics. By 

use of the proposed methodologies of data treatment, machine learning technics, dynamic time warping, Euclidean 

algorithm, principal component analysis and decision support methods, it is possible to perform, virtually cost 

free, traffic engineering related operations, that would traditionally involve mobilizing large resources and time, 

such as the construction and update of OD matrixes or the creation of a typical week of urban road traffic. Also, 

this work sets the fundamentals basis for the creation of real time traffic prediction models, based on machine 

learning techniques. 
 
Key words: Principal Component Analysis (PCA), Dynamic Time Warping (DTW), Euclidean metric distance, 

Intelligent Transportation Systems (ITS), Big data, Machine learning 
 
  
1. INTRODUCTION 

Considering the amount of data collected by Porto 

ITS, SIGA, and that this information is not currently 

utilized, the objective of this dissertation is, at a first 

stage, to process information so that it may be used in 

different applications. On a second phase, the data will 

be used to classify SIGA induction loop detectors 

importance in the description of Porto traffic patterns. 
 

The initial procedure of the data processing is to 

determine similarity between time series using DTW 

[1] and the Euclidean distance [2]. Identified time 

series are later used to complete and correct detector 

time series that contain gaps or outliers. Then, PCA [3] 

is used to determine the ITS principal components, or 

detectors, preceded by the implementation of a decision 

support method called Detector Filter. 
 

The use of DTW to determine similarity between 

traffic time series is novelty and the dissertation allows 

the evaluation of the techniques utility for future 

applications, including the efficiency comparison with 

the Euclidean distance algorithm. PCA is a popular data 

science algorithm, used for dimensionality reduction of 

multivariate data, data visualization simplification and 

data clustering. PCA and DTW are machine learning 

supervised techniques. The use of PCA in Traffic 

Engineering has been proposed by Foerster [4] to 

determine optimum location for ITS equipment, such 

as induction loop detectors, and by Djukic et al [5] for 

dimensionality reduction of multivariate traffic data 

used to update OD matrixes. 
 

The dissertation is initially framed in the Traffic 

Engineering discipline, in reference to the fundamental 

variables that it consists of. Next, the theoretical 

methodologies for solving the problems at hand are 

presented, namely DTW, Euclidean distance, PCA and 

the applications procedures that handle the processing 

of the collected SIGA data. Then, a detailed description 

of the procedures for data collection and processing is 

given. Data processing graphical and tabular outputs 

are also discussed at this point. Now that quality of the 

data is appropriate and guaranteed, the principal 

component analysis is performed on multiple scenarios, 

thereby concluding the classification and seriation of 

the ITS detectors. Graphical representation of each 

PCA scenario is also presented. Finally, the conclusion 

synthetizes the achieved results and identifies several 

possible future works. 
 
2. METHODOLOGY 

The data collected by SIGA is stored in simple text 

files that contain accumulated 5-minute traffic 

throughput. The data has been gathered for 

approximately 10 years, by SIGA 111 loop detectors. 

An estimated number of 112 million individual records 

qualifies this investigation as a big data analysis. All 

111 detectors time series are processed for use in 

applications beyond this dissertation. The minimum 5-

minute time interval was adopted throughout the 
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analysis, making it possible to modify the time scale, in 

appropriate circumstances. 
 

The data processing verifies, formats, aggregates 

and compiles traffic data so that any errors present in 

the original files are identified and dealt with, 

preserving the maximum amount of data, at the upmost 

quality and integrity. Errors, or outliers, identification 

automatically recognizes and gathers daily time series 

into acceptable and non-acceptable series, or outlier 

series. 
 

Outlier series are corrected and completed using 

the most similar acceptable series. The appropriate 

acceptable time series are identified using DTW or the 

Euclidean distance, techniques that essentially measure 

similarity between two curves. 
 

Data visualization is used in two distinct 

perspectives. The first creates charts and graphics that 

complement and allow quality assessment of the 

processed data. The second is intended to simplify data 

representation, facilitating the comprehension of 

information. The linearity of data visualization is 

especially relevant for content dissemination since 

information is increasingly used by non-technical staff.  
 

