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Abstract

The primary faus of this research isvaluationof feasibility, applicability, and accuracy of
Doppler Light Detection And Ranging (LIDAR) sensors as-oontact means for measuring track
speed, distance traveled, and curvatiBpeed historiesurrently measured with a rotary, wheel
mounted encodeserve a number of useful purposes, one significant use involving derailment
investigations. Distance calculation provides a spatial reference system for operators to locate
track sections of intese. Railroad curvesising an IMU to measure curvatuaee monitored to
maintain track infrastructure within regulatior§peed measured with high accuracy leads to-high
fidelity distance and curvature data through utilization of processor clock iefaand right

rail speed differentials during curve navigation, respectivel¥heetmounted encoders, or
tachometers, provide a relatively lewsolution speed profile, exhibit increased noise with
increasing speed, and are subject to the inertiaMo@haf the rail car which affects output data.

The IMU used to measure curvature is dependent on acceleration and yaw rate sensitivity and
experiences difficulty in lovspeed conditions.

Preliminary systeRaitle’stst iolnibeoyhtrakdingiorcteldyowc a p a b
speed capture is possible using the rails as the reference moving target and furthermore, obtaining
speed profiles from both rails allows for the calculation of speed differentials in curves to estimate
degrees curvatureGround truth distance calibration and curve measurement were also carried
out. Distance calibration involved placement of spatial landmarks detected by a sensor to
synchronize distance measurements as gomeessing procedure. Curvature ground truth
measuements provided a reference system to confirm measurement results and observe alignment
variation throughout a curve.Primary testing occurrednboard a track geeetry rail car,
measuring rail speed over substantial mileage in various weather conduionsling high

accuracy data to further calculate distance and curvature along the test routes.

Tests results indicate the LIDAR system measgpeed at higher accuracy than the encoder,
absent of noise influenced by increapispeed. Distance calcutatiis also high in accuracy,
results showing high correlation with encoder and ground truth data. Finally, curvature calculation
using speed data is shown to have good correlation with IMU measurements and a resolution
capable of revealing localized tracdignments. Further investigations involve a curve
measurement algorithm and speed calibration method independent from external reference
systems, namely encoder and ground truth data. The speed calibration results show a high
correlation with speed dafrom the track geometry vehicle.

It is recommended that the study be extendgdtoo vi de assessment of the
car body motion in order to better isolate the embedded behavior in the speed and curvature
profiles. Furthermore, in the interest of progressing the system toward a commercially viable unit,
methods for dé-calibration and prgrocessing to allow fdiully independenbperation is highly
encouraged.
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Outline

1 Sectionl provides the motivation for the study, details the primary objectives supporting
the project, and describes the approaches used at obtaining these objectives.

1 Section2 provides an overview of primary track geometries followed by a description of
LI DAR technology and its role in the railrc¢
is introduced as eall.

1 Section3 details the initial LIDAR system tests mounted to aRBil vehicle navigating
revenue service track.

1 Section4 presents results from initial testing on a rail geometry vehicle assessing speed,
distance, and curvature measurements.

1 Section5 presents LIDAR system tests on a rail geometry car after the introduction of a
higherend PXI processing system.

1 Section6 reviews system tesig during the first primary phase of the study with a car
body-mounted setup.

1 Section7 reviews system testing during the second primary phase of the studyaagith a
body-mounted setup. An emphasis on curvature evaluation is present in this part of the
study.

1 Section8 discusses the development of a curvature quantification algorithm specifically
for LIDAR data for independent evaluation of curvature without external reference data

1 Section9 presents the study of using GPS data to compute train heading and determine
tangent sections of track. It is shown that calibration of LIDAR speed data over tangent
track resultsn high correlation with other sensors.

1 Section 10 provides a summary of the results from this research and offers

recommendations for future research in LIDARHology as a railroad inspection tool.
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Introduction — Motivation

1 Introduction

1.1 Motivation

Current rail speed sensors, including tachometers, radars, GPS, ground truth instruments, etc.,
individually or in combinationall have failure modes at very low speeds and inac@sa
proportional with increased speed. A noted weakness of traditional systems that rely on wheel
rotation for tachometry and odometry is that the train wheels slip or slide, leading to high error
rates (0.11.0%) [1] with respect to increasing speed, not to mention variable effective rolling
radius due to the conicity of the wheels. Currently, to mamsate for mechanical tachometer
errors, secondary odometry inputs often employ Doppler radar units beneath the train to measure
speed independent[2]. Radar beam widths, however, impose fixed accuracy limitations at all

track spees, and radars do not operate below a few miles per hour.

LIght DetectionAnd Ranging (LIDAR) is a nofcontact measurement techmegthat determines

speed with high accuracy. LIDAR sensors use Doppler technology in which a laser pulse is
emitted at a specific wavelength amdlected off a target of interest. The backscatter of light is
detected and compared with the emitted lfigbduency to obtain the Doppler sHi#. In similar

LIDAR systems, usinghe travel time of the laser pulse and the Doppler shift in wavelethgth

speed of a moving object can be determined; in this case, a moving railcar relative to f#.track
Incidentally, this is the same technology tlaat enforcement uses to catch speeding drij&ts

No other speedensing technology has the accuracy, linearity, and speed range of that associated
with Doppler LIDAR systems. This is simply due to the fact that the wavelength céligiibyed

in these systems is 10,000 times shorter than radar, leading to a similar increase in accuracy and
expansion of the speed rangdhis improvement makes LIDAR a suitable replacement for

previous norcontact radar systems performing the same f&ks

1.2 Objectives

The primary objectives of this study are:

1 Demonstrate the viability andpplicability of LIDAR systems for measuring speed,

distance, and track curvature for railroad applications.



Introduction — Approach

1 Determine if LIDAR systems can be used to replace wineeinted encoders and Inertial
Measurement Unit{IMUs) used for track speed and distanced arack curvature
measurements, respectively, in track geometry vehicles.

1 Establish the accuracy of LIDAR systems in measuring track speed, curvature, and distance
as compared with encoders and IMUs.

1 Highlight the practical advantages and disadvantagesImfAR systems for railroad
applications in order to determine the needs of future development efforts toward a
productionviable, noncontacting, multifunctional sensor.

1 Design and build a prototype system that can survive demanding railroad environments
and operate in an unmanned fashion.

1 Successfully perform system calibration tests on a stretch of tangent track using an optical
sensor to detect reflective distance markers distributed over measured spatial intervals.

1 Perform ground truth chord measurensesm selected track curves and assess the accuracy
of LIDAR curvature measurements.

Determine the feasibility in detecting rail alignment variation.
Communicate a redime foot pulse signal directly to the geometry car equipment from the
LIDAR processoremulating the wheehounted encoder.

1 Perform comprehensive field tests collecting train speed, gage variation (alignment), and
communicating foot pulse demarcations with Mwefolk SouthernS) system to provide
spatial data sampling and a speed prdiifeilar to that given by the encoder.

1 Test a reducedost analog circuit processor for parallel speed measurement to current
LIDAR geometry car measurement techniques.

1 Develop a standard for curvature measurement from VT LIDAR data by which any given

datafile is evaluated under a single set of analysis operations and criteria.

1.3 Approach

1 A laboratorygrade LIDAR system, already available at the Railway Technologies
Laboratory (RTL) of Virginia Tech (VT), is tested onboard the Federal Railroad
Ad mi ni sst(FRA)Hy-Raihvehicle, R4. The results of the tests are used to provide
an initial assessment of the LIDAR system’

(such as wet and dry rail), and in the presence of special track work (frogs, switches, etc.).
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The tests are also used to determine the most suitable orientation of the LIDAR lenses
relative to the rail head geometry

1 Following Hy-Rail vehicle tests, the system is operated fromtrack geometry
measurement railcabservingevenue service track. The laboratgnade LIDAR system
is installed onboard the railcar and tested on short runs in order to gain a better
understanding of the critical issues for operating the system in revenue service. The tests
are also intended tevaluate the performance of the system at speeds Higheards of
70 mph)than that of thédy-Rail vehicle.

1 The experience from testing the laboratgrade system onboatlde Hy-Rail vehicleand
the track geometry railcar is used to design and buileld:hardy prototype system that
can better withstand the rigors of field testing, and can be operated with minimal operator
attention in a nearly unmanned manner.

1 Tests are performed onboard the track geometry railcar to accumulate a large number of
miles in revenue service, and to expose the system to various types of track and weather
conditions. The tests are aimed at assessing how well the comperpoted to the
ambient environmensuch as the LIDAR lenses, can withstand the vibrations, jarnadg, a
dirt and grime present in a revenue serge#ing The tests are also used to ensure that
the system can work in different installation configurations (attached to the railcar truck or
body).

1 The data accumulated during the tests are processed uffergnd signal processing
techniques to obtain the measurementatefeststrack speed, distance, and curvature. A
comparison i s made between the LI DAR measu
to establish the relative accuracy of the system.

1 A 1000+t tangent section of track near the Roanoke area is measured manually to obtain a

ground truth “test section f epainted mdrkerb r at i o
are placed at designated intervals along this section to generate a signah foptical

sensor onboard an NS geometry car. The optical sensor is given the term fiduciary sensor.
When the geometry car travels over the test section, flags are produced by the fiduciary
sensor and are correlated with the speed and processor clditkitoadistance estimate

between the markers. The ground truth distance measured between markers is used to

calibrate the LIDAR data by adjusting the
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1 Hosted by Norfolk Southern personnel, VT students perform-amid offset
measurements from a 6@ot chord, the standard ground truth measurement technique,
along 6 designated curves between Roanoke, VA and Bedford, VA. To maintain a high
resolution of the curve profiles, measurements are taken aft©R35.5ft increments,
depending on which spatial frequency was assigned to each curve. The ground truth
curvature data is intended for direct comparison of LIDAR curvature estimation.

1 The ability of LIDAR to capture speed of a moving target is extended to eapparceived
lateral motion of the rail given longitudinal motion of a railcar. -Badymounted LIDAR
lenses are configured to a shallow angle from the normal of the gage face of the left and
right rails such that the relative lateral motion of thesrallargely along the axis of the
lenses. The Doppler frequency detected by the LIDAR system correlates with the lateral
motion of the rail and is converted to spatial variation with known longitudinal speed of
the geometry car. A pogtrocessing algafim calculates rail deviation and expresses the
results as alignment variation. The success of this implementation furthers the versatility
of LIDAR as a rail geometry monitoring system.

1 Integrate a foot pulse generator that utilizes the LIDAR procedsck @nd direct
measurement of train speed. By producing a foot pulse demarcation and thus a speed
estimate (ft/s), the LIDAR system can emulate the rotational encoder mounted to the train
wheel.

1 With the assistance of NS geometry car personnel, the LIBSEmM is operated in both
manned and unmanned fashions. One of the first test runs involves monitoring the
fiduciary sensor readings and adjusting the proper calibration parameters for accurate speed
and gage variation measurement. One test involvegeraction with NS or VT personnel
with the exception of simple powen and shutdown procedures. Finally, a test run is
completed with the LIDAR system emulating the encoder by producing its owpuitsa
demarcation and speed based on the LIDAR system i nst ant aneous spee
and MCU clock. The success of the series of tests validates the utility of LIDAR as a
robust, versatile system in track monitoring.

1 A comprehensive analysis of the performance of the LIDAR system over the duration of
the preceding and current programs provides the VT research team with strong evidence

that LIDAR technology provides a highly versatile use on rail inspection techniques.
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Through observations of system hardware performance and extensive data analysis, this
report provides strong support for VT’'s «cl
feasible through LIDAR technology.

1 Fabricate an analog circuit processor using a sfvegtiency Spectrum Analyzer circuit.

The processor serves as an auxiliary unit &bleead in the LIDAR Doppler signal and
provide a speed signal separate from the PXI processor. Testing is performed both in the
lab environment and onboard an operating geometry car in the same manner the PXI and
PCI systems are tested. The data istemidigitally for comparison with the outputs of the
other systems. Successful data acquisition from the analog processor demonstrates
feasibility of a reliable, lowcost path for nomontact speed sensing with LIDAR
technology.

1 Construct an algorithnfior curvature data processing. Matlab will be used to process
LIDAR data using a single algorithm which autonomously collects curvature data with
minimal input from the user. This eliminates inconsistencies in data analysis from manual
operations such afata shifting and curve element estimation unique to a given data file.
This implementation is part of the effort to provide a comprehensively autonomous

curvature detection and analysis system.

1.4 Contributions

The potential contributions of the researchgented in this study to LIDAR technology, railroad

inspection practices, railroad inspection technology, and instrumentation design are:

Innovative instrumentation to rail geometry cars for railroad health monitoring
New avenues of research into multiftional system for comprehensive rggéometry
assessment

1 Provide highefaccuracy records of rail monitoring parameters such as track speed,
distance traveled, track curvature and alignment, gage width7ktc

1 Extension of LIDAR applicability and further development of LIDAR technology in the
railroad environment

1 Introduce a method of railroad monitoring that is versatile in physical configuration,

allowing morefocus on a particular target parameter if desired
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1 Provide an alternative to a wheaabunted, rotary encoder and inertial measurement unit

with a single processing system
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2 Background and Technical Review

This chapter provides an overview of viable useseohmology in railroad monitoring and the
technical principles underlying the research performed in this study. FRiktgeometry
terminologyis presented for reference throughout the document. Bdckground of railroad
inspection techniques isgsented.Finally, LIDAR technology is introduced as a useful tool for

rail inspection.

2.1 Rail Geometry Definitions

The following definitions describe geometrical features of the railroad that are widely monitored
and measured tassessthe rail condition. Elements that produce unusual or outstanding
measurement readings accordance with railroad standaaige flagged and investigated further

for possible maintenance or replacem@al]. If the reader is familiar with railroad geometry
and teminology, it is recommended to continue reading fr8ection2.2 Railroad Health

Monitoring Practices and Techniques

Alignment  The alignment defines the lateradwiation from thdongitudinaltrack trajectory.

This parameter is also used to define curvature on a larger scale, where the degree of curvature is
rated based on the geomet, orgtraightrdcla Foecuradd tratlke vi at i
the ofset from the midpoint of a subtended chord of 62 ft is related to track curvature, defined

below. The chord application callsttingliningis discussed later.

Cant Angle The cant angleor simplycant defines the rotation of the rail profile about its
longitudinal axis. Rotation toward the gage of the track is generally defined as pasdize
outward rotation is negativelt is important to check the sign convention used by a particular

measurement system or rail personnel as it may be the opposite of the above.

Chord The chord lengthover which alignment, curvaturegr profile is measured. The chord
length applied varge depending on the measurement of interest and desired information, with

attention to the filtering effects from the natiord measurement obtained.

Curvature The study and monitoring of railroad curvature is an important component in
railroad engineeringnd is given special attention hei@eometric curve characteristics and curve

conditions are influential in the curving performance of a rail velaiotbultimately lead to wear
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oft he rail wvehicle’” s fIl| an[dildgAdditioraly,lcunesinustbea ge f
designed to allow safe negotiation for a given spaéall territory. Parameters such as degree
curvature and superelevatigeee definition)are therefore routinely monitored and must meet

federal regulations.

A single curve is made up of 3 major segments connecting two segments of unaligned tangent
track. The main body of the curve is the section of the curve with constant Rding constant
superelevation. The segments connecting the curve body to tangent track are transition regions,
or spirals following a quadratitrajectoryin both curvature and superelevation. An illustration is
presented irFigure 2-1. Entering the curve, the track transitions from tangent track with zero
curvature ad superelevation to the curve main body with constant, nonzero curvature and

superelevation. The reverse happens when negotiating out of the curve body back to tangent track.

Constant Radius

Tangent-Spiral Spiral-Tangent
(Curve Entry) {Curve Exit)

Figure 2-1 — Primary railroad curve components. The main body of a curve always lies between transition
regions, or spirals, connecting it to tangent track

Rail monitoring vehicles, such as HRail trucks( ‘ -Ra i | i s al so amilaccept
geometry cars, are instrumentedquantify the conditions of railroad curves. Curves are rated in
degrees, measured by the angle subtended at the center by a chord dfL5006ft Degrees

curvature, superelevation, and rail aligmnare an example of the information collected over a

curve. This information is usually achieved using an inertial measurement unit (IMU) which

measures yaw rate of the vehiglemotion The LIDAR system, detailed throughout this report,
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measures curvare using a speed differential obtained from the left and right translational wheel

speeds and accounting for rail geometry.

Gage The gageG defines the lateral distance between the edfi#8in. below the top of the rail
head. The standard gage in North America ranges from 56 B55in., the nominal distance
being 56.5 in.

Grade Similar to highway and geographical terminology, the grade defines the ratio, expressed as
a percentage, between the vertical and longitugiradression in the direction of travel. It may
be expressed as a percentage describing the vertical deviation oveftdob@@udinal track

trajectory.

Profile The track profile is defined as the vertical deviation from the track trajectory. A chord o

a particular length is used to measure the offset of the rail during manual measurements. Digital
sensors are more widely used today which are able to measure the fpoofi a moving rail
vehicle[17]. Significant deviations in rail profile due to worn track or degradedstfucture lead

to unwanted vibrations and dynamic behavior of rail vehicles and are therefore closely monitored

by inspection equipment.

Spiral The section of track serving as a transition between tangent (straight) and curved track.
From tangent to cued track, the track continuously increases in degree of curvature from zero to
the degree of constant curvature in the main body of the curve. Spirals are used to transition

between curves of different degrees as wekometrically, a spiral is similao a spline.

