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HYBRID APPROACH FOR URBAN ROADS CLASSIFICATION
BASED ON GPS TRACKS AND ROAD SUBSEGMENTS DATA

ABSTRACT

Official road classification is used for general purposes
but for deep traffic analysis this classification is not suffi-
cient. Today there are efficient ways to collect large amounts
of data from multiple sources that can be used for different
causes. These large amounts of data cannot be analysed
with traditional methods and new state-of-the-art algorithms
should be used.

The paper presents the methodology for urban road
classification based on GPS (Global Positioning System)
vehicle tracks and data on infrastructural characteristics of
road subsegments. The process of defining road categories
includes data collection and analysis, data cleansing and
fusion, multiple regression, principal component analysis
(PCA) as well as cross-validation and k-nearest neighbour
(kNN) classification procedure. Results of such continuum
can be used as base for further traffic analysis as travel time
prediction, optimal route detection etc.
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1. INTRODUCTION

In literature [1] [2] [3] [4] [B] [6] [7] [8] different
road classification procedures and types can be found.
Some authors [1] [2] classify roads based on their in-
frastructural characteristics and nominal functions.
Some developed a series of updated criteria that serve
for road classification or we can even find diverse clas-
sifications of roads for the same geographic area made
for different purposes [4] [5] [6] [7] [9] [10] [11] [12]
[13]. It is evident that traditional road classification
does not meet specific needs of some advanced traffic
analysis as hierarchical search of road infrastructure
to determine optimal vehicle route, urban travel time
prediction, etc. Therefore, there is need for new types

of road classification procedures that incorporate ad-
vance algorithms and support multiple data sources.
The overall procedure starting with data collection,
thought analysis and classification procedure as well
as results interpretation and comparison with official
classification is presented. Geographical area consid-
ered represents urban roads in the City of Zagreb.

2. DATA COLLECTION PROCESS

The process of data collection lasted for thirteen
months and data collected were GPS tracks of 297
vehicles, as well as road segments data, all gathered
continuously at the same urban area of City of Zagreb.
The processes of data collection and cleansing, data-
base descriptions, as well as data analysis process are
presented in Figure 1.

In order to collect data on the traffic conditions the
GPS vehicle tracks were used. The vehicles of vari-
ous categories (2% of heavy vehicles and 98% of pri-
vate cars) were equipped with GPS devices, and the
real-time data were sent using GPRS (General Packet
Radio Service), GSM (Global System for Mobile Com-
munications) or SMS (Short Message Service) data
transfer technologies to the server and then stored in
the database.

The data recorded by the device and sent every
travelled 100m (with the vehicle engine running) or
every 5 minutes (with the vehicle engine turned off)
include (Table 1):

- Logtime - time of recording. Data is expressed in
the number of seconds commencing from 1 Janu-
ary1970 (so-called Universal Time Coordinated -
UTC standard);

- Vehicle ID - identifier of the observed vehicle / GPS
device;

- X coordinate - x coordinate of the GPS record
(WGS84 - World Geodetic System 1984);
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Figure 1 - Data collection process

Y coordinate - y coordinate of the GPS record

(WGS84);

- Speed - current speed in [km/h];

- Course - angle at which the vehicle is travelling
with reference to the North;

- GPS status - three values that indicate the ac-
curacy of the record. GPS status 3 indicates that
the data have been collected from 4 or more satel-
lites. GPS status 2 means that the data have been
collected from 2 satellites. GPS status 1 indicates
records with very questionable accuracy since the
data have been collected from fewer than 2 satel-
lites.

- Engine status - shows whether the vehicle engine
was running or was turned off while making the re-
cording.

Data cleansing represents the basic step in data
pre-processing in order to prepare them for further
analysis, and to improve the quality of the studied re-
cords. Data cleansing has been performed in three
steps [13]:

Map matching

Assignment of GPS tracks to the vectorised repre-
sentation of traffic network (digital map of the studied
area width). A more detailed description of the digital
map is given later.

Elimination of GPS errors

Encompasses the problem of GPS signal deviation
from the actual vehicle location, as well as signal at-
tenuation when the vehicle moves through a covered
area or area surrounded by high buildings. Such situa-
tions very often result in a loss of signal or obtaining of
results which do not correspond to the actual vehicle
movement (extremely high or low speeds, etc.). In lit-
erature [15], [16] several approaches to this problem
may be found. Due to a large number of vehicles and a
large amount of collected data, in this paper the prob-
lem has been solved by group analysis of data. Tak-
ing into consideration that error occurs when the GPS
device has low satellite visibility (for precise location
at least four satellites have to be visible), all records

with GPS status < 3 were eliminated. This procedure
meant a loss of a large number of records, at the same
time significantly increasing the quality of the remain-
ing records.

