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Disclaimer

The contents of this report reflect the views of the authors, who apenstble for the facts and the accuracy
of the information presented herein. This document is disseminated undspdinsorship of the U.S.
Department of Transportation, University Transportation CentersrBnogand California Department of
Transportation in the interest of information exchange. The U.S. Governanel California Department of
Transportation assume no liability for the contents or use thereof. Therterde not necessarily reflect
the official views or policies of the State of California or the Department ah$portation. This report does
not constitute a standard, specification, or regulation.

Abstract

The purpose of this research is to demonstrate the feagibflian automated system for medium-
duration, deployable, in-the-field vehicle classificatitMost temporary surveys of vehicle traffic today
are done manually, typically with human observers recardmaffic. Instead, we plan to employ a
network of traffic sensors (NOTS), a number of small, lowtaasmputer nodes, each with a portable
inductive loop sensor. This system can provide accuratesumements for longer duration and lower
cost than is possible today. Our system will allow mediummtesurveys, targeting 7-14 days. For
temporary surveys like these it is essential that the sybepasily deployable, not requiring investment
in permanent, in-roadway sensors, but instead capableiod ldeployed by one or a few people in a
few hours. We look at accurate vehicle classification andgarmour results to ground truth taken from
off-line analysis of videos, and to on-line human obseorai
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1 Introduction

This report summarizes the research done as part of the Sensor éxpebited Roadway Events: Field
Trials (SURE-FT) project, from January 2005 through August 2006.

SURE-FT is applying sensor networks to classify vehicle traffic. We aveldping a network of traffic
sensors (NOTS), which are small, low-cost computer nodes, each wadhabfe inductive loop sensor. A
prior project, SURE-SE project [15], defined this problem, reviewédaked work and the current state-of-
the-art (summarized in Section 2), and conducted a preliminary experitd8iGto collect data (described
in Section 5.1).

Our goal in SURE-FT was to develop algorithms to classify vehicles by tygiaduhe FHWA classifi-
cation system [5]), to evaluate the use of multiple sensors to reduce,&mat$o integrate data collection,
configuration, and processing software.

The remainder of this introduction reviews the need this research (Secfipnlihitations of current
approaches (Section 1.2). The remainder of the report reviews poitri@ection 2), describes our proposed
system (Section 3), the algorithms we developed for single- and multi-noskgfatation (Section 4), prior
and new data collection (Section 5), and evaluation of these algorithms (©6%tio

1.1 Background and Justification of Research

There is an ongoing need for traffic data to validate and calibrate regimgillocal transportation models.
Regional models are used to evaluate alternative short and long rangpdrtation plans. They are also
used to test hypotheses regarding human travel behavior, transpodatidand use interactions, and the
effectiveness of alternative investments or pricing policies [19, 2028R, Transportation network simu-
lation models are used to evaluate changes in economic activity or transposgsiem characteristics at
a more disaggregate level. Traffic management policies, congestiontimdatrategies, impacts of new
development (such as housing or commercial centers) are some exampédwark simulation model ap-
plications [14, 2, 25, 26]. More powerful and efficient computing haslengossible wider application of



micro-simulation models. These models are data intensive, requiring exdersivdetailed information on
vehicle flows.

Due to their recent rapid increase, freight flows are of growing intevékin metropolitan areas. As the
impact of commaodity flows has increased, government planners and sygtators have a greater demand
for commodity flow information and for better methods to track, analyze, andtordhese flows as they
impact transportation networks and nodes. Demand for better informatébaralysis tools is particularly
strong at the metropolitan level, because access to disaggregate data is lirdisathéysis tools are not yet
well developed [12, 23, 10].

The lack of data on truck traffic is particularly problematic. We have suingfg little information on the
characteristics of truck traffic, including its distribution across spacdiamel State highway transportation
departments have “weigh-in-motion” (WIM) stations at key locations on thesitatee highway systems
that provide truck traffic data, but there are relatively few such staffitrese are only 84 stations in all of
California), mainly due to their high installation and maintenance costs. Addittanzk data is obtained
from special double inductive loop sensors, but these also are sedjativarce. Truck data on the arterial
system is almost non-existent, because there is no easy way to collectagach

For research and planning, as well as for some types of system monjtsamgple data are sufficient.
Ideally, we would have accurate, low-cost methods for short-term daéitection. In this project we devel-
oped components of a network of traffic sensors (NOTS). Thesenzalh, sow-cost computer nodes, each
with a portable inductive loop sensor. Each locally classifies a vehiclethemdadjacent sensors compare
their values to select the most accurate classification.

In addition to research, planning, and system monitoring needs, thenesameother potential applica-
tions that would benefit from a rapidly deployable data collection systemexXample, SB 2650 imposed
fines on terminal operators if trucks entering the terminal idled in queue foe th@an 30 minutes under
certain conditions [11]. This law was intended to reduce diesel emissidrieeAorts of Los Angeles and
Long Beach,the law was enforced by a roving officer who estimated idle tisedban his assessment of
gueue length. Because of the size and extent of the port complex,\ang adficer had limited opportunity
to systematically observe queues at terminal gates. A NOTS system thatbeodiployed on a random
basis would have allowed for frequent and much more accurate oliseyaand hence more effective
enforcement.

A second example is monitoring truck diversion from congested facilitiek asgcthe 1-710, or truck
diversion to avoid vehicle inspection. Local residents are increasirgigerned about truck traffic. It
would be helpful to understand the patterns and extent of truck divensi@sponse to congestion in order
to develop better estimates of the costs of congestion. A third example is megsansaction times, such
as container movements at ports or truck movements at large warehoiugedacThe key problem of
sampling relevant to our proposal is that current static traffic managesystéms (TMS) do not provide
sufficient flexibility for occasional sampling needed for research dadring for goods movement (topic
area 1).

Although data collection is the primary motivation for our work, other applicatimclude use of net-
works of traffic sensors (NOTS) around construction areas to mamaffie and improve worker safety
(topic area 4), and to assist in traffic flow in emergency situations suchragych major evacuation (topic
area 4).

1.2 Limitations of Current Approaches

Our research plans to address the lack of flexibility in current, static TM&lgloping new, redeployable,
networked vehicle monitoring systems. We have previously reviewed the limigatibnurrent portable
vehicle traffic monitoring systems [15]. We briefly summarize those limitations here



Permanent monitoring systems: Extensive research exists on improving the performangeeahanent
monitoring systems, including better performing inductive loops, improvingesige analysis, supplement-
ing loop data with video sensing, and developing better sensors. We psgvieviewed this work ([15],
Section 2.1). The fundamental limitation of these systems is that, because dquéy rgermanently em-
placed sensors, they cannot be easily be deployed around sitesatathwet-term data collection. Yet data
collection for research and traffic modeling, planning for the traffic impé&acal construction, or study of
short-term phenomena (sporting events or traffic diversions due &iroation) all requireshort-termdata
collection.

Deployable systems: The state-of-the-art in short-term deployable traffic monitoring is far lessldped.
While individual sensors such as tubes or tape-down inductive lo@pekatively easy to deploy, an entire
system is required to collect data.

Some semi-mobile traffic monitoring systems exist: A field operational test wakicted using a mo-
bile surveillance and wireless communication system. The system was instaliettaler that could be
placed at roadsides. The core of the system was video image proc@gsmgused for vehicle detection,
traffic volume, speed, and occupancy. Wireless radio allowed commumisatith the local TMC. The
system was powered by a propane-powered generator [17]. ApeddMC was developed by the Min-
nesota DOT as part of a Smart Work Zone project. The system is mountedrtable skids and includes
vehicle detection and surveillance, traffic control, driver information hangeable message signs) and
communications. Although relevant, these systems are orders of magnitgeledad more expensive than
the approaches envisioned in our research and so they do not alloaprade use.