Superelevation The superelevatioiQdefines theabsolutevertical offset between the left

and right rails. Thisgeometry is applied for curved track sections and is designtd
consideration ofhe degree of curvature (defined below) and rated territory speed to ensure proper
balancing of railroad cars. Note that the majority of this study does not take into account
superelevation unless otherwise noted as it does not significantly affecttshelbdained by the

VT LIDAR system. Superelevation generaltgnges from zero to a few inches

Tangent Track Straight track with no intended nonzero alignment or any deviation in

profile or crosslevel.
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2.2 Railroad Health Monitoring Practices and Techniques

At the heart of maintaining a safely operating railroathés practice of health monitoring and
inspectiorof the railroad infrastructurdJnder-RA regulationsthe railroad is routinely inspected
for unusual infrastructure and rail conditions to eassaife operation of freight and passenger
service trains. Particularly for the rails, geometric deviatan$ wear conditionare inspected

using various methods from mahpaactices to advanced technological inspection deyic#gs

Railroad geometry is closely monitoréol ensure safe operation of revenue serviekicles
Geometric parameters as thagfinedin Section2.1 are measured ancharacterized using an
expansive array of techniques and technological resol8,cE326]. Typically, sensors or sensor
networks are fixed ta particularcomponent othe body of a rail inspection vehicle suas a Hy

Rail truck or track geometry cartCommon sensors that offer high versatility in application are:
accelerometers for tracking ehody response to vertical and lateral deviations as well as
determining speed and location through integration teghas [27-30]; inertial sensors for
tracking yaw motion of the vehicle through curved track or general orientation belravior
responseto changes intrack geometry[31-34]; tachometes and encoders for speed and
localization [27, 35]; and GPS trackindor location mapping of track featurg27]. These

exampls areamong many other inspeatidechniques sed today

Rail defects aramonitored using devices that are typically fixedataail inspection vehicle
depending on the desired metricBortable devicesor trolley systemsre also availabland
provide highprecision data while guided manually bigiaman operatdrl0, 25]. Internal déects
can be located with ultrasonic methda§], rail head defects analyzed by wavelet analj31%,
andvariousinfrastructure defects and debecaptured though visionsystemg38-41], to name just
afewmethodsWi t h t he advancement and innovative

of rail wear typegsee[42]) are measured and characterizeth higher precision and efficiency.

10
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2.3 Derivation of the Mid-chord Offset Relationship with Standard

Curvature

A direct method of profiling a track curve is achieved usirggtsthordmeasurement, also termed
stringlinemeasurement. This measurement technique provides a grotimdepresentation of a

curve without anomalies or unwanted noise contribution from digital measurement instruments.

N\ G

/

Figure 2-2 — Geometric relationship between a subtending chord to a portion of curved track, the curve
radius, and the angle spanning the length of the chord. The standard chord length, C, is shown with

corresponding angle, W. An arbitrary chord length is also shown with its corresponding angle and mid-
chord offset, d .

Figure2-2 depictsthe geometric relationship between the curve radRusa given chord length
subtending an arced track segment, and the angle between the two chord ends. Given the standard

arc lengthCg =100 feet and the anglev which characterizes the degrees curvature of the rail, the

radius of curvature can be obtained as follows.

& = RSII’]%&W8
2 o 2+
. a CS/Z 2'1
Y R=—2—
sin(w'2)

This equation is useful for determining large curve radii that are otherwise difficult to obtain
through manual means, however the angle is equally difficult to obtain leaving the formula with
two unknowns. One method used to estimate curvature is tpappbrter chord and use its mid
chord offset from the rail as a correlator to degrees curvature. First, the arbitrary veEsgm of

2-2 is determined, giving

11



Background and Technical Review — Derivation of the Midchord Offset Riationship with
Standard Curvature

sin(a/2) 2-2

wherec is some arbitrary chord length, preferably a reasonable length which allows for a physical
string or chain to be applied to the rails for manual measurement. The resulting ahglads
the radius remains the same. The distancgd®t the chord midpoint and rail (also termed the

mid-chord offse}, d, is given by
d =R(L- codd/2)) 23

SubstitutingEqgn. 2-3 into Eqn.2-2 using the quantity?/2 as the common variable, an expression

relating d, R, andc is derived as follows.

o

CE/: cos‘lgeRR—dg from Eqn.2-3

Ll

singgos ae_—dOO—i
? TR B 2R 24
d c
—(2R-d)=—
(R- )= 2

4d(2R- d)=

Substitution ofEqgn.2-1 into Eqn.2-4 removes the curve radius ayieldsan expression relating

d andw:
a3 Cy/2 g 0
4d %—S - dQ=c?
g;gc; 'n(VV/Z)8 9 ’
a c o 1
dgg—> - dg=-c 2.5
é%n(vv/z) 872
2. —Cs le=o

sin(W/2) d+ 4

A usefulcorrelation between the mithord offset and degrees curvature is one inch offset to one

degree of curvature. This is the convention used in railroad surveying. For this case, the chord

12



Background and Technical Review — Derivation of the Midchord Offset Relationship with
Standard Curvature

length ¢ must be determined that satisfieEgn 2-5 with all appropriate values applied. To

determinec, it is useful to define the following function

Cs _g+le

g(c,d,W) =d” - sinw2)° "2 2-6

and determine the zero crossingsgoivhich would imply g =0 being satisfied. Applying this
process in MATLABresults ina chord length
¢ = 61.8040 feet, 2.7

only a 3% deviation from a 62oot chordwhich is applied as a reasonable estimate in track

surveying.
Another method of determining is to formulate the error function

U=D(R)- d(c,R)

_,4C¢p & 20
—2sin'Es g aR- |R2- S0 2-8
g2R+ (? 49

whereRi AN, or a 1xN array of curve radii, andD,di A". The second term is theector
form of d from Eqn.2-5. For varying valuesf ¢ the RMSE is obtained across a range, or array

of curve radius value®R . The RMSE is given by

RMSE= 4/ mea%f(c, R)?) 2-9

where U containghe error values at each elemanD andd.

13



Background and Technical Review — Derivation of the Midchord Offset Relationship with
Standard Curvature

The standard curvature profiledegreesalongwith mid-chord offsein inches for varying chord
lengths, are shown as a functiorcafve radiusn Figure2-3. Chord lengths in increments of 10
feet are used tobtain the miechord offset profiles. It is shown that a chord length of 60 feet is
approaching a on®-one relationship between curvature and chord offdgtis is expected,

considering results earlier suggested a chord length of almost 62 feeR{Bqgn.

Curvature Rating and Mid-chord Offset
4 : T T

: \ \\ 5 \:\ — Std Curvature
351 : : ——-d(20' chord)
— E' 3 ———d{40' chord)
o= ——-d(60" chord)
23 a5l _| == —d(80' chord)
=] -‘5 ——-d[{100" chord)
@ 2t ! : ]
fuiiy =) ~ :
25 i
® - 1.5} o
>0
55
T P P VTP
= RS S
0.5 T

5000 6000 7000
Curve Radius [ft]

0
0

Figure 2-3 — Standard curvature relationship with curve radius and profiles of mid-chord offset values for
varying chord lengths. Chord lengths in multiples of 10 ft are shown for simplicity. It is easy to see a chord
length of 60’ approaches the same profile as the standard curvature profile.

An important part of this analysis is choosing a range of curve radii which yields an accurate chord
length estimation. The hyperbolic form of the curveBigure2-3 induces large errors between

two curves for relatively low values of curve radiBs increasing the RMSE value and ultimately

the chord length at which the RMSE is minimized. An accurate determimmdtahord length is
obtained by omitting low values dR and considering only regions where the curves share a

reasonable error when compared with another.

Iterating through values oR which serve as the minimumdias to compute the RMSE Yyields
the curve inFigure 2-4. The chord length at which RMSE is minimized converges to
€=61.8273 ft for wlues abover =200 ft. This is a more accurate solution that would otherwise

be considerably incorrect for loR values, as can be seen in the plot.
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Background and Technical Review — LIDAR Technology

Minimum RMSE Chord Length
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Figure 2-4 — Minimizing the mean square error to determine the correlation chord length produces different
results based on the minimum curve radius with which to calculate the RMSE. For minimum boundary
values of approximately 200 ft and above, the minimum RMSE chord length converges to 61.83 ft.

2.4 LIDAR Technology

Current rail speed sensors, including tachometers, radars, GPS, ground truth instruments, etc.,
individually or in combination all have failure modes at very low speeds and inaccuracies
proportional with increased speed noted weakness of traditional systems that rely on wheel
rotation for tachometry and odometry is that the train wheels slip or slide, leading to high error
rates (0.11.0%)[1, 43] with respect to increasing speed, not to merntiancuracieslue to gradual

radial wear ofthe wheelrequiring periodic calibratioand truing Currently, to compensate for
mechanical tachometer errors, secondary odometry inputs employ Doppler radar units beneath the

train o measure speed independently.

LIDAR sensorsutilize Doppler technology in whicla laser pulse is emitted at a specific
wavelength and is thegtattered off a target surfadbe light scatter beindetected by receiver

[44]. Based on the Doppler shifetween the emitted and scattered light wavelengibsspeed

of a moving object can be deteined[45]; in this case, a moving railcar relative to the track.
Incidentally, this is the same technology that law enforcennssg to catch speeding drivers. No
other speedensing technology has the accuracy, linearity, and speed range of that associated with
Doppler LIDAR systems. This is due to the fact that the wavelength of light employed in these
systems is 10,000 timaborter than radar, leading to a similar increase in accuracy and expansion
of the speed randd®6, 47].
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Background and Technical Review — LIDAR Technology

Given a relative speedj, of a target objeawith respect to the emitter, the frequency of light it

receives is given by

2-10

o
I
"
o
o
+
(@)
-O00

Where Rl is the unit vector of the incident light acais the speed of light in a vacuum. The

photodetector receives the scattered light transmitted aﬁgnig the negative direction ok,

with frequency

b ud.g
f2_flé§_ c O 2-11

Substitutingeqn.2-10into Eqn.2-11 yields the expression

+U @!El_ ks)\

c

Q

2-12

_.,
N
I
-
o
™ @A
ey -

Given Rs =- Rl and theDoppler shift :|f2 - f0| , 5 can be explicitly expressed by

u@
fo =2 Cl 2-13
or
u@
f, =2 /1 2-14

for a Doppler system with wavelength From Ea. 2-14it is clear to see the Doppler frequency
is only dependent on the relative speed of the target object and the LIDAR system coupled to an

inertial body.

LIDAR sensors also provide an expandadge, supportive of both current and unknown future

requirements. These sensors are supportive of other functions such as measuring instantaneous

16



Background and Technical Review — LIDAR Technology

track curvature and assessing rail integrity. Optical fiber LIDAR sensors are currently employed
in rail trackside functions for lockeetheel detection by Union Pacific. They have proven to work
well in the field environment. Given the foregoing, as the cost of LIDAR speed sensing reduces,
there is a natural progression toward their acceptability for a baoae of current and future rail

systems.

Tablel on the next pagsummarizes and compares the characteristics and faults of current speed
sensing technologiemmployed in the rail industry. Accuracy, linearity, and cost are qualitative;

this is a common characteristic of devices and data available from rail suppliers. Indeed, speed
accuracy figures are dependent on the mechanical implementation and, thacsiaracy
requirements often depend on the end user. What has been determined is a need for accuracies
and speed ranges substantially greater that what existing sensors can provide. Doppler LIDAR
has the capability to provide the needed sensor operatibaghcteristics to support increased

track speeds directly and assess parameters such as curvature at very low tra¢k&piSkds

LIDAR sensors also provide an expanded range, supportive of both current and unknown future
requirements. These sensors are supportive of other functions such as measuring instantaneous
track curvature and assessing rail integrity. OptitarfLIDAR sensors are currently employed

in rail trackside functions for lockeaheel detection by Union Pacific. They have proven to work

well in the field environment. Given the foregoing, as the cost of LIDAR speed sensing reduces,
there is a naturgrogression toward their acceptability for a broad range of current and future rail
systems.

17



Background and Technical Review — LIDAR Technology

Table 1 - Characteristics of various speed-sensing technologies. Doppler LIDAR technology exhibits a large
number of speed detection with high linearity.

Nominal Speed Range

ensin Accura Relativ Relativ Non-
TeSchr;SoI(?gy [MPH]. Li(r:r?il:ati% Lirewearitey e(:2st : conotact NG
Low High
Analog 0.2 200 Wheel slip Poor Low Wheel slip limitation
Tachometer nonlinearity ~1-7%
Mechanicakervice
restrictions;
Accuracy degrades
with speed
Digital 0.075 Design Wheel slip 1-7% Low to Low-creep speed is
Tachometer dependent nonlinearity moderate data rate dependent;
Accuracy degrades
with speed
Doppler 2-5 130+ 2% due to High Low to O High data rate capacity
Radar beam width moderate Range limited;
Precipitation fading
Global 4-8 Variable 4 MPH Random Low to O Frequent data loss;
Positioning minimum moderate Terrain obscuration;
Data rate Low data rate (1Hz)
driven
Inertial System 200+ Error buildup  High High O Accelerometers/gyros;
Sensing dependent Thermal drift Drift issues;
Requires periodic
ground truth
Radio Tachometer basis Wheel slip Low at reset High Range dependency;
Ranging RF beacon reset nontlinearity High infrastructure
requirements for dense
grids
Ground truth  Tachometer basis Wheel slip Low at reset High Range dependency;
(beacon) RF beacon reset nonlinearity High infrastructure
requirements for dense
grids;
Includes inductive
loops, beacons, etc.
Optical 0.2 156 Requires +/-0.2% Moderate [] CorrysysDatron, L
Correlation ~0.1mm 350 Aqua Sensor;
surface 2-125Hz data rate;
roughness Optical maintenance
required
Doppler 0.02 150+* Processing High TBD to O Eyesafe laser
LIDAR method moderate precision;

Precipitation resistant
optics required;
10-200Hz data rate;
Optical maintenance
required;

Fiber optics flexibility

* Doppler LIDAR high-speed figure is nominal. Upper limits are well in excess of 200 MPH
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Background and Technical Review — LIDAR Technology

2.4.1 LIDAR Technology Benefits and Risk

The benefits of LIDAR technology, as compared with existing track speed and curvature

measurement systems, particularly for high speeds and/or elevated safety environments, are:

1. A noncontact measurement technology that eliminates the <sjmmshdent desig
complexity, reliability, maintenance, and accuracy (slip) issues and limitations (e.g., vibration)
of mechanically contacting or axteounted tachometers (analog or digif&l)].

2. A noncontact, Doppler measurement technology with:

A. Inherently high accuracy and speed independence, in which the absolute scale factor
(580 KHz/MPH) is not subject to wear, track speed (slip and data rate), spatial
resolution/standoff (radar), environmeetg.

B. Continuous, consistent operation over a wide range of track speeds from creep to more
than 100MPH, exceedingnany current technolags used in the railroad environment
(analog/digital tachometers, radar, GPS, etc.)

C. Consistent track curvature measment at speeds at or slower than those possible with
Inertial Measurement Units (IMUs) that are commonly used in track geometry railcars

D. Suitability for autonomous operation in generic revenue service oiphegiision track
metrology applicationgbl], e.g., Autonomous Track Geometry Measurement Systems
(ATGMS).

E. Capability for detecting auxiliary parameters critical to autonomousiation safety
and justin-time maintenance in High Speed Rail Intercity Passenger Traind-or
example, instantaneous curvature, GPS position corredtoraplication such as
Positive Train ControlPTC), and possibly rail conditid®2, 53] and stability.

3. A noncontact, optical measurement technology that uses the following:

A. Energywavelengths at b.um, providing

i. Highest, inherent eysafety
il. Tenthousand times higher spatial precision and speed accuracy relative to radar
iii. Demonstrated performance in rain against wet/iced/snow surfaces
iv. Reduced cost components with increased Mean Time to Failure (MTTF)
v. Functionality in environmentaxtremes as compared with typical laser optics

B. Telecommunications optical fibers with
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Background and Technical Review — LIDAR Technology

i. Flexible, arbitrary mounting locations for easier system integration
ii. Fixed, nemaintenance internal optical alignments
C. Coherent detection, resulting in larger dynamicedi&bn ranges than conventional
intensitybased optical metrology sensors used for rail applicafflsenalting
i. Reduced maintenanedolerance of dirtier lenses and windows, rain, mist, etc.
ii. Reduced diameter optics (4 in) and/or increased naiontact ranges
(millimeters to meters)
iii. Detection of scattered light sensing on all surface materials (rock, steel,
ice/snow, etc.), roughness (e.g., shiny or coarse), and colors (e.g., light or dark)

while rejecting sun or artificial lighting (e.g., headlamps, ¢&5)
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Background and Technical Review—Vi r gi ni a Tech’s LI DAR Applica:

2.5 Virginia Tech’s LIDAR Application

The motivation for developing this system is fiteo the railroad industry a higaccuracy,
nortcontact alternative to wheetounted encoders for measuring forward speed. Virginia
Tech believes LIDAR would also offer a number of other benefits to the rail industry. First,
the noncontact measuremergdture of LIDAR removes speel@pendent design, reliability,
maintenance, and accuracy issues otherwise seen in current tachometers. Second, the system
can operate seraiutonomously in generic revenue service environments, comparable-o high
precision trak geometry applications, such as the Autonomous Track Geometry Measurement
System developed by the FRA6, 57]. Figure 2-5 displays the concept of using LIDAR
sensors for determining rail speed. The Doppler LIDAR serseatached to the underside

of a track geometry car with two laser beams facing the Idftight rails. The dashed arrow
indicates the outgoing LIDAR beam, and the detledhed arrow shows tliemponent of

scattered lighteflected back to the sensors, which detect the Doppler shift for each rail.

Left Lens RightLens

T
04
z
=)
14

Figure 2-5 — Lens placement schematic for measuring speed in a non-contacting manner for railroad
applications

As shown inFigure2-6, the Doppler shift is pagd to a central processing unit (CPU) through a
high-fidelity RF device. The CPU that is usedthis study is a National Instruments (NI) PXI
Computer that can be configured and used for applications such as the LIDAR system. The PXI
computer performa number of tasks in real time, including computing the Fast Fourier Transform
(FFT) of the two LIDAR signals, establishing the left and right rail velocities, and performing the
necessary calculations for determining track speed (based on the averagefgpedwo rails)

and track curvature (based on the speed differdatartedetween the two rails).
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Background and Technical Review — Track Speed Recording
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Figure 2-6 — System-level block diagram of multifunction LIDAR sensors for non-contact speed and complex
rail dynamics measurements

Speed is an analagutputof the PXI computer. The data is stored to a hard drive or-statd

drive (SSD) at a usatefined storage rateeferred to as thdata ratefor the remainder of this
document Beyond trackcurvature and speed determination, the 4postessing of the data
includes a travel distance calculation that can provide the basis for generating a foot pulse, much
in the same form as a conventional enc$88f. The intent of thechematishown inFigure2-6

is to be a direct retrofit for an encoder in a track geometry car, without any changes to other
instruments that use the foot pulse signal as demarcation.