Time variable

The collected GPS data have the time recorded
in UTC format. The observed area is located in the
UTC+1h time zone, but because of CEST (Central Euro-
pean Summer Time) a part of the year, two hours are
added to UTC. The moment at which the time shifts
from +1h to +2h is different every year, which required
the development of an algorithm which would allocate
precise local time in the observed period to the col-
lected data.

Overall, the procedure of data cleansing removed
79% of the collected data leaving only those with sat-
isfactory quality for further analysis.

The digital map contains all the necessary data on
the roads (direction, blocked turns, marked pedestrian
zones, etc.). The elements included in the database on
roads are presented in Table 2 and contain:

- Segment ID - identifier of the road segment;

- Type - numeric code of the road type according to
official classification;

- Direction - code of the road direction;

- Start x - x coordinate of the beginning of the seg-
ment (WGS84);

- Starty - y coordinate of the beginning of the seg-
ment (WGS84);

- End x - x coordinate of the end of the segment

(WGS84);

- End y -y coordinate of the end of the segment

(WGS84);

- Length - length of the segment in metres;
- Name - name of the road which contains the re-
spective segment.

The roads were divided into segments, with one
segment representing a part of the road between two
nodes (intersections). In the map matching procedure
the vehicle tracks are projected on the digital map
roads (Figure 2), losing in the process a part of data (ei-
ther because data were outside the geographic area
of interest for this paper or because the algorithm did
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Table 1 - Tabular presentation of GPS records

log time vehicle ID x coordinate y coordinate speed | course sfazﬁs 2?5:35
1127839075 258 16.0311706 45.79550587 0 28 3 0
1127839076 74 16.0583437 45.71238287 69 52 3 1
1127839076 197 14.48986314 45.32554869 44 288 3 1
1127839076 80 15.94001073 45.81866081 36 336 2 1
1127839076 151 16.09944941 45.82707756 44 357 3 1
1127839077 191 16.03668246 45.80500608 0 0 3 0
1127839078 76 15.80900106 43.87035106 155 316 3 1
1127839078 2 15.68639096 43.81583756 72 139 3 1
1127839078 87 16.16276641 45.8577818 126 240 2 1
1127839078 95 18.8401363 45.33165814 37 227 3 1
1127839078 242 16.33440107 44.00933687 87 267 3 1
1127839078 21 17.11376576 45.43162725 58 325 2 1

Table 2 - Records on the road segments

segment ID type | direction start x starty end x endy length name

863297106624920546 | 1050 2 15.911428 | 45.759725 | 15.907549 | 45.759386 | 303 | Karlovacka cesta
863297106624920558 | 1050 2 15.975185 | 45.850766 | 15.975028 | 45.851058 34 GraCanska cesta
863297106624920658 | 1050 2 15.935334 | 45.767917 | 15.939805 | 45.767637 352 | Karlovacka cesta
863297106624920665 | 1060 2 15.964125 | 45.752465 | 15.96446 | 45.751917 66 Sisacka cesta
863297106624920667 | 1060 2 15.965242 | 45.750619 | 15.96446 | 45.751917 156 | Sisacka cesta
863297106624920681 | 1050 2 15.858694 | 45.79632 | 15.858315 | 45.796844 65 Velimira Skorpika
863297106624921008 | 1060 2 15.925616 | 45.75183 | 15.924161 | 45.750206 | 214 | BrezoviCka cesta
863297106624921009 | 1060 2 15.925616 | 45.75183 | 15.926599 | 45.752731 125 | BrezoviCka cesta
863297106624921012 | 1060 2 15.932676 | 45.739453 | 15.932629 | 45.740235 86 Dr. Luje Naletilica
863297106624921014 | 1060 2 15.932629 | 45.740235 | 15.932448 | 45.742635 267 | Dr. Luje Naletilica
863297106624921065 | 1030 1 15.934108 | 45.770172 | 15.93363 | 45.770008 41 Jadranska avenija

not succeed in unambiguously allocating the record to In order to prepare data for further analyses it is

the road segment).

necessary to know the basic characteristics of the col-
lected data set and their distribution.
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Prior to further analysis itself, at this point, the
road data are divided to the level of subsegments. The
road subsegment represents a part of segment (road
section between two nodes) which has only one direc-
tion of the vehicle flow. Data prepared in this way al-
low separate analysis for every direction of movement
and identification of traffic congestion depending not
only on the congestion location but also on the flow di-
rection itself (e.g. morning and afternoon congestions
need not, and probably will not, necessarily influence
both directions of the road in the same manner) [17],
[18].