2 Literature Review

A careful review of current work was a major focus of the SURE-S&qut. Chapter 2 of the SURE-SE
final report considers current work on novel sensors, app@esto vehicle classification, and approaches to
reidentification [15]. (We briefly summarize this above in Section 1.2.)

The focus of SURE-FT is to evaluate the use of multiple small sensors to caltatedy classify vehi-
cles. We therefore review related work in sensor networks belowjderisg prior work in vehicle tracking,
classification, and sensor fusion.

2.1 Sensing for Vehicle Tracking in Constrained Environmensg

In-road traffic sensors are ubiquitous in most urban environments.né&bd for efficient traffic flow has
sparked significant investment in novel uses of both existing and nesoigenA number of sensor tech-
nologies have been considered. Pneumatic tubes and piezoelectricssiisct wheel crossings; inductive
loops and magnetic sensors detect vehicle mass; and infrared, ultlasadar or laser ranging, and video,
employ different levels of imaging. We survey these elsewhere [15]. trapodifferentiators here are ease
of deployment, robustness, and cost. In-roadway inductive loopwidedy used and quite robust, but re-
guire construction to deploy. Video approaches remain relatively ekmgensoth in use and deployment
(which may require elevation).

In spite of the large amount of research done on traffic sensorspsyfve temporary deployment often
fall back on simple pneumatic tubes, or manual, human observers, eittgcalhypresent or interpreting
videotape. For our work we use portable inductive loops because ¢tan the deployability of tubes but
can provide much greater information.

Closest to our work is that of O#t al. [21], Sunet al. [24], and Cheunget al. [4, 5]. Ohet al. use
the same IST Blade sensor we do, but targeted at arterial speedb@ojrather than slow speed. In



addition, they select a very different set of features, use a neetabnk for vehicle re-identification rather
than classification, and so do not explicitly estimate vehicle speed or lengilet uadd a neural network
to loop sensor output, explicitly trying to differentiate a custom set of caiegancluding cars separate
from SUVs, as well as larger vehicles. They report good accu:y37%, although they do not indicate
if their errors are in the difficult-to-distinguish categories or not. Cheeingl. instead use custom sensor
nodes with magnetometers, measuring the change in the Earth’s magnetic feydisehboth length-based
classification and a novel “Hill Pattern Classification”. While they obtain higldgurate vehicle counts
(98%), their classification accuracy (82% into 5 FHWA classes corratipg to different axle-count large
trucks) [5] is slightly better than ours (74% into 3 FHWA classes correspgntt passenger cars, small
trucks, and large trucks). However, it is important to note that their ctagee quite distinct and can be
distinguished by axles counts and large differences in the length. We dnfsteas on FHWA classes 2
and 3, difficult to distinguish cars vs. small trucks We also explore the usribiple features in a single
signal, as well as multiple independent sensors to improve classificatioraagci{naian use a small sized
wireless node to count vehicles as well as monitor road conditions with emibeagerature and moisture
sensors [18]. But it lacks the classification feature, which is the mostulifforoblem.

2.2 Sensor Networks for Vehicle Tracking in Unconstrained Exmironments

Vehicle tracking was one of the first problems for distributed sensor m&sn8, 13, 29]. In general, these
approaches focus on tracking relatively sparse (clearly distinct) teamgighout assumptions about target
motion. To cope with these challenges they exploit multiple sensors for datedifterent viewpoints and
use information theoretic techniques to estimate the vehicle path [3, 29]. Moeatrwork has focused
on less powerful nodes [7] and approaches to accommodate indigensbr noise [13], but still addresses
relatively sparse targets. By contrast, our work focuses on denaekeq vehicles on a busy roadway, and
we exploit the capabilities of powerful cross-road sensors to make tidgon tractable.

2.3 Sensor Fusion for Improved Accuracy

Sensor fusion is an important approach to exploit multiple sensors. &habuse information theoretic
techniques to coordinate cooperation in a multi-sensor environment, seldgwisgnsor based on maximum
information gain [29]. Brooket al. explore collaborative signal processing and identify the level of senso
independence (how correlated or uncorrelated each is with others)mpartant issue [3]. Get al.exploit
cluster-based processing to correlate readings from multiple sen&jrs [1

3 System Description

Our long-term goal is to develop sensor networks that allow automatic aecuehicle classification and
re-identification. This section describes the hardware we propose toydepaccomplish this task. In the
next section we describe the algorithms we have developed for classiiieatibto support deployment.

3.1 System Components

Our focus is a sensor network that is rapidly deployable, low cost, dfidisatly accurate. Our basic sensor
network consists of several individual sensor nodes, each ctathéra IST-222 high-speed detector card
and a pair of Blade inductive loop sensors [16]. We selected the ISTtdetard because of its potential for
sampling at high resolutions (up to 1.2 kHz), and the Blade inductive locusef its sensitivity to vehicle
features. The IST detector can be integrated with sensor network ptetfeuich as the Intel Stargate [6]
via USB, and we expect to use networks such as 802.15.4 for low-pshat-range communication. The



Figure 1: Deployment of a narrow inductive loop for a blade sensor.
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Figure 2: Deployment of three sensor nodes and six sensors aloagwaay.

systems as a whole should be relatively inexpensive (currently less 8&#000). The complete system is
easily deployable since both the sensor nodes and the Blade sensqectate @n battery power. Pairs of
inductive loops must be taped down across traffic lanes using asphalthap requiring a brief interruption
of traffic. Figure 1 shows deployment of a pair of loops as part of dat. tFigure 2 shows the logical
configuration of our array of traffic sensors: each individual sem®de connects two closely separated
blade sensors (a car is shown approaching the middle pair of sensors).

We report here on analysis conducted with data from two locations. Fiestliscuss our single sensor
algorithms using data from one location. We then address multi-sensor fusilog data from two loca-
tions. We have not yet integrated our multi-sensor algorithms with communicgtiotecols; currently we
manually process multi-sensor data at a central site. We believe a distributediemation is not difficult,
and plan to exploit sensor deployment information to make the system lardetoséiguring, as in prior
work [27].

3.2 System Integration

Most of the evaluation described in this report was carried out with off;lpost-facto analysis of stored
traces. This approach has been essential to refine and improve otithagowith a consistent dataset.
However, we are working towards developing an on-line system capébdal-time vehicle classification.

To this end we began integration of our software into a package suitabbdafiime operation. We have
completed integration of all single-node processing, including data collecdegmentation, and single-
node classification. It also includes our new autoconfiguration algoritiesidbed in Section 4.3. This soft-
ware is freely available from the our project webgitet p: / / ww. i si . edu/i | ense/ sure/i ndex.
htm .

Although we planned to use embedded computers running Linux as owrsades, device drivers



action time required
physical deployment 30 minutes
probe vehicle collection 10 minutes
auto-configuration execution < 1 minute

Table 1: Approximate deployment times of integrated system.

for the IST blade sensors are currently only available for Windows. cdenent system therefore runs on
Windows laptops. IST informs us that they are working on Linux drivang] our code should easily port to
an embedded platform when drivers are available.

We tested both classification and auto-configuration algorithm with a shpetiexent conducted on July
28, 2006 at the roof of ISI parking structure as described in SectiokB.8ollected 36 vehicle signatures
of three different vehicles. This experiment confirmed that automatic gemot was effective and that our
integrated algorithms work well.