Programmatically, the processed information is 

stored in text files that contain a timestamp and the 

respective record. Given its temporal nature, the most 

important feature of the processed data is the 

timestamp. The timestamp enables temporal 

aggregation and disaggregation operations, with sums 

and averages, that would otherwise make time series 

analysis complex and time-consuming. Therefore, the 

timestamp feature composition and format are a 

fundamental aspect of the dissertation. 
 
2.1. Time series comparison 

Time series comparison is part of the outlier 

replacing sub-routine and uses DTW and the Euclidean 

distance algorithm. For each identified daily outlier 

series, the routine searches the acceptable series 

database for the most similar acceptable series. The 

database is set by a space-time criterion (Lopes [6]), so 

that similarity can only be determined between series 

that originate in the same detector. Simultaneously, 

Pearson’s correlation r [7] is calculated for both DTW 

and the Euclidean metric, enabling a common ground 

for comparing the techniques similarity measure 

according to corresponding magnitude and quality 

features. Curve similarity is determined by the 

minimization of the objective functions, DTW and 

Euclidean distance. It is concluded that DTW returns 

superior similarity results than the Euclidean metric 

and that calculated Pearson’s correlation r is not 

representative of this result.  

 

Figure 1 – Pearson’s r comparison for DTW and the Euclidean distance 

Pearson’s correlation, r, for a sample is given by 

equation (1): 

 𝑟 =  
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛

𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 (1) 

Where n is the size of the sample, xi, yi are the 

sample and �̅� is the average of sample 𝑥. Idem for 𝑦. 

Equation (2) expresses the Euclidean distance 

algorithm, for comparing two vectors [2]. 

 𝑑(𝑝, 𝑞) =  √∑(𝑝𝑖 − 𝑞𝑖)2

𝑛

𝑖=1

=  |𝑝 − 𝑞| (2) 

Where p and q are vectors and |𝑝 − 𝑞| is the 

Euclidean norm. The green lines in following plot 

represent the Euclidean distance, between two curves. 

 

Figure 2 – Geometric representation of the Euclidean algorithm [8] 

DTW is a non-linear curve similarity measure 

technic that offers flexibility in curve adjustments. Its 

applications range from speech recognition and image 

comparison to DNA sequencing. The values of 

Pearson’s r coefficient obtained with DTW are smaller 

than those obtained with the Euclidean distance, since 

the DTW algorithm is built on minimizing path cost 

rather than minimizing the distance between 

homologous data pairs that is the fabric of the 

Euclidean algorithm or Pearson’s r. The following 

illustration represents the warped minimum path of 

similarity between two curves, obtained with DTW. 
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Figure 3 – DTW minimum cost path 

The option to utilize DTW meets the stochastic 

nature of traffic flow, in which small and large volume 

variations are typical, for any given instant or time 

period. The green lines in the following figure represent 

the DTW, between two curves. 

 

Figure 4 – Geometric representation of the DTW algorithm [8] 

A possible Python [3] implementation of the DTW 

algorithm may be coded as follows: 

def DTWDistance(s1, s2, window): 

  DTW={} 

  w = window 

  w = max(w, abs(len(s1)-len(s2))) 

  for i in range(-1,len(s1)): 

    for j in range(-1,len(s2)): 

      DTW[(i, j)] = float('inf') 

  DTW[(-1, -1)] = 0 

  for i in range(len(s1)): 

    for j in range(max(0, i-w), min(len(s2), i+w)): 

      dist= (s1[i]-s2[j])**2 

      DTW[(i, j)] = dist + min(DTW[(i-1, j)],DTW[(i, j-1)], 

DTW[(i-1, j-1)]) 

  return sqrt(DTW[len(s1)-1, len(s2)-1]) 
 

Although DTW results have better quality, DTW 

non-linearity and O(mxn) complexity imply processing 

times up to 100 times greater than the Euclidean metric 

(Keogh [9]). To reduce CPU processing time, Sakoe-

Chiba bands [10] early abandoning and LB_Keogh [11] 

lower bounding were implemented. 
  