The number of records per subsegments rang-
es from one record to 63,516 records for a single

Figure 2 - Digital map

subsegment and at this point there are overall
10,840,365 records. On 22 (0.17%) subsegments out
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of 13,236 no record has been recorded. Regarding
the speed analyses on subsegments of the observed
data set (Figure 3) we can see that arithmetic means
range in the interval from 3km/h to 97.7km/h. The
speeds of around 30km/h and somewhat lower (of
about 20km/h), have the highest frequency, whereas
the speeds higher than 55km/h occur much more
rarely.

The standard deviation of speed distribution per
road subsegments ranges within intervals from O to
36.5, with the highest frequency of about 10. The in-
terrelation of arithmetic means and standard devia-
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Figure 3 - Frequencies of speed records arithmetic means
and standard deviations for road subsegments
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Figure 4 - 3D presentation of relation of the number
of records, arithmetic means and standard deviation
of GPS tracks for subsegments

tions of records in relation to the quantity of records
per single subsegment is given in Figure 4.

The analysis of the speed records on subsegments
makes it also possible to determine the time intervals
in which the vehicle throughput capacity on the ob-
served subsegments is the lowest, i.e. to identify the
morning and afternoon “peak” periods. A presentation
of one such analysis is given in Figure 5 for subsegmet
4562 which corresponds to Jadranski most (the Adri-
atic Bridge) in the City of Zagreb for the traffic direction
towards the city centre. The presentation is given for
the workdays during the week, since road conditions
during weekends are significantly different. The Figure
clearly shows the morning congestion which is most
expressed in the interval between 6 and 8 a.m. and
the afternoon congestion which is a bit longer, but of
lower intensity, taking from 02:30-05:30 p.m.
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Figure 5 - Example of identifying the periods of highest traffic congestion
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3. APPLICATION OF HYBRID APPROACH

Data mining is a process of automatically discover-
ing useful information in large data repositories and
represents an integral part of knowledge discovery in
databases. It is a technology that blends traditional
data analysis methods with advanced algorithms for
processing large volumes of data. Data mining has
four core tasks that include: cluster analysis, predic-
tive modelling, association analysis and anomaly de-
tection. Classification is a part of predictive modelling
where a model for discrete target variable is built as a
function of explanatory variables.

In this paper the classification methodology is
used to classify road segments based on real traffic
flow data collected from GPS tracks as well as road
segments database described before. The overview of
this process is given in Figure 6. The software used is
StatSoft Statistica Data Miner.

Road classification

y =f(GPS tracks, road segments database)

Road classes
kNN

Multiple
s e classification
Factor analysis| -validation

(PCA) 28NN

Figure 6 - Road classification process

For the purpose of road data classification a com-
bination of multiple regression, cross-validation and
kNN classification is used.

The kNN classifier represents each example as a
data point in a d-dimensional space, where d is the
number of attributes. Given a test sample kNN com-
putes its proximity to the rest of the data points in the
training set, using one of the well known proximity
measures. The k-nearest neighbour of a given sample
z refers to k points that are closest to z and therefore
KNN will classify sample z based on the value of k
points in its vicinity. The algorithm is highly sensitive
to the choice of k. In fact, k can be regarded as one
of the most important factors of the model that can
strongly influence the quality of predictions [19] [20]
[241]. For any given problem, a small value of k will lead
to a large variance in predictions. Alternatively, setting
k to a large value may lead to a large model bias. Thus,
k should be set to a value large enough to minimize
the probability of misclassification and small enough
(with respect to the number of cases in the example
sample) so that the k-nearest points are close enough
to the query point. Thus, there is an optimal value for k
that achieves the right trade-off between the bias and
the variance of the model [22] [23]. In this model an
estimate of k is provided using an algorithm known as
cross-validation. Cross-validation is a well established
technique that can be used to obtain estimates of
model parameters that are unknown [24] [25]. The ap-