Deployment required several steps: first we physically deployed theose We then ran our probe
vehicle across the sensors. We run the probe vehicle over the semsar éwo times to run our auto-
configuration algorithms. Approximate deployment times of each phase avnsh Table 1. Physical
deployment of the a pair of sensors required 30 minutes, during which tintedlevay must be closed or
partially closed. We expect that could be reduced with more deploymeatierpe. Additional configura-
tion (primarily probe vehicle data collection) can be done after the roadwayesed (although with a mix
of vehicles, the operator must currently manually select which signatuees the probe vehicle).

In addition, we confirmed that our integrated system worked well. All 36okelerossings resulted in
positive detections and accurate classification in real time.

Although promising, this experiment is quite preliminary. We must complete integraticommunica-
tion betweemodes and support for multi-node collaboration. In addition, this expetimigmthe integrated
software involved only three vehicles and was done in a parking spasachsf a real road. Additional
experience, including deployment on real-roadways and with a widestgeief vehicles is needed to more
fully evaluate the system.

3.3 System Availability

The software we developed as part of our system and to analyzesultsres available on request from the
authors.

4 Algorithms for Vehicle Classification

The SURE-FT project has revised the stand-alone classification algonthiok is described in previous
SURE-SE project and improve the accuracy with collaborative sendaories. We also develop an au-
tomated configuration to achieve easy and quick deployment. This sectionbéssthese classification
algorithms (Section 4.1), the types of error we expect and how we re¢Beetion 4.2.1), and how we
automate system configuration (Section 4.3).

4.1 Classification Algorithms

We first review our basic classification algorithms, with single sensors dmetlvase as the classification
feature. We then consider the benefits of multiple sensors.



4.1.1 Single-Sensor Classification

Signal processing at an individual sensor is fairly traditional: we begfimmoise removal, segment the data
into individual vehicles, extract features pertinent to our analysis, thessify vehicles; we examine each
of these steps next.

Noise elimination: In some cases we have observed significant crosstalk, environmeigal and
signal drift in our measurements. In addition, communications from the 18 tcathe host computer is
not perfect. Crosstalk arises when inductive loops driven by diftesensor cards are close to each other,
and also due to slightly different sensor clock rates in the case that multiderseards are attached to the
same sensor node.

Drift and noise occur due to temperature change and other environnefietzetk. We filter each of these
out using standard techniques. We observe around a 14% data loss@8Bhbus between the sensor and
the host (this behavior is a known problem of the specific model of deteatds we were using); we correct
for this by interpolating the missing data.

SegmentationWhen noise is eliminated, we are left with a continuous signal. We next isolaveingl
vehicles with a three-step process. We first detect active segmentsévivly large signal deviations from
a running mean. We then merge temporally close active segments to allow idegahat have “flat” areas
between wheel wells. Finally, we grow segments by half their length at &omiback to ensure we capture
a complete segment, including leading and trailing features. As a specialvdase growing a segment
would cause overlap with a neighboring segment, we grow to the midpoint eetsegments. Ideally, after
segmentation, each segment corresponds to exactly one vehicle. tingovee find that occasionally (about
5% of the time, see segmentation errors in Table 9) vehicles that are varyoneach other appear in a
single segment.

Feature extractionWe experimented with several possible features for vehicle classificatingding
axle count, body width, and wheelbase (axle-to-axle distance). Wermmew on a two-level set of features.
We directly extract the edges of wheels (70% wheels points, descrit@a)behen figure these and estimate
speed and wheelbase. Our first goal is to determine wheel edgese Bighiows a sample signature of a
two-axle car crossing a sensor. Wheels show up as large dips in théusgn@ie underbody as bumps
between the wheels. Because the vehicle crosses the inductive looargglaneach wheel of the same axle
produces a distinct dip located near the other. We experimented with diffeigorithms to reliably extract
each wheel. Our two main approaches were to identify peaks and to idemyjgy ¢dhanges in direction.
Although peak identification is attractive, consistent results are difficaidbse peaks tend to be rounded,
particularly at higher sampling frequencies (because wheels are)rdaratidition, depending on the angle
the car crosses the sensor, we may get two clearly distinct peaks ol@msiamed peak. Because of these
difficulties we adopted the “steep slope” algorithm shown in Algorithm 1.

It is important that our algorithm adapt to a wider range of vehicle spe&dsdo so, we adjust the
parameterv based on vehicle speeds. First, we start with a defawtilue 240 (2R, whereR is the
sampling rate) to estimate the vehicle speed, since it is not necessary tatsegarh wheel well to get
speed estimates. Then, we adjustcording to the estimated speed as shown Algorithm\isltoo large,
we cannot separate the wheel wells; on the other hand, if it is too small,weteapture the all wheels in
the wheel well. In case of extremely low speed (less than 5mph), we us@88&) for v to prevent from
collapsing every wheel well into one. The other parameters are somewidiaary. We initially chose th&
value as 70%, with the goal of identifying a point on the steep part of theign We studied values from
30-80% and found they did not affect classification accuracy, asrshoFigure 4.

Speed Estimatiorifo estimate vehicle speed we compare the time difference when a wheelipsises
each of the two closely placed loops. Figure 5 shows a time-correlated smplboth of the paired loops
for one signature. We compare pairs of shapes (squares or cigtes$imilar observation at the front and
back of the first and last wheel wells. Since the loops are a known destpart, a speed estimate is simply
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Figure 3: Sample signature indicating vehicle parts (signature #280, site BN)

Algorithm 1 The steep-slope algorithm for wheel edge extraction.

Normalize the signature values from 0.0 (lowest underbody) to 1.0 (higite=el peak)
Computem, the mean of all sensor readings over entire signature
Identify wheel wells by finding the first value greater thar- (L « m) through the last value greater thamt- (L« m),
allowing up tov consecutive values belom+ (L «m)
For the first and last wheel wells:
Find the maximum value M in the well
Define the start-wheel-point as the first value in the well greater 8giv —m)
Define the end-wheel-point as the last value in the well greater$hahi — m)
Parameters:
v: 2/(VehicleSpeedk SamplingRatenumber of samples allowed belon+ (L xm) in a wheel well
(between wheel peaks)
L : 0.3, wheel well start threshold (fraction of mean)
S: 0.7, target for steep slope (fraction between mean and peak)

the distances divided by the time between the same feature at each adjapefibloeduce error, we match
the wheel-points for the start and end of the first and last wheel wellsyggus four estimates of speed.
We then average these values. We discuss how this approach addliffesent errors in Section 4.2.2, and
guantify these benefits in Section 6.2.1.

WheelbaseTo estimate wheelbase, we observe the front of the first and last wiedisl wolid shapes
(squares or circles) in Figure 5. With two paired sensors, we can geeftimates front and back of sensors
1and2.

Classification:Given a speed estimate, we classify vehicles by wheelbase length, thedistan the
first to the last wheel axle. Given our wheel-points on the first and |laselwells, we have four wheelbase
estimates on each of our two paired sensors. As with speed estimates rageavese four readings.

Finally, we map length to vehicle classification as described in the next section.