2.6 Track Speed Recording

The analog signal with high ut#itin this application is the speed signal obtained from the rail
Given the longitudinal speed of a rail vehicle, it follows that the relative motion of the rails
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Background and Technical Review — Distance Calculation

provides a representation of the vehicle speed with respect to the vehicle body. Theetudo
signak recorded are given the referencesnesChannel GandChannel 1to represent the analog
and digitalsignak obtained from the left and right rails, respectively. The nomenclature used in
the discrete representation of the data output isliasvi

Left rail speed (Channel Oy, ,
Right rail speed (Channel 1y,

Where the subscrigt serves as a data index reference with maximum v&lughe length of the
data file. The individual speed signals are required for the calculation of track curvature, explained

in alatersection The centerline speed, ,, is considered to represent the speed of the vehicle

tracing the deal geometric centerline of the track. This speed is computed by taking the average

of the two speeds:

Voy == 2-15

The centerline speed is useful for representing the general speedbetdve rail vehicle for a
given test run. More importantly, it is an indication that the LIDAR system has the ability to serve

as an alternative to a traditional whesbunted encoder used on rail geometry cars.

2.7 Distance Calculation

The time and speathta directly available from LIDAR measurements is used to determine spatial
data of train travel. By expressing LIDAR data in terms of distance, the data is suited for
comparison with other instruments which output data in the spatial donfairthermoe, a
distance profile is useful for lokzation of rail irregularities identified during monitoring test runs.
The total distance traveledx, by the geometry car, and of course the LIDAR system, is

determined using the simple phyalicelationship

N N
x=a Dx =a v, @, 2-16

k=1 k=1
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Background and Technical Review — Curvature Calculation

where Dx, is the local spatial step size calculated from the product of the tdisergerlinespeed
data v, , with the corresponding time stefpt, . The LIDAR processor writes data atserdefined

data rate with respect to time, typically on the order of Hz. The independent variable in the
calculation of distance is the train speed. Thedrform of thedistance calculation implies that

the distance increments calculated are dependent on the speed of the train and@ifernofor

a given test with varying speed. This is an important behavior to consider in later analysis included

in this report.

2.8 Curvature Calculation

The modern, conventional way of measuring track curvature is performeeddnsomstalled on

a Hy-Rail vehicle or track geometry car. On the NS 36/38 geometry car, an IMU measures the
yaw rate of the vehicleasitrnaygat es a c ur v e :bodymwounted LIDAR aystdire ¢ h’ s
determines track curvature from thgeedprofiles obtained from the left and right rails. That is,

the speed differential between the high rail and low rail in a curve is proportionaledgiees of
curvature of the track.Figure 2-7 provides a simplified schematic of tlspeed differential

recorded from the left and right rails given a wheelset traveling clockwise through a curve. ltis
easy to infer that the outer rail, or high rail wilgistera higher speed than the low r#il

compromise for the longer distance traveled

V

i

Figure 2-7 — Schematic of the speed differential resulting from curve navigation

During postprocessing, the speed signals obtained from test runs are fed into an algorithm that

determines track curvature. A gendmain of the curvature equation is as follows.

24



Background and Technical Review — Curvature Calculation
W=—"—"G 2.17

where G is an empiricallydetermined scaling parameter that accounts for track gegmetry
primarily gage. The equation is designed to represenh&eftd curves as negative values and
right-hand curves as positive. By plotting the speed profiles of the rails together, tangent and

curved track sections are easily distinguishable. Thatoszero valas imply v, , , v, and

therefore the vehicle must be a piamgent section of track.
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Recording

2.9 Influence of Lens Orientation and Vehicle Yaw on Speed Recording

This sectionfocuses on the formulation of the right lens, however the derivation is edsiyed
to theleft LIDAR lense. Additionally, this is a formulation based on a number of generalizations

and assumptions of car body behavioatigk to the track centerliri8, 59-61].

First, coordinate systenf€S)for a global reference and local car body reference must be defined:

1 Global CS:xyz
o Fixed CS for spatial reference of objects in Global CS

f Carbody: XY Z°,Fq° ©
0 Local CS helpful for analyzing relative kinematics

1 Trajectory (centerline or rail)X'Y'Z"

o0 Local CS to describe the orientation of the centerline and track

1 Rightlens local CSX<"Y<"Z%" (shown later)

Figure 2-8 — Coordinate system configurations for global and local reference
The local coordinate axes of the lens is oriented with respect to the trajectory CS. It is defined by
rotations about each axistbe reference coordinates. The current LIDAR setup orients the housed
lenses 30° about the axis perpendicular to the gage ¥ddea(d 45° about the trajectory axis

(X", along the rail).

26



Background and Technical Review — Influence of Lens Orientation and Vehicle Yaw on Speed
Recording

I: Begin with coordinate systems aligned I1: Rotate lens CS about lateral
|:| Lens A 47
Zt Z C.rl Z C,rl
Yt YC,rI X t Yt q q X !
C,rl
X o ye R o

I11: Rotate lens CS about longitudinal

b Z

Crl
o 2 f
Crl
YC,rI f X

The formulation for this coordinate change, or rotation mairjxis as followg62].

el O 0 gécosg 0 singg é& cosy 0 sing g
_6 < U_€ o ra - u
A, —20 cosf - smfué 0 1 0 U—ésmfsmq cosf - smfcosqu 2-18

g0 sinf cosf g sing 0 cosgy @ cosfsing sinf cosfcosg

This represents a rotation about the lateral direction followed by a rotation about the longitudinal

direction.
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Background and Technical Review — Lens orientation and speed output

The lens can be described to ligparallel with the unit vectorizc‘rI , Which undergoes the
rotation

> coyg 0 sing ranz e sing o
ke =Zsinfsing cosf - smfcosque A smfcosqu 219
g cosfsing sinf cosfcosg pgly Ecos cosg

D

Note this is the same as the unit ve,ctblr, from Eqn.2-11. The component of the motion of the

rail detected by the lens is determined by the inner product of the lens direction vector and the rail

(trajectory) vector.

elg
ke @' = [sinq - sinfcosg cosf cosq]gogzsinq 2-20
€
2.10 Lens orientation and speed output

Car body motion along the rail trajectamplies relative motion of the railsu,‘i‘, Applying this

to Eqn.2-14yields the expression for the Doppler frequency at the detector:

2-21

Given that the rotation abot' is g =30°, theDoppler shiftdetected by the LIDAR system is

given by
_au 6& 1.
_ég/ 8% 2! 2-22
The relative motion of the railsdetectedy the LIDAR system is thus
L
utl_:f_DC";_/_:lut 2.23
2 sing 2
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Background and Technical Review — Lens orientation and speed output

In other words, the speed output is half true speed of the moving LIDAR system. Knowing thi

relationship allows for simpleorrection inpostprocessing.

Introducing car body yaw gives a more detailed description of the component of rail motion

detected by the lens. This involves modifying the rotation matrix to include rotation Zbout

The unit vectork®" takes on the following form.

ecog/ - siny Oge sing g ésinqcog/ +sinf cosgsiny 2
ke smy coy 0 - sinf cosq in gsiny - sinf cosgcoy 3 2-94
g 0 0 1g§ cosf cosg g cosf cosg g

The component of the motion of the rail detected by the lens, giveB80° and/ =45° is

ke @ =singcoy +sinf cosgsiny

—Ecog/ - @sin y
2 4 2-25

a
1
_TCO? +tan

Or\a)gﬁ gl
1533

A large enough yaw of the car bogywill result in a normal configuration between the lens and

rail motion, or

0

ke & ——cog/ - @smy =0Y y =tan 18,2 8_ 0 685rad=239.2% 9-26
4 cV/6 =+
A yaw angle this large diminishes the raibtion component into the lensThe yaw falls into a
linear region of the sinusoidal profile. Further analysis involves a linear fit to this region to
determine a scaling tremdlating car body yaw and speed estimati@iven that vehicle yaw lies
in a very low angle regimenly 2° in extreme casg$3] for steeper curves, the vehicle yaw is not

a concern for a diminishinggnal captured by the lens.
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Background and Technical Review — Testing Schedule

2.11 Testing Schedule

The entirety of LIDAR system tests are summed upablel below. Initial testing was performed on an FRA-Ril vehicle and the
remainder onboard one of two research geometry cars available for revenue service test runs. Travel routesagptegjraate

mileage details are included. The installment configuration of the LIDAR system is given as well.
Table 2 — Complete testing schedule of program to date. Over 6,000 miles have been tested including

LIDAR Approximate LIDAR
Test Platform Route Test Start Date End Date Length Lens LIDAR Beam Comments
Partner : Location
Number [mi] Mount
Test norautonomous
1 FRAR4 | \yestern Maryland Scenic RR | ENSCO | 15Jun2011 | 15Jun2011 4 Truck TOR/Web/Gage | | |nAR (wio encoder
Hi-rail Frame Corner
data) on R4
2 NS 36/38| Hagerstown, MD to Roanoke, VA Norfolk 10-Oct2011 | 10-Oct2011 220 Body Gage Corner LIDAR $ystem (Rev 1),
Southern Mount Testing on Track
3 NS 36/38 Roanoke to Norfolk, VA Norfolk | g Nov-2011 | 29-Nov-2011 500 Body Gage Comer | LIDAR System (Rev 1),
roundtrip Southern Mount Ground Calibration
Roanoke to Bluefield, VA
roundtrip; Norfolk Truck PXI LIDAR (Rev 2),
4 NS 33/34 Roanoke to Norfolk, VA Southern 27 Jan, 2012| 1 Feb, 2012 515 Mount Gage Corner Testing on Track
roundtrip
Roanoke to Narrows, VA
5 NS 33734 | Ft. Wayne to Chicago roundirip] NOTOK |5 o 2012 | 30 May, 2012 470 Truck TOR PXILIDAR (Rev 3),
- hay! cago. P! Southern ’ Y, Mount Testing on Track
Additional testing with NS
personnel
Roanoke, VA tdBristol, TN; Norfolk Bod PXI LIDAR (Rev 3), lens
6 NS 33/34 Additional testing with NS 6 Jul, 2012 | 16 Aug, 2012 4080 Y Gage Corner housing with positive
Southern Mount
personnel pressure added
PXI LIDAR (Rev 3) for
gage corner readings,
7 NS 36/38 Roanoke to Lyn_chburg, VA Norfolk 14 Jan2014 14 Jan, 2014 100 Body Gage Corner/Gage| PXILIDAR (Rev :'L) fo!’
roundtrip Southern Mount Face gage face readings;
fiduciary distance senso
added
8 NS 36/38 Roanoke to Chrls_tlansburg, VA| Norfolk 16 Jan, 2014 16-Jan14 83 Body Gage Corner/Gage PXI LIDAR (Rev 3),
roundtrip Southern Mount Face Walton far end
Roanoke, VA to Asheville, NC | Norfolk Body
9 NS 36/38 roundtrip Southern 22 Jan, 2014 22-Janl4 123 Mount Gage Corner PXI LIDAR (Rev 3)
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3 Hy-Rail Venhicle Testing

3.1 System Setup

A LI DAR system was i n sRaibvkehicle dpem@tad by ENSCO; &hdwas R4
used tacapture speed signals using three system configurations operating in pditadielIDAR

CPU was installed inside the cab and six lenses were installed on an adjustable frame underneath
the truck chassisFigure3-1 shows the different LIDARend andbeam configurations: Top of

Rail (TOR), gage corner, and the web of the rail. Data was taken for each of these configurations
to evaluate the signal quality off the surface of each section of rail, the effect of special track work
on the signaland signal continuity in curves. The beam location tests determined that gage corner

or TOR locations provided good readings and were not adversely affected by special track work.

Figure 3-1 — Different options for beam alignment were tested. TOR, gage face, and web alignments were
compared with each other to select the best performing configuration

Figure3-2 shows aloseup of the LIDAR beam lenses as attached to the R4 chassis. In the upper
left-hand corner, the TOR lens for the left rail is showine web of rail and gage corner lenses
are present in the foreground. All beams are oriented at an angle of l6@8spiect to the forward

velocity of the trairand vary with the rotation about the longitudinal direction.
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Figure 3-2 — LIDAR lens mounting for TOR, gage corner, and web face and fiber routing on the R4

The encoder signal was coll ected by a VT dat a
coll ected by t he, wWiten atevery foa pulsedsensea bypthe ercodére

encoder on the R4 is located on the rear drive axle of the aruttke passenger side (right side),

as shown irFigure3-3. The VT LIDAR computer recorded the LIDAR signal data along with
GPSspeed antbcation. The InertiaMeasurement Unit (IMU) data of the R4 was not recorded.

Figure 3-3 — Rotary encoder attached to the right rear (passenger side) truck axle

The HyRail testing was performed at Western Maryland Scenic Ralshown below ifrigure
3-4. The rail consisted of older joint bars with no continuously welded rail. Aft3€4libration
run was performed to determine if the foata was accuratdt was reported that the observed

encoder accuraay 1 ft. from historical datdfor a 300ft, measuring wheel distance calibration).
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Three track sections were chosen for testing. The first section, used for testing the wet rail
condition, consisted of tangent track. The second test section, chosen to test the curvature readings,
included one lefhand curve, one rightand curve, a level crossing, a steemed bridge, and a

section of tangent track. The final test sectionseim to determine the effect of special track work

on the various LIDAR beam configurations, included a turnout and a level grade crossing.

Figure 3-5 — Water-dispensing system used to wet the rail attached to R4
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3.2 Speed Measurement Results

The following plotsdemonstratea typical speed signal ameésults frompostprocessing to

eliminate temporary signal loss. While not common, these dropouts may occur because of dirty

lenses, improper focal length set up, or special track work (depending on the beam focal location)

[64, 65]. Figure3-6(a)shows a dropout due to a level crossing when using LIDAR beams aimed

at the gage face. Such dropouts, however, can be detected duripgogessing of the raw data,

and the software can automatically correct the data to ensure that no speed infasnagicaand

the speed data remaiogntinuous as shown ifrigure3-6.
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Figure 3-6 — Post-processing of LIDAR speed data. The raw signal (a) is cleaned using a dropout removal
algorithm. The result is shown in (b). An external speed reference source is then used to properly scale the
speeds (c) which is followed by filtering to remove high-frequency content (d).
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Following signal conditioningLIDAR data is superimposed with data from other sensors
capturing speed. Ifigure 3-7, speed data from the encoder, Garmin GPS unit, and the rall
geometry cafoot-pulsedata are used for comparisdfootp ul se data refers to
data output written at each fopulse signaled by the encoder. This data rate can be viewed as a
spatial frequency of 1 cycle per foot or 5280 cycles permiile.e t er m * . foot’ i s u
in plots throughout this reportNote that LIDAR data is written with a temporaeduency,

specifically 20 Hz for the tests presented here.

It is important to note here that due to asynchronousrdsta between the LIDAR system and
geometry car instrumentation, no direct error can be calculated between any two data files. Instead,
data is aligned at which reasonable conclusions can be made about the signals being analyzed.
Calculating distance traveled with LIDAR data is therefore required at times to view all data
sources in terms of distance for comparison (more importantlyg key feature shared with other

rail monitoring sensors). The centerline speed and time output are used to achieve this. Another
option is to use geometry car data to calculate time should time be a more useful parameter for
comparison, as seenfilgure3-7 below. In this case, the distance and speed outputs are used to

formulate a time array.
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data as well as the encoder causes speed error in some cases, seen here
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(c) The start of the test run showing low spatial resolution of the GPS data collected, and oscillations
from the encoder signal

Figure 3-7 — A comparison of encoder, GPS, foot data, and LIDAR speed data vs. time. The first two minutes
of a test run are shown in (a) with a closer view provided in (b). The LIDAR data shows good agreement with
the .foot data and encoder

3.3 Distance Measurement Results

Figure 3-8(a) shows thaffoot pulse datgEncoder + IMU readings) gives readings that agree
closely with the LIDAR calculated distances. ®meodedata, however, is an aliased signal due
to insufficient data acquisition speeds, and therefore has some inaccuracies. Additionally, the GPS

signal also shows distance discrepancies due to signal loss (the Garmin unit is not an IMU).

Figure3-8-b shows a clos@p view of the previous data run from-13.1 seconds. A perceivable

oscillation on thdoot pulsesignal indicates inaccurate distance recording of the encoder system.
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Figure 3-8 — The distance traveled measured by LIDAR, a rotary encoder, foot data, and GPS data (with and
without altitude considered) vs. time

These small oscillations in the distance plot equate to a large variation in speed when compared
with the LIDAR signal, as shown in tigure3-9. This variation is due to the encoder mounting
location on the truck drive axle. On the drive axle with rubber tires, the tire contacts the rail, but

is subject to variation in radius angspension movement that can change the forward velocity of
the wheel, and therefore the rail speed detected by the encoder.
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Figure 3-9 — A comparison of LIDAR, encoder, foot data, and GPS data vs. time show variation of the speed
signal from the encoder. Foot data is provided by the R4 instruments, derived from the encoder and IMU

3.4 Curvature Measurement Results

On the R4Hy-Rail vehicle VT performed initial curvature measurements based on the LIDAR

data as shown iRigure3-10. While no track charts or other typical curvature measurements were
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available to compare with the LIDAR curvature readings, these measurements were compared
with low-accuracy GPS coordinabmsed curvature estimates. Both measurements show
approximate agreement and indicated the potential for using LIDAR for curvature nmeaisis.e

Curvature measurement is explained in further detail later.