The simplification techniques can be combined 

and a Pyhton [12] LB_Keogh code may be 

implemented as follows. 
 

def LB_Keogh(s1,s2,reach): 

  LB_sum=0 

  r = reach 

  for ind,i in enumerate(s1): 

    lower_bound=min(s2[(ind-r if ind-r>=0 else 0):(ind+r)]) 

    upper_bound=max(s2[(ind-r if ind-r>=0 else 0):(ind+r)]) 

    if i>upper_bound: 

      LB_sum=LB_sum+(i-upper_bound)**2 

    elif i<lower_bound: 

      LB_sum=LB_sum+(i-lower_bound)**2 

  return sqrt(LB_sum) 
 

 

Figure 5 – Sakoe-Chiba Bands early abandoning 

 

 

Figure 6 – LB_Keogh lower bounding algorithm (adapted from [1]) 

The optimum lower bounding reach, and the early 

abandoning window, that respectively set the Sakoe-

Chiba bands and the LB_Keogh envelope, were both 

subject a sensitivity analysis. However, typical adopted 

values for reach and window in scientific investigation 

work [9] correspond to 10% of the analyzed number of 

records. For this dissertation, both reach and window 

are set to 30, consistent with 10% of the 288 5-minute 

daily records.  
 

The total amount of daily time series is divided into 

outlier and acceptable series. The acceptable series are 

also divided into weekdays and weekends, allowing 

weekdays outlier series to be matched to weekday 

series and weekend outlier series to be matched to 
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weekends acceptable series. This criterion reduces 

similarity search CPU-time by 28.5%, for weekdays, 

and 71.4% for weekends.  
 

Additionally, to maintain a high level of integrity 

and robustness of the acceptable time series database, 

days in which the expected behavior of traffic may be 

irregular were identified and excluded. The list 

identifies 579 events days that include football games 

in Dragão Stadium, the student Queima das Fitas week, 

S. Silvestre run and the Red Bull Air Race, for the 

duration of the time series. 
 
2.2. Outlier Replacement Methodology  

Daily outlier series are identified by record values 

greater than the maximum vehicle 5-minute debit of 

120 veh/5min/lane, by the existence of null records and 

finally by the maximum admissible number of irregular 

records (null or otherwise), that amount to 33% of the 

288 daily records. Several motives for record errors 

were identified e.g. adverse atmospheric conditions, 

congestion, improper parking and other. Using the 

DTW and space-time similarity concept (Lopes [6]), 

the acceptable series most similar to the outlier series is 

identified and its records are used to replace only the 

abnormal records in the outlier series. 
 

CCDR-N [13] indicates the maximum theoretical 

traffic debit of 1900 veh/h/lane, for a LOS of E and a 

maximum free flow speed of 70 km/h for a multiple 

lanes road. CCDR-N [13] also states that the capacity 

of a two-lane road is 1700 veh/h/lane. Whereas most of 

SIGA detectors collect data from multiple lanes, for the 

dissertation, the assumed capacity for an urban road is 

approximately 1800 veh/h/lane. 
 

Considering that every detector commands the 

traffic lights of regulated intersections, it is assumed 

that the maximum debit is reduced by 30%. Utilizing 

an empirical factor of 1.15, the threshold of 120 

veh/5min/lane is determined according to the following 

expression (3): 
 

 𝑉𝑝5𝑚𝑖𝑛 =
1800 × 0.70

60
× 5 × 𝑓𝑐 ≈ 120 (3) 

Where Vp5min represents the maximum debit 

threshold per 5-minute and per lane and fc is the 

empirical correction factor. 
 

The identification of irregular records is conducted 

in two distinct approaches. The first refers to the point, 

or singular, outliers and the second refers to sequential 

outliers. Singular outliers are replaced by the average 

of the two immediate neighboring records. Sequential 

outliers are replaced by homologous records from the 

most similar acceptable series found with DTW. Both 

cases assume that the replacement of null values in the 

period between 00:00 and 06:00 does not skew or 

compromise future studies, considering that the traffic 

in this period is frequently small and that it is 

impossible to accurately identify the origin of the 

recorded error. This makes it impossible to act on 

specific types of recorded errors. 
 

After the series correction, data compilation 

follows. One file per detector is created, holding the 

complete gapless and outlier free time series. 
 
