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Abstract: In this paper, a new method is proposed to detect traffic regulations at intersections using
GPS traces. The knowledge of traffic rules of regulated locations can help various location-based
applications in the context of Smart Cities, such as the accurate estimation of travel time and fuel
consumption from a starting point to a destination. Traffic regulations as map features, however,
are surprisingly still largely absent from maps, although they do affect traffic flow which in turn
affects vehicle idling time at intersections, fuel consumption, CO, emissions and arrival time. In
addition, mapping them using surveying equipment is costly and any update process has severe time
constraints. This fact is precisely the motivation for this study. Therefore, its objective is to propose an
automatic, fast, scalable and inexpensive way to identify the type of intersection control (e.g. traffic
lights, stop signs). A new method based on summarizing the collective behavior of vehicles crossing
intersections is proposed. A modification of a well-known clustering algorithm for detecting stopping
and decelerating events is presented. These detected events are then used to categorize vehicle
crossing of intersections into four possible traffic categories (p1: free flow, p2: deceleration without
stopping events, p3: only one stopping event, p4: more than one stopping event). The percentages
of crossings of each class per junction arm, together with other speed/stop/deceleration features,
extracted from trajectories, are then used as features to classify the junction arms according to their
traffic control type (dynamic model). The classification results of the dynamic model are compared
with those of the static model, where the classification features are extracted from OpenStreetMap.
Finally, a hybrid model is also tested, where a combination of dynamic and static features is used,
which outperforms the other two models. For each of the three models, two variants of the feature
vector are tested: one where only features associated with a single junction arm are used (one-arm
model) and another where features also from neighbouring junction arms of the same junction are
used to classify an arm (all-arm model). The methodology was tested on three datasets and the results
show that all-arm models perform better than single-arm models with an accuracy of 94% to 97%.

Keywords: traffic-rules; traffic-regulations; crowdsourcing; GPS-trace; trajectories; classification;

movement patterns; clustering; collective-behaviour; smart city

1. Introduction

The idea of creating and sharing geographic information through individuals is not
new. Individuals acting as sensors of their environment have been described as citizens as
sensors [1], who can collect various kinds of data or share information from the environment
they are in, such as photos, news, noise, speed measurements, air pollution data, etc. Since
this data is combined with the geographical location from which it is taken, interesting
information about these locations for a given time or a given period of time can be estimated,
about a particular phenomenon, e.g. the noise level of a place, the speed limit of a road, etc.

The widespread use of modern mobile devices has opened up new possibilities for
spatial crowdsourcing (SC), a term that describes "the potential of the crowd to perform real-
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world tasks with strong spatial nature that are not supported by conventional crowdsourc- s
ing (CC) techniques"” [2]. CC techniques lack the spatial element and focus on transactions s
conducted entirely over the Internet. In contrast, SC requires physical on-site presence o
and such information collected either opportunistically or participatively has increasing 4o
potential [3]. a1

Some examples of leveraging data collected from individuals include automatic detec- 42
tion of road network changes and map updates using GPS trajectory data [4,5], pothole 4
detection using crowd-sourced vehicle sensor data [6], estimation of road roughness from 44
crowd-sourced bicycle acceleration measurements [7], and inferring the traffic state of s
roads by analysing the aggregated acoustic signal collected from the microphone sensor 4
of the user’s smartphone [8]. Predictions of phenomena such as earthquakes (earthquake 47
early warning), which until recently required special equipment, can now be implemented 45
using common consumer devices such as smartphones with low-cost sensors [9]. Another 4
crowdsourcing-based service for citizens of large cities is information about the existence  so
of vacant parking spaces near a destination [10]. Finally, crowdsourcing social media can s
also increase our understanding of human dynamics and spatio-temporal characteristics of =2
cities and convey information about cities [11]. 53

Other location-based applications that make our everyday life much easier are the s
accurate estimation of the travel time from a starting point to a destination, the elimination s
of false warnings in the advanced driver assistance systems offered by modern vehicles and  se
the ambient sensing of autonomous vehicles, where traffic-related risks can be anticipated s
and driving actions can be planned accordingly. Furthermore, traffic regulators, such as  ss
traffic signals, affect significantly the traffic flow at intersections, which in turn influence the s
fuel consumption and air pollution. Intersections are one of the dominant locations where o
excessive fuel is consumed [12] and certain traffic regulations, i.e. traffic signals, contribute e
more to air pollution compared to others (e.g. stop signs), due to the excessive vehicle e
emissions that are observed at those regulated locations [13]. Therefore for environment- s
friendly and sustainable solutions related to daily commuting and traffic, such information s
is critical. Nevertheless, the type of localised traffic regulations, represented as map feature, s
surprisingly is still largely absent from National Agencies maps and from open maps such s
as OpenStreetMap (OSM) [14]. This study is motivated by this fact and the main research &
question addressed is how to automatically and cost-effectively identify traffic regulations s
using crowdsourced data. 69

Related studies, mainly use either GPS tracks or images [15]. Traffic sign recognition 7o
from in-vehicle cameras is a popular topic in the computer vision community, providing =
accurate detection of traffic signs [16,17]. However, although modern cars do have cameras, 7
manufacturers do not share their data. But even if such data were available, their adoption 7
the crowdsourcing scenario defined earlier has the disadvantage of generating a large 7
amount of data (images) and therefore consuming resources such as bandwidth and storage s
space. Also, the cameras have to be placed in vehicles, adding further constraints for broad 7
user participation. Another image-based approach could use images from street-level 77
photos offered by platforms such as Google Street and Mapillary. As Hu et al. [18] point out, e
there are still many cities and places that are not covered by these services and therefore 7
there are no images available to be crawled for traffic regulation detection. In contrast, GPS s
traces (i.e., time-ordered sequences of recorded locations) are compact representations of &
the successive locations that a moving object passes through over time and can be recorded =
without special equipment (e.g., mobile phone) and without the need to install a device s
on the front window of the car. For example, according to [19], an iPhone 6 has an overall s
average positional accuracy in an urban environment of 7-13 m (for different settings of s
seasons of year, times of day and WiFi usage period) and could therefore be used for this s
purpose. Therefore, we chose to use GPS traces to achieve our goal. o7

A systematic literature review of existing studies that use GPS traces for traffic regu- s
lation detection was conducted by Zourlidou and Sester [15]. Here we review only some s
distinct studies of the field. Saremi and Abdelzaher [20] extract OSM features related to oo
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speed as well as distance. In particular, they extract the speed rating of road segments, o
the distance of the nearest connected intersections, the end-to-end distance of the road o
to which an intersection belongs, the semi-distances of an intersection from both ends of s
the road to which it belongs, and the category of the road segment that characterizes its  os
importance in the road network (e.g., primary, secondary, highway, etc.). In addition, on s
availability of dynamic crowd-sensed information (GPS tracks), the classification model 6
incorporates features extracted from trajectories, such as traverse speed, number of stops o7
and duration of the latest time interval the vehicle has stopped and been idling. A Random s
Forest classifier is trained to categorize three types of regulators: traffic signals, stop signs e
and unregulated intersections. The classification accuracy, with a confidence level of 80% 100
in the prediction, is reported as 97%. Because a detailed classification report describing the 101
results per regulator class is not provided, nor is a quantitative description of the datasets 102
given (e.g., the number of regulators per regulator class), we cannot compare our results o3
with this study, although we acknowledge this work as methodologically closest to our 104
work. 108

Hu et al. [18] define two categories of classification features, physical and statistical. o6
The physical features include the duration of the last stop before crossing the junction, the 107
minimum crossing speed, the number of vehicle decelerations, the number of stops, and 108
the distance of the last stop event from the intersection. Statistical features are defined 100
as the minimum, maximum, average and variance of the physical features. The Random 110
Forest classifier as well as Spectral Clustering were tested for a 3-category classification 111
problem (traffic lights, stop signs and uncontrolled intersections), achieving accuracy above 12
90% for various feature settings and classification experiments. 113