Curvature of test track

—GPS

0 50 100 150 200 50 350 ——uDarR

Curve (degree)
o

Time (s)

Figure 3-10 — Initial curvature measurements using the LIDAR system on the Hy-Rail against GPS curvature
measurements

3.5 Wet Rail Testing

Testing was performed to demonstrate LIDAR signal continuity on wet rail, and to quantify the
effect of a wet rail on the LIDAR signal intensity. The watspensing unit shown figure3-11

was used to conduct the wet rail tests. With the R4 at a constant speed, the dry rail was wetted for
a period of time and then the water valve was closed. The LIDAR recorded signal data

continuously on both the wet and dry raiBBvery attempt was made to maintain a nearly constant

speed.
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Figure 3-11 — Wet rail test setup

Figure 20 indicates that the addition of water on the rail did not interfere with obtaining correct,
continuaus speedreadings despite absolute Top of Rail (TOR) signal intensity reduction on wet
rail. Thespeedlid not change despite some changes in LIDAR signal intensity by approximately
3dB. The frequency in the Doppler signal contains the speed informatiotie intensity of the
returned signal. Because of this functionality, beams on polished, wet, iced, ocevened
surfaces still scatter light due to the difference in the Index of Refraction between the air and the
surface, as indicated by the LIBAraw signal in Figure 21.

Test 7, Wet Rail Signal Integrity, Raw Velocity Signals
| |
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Figure 3-12 — A comparison of wet and dry rail speed signals for both gage face and TOR
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TOR Wetting, Raw Signal Intensity, Test 7, 7.5mph
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Figure 3-13 — LIDAR signal intensity signatures are shown before, during, and after the wet rail test section.

The intensity readings exhibit normal fluctuations that are mostly commonly associated with
surface roughness (smoother surfaces result in lower intensity) or beam orientation cdRatees.
that the wetted TOR beam records3dB change in signal intensity, lower than the substantial

changes in signal intensity on dry rail for the gage face beam
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4 Initial Rail Geometry Car Testing

The primary observations and conclusions ascertained duringg LI DAR system’ s

geometry car testing are:

1 The system proved effective in accurately measuring both track speed and curvature on
revenue service mainlines onboard a rail geometry car over several hundred miles.

1 The LIDAR system proved to breore accurate than encoders that are commonly used for
distance measurements, as indicated by the comparison of the two systems in a ground
truth test.

1 The LIDAR system is able to measure track curvatigspite the presence bfgh-
frequency contentess present inlnertial Measurement Unit (IMU) onboard the rall
geometry car. The high frequency content magwed to a wide array of causes, a more
straightforward source beirmgirbody motionduring curve navigatianFurther analysis of
the data (beyonthis study) is needed to conclusively determine the sources of the-higher
frequency content. Filtered LIDAR data matches the IMU data closely. An advantage of
the LIDAR system is that it can measure track curvature at speeds far lower than is possible

with IMUs, and with potentially far higher spatial resolution.

The LIDAR system was installed on a rail geometry measurement railcar for a round of initial
testing. The t e sTade? wateamade passible Aysthe Réseasch and2Testing n

Department of Norfolk Southern.
The primary goals of the tests were to:

Demonstrate LIDAR system capabilities on a weiglided railcar,
Compare LIDAR data with thepseds measured by the encoder signal used on the ralil
geometry car, and

T Gat her data on LIDAR’s ability to measur e
data, in particular in the presence of documented track infrastructure (switches, frogs,

crossings, etc.).

Another round of tests was performed on the same rail geometry car at a later date, mainly for the

purpose of:
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Comparing LIDAR and encoder signal to grotnath distance measurements
Covering significant mileage in order to significgrituild on the total miles of track tested
on the system, and

1 Testing system functionality over longer time periods.

The following section will describe the system installaffaiso detailed i166]), test route, and
distance calibrations, as well as provide a detailed analysis of the test résattSetup and

System Installation

The LIDAR system was bodyounted on the track geometry car as showRigure4-1. The
gage corner beam alignment was chosen for this phase of testing, where the LIDAR beams were
pointed at th@agecorner rotated45° into the gage about the longitudinal rail aarsl30° about

the lateral axisfrom vertical (explained in Sectié10.

Figure 4-1 — LIDAR system installation onboard the rail geometry car

The system installation included a vidaod keyboard interface ported to the inside of the railcar
using the orboard KVM system as depicted ligure4-2. The encoder was mounted on the left

rail of the kad truck middle axle, and its signal was also collected by the LIDAR computer system.
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Figure 4-2 — LIDAR computer installed onboard the track geometry car and linked to the KVM system
4.2 Test Route

Data wasdken along a route from Hagerstown, MD to Roanoke, VA on October 10, 2011. The
same setup was also used roundtrip from Roanoke, VA to Norfolk, VA on November 28 and 29,

2011. During the tests:

More than 300 miles of data was recorded and analyzed
Left andright rail speeds were recorded
Encoder counts were recorded and compared against LIDAR

System groundruth calibration was performed

= =2 4 A4 -2

Inclement weather testing was performed

4.3 Distance Calibration and Measurement Results

4.3.1 Tangent Track, GPS-Determined Distance Calibration

GPS locations were used to calibrate the encoder and LIDAR measuretnenty post
processing. LIDAR and encoder readings on the rail geometry car were compared-omla 1.5
section of tangent track, where the train accelerated from a resting position to approximately 45
mph. The calculated distances were tleemparedo the GPS distance readingBhe distance
obtained from the GPS unit was 7804.0 ft while the LIDARtesy yielded 7768.6 ft (0.45 %
offset) and the encoder yielded 8005.3 ft (2.6 % offséhese value are summarizedTiable 3.

The speeds correspond quite well wille encoder measurementispugh the encoder signal

included a significant amount of signal noise, aslamonstratedn Figure4-3. The encoder

43



distance overshoas attributed to the noise content in the speed signal which directly affects the

speed calculation outpufThe encoder data shown herenstten at a 20Hz sample frequency

(digital counter is sampled 20 times per seconb)pically, encoder data igreprocessewith a
low-pass filtein thegeometrycarsoftware A more detailed analysis of the noise observed in the
encoder data is included in Appendix B
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Table 3 — Summary of distances obtained from the encoder and LIDAR system

Measurement Assumed Calculated
System Parameter Distance [ft]
#38.992
Encoder Wheel Diameter 8005.3
LIDAR 60.288°
Left Rail Incident Angle yeshe
GPS Direct distance from 7804.0
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Figure 4-4 — Progression of the mean and standard deviation of the LIDAR (a) and encoder (b) resolutions
with increasing speed using 10-mph windows. The encoder shows a higher increase in resolution and a
signifcant increase in bandwidth, or noise content, at higher speeds.
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Below are shown histograms and PDFs representing the LIDAR resolution with increasing speed.
The LIDAR system detects changes in speed close to zero, indicating a high resolution, however
the mean resolution is increased due to a concenti@tigireater speed changes at higher speeds.
Additionally, the standard deviatioimproves indicatingthe reduction of noise or variation in

signal content.
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Figure 4-5 — Histogram and PDf representation of LIDAR speed resolution, or speed increment detection
distributions in 10-mph increasing windows.
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The same analysis is applied to the encoder data. It is easy to see a significant increase in speed
increment size, or lower resolution. Furthermore,sta@mdard deviation considerably increases

due to high noise content at higher speeds.
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Figure 4-6 — Histogram and PDf representation of encoder speed resolution, or speed increment detection
distributions in 10-mph increasing windows.
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4.3.2 Ground Truth Calibration

Two groundtruth distance measurements were maslag a measuring wheeear Crewe, VA,
to calibrate the LIDAR and encodefhe two test sections, each 1,000 feet long, were marked for
the calibration runsas seerrigure4-7 below.

Figure 4-7 — 1000 feet being walked out for ground truth calibration run

The encoder and LIDAR distance measurements were scaled to match the initidt ¢ro0ad
measurement. The distance versus time results of this calibration are sHegur&®-8. The
speed measurements taken during the test are shéwguine4-9. While theencoder and LIDAR
speeds correlate closely, the encoder shows more variance throughout the test run. This is likely
due to the mechanical vibration of the encoder (which increases with speed), and the variance in

wheetrail contact mechanics.

Two calbration runs were used to access the greuwnti accuracy of the LIDAR system. The

first run was used to set the LIDAR scaling factors required to convert the raw LIDAR signal data
to the physicaspeedneasurement. The second calibration run was used to assess the accuracy of
the LIDAR system

48



Speed Profile

12 ,
: : Encoder

Y S /4N, | ——LIDAR - Left Rail
- 7 §|—e6PS

Speed [mph]
(-]

0 50 100 150 200
Time [s]

Figure 4-8 — Calibration Run #1: The encoder, LIDAR, and GPS speed profiles are shown. Encoder speed
shows higher variation and a greater speed estimate in the region of top speed. The LIDAR and GPS profiles
show good correlation.
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Figure 4-9 — Calibration Run #1: Total distance traveled computer for each sensor is shown. The greater
distance estimate from the encoder is most likely due to its high variation which produces an accumulating
error in the distance calculation.
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Distance Measurements
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Figure 4-10 — The encoder vs. LIDAR distance measurements based on scaling during calibration from run
#1 (calibration run #2)
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Figure 4-11 — An assessment of the encoder vs. LIDAR speeds during calibration run (calibration run #2)

Table 4

Calibration Run #1

Calibration Run #2

Encoder 1027.2
LIDAR 973.7
GPS 971.4
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4.4  Speed Test Results

Speeddata was collected over several hundred miles while the system was installed on the rail
geometry car. A substantial amount of data was collected for tangent track and curved track in
both dry and inclement weather conditions. The data wasppostsseé and analyzed to better
understand and further develop the performance of the sy$tigme4-12 shows an example of

the LIDAR (left rail signal, same side as eneorhnd encoder speed data across 15 miles of track.
The encoder and LIDAR speeds match closely, with no visible dropouts by the LIDAR system.
The data were compared with each other in order to quantify the performance and capabilities of
the LIDAR systen.

Calculated Speeds vs. Distances
T

Speed (mph)

Encoder
LIDAR (Left Rail)
!
5 10 15
Distance (mi)

Figure 4-12 — The encoder and LIDAR speed vs. distance over a 1.5-mile section of track
4.5 Curved Track Testing Results

As mentioned earlier, one of the primary objectives of this program was to determine the
capabilities of the LIDAR system in terms of instantaneously measuring track curvature. A
significantamountof curves traveled on revenue service mainlines werg/zsthl To compare

the LIDAR lens and beam setup, various curves were isolated and compargedakitthart data
Figure4-13 plots an example of one of these @sya 5.8legree lekhand curve. Virginia Tech

uses curvature units similar to the convention of the standard US railroad system: degrees of
rotationover an arc lengtBubtended by a chord @D0O feet. Each curve was measuusthg

LIDAR speed dataand the average curvature was computed with and without the spline

considered; these measurements were compared with the track chart.
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GPS Position
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Figure 4-13 — GPS position and direction of travel for a 5.8-degree curve

Figure4-14 shows thaunfilteredtrack curvature measurements in a&egree lefhand curve by

the LIDAR system. The system accurately measures the track ceqasurvell as the entry and

exit spiral. The variations that are observed in the signal are most likely duevéoigtienin car

body positionn response to track geometry change throughout the cukugrther investigation

is needed to conclusivelyetermine the source of the variation. For the purpose of this study,
however, one can confidently conclude that the LIDAR system has the ability to measure track

curvature, in this case 5.8 degrees, which is the curvature noted on the track chart.

Curvature vs Distance
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Figure 4-14 — Curvature vs. distance for a 5.8-degree left-hand curve. The negative values imply a left-hand
curve

In addition to studying the curvature recorded by the LIDAR, it is useful to compare the speeds

recorded by the LIDAR system with those measured by the encoder and the GPS during a curve.
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Figure4-15is an illustration of train speed going through thede8ree lefthand curve. During

a curve, LIDAR signals are consistently much smoother than encoder signals or GPS signals. The
encoder signashowshigh variation ¢reater than 0.5 mph from the mean) due to wheel slip,
flanging, and contact point lateral position movement on the rail wheel. Thus, the true speed of
the car is not known during a curve when measuring with a mechanical encoder system. The figure

clearly illustrates the smoothness of the LIDAR signal in comparison with the ersjoekt

The LIDAR system is more precise than encoders and GPS systems. This precision is the result
of the noncontact nature of the LIDAR railheageedneasurements and tfeet that the LIDAR

is measuring both railheapeedsnd reporting the average, centerlapeed
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Figure 4-15 — Train speed signals as recorded from LIDAR, encoder, and GPS sensors during a 5.8-degree
curve show a high variation of the encoder signal due to wheel slip, flanging, and contact point lateral
position movement

Further analysis was performed to calculate the travel distance measured within each curve by
each sensor typdrigure 4-16). LIDAR and encodecalculated distances show a reasonable
agreement within the same &8gree curve, while the GPS calculated distance shows significant

error.
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Distance vs. Time
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Figure 4-16 — During a 5.8-degree curve, the calculated distances measured by LIDAR, encoder, and GPS
systems were compared, and LIDAR and encoder showed good agreement (encoder and LIDAR readings are
essentially overlaid)

This analysis was completed on a total of 28 curves recorded during this test car setup, including
the curve presented above. Each of the individual curves was identified on the track chart for
comparison.Figure4-17 providesan overview of the curves analyzéu;ludingcurvatureratings

documented on thteack chart.

Individual Curves Selected for LIDAR Curvature Measurements
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Figure 4-17 — LIDAR curvature in comparison to track chart
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In addition to comparing the LIDAR track curvature measurements with the track chart, the data

was compared wittMU measurements on the geometry and the speed data compared with that of

the encoder Figure 4-18(@) shows the comparison between LIDAR and railcar IMU

measurements, whiléigure4-18(b) shows the measured speed alttregsame section of track as

taken from the LIDAR and encoder systems. Both the LIDAR curvature and speed measurements

show good agreement with the rail geometry car measurements.
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Figure 4-18 — LIDAR and rail geometry car measurements: (a) curvature, (b) speed

A closeup of the datdFigure4-19) indicates that the LIDAR measurements show more variation

than the rail geometry car measurements at low train speeds. This variation between the LIDAR
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average and maximum curvature readings is attributed to the ability of the LIDAR system to make

measurements at very short intervals on the track. Oneocaide the LIDAR measurements

be instantaneous, whereas railcar measurements are-toevaiddata. It is possible to filter the

LIDAR data to make the curvature measurements smoother. The filtering of the data reduces the

instantaneous measurements whikamtaining the general trend over longer intervals.
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Figure 4-19 — Comparison of LIDAR and rail geometry car data for a 3-mile track segment: (a) track

curvature, (b) speed
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4.6 Inclement Weather Testing

During one of the test days, the LIDAR system went through a significant performance evaluation
as it was faced with heavy winds and rainfall. The system collected data and functioned without
any errors, despite the severely inclement weather. Thebtgss near Crewe, VA in the heavy

rain, with wind gusts as high as 25mph. LIDAR signals were unaffected by the rain, and the

system performance was not degraded during the inclement weather.

Figure4-20andFigure4-21show that the system was still able to measure train speed and distance
traveled ovemr long period with no signal dropouts. The LIDAR data correlates well with the
encoder’s data from the rail geomet rtpwhckr . Tr
the encoder is mounted) is shown, along with the centerline LIDAR data.

Calculated Speeds vs. Distances
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Figure 4-20 — The LIDAR maintained the ability to accurately measure speed continuously through a heavy
rain over a nearly 35-mile distance
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Distance vs. Time
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Figure 4-21 — In inclement weather, the LIDAR maintains its ability to accurately measure distances. Here,
the encoder and LIDAR left rail measurements were 34.136 mi and 34.237 mi, respectively

4.7 Effect of Special Track Work

Although no specific tests were conducteancerning special track work (switches, frogs,
crossings, etc.) using this test setup, there have been test runs that went on for significantly long
distances containing multiple special track work within every niigure4-22 showsspeed data

for a test run just oved8 miles, during which there were no dropouts or any other issues with the
signal. The plot also indicates a slight difference in the total distaeesured by the encoder

and the LIDAR system, similar to what was observed during the gioutidcalibrations.
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Figure 4-22 — Consistent LIDAR signal over an 88-mile stretch including special track work with no dropouts
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5 Semi-Autonomous PXI LIDAR: Railway Geometry Car Testing

5.1 Overview

For this phase of testing, VT introduced new hardware to the system: the National Instruments
PXI CPU with updated software, optics, and RF circuits from Yankee Environn&ysims,
Inc. This system was designed to run in an unmanned mode so that once started, it can collect data

continuously without user intervention for as long as 2 to 3 weeks.

Prior to installation on the rail geometry car, the system underwent eedeichtop tests in
the labto ensure proper system operati@nce installed on the rail geometry car, its functionality

and performance were further tested before it was left alone to operate without user intervention.
Improvements to the system inded:

1 Adaption of polarizatiormaintaining optical components for further improving the
LIDAR signal intensity,

1 Installation of the laser diodes and RF hardware in an isolated chassis in close proximity
to the PXI CPU in order to better protect them frabrations,

1 Increased computational speed of the system, enabling it to sample at more than twice the
recorded data frequency, while performing other tasks such as collecting additional data,
and

1 Use of ruggedized, explosigproof housings for the opticénses to better protect them

from the demanding environment that commonly exists in revenue service.

The second round of tests included a new fleddy system that was built based on the same
principles of the laboratorgrade system evaluated during thitial round of testing.The main
conclusions derived as a result of the extensive-fedting performed with the new system

include:

1 The new fieldhardy LIDAR system worked remarkably well onboard a track geometry car
operated by one of the U.S.lIraads for 5 months and over several thousand miles of
revenue service track, all while operated in an unmanned manner.

1 The LIDAR system proved more accurate than the encoder in gtawthaalibration runs.
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1 The wheelmounted encoder signal is susceptiolesignificant variations (noise) that are
not seen in the LIDAR signal.

1 The LIDAR system is able to measure track curvature on real time, with the same or greater
accuracy as Inertial Measurement Units (IMUs) that are commonly used in track geometry
cars

1 The LIDAR curvature measurements indicated more variation than the IMUs, which may
have been caused by the truck dynamics in the curve, track geometry variations, or both.
Additional studies are needed to determine the exact source of variations, and to assess if
the LIDAR system can be used for track geometry measurements, while simultaneously

measuring track speed aadrvature

5.2 System Installation

The installation oflie LIDAR optics was changed to a truclounted configuration, a departure

from the earlier tests that adopted alwady attachmentas shown irFigure5-1 andFigure5-2.