Clearly our classification algorithm is quite simple. A much more sophisticatedrnsystauld, for
example, match the entire signature against a database of known vehide igeever, even this simple
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Figure 5: A signature with paired sensors (signature #130, site BN)

classification system is sufficient to explore the use of multiple sensors teeegtror. In Section 7 we
describe future directions defining more appropriate classification scheme

4.1.2 Classification by Wheelbase

Table 2 shows our mapping from length to our two- and three-categoryifitasion systems and the re-
lationship to the FHWA classes. We selected the two-category system bematasnatic classification of
truck vs. non-trucks is relatively easy, while we will show that distinguigluars from SUVs (P from S*)
is much more difficult and thus represents a “worst case” for automatssifitation systems.

A critical problem with the FHWA system is that the boundaries between dasaad 3 are indistinct.
In fact, the FHWA website says “because automatic vehicle classifiersdifficalty distinguishing class
3 from class 2, these two classes may be combined into class 2" [8]. Thifeprapplies also to human

11



Table 2: Length-based vehicle classification

FHWA wheelbase
classes meaning symbo| length
Two-category system
2and 3 non-trucks non-T < 170"
41013 commercial trucks T > 170"
Three-category system

2 passenger cars P <118

3 small trucks/SUVs  S* 118to 170"
41013 commercial trucks T > 170"

Table 3: Two-category classification with perfect sensors

Correctly Incorrectly
Class Total  classified classified
non-T 42 41 1
T 5 4 1
Total | 47 (100%) 45 (96%) 2 (4%)

Table 4: Three-category classification with perfect sensors

Correctly Incorrectly
Class Total classified classified
P 24 24 0
S* 18 12 6
T 5 4 1
Total | 47 (100%) 40 (85%) 7 (15%)

observations (we quantify human accuracy in the SURE-SE); we nesidar how length relates to classes.

To evaluate the wheelbase-based classification with perfect sensegveyed wheelbase lengths of
47 vehicles from Ford [9] and government sources [1]. Tables 34asttbw classification accuracies based
on wheelbase assuming perfect length determination. Even though wiyclesdscles with their exact
lengths, not all surveyed vehicles are correctly classified: 96% atkemodels are correctly classified
in two-category classification. In three-category classification only 8b#bamlels are correctly classified,
since there are many SUVs on either side of our threshold, regardledsoé it is placed.

These results assume static analysis, in that the percentages are bas@tbens of vehicle types. In
practice, the population of vehicles of each type varies, as does theufartiet of vehicles observed at any
site. Therefore, dynamic measurements may differ depending on the misefvaitions.

4.1.3 Using Multiple Sensors

A defining characteristic of sensor networks is the use of many relativelpensive sensors. We therefore
wish to explore if multiple sensors can improve the best-possible classificatsoits of a single sensor.
Our hypothesis is that classes of errors are independent, so combalirgs\from moderately separated
sensors can eliminate these errors.

As shown in Figure 2, we place several pairs of sensors at seVacalqon a roadway. We expect sensors
to communicate through a local, low-power, wireless network such as gvig 802.15.4 or similar net-
works. Sensor nodes will not share raw sensor readings, but éhstdizidual evaluations of vehicle type,
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Table 5: Types of errors in vehicle classification

Type of error Generality Dependence Addressed Observed
Environmental noise| General Either (In-sensor) or post-facto Yes
Sensor failure General Independent (Multi-sensor) No
Insufficient sampling General Independent (Design) Yes
Vehicle type Application  Dependent (Multi-sensor) No
Mis-channelization | Application Independent Multi-sensor Yes
Imprecise speed Application  Dependent Single sensor Yes
Changing speeds Application Independent Single sensor Yes
Mis-segmentation | Application Independent Multi-sensor Yes

coupled with data about their confidence in the classification. Such a sgaistrhave several components:
a configuration system to automate initial deployment, communications protocdiar®isformation be-
tween sensors, a signature matching algorithm to identify which signatuseasensor correspond to
signatures at another sensor, and a classification preference atgtwigelect which classification is best.
We plan to exploit the simple, constrained topology of the road, so confignrand communications are
straightforward as each sensor interacts with its immediate neighbors. Smnadtching and classifica-
tion preference are the keys to improving accuracy with multiple sensorgdis¥ass these algorithms in
Section 4.2.3 after reviewing potential types of error.

4.2 Types of Errors and Error Recovery

To consider how multiple sensors might improve accuracy, we first evallbatypes of error that arise in
this application, then consider how to make a single sensor as effectiessible, and finally how multiple
sensors can further improve accuracy.

4.2.1 Types of Error

We review the types of errors we expect in Table 5. There we evaluateezeor for its generality, if it is
specific to this application or applies to all sensors; dependence, if wereRrpltiple sensors to exhibit
this error consistently or independently; how we address it, in-sensormaittiple estimates or multiple
sensors; and if we observed it in our examples.

We observed significant amountsearivironmental noisén our data, both due to temperature drift and
sensor cross talk. A later revision of the IST Blade sensor handles @loisi@ation in the sensor itself, but
for our data collection experiment we filtered noise manually post-factachi loops respond to vehicle
mass relative to its distance from the sensor, thus they are less sensitefeittes that are higher off the
ground. Loop sensitivity can be controlled by adjusting width, so potentialllfiphelloops of different
widths could detect a wide range of vehicles. For our main experiments acaukop width of about 4
inches.

We did not observe angensor failuran our system, but it would be an issue for larger deployments.

An insufficient sampling rater too close placement of sensors can result in imprecise speed and length
estimates, since a change of a single sample interval corresponds to alpleticeange in estimate. Sam-
pling rate or sensor distance must be adjusted to expected speeds,gsme i@ Section 6.1.

Vehicle typeerrors, refer to different distances of vehicles from the ground. dWleobserve distance
affecting the quality of sensor signatures, however it was not a majeeaafunisclassification.

Mis-channelizations when only part of the vehicle crosses the loop because it is changieg.lan
Changing speedsccur when a vehicle alters its speed over the sensor, making estimationldiffitis-
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Figure 7: A signature with channelization error (signature #251, site BN)

segmentatiommccurs when two cars travel so close that they appear to the sensoatsifigde vehicle. All

of these errors are specific to vehicle classification, but each ocalepémdently at different sensors and
so should be correctable in the sensor network. We observe andtceekeral mis-segmentation errors as
described in Section 6.2.1.

4.2.2 Single-Sensor Error Recovery

We used three general techniques to improve individual sensor resadihgrp feature detection, internal
consistency checking, and cross-checking with multiple features .

Our early approach identified speed and wheelbase by using pealkssifttature to estimate the exact
wheel locations. This approach proved inaccurate at high samplinghatasise wheels provide rounded
features to the inductive loop, since the loop has an effective low-déss &nd wheels are round. To
address these problems, we shifted to identifying the sharp slopes thegpamd to the edges of the wheel
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peaks, as determined by tdhreshold, a fraction of the distance from mean to the peak value (currently
70%). Since the slopes on the edges change rapidly, slopes tolerate mugcérmothan peaks. In fact, we
experimented with thresholds corresponding to 30—80% of the distanced®tive mean and maximum
sensor values and found classification accuracy unchanged.

Second, we check the features for internal consistency. Our prinpgmpach is to evaluate where de-
tected wheels are placed inside the wheel well. We expect to get two pesdchinvheel well, corresponding
to the left and right wheels. However, if one of the peaks is much smallerttigaather, sometimes it is
missed by the steep-slope algorithm. For example, in Figure 6, if we miss a tiglelw the first and the
left wheel in the last, the estimate will be longer than the proper estimate. Ored mibg be omitted from a
wheel well when channelization errors occur (Section 4.2.1). Igndhege errors can result in significant
inaccuracy in wheelbase estimation. Figure 7 shows a signature in chatioalirror.