Golze et al. [21] proposed a Random Forest classifier with oversampling and Bagging 114
Booster to predict intersection regulators with 90.4% accuracy. Along with other physical s
features, such as the number of standstill events, the duration of standstill events, the mean 116
distance from junction of all standstill events, the duration of the last standstill event, the 17
distance from junction of the last standstill event, the mean speed and maximum speed  11s
while approaching the junction, they also calculate the percentage of trajectories with at 11
least one standstill event. By also conducting a feature importance analysis, they show that 120
the last feature is of great importance compared to other classification features. 121

Liao et al. [22] described a traffic light detection (binary classification problem) and 122
impact assessing framework that can detect the presence of traffic signals and estimate 12s
the influence range of traffic lights (in space and time) using speed time series extracted 124
from GPS trajectories and intersection-related features such as intersection type (connects 125
arterial roads, connects secondary roads, connects arterial and secondary roads), road type 126
(according to two speed limits) and traffic flow information. A distributed long short-term 127
memory (DLSTM) neural network is used in the proposed framework, which treats discrete  12s
and sequential features separately and achieves an AUC value under the ROC curve of 120
0.95. 130

Meéneroux et al. [23] detect traffic signals (binary classification problem) using speed s
profiles. By testing three different ways for feature extraction - functional analysis of speed 132
recordings, raw speed measurements, and image recognition technique - they find that the 1ss
functional description of speed profiles with wavelet transforms outperforms the other s
approaches. Random Forest classification achieved the best accuracy (95%) compared to 135
the other tested classification techniques. However, the authors point out that the lack of 136
data is a severe limitation of the experiments, as their dataset contained only 44 instances 137
of traffic lights. 138

Last, Cheng et al. [24] propose a sequence-to-sequence framework for dealing witha 130
three-class classification problem (traffic lights, priority signs and uncontrolled junctions) by = 140
feeding speed-profiles to a deep-learning classifier, showing that a Conditional Variational 1
Autoencoder (CVAE) can predict regulators with 90% accuracy, outperforming the baseline 1.2
model (a Random Forest classifier with 88% accuracy) that uses summarized statistics of 13
movement as features. 144
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This article addresses the traffic regulation recognition problem (TRR) by testing a 14
new method in different datasets (three-category classification problem), under different 146
trajectory and classification settings (number of trajectories, and one-arm features vs. all- 147
arm features), which to our knowledge has not been done before. More specifically, the 14
research contributions of the study presented in this article can be summarized as follows: 14
it (1) proposes a modification of a well-known clustering technique for detecting short-term  1so
events such as stopping and slowing events (Section 2.2.1), (2) presents a new methodology 1s:
for TRR by analysing GPS traces (Section 2.2.2), where in feature vector information from the  1s2
adjacent junction arms is also included (all-arm models), (3) investigates the effect of turning  1ss
trajectories on classification performance (Section 2.2.4.1), (4) examines the minimum s
number of trajectories per intersection required to achieve optimal accuracy (Section 2.2.4.2), 1ss
(5) tests the methodology on three datasets including different groups of regulation types 1se
collected from different cities (Section 3) and (6) proposes an additional consistency check sz
of the predicted labels at a junction level, correcting misclassified regulators when possible  1ss
(Section 2.3). In the following section, we describe the datasets we used for the various 1se

experimentations as well as the proposed methodology. 160
2. Materials and Methods 161
2.1. Datasets 162

In this section we describe the data requirements for addressing the problem of traffic 1es
regulation recognition (TRR) from crowdsourced data (GPS trajectories and OSM), as well 164
as the limitations under those requirements. 165

2.1.1. Dataset requirements and limitations 166

As the proposed method is based on supervised classification, both GPS traces (for ez
feature computation) and regulators (as labels) of intersection arms are needed. The process 1es
of labelling is time-consuming and poses general limitations for exploring the problem 1es
of detecting regulations, as such groundtruth map is always needed for training and/or 17
validation purposes (more discussion on this limitation can be found at [15]). Although 17
there are many open trajectory datasets that can be freely downloaded to use in the context 172
of the research question we address here, the additional labelled data that are also required 173
(the regulations of junctions) are not available. 174

Furthermore, another limitation regarding the trajectory dataset one can use is the 17
sampling rate of GPS traces. Most open trajectory datasets have a low sampling rate (e.g., 17
1 sample every 15 seconds or per minute) and cannot be used to extract features such as 177
stopping or deceleration events because between two GPS samples taken e.g., every 15 17s
seconds, one or more stopping/deceleration events could occur and would not be detected. 17
Therefore, having to deal with these challenges of the datasets, we were able to access three 1s0
suitable datasets in total, which are described in the following section. 181

2.1.2. Datasets for testing the proposed method 182

In Table 1 we give a description of the datasets we used to test the proposed method 1.
and to carry out experiments on the number of trajectories per intersection required for iss
optimal classification accuracy (Section 2.2.4.1). The datasets contain various combinations 1es
of rules, with the Champaign [18] and Chicago [25] datasets containing the same rule 1ss
classes (uncontrolled (UN), stop sign (SS) and traffic signals (TS)) and the Hanover dataset 1s
dataset containing a subset of rules from the Champaign and Chicago datasets plus another 1ss
regulator (UN, priority sign (PS) and TS). We consider one rule per intersection arm, which = 1se
means that a three-way or a T-intersection has three rules and a four-way junction four 1s0
rules. Hence, depending on the types of intersections (e.g. three-way, four-way, etc.), 10
the total number of rules per dataset varies accordingly. The richest dataset in terms of 12
rules is the Hanover dataset and the richest in terms of GPS traces (trajectories) is the 103
Champaign dataset. Only, the Chicago trajectory dataset is publicly available [25]. The rest 104
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are self-collected. All data are naturalistic in the sense that drivers were not given external 105
instructions on how to drive. Figure 1 illustrates the three datasets. 106

Furthermore, all but the Chicago groundtruth map of regulators were created manually o7
by field observation (visiting all intersections and recording regulations). To obtain the 10
regulations for the Chicago dataset, we used the Mapillary street imagery data [26], verified 100
by other sources, and manually extracted the intersection rules. The Chicago groundtruth 2o
map is available here [27]. Moreover, all datasets except Chicago have a sampling rate of = zo:
1Hz on average, and Chicago has on average 0.28Hz. Finally, although the Hanover dataset 202
contain Yield controlled arms (YS), most of them are sparsely sampled (few tracks cross zos
them) and therefore only a few of them sampled from many tracks could in principle be 204
used for training/testing. For this reason we excluded YS from our analysis. 205
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Figure 1. The three datasets that have been used in this study.
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Table 1. Dataset used for testing the proposed methods.

City® Junc.  Rules Traj. Rules *
Champaign (Illinois, US) 713 2501 2202 TS, SS, UN
Chicago (Illinois, US) 156 568 889 TS, SS, UN
Hanover (DE) 1063 3538 1204 TS, PS, UN, (YS)

¢ Country names: DE (Germany), US (United States); * TS: Traffic Signals, SS: Stop Sign, UN: Uncontrolled, PS:
Priority Sign, YS: Yield Sign (not used in the classification as the datasets do not contained enough YS controlled
arms for training and testing).