A frame made of extruded aluminum secured to the truck through redundant fasteners was used to
install the LIDAR optics housingslnitially, the LIDAR lenses wee pointedat the gage corner
(similar to what worked well when the lenses were bogunted), but this orientation proved to

be suboptimal for measuring track curvature, where the truck experienced significant yaw. To
eliminate this problem, the lense&re moved to an alternate configuration in which they are
placed almost directly above the rail (TOR). This orientation proved to be effective for both track
speed and curvature measurements, although it was noisier than thdnaated configuration.

The TOR orientation is shown Figure5-2.
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Figure 5-1 — Truck-mounted LIDAR lenses, oriented toward gage corner. This configuration was later
changed to a TOR-focused setup.

Figure 5-2 — Installation of LIDAR lenses, oriented toward TOR

After some initial validation of the new geometry system onboard the track ggaragtit was
tested unmanned for a period of four months on revenue service mainline. The test (determined by
the track geometry car schedule) included traveling from Roanoke, VA to Narrows, VA in
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Southwest Virginia, then to Fort Wayne, IN and continam@hicago, IL(Tests 4 and 5 ifiable
2).

The installation of the PXI system, the chassis containing the RF hardware and laser diodes, and
the auxiliary laptop usetb remotely access the system is showrdrigure 5-3. By using the
onboard KVM network, one could remotely access and monitor the system through an Internet

connectiom and the auxiliary laptop shown.

%

The KVM network
used to interface
with the PXI

Figure 5-3 — PXI system mounted onboard track geometry car cab
5.3 Ruggedized Enclosures for Optical Lens

Another addition to the system during the PXI testing phase wasdh# hardened, explosien

proof protective housings to enclose the optical lenses. The housing was initially used with its
standard glass window, however, testing revealed that the glass absorbed a significant portion of
the laser light, resulting in redwteignal strength and leading to increased signal dropouts. A
new borosilicateglass was specified and integrated into the housingetter maintairsignal
strength. Laboratory testing showed improvement in signal strength of at least Bigfdre5-4

shows the enclosure after the window modificatibnorder to assess the optics performance and

the optimal housing configuration, the field tests were performed with a glass window anenly

of the two housings. The glass window was left out of the other housing, with the intention being
to compare the signal intensity of the two signals over time. This comparison provides data on the
clouding of the lenses over time due to debris amtaroinant accumulation. The tests proved that

the glass lens can be removed from the housing if positive air pressure is supplied to the housing,

as will be discussed later.
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Figure 5-4 — Ruggedized, protective housing securing the LIDAR lenses onboard the track geometry car
5.4 Test Route

The routes that the system was tested on included:

1 Roanoke, VA to Narrows, VA (early February 2012)
1 Ft. Wayne, IN to Chicago, IL and back (rfti@bruary 2012)

1 Variouslocations on the Eastern seaboard and in the Midwest (February to May 2012)

During the field tests onboard the track geometry caneoessarynodifications or changes were
made to the systerdemonstrating he system’ s dur abiestingtoyerlengd sus

distances and long periods of time, and in various track conditions and inclement weather.

5.5 Test Results

The data collected on revenue service tracks from the Eastern seaboard to the Midwest included
long sections of tangent track, simpledacompound curved track, sidings, switches, and other
special track work. The following sections will provide a detailed analysis of the results from
tangent track and curvature testing. The analysiséesnnd ed t o hi g h &cumtyt t he

satisfactory performance in th@esence of special track work.

5.5.1 Tangent Track Testing

Earlier tests showed that the LIDAR system provides higher accuracy than amdheeéed
encoder when compared with grouindth calibrations $ection4.3.2. To further assess its
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performance, the LIDAR system was tested over numerous tangenseédmnsduring the time
it was installed onboard the track geometry @éasample of tie distance anspeed measurements

is provided.

A 1.3mile section of tangent track that was encountered near Chicago, IL is selBoeeGPS
coordinates, shown iRigure 5-5, indicate the long stretch of tangent track, followed by a left

hand curve, as the train travels Northeast (the direction noted on the figure).
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Figure 5-5 — Geographic profile of a tangent section followed by a curve recorded via GPS

Figure5-6 displays distance traveled vs. time for the rgintd leftrail LIDAR measurements as
well as the encoder and track centerlindt is clearthat the measurements by the encoder and

LIDAR system are nearly identical.
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Figure 5-6 — A comparison of distance vs. time measurements by the encoder and the LIDAR system on
tangent track (encoder and LIDAR are essentially overlaid)

To better highlight the similarity of the measuremehigure5-7 shows theccumulating erran
measured distance between the encoder and the left rail LIDMRiIn, theleft rail LIDAR is
selected since the encoder is installed on the left side of the rail¢eraccumulating error
between the LIDAR and encodéistancemeasurementshown inFigure5-7 is believed to be a
result of slippage that happened at the wheel and veasured by the encoder, as was evident
during the groundruth calibrations.Nonetheless, the LIDAR system is able to provide distance

measurements withigher accuracy, or as accuratelg,the encodeamit.
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Measured Distance Difference vs. Time
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Figure 5-7 — Difference in distance measurement between the encoder and the LIDAR system for tangent
track

Figure5-8 provides a comparison between the train speeds measured by the LIDAR system and
those calculated from the encoder distanmeed]l that encoders measure distance through the
number of revolubns of the wheel, which can be differentiated to calculate $pé&xace again,

the left rail LIDAR measurements are selected for the comparBecause the measurements are

on a tangent track, the right rail and track centerline measurements are expected to be identical to
the left rail.
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Calculated Speeds vs. Distances
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Figure 5-8 — A comparison of train speed vs. distance from the LIDAR system and the raw encoder data on
tangent track

The data presented KFigure5-8 is the raw encoder and LIDAR daita order to enable RTL to

provide a diect comparison between the twdlthough both plots have the same trend, the
encodercalculated speed shows far more kiggguency contentTrack geometry cars commonly

use highly sensitive encoders, capable of generating as many as 10,000 pulseslpervalation

[1]. This high sensitivity makes the encoder output susceptible to increasedsigeablthough

it greatly improves the spatial resolution (accuracy) of the measuren@mtsnon practice is to
highly filter the encoder raw dat aThe em@pddere’
high resolution helps with the abilitg generate fogpulses more accurately.

An additional assessment of the LIDAR speed measurement is m&agune 5-9, where the
filtered data for both rails iso-plotted withGPS data and encodas well astrack centerline
(calculated) measurementsThe encoder and centerline calculated speeds aresdme as

described previouslyA frequency content analysisféigure5-9is completed using a Fast Fourier
Transform (FFTand is presented lppendix D
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Figure 5-9 — A comparison of LIDAR speed measurements with GPS and encoder data for tangent tracks
5.5.2 Curved Track Testing

The ability to measure curvature using thel D AR s wpmeéedeoutpuwas evaluated in a
manner similar to the tangent track analysis discussed in the previous setistnetch of
mainline track with a few right and lefthand curves was selected, as is showhigure 5-10.

Positive curvature indicates rightand curves, whereas negative curvatures arbdatt curves.

A comparison is made between the curvature measurements from the LIDAR system and the
Inertial Measurement Unit (IMU) onboard the track geometry ddre data from both systems
closely match each other, although the LIDAR measurements havdloobuations in the main

body of the curvesThis fluctuation is attributed to one of two sources, or both, namely:

1 The varying truck yaw movement in the curve can change the relative angle between the
LIDAR beams and truck, therefore introducing a vac&in the curvature measurements.

1 The ability of the LIDAR system to measure track curvature with very high spatial
resolution enables it to detect track geometry variations that may exist in chintesthat
an inertialbased measurement system (i.e., IMU) operates based on the lateral forces

generated by the centripetal forces and primarily measures the broad track curvature, not
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local variations in track geometryl.he LIDAR data can be filteretd reduce the effect of
the local track variations in order to put it more in par with the inertial filtering that is
inherently present in IMU, as is donefigure5-12 andFigure5-13 and will be discussed
later.

It is also possible that both factors mentioned above contribute jointly to the fluctuations observed
in the LIDAR data.
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Figure 5-10 — A comparison between the LIDAR track curvature measurements with the track geometry car
(IMU) data

Determining the exact source of the fluctuations is the subject of a fajpostudy that has been
proposed to FRA.Beyond being scientifically intriguing, understanding the main source of the
fluctuations can have significant practical implicationst i§ idetermined that the fluctuations in

the data are mainly due to the local track geometry changes, then it is possible to extend the
application of the LIDAR system beyond track speed and curvature measurements. Such a
discovery will enable the develommt of a multipurpose system that can be used for measuring
both track speed and curvature, and track geometry.
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In order to determine thepeatabilityof the LIDAR curvature measurements, a comparison was
made on the same section of track travelmdwo different direction$§67], as shown irFigure
511

Curvature Repeatability
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Figure 5-11 — Westbound and eastbound curvature measurements

The eastbound and westbound curvature measurershot8 a good correlationwith the
exception of the @legree lefhand curve (at a distance of 3.9 miles) where westbound curvature
measurements are different from the eastbound measuremfersisnilar, but less significant,
discrepancy is seen at 3.4 miles for a shede@ree curve At this time, the source of this
discrepancy has not been conclusively determir@@atrently, the best estimate is that thexse

truck that is on the track geometry car yaws differently during the westbound and eastbound travel,
resulting in a change curvature measurement$his theory, however, is not entirely supported
by the measurements for the rigiand curves and thedegree lefthand curve at the 4mile
marker Further investigation into this matter is necessary in order to detethererror source.

It is believed that this behavior is primarily found in the traodunted LIDAR system with the
selected beam alignmen€hanging the beam alignment or the LIDAR lens mounting to the car

body could entirely eliminate the variationgsdor some of the curves kigure5-11.
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Whereas earlier figures show the system performance over a long stretch of track, the next two
figures are intended to highlight the LIDAR system results in specific cutviggire 5-12 and
Figure5-13 show the speed versus distance traveled in-@&gtee lefhand curve. The spde
differences between the right and left rarid=igure5-12 are further highlighted ifrigure5-13.

This speed differencéemonstrateshe compensation for thdifferent distances that the left and

right wheels travel in the main body of the curdde highrail wheel (in this case, the right side)

must travel a longer distance than the-l@iV wheel (left side).Because ta wheels are rigidly
mounted to the solid axle with no differential rotational velocity, the wheel on the high rail (right

side) must travel faster than the other wheel, as is clearly shdviguire5-13.

The fluctuations observed in the encoder measurements are believed to be due to the wheel
slippage that is on the left side (leail side). Slip occurs since the rotational speed of the two
wheels is the same thiglout the axle even when one wheel (higit) travels farther than the

other wheel through a curvaBothFigure5-12 andFigure5-13 effectively capture this intriguing

wheel dynamidehaviorthrough the encoder data.
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Figure 5-12 — A comparison of LIDAR and encoder train speed through a 3.1° left-hand curve
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Figure 5-13 — Train speed measured by the LIDAR system and the encoder in the main body of a 3.1° left-

hand curve

5.5.3 Foot Pulse Feasibility

One concern for the application tife research results is the feasibility of using the LIDAR

distance measurements as a replacement for the ergadere r at e d

encoder signal is used to drive a circuit that outputs a digitalsignal for every foot of travel

“f oot

pul se

along the track. This signal is used by a variety of track geometry measurement systems on a track

geometry car. A software foot pulse signal was generated to simulate the foot demarcations for

the LIDAR distances traveled. This footmark was comparedthétiootmarks from the encoder

pulses. Figure5-14 andFigure5-15 show a comparison of these two simulated pulses for 50 feet

and 5 feet, respectively.
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Figure 5-14 — Simulated LIDAR foot pulse signal versus encoder foot pulse for 50 feet of travel
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Figure 5-15 — A close-up of simulated LIDAR foot pulse signal versus encoder signal for 5 feet of travel



Figure5-14 and Figure 5-15 shows the foot pulses by the encoder and the LIDAR system to be
nearly identical, with possibly occasidnemall deviations. These deviatiors, however,are
different than the overall accuracy of the two systems that was evaluated during thetgrtiund
calibration inSection4.3.2 The small difference (or jitter) in the foot pulses are caused by the
data save rate of the LIDAR and encoder data on the PXI computer, and not by the inaccuracy of
either system. If theada had been saved at a higher rate, then the foot count jitters would not have
been perceptibleThe error would have been within the total distance difference measured during

the grounetruth calibration runs, i.e., less than 0.4%
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6 Phase | Revenue Service Testing with Car Body-Mounted
LIDAR System

During the previous round of tests, the LIDAR system was trocknted. In order to evaluate
the suitability of a cabody-mounted system and further verify earlier test results, the system
installation vas changed and a new round of tests were performed for nearly 5 months onboard a

track geometry car that was operated on various revenue service tracks.

The primary conclusions reached during these @®tssimilar tothe earlier PXI system tests
discussd in Section5.5. The results confirmed the LI DAR

mounting configuration (carody mounted) and over significantly more milesratk.

6.1 Test Setup

The PXtbased LIDAR system mounting was changed from the truck (previous tests) to the car
body. Recall that the LIDAR lenses were bethounted during the initial round of testing that
included the laboratory grade system, as discuss8dctiord. This round of tests was intended

to repeat the initial tests with a fiekdrdy system over a much longer period of time.

Figure 6-1 showsthe system installation onboard the bady. The lenses were encased in the
sameruggedhousings that were used earliefhe housing cover, however, was modified to
include ametal cover with a cutoua(p p r o x i i@ theeldsgr bearh. These LIDAR housings
were connected to a positive airflow supply to push out dirt and debris from the housing and keep

the lenses clean. A closer view of the housing and air supply is shdugure6-2.

The orientation of the lenses was changed so that the LIDAR beamsdatitite gage corner, as

this orientation proved effective in earlier tests.
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Figure 6-2 — LIDAR lens housing attached to an air supply supplying positive pressure inside the housing

As stated previously, the LIDAR system was tested on a variety of tracks in various locations
during the 5 months that it was installed onboard a track geometry car. A sample of the data has
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been analyzed tdetermine distance and curvaturkdditionally, a preliminary attempt is made

at measuring track alignment from the data.

A summary of the primary findings is presented in the following sections.

6.2 Speed Test Results

The speed data was analyzed and coetpaith the encoder measurements in much the same way
as the earlier testsrigure6-3 shows the speed comparison for approximately 40 miles of travel.
Figure6-4 depicts a closep of the same data over 1 milEhe results ifFigure6-4 re-affirm the

earlier findings in that the speed measured by the LIDAR system is nearly identical to the encoder
measurementsA closer look at the data iRigure 6-4 shows a staistep characteristic in the
encoder data, which may be caused by the differentiation computations (note that the encoder
distance data is differentiated to obtapeed, or the dynamics of the encoder itsélfonetheless,

LIDAR shows a smoother measurement of speed (LIDAR measures speed directly) than the

encoder, although they both follow the same trend.
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Figure 6-3 — A comparison of encoder and LIDAR speed measurements for 40 miles of revenue service track

77



Speed

55 T T
Encoder Speed
54 LIDAR speed H
53
52
g 51 n h AP SN g AR ANASWIN ;._-I,.U | L
E radly |
S 50 | Iy
3 ‘ I_' L e
5} . -
2 [ Wl
D 9N TLEF fs el
gl
48
47
46
45
267.7 267.8 267.9 268 268.1 268.2 268.3 268.4 268.5 268.6 268.7

Distance (mi)

Figure 6-4 — A close-up of encoder and LIDAR speed measurements over 1 mile of revenue service track

6.3 Curved Track Testing

The track curvature measuremewmtsre successfullpbtained usinghe LIDAR systemspeed
output. Comparison witthe Inertial Measurement Unit (IMU) onboard the track geometry car
confirms the ability of the LIDAR system tgerve as a curvature measurement toolarious
degree curves and in real timEigure 6-5 and Figure 6-6 show a comparison between the two
systems over a g (40 miles) and short (1 mile) section of track, respectiviéiyure6-5 shows
that the LI DAR system and quitdsihilas iy sveral myatire me a s ur
detection A closeup of the results ifrigure 6-6 over 1 mile of track further shows that the
curvature measurements by the two systems are nearly ider8icalar to the earlier tests, the
LIDAR system measurements show slightly greater variations in the main body of the curve, which
requires further evaluationThe source of the variations may be the lmady dynamics in the

curve or variations in traceometry. Proving that the variations are due to the track geometry is
significant because it allows the LIDAR system to simultaneously be used for track speed and

curvature measurements dodhermorefrack geometrnassessment
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6.4 Individual Assessment of Left and Right Rail Track Measurements

The rail geometry car measurement systems can be used to individually measghs el left

rail curvature. For this calculation, the left and riglhgnmentmeasurements are overlaid on top

of the IMU curvature data to produce individual curve measurements for the left and right rail.
The alignment measurements presented iieéee to a style of curvature measurement using chord
length data. That is, the curvature of the track is determined by observing the deviation (alignment
offset) of the track from a reference string line 62 feet in lengtie onboard sensors use wisat i
essentially a digital form of this chord measurement through proper filteFagevery inch of
separation between the reference rail and string midpoint, the track is rated at 1 degree of curvature.
Figure 6-7 shows the LIDAR arvature and the IMU alignmemfata. The LIDAR data shows
similar osdlations to IMU alignments thougthe curves are not an exact mat@le discrepancy
between the LIDAR and these alignment readingy bedue to the fact thaheIMU used on the

track geometry car measures alignment in a different manner from LIBJSR.the LIDAR result

only consists of one line for the right andtledil alignment, generating variation between the
LIDAR and IMU data
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Figure 6-7 — A comparison between LIDAR and IMU alignment measurements on approximately 1 mile of
revenue service track
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7 Phase Il Revenue Service Testing with Car Body-Mounted
LIDAR System

7.1 Overview

Three primary tests are carried out on local revenue service track for distance calibration, ground

truth curvature measurement, and LIDAR syspErformance tests on an operating geometry car
operated by Norfolk Southern. The distance calibration tests involved ghathdlistance
measurements followed by optical sensing of spatially distributed landmarks from a moving
geometry vehicle. The ppros e of this test serves to <cali
dependent distance calculation and to assess the accuracy of the LIDAR measurements. The
ground truth curvature measurements are carried out by manual stringline tests for a set of 6
selectedc ur ves. This set of curves is used pri ma
accuracy in measuring curvature. Comparison with ground truth curvature increases the fidelity

of genuine curvature estimation, as opposed to comparison with IMU cervdats which

presents its own inaccuracies in measurement. The LIDAR system collected data over several
trips made by the geometry car. In addition to speed, distance, and curvature data, an additional
pair of lenses added to the system captures thedmdal motion of the rails relative to the forward

motion of the train car. This information provides gage variation characteristics of the railroad.