To solve this problem, we take several steps to examine wheel placemémtefoial consistency. (We
explored adjusting the steep slope taif§&b catch low peaks, but in general one cannot catch all low peaks
and be robust to noise.) We count the number of wheels in each wheelfwedl believe a wheel is missing,
we identify which wheel is present, or perhaps determine that we canhehteh wheel we observe. There
are four possible wheel placement states: both wheels present, left orirgght wheel missing, and unable
to determine which wheel is missing. There are 16 possible combinations ef¢hses when we consider
detection at the first and last wheel wells.

When both wheels are present we get two wheelbase estimates per lagghdel is missing but we can
identify which wheel is present we calculate a single wheelbase estimate withetbent wheel. However,
when we cannot determine which wheel is present, or if different wherelpresent in the front and back
wells, we know that our wheelbase estimate will be incorrect. In these easesport our best estimate
along with a lower confidence value in this estimate, potentially allowing multi-sesrsor recovery to
select a better estimate at another sensor as explained in the next Sec8on 4.2

Finally, we obtain multiple estimates of each feature in a single signature. Wenddotir wheel-points
for each signature in the beginning and ending of the front and backlwredls. (These are indicated by
stars in Figure 5, in addition to the squares and circles.) This gives ugefbunates of speed and length.
Although these estimates are not completely independent, averaging thadeprmmuch less variance than
any individual reading. This approach also partially corrects for Vebithat change speed over the sensor.
We quantify the benefit of this in Section 6.2.1. Although reduction in varidoes not necessarily translate
into improved accuracy, it does imply less susceptibility to noise. We quantifsethection in variance in
Section 6.2.2.

4.2.3 Multi-Sensor Error Recovery

To use multiple sensors to reduce errors we must identify when multiple sigsatarrespond to the same
vehicle and then which classification is most accurate: signature matchirgeesification preference.

Signature matchingWe plan to exploit the constrained topology of a roadway to simplify signature
matching. If sensors are placed on a roadway without intersectionstey #sen the order of vehicles and
signatures is fixed and so signatures can be matched based on timing andgordMissing signatures
can be inferred by gaps, and mis-segmentations by a very long signature aensor followed by a short
signature at the next.

Classification preferenceGiven two matched signatures with different classifications one must ehoos
which classification is more likely to be correct. We are experimenting with tworidhgas: quality-best
and shortest-best.

Thequality-bestalgorithm favors sensors that are able to consider multiple estimates thetcepsis-
tent values. This approach addresses speed variability, since arargber of speed and length estimates
reduce the impact of variability and allow the sensor to estimate its confidence @stimated speed and
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length (more variance indicates less confidence in the estimate). We alsbthdjosnfidence according to
the internal consistency of the signature by considering where we baliegels are placed in a signature.
If there are missing wheels and their placements are inconsistent, we theéum@nfidence value to half of
what we get from the variance.

Theshortest-besalgorithm is much simpler. In our experiment we found some errors weréodons-
segmentation. We can detect mis-segmentation as a long signature at amrenirisvo short signatures at
the other. Our system is more likely to merge two adjacent signatures thanlgpig signature, therefore in
these cases the shortest-best algorithm selects the two-signature tatarpraver the single long signature.

Finally, for analytic purposes, we consider@naclealgorithm. The oracle algorithm assumes a perfect
classification preference algorithm that always chooses the cotesdification if it is present at either
sensor. Such an algorithm is impossible to realize in a real system—we can impli¢iody because we
already have ground truth. We present it to provide an upper bouhdwrwell sensor fusion can do.

Current Status:We have implemented classification preference based on sensor qualitynidti-
sensor comparison. We have not implemented a complete matching algorithmnsincedata collection
experiment sensors were separated by a large distance and an tigars&e for our preliminary analysis
we manually associated signatures at two sensors.

4.3 Automatic Configuration

A goal of our system is that it be easily and rapidly deployable. This go#lated our choice of hardware
platforms (small, wireless devices) and sensors (inductive loops thabeamply taped down on the
roadway). However, in addition to physically deploying the system, the aoftwequires configuration as
well.

We therefore designed automatic configuratiosystem to easily determine any software parameters
required for system operation. Automatic configuration involves drivingabe vehicleover the sensor
multiple times. The probe vehicle can be any vehicle; in our experiments weausedll passenger car.

The system collects data to determsegmentation thresholdeeded to determine where signatures
begin or end. We also automatically determine skasor separation distanca value needed to compute
vehicle speed. We describe each of these below.

4.3.1 Segmentation Thresholds

Segmentation is an early step in classification where raw sensor data is sptiertehicle segments (see
Section 4.1.1 for a complete description of the algorithm). Segmentation requhiesshold to separate the
active vehicle signal from background noise.

Ideally we could assign a fixed segmentation threshold based on labodatiary Unfortunately, we
found that the threshold used varied based on the version of sertsot dard, and the loop construction
(type of wire, number of turns, etc.). While we manually configured it fargreliminary experiments, we
do not expect end-users to hand configure it and therefore delsignautomatic procedure.

Algorithm 2 shows the algorithm we developed. We use a known numbeiobgprehicle detections
as “ground truth”, then iteratively adjust an initial value until we get a magchimmber of detections from
the sensor. The initial threshold factor is decided by the heuristics frandudy 2006 rooftop experiment
(Section 5.3).

We report on this algorithms effectiveness in Section 6.3.

4.3.2 Sensor Separation Distance

Knowing the exact distance between loops is crucial to get the proped sl length estimation, since we
use a pair of loops to calculate the speed of a vehicle as described in SkdtibnTherefore every pair of
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Algorithm 2 Automatic segmentation threshold

Observe signal of the probe vehicle.
Record the stream of signal during this period without any segmentation.
While observing the stream, calculate windowed standard devidigsignal energy).
After the probe vehicle runs over the senBg 4 times, findMax(E).
Set the temporary thresholds
Thyi = T *Max(E)
Th|_o = 0.5*ThHi)
Run the segmentation algorithm with above thresholds on the recorded signal.
Initialize the threshold adjustment size
IF Nsignature< Nactual THEN A = Ajnc
IF Nsignature> Nactual THEN A = Agec
IF Nsignature== Nactual THEN set the thresholds for the classification
ELSE adjust the thresholds:
IF Nsignature< Nactual THEN increases thresholds By
IF Nsignature™> Nactual THEN decrease thresholds By
UpdateA =A/2
Iterate above steps until matches to actual count.
If it doesn’t match within two iterations, then declare “Failed to find thresholds”
Parameters:
T : Initial threshold factor, 0.25
Nsignature: Number of signatures
Nactual : Actual vehicle count
Ainc : initial increment size of threshold1—T) « Max(E))/2
Agec: initial decrement size of thresho(d@ «* Max(E))/2

loops should be measured exactly or they should be separated by glietésee when deploying the loops
on the road. Either way could require a long interruption of traffic. Theeexnent described in Section 6.1
shows that the distance between two loops affect the accuracies of sgt@aation and length estimation.
Hence, a small error in measuring sensor separation distance couldmesansistent and significant error
in vehicle classification.

To eliminate this measurement error we calibrate the sensor separation elissimg the probe vehicle
length. This procedure inverts our regular algorithm: given a knowrcleellength and a measured time
to cross two loops, we back-compute the physical distance between |®bsscomputation is possible
because we know the exact length of the probe vehicle. In addition, wesmmultiple readings of the
probe vehicle to correct for measurement error.