2.2. Methodology 206

An important element of movement patterns are stop and deceleration events, which 207
are detected based on a clustering approach. In this section we describe a modification of a 208
known clustering algorithm for detecting short-term significant events (Section 2.2.1), as 200
well as a new TRR methodology (Section 2.2.2) whose efficacy is examined under various 2o
settings (Section 2.2.4.1 and 2.2.4.2) 211

2.2.1. Clustering-based Stop and Deceleration Event Detection in Trajectories (the CB-SDoT 212
algorithm) 213

The CB-SDoT algorithm (see Algorithm 1) is a modification of the CB-SMoT algo- s
rithm [28] for detecting stop/deceleration events. CB-SMoT was originally proposed for zis
discovering interesting places in trajectories. A place has the potential to be interesting [29] 216
or significant [30], if someone spends a certain amount of time (i.e., over a time limit) in it. =217
This means that by analyzing the trajectory of a moving object (e.g., a pedestrian, vehicle, =21.
animal, etc.), we can detect locations that are interesting to the observed object, given =21e
that it stayed there for a relatively long time. The problem of partitioning trajectories 220
into sequences of stops and moves is a well-studied topic [31] and there are many different 22
algorithms that provide solutions (e.g., [32], [33], [34]). 222

Here we adopted the CB-SMoT solution [28], which is a clustering technique that =223
works similarly to the well-known density-based clustering algorithm DB-SCAN [35], but 22
in addition to the distance between points, it takes into account the temporal distances zzs
between them to determine the clustering criteria. CB-SDoT identifies clusters of points 226
(Figure 2) that within a certain distance Eps remain at least minTime and (unlike CB- 227
SMoT) no more than maxTime. The extra maxTime restriction is required so that longer 22s
stops, not related to traffic events such as shop visits are not considered as interesting 220
events. The values for these parameters were defined experimentally (stops: Eps=10 m, 230
minTime=4 sec, maxTime=600 sec, decelerations: Eps=10 m, minTime=2.4 sec, maxTime=3.9 23
sec). Each detected cluster is a time-ordered sequence of points that represents a stopping  =s2
or a deceleration event. For each cluster, we define a point as the representative of the cluster. 233
We define such a point as the last point in the time series of the points of the detected cluster 2:s
that has the lowest speed. The notions of core point, linear neighborhood and neighboring points  2ss
refer to the same ones originally defined in [35] and [28] and for the sake of text space, we 236
omit to give their definitions here. 237

2.2.2. Learning Traffic Regulators from Crowdsourced Data 238

2.2.2.1 c-Dynamic Model: TRR via Summarization of Collective Movement Behaviour 239

The proposed regulation recognition method is based on the hypothesis that each 240
regulator class enforces vehicles to move on certain moving patterns, and by detecting those 24
patterns we can then recover the regulators. We describe the observed movement patterns by  za2
using as core elements (pattern blocks) the stop and deceleration events, as well as their non-  2as
observation, that is no stop and no deceleration event (four pattern blocks). For example, =244
a movement pattern can be a free crossing of a junction where no stop or deceleration 245
event is observed. Another pattern can be stopping only one time before crossing the zas
junction. Numerous patterns can be defined by combining these patterns blocks. Then 2
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Figure 2. Stop events (red points) detected from the CB-SDoT algorithm in vehicle trajectories (blue
lines).

Data:

T : set of GPS trajectories

Eps : interpoint distance

minTime : minimum time

maxTime : maximum time

Result: CB-SDoT identifies clusters of points that within a certain distance Eps
remain at least minTime and no more than maxTime.

Returns: for each cluster with cluster_id, the sequence of points of the cluster

SeqPoints, the point representative RepCluster of the cluster and the duration Dur

of the detected event

initialize clusters to an empty list
initialize all points of T as unprocessed
for each trajectory t in T do
for each unprocessed point p in t do
// find the neighbors of p
neighbor_list = linear_neighborhood(p, Eps)
if p is a core point wrt Eps, minTime, maxTime then
for each neighbor n in neighbor_list do

N_neighbor_list = linear_neighborhood(n, Eps)

neighbor_list = neighbor_list U N_neighbor_list
end
add neighbor_list as cluster with cluster_id in clusters
find the RepCluster of the cluster compute the Dur of the cluster
set all points in neighbor_list as processed
end
end

end

Algorithm 1: The CB-SDoT algorithm: Clustering-based Stop and Deceleration Event
Detection in Trajectories

each regulated junction arm can be described from the movement patterns observed at its
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Movement-Summarization Features
% Trajectories % Trajectories % Trajectories % Trajectories
with Pattern-1 with Pattern-2 with Pattern-3 with Pattern-4

Pattern-1: Free flow (no deceleration, no stop events)
Pattern-2: Deceleration with no stop events
Pattern-3: Only one stop event

Pattern-4: More than one stop event

Figure 3. The four movement patterns that describe a vehicle’s crossing of a junction arm.

location, by simply summarizing the patterns (each described by stop/deceleration events) zae

of all the trajectories that cross that junction arm. 250
For example, suppose N trajectories cross a junction arm i_arm. From the N trajectories,

M trajectories cross the i_arm having a constant speed (pi: free flow, i.e. no stop, no

deceleration events) and N — M trajectories stop one time at the junction and wait for a

few seconds (p2: one stop before crossing the junction). We can then describe the i_arm

using the ratios of the trajectories following the two motion patterns, p; and p,. Defining

p1 as the motion pattern of free flow and p; as the motion pattern with stops, then i_arm

can be quantitatively described as a location where a mixed motion behavior is collectively

observed and which can be summarized as follows:

M N-M, . 2
[Pl/ pZ]i_arm = [ﬁ/ T]r with Z pn=1

n=1

Applying this idea in the context of our problem, we define four different move- 25
ment patterns, depicted in Figure 3, instead of the two we used in the previous example s

(23121 pn = 1) 253
*  p;: Free-flowing (unobstructed) movement while crossing the intersection. Conse- =2sa

quently, no deceleration or stopping events are observed. 285
*  py: The vehicle slows down without stopping. 256
*  pa: The vehicle stops only once before crossing the intersection. However, it may slow 257

down more than once. 258
¢ py: The vehicle stops more than once before crossing the intersection. 250

Schematically, this idea is illustrated in Figure 4. Such a mixture of motion patterns has  ze0
been used in [36], but in a different context. There, the goal was to dynamically determine 2o
the range of an intersection for obtaining the traffic flow speed and intersection delay under e
different traffic patterns. Here we define movement patterns for summarizing the collective 263
behavior of vehicles at an intersection. The selection of the four patterns is intuitive and was  zca
motivated by the expected vehicle movement behavior at the intersections. For example, zes
at a traffic light, we expect to observe a mixture of patterns overall, where proportionally 2es
patterns 1 and 4 are distinct compared to the corresponding values at a priority controlled 2
intersection or at a priority sign. At a yield sign, we expect patterns 2 and 3 to have higher zes
values compared to patterns 1 and 4. To confirm this intuition before applying the approach, -
we generated plots of vehicle speed profiles at various intersections, which were indeed 27
consistent with our hypothesis. am

-3

9
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Figure 4. The four movement patterns that describe a vehicle’s crossing of a junction: (a) unhindered
crossing, (b) deceleration (dotted line) without stopping, (c) stop once (red dot), (d) stop more than
once (here two stop events are depicted with the two red dots).

Along with these four patterns computed per junction arm, that are used as classi- 272
fication features, we add in the feature vector additionally the six percentiles of average 27
speed (10th, 20th, 40th, 60th, 80th and 95th) of the trajectories that cross each junction arm. 27a
Therefore, a 10-dimensional feature vector (four pattern values plus six percentile values) =27
is fed to the classifier for TRR. We refer to this method as c-dynamic model (c- stands 276
for compact, we explain later the difference of the c-dynamic from the dynamic model). =27
Figure 6 depicts the workflow of the proposed approach. 278

Regarding the implementation of this idea, all steps, from feature extraction to inter- 27
section classification, are expressed in the Algorithm 2. Since the problem is formulated as 260
classification, we first extract the features that the classifier needs to learn how to map to  ze:
the label space. As we explained earlier, each intersection is represented by ten features. e
We first compute all stop and deceleration events for each trajectory by using the CB-SDoT  zes
algorithm (Section 2.2.1). 284

Next, for each intersection arm of the dataset, we find all the trajectories that cross it, zes
and for each trajectory we find the number of stopping and slowing events (if any) that 2ss
occur within the half of the distance between the current intersection and the previous ez
intersection visited, as well as the average speed. As Figure 5 depicts, for an intersection  2ss
that has four arms, i_arm, m_arm, j_arm, k_arm, for each arm and for each trajectory that zss
crosses it, we compute the stop and deceleration events within the half distance that con- 2e0
nects the intersection with the previously visited one (white arrows). According to the 2o
stop/deceleration events found in the trajectory that crosses an intersection arm, we cate- 202
gorize the movement behavior of each trajectory into one of four movement patterns. We 203
then calculate the percentages of the trajectories for each pattern and for each intersection 204
arm in the dataset. 205
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(b)

Figure 5. Each intersection (red dots) is composed from intersection arms, that connect it to nearby
intersections (black lines). Classification features are computed per arm, within half the distance
of the road segment that connects the current arm with the previously visited one by the trajectory
(white dotted arrows in (a)). For each trajectory (orange lines) in (b) that crosses the intersection arm
j-arm from west to east, stop and deceleration events are computed within the distance indicated with
the white arrow along j-arm in (a).