The data provided by the LIDAR system are compared with readdiyfable information from

the rail monioring instruments for comparison of accuracy in detection. The previous LIDAR
program confirmed the ability of the LIDAR system to collect data over extensive mileage on
revenue service track. The current program puts a focus on the accuracy of ijfle fmulttions

of Doppler LI DAR based on information coll ect e

track.

The test results indicate that the LIDAR system can 1) measure distance traveled with high
accuracy, confirmed by groustduth referencelata, 2) utilize speed data to accurately detect and
measure curvature, 3) capture gage variation, or alignment, of the rail, and 4) successfully serve

as a footpulse demarcation device for spatial representation of railroad infrastructure. This feature

of the system has been successfully i ntegrate

counter signal.
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7.2 Significant Findings

The significant findings of this study are

1 An optical sensor can be added to the LIDAR system to provide fiduciary distanc
calibration data.

1 The LIDAR system is able to accurately capture train speed with comparable results to that
of the wheelmounted encoder and dooard GPS units.

1 The LIDAR system is able to provide speed data that allows for calculation of track
curvatue in a norcontact manner. Degrees curvature is successfully reproduced by means
of separate longitudinal speed behaviors of the low and high rail wheels, differing from the
yaw rate detection of the IMU. The high accuracy of speed data collectiorssitige
curvature data from the LIDAR system is high in accuracy as well.

1 Curvature measured by the LIDAR system shows a close correlation with ground truth
measurements containing high variation in alignment, or discontinuities in the curve
profile. Thisvariation is an attribute to induced daydy motion observed throughout a
curve.

1 The LIDAR system can measure both track speed and curvature at train speeds as low as
0.5 MPH, far below that possible with the IMUs that are currently used in track
measurment railcars.

1 The track speed measured by the LIDAR system can be converted to provide a TTL foot
pulse, similar to the whe@hounted encoder, which is communicated with the geometry
car foot pulse detector.

1 The LIDAR system installation onboard a trackogetry car requires little to no
maintenance during travel over hundreds of miles during revenue service tests. Fhe body
mounted frame has shown to be robust and requires no intermittent adjustment during tests.

The lenses measuring train speed do equire cleaning due to protective housings.

7.3 Project Tasks

The completion of this phase of testing is defined by the four major tasks assigned to this study.
They involve accuracy assessment, track geometry identificatioriat@otiata implementation,
arnd comprehensive system tests. The tasks are defined here.
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7.3.1 System Accuracy Assessment

Assess the accuracy of the LIDAR system against extended ground truth andosthalrt
curvature measurements to demonstrate that the LIDAR system is at least as asctiate
tachometer and Inertial Measurement Unit (IMU) that are commonly used in track geometry
systems. Our initial assessment of the LIDAR system that has been designed for this program
indicates that it is more accurate than both the tachometer andiévides. The measurement
accuracy of the system, however, needs to be further verified. For this task, in collaboration with
NS, we intend to perform the following subtasks:

A. Perform a system calibration on a stretch of tangent track (commonly-R0UDftof
measured track) where the accuracy of the LIDAR system is checked against each
other, using the known track length. The track length is measured and marked with a
measurement wheel or other measurement means, independent of either system that is
beingcalibrated. This method is commonly used for calibrating tachometers that are
used in metrology cars. NS has extensive experience with this type of calibration testing
and will provide the assets needed for the testing. The tests will occur near Roanoke,
Virginia, if possible.

B. Compare LIDAR track curvature measurements against -sboitl length
measurements, in order to provide a comparison with a measurement that has more
curvature spatial fidelity than IMU. The comparison of the LIDAR curvature data wit
IMU measurements shows good agreement between the two. The IMU measurements,
however, is limited to the general trend of the curve. It cannot measure any local
deviations that may exist in the curve. A higher resolution method of measurement is
needed t@ssess if the spatial deviations that are observed in the LIDAR data have any
correlation with the track geometry deviations in the curve. The -shortl

measurements will provide the means for such a direct comparison.

7.3.2 Track Geometry Measurement Application

We have already performed an extensive amoun
capability for measuring true ground speed and track curvature. This task will exclusively
concentrate on determining the dkbgebmeRy siches em’ s
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alignment, profile, and crosslevel. The test results in Task 1 will be vital to carrying out this task.
The shorichord measurement of the track curvature, for instance, will include the track gage
variation or alignment deviations. @paring that data with LIDAR data from the same sections

of the track will allow us to assess the accuracy of the measurements (Task 1), but also evaluate
the system utility for track geometry measurements. The subtasks that we will perform will

include:

A. Determine what aspects of track geometry can be measured with the existing-velocity
based system, using the field data from the tests that we have conducted during the past
few months. Use of AM/CW ranging techniques for measuring absolute gage will be
investigated as a modification to the existing velocity based fiber systems. The existing
fiber circuit topology and electronics are suited to such modifications.

B. Compare the LIDAR data with measurements made in Task 1 to establish the system
utility and accuacy for the track geometry measurements deemed feasible in Subtask
2-A.

C. Make recommendation to FRA on system modification necessary for measuring all
aspects of track geometry.

D. Communicate findings with FRA and NS.

7.3.3 Foot-pulse Demarcation

The current geomet measurement systems are based orf@otedemarcation of the measured
data. The 10,006iz encoder is used to generate a pulse for every foot of forward travel. The foot
pulse demarcation is used to determine the spatial position on the track. Thesydteta is
“zeroed” every so often, say every 2000 feet
measurements in sync. This task aims to modify our current LIDAR system to do exactly the same,
such that the LI DAR syst eimplaceafithe mehometeresignaldos *“ p |

geometry cars. The specific subtasks will include:

A. Design a simple analog/digital circuit that generates the foot pulse. Bear in mind
that the LIDAR system measures speed, as opposed to an encoder that measures
wheel rotation, and therefore distance traveled. The analog circuit will include a
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clock that wil allow us to convert instantaneous speed to distance (recall that
distance sspeedx time).

B. Test the circuit in SubtaskA in the lab and correct any deficiencies.

C. Prepare the circuit for field testing and implementations in the PXI system running
onboad the NS 36/38 geometry car.

D. Communicate findings with FRA and NS.

7.3.4 LIDAR System Trial Runs onboard Geometry Cars

Upon successfully completing Task 3, we intend to replace the encoder signal with the LIDAR
signal as a direct retrofit. This will be donetially on a trial basis, during a short run, and

eventually on a more permanent basis. The subtasks that we intend to perform are:

A. Perform a trial run with NS 36/38 or on one of the FRA geometry cars. Substitute
the encoder signal with the LIDAR fepulsesignal and run the track geometry in
a trial run for a sufficiently long distance, say 10 to 20 miles.

B. Upon successfully completing Subtaslid4consider replacing the encoder signal
with LIDAR signal on a more permanent basis, on board one of the ggaraetr
(FRA”s or NS 36/ 38).

C. Communicate findings with FRA and NS.

7.4 Testing Setup

The preceding LIDAR program proved the feasibility of LIDAR technology in measuring track
speed and curvature in a Roontacting, serautonomous manner in revenue servicis Tvas
completed between VT, FRA, and YES.

The program further investigated the accuracy of the LIDAR system in measuring speed, distance,
curvature, and alignment variation of revenue service track. Ground truth measurements were
performed for obtaininglirect comparisons with LIDAR distance and curvature measurements.
The program also implemented an optical sensor for tracking fiduciary distance measurements
used for calibration as well as a fgmilse generator based on instantaneous LIDAR speed data.
The testing was performed by VT in collaboration with YES and NS on a track geometry vehicle.

The primary tests were performed in tandem with routine operation of the NS geometry car with
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exception to the repeatability tests performed along the distatibeation track section and an

encoder emulation test with the VT foot pulse generator. One test run of the LIDAR system was
performed urattended by the VT group, collecting data over 120 miles, with attention from NS
personnel for only powesn and Butdown procedures. The latest test with the geometry car
served to run the VT foqiulse generator integrated with the NS system for producing a speed
estimate in the same manner as the wheminted encoder. The test runs for this program are

fewer than that of the preceding program, however more focus was given to test the latest hardware
additions to the LIDAR system and analyze dat
The successful completion of the tests was an important parwmidingdata to support the notion

that LIDAR technology provides higaccuracy utility in rail monitoring procedures. The results
strongly suggest VT's LIDAR system is compar
currently used by the U.S. railroads speed, distance, alignment, and curvature measurement.

7.5 Accuracy and Precision of Measurement

The high accuracy of the LIDAR system can be defined by the rate at which the raw, analog
Doppler signal is captured. The PXI system writes to a data file Biz2dhd the PCI system

writes at 10 Hz, or time steps of 0.05 s and 0.1 s, respectively. All measurements provided by the
LIDAR system including signal intensity, raw curvature, GPS data, and encoder speed, are written
at theselata ratesand define theasolution at which speed, distance, curvature, and gage variation
are analyzed. On the order of MHz, the LIDAR system estimates the speed of the train by sampling
a lowpasdiltered analog Doppler signal rated at 579 kHz/MPH. The PXI processor primarily
used for train speed analysis samples the Doppler signal at 50 MHz d@n@ltkgstenused for

gage variation measurement samples at 5 MHz. The processors determine a peak Doppler
frequency over a specified number of averaged FFTs which correspongsetdarsMPH. The

number of FFTs averaged determines the rate at which the data is written to a file for storage.

7.6 Temporal Accuracy

The foundation of speed measurement accuracy and thus distance and curvature accuracy is
dependent on the tireased data dput of the LIDAR system. The processor clock time, written

at a data rate at which the LI DAR system’ s aux
the inherent accuracy of the system. iliflyhi s an
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of maintaining a nominal time step in recording data. The accumulation of inconsistencies in step

sizes results in a deviation from ideal models, or theoretical calcul@fpns

The time data written by the PXI is looked at clos&lyobserve variation in time step size
compared with the nominal step size. Given that the data rate is 20 Hz, the nominal time step size

is 50 ms. Variation from this time step size is inevitable due to internal noise in the processing
system and conbutes to error in tim&lependent calculations such as distatégure7-1 shows

the array of time steps recorded by the PXI with a reference line on the néGiimaltime step.

The plot reveals a few interesting behaviors of the processing system. First, the time step falls
primarily into one of 6 valwues in close proxi
indicate the system has an inherent acguedovhich data is written. Secondly, the density of

data in each time step value decreases as the variation fromontiveal step value increases.
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Figure 7-1 — Time step offset from the nominal 50-ms data rate (20 Hz)

Finally, the time step might be relatively large and lie in an outlier region. This is clearly visible
in Figure7-2.
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The speed profile produced by the LIDAR system, given the sampling configuration described
earlier, exhibits an eastHyeasureable accuracy for speeds below 30 MPH and a much finer
accuracy for higher speedsigure7-4in the next sectioshows a centerline speed profile obtained

by taking the average of the left and right rail speeds recorded by the PXI systemaxifiésx

the index array of the data file to shdvetspeed data in its raw form. The clock time array is used
with the centerline speed arryobtain distance informatiorin the figure, a sample of the speed
profile is blown up to show the discrete nature of recorded speed from-2&& MPH range.A

closer look at the step size of the data along the speed axis gives more information about the

accuracy at wich the speed data is recorded.

7.7 Speed Measurement and Accuracy Assessment

As previously described, the LIDAR system measures the speed thihmdy recording the

motion of the rails relative to the traveling car body at a fixed frequency. Accuracy assessment of
recorded speed is essentially based on the sampling rate and data averaging performed by the
LIDAR processor to produce the datapmutt It is important to cover the conditions with which

speed data is processed as it defines the performance of the LIDAR system.

7.7.1 Low-speed Measurement
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Figure 7-3 — A segment from a field test where the train came to a stop twice (a), giving the opportunity to test
low-speed sensitivity of the LIDAR system. The first and second stops, (b) and (c) are shown and
demonstrate the ability of the LIDAR system to capture speeds as low as approximately 0.1 mph.
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7.7.2 Accuracy of Speed Capture
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Figure 7-4 — Centerline speed profile recorded over an hour of travel time. The inset on the plot shows the
discrete nature of speed detection for speeds in the lower 20 mph range

Accuracy of speed capture is related to the speed resolution recorded by the system, namely the
value Dv between any two consecutive speed readifggure7-5 shows a closer view of theset

from Figure7-4. The discretéorm of a speed profile igery apparent and easily measuredibie
resolution Figure7-6 shows a comparison with the encoder signal sampled by the PXI processor.
The accuracy of the encodier0.300mph for the speed range shown, from 24.4 to 26.4 mph,
almost 3fold below LIDAR accuracyf 0.113 mph.lt is important to note that the PXtocessor

records encoder data at the PXI data rate (20 Hz) rather than thmife®trate of the NS system.
Thisdoes not allovior direct comparison between encodpeed data and LIDAR speed data, yet
individual results such as resolution may be @atad against each other.
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Figure 7-5 — LIDAR speed accuracy shown over a 70-s travel segment. The accuracy is revealed when the
data is viewed with discrete data points
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30 mph range. This bavior is directly noticeable when viewing centerline speed data (the

average of the two speed signals) that passes over this speed band. That is, the discrete steps along

the speed axis decrease in size into much fineruniform step sizes indicating transition to

higher accuracy.Figure 7-7 provides an example of centerline speed data transitioning into the

high accuracy speed band. The accuracy shown psdyiouFigure7-5 is more clearly seen in

the lower speed band in the figure below. The accuracy of speed detection increases as the speed

transitions into the highespeed band.
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An alternative perspective is to look at the overall speed profile and observe how the speed changes

along consecutive data points. Observing the change in speed between consecutive data points,

|Vi: - Vi |, in a given speed range lends detai

t he

magni tude

of t he LI

for that range Figure7-8 shows a speed profile of the geometry car for over an hour of travel time

and the change ispeed recorded for each consecutive data point. For speed regions below 30

mph, the Speed Difference plot has an apparent separation of speed changes detected, or two

possible step sizes between two consecutive speed readings.

The lower speed difference

correspond to the horizontagionsin the discrete speed profile (refeRigure7-5) and the larger

differences correspond to each step to the next higher er kpeed detected (recall that this plot

shows the absolute value of the speed change). The clusters of speed difference outliers in the

high-accuracy region will be discussed shortlyigure 7-9 providesa closer look at the speed

profile and corresponding speed step changes showigure 7-5. The transition in speed

detection resolution is apparent in this figure as the train accelerates from below 30 mph into a

higher speed region. In addition to the higher accuracy obtdiimext@ased speeds, the maximum

step change is also reduced slightly to just under 0.2 mph, or 0.3 fps. Further investigation will

show how the accuracies inherent to the processing system produce this behavior.
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Figure 7-8 — Speed profile of test trip with the corresponding step in speed change between two adjacent
speed readings
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Figure 7-9 — Close-up view on the speed profile and speed difference plots, both plotted with time. The
separation of data in the first half of the speed difference plot implies a lower accuracy of speed estimation

It is appropriate here to investigate the accuracy of the LIDAR system across the range of speeds

it measues for a given test runFigure7-10s hows a pl ot comparing the
resolution in detecting speed changes, with respect to the track speed ddtketagpearance of

a dual speedifference profile is immediately noticeable for speeds under 25 mph followed by a
transition spanning a #@ph speed band into a much finer accuracy. The accuracy above 35 mph
becomes difficult to assess visually, howewer a qualitative basis it is a clear indication of

substantially higher resolution of speed changes recorded.
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Figure 7-10 — Speed difference vs. time plot showing the accuracy of recording speed as a function of forward
translational speed of the train

Under 35 mph are visible higiensity clusters of speed difference estimations, a direct indication

of high-accuracy behaviorelative to the local data. This is a result of a number of factors, the
first being the amount of data in that speed region available in a given data set. It follows that
more data collected at a given speed will produce a higher concentratiomwiatiém to analyzed

system accuracy. One way to obtain higher concentrations of data at given speeds is to travel at
constant speed, ideally maintaining changes in speed below the accuracy at which the system
detects these changes. Referring agakigare7-10, both channels record a speed of 13 mph at

a higher accuracy than surrounding, local speeds. Closer inspection of the speed piigfilesin

7-4 shows a region of constant speed at 13 mph, as showgure 7-11. The pla shows a
duration of14 seconds of travel at 13 mph, a relatively long duration of travel at constant speed

compared to the train’s overall speed profil
maintains a finer recording accuracy and thus accumulates a dighsity of data.The scatter
along the constant speed interval is attributed to any combination of irregularities of the rail, track

infrastructure components, and unwanted noise from system vibration.
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LIDAR Speed
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Figure 7-11 — Region of constant speed travel which is attributed to the increase in data seen in Figure 7-10

As mentioned above, an additional trdvution to highdensity regions for speeds under 30 mph

is the amount of time the geometry car spends traveling within a particular speed band. For
instance, irFigure7-10there is a visibleoncentratiorof data in a speed band of approximately

23 to 25 mph. It can be assumed that the train spent a relatively large amount of time traveling at
these speeds recordingpigheramount of information. This is confirrddoy viewing a histogram

of the speeds recorded, rounded to the nearest nipbure 7-12 clearly shows a higher
concentration of speeds recorded from 23 to 25 nipie. data suggests the LIDAR system is able

to produce more accurate data given longer intervals of travel attamoszeed68].
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Figure 7-12 — Histogram of train speeds recorded over test run. Regions of high frequency indicate a
tendency of the train to travel within those speed regions
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Closer inspection ofigure 7-10 showing speed estimation accuracy reveals an interesting
behavior of the processing system in measuring sgegdre7-13throughFigure7-18reveal the

increase in accuracy of recorded speed at higher speeds. The data shows a transition into a less
finite speed approximation, or higher speed recording accuracy, as trackppesathes 50 mph.