plicability of this technique to estimating k is described
in the following section. The general idea of this meth-
od is to divide the data sample into a number of v folds
(randomly drawn, disjointed sub-samples). For a fixed
value of k, kNN model is applied to make predictions
on the v-th segment and evaluate the error. The most
common choice to measure this error is conveniently
defined as the accuracy (the percentage of correctly
classified cases). This process is then successively ap-
plied to all possible choices of v. At the end of v folds,
the computed errors are averaged to yield a measure
of the stability of the model (how well the model pre-
dicts the query points or the validity of the model for
predicting unseen data). The above steps are then re-
peated for various k and the value achieving the lowest
error (or the highest classification accuracy) is then se-
lected as the optimal value for k (where optimal refers
to cross-validation sense of optimality) [26].

The process of cross-validation is computationally
very expensive; therefore, special attention should be
paid to dimensionality reduction in the phase of data
preparation [27] [28]. For this purpose multiple regres-
sion and factor analysis were applied. The general pur-
pose of multiple regression is to learn more about the
relationship between several independent or predictor
variables and a dependent or criterion variable. In this
case this was a useful way to learn about the variables
and to determine what criterion is dependent and how
much on other variables in the data set. On the other
hand, the main applications of factor analytic tech-
niques are to reduce the number of variables and to
detect the structure in the relationships between vari-
ables. The aim of PCA is to reduce the dimensional-
ity of a set of variables while retaining the maximum
variability in terms of the variance-covariance struc-
ture. In other words, PCA tries to explain the variance-
covariance structure of a data set using a new set of
coordinate systems that is lesser in dimension than
the number of original variables.

4. URBAN ROADS CLASSIFICATION RESULTS

The result of multiple regression and factor analy-
sis is a set of distinctive variables among the set of
GPS and road segments data:

- mean average speed on road subsegment,

- speed standard deviation on road subsegment,
- length of road subsegment,

- vehicle count of each road subsegment.

After this procedure v fold cross-validation is ap-
plied to determine k value. Cross-validation results are
presented in Figure 7.

The optimal k value is determined and 28NN clas-
sification is used to classify the selected data. The
distance measure used is Euclidian distance for stan-
dardised data. The data were standardised to trans-
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Figure 7 - Cross-validation results

form all values (regardless of their distributions and
original units of measurement) to compatible units
from a distribution with a mean of O and a standard
deviation of 1. This makes the distributions of values
easy to compare across variables and/or subsets and
makes the results entirely independent of the ranges
of values or the units of measurements.

The results of classification procedure divide roads
in five classes marked as class 1, class 2, class 3,
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Figure 8 - Results of 28NN classification
and official road classification data

class 4 and class 5. Compared to official road classifi-
cation which is explained in more detail in Spatial plan-
ning of City of Zagreb published by the City of Zagreb
[29] (roads are divided into five road categories based
on their construction characteristics and the level of
authority in charge of their maintenance as highways,
fast roads, state, county and local roads) these results
are distinct in 47.22% cases. Figure 8 presents the rela-
tion among official road classification (type observed),
28NN classification (type predictions) and accuracy
among them. Code 101 represents class 1, code 102
class 2, code 103 class 3, code 104 class 4 and code
105 stands for class 5 of type predictions. For type
observed as the ‘highest’ class code 101 stands for
highways, 102 for fast roads, 103 for state roads, 104
for county roads and 105 for local roads.

The share of each class in the classification
achieved by the model presented in Figure 6 is shown
in Table 3. The number and share of subsegments in-
cluded in each class indicate that class 5 includes the
largest number of subsegments (about 64%). Scru-
tinizing the overall length of subsegments and their
share in the total road network length class 5 also
has the largest share, but somewhat lower than sub-
segment count share. By comparison of length and
subsegments shares it can be seen that class 1 has
the smallest amount of subsegments, but they have a
lower number of intersections and higher lengths then
subsegments in other classes (length share/subseg-
ments share for class 1 equals 3.07).