Data: GPS tracks, ground truth map (coordinates of junctions, traffic rules of
junction arms)

Result: Label junction arms with the regulator type they are controlled with;

while not all trajectories have been processed do

Find all stop events within the trajectory;

Find all deceleration events in the trajectory;

Add stop events in DB table StopTB;

Add deceleration events in DB table DecTB;

end

fori < 1, numJunctionarms do

Find the trajectory TrjIds[] that cross the i junction arm ;

numTrj <— number of Trjlds|];

forj < 1,numTrj do

Trj = Trjlds[j];

Find the stop events of trajectory Trj that are along the 1/2 length of road
segment between junction arm i and the previous visited junction arm ;
Find the deceleration events of trajectory Trj that are along the 1/2 length

of road segment between junction arm i and the previous visited junction
arm ;
Match the crossing behaviour (num. of stop/deceleration events) of the
trajectory Trj to one of the four patterns;
Estimate the average crossing speed
end
pl, p2, p3, p4 <— Compute the % of the four patterns for junction arm i ;
s1,52,53,54,55,56 +— Compute the 10th, 20th, 40th, 60th, 80th and 95th average
speed percentiles for junction arm i ;
Add feature vector p1, p2, p3, p4,s1,52,53, 54, 55,56 to DB table FeaturesTB ;
end
Classification training and testing with data from FeaturesTB ;
Print classification report ;
Algorithm 2: Traffic regulation recognition from GPS tracks via summarization of
movement patterns.
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Figure 6. The steps of the proposed methodology for traffic regulation detection from GPS tracks.
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2.2.2.2 Dynamic Model: TRR from GPS trajectories 296

The dynamic model can be considered as an extension of the c-dynamic model, us- zo7
ing, in addition to the ten features used by the latter model, some statistical features =zos
(average, variance, minimum and maximum values) derived from the stopping and de- 200
celeration events and from the estimated vehicle speed. Compared to existing models, 00
e.g., [18,20,21,37], this model has a richer feature vector (86 features in total) that includes o
more deceleration- and speed-related features. All features are enlisted in Table 2. The 3o
computation of the features and the steps of the TRR are done in a similar way as for the  zos
c-dynamic model. 308

Table 2. Overview of the features derived from the dynamic model.

#  Physical Feature* Statistical Features **
Number of stops avg var min max
Duration of last stop avg var min max
"E Duration of all stops avg var min max
2 Ry Mean Duration of all stops avg var min max
& Median Duration of all stops avg var min max
c-% Distance of last stop avg var min max
Mean Distance of all stops avg var min max
Median Distance of all stops avg var min max
Number of decel. events avg var min max
" Duration of last decel. event avg var min max
% Duration of all decel. events avg var min max
2 3 Mean Duration of all decel. events avg var min max
< Median Duration of all decel. events avg var min max
o] Distance of last decel. event avg var min max
A Mean Distance of all decel. events avg var min max
Median Distance of all decel. events avg var min max
Minimum speed avg var min max
Maximum speed avg var min max
Average speed avg var min max
g Percentile avg speed (0.1)
o 18 Percentile avg speed (0.2)
a, .
N Percentile avg speed (0.4)
Percentile avg speed (0.6)
Percentile avg speed (0.8)
Percentile avg speed (0.95)
£ Traj. % with no stops/decels
£ Traj. % with decels
£ 4 Traj. % with one stop
2 Traj. % with more than one stop
=
E 86
N

* Derived per trajectory, ** Derived from the physical features per intersection arm, i.e.
from all trajectories that cross the intersection approach. avg: average, var: variance, min:
minimum, max: maximum.
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2.2.2.3 Static Model: TRR from OSM Extracted Features

The static model uses features extracted from OSM, originally proposed from Saremi

and Abdelzaher [20]. Each intersection approach (arm) is described by five features. The
three of them regard street lengths and are illustrated in Figure 7. More specifically, the

features of the static model are the following;:

the end-to-end distance of the street that the intersection arm belongs to (light blue
arrow in Figure 7). The length of a street is indicative of its importance in the street
network. The same rationale applies also to the other distance-based features (2, 3).
the semi-distance of an intersection arm is the distance from the center of the junction
to the center of the most distant intersection that the intersection arm is connected to

309

1. 310

311
312
313

314

(yellow arrow in Figure 7).
the closest distance of an intersection arm is the distance from the center of the i

junction that the arm belongs to, to the center of the nearest junction that the arm is
connected to (green arrow in Figure 7).

the maximum speed of an intersection approach is the maximum allowed speed s
along it. Intersections controlled by a traffic signals in general have higher speed limit
(e.g. 50 Kmh) compared to stop-sign controlled intersections (e.g. 30 kmh).

the street category refers to the street type category of the intersection arm (e.g

primary, secondary, tertiary, residential).

1411 1
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Figure 7. Illustration of the distance-related features of the static model along the north-south

intersection approach of a four-way intersection (shown in red).

2.2.2.4 Hybrid Model: TRR from Crowdsourced Data (Dynamic and Static features) 324

325

326

The hybrid model uses the features from both the dynamic and static model, i.e. the
86 features of dynamic model and the 5 features of the static, in total 91 features.
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2.2.3. One-Arm vs. All-Arm Models 327

So far, we have described four classification models (c-dynamic, dynamic, static, sz
hybrid), where each intersection arm is represented by a set of features that is extracted sz
solely from that arm (one-arm models). Motivated by the fact that for the classification of an 30
intersection arm, information also from the adjacent intersection arms can be also relevant, s
we create for each model, the corresponding all-arm model, where each intersection arm is = ss2
represented in the feature vector from a combination of features extracted from all the arms  ss:

of the same junction. 334
For example the i-arm of the junction depicted in Figure 5(a) under the all-arm c- sss
dynamic model has 4(arms)x10(features)=40 features: 336
[P1, P2, P3, P4,51,52,53,54,55,56)i_arms [P1, P2/ P3, P4, 51,52, 53,54, 55, 56)k_arm. 337
[P1, P2, P3, P4,51,52,83,54,85,56);_arms [P1, P2, P3, P4, 51,52, 53,54, 55, 56]m_arm 338
339

The j-arm is similarly represented by the following feature vector: 340

[PL P2, P3, P4,51,52,53,54, 55, sé]j_arm/ [}71/ P2, P3, P4,51,52,53,54, S5, Se]m_arm, 341
[P1, P2, P3, P4,51,52, 53,54, 85,56 i_arms [P1, P2, P3, P4, S1,52, 53, 54,55, 56 |k_arm 342

Only Saremi and Abdelzaher [20] have used such feature settings in their proposed  sas
static model, without having nevertheless tested the one-arm settings. From the existing  sss
trajectory based TRR methodologies, to our knowledge, none has examined such feature s

settings, threfore this study is the first to do so . 247
2.2.4. Testing Classification Performance Under Various Trajectory Settings 348
2241 The Effect of Turning/No-Turning Trajectories 340

Depending on the shape of the junction they are crossing, vehicles can go straight, sso
turn left or right. This means that in the dataset we have straight or curved trajectories. 35
The effect of turning at an intersection generally affects the driving behavior before and s
after the turn compared to a crossing by driving in a straight line, because the vehicle has s
to slow down before the turn and accelerate again after the turn. For this reason, other s
relevant studies have excluded curved trajectories from the dataset [18,21]. By excluding sss
such trajectories, however, we reduce the data available to train and test the classifier. sse
Therefore, we investigate the effect of using either all available trajectories (all combinations sz
of right, left and straight trajectories) or exclusively straight trajectories on classification sse
performance (Section 3.2). 350