Auto-configuration of sensor separation give two benefits: First, it sirapldieployment, since sensor
distance is not critical. While loops must be parallel to each other, theiragmaican be arbitrary, since
we measure it and correct for variation in a given deployment. Secowtlisn there are multiple pairs of
sensors, each may be deployed with different separation distanceniyetriation can be correct for by
auto-configuration. Finally, if the system is to operate for long durationsdni@an a few days), potentially
we can easily re-calibrate the sensor separation to account for anymmaavelue to vehicle traffic. (We
have not yet tested this case.)
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Figure 8: Placement of sensors for data collection.

4.3.3 Other kinds of automatic configuration

The approaches described above show the principles of automaticuratifigp needed for the algorithms
developed in this paper. Additional future automatic configuration may inclerdgos location and relative
position of sensors. For example, we could automatically infer which sgaserdeployed in which traffic
lanes, the direction traffic flow, and which sensors are downsteanthbfaher.

5 Data Collection

In SURE-FT we used several datasets to draw our conclusions. (airgrdataset is a collection of 1500
vehicle signatures taken in August 2004 at USC as part of the SURE«g€cp To this we added two
additional, small scale experiments taken on a parking garage rooftopgGit&lSWe describe each of these
below.

5.1 USC August 2004 Data Experiment

From 7 am to noon, August 6, 2004, we collected traffic data at the U@us Working with Steven
Hilliard of IST, we collected 1500 detections of vehicles at three locatioaas& data was supplemented
with human observers and videotape to provide ground truth data. Weesktbcee locations on internal
campus streets to get a mix of low- and moderate-speed traffic. We seledtdd eollection day when
construction was underway on campus, allowing us to capture a mix of petiaffic, including the USC
shuttle bus, construction traffic, including cement mixers and 18-whes{drand general automobile traf-
fic. In addition to general traffic, we selected two passenger carsaamithem over each sensor 10 or more
times to provide a baseline known vehicle to evaluate re-identification andrssmssistency.
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Details about exact deployment locations are available in a technicat {¢pfirhere we report on two
locations: site A, near the campus entrance, and site B northbound (eraBbi)t 100m north of site A,
past an intersection. Figure 8 shows this layout. Site A is next to a parkisg &itd has two lanes. Typical
vehicle speeds are quite slow (mean speed 8mph); stops in lane #1 (immedéexiety the kiosk) were
frequent. Here we report only data from lane #2, further from thekkiddite B consisted of north (BN)
and southbound (BS) lanes, mid-block. Mean speeds were 16mph. Bbiofmur analysis we consider
site BN. We use site A to confirm our BN results and see how our approadtswn slower traffic, and to
examine multi-sensor fusion for vehicles that pass through both sites AldnW/B use the data from 9:15
am to 10:50 am, discarding earlier data because of incomplete video grotimcatnd later data because of
numerous records from our two test cars.

Our re-analysis of this data with updated algorithms appears in Section 6.2.

5.2 USCI/ISI Rooftop December 2005 Experiment

To examine the accuracy of a single-sensor regarding the sensoats@pand speed of vehicles, we con-
ducted an experiment on the roof of ISI parking structure. We took dafaezember 7, 2005.

Our goals were several: to collect data to calibrate sensor speed detagdimst “ground truth” from
a radar gun, to collect data to evaluate alternatives about sensor lacipgpto verify tradeoffs in sensor
spacing and sampling frequency.

The experiment involved two blade loops, an IST detector card drivieof af laptop computer, with a
video camera to record activities, and a radar gun (Model: BushnelB1Q; accuracy:=1mph, precision:
1mph) to establish ground truth.

Our basic blade sensor loops were deployed with a 1.5 inch loop width, thedoond one time. We
looked at two separations of loop pairs: 18 inches and 36 inches. Wdetwsetest vehicles:J (a 2000
Toyota Celica GT) andl (a 2001 BMW 330ci).

Both targets were tested at 10 and 20mph , with each vehicle tested 10-20 ticwketd data to
evaluate repeatability. Results of this experiment are described in Secti@atIrom this experiment is
on the 061206 CD-ROM iiir af f i cSensor _v1/ dat a/ 2005_12 07 directory.

5.3 USCI/ISI Rooftop July 2006 Experiment

We tested both classification and auto-configuration algorithm with a shpetriaxent conducted on July
27, 2006 at the roof of ISI parking structure. We collected 36 vehicleadiges of three different vehicles.
We deployed blade sensor inductive loops constructed of 4 winds ofig@2vire. Sensors were deployed at
a 25 degree angle to traffic with an 18 inch separation between pairs &f loop

For these experiments we configured the IST card in automatic configurafidre IST card has a
dip-switch to change sensor sensor sensitivity according to attacheslthgmgs. When standardized, con-
ventional loop are attached, it should use the preset sensitivity. Sincesaveustom loops, we chose the
“automatic” mode so that it could determine the proper sensitivity based ont#uihed loops.) These ex-
periments involved three vehicletl, a 2001 BMW 330ci, wheelbase 107.5 inch&sa 2000 Celica GT,
wheelbase 102.5 inches; abgda 2000 Acura TL 3.2, wheelbase 108.1 inches.

We used each vehicles as a probe vehicle (as described in Section di3yotlected 8—11 signatures
of each vehicle. Results from this experiment are described in Sectio®&ta.from this experiment is on
the 061206 CD-ROM iffr af f i cSensor _v1/ dat a/ 2005_07_27 directory.
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Table 6: Single sensor accuracies for speed from the 18" and 368bsseparation distance with 300Hz
sampling. Standard deviations are given in brackets.

Sensor Target # Achieved Estimated Absolute Relative
separation | speed (mph) samples speed (mph) speed (mph) error (mph)  error
10 5 13.5[1.97] 15.6 [1.36] 2.1 17.1%

18" 20 6 19.0[1.87] 21.6 [2.94] 2.6 13.3%
Overall 11 16.0 [3.40] 18.3[3.73] 2.3 15.4%

10 10 12.6 [0.84] 13.2 [1.54] 1.3 10.4%

36" 20 10 19.3[0.94] 20.2 [0.69] 0.9 5.0%
Overall 20 16.0[3.55]  16.7 [3.77] 1.1 7.7%

Table 7: Single sensor accuracies for wheelbase from the 18" anseB8br separation distance with 300Hz
sampling. Standard deviations are given in brackets.

Sensor Actual Estimated Absolute  Relative
separation | length (inch) length (inch) error (inch)  error

18" 107.5 113.4[2.80] 6.0 5.6%

36" 107.5 107.7 [1.98] 2.6 1.6%

5.4 Survey of Vehicle Models and Wheelbases

Finally, to evaluate the effectiveness of perfect sensors, we seoh@y vehicle models of a single manu-
facturer (Ford) in comparison to the FHWA classification system. The resiultss evaluation are found in
Section 4.1.2.

5.5 Data Availability

Complete copies of the data described in this paper are available on rémquedhe authors, with infor-
mation available on the project websktet p: / / www. i si . edu/ i | ense/ sure/index. htm . This
includes both the new experiments done as part of SURE-FT (availableeo@&bD-ROM), and from the

USC experiments done as part of SURE-SE (provided as one CD-R@itafand several DVDs of video
ground truth).

6 Experimental Evaluation

This section summarizes our new experimental results: verification of spetedtion (Section 6.1); re-
analysis of our USC dataset with our updated algorithms (Section 6.2), twohirbr handling at a single
sensor, comparison to human counting, evaluation of the features thabsae, @and use of multiple sensors.