2.3. Principal Component Analysis 

Methodology 
Principal component analysis has two main 

applications. The first relates to information 

visualization and the second to dimensionality 

reduction and consequent simplification, classification 

and clustering of multivariate data. The dissertation 

uses both facets of PCA. 
 

 

Figure 7 – PCA algorithm flowchart 
 

Describing Porto city traffic phenomena requires 

the SIGA 111 loop detectors. To each individual 

detector corresponds a variable such that the inherent 

dimensionality of explaining traffic behavior 

necessarily implies the existence of a vector space 

composed by 111 dimensions. 
 

The large number of dimensions, or variables, 

hinders the evaluation of the data and the intrinsic data 

noise largely impairs the efficient use of the 

information. This aspect suggests that PCA is an 

adequate technique to analyze the data and to determine 

SIGA principal detectors. 
 
2.3.1. Data visualization 

PCA simplifies data visualization using Eigen 

vectors [14]. The total number of Eigenvectors present 

in multivariate data set coincides with the number of 

variables that describe the phenomena. Eigen vectors 

are obtained by maximizing the explanation of variance 

in the data, and each Eigen vector explains part of the 

data variance. It is obvious that the amount of variance 

explained by all the vectors corresponds to the 

complete variance, in respect to the data. By sub-setting 

original Eigen vectors in respect to the largest Eigen 

values, a vector space can be created using a smaller 

number of vectors than originally required, that 

explains a predefined amount of variance. Selecting the 

three vectors with highest Eigen values, allows the 

creation of three-dimensional coordinate system where 

the multivariate data can be plotted. 
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This property also allows to perform cluster 

analysis both visually or by implementing statistical 

techniques such as HCA (Hierarchical Cluster 

Analysis), as per Figure 8 example. 

 

 

Figure 8 – Dataset visualization in a typical coordinate system and in a PCA 

coordinate system [15] 

In the above Figure, the PCA coordinate system 

allows to easily identify information clusters, or data 

subsets, whereas such distinction on the original 

coordinate system is visually difficult or impossible. 
 
2.3.2. Dimensionality reduction 

Dimensionality reduction means the explanation of 

phenomena using a smaller number of variables than 

those originally necessary. The assumption is that the 

fundamental nature of the phenomena can be expressed 

by fewer information without significant loss of 

precision or acuity, with respect to the variance 

contained in the data. 
 

Once again, this concept relates to Eigen vectors 

but unlike the visualization facet of PCA, the number 

of vectors selected is a function of the amount of 

accrued explained variance required to define the 

phenomena up to a threshold or level. 
 

Dimensional contraction can be used to replace the 

original data with less noisy data. Using a smaller 

quantity of Eigen vectors, identified as the minimum 

acceptable number of vectors that can be used to 

describe a specific event, a simple algebraic 

transformation from the PCA vector space to the 

original multivariate vector space, renders cleaner 

information back to the original space. The transformed 

data can then be used in traffic prediction models or for 

OD matrixes updating, with the advantage of being 

more homogeneous, containing less noise and having a 

less stochastic nature. 
 
2.3.3. Primary and covariance matrixes 

Based on the verified and treated datasets, PCA 

starts with the construction of a primary matrix that 

holds the accumulated hourly traffic values. 
 

The primary matrix features a timestamp index, 

corresponding to a time series. The primary matrix 

columns refer to the detectors variables, used in the 

PCA. The intersection between each row and column 

represent the recorded accumulated hourly traffic 

values in a specific moment, for every detector used in 

the analysis. The primary matrix must not contain 

empty rows or empty columns, otherwise the PCA 

results may be skewed. 
 

The covariance matrix is a symmetric matrix that 

summarizes the covariance between the variables 

present in the primary matrix. Since each detector 

corresponds to a variable, the covariance matrix 

establishes the Pearson correlation between detectors.  
 
2.3.4. Estimating the number of principal 

components 
Eigen values and vectors are extracted from the 

covariance matrix [14]. Eigen vectors are unique 

vectors that feature a constant direction in the presence 

of a linear algebraic transformation. The magnitude, or 

norm, of the Eigen vector is set by a scalar known as 

Eigen value and the total number of Eigen values is 

equal to the total number of Eigen vectors, which in 

turn are equal to the total number of variables, or 

detectors. 
 