2.2.4.2 The Effect of Number of Trajectories 360

We examine the minimal number of trajectories per junction arm that are needed for se
applying the proposed method (Section 2.2.2). In addition, we investigate whether there is  se2
an optimal number of trajectories per intersection arm with which the classifier performs ses
best. That is, how many trajectories do we need to have in order for the extracted patterns ses
to be sufficiently descriptive for classification purposes? On the one hand, by setting a  zes
minimum number of trajectories as a condition in order for a junction arm to be selected  es
for training/testing, we shrink the dataset: the higher this number, the fewer junction arms e
satisfy the condition, as most junction arms have only few trajectories. On the other hand, ses
summarizing the collective movement behavior using only a few trajectories can lead to an  see
incorrect representation of the actual behavior of the movement. We address this aspect 37
of the problem by conducting experiments on the minimum number 7 trajectories thata sz
junction arm must have to be included in the training-test: (a) using all trajectories that s
cross the junction arm and (b) using exactly n trajectories to compute the patterns of a 37
junction arm. 374

Thus in (a), suppose we set the minimum number of trajectories to min = 10, we 7
exclude from training and testing all junction arms crossed by less than 10 trajectories, 7
and compute the patterns for the remained arms using all the trajectories that cross each  s77
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Table 3. Combinations of traffic regulators at intersections. In Champaign and Chicago there are
UN/SS controlled junctions, all-way UN controlled junctions, all-way SS and all-way TS controlled
junctions. In Hanover, there are UN/PS, YS/PS, all-way UN and all-way TS controlled junctions.

Dataset three-way junctions four-way junctions

UN UN YS PS UN SS TS TotallUN UN YS PS UN SS TS Total
SS PS PS SS (all) (all) (all) S§ PS PS SS (all) (all) (all)

Champaign 293 0 0 0 33 15 9 350 | 220 O 0 0 9 52 80 361
Chicago 36 0 0 0 4 8 8 56 10 O 0 0 0 17 71 98
Hanover 0 230 386 5 0 0 88 709 |0 0 82 9 94 0 153 338

of them. If an intersection arm has 35 trajectories, we compute the patterns based on all = s7s
35 traces. In (b), conversely, having excluded crossing arms with less than 10 traces, we 37
compute the patterns using exactly 10 trajectories (we selected the most recent ones). 380

2.3. Domain Knowledge Rules 381

The Table 3 shows the combinations of traffic regulators contained in each dataset. se=
The Champaign dataset has 350 three-way junctions, 293 of which are controlled with ses
UN/SS (UN-UN-SS), 33 are all-way UN, 15 are all-way SS, and 9 are all-way TS. Similar  sss
combinations are found in the Chicago dataset. In Hannover there are combinations of s
UN, PS, TS, SS and YS. The classification as explained previously is implemented at a ss
junction-arm level, so after classification each junction has a predicted label for each arm  ser
sampled from trajectories. As Table 3 shows, the regulators are not randomly combined  ses
with each other, but there are underlying domain knowledge rules [20] that can be used ina s
post-classification step to correct misclassified arms by comparing the predicted arm labels 390
at a junction level. Such simple knowledge rules were used in [20] and [18], however, 30
without explaining how much they contribute to the overall accuracy. E.g., Saremi and 302

Abdelzaher [20] use the following knowledge rule: 393
Either all or none of the approaches contributed to the same intersection have a traffic 304
light. This implies that when the classifier labels some of the approaches of an intersection, 305
but not all of them, with TL, the predicted label should be revised. The revision makes 396
either all or none of the intersection approaches have a traffic light, this being decided 307
upon utilizing probabilities computed based on the fraction of decision trees voting for the 308
approaches’ alternative labels. 300
Hu et al. [18] use another domain knowledge rule regarding T-junctions (denote A, B, 400

and C for left, right and bottom ends of the junction): 201
If A and B are UN, then C is SS controlled, else C has the same type as A and B. 402

In defining the rules for domain knowledge, we also include the probability of the 4os
predictions, so that only predictions with high probability can be considered. We go  s0s
one step further and compare the predictions of intersection arms belonging to the same 405
intersection, both for correcting misclassified labels and for predicting labels for arms for 4os
which we have no data to make predictions. In the latter case, we make predictions for arms o
with missing data based on the predictions of the intersection arms of the same intersection  aos
for which we have data. E.g., For a three-way intersection, if one arm is predicted to be TS 400
with high probability (>0.80), we can infer that the other two (unlabeled) arms are also TS. a1

Another rule states that if in a three-way intersection there are two predictions for two a1
arms of an intersection, one TS with probability 0.95 and the other SS with probability 0.79, -
we can conclude that the SS prediction is wrong, and therefore we correct SS to TS and also a1
label the third unlabeled arm of the intersection as TS, so that the intersection conforms to 14
the domain knowledge rule that if one arm is TS, then all other arms of the intersection are TS. a1s
We use 0.15 as the correction threshold, i.e., the difference between the two predictions, e.g., a6
here 0.95-0.79=0.16, so that the correction of the lowest predicted label is triggered. a17
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Table 4. Classification accuracy of the TRR models.

Method Champaign Chicago Hanover

RF GB RF GB RF GB
g  c-Dynamic 0.93 0.93 0.78 0.77 0.86 0.85
5  Dynamic 0.94 0.94 0.81 0.81 0.86 0.87
?I:’ Static 0.67 0.69 0.72 0.72 0.61 0.62
O  Hybrid 0.94 0.95 0.82 0.82 0.87 0.88
c-Dynamic 0.94 0.94 0.78 0.78 0.89 0.90
Dynamic 0.94 0.95 0.83 0.84 0.90 091
% Static 0.86 0.86 0.89 0.89 0.86 0.87
=  Hybrid-all static* 0.94 0.95 0.88 0.91 0.91 0.95
< Hybrid-all dynamic** 095 095 082 08 091 093
Hybrid*** 0.95 0.95 0.88 0.90 0.92 0.95

RF: Random Forest, GB: Gradient Boosting.

* Only the dynamic features from one arm are included, along with the static features from
all junction arms of the junction.

** Only the static features from one arm are included, together with the dynamic features
from all junction arms of the junction.

*** The model use the dynamic features from the adjacent junction arms and the static
features of all the junction arms of the junction.

Similar consistency checks are performed for the other regulator combinations. Due to 1.
space constraints and the intuitive nature of the domain knowledge rules, we refrain from a1s
listing the other consistency checks. 420

2.4. Classification Settings a2

Two tree-based classifiers are used for the classification of the intersection arms: the 422
Random Forest and the Gradient Boosting classifier. For the implementation we used 423
the XGBoost library [38], which has recently dominated many Kaggle competitions. All a2
programming tasks have been implemented in Python 3. a2s

As default model feature settings, we regard the features extracted from straight azs
trajectories (we exclude the trajectories that turn at junctions). Moreover, junction arms that 427
are crossed with less that five trajectories, are excluded from training and testing. 428

3. Results 420

In this section we list all the classification results of the experimentations discussed in 430
the previous section (2.2). We first present the accuracy of the one-arm and all-arm models 43
(Section 3.1). We then tune the best model and use it for all the other experiments regarding  as=
the effect of different trajectory settings on classification performance (Section 3.2 and 3.3). 433

3.1. One-arm vs. All-arm Models 434

The Table 4 shows the classification accuracy of all models. We can see that the s
Gradient Boosting (GB) classifier performs as good or better than Random Forest (RF) 436
for almost all experiments. Only in the c-Dynamic model for the Chicago and Hannover a7
dataset, RF performs slightly better than GB (+0.1 accuracy). a38

Comparing the one-arm models with each other, the static model has much lower 30
accuracy than the other models for all datasets. The hybrid model has the best accuracy s
(0.95 in Champaign and Hanover, and 0.82 in Chicago) and the dynamic model performs 4
better than the c-dynamic but worst than the hybrid. aa2