6.1 Single-Sensor Calibration Experiment

To examine the accuracy of a single-sensor regarding the sensoati@pand speed of vehicles, we con-
ducted an experiment on the roof of ISI parking structure as descinb®dction 5.2. We tested two sensor
separation distances: 18” and 36” at 300Hz sampling rate. We alsoimgmted with two target speeds:
10 mph and 20 mph to demonstrate that different speeds affect estimatima@ccGround truth vehicle
speeds are established by using a radar gun (Model: Bushnell 10-d&duracy=+1mph, precision: 1mph).
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Table 6 and 7 shows detailed results. Speed estimation (Table 6) indicatesrtbat readings are within
5-17% error. Linear regression of the correlation of estimated spekthdar gun speed shows an r-square
of 0.85-0.90, indicating a very strong, but not perfect correlation betwspeed and ground truth speed.
Although this accuracy is good, for speed we have a very poor refergground truth”: the precision of
the radar gun is only 1mph, so we believe some of this error corresporttie fwoor precision of those
measurements. In fact, with the wide-spaced sensors (36”), error ightis precision. With narrow-
spaced sensors, errors are around 2.3mph, confirming that agdalla®ff with narrow-spaced sensors at
these sampling rates. Finally, we observe that absolute error in speadjldya@onstant for these speeds,
and the relative error actually decreases.

When we turn to length (Table 7), we see much higher accuracies. Thih lesigmation error is less
than 6% which indicates that we can accurately estimate length using a singte. 34k also observe that
the wide-spaced sensor is again more accurate. Note that length estinedbaseat on speed estimates, so
we expect these results to be dependent. The main difference is thatevadtairate ground truth of length.

We didn'’t investigate exhaustively the effect of distance and samplingorathe accuracy, but we at
least confirmed the configuration we used is appropriate for speed @agth lestimation. In Section 6.2,
we experimented with 4.5” separation distance and 1200Hz sampling rate.idweekplicitly examine
this configuration, but the accuracy would be roughly equal to the amatiign of 18” and 300Hz, because
accuracy is proportional to the product of distance and sample rate.

6.2 Re-analysis of USC Data

We evaluate new algorithms with the data set collected at USC campus on Atiguad04. A description
of our prior analysis of this dataset can be found in Chapters 3 and 4 @WRE-SE final report [15] and
summarized in Section 5.1.

6.2.1 Error Recovery in a Single Sensor

We first evaluate single-sensor techniques to improve estimation consistency

To evaluate the benefits of multiple features we compare the amount of vaviensee across multiple
readings. In Section 4.1.1, we show that we can determine up to four estinfiatpsed and length from
each sensor pair. We expect that two classes of error, imprecisdssfaige to sensor inaccuracy), and
changing speed (if cars alter their speed over the sensor), can tesseld by exploiting multiple estimates
at a single sensor.

Figure 9 shows how variance changes when we consider 1, 2, 3, #eatimates of each speed and
length for data from both sites A and BN. Unfortunately we do not havemgidruth about speed and length
for our main experiment, so we computed our best-estimate of speed and bgnigtking the mean of all
four measurements. For each signature, we compute the differencenedfeansor estimate against this best
estimate. We consider all possible combinations sensors for each signature, so the 1l-estimate values
consider 4 measurements per signature, the 2-estimate considers 6 combipatisignature (combinations
of estimate 1-2, 1-3, 1-4, 2-3, 2-4, and 3-4), and the 3-estimate cosgigeer signature (estimates 1-2-3,
1-2-4, 1-3-4, 2-3-4).

For Figures 9(a) and 9(b), we first estimated speed and length forseggditure using the mean of all
four estimates. As can be seen, use of multiple estimates greatly reduceseneasiariance. Variance is
larger when speeds are faster at the BN site. Finally, variation in length éssinsaconsiderably less than
variation in speed. Three-category classifications are affected Inysevall variations, however, since there
are many vehicles near the dividing line between P and S*.

To test against ground truth, we took an additional, custom experimem wkeran a vehicle with
known length across sensors spaced at 18 and 36 inches (details e{pdgment are in Section 6.1).
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sites A (white bars) and BN (gray bars) of the USC experiment, while thEfitnae uses data from the first
ISI rooftop experiment.
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Table 8: Classification Results, Trucks vs Non-Trucks

Total Correctly Unable to classify Incorrectly
Site considered classified [segmentation errors]  classified
Total 164 (100%) 133 (81%) 16 (10%) [9 SE] 15 (9%)
A T 8 6 2 0
Non-T 156 127 14 15
Total 248 (100%) 212 (85%) 18 (7%) [13 SE] 18 (7%)
BN T 37 30 3 4
Non-T 211 182 15 14
Table 9: Three-category Classification Results
Total Correctly Unable to classify Incorrectly classified
Site considered classified [segmentation errors]  Total Wrongas P Wrongas S* Wrongas T
Total 164 (100%) 94 (57%) 16 (10%)[9 SE] | 54 (33%)
A P 101 72 9 20 - 9 11
S* 55 16 5 34 30 - 4
T 8 6 2 0 0 0 -
Total 248 (100%) 174 (70%) 18 (7%)[13 SE] | 56 (23%)
BN P 127 90 13 24 - 17 7
S* 84 54 2 28 21 - 7
T 37 30 3 4 0 4 —

Figure 9(c) shows these results. The trend in the right graph agaiastkground truth matches the trend
in the middle graph: more estimates reduce variability. However, this experiat@mtonfirms that less
variability corresponds with more accuracy.

6.2.2 Sensor-Based Classification

We next consider sensor-based classification using data collectedhfribnd and BN sites.

As we discussed in the SURE-SE final report, we manually deleted recbrdstorcycles, carts, and
bicycles from the dataset. It should not be hard to eliminate these automatiealigur current focus is
on the harder problem of distinguishing cars from trucks, not the epsddtem of cars from bicycles. As
future work we plan to automate this filtering. After filtering we were left with 16dords on site A and
248 records on site BN. In addition, we found 22 records (9 on site Al&8mah site BN) were missing from
sensor data set, due to segmentation errors. Although we do not yet dictilyaetect these, we believe
we can do so relatively easily. We therefore report these values gmesgation error (SE)” on Table 8
and 9.

We started by classifying vehicles in two groups: trucks (including 18ebdre, cement mixers, and
panel-trucks) and non-trucks (includes everything else other thaksrud&esults are shown in Table 8.
With just two categories (trucks, type T, vs. non-trucks), our classificaates are comparable to current,
state-of-the-art published results from Satral.[24]. These results were particularly encouraging given that
our system was not tuned to specifically deal with the high variability in vehpeed that we found.

In addition to the two categories of vehicles mentioned above, we expanddditial classification
algorithm to include a third category, S*, comprised of SUVs, pick-up tsyetans and minivans. Results
are shown in Table 9. Our accuracy with three categories is not as higitrasnly two categories. Our
algorithms depend primarily on vehicle length, but the vehicles in class S* amgePap in length. No
classification algorithm based only on length will be able to separate thegmgateaccurately. This can
be seen in the data in Table 9 where many “medium-size” vehicles are intpckssified as passenger
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Table 10: Effect of careful feature extraction (single sensor)

simple careful feature (edges)
Site  (peaks) without consistency with consistency
Two-category classification

A 110 (67%) 133 (81%) 133 (81%)
BN 202 (81%) 209 (84%) 212 (85%)
Three-category classification

A 55(34%) 93 (57%) 94 (57%)
BN 157 (63%) 164 (66%) 174 (70%)

cars (51 out of 139). By comparison, classification of trucks is quitedgegth very few trucks being
misclassified as S*, and very few S* or P types being classified as T.