To reduce the inherent dimensionality of the raw 

data, it is necessary to select a smaller number of the 

most relevant Eigen vectors, therefore explaining the 

largest amount of variance present in the dataset. The 

relative quantity of variance explained by individual 

Eigen vectors is expressed by the magnitude of the 

Eigen value and the selected vectors now become the 

principal components. There is no single analytical 

methodology accepted by the scientific community 

through which the number of principal components 

essential to phenomena explanation is set. Typical 

indicative testing is inconclusive or rely on the arbitrary 

conditions set by the analyst. The three typical tests 

used to determine the number of principal components 

are the Kaiser rule, Cattell’s test and the accumulated 

percentage of variance explained by principal 

components [16]. 

 

Figure 9 – Accumulated percentage of explained variance by principal 

components 

The criteria of accumulated percentage of variance 

explained (PVE) was implemented to determine the 

number of principal components, using a 95% 

threshold. Put simply, the number of principal 
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components selected must explain at least 95% of the 

total variance of the dataset. 
 
2.3.5. Loading and transformed data matrixes 

The loading matrix classifies the importance of 

each detector in respect to each principal component. 

This matrix rows represent principal components while 

its columns represent individual detectors. The matrix 

values, or loadings, denote the importance, or 

contribution of individual detectors in the definition of 

the principal component. Loadings may be negative, 

but their importance is given by its absolute value. 
 

The transformed data matrix is obtained from the 

dataset that exists in the vector space created from 

selected principal components. Data transformation 

may produce negative traffic debits (values) as a result 

of the PCA dimensional contraction. In fact, negative 

values in the loadings matrix are common and must be 

accounted for, if further analysis are to be conducted 

using the data. 
 
3. DATA COLLECTION AND 

PROCESSING 
Traffic data is collected using the 111 magnetic 

induction loop detectors integrating Porto SIGA ITS. 

The detectors are grouped in ten traffic macro-

regulation zones. Features such as geographic position 

and especially the number and type of traffic lanes in 

which detection occurs are essential to establish 

relationships between traffic volume and land use, and 

therefore were utterly listed. Previously described 

methodologies are applied based on this information. 

 

Figure 10 – SIGA ITS zones (2018) 

In addition to tabular outputs, in which a file 

containing the entire time series is produced for 

individual detectors, several plots are created that 

enable data exploration in an aggregate manner. The 

created figures include plots to visually check the 

results of similarity between outlier and selected 

acceptable series, the existence of gaps, the consistency 

of collected data or the series susceptibility to outliers 

for the entire span of individual time series. 
 

The processed information is aggregated in 5, 15 

and 60 minutes timeframes. The 60-minute aggregation 

is used to produce daily, weekly, monthly and yearly 

plots for all detectors. 
 

 

 

Figure 11 – Monthly and weekly average hourly traffic volume and detector 

time series inspection examples 
 

Rush hours for five individual time intervals were 

determined, for each detector and for each day of the 

week, spanning the frame of the entire time series. 

These results are summarized both in tabular text files 

and in figures such as Figure 12.  
 

 

Figure 12 – Detector 07-03 Wednesday rush hours 
 

The automatic data processing programs produces 

robust and adequate results. Any existing outliers and 

abnormal records present in the time series were 

replaced with values from the most similar appropriate 

time series available. It is possible to conclude that the 

Euclidean distance is about 14 times faster than DTW, 

while still guaranteeing results with significant quality. 
 
4. PRINCIPAL COMPONENT ANALYSIS 

The analysis of the data resulting from described 

methodologies reveals several detectors time series that 

may skew or compromise principal component 

analysis. To ensure that the PCA analysis produces 

suitable results, a decision support method (DSM) 

named Detector Filter (DF) is applied. The DF function 

is to identify detectors with appropriate time series 

quality and integrity features that will render a robust 

principal component analysis. 
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4.1. Detector Filter 
The DF evaluates four time series features: the 

50% rule, time series cross-lapping, time series graphic 

analysis and the hourly cumulated average traffic.  
 