With respect to the all-arm models, we observe that the static model performs much a3
better than the one-arm model, but only for the Chicago dataset does it manage to out- 4aa
perform the c-dynamic. In all other experiments the other models have better accuracy. aas
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Table 5. Classification results of the tuned hybrid all-static model.
Dataset Classifier Label Recall Precision = F-Measure Accuracy Support
UN 0.99 0.96 0.97 424
SS 0.83 1.0 0.90 52
Champaign GB TS 0.91 0.95 0.93 157
W.Avg.  0.96 0.96 0.96 633
0.96
UN 0.94 0.97 0.95 49
PS 0.83 0.86 0.84 29
Chicago GB TS 0.95 0.93 0.94 76
W.Avg. 092 0.93 0.92 154
0.92
UN 0.96 0.91 0.93 76
PS 0.97 0.96 0.97 315
Hanover GB TS 0.93 0.97 0.95 175
W.Avg.  0.96 0.96 0.96 566
0.96

The c-dynamic model has lower accuracy than the dynamic model. Regarding the hybrid s
model, we also tested two variants of the hybrid all-arm model, the hybrid-all-static and the 4a7
hybrid-all-dynamic. In the first model only the dynamic features from one arm are included  ass
in the feature vector, along with the static features from all arms of the junction. In the 44
second, only the static features from one arm are included in the feature vector, along aso
with the dynamic features from all arms of the junction. For all datasets using the GB s
classifier, the hybrid-all-static model performs the same or better than the hybrid and s
hybrid-all-dynamic models and better than the c-dynamic, dynamic and static models. 53
Similar results are observed for the RF classifier, except for the Hanover dataset, where 4sa
the hybrid model has an accuracy of 0.92 compared to the hybrid-all-static model with an  ass
accuracy of 0.91. a56

Therefore, the all-arm hybrid-all-static model with the GB classifier performs better sz
for all datasets and for this reason we select this model to use it for the experiments in  4ss
the following sections. In addition, we performed feature selection and tuning of the 4so
classifier. In the Appendix A we provide plots showing the importance of the features. 4so
Interestingly, the most important features differ from dataset to dataset, even between the 46
Champaign and Chicago datasets that share the same traffic regulator categories (UN, SS, 42
TS). E.g., in Champaign there are more important features related to deceleration compared  4s:
to Chicago, while in Chicago the important features are more related to speed percentiles 464
along with map features. Common significant features for all datasets are the pattern aes
features (p1, p2, p3 and p4). The classification results and confusion matrices for the three ss
datasets after feature selection and tuning are presented in Table 5 and Figure 8. a67

As we can see in Table 5, feature selection and classifier tuning increased the accuracy aes
by 1%, from 0.95 to 0.96 for the Champaign and Hanover datasets, and from 0.91 to 0.92 for 4se
the Chicago dataset. In Champaign and Chicago, the stop sign (SS) category is predicted 470
slightly worse than the other two categories (F-Measure in Champaign: 0.90 (SS), 0.97 4n
(UN), and 0.93 (TS), and in Chicago: 0.84 (SS), 0.95 (UN), and 0.94 (TS)). In Hanover, the 472
per-class F-Measures are similar for the three classes. This observation is highlighted in the 47
confusion matrices in Figure 8, which visually depicts the actual versus predicted classes. a47a
In the same Figure, there are also graphs of the false positive rate (FPR) and true positive 475
rate (TPR). We can see in Figures 8(b), (d) and (f) that the highest FPRs in the three datasets 47s
are observed in different classes: UN in Champaign (0.09), TS in Chicago (0.077) and PSin a7
Hanover (0.048). Also, the highest TPRs are observed in the same classes as the highest a7
FPRs: Champaign: 0.99 (UN), Chicago: 0.93 (TS) and Hanover: 0.97 (PS). a70


https://doi.org/10.20944/preprints202207.0012.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 July 2022

d0i:10.20944/preprints202207.0012.v1

18 of 30

UM

Actual Rule Category
55
i

8.92%

=
i

Predicted Rule Category

(a) Champaign

UM

Actual Rule Category
&5
i

0.00%

=
i

Predicted Rule Category

(c) Chicago

Actual Rule Category
5

=
i

Predicted Rule Category

(e) Hanover

0.71%

612%

-0

False Positive/True Positive Rate

TS

1.0+
0.8 4
0.6
0.4
0.2 4
0.0 4

T T

UM 55

Rule classes

(b) Champaign

0.8
0.6
0.4 4
0.2 4
0.0 4
T T T
55 TS

LN
Rule classes

-20

1
]
False Positive/True Positive Rate

(d) Chicago

104

0.8 1
0.6 1
0.4 4
0.2 4
0.0 4
T T T
UM PS T5

Rule classes

-20

False Positive/True Positive Rate

(f) Hanover

Figure 8. Confusion matrices and false/true positive rates for the three datasets.

The lower performance in Chicago (accuracy of 0.92) compared to Champaign and
Hanover (0.96 and 0.96) can be explained by the fact that the Chicago dataset is significantly
smaller than the other datasets (154 regulators versus 633 (Champaign) and 566 (Hanover)),
which limits the training possibilities. In addition, as already mentioned in 2.1.2, the
sampling rate in Chicago is lower than the other two datasets (average 0.28Hz vs. 1Hz),
which may affect the computation of the feature calculation (short-term detected events).
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3.2. Testing the Effect of Turning Trajectories as6

In Figure 9, we report the classification performance for the three datasets under aer
different traversal settings: crossing direction and number of trajectories per intersection ass
arm. In the first case, we examine whether considering samples moving only straight ahead  4eo
positively affects classification, assuming that turning behavior affects speed, so excluding a0
curved trajectories can eliminate their bias. In the second case, we seek whether there is 4o
an optimal number of trajectories that an intersection arm should have during training e
and thus exclude from the training dataset intersections with fewer trajectories than this e
number. a04

We looked at all possible turning settings and their combinations. Regarding the labels 405
on the horizontal axis of Figure 9, s_ refers only to straight trajectories, r_ to trajectories as6
that turn right, [_ to trajectories that turn left, s_r_ refers to straight/right turn, s_I_ to ser
straight/left turn, r_I_ to right/left turn and s_r_I_ to straight/right/left trajectories. The ass
number after these prefixes refers to the number 1 of trajectories used to select the inter- oo
section arms (minimum number of trajectories per intersection arm) and to calculate the soo
motion patterns (i.e. motion patterns observed on an intersection arm are calculated by so:
summarizing the behaviour of at least n trajectories that cross it). Not all turning settings  so2
are tested with the same number of trajectories, because for each turning/crossing setting, sos
we require the test data set to contain at least 7 junction arms per class. E.g., in the Cham-  sos
paign dataset (Figure 9(a)), we tested the straight trajectories for various numbers 3, 4,..., sos
20, because for minimum number of trajectories equal to 21, the number of junction arms  sos
in the test set (10-fold cross-validation) could not contain more than 7 stop controlled (SS)  sor
junction arms. 508

Regarding the effect of turning trajectories on classification performance, we see that sos
using right, left or right/left traces has lower performance than using straight traces and s
combinations of straight and turning traces (Figure 9(a) and (c)). When using a combination s
of straight and turning traces, we cannot see a strong negative effect, but this can perhaps s
be explained by the fact that there are significantly more straight crossings than left and s
right in the dataset (in Champaign 20514 straight, 2619 right and 2768 left, in Hanover sia
19092 straight, 3394 right and 3073 left, in Chicago 12638 straight, 2820 right and 1301 left). s