The signals obtained from both channel 0 and channel 1 are shown separasely figure but

aligned with respect to speed data.
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Figure 7-13 — Independent representations of speed accuracy for channel 0 and channel 1, the left and right
rail recording accuracies, respectively
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Figure 7-14 — A closer view at a 2-mph speed region centered on 10 mph. The dense regions of low speed
difference are bounded by small clusters of higher speed difference outputs, a result of inherent processing
behavior from the PXI
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Local Speed Change vs Speed
Channel 0 (Left Rail)
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Figure 7-15 — A closer view at a 2-mph speed region centered on 20 mph. A higher spread of speed difference
data is visible in the channel 0 output while channel 1 maintains the accuracy as seen in the lower speed
region
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Figure 7-16 — A closer view at a 2-mph speed region centered on 30 mph. Both signals exhibit a higher spread
of data, with channel 0 increasing to a much higher accuracy region
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Local Speed Change vs Speed
Channel 0 (Left Rail)
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Figure 7-17 — Speed difference data over a 2-mph speed band centered on 40 mph. Both channels exhibit a
significantly higher recording accuracy. The high density in this region is also owed to the train traveling
primarily in this speed region
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Figure 7-18 — Speed difference data around 50 mph. Both channels exhibit high accuracy recording with a
lower density due to less time traveled in this speed region

Figure7-19 andrigure7-20 show the progression of the mean resolution in-enfy@ window for
increasing speeds up to the maximum speed recaog@t testingor LIDAR data and encoder

data, respectively Note the mean resolution increases slightly, however the standard deviation
decreases indicating a loss of noise or variation, a desirable performance characteristic of the
LIDAR system. The man resolution and standard deviation of the encoder increase significantly,
indicating the presence of high variation, or noise content at increased speeds.
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Av Histogram
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Figure 7-19 — Progression of LIDAR mean resolution and standard deviation with increasing speed in 10-
mph windows. The resolution increases slightly, however the standard deviation decreases considerably,
indicating an increase in precision, or less noise
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Encoder Av Histogram
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Figure 7-20 — Mean resolution and standard deviation of encoder speed data for increasing speed intervals.
The mean resolution increases considerably as does the standard deviation, indicating significant variation
development with increasing speed.
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Figure7-21 shows the same progression of mean resolution and standard deviation with varying
evaluation speed intervals. This was carried out to observe howrte#vpe mean and standard

deviation vary with changing evaluation lengths. The data show the same general progression as

concluded in the previous figures.
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Figure 7-21 — Progression of the mean resolution and standard deviation with increasing speed, for varying
speed increments. The increase in mean resolution of the LIDAR system (a) is considerably less than the
encoder (c). Standard deviation decreases in LIDAR data (b) while encoder data shows a significant increase
(d), which correlates to the amount of noise and variation in the signal.
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7.8 Distance Calculation

It follows that larger values of speed or time step increments result in higher calculations of
distance.With the time step in the data at a fixed 20 Hz (50 ms), it is expected that the magnitude
of each spatial step is proportionally related to the local spegdre 7-22 shows the size of the

spatial step determined by the instantaneous speed measured and the corresponding time
increment.

Spatial Sample Interval vs Speed
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Figure 7-22 — Distance step vs. speed relationship with the data time step as the scaling factor. The slope is
expected to be approximately the inverse of the data rate of 20 Hz, or 0.05 s

Theoretically, the data should follow the linear relationship
Dx =Dty =0.05sQy

whereV is converted to fps from the original mph output units. Applying a trend line to the data
reveals the deviation from the theoretical time step scaling of speed to obtain distance. The trend
line equationindicates atime step of approximatel$0 mswith a negligible DC offsetan
indication that an even distribution of time steps exists around the nomkunas Sitne step, or

data rate This is proven by converting the coefficientthe regression equatiomto the orrect
units:

0.0737¢sCxt / s| A5/ 2(mi- s)/(ft - h)] = 0.05sCh/ mi,

which is then multipled by in mph to obtain a constant with the value 0.05 s.
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The outliers are attributed to internal noise of the system, occasionally causing large
inconsistencies in timestimation though induced error from these are minimal due to the

relatively low concentration compared to the rest of the data

Closer inspection oFigure 7-22 reveals the effects of time data accuracy on the calculation of
distance traveled. With exception to the outliers, the spatial increment &&garna7-23 visually
represents the accuracy at which distance is calculated. The 6 possible estimations of a particular
step size, appearing here as unique linear trends, grow apart with increasing speed. This behavior
is unlike the time step data Figure7-1; in this instance, the 6 most frequéinte steg arethe

slopes of each linear trenth Figure7-23. Higher values obt will produce a line with a greater

slope, thus creating the spreading relationship among the 6 treffigsiia7-23.
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Figure 7-23 — Close-up view of the possible time step values based on speed. Multiple time step values are
possible for a particular speed, as the plot shows. Two outliers are visible before the 42.5-mph mark

Given that the time data exhibits a bias toward values above the nominmad &e step, it is
expected that spatial step data will show a slightly higher estimation than what would result from
Dt =50ms. Given that the trend line igure7-23 implies bt =50 ms, the spatial step estimation

should average out to this ge&al scaling factor, or slope.
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7.9 Curved Track Testing

7.9.1 Ground Truth Measurement

A series of six curves between Roanoke and Bedford, VA is designated as a ground truth curve
section over which LIDAR curvature estimation is analyzEBayure7-24 below shows a map of

the curve sections measured and traveled through during LIDAR system test runshohid

offset measurements are taken along these cumngsh provide curvature, or alignment data for
comparison with LIDAR curvater data. These shechord measurements are taken at specific
sampling intervals to reveal information such as instantaneous alignment changes which induce
car body motion throughout the curve. One can think of siimtdmeasurements as a mapping

tool for curvature irregularities in addition to determining the general curve trend. Results from
LIDAR curvature comparison with ground truth data suggest the LIDAR system is sensitive to
instantaneous curvature changes and contains information about canbtdly in addition to

recording general curvature data.

Y Roanoke,
Bedford,
d

7

w’

Goo§le earth

989 ft. eye alt 16727 ft

Figure 7-24 — Satellite view of the curves designated for ground truth analysis

Providing track curvature measurement is another primary goal for the program. Doppler LIDAR
is strongly believed by VT to be a reliable source of curvature measurement. Curvature analysis

is focused on a series of curves that has been designated as a test section over which calculation
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of curvature is compared with shatiordground truth measurement. The series consists of 6

curves between Roanoke, VA and Bedford,, Which were profiled with B-foot shortchord
measurements at specific sampling intervalable5b el ow det ai-l suttihec drgv e
dedicated to investigating LIDAR accuracy analy3f€ith the exception of two grade crossing,

the curve sections are clear of any railroad structures (switches, frogs, crossings, etc.). The second
and fourth curves, shown in the table below, both consist of one grade crossing at some point along

the curve.

Table 5 — Basic information on the 6 ground truth curves in this study. IMU curvature values are given to
provide railroad-rated measurements

C Degrees Orientation wrt Sampling Interval  Spatial Frequency
urve  Curvature .
(IMU) Westbound Travel (ft) (cycles/mi)
1 3.2 Right 7.25 728.28
2 2.1 Right 15.5 340.65
3 2.0 Left 7.25 728.28
4 2.2 Right 15.5 340.65
5 2.3 Right 155 340.65
6 2.5 Right 15.5 340.65

The geographic profile of test ruissrecorded by an auxiliary GPS unit to the LIDAR system as

well as the geometry car GPS unit. For a given test run, the LIDAR GPS profile of the service
route traveled serves as a tool for identifying curve sequences for spatial reference in the curvature
data. Figure7-25 shows the test route recorded by the LIDAR GPS and geometry car GPS units.
The ground truth curve test section is highlighted showing its location along the complete route

and the six curvewithin the section.
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Figure 7-25 — GPS geographical tracking of test run as recorded by geometry and LIDAR system

The following sections present analysis of curvature measurement using Doppler LIDAR

technology with reference to ground truth data.

7.9.2 Application of stringline measurements

Recording groundruth measurement at a high enough sampling interval provides data that can be
compared with curvature data taken from measurement devidesaot atack geometry vehicle.
Figure 7-26 depicts the VT research team working with NS personnel to manually lay out track
sampling intervals for stringline measuremenEgure 7-27 through Figure 7-32 provides the
curvature measurements taken over each of the six groundctnutbs listed inTable5. It is
important to note that the curvature plots shown in this report are not representative of the
geographic profile of the curve. The curvature values on theérglmate the magnitude of the

track curvature but do not depict the geographic outline of the curve itself.
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Figure 7-26 — The VT research team and Norfolk Southern personnel work together to complete a lengthy set
of stringline measurements

3.2 Right-hand Curve

T T T T

3sf e wi . ]
oo v oo
..
3k . - |
o 25 - g ]
g . .
> - o e
5 . -
> 2 -ee . ]
2
= - = .
(] .
g 15+ .- - -
o - -
5 .
(4] 1~ - - -
[a) .o
-
051 - . 1
. .
- —
. -
o . — 4
195 19.55 196 19.65 19.7
Distance [mi]

Figure 7-27 — A 3.2° right-hand curve measured at intervals of 7.25 feet. Variation is visible between the
19.5- and 19.55-mile marks. This is expected to show up in the LIDAR recording of the curve
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2.1 Right-hand Curve
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Figure 7-28 — A 2.1° right-hand curve measured at intervals of 15.5 feet. Variation in the main body of the
curve is revealed by discrete, unfiltered measurements
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Figure 7-29 — A 2.0° left-hand curve measured at intervals of 7.25 feet. The main body of the curve seems to
increase in magnitude with increasing distance. The average of these values determine the main body
curvature

108



25

15

051

Degrees Curvature

-0.5

.

T

2.2 Right-hand Curve

T T

c r c c

c

c
213

21.32

21.34

21.36 21.38 21.4 21.42 21.44
Distance [mi]

21.46

Figure 7-30 — A 2.2° right-hand curve measured at intervals of 15.5 feet. The main body of the curve contains

high variation in alignment which contributes to car dynamics in the curve
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Figure 7-31 — A 2.3° right-hand curve measured in intervals of 15.5 feet.

little variation

The curve is relatively smooth with
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2.5 Right-hand Curve
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Figure 7-32 — A 2.5° right-hand curve measured in intervals of 7.25 feet. High alignment variation is seen at
the start of the main curve body. Results shown later confirm this alignment is responsible for the car body
motion observed in the curve

As the plots show, stringline curvature m@asnents provide details on the continuity of curvature
throughout a given curve. Locations aifirve discontinuities and high variation are easily
determined througbbservations afhe curvature profiles. Segments of each profile that maintain
constantcurvature value indicate rail sections that are geometrically continuous in curvature.
Ground truth data as shown above allows for direct comparison with data obtained by the LIDAR

system. Results are shown in the next section.

7.9.3 LIDAR Curvature Measurement

As described before, railroad curvature as determined by LIDAR is based on the speed profiles
obtained from the left and right rails. During curve navigation, a speed differential is obtained
between both railsvhich is correlated to degrees curvaturggure7-33 shows the speed profiles
produced by the LIDAR system as the geometry car traveled over the gratmtkest arves

shown on the map iRigure7-24. The speed differentials at the six curve locations are apparent
and correlate with the curve locationsHigure7-34. The distance unitsn theplot ordinates are

relative markers and serve to provide spatial reference within the data shown.
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Track Speed Profile
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Figure 7-33 — Speed profiles from the left and right channels on the LIDAR system (Channel 0 and Channel
1, respectively). The segments where a speed differential is clearly visible indicate curve navigation
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Figure 7-34 — The curvature profile of the six ground truth curves calculated from the speed differential
shown in Figure 7-33. Positive values indicate right-hand curves and negative values indicate left-hand
curves

Curvature data computed using LIDAR speed data is processed ubagassfilter and a
highpass filter separately. The lowpass data revealértmpuency behavior in the datdnich the

VT research team believes is representative of the general curve characiéfktidhedata is
overlaid with ground truth data to show that the system provides information on the general curve
trend as seen by the bedyounted system. There is good agreement between the two data sets,
suggesting the LIDAR system detects rail curvature. higlepass data shows the high variation
behavior in the LIDAR signalwhich corresponds to the variation in the ground truth data. It is

believed that thear body motion in response to discontinuitiegai curvature are detected by
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the LIDAR system.The agreement between ground truth variation and variation in the LIDAR
data suggest this is the cadgeigure 7-35 throughFigure 7-46 show the lowpass and highpass
results of the LIDAR curve profiles plotted with ground truth data shown in the previous section.
The general curve trend using lowpass data is shown first followtgethighpass, high variation

data for the same curve.
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Figure 7-35 — LIDAR data under a lowpass filter over a 3.2° right-hand curve compared with ground truth
data. The good agreement between the data affirms the ability to measure general curve behavior with the
LIDAR speed data
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Figure 7-36 — The LIDAR data under a highpass filter reveals the rail vehicle body’s response to local
curvature discontinuities identified by ground truth data
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2.1 Right-hand Curve
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Figure 7-37 — LIDAR data under a lowpass filter over a 2.1° right-hand curve compared with ground truth
data. The general curve trend from the perspective of the vehicle body reveals a steeper estimation in
curvature than ground truth
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Figure 7-38 — LIDAR data under a highpass filter plotted with ground truth. The overshoot is still present,
however the body’s response to discontinuities is also apparent
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2.0° Left-hand Curve
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Figure 7-39 — LIDAR data under a lowpass filter for a 2.0° left-hand curve shows a shallow estimation of
curvature for the left-hand curve in the study
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Figure 7-40 — Highpass LIDAR data shows a correlation between signal variation with variation in ground
truth data
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Figure 7-41 — Lowpass LIDAR data plotted with ground truth for a 2.2° right-hand curve. Data shows good
agreement along curve entry and exit. It is expected that the inertia of the moving car body is large enough to

resist sharp discontinuities as the one seen in the ground truth main curve body section
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Figure 7-42 — Highpass LIDAR data over the right-hand curve. A slight correlation exists between the
variation in the data, where the seemingly spontaneous variation is owed to external influences not seen here
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2.3" Right-hand Curve
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Figure 7-43 — Lowpass LIDAR data over a 2.3° right-hand curve. A large overshoot in curve estimation is
very apparent, suggesting the car body dynamic are differing from the local behavior of the suspension
components
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Figure 7-44 — Highpass LIDAR data for the right-hand curve reveal high variation of the car body
throughout the curve. Unwanted car body oscillations may be influencing the behavior shown by the LIDAR
data
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Figure 7-45 — Lowpass LIDAR data for a 2.5° right-hand curve. The agreement is high for this curve,
considering the car body’s smoother curving behavior than what is recorded by ground truth measurements
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Distance [mi]

Figure 7-46 — Highpass LIDAR data over this curve suggests the car body motion is highly influenced by the
local curvature discontinuities rather than oscillations from undeterminable, external influences

118



8 Development of a Curvature Quantification Algorithm

One of the latest developments of the program is a method by which curves recorded by the LIDAR
system are quantified in terms of degrees curvature. Determining the curvature involves the
identification of spiral regions transitioning from and to tangémasick and identifying
characteristics of the main body of a curve. By implementing a general curve recognition
algorithm, the manual process of quantifying a curve is removed and curves are instead measured
under a single curve analysis protocol. Thotlghcurve detection parameters in the algorithm

are variable, the standard for spiral sections has been defined as regions where the curvature
exceeds 0.2 degrees. Above this threshold, the track is assumed to be a spiral which is coupled
with the curve min body. Curves less than 0.1 miles from the tangent/spiral (T/S) point to the
spiral/tangent (S/T) point are neglected to avoid false positives. The rate at which the track
changes curvature is also observed, as regions of constant curvature, makmgam body of

the curve, produce a zero rate of change. Therefore, observing whestethaf changeof
curvature falls below a particular threshold, in this case 0.1 degrees curvature per 31 feet, the local
track is considered to be the main bodthef curve.Figure8-1 below shows the curvature profile

for the entire test run, a length of approximately 40 milEse curvedetection algorithm marks

the detected curves with a maroon trace, while the completature profile is given by the
orange data. The start of tangémspiral sections are marked with a red circle and the gjiral
tangent points are marked with a blue cirdiégure8-2 thoughFigure8-4 shows closeup views

of thedata centered around the ground truth curves. The final-gmd&gure 8-4, provides a

clear example of the detection of the tangggital entry sections and sphiaingent exit sections.
Thecurves are labeled with their calculated curvature valuethesdtimated main curve bodies

ar e boundemdrkebsyn thelplet. * x’
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Degrees Curvature
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LIDAR Curvature Profile
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©  SpiralTangent
Detected Curves
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5 10 15 0 25 a0 35 40

Distance [mi]

Figure 8-1 — Curves detected across the entire test run. Detected curves are traced in maroon and the T/S

and S/T sections are marked to show the bounds of the full curves

Curve Detection

Degrees Curvature
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Figure 8-2 — A close-up view of the ground truth curve section with several surrounding curves. This figure

demonstrates the algorithm’s ability to identify the bounds of the main body of each curve
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LIDAR Curvaiure Profile
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Figure 8-3 — Curve detection markings for a section of curves.