The 50% rule relates the amount of acceptable 

daily time series with the amount of daily outlier series, 

in individual detectors. When the number of outlier 

series is greater than the number of acceptable series, it 

is clear that outlier series are processed at the expense 

of a smaller number of acceptable series, thus possibly 

skewing PCA results. For this reason, the principal 

component analysis will only use the detectors in which 

the number of acceptable series is greater than the 

number of outlier series. The 50% rule excludes 25 

detectors from PCA. 
 

Time series cross-lapping guarantees the minimum 

amount of simultaneous records to be used for PCA. 

Cross-lapping is evaluated in individual detectors 

through the percentage relation between the number of 

daily series and the maximum number of 3526 daily 

series, which correspond to the maximum number 

recorded days, amounting to approximately 10 years. 

Because several percentage possibilities for 

overlapping time series were considered, the 

importance and relevance of performing individual 

PCA, based on such percentages, became clear. The 

cross-lapping classes of 0%, 60%, 70%, 80% and 90%, 

or Purge0, Purge60, Purge70, Purge80 and Purge90, 

correspond to distinct PCA scenarios, respectively 

PCA#1, PCA#2, PCA#3, PCA#4 and PCA#5.  
 

Detector selection using the cross-lapping criteria 

is followed by checking the number of simultaneous 

records across detectors. Because the Purge0 scenario 

includes every valid detector in the database, no 

simultaneous records resulted for the PCA time series 

database, therefore making it impossible to perform the 

PCA. The choice of conducting PCA only for cross-

lapping percentages above 50% reflects the quality 

criteria inherent to the analysis. Smaller percentages of 

cross-lapping PCA scenarios are admissible although 

skewed results are probable, given the inverse 

proportionality between the number of simultaneous 

records and the number of detectors present for PCA. 

For percentages scenarios smaller or equal to 50%, the 

number of detectors significantly increases whereas the 

number of simultaneous records decreases 

considerably. The Purge90 scenario illustrates this 

dichotomy: this class guarantees 90% cross-lapping of 

records but uses only 3 detectors. 
 

Time series graphic analysis allows the evaluation 

of traffic behavior over the full span of the series, in 

which records are available. It allows the verification of 

gap existence, the duration of such gaps, the existence 

of point or aggregated traffic outliers and the 

consistency of recorded traffic volumes. The graphic 

analysis is conducted on weekly and monthly plots of 

accumulated hourly traffic. 
 

Proceeding the individual classification of the 

graphic analysis, an aggregated classification is 

calculated, combining three parameters according to 

the following expression: 
 

 𝐴𝐺 =  {
𝐹𝑅 + 3 × 𝐶 + 𝑁𝑂, 𝐶 𝑒 𝑁𝑂 ≠ 0
           0,                            𝐶 𝑜𝑢 𝑁𝑂 = 0

 (4) 

 
FR refers to record gap score, C corresponds to the 

series consistency score and NO refers to the number 

of individual outliers.  
 

The Detector Filter ultimately classifies the 

detectors using the following formulation: 

 𝐶𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟 =  
𝑆 × 𝑅 × 𝐴𝐺 × 𝐷 × 100

𝑇𝑀𝐻
 (5) 

Where S corresponds to the cross-lapping 

percentage, R refers to the 50% rule binary score, AG 

means the aggregated graphic analysis score, D 

corresponds to the total number of complete daily series 

and TMH represents the hourly average daily traffic. 

For the pre-defined PCA scenarios, the following 

number of detectors was found:  
 

Table 1 – Time series cross-lapping classification 

  
From the 111 available SIGA detectors, the 

Detector Filter selects 43 for PCA. 
 
4.2. PCA Results 

4.2.1. Outputs 
The PCA scenarios results are stored in the text 

files listed in the following table. 
 

Table 2 – PCA file output summary 

  
For each of the PCA scenarios, 2D and 3D plots 

are created using the three principal components that 

explain most of the variance in the multivariate data.  
 