A possible explanation for the poor classification performance when using exclusively s
turning trajectories (e.g. in Champaign 0.88 accuracy for right turning trajectories when sz
junction arms have at least 5 trajectories -see r_5 at Figure 9(a)), is the smaller dataset used s1s
for training compared to the other settings. Table 6 shows the number of train/test junction s
arms per control type in Champaign dataset, when each arm has at least five trajectories. szo
We see that the training sets when only right, left or right/left trajectories are used are s
much smaller than the set with straight trajectories. Additionally the fact that features are sz:
computed from a few trajectories (as the number of right and left trajectories per junction s2s
arm is small), may also explain the bad performance. Therefore, one reason for the poor sz
performance may be related to the dataset itself (which affects the feature computation szs
and the size of the training dataset) and not solely to the condition we consider here (drive =26
straight through an intersection or turn). Perhaps the same analysis on a dataset with s2r
numerically more junction arms sampled from a higher density of turning trajectories szs
would not show a negative effect of turning trajectories. 520

Another observation is that on the Champaign dataset the performance when only s
straight trajectories are used is better than when straight and turning trajectories are s
used. E.g., with at least 5 straight trajectories the accuracy is 96% and with at least 5 32
straight/turning trajectories the accuracy is 93% (Figure 9(a)). On the Hanover dataset sss
(Figure 9(c)), on average the performance when using only straight trajectories is better ssa
than when using straight and turning trajectories, but the effect is less strong than in then sss
Champaign dataset. For both datasets, the difference in accuracy between using straight sss
and all trajectories (straight and curved) is between 1%-3%. Therefore, in both datasets, ss7
excluding curved trajectories has a positive effect on classification performance and the sss
optimal number of straight trajectories is 5. 539
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Figure 9. Experiments with different turning settings (s_: straight trajectories, r_: right turning
trajectories, 1_: left turning, s_r_: straight and right turning, s_1_: straight and left turning, r_1_: right
and left turning, s_r_I: straight, right and left turning trajectories).

However, in the Chicago dataset the same observation does not hold, i.e. with at least ss0
15 straight trajectories the accuracy is 88% and with at least 15 straight/turning trajectories s
the accuracy is 94% (Figure 9(b)). Although there are not a sufficient number of crossing  sa:
arms crossed by turning trajectories for training and testing as in the other two datasets, a  sas
possible explanation for the slightly increased performance when all trajectories are used is  sas
that the training dataset becomes larger when straight/turning trajectories are used than s
when only straight trajectories are used, so the classifier learns better. E.g. when atleast5 sas
straight trajectories are used, the dataset contains 49 UN, 29 SS and 76 TS, while when at  sar
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least 5 tracks (turning and straight tracks) are used the dataset contains 50 UN, 40 SS and ~ s4s
115 TS. 549

Therefore, judging from the two larger datasets that have consistent results, we can  sso
conclude that curved tracks at intersections affect the classification by about 1%-3% in  ss
accuracy and therefore for the next experiments we will only use straight tracks (minimum  ss2
number of tracks per junction arm equal to 5), excluding all curved tracks at intersections, sss
similar to what Hu ef al. [18] and Golze ef al. [21] do in their studies. 554

Table 6. Dataset size for different trajectory direction settings with minimum number of trajectories
per junction arm equal to 5 (Champaign dataset).

Trajectory Rule Junction Classification
Direction arms Accuracy
Straight UN 424
SS 52 0.96
TS 157
Sum 633
Right UN 26
SS 29 0.88
TS 59
Sum 114
Left UN 36
SS 18 0.81
TS 48
Sum 102
Right/Left UN 71
SS 59 0.84
TS 108
Sum 238
All UN 457
SS 100 0.93
TS 192
Sum 749
3.3. Testing the Effect of Number of Trajectories on Classification Performance 555

The number of trajectories used as a minimum requirement for the calculation of sse
classification features, as well as for the selection of junction arms for training and testing, ss
seems to affect performance. Comparing the case of using a certain number of trajectories, sss
i.e., a subset of all trajectories crossing a junction arm, with the case of using all available sso
trajectories per junction arm (as explained in Section 2.2.4.2), the latter case achieves better seo
performance on average. This result holds for all datasets (compare Figure 9 with Figure 10) = se:
and seems reasonable, as the more trajectories are used to compute the classification features se2
(which are statistical values of physical features, as explained in Section 2.2.2), the better ses
the latter reflect the actual movement behavior. 564

On the Champaign dataset we see from Figure 10(a) that with just 3 straight trajectories ses
per junction arm, we can achieve 92% accuracy. Increasing the number of trajectories ses
also increases the classification performance. The best result, 96%, is achieved with 20 ser
trajectories. However, when we compare the results with those in Figure 9(a), we see that ses
limiting the number of trajectories per arm yields lower classification performance. E.g. seo
with at least 4 straight trajectories per junction arm the accuracy is 96%. 570

In the Hanover dataset, we can also see from Figure 9(c) that when all available s7
traces are used the performance is better than using a certain number (Figure 10(c)). For sz
accuracy above 91% at least 7 traces per junction arm are required (Figure 10(c)). The best sz
accuracy 93% is achieved with 9 trajectories. In contrast, by allowing the use of all available s7s
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Figure 10. Experiments with different number of trajectories where classification features are com-
puted using a certain number of trajectories, i.e. 3, 4, ..., and not all available crossing trajectories.

trajectories per arm, with at least 3 traces per arm, the accuracy is always equal to or greater
than 91%, and the best accuracy of 96% is achieved with at least 5 trajectories (Figure 9(c)).

On the Chicago dataset, the same result is also observed with the other two datasets.
Using a certain number of trajectories per arm gives a lower classification accuracy than
when all available trajectories are used (Figure 10(b) vs. Figure 9(b)). However, with only 3
straight trajectories per arm the accuracy is always equal to or greater than 85% and with
only 4 straight trajectories equal to or greater than 86% (Figure 10(b)).

Therefore, for feature computation, excluding the number of trajectories to a certain
number negatively affects the classification performance. However, with only 3 straight
trajectories per junction arm, the classification accuracy is equal to or greater than 85%
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Table 7. Classification results of the tuned hybrid all-static model after applying a consistency check of
domain knowledge rules.

Dataset Classifier Label Recall Precision = F-Measure Accuracy Support
UN 0.96 0.99 0.97 427
SS 0.97 0.98 0.97 284
Champaign GB TS 0.98 0.91 0.94 237
W.Avg. 097 0.97 0.96 948
0.97
UN 0.96 0.94 0.95 49
PS 0.92 0.86 0.89 42
Chicago GB TS 0.94 0.97 0.95 109
W.Avg. 0.94 0.94 0.94 200
0.94
UN 0.94 0.98 0.96 123
PS 0.97 0.97 0.97 315
Hanover GB TS 0.98 0.96 0.97 281
W.Avg. 0.97 0.97 0.97 719
0.97

across all datasets (85% in Chicago, 89% in Hanover and 92% in Champaign). Also, with  ses
only 5 straight trajectories the accuracy is equal to or greater than 90% (90% in Chicago and  ses
92% in Champaign and Hanover). 587

3.4. Application of Domain Knowledge Rules ses

The Table 7 shows the classification report after applying the domain knowledge rules seo
consistency check, as explained in Section 2.3. Figure 11 also shows the confusion matrices seo
along with the FPR/TPR graphs for the three datasets. s01

The first observation from Table 7 is that accuracy increases by 1% in Champaign and  se:
Hanover (from 96% to 97%) and by 2% in Chicago (from 92% to 94%). Also, by comparing ses
the number of predictions (compare Support column in Table 5 and Table 7), we can see  sos
that in Champaign we have 315 predictions from arms with missing data, which means  ses
that not only were predictions made that are equal to 50% of the original dataset with no ses
data (original dataset: 633 arms), but these predictions are correct (accuracy increased to  ser
1%). In Chicago, 46 predictions were made on arms with missing data, corresponding to  ses
29.9 % of the original dataset. Similarly, in Hanover, 153 regulators were predicted from ses
arms with missing data, corresponding to 27% of the original dataset. 600