Also, 2.96% of subsegments belong to class 1,
11.76% to classes 1 and 2 and 30.36% to classes 1, 2
and 3. These classes have the highest traffic flow and
94.7% of all records were recorded there. The average
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Table 3 Road classes shares

roadoass | ORI | et ments i oass ]| Leneth share (4]
Class 1 392 2.96 114,210 9.08
Class 2 1,166 8.80 175,613 13.96
Class 3 2,463 18.60 314,139 24.97
Class 4 714 5.39 67,151 5.34
Class 5 8,508 64.25 586,902 46.65

number of records for each class is given in Table 4
where we can see that the number of records per sub-
segment length decreases from road class 1 to road
class 5 in a non-linear manner.

Table 4 - Number of records for 1
meter of road subsegment

Road class Number of record /
/ subsegment length [m]
Class 1 26.0
Class 2 15.7
Class 3 3.8
Class 4 41
Class 5 35

Some statistical measures of distinctive variables
for each of the resulting classes is given in Table 5. The
mean average of the number of records on each sub-
segment, vehicle mean average speed and its stan-
dard deviation as well as the average length of road
subsegment decreases from road class 1 to road class
5. And while the average speed for class 1 represents
double average speed of class 5 the deviation is in-
creased. We can say that road class 1, while having
the highest traffic flow and the average vehicle speed
also has the largest discontinuity in vehicle move-
ments. Respectively, class 5 has the lowest vehicle
speed deviation and most continuous traffic flow.

5. CONCLUSION

The availability of new technologies and large
amount of data generated in today’s world joined with
new state-of-the-art analysis methods can facilitate

Table 5 - Average values for all road classes

traffic analysis procedures and improve overall results
within the area of traffic and transport research.

The results achieved with the application of statis-
tical and data mining procedures as multiple regres-
sion, cross-validation and kNN gives road classifica-
tion based on not only infrastructural characteristic of
roads but on the traffic flow data as well. This allows
researchers to prepare better the input data for future
traffic and transport analysis and solutions by incor-
porating all the relevant attributes. Obstacles as large
sets of multidimensional data from multiple sources
are removed by dimensionality reduction based on
factor analysis and multiple regression analysis facili-
tating computationally demanding processes as cross-
validation and kNN classification. Such road classifi-
cation allows better understanding and modelling of
traffic conditions and represents good basis for more
detailed traffic data analysis, as well as computer au-
tomation of this procedure. The data prepared in this
way can find their application in urban travel time pre-
diction, dynamic route guidance and/or navigation
based on hierarchy algorithms, etc.
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Road class Mean average of number of Vehicle speed mean Vehicle spgeq Average subseg-
records on each subsegment average value standard deviation ment length [m]
Class 1 7664 62.33 15.91 292.1
Class 2 2357 49.68 14.18 150.6
Class 3 1123 42.19 12.28 1275
Class 4 386 41.52 11.49 94.1
Class 5 240 31.00 10.01 69.0
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SAZETAK

HIBRIDNI PRISTUP KLASIFIKACIJI GRADSKIH
PROMETNICA PRIMJENOM GPS TRAGOVA |
PODATAKA O PODSEGMENTIMA PROMETNICA

Za potrebe dubljih prometnih analiza sluzbene su kla-
sifikacije prometnica cesto nedostatne. Danas postoje
ucinkoviti nacini za prikupljanje velikih koli¢ina podataka iz
visestrukih izvora kao i velik spektar moguce primjene ovako
prikuplienih podataka. Tradicionalne se metode ne mogu
primijeniti za analizu i obradu ovako prikupljenih podataka
te je stoga nuzno primijeniti suvremene metode za dubinsku
analizu.

Rad predstavlja metodologiju za klasifikaciju gradskih
prometnica primjenom podataka o GPS (engl. Global Po-
sitioning System) tragovima vozila i infrastrukturnim po-
datcima na razini podsegmenata prometnice. Postupak
definiranja kategorija prometnica ukljuCuje prikupljanje i
analizu podataka, ¢iséenje i fuziju podataka, primjenu mul-
tivarijantne regresijske analize, analize glavnih komponenti
(PCA), meduvalidacijske metode kao i klasifikaciju temeljem
obiljeZja najblizih susjeda. Rezultati postignuti na ovaj nacin
mogu biti koriSteni za detaljnije prometne analize, prognozi-
ranje vremena putovanja, utvrdivanje optimalne rute vozila
isl.

KLJUCNE RIJECI
prikuplianje prometnih podataka, GPS tragovi vozila, dubin-

ska analiza podataka, gradski promet, prometna mreZa, kla-
sifikacija prometnica.
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