 
Figure 13 – 2D plot of the Purge80 scenario (PCA#4) 

Scenario

Class

Days with 

simultaneous 

records

Number 

of Zones

Number of 

Detectors

Purge0 0 10 43

Purge60 212 9 35

Purge70 421 8 30

Purge80 1070 6 19

Purge90 2677 3 3

Output File Row x Column

01_Raw_Dataframe Timestamp x Detectors

02_Data_in_PCA_Space Timestamp x Principal Components

03_PCA_E_vectors Principal Components x Detectors

04_PCA_E_values Principal Components x Eigen values

05_PCA_Loadings_Matrix Principal Components x Detectors

06_PCA_Explained_Variance Principal Components x Explained Variances

07_Reconstructed_Data Timestamp x Detectors
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Figure 14 – 3D plot of the Purge80 scenario (PCA#4) 

 
4.2.2. Number of principal components 

For each of the pre-defined PCA scenarios, the 

number of principal components necessary to explain 

variance up to the required threshold was determined 

by a minimum PVE of 95%. Class Purge60, or PCA#2, 

requires 5 principal components. Classes Purge70 and 

Purge80, respectively PCA#3 and PCA#4, require 4 

principal components and class Purge90, or PCA#5, 

requires only one component to explain 95% of the total 

variance. 
 
4.2.3. Detector classification 

Because PCA values depend on variances, results 

can be positive and negative. This fact does not impact 

the analysis results since its relevance is expressed in 

terms of the results absolute magnitude. In fact, when 

conducting a new iteration of the listed PCA scenarios, 

it is possible to obtain symmetrical results without loss 

of reliability or significance. For this reason, detectors 

were classified according to resulting variances 

absolute values. 
 

Because characterizing the territory is paramount, 

classification results from Purge60 PCA scenario 

(PCA#2) present the best information about Porto 

traffic, since the scenario includes detectors from 10 

macro-regulations zones. Under these conditions, the 

detectors that best describe the city traffic volume are 

09-03, 08-06, 10-04, 03-09, 09-01, 02-17, 07-08, 03-

07, 08-07, and 09-09, in descending order of 

importance.  
 

Original PCA scenarios calculations were 

conducted using eventless days databases. Later, 

additional equivalent PCA scenarios were calculated 

using a database that includes event days. This allows 

the comparison of results and ultimately to recognize 

how event days impact the analysis. The following 

table lists the first four classified detectors, for each 

PCA scenario, using databases that include and exclude 

city event days. 
 

Table 3 – Event and eventless detector classification 

  

Results obtained with and without event days are 

similar, demonstrating small variations in seriation. 

Nonetheless, it is assumed that the eventless database 

render best results, since the events exceptional 

constraints introduce additional random elements in the 

analysis, which ultimately intends to purge stochastic 

effects.  
 
4.3. Visualizing Results 

Visualization compiles the data so that traffic 

behavior can be observed in an integrated way. Using a 

map created with ArcGIS, detectors were 

geographically distributed and associated with a 

weekly average time series, obtained from timestamp 

upscaling.  

 

Figure 15 – PCA_111_Detectors.avi file screen capture 
 

The map also served as reference to produce videos 

that compile the average weekly traffic behavior, for 

each of the PCA scenarios. 
 
5. CONCLUSIONS AND FUTURE WORK 

5.1. Synthesis and Principal Conclusions 
Taking data from Porto SIGA ITS, data processing 

and analysis was conducted for validating the 

information and optimizing the access method to that 

data. For this, a 5-minute accumulated traffic debit was 

maintained for every time series.  
 

Because daily time series checking often revealed 

gaps within time sequences, DTW was used to measure 

resemblance between time series and to find the most 

similar acceptable time series that could be used to 

replace abnormal values on outlier time series. The 

Euclidian distance was also used for comparing its 

efficiency to that of DTW. The conditions for these 

algorithms to identify and act on daily outlier time 

series were the minimum and maximum traffic volume 

thresholds. Thresholds were determined for individual 

detectors through the combination of macroscopic 

traffic variables, namely urban roads capacity, and the 

number of lanes monitored by the detector.  
 