In terms of FPRs, in Champaign the FPRs for UN, SS and TS are: 4%, 1.4%, 0.7% e
respectively and in Chicago 1.3%, 1.9% and 7.7%. In Hanover the FPRs for UN, SS and o2
TS are 1.3%, 2.2%, 1.1%. Compared to the FPRs of Figure 8, in Champaign the FPR for o
UN decreased from 9% to 4% (55.6% decrease), in Chicago the FPR for TS remained the eos
same, but for SS decreased from 4% to 2% (50% decrease), and in Hanover the FPR for eos
PS decreased from 4.8% to 2.2% (54% decrease). Moreover, the average FPR (TPR) across eos
regulator classes decreases (increases) in Champaign from 3.5% (91%) to 1.9% (96%), in  eor
Chicago from 4.8% (89%) to 3.6% (92%) and in Hanover from 2.6% (95%) to 1.6% (97%). 608

Therefore, by applying domain knowledge rules, there is a gain in accuracy between 1%  eos
and 2%, but more importantly, accurate predictions can be made for arms with incomplete  e10
data corresponding to 27%-50% of the original data. Furthermore, the FPR of the class e
with the highest FPR either remains the same (Chicago) or decreases to 50% (Champaign e:2
and Hanover), validating our proposal to use domain knowledge rules for both recovering e
misclassified arms and predicting regulators for arms without data. 614
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Figure 11. Confusion matrices and false/true positive rates for the three datasets after applying
consistency check using domain knowledge rules.
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4. Discussion 615

The main findings of this research paper are the following: 616
1. The traffic rule recognition method proposed in this paper, which combines data e~
from trajectories and OSM, can provide accurate results for rule sets consisting of controlled 1.
intersections of UN, SS, PS, and UN: 97% accuracy in Champaign and Hanover, and 94% in 610

the smaller Chicago dataset. 620
2. Including information in the feature vector from adjacent junction arms proved ez
beneficial for classification: all-arm models outperformed single-arm models. 622

3. The negative effect on accuracy, as validated by the two larger datasets, when both 622
straight and curved trajectories are used, was found to be between 1%-3%. Therefore, the 24
exclusion of curved trajectories has a positive effect on classification performance. 625

4. The optimal number of straight tracks is five. 626

5. Excluding the number of tracks to a certain number negatively affects the clas- e2r
sification performance. However, with only three straight trajectories per junction arm, ezs
classification accuracy is equal to or greater than 85% across all datasets (85% in Chicago, eze
89% in Hanover and 92% in Champaign). With only five straight trajectories, accuracy is 3o
equal to or greater than 90% (90% in Chicago and 92% in Champaign and Hanover). 631

6. By applying domain knowledge rules, there is a gain in accuracy between 1% e32
and 2%, but more importantly, accurate predictions can be made for arms with no data, ess
corresponding to 27%-50% of the original data. Moreover, the average FPR (TPR) across ess
all classes of regulators decreases (increases) between 1.9%-4.8% (2%-5%), so our proposal ess
to use domain knowledge rules for both recovering misclassified arms and for predicting ess
regulators from arms without data, is validated. 637

We find it more interesting to extend this study to how classification can predict rules e3s
with high accuracy on limited labeled data. As discussed in 2.1, labeling intersections s
is a time-consuming task, and although there are many trajectory datasets that one can a0
use for TRR, the need for labeled data for training and testing makes the latter unsuitable s
for this purpose. One idea is to explore unsupervised methods where no labelled data is s
required. A second idea is to explore semi-supervised methods, such as label propagation s
and self-learning, where only limited labeled data is used to train a classifier. A third idea ess
is to explore the possibility of transferring learning from one city to another, i.e., training a  ess
classifier with labeled data from a city X and testing in a city Y, assuming no labeled data ess
from the latter city. 647

In addition, an important aspect of the problem that needs to be considered is whether ess
the proposed approach would perform equally well in smaller cities, where driving be- eao
haviour is influenced by factors other than traffic regulations, e.g. pedestrians who, know- eso
ing that vehicles are moving at low speed, cross intersections more freely. 651

Moreover, it would be interesting to test the performance of the proposed hybrid es=
model with missing OSM data. In the three datasets we tested, very often speed-related ess
data were missing from OSM, but the performance remained high. It would be interesting ess
to investigate under what conditions of missing data, performance would be affected to  ess
the extent that, for example, the dynamic model would be preferable to the hybrid model. ese

Furthermore, another important aspect is to investigate to what extent the sampling sz
rate of GPS traces affects classification performance. We saw that the Chicago dataset has ess
one third of the sampling rate of the other two datasets and the accuracy is 3% worse than  ese
them. The question is whether this difference is due to the lower sampling rate or the size eeo
of the dataset (Chicago is much smaller than the other datasets). One idea to test this is to  es
undersample the Champaign and Hanover datasets so that the vehicle location is sampled  es2
at about 0.3 Hz (as in Chicago) and compare the classification accuracy. 663

Finally, the way in which variability of trajectory densities affect the classification ess
would be another parameter of the TRR problem that deserves further investigation. Since  ees
not all intersections attract the same traffic, the datasets are irregular, e.g. a section of a city ees
is sampled from dozens of trajectories and other parts from only a few tracks. This aspect sz
is not taken into account in the current settings of splitting the datasets into training and  ess
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test sets. Perhaps splitting the dataset taking this aspect into account would provide even  ees
better results. 670

5. Conclusions 671

In this paper, a new method for identifying traffic regulations from GPS trajectories 72
is proposed. A modification of a well-known clustering algorithm for detecting stopping ez
and deceleration events was presented. By detecting such driving events, we categorize ers
intersections into four traffic classes, which, together with other statistical values of the s
detected events and the average vehicle traverse speed at these locations, describe the o7
driving behavior at the regulated locations (dynamic classification model). Mixing in the &7~
dynamic model static features extracted from the OSM (static model), leads to a hybrid ez
model that was shown to have better classification performance than the other two models. 7
For each of the three models, two variants of the feature vector were tested, one where only  eso
features associated with a single junction arm are used (one-arm model) and another where s
features also from neighbouring junction arms of the same junction are used to classify one es2
arm (all-arm model). The hybrid all-arm model provided the best classification accuracy on ees
the three datasets used to test the methodology, 94% on the smallest dataset and 97% on the  ess
other two datasets. The minimum optimal number of trajectories crossing the intersections ess
was found to be five (straight trajectories). The exclusion of curved trajectories from ess
the feature calculation was found to have a positive effect on classification performance. s
Finally, by applying a set of domain knowledge rules to the predicted labels, we were able  ess
to both recover misclassified intersection arms and predict labels from arms with no data, ese
corresponding to 27%-50% of the original dataset, while further increasing classification eso
accuracy by 1%-2%. New research directions were proposed based on the limitations of the  eex
study, discussing also ideas that can better clarify these issues. 692

Disclaimer 693

This paper was prepared for information purposes with contributions from the Future ess
Lab for Applied Research and Engineering (FLARE) group of JPMorgan Chase Bank, N.A.. ess
This paper is not a product of the Research Department of JPMorgan Chase Bank, N.A. s
or its affiliates. Neither JPMorgan Chase Bank, N.A. nor any of its affiliates make any eo7
explicit or implied representation or warranty and none of them accept any liability in ees
connection with this paper, including, but limited to, the completeness, accuracy, reliability ees
of information contained herein and the potential legal, compliance, tax or accounting oo
effects thereof. This document is not intended as investment research or investment advice, 701
or a recommendation, offer or solicitation for the purchase or sale of any security, financial 72
instrument, financial product or service, or to be used in any way for evaluating the merits 7os
of participating in any transaction. 704
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Appendix A 708

The appendix is an optional section that can contain details and data supplemental to  zos
the main 707
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Figure A1. Feature importance for the the three dataset.
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Abbreviations

The following abbreviations are used in this manuscript:

OSM OpenStreetMap

GPS Global Positioning System

SC Spatial Crowdsourcing

CcC Crowdsourcing

DLSTM  Distributed Long Short Term Memory
ROC Receiver Operating Characteristic

AUC Area Under the ROC Curve
CVAE Conditional Variational Autoencoder

TRR Traffic Regulator Recognition
TS Traffic Signals
SS Stop Sign
PS Priority Sign
YS Yield Sign
RF Random Forest
GB Gradient Boosting
FPR False Positive Rate
TPR True Positive Rate
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