This experiment suggests, first, that our approach is very approfrilegoal is to classify trucks from
non-trucks. For studies about road damage, this level of classificatigrbeaufficient. It also suggests
that very fine-grain classification of passenger cars, vans, picl8lp¥s will be quite difficult, given the
blending of these vehicle types.

It is useful to compare the accuracy of our sensor network-bassesdifatation system to manual (hu-
man) classification described previously. First, considering just countiagual classification was 83—87%
accurate. By comparison, our classification system had accuracyfa&&s85% for two-category classifi-
cation and 57—-70% for three-category classification. From this we coathat our single-sensor system is
comparable to humans for two-category counts, because our systemamdle vehicles as rapidly as they
occur, while humans can become overloaded and make errors when tgo/efacies appear quickly.

We also must state that for three-category classification, humans remairacoorate when compared
to our current system. This result is because, even though manudbkauiss many vehicles, humans are
much better at distinguishing “SUV-like” vehicles (type S*) than our systdntivuses simple length-based
measures.

Finally, it is important to note that these experiments evaluate classification etiemost challeng-
ing FHWA classes (cars from trucks). Future work might include evaloaifoour approach over simpler
FHWA classes, such as different kinds of semi-trailer configurations.

6.2.3 Effect of Careful Feature Extraction

We earlier discussed the importance of using distinct features, and atidgteommon problems such as
channelization error (Section 4.2.2).

To quantify the benefits of our improved feature detection Table 10 compaegall classification accu-
racy of two and three-category analysis with and without these improveniBmsthree columns compare
detection of simple peaks only, with detection of careful features (edgdt) and without consistency
checking.

As can be seen, the shift from peaks to edges is helpful at both siiegdtticularly helpful at site A
(improving accuracy 14% for two-category and 23% for three-catgdmecause there speeds are generally
lower (8mph compared to 16mph at site BN), making wheel peaks much lesstdistause of longer time
spent over the sensor.

Consistency checking is most helpful at site BN (improving accuracy 14#éf) because that sensor
suffered from a number of missing wheel cases. Site A suffers froum#er of channelization errors which
we detect but cannot correct. This detection does alter the quality estimateyér, allowing multi-sensor
techniques to select the estimate without channelization error as desceiload b
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Table 11: Multi-sensor classification accuracy.
Total vehicles at both A and BN: 39 (100%)
Two-category classification
single sensor:

A alone: 36 (92%)

BN alone: 36 (92%)

multi-sensor combining A and BN:

oracle: 38 (97%)

shortest-best: 38 (97%)
quality-best: 38 (97%)

Three-category classification
single sensor:

A alone: 24 (61%)

BN alone: 27 (69%)

multi-sensor combining A and BN:

oracle: 32 (82%)

shortest-best: 25 (64%)
quality-best: 29 (74%)

6.2.4 Use of Sensor Fusion

Finally, we wish to investigate our hypothesis that multiple sensors can hallveeadependent errors.
In our experiment, 39 vehicles passed through both sites A and BN. Weateropr two sensor fusion
algorithms from Section 4.2.3, shortest-best and quality-best, with an @algdéthm. Recall that the oracle
algorithm takes the correct classification if either individual sensor igectgrthus providing a theoretical
upper bound on performance.

Table 11 summarizes the results of this comparison, showing that our desgmr algorithms can
correct several kinds of independent errors such as mis-segmergatiomis-channelization (described in
Table 5). For two-category classification, both shortest- and qualitlyaheays select the correct classifi-
cation, matching the oracle. We cannot achieve more than the oracle uesshance individual sensor
accuracy.

In three-category classification, the quality-best algorithm improves tberacy by 5-14%. This im-
provement suggests that the confidence value we used for qualitglgesthm captures accuracy of the
individual sensor’s estimation and helps us to select the better classificatimnshortest-best algorithm
does not do as well as quality-best because it is designed to corfgctemmentation errors and does not
attempt to consider other kinds of errors.

Reviewing the errors from Table 5, we addressed mis-channelization lgyrdetecting it at single
sensors (Section 6.2.3), then selecting the best quality single-sensoruality-dpest (Section 6.2.4). We
handled imprecise speeds by selecting an appropriate sensor spatsanauiing frequency (Section 6.1).
Changing speeds are best handled in single sensors. Segmentatismerraddressed by the shortest-best
and guality-best sensor fusion algorithms (Section 6.2.4).

6.3 Verification of Autoconfiguration Algorithms

We wanted to verify the effectiveness of our autoconfiguration algoritthessribed in Section 4.3. To do
this we set up a small experiment on an ISI rooftop (Section 5.3). In threrent, the initial threshold
works perfectly after a single pass of auto-configuration.
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We plan to exercise this algorithm further in future experiments to furtherataithis algorithm.

7 Plans and Future Work

This project has demonstrated that automated systems can classify vehialesueately as humans pro-
vided a sensor network can combine readings from multiple sensorsinkigde, such a system could be
assembled from parts costing only a few thousand dollars, and depldiredmy a few minutes of traffic
interruption.

However, several open challenges remain before such a systembspgiden to students, researchers,
or traffic engineers. First, we must understand how to connect a chfstethe-field traffic sensors to each
other and to a researcher’s central database or traffic managensesnsyith moderate cost. Second, we
must integrate and automate deployment of the system as a whole. Finallycsigifiork is required to
move from demonstrating the principle behind a sensornet for traffic mamgtdéo having an integrated
system that can be taken into the field.

We must to develop approaches to economically connect traffic senseexioother and to central
researcher or traffic management systems. The key constraints on iroteigial work are to do seco-
nomicallywith traffic sensorsn-the-field.

Custom industrial wireless networks are widely used today for many agiplsain specific locations,
but the need to lease radio spectrum and develop or purchase cusliommeake custom approaches very
costly. Cellular telephone and data networks also provide wide covebagéhe cost is quite high, often
$80 per computer per month, making their use uneconomical for dozeessdis in a sensor network. In
addition, they are quite energy hungry, running only a few days on idikagew hours of use.

We also must understand the unique demands of a network of trafficrseridee requirement that a
traffic sensornet be easily deployed means we wish to allow computersrai®@pe battery power, suggest-
ing the use of low-power radios and network protocols, such as 802ah8.&-MAC. These radios provide
throughput of only 50kb/s or less, comparable to telephone modems.

Our second goal is to automate deployment of the system as a whole. GumA®UJRE-FT helped
define the parameters that need to be automatically configured in our tlaf&ification network: basic
sensor calibration, loop width, spacing between pairs of loops, relatbatitms of loops that will see the
same traffic, and several parameters relating to signature interpretationuhber of samples allowed in
a wheel-well “dip” and the thresholds for wheel start and steep-sltg8).sThis work also indicated that
classification results are relatively insensitive to starting thresholdsidgedwve use algorithms that detect
and handle partial signatures. The physical loop layout parametestilbimportant, so calibrating these is
essential.

Finally, significant work is required to move from demonstrating the princigleifd a sensornet for
traffic monitoring to developing an integrated system that can be taken intettie fi

These areas are potential directions for future research.

8 Conclusions

This report summarizes the research tasks of the SURE-FT project. Timecorelusions of this work
were to verify that one can effectively use multiple sensors to reduce extes in vehicle classification,
and to begin the process of developing an integrated system that casilyedealoyed and automatically
configured to collect such data.
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