Individual detector time series spanning 

approximately 10 years were subject to graphic 

analysis. A decision support method, Detector Filter, 

was used as a quality criterion for selecting appropriate 

detectors to be used in PCA. The Detector Filter uses 

features such as the amount of available daily series, its 

graphic consistency, the existence of outliers and the 

recorded amount of traffic of each detector. The 

Detector Filter suggests sub-setting adequate PCA 

With Without With Without With Without With Without

1 09-03 09-03 02-12 02-12 03-09 03-18 03-03 03-03

2 08-06 08-06 02-06 02-06 03-18 03-09 03-18 03-18

3 09-01 10-04 05-03 03-18 02-13 02-13 02-12 02-12

4 10-04 03-09 03-18 05-03 03-06 03-06 - -

Detector 

Classification

PCA#2 - Purge60 PCA#3 - Purge70 PCA#4 - Purge80 PCA#5 - Purge90

Events Events Events Events
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detectors for independent scenarios, that observe 

minimum data cross-lapping percentages. 
 

The conducted PCAs guarantee records 

overlapping across a considerable number of detectors, 

balanced by a realistic amount of time span, which in 

turn support statistically reliable results. Python and 

ArcGIS were used for visualizing results. Visualization 

techniques demonstrate good results and simplify 

detector selection, depending on implementing 

objectives, on the records numerical consistency and 

geographic and physical features. Detector 

classification was achieved on multiple levels and with 

coherent criterion for tested scenarios. 
 

As far as machine learning and big data are 

concerned, it is confirmed that DTW produces good 

results and that its complexity discourages its 

application whenever quick computations are required. 

The Euclidian metric distance algorithm, on the other 

hand, produces similarly reliable results while 

consuming less CPU time, thus is more appropriate in 

implementations in which time is a factor. 
 
5.2. Future work 

5.2.1. Data mining 
Considering the referenced and processed amount 

of data, continuing data mining work is a natural 

option. In fact, proceed to extract content and uncover 

patterns hidden in the available information is 

invaluable work with several applications. 
 

Mining possibilities ranges from simple analysis of 

a local traffic count, for a specific period, to the 

identification of congestion at specific locations and to 

the definition of main traffic flows between multi-level 

road networks, such as the Infraestruturas de Portugal 

highway network and urban roads network. 
 
5.2.2. Traffic prediction models 

The initial motivating idea for the dissertation was 

the creation of real-time traffic models. DTW and the 

Euclidian distance support the conception of such 

models, by means of establishing similarity between 

time series. However, because the techniques have 

distinctive mathematical approaches, their application 

aptitude is essentially different. 
 

A fundamental aspect to observe in the 

construction of real time traffic predictions models is 

the size of the time series database and the algorithm 

used for prediction. Usually, for databases with 

millions of records, such as the one used in the 

dissertation, the degree of algorithmic complexity 

largely impacts on the amount of time required to 

perform predictive calculations. 
 

Because DTW complexity is O(n²) and the 

Euclidian metric is O(n), the latter renders outputs up 

to 100 times faster than the first, while maintaining an 

appropriate accuracy that does not compromise real-

time prediction. 
 

5.2.3. OD matrixes construction and update  
SIGA ITS recorded data may be used to update OD 

matrixes. The data processing methodology combined 

with PCA identifies detectors whose traffic volume and 

time series quality features are essential to update OD 

matrixes or to create full new sets of matrixes 

pertaining specific areas or time of day.  
 

Using the ITS data significantly mitigates the 

considerable costs of collecting traffic counting data, 

dispensing the mobilization of the usually necessary 

resources required for this activity. This information 

also provides a way to continually analyze traffic 

volume data. Obtaining such a large set of complete 

data using typical methods is challenging and often 

financially impossible. 
 
5.2.4. Optimizing detector location 

Because Porto municipality is currently served by 

SIGA, it is relevant to optimize the position of the ITS 

equipment, such as loop detectors or traffic information 

panels, using Foerster’s [4] model. Foerster uses the 

numerical modeling of traffic at a macroscopic scale, 

affecting the model with an updated OD matrix. 

Because Porto City Council has already developed the 

macroscopic traffic model, the optimization procedure 

can be swiftly implemented. 
 
5.2.5. Land use – traffic patterns relationship 

The processed data resulting of procedures 

described in this dissertation can be used to extract and 

characterize the relationship between land use and 

traffic patterns, in several different time or territorial 

scales. The description of such interdependencies 

constitutes the essential stuff of Transportation, 

because perceiving those connections ultimately 

motivates and implements Transportation policies. 
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Figure 16 – PCA_111_Detectors.avi file screen capture 
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