On the far lefof Figure8-3, a false positive has been detected but is not accepted by the detection
algorithm. The first anthird detected curves at miles 22.8 and 23.8 show successful detection of
the full curve and main body. The middle curve shows the possibility that the algorithm considers
the T/S point to be the start of the main body. This error will be addressedune fu

implementations

Curve Detection
T T

Amneal Joed

LIDAR Curvature Profil
-1+ o TangentSpiral
o SpiralTangent
40" X Main Body Start
“ X Main Body End

| —— Detscted Curves

Degrees Curvature

i | | i i i i
EE] 112 14 116 118 12 122 124 125 128
Distance [ft «10*

Figure 8-4 — Ground truth curve quantifications. The curvature values indicate the average curvature within
the bounds of the main curve body

8.1 Measurement of Similar Curves

Along a particular test run contained in a single data file are curves with similar degrees of

curvature available for comparison. In the data file under current analysis there are 25 curves that
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are similar in degrees curvature, though some are opppositevature orientation (left/right). It

is important to not only compare similar curves in degrees in orientation, but include curves with
opposite orientation for analysis of symmetrical measurement. It is expected that factors such as
train speed, legth of the main body of the curve, superelevation, antady dynamics induced

by rail geometry irregularities will contribute to inconsistencies in curvature measurgf@ent

The scaling factor used to obtain the data 890 Table6 below provides the measured values

of the ground truth curves under analysis and similar curves along the test path. The boldface
values are those belgimg to the ground truth curves and italicized values are curves opposite in
orientation to grountruth curves of the same degrdegure8-5 provides a bar chart ogparison

bet ween LI DAR curvature values and | MU value

“undershoot™” behavior of LI DAR curvature esti
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Table 6 — List of curves measured by geometry car IMU and LIDAR data for an entire test run. The ground
truth curves as given by the LIDAR alignment algorithm are highlighted. All other curvature values from
LIDAR data have been determined by manual inspection

Curve | NS Milepost AIiE;dr;m]ent LIDAR[CﬁIi]gnment LIDS?EegPS Elegﬁﬁion
| | [mph]
1 N214 2.0R 2.6R 35.6 3.00
2 N215 2.0L 2.0L 43.7 2.50
3 N216 2.2L 1.7L 40.7 3.00
4 N217 2.0L 1.9L 22.6 3.00
5 N218 3.2R 3.6R 22.8 4.00
6 N221 2.1R 2.1R 26.8 3.00
7 N223 2.0R 2.5R 42.8 2.50
8 N225 3.2R 3.8R 43.0 4.00
9 N228 2.3R 2.6R 48.5 2.50
10 N229 2.0L 1.4L 50.4 2.00
11 N231 2.1L 1.8L 49.0 3.00
12 N234 2.1R 2.8R 52.4 3.00
13 N235 3.2R 344R 49.7 4.00
14 N235 2.1R 2.48R 49.5 3.00
15 N236 2.0L 1.40L 45.2 2.50
16 N237 2.2R 2.68R 49.5 3.00
17 N237 2.3R 1.4AR 48.5 3.50
18 N238 2.5R 2.76R 53.3 3.00
19 N240 3.2R 3.3R 43.5 4.00
20 N242 2.0R 3.4R 41.9 1.50
21 N246 3.2L 3.2L 37.4 2.00
22 N247 3.2R 3.9R 39.4 4.00
23 N249 2.1R 2.6R 39.6 3.00
24 N249 2.2R 2.9R 37.8 3.00
25 N252 2.2L 1.8L 41.1 3.00
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Figure 8-5 — Comparison of LIDAR and IMU alignment, or curvature measurements over test run
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9 LIDAR Data Calibration Using Auxiliary GPS Data and Ground
Truth Data

9.1 Frequency Content and Filter Design

Extraction of information from the speed profile is best carried out through observation of the
frequency content of the data. An averaged FFT over windesamglef the cleanunfiltered

data fromthe previous section (s&ggure7-4) results in the FFT shown iigure9-1. A tone at
0.059Hz (approx. 17 s) and its harmonic, 0.12,tre apparent, as well as a t@i€).098 Hz
(approx. 10.2 s)

Speed Proflle FFT Left Channel

700 Speed Profle Sectlon

600} FRRPTRRY 30 HO.OSIQ HZ N
@ SO0} 0098 HZ
3 5 / o2Hz | -
7 o
E_ . L :

300
=L

200

100

T2 3 4 5 s 7 & o
Frequency [Hz]

Figure 9-1 — Frequency content of data from the left rail channel

Low frequency peaks in the FFT are not necessarily descriptive of inhayeal Isehavior but

are speedlependent That is, the general shape of the speed profile is governed by the motion of
the train over a given test and is not normally duplicated for multiple tests on the same track. Given
that the train generally does rtodivel a constant speed, the speed profile may contain rendered
sinusoidalspeed behavior from increasing speed followed by decreasing speed, or vice versa.

These sinusoidal components will appear in the FFT on the orde” ¢{2.0

Additionally, during curve navigation, the left and right rail speeds exhibit a-dialisoidal
increase or decrease in speed depending on the orientation of the curve (left or right). For tests
with large numbers of curves, these sinusoidal profiles will also appear ikThellhe FFT peak
location is speedependent due to the fact that the time it takes to navigate a curve, typically

0.2 mi long, is based m®peed of navigationFor example, the peak at 0.059 Hz implies a period
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of approximately 17 seconds. Travelin@.2mile curve over this amount of time implies a speed

of 42.5 mph, which is a good estimated average speed considering the train travels in the upper
region of its range of speeds (typically O to 70 mph). This estimation suggests filtering of data
shoud use a cutoff frequency below 0.059 Hz to suppress sinusoidal signal behavior due to curve

navigations.

One approach to find a suitable gain is to explore cutoffs below the established maximum (0.059
Hz in this case) andbserve the RMSE between the filtered and unfiltered signal, as is shown in
Figure9-2. A minimum RMSE implies a filtered signal more representative of the origjonadl,

or less error between the two. The frequency with minimum RMSE under 0.059 Hz is 0.04 Hz
and is used as the cutoff frequency with which to attenuate frequency components not related to

the general speed behavior of the train.

RMSE vs. Cutoff Frequency Fc
0.09 T ! !

0.088
0.086
L 0084
[42]
=
o 0.082f

0.08

0078+

0.076 i i i
002 004 006 0.08 0.1

Cutoff Frequency Fc [Hz]

Figure 9-2 — The RMSE between the filtered and unfiltered data for various cutoff frequencies. The
approach here is to eliminate high variation in the data while maintaining a representative smooth speed
profile

Applying the filter with phase shift correction to the clean speed signal produces the smoothed
profile as shown irFigure 9-3, where the unfiltered signal is also vigildbr comparison. The
RMSE for the left channel is .0771 and for the right channel 0.0629. The filter performs well in
attenuating the higfrequency content that originates from mechanical vibrations and system
noise. Additionally, waveforms from curvenavigation are also removed where the signal

temporarily increases or decreases depending on high or low rail monitofihg. filter
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specifications are used to process additional data available from the LIDAR system for calibration
and curvature measuremt.

Clean and Filtered Speeds - Left Channel

Clean I
—Filtered

; i ; i ;
206 208 21 212 214 216
Distance [mi]

Figure 9-3 — Results of signal filtering. The filtered signal provides a more accurate representation of the
train’s longitudinal speed behavior

The result of filtering the left and right channelst®wn inFigure9-4, before applying the proper

scaling from calibration with GPS data (explained in the next section). The data show to follow a
similar speed trenavith the exception of a short segment leading up to mile 21 where the left
channel increases in speed momentarily and the right channel decreases. This behavior represents
a curve where the high rail (left rail in this instance) exhibits a higher retgteed to the car body

than the low rail (right) to compensate for the longer distance traveled in the same amount of time.

This differential is the key component of curvature measurement in processing LIDAR data.
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LIDAR Speed Profiles
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Figure 9-4 — The filtered left and right rail signals shown together. There is a clear misalignment between the
signals which will be corrected through calibration across identified tangent track.

The following section introduces the GPS sigmal &s ultility in calibrating LIDAR speed data.

9.2 GPS Data: Distance and Bearing Calculation for Tangent Track

Identification and Speed Calibration

The auxiliary GPS unit provides a speed signal in addition to latitude and longitude coordinates.
This speedsignal provides the capability of calibrating the LIDAR speed signals to account for
any misalignment of the lenses and therefore inaccurate speed magnitude estimation. Treating the
GPS speed data as the fiduciary data set, matching LIDAR speed witspg@P& ensures the

LIDAR speed data is correct and thus the spisguendent curvature measurement is accurate.

The latitude and longitude data provide useful information, namely distance and bearing, beyond
the geographical trace of the car body for a gite=t run. First, distance traveled is obtainable
using an important navigation formula, haversine, which can be expressed as a function of latitude
and longitude. The haversine formula is given by

zéqu 1- 005(47)

haversir(q)=sin aez—+ — 9-1

Lel

Assuming a spherical Earth with radiug, the formula involving the distance between two points,

d, is given by
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haversir%%gz haversir{f, - 7,)+codf,)codf, )haversir/, - /,) 9.0

wheref, andf, are latitude points 1 and 2, respectively, and similarly for longitude phirstsd
/,.
Solving for d produces

d = rehaversin*(h) = 2r, arcsifv/h) 93

where’Q E A O A @D E The explicit expression i@, with proper substitution, is thus

A af,- £, 0 L8/, 1,0
d=2r, arcswge‘/sngeu& codf, )codr, )sin* @218 9-4

¢ 2 ¢ 2

-I.-O:OOz

Taking a cumulative suffor all d between each latitudengitudepair produces the total distance

traveled for a given test run.

The second calculation, bearing, is an indicating of instantaneous heading. The equation for
obtaining bearing, , is given by

~ a sin(/, - /,)codf,) a
b = AICRAB odr Jsin(r,) - sinlr,Jeod,)cod/, - 1,)8 5

where the denominator and numerator representqfoadrant X and Y coordinates, respectively.
The utilization of Eq9-5 equation above is commonbarried out withthe atan2 function in

software as opposed to thean function.
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GPS Distance and Speed
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Figure 9-5 — The speed profile, in ft/s, is shown along with the speed pulses registered by the GPS. Since the
GPS updates close to 1 Hz, the magnitude of the readings will match closely with the speed profile.
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Figure 9-6 — A cumulative distance comparison Figure 9-7 — A closer view reveals the step nature of
between LIDAR and GPS data (original and the GPS signal with an interpolated signal
interpolated) calculated to represent a truer distance record

Applying the same resolution analysis to GPS speed data as that in Seti#dar LIDAR and
encoder speed, it becomes apparent @RaSresolutionis an order of magnitude higher than the
encoder similar to LIDAR data. The progression of the mean resolution with increasing speed for
varying evaluation speed bandwidths is showRigure9-8. Note that the resolution of LIDAR

data is on the order @fv=10? mph, 10" mph for GPS, and £@nph for the encoder.
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Figure 9-8 — Progression of mean GPS resolution with increasing speed using varying speed bandwidths.
LIDAR data shows the highest resolution, followed by GPS data, with the encoder showing the lowest

resolution.

The GPS speed and relative bearing profiles are shown belBigure 9-9. The bearing data

shows the change in heading relative to the initial heading of the test run. It is easy to deduce that

changes in bearing indicate rotation of the car body and thus nawigation. Flat regions of the

data, or constant bearing, are tangent sections whereb .

GPS Speed and Bearing

Speed [mph] or Bearing [deg]

601

—— Speed

Bearing ||

5 10 15 20 25
Distance [mi]

Figure 9-9 — GPS speed and bearing profile over an entire test length. The bearing is an indicationg of train
heading and provides useful information about curves and tangent sections of track

The indication of track curvature from changes in bearing leads tovestigation of the bearing

derivative. Similar to the function of an-twoard IMU determining curvature from vehicle yaw

rate, regions where the bearing rate is nonzero imply curve navigation. Sections of constant

bearing, then, indicate a bearing rateero and thus navigation of tangent track.
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BearingRate= daB
dx

_dB.dt _dB1 9-6

T dt dx dtv
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Figure 9-10 — Bearing rate computed as a spatial rate and as a temporal rate divided by instantaneous speed.
A high correlation exists between the two profiles obtained through separate methods.

Another advantage to using the bearing derivative is itstzaselingplacement, provided no drift

in the original signal adding a constant figgrivative term that would otherwise have to be tended
to. Figure9-10illustrates this for just over 4 miles of track. By identifying the peaks of the bearing
rate profile, each left and right zero crossing is located which mark the corners at which thge bearin
profile is constant. This procedure allows for the isolation of constant bearing regions and

identification of LIDAR speed data corresponding to tangent track.

The procedure to locate bearing rate peaks and their bounding zero crossings, descrtaéd in de
below, involve the following primary steps. First, regions where the bearing rate profile are
concave down are located through the zero crossings of its derivatieadSaaetected peak in

the input data that satisfies defined criteria is estithajea leass quar es f it t o obt e

position and height.

Smoothing method is a form of pses@aussian, or three passes of smoothing. The derivative is

obtained usin@ 2point central differencéollowing the basic algorithm below:
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Figure 9-11 — Progression of the bearing rate signal through three passes of smoothing. Three passess are
sufficient enough to obtain a “pseudo-Gaussian” wave form, allowing for a Gaussian estimation of the peak
shape.

The Gaussian distribution formula is given by

(x-

y = Aex —25 > 9-8

mpé%mo
OO0

where A is the peak heightmi s t he * b el drreanaadsegstypicallykrdowrsas t |,

the standard deviation.

Approximating data using a Gaussian quadratic fit is effective when-dlagayisin natural log

form. Taking the naturdbg of both sidegjives
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in(y)=In(a)- =M 00

which can be expressed as a quadratic polynaapjaloximatiorby

o

nt @ m_ 1,
Yn = ( ) T o AT X
| %1 2578 57" 257 9-10
= a+bx+cx
Where
nf
a=InlA)- ,
(A) oo
m
b=—, 9-11
S
andc = —
The error function is then
d=In(y)- (cx +bx+a) 9-12

Applying a leassquares fit involves the differentiation of the sumadsf with respect to the
polynomial coefficients inEgn. 9-12. Setting the resulting expressionsziero produces the

following system of linear e@tions.

N &ax éxzﬂeaz éé'”()g
e:;é X a X’ a X u =& X |n(Y)g 9-13
gé X a4x Aax u@u &4 x*In(y)Y

Using the MATLAB software, the coefficient matr[m b c]T can be solved for andne can

calculate the Gaussian curve estimapanametersising
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m=- —,
2c
o 1
“\ 2¢ 9-14
a b%d
andA=expE@a- —
B

In the presence of noise the accuracy of the estimatidagrir®-14 are reduced by theresence
of relatively low values of data. To observe this, first consider the form of the natural log of the

datain the presence of noise
In(§)=In(y+#) 9-15
where# is additive, zeremean random noiseith variances/. The error function is then

d=In(y+h)- (a+bx+cx) 9-16

Expanding this into a Taylor series provides an updated error function that is more convenient for

analysis. The expansion abgut 0 is as follows.

" " (n)
f (a) (X‘ a)2+ f (a) (X' a)3+3 + f (a)(X- a)n +3
2l 3 nl
2
=In(y)- (a+bx+cx2)+ﬁ+h—+3
y 2y 9-17

f(x) = f(a)+ f'(a)(x- a)+

Y d°In(y)- (a+bx+cx2)+ﬁ
y

which leals to the expression for the expectation
2 5/3
E[a’z]:[ln(y)- (a+bx+cx2)] +7 918

giventhat E[#] =0 for zeremean data antE[hZJ =s/.
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Figure9-12below shows an example of Gaussian data and its logarithm form. The Gaussian curve
is produced using an amplitude of 1, mean of 5, and standard deviation 1.5. The goal is to estimate
these parameters using the quadratic coefficients presented abogdogahthm of the data
provides a parabolic profile with which to approximate usingde@ee polynomial fit. By
excluding relatively low data in the polynomial fit, which adversely affects the calculation of error,

a more accurate Gaussian estimatebsaformed using the coefficient estimations just presented.

Gaussian Function

12

Logarithm of Data

=
£
3t
1’
——Theoretical Curve
+ Noisy Data
&/ ———Fitfrom All Data
: : : : —~ —Fit Excluding Lower 20%
02 L i i ; £
0 2 4 6 8 10 0 2 4 6 8 10
X X

Figure 9-12 — A visual representation of the data in Gaussian form and its parabolic nature after applying the
logarithm. This step allows for peak location along a quadratic profile

The results from the fit are shownTable7 below. It is shown that omitting the lower 20% of
data yields results in an amplitude, mean, and standard deviation estimation closer to the
theoretical Gaussian parameters.

Table 7 — Estimations of Gaussian amplitude, mean, and standard deviation using a quadratic polynomial fit
to the natural log of bearing rate peaks. Omitting the lower 20% of data provides a more accurate

estimation.

Gaussian Signal Amplitude A Mean m St. Dev. s
Theore_tlcal 1 5 15
(no noise)

Theoretical Estimate 1 5 15
Noisy Signal Estimate|  ; g314 47909  1.7492
(all data)

Noisy Signal Estimate

(top 80% percentile) 0.9727 4.9899 1.5531
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The estimated mean representing each Gaussian peak is then used to locate the relative position of
each detected peak in the data. This is showigire9-13 below where the peaks (and valleys)

of the bearing rate profile are marked. Also shown is the bearing profile to confirm that indeed
the bearing rate peaks occur at the maximum rate of ehaetgveen flat regions. Locating the

zero crossings on either side of each peak of the bearing rate is the method by which tangent section
bounds are located. Isolating the flat regions between the determined bounds yields tangent track
data, as is showhy the blue clusters. These are the regions which will allow for proper speed
calibration as no speed differential exists.

Bearing and Bearing Derivative
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Figure 9-13 — The original bearing profile shown with identified tangent sections and bearing rate. Finding
the zero crossing of bearing rate on either side of the identified peaks represent the bounds of the tangent
section, which are isolated from the overal bearing profile.

Figure9-14 shows a clearer bearing profile where the points of inflection, or bearing rate peaks
are marked as well as the tangent section bounds. Tdendzach flat region in between each dot

is considered tangent track and is isolated for performing the calibration steps.
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Figure 9-14 — Bearing profile with identified points of inflection and bounds of the tangent sections. Points of
inflection represent the location at which the curvature is greatest and mark the curve body. Transition
toward and away from the points of inflection are the spirals of the curve.

A statistical observationof the detectedbearing peaks show a correlation with curve

characteristics. Iffigure9-15, the average peak interval is 0.605 mi. It is reasoned that this is

also representativaf the spacing between curve bodies. Given that the test ran approximately 40

miles and 64 peaks were detected, this implies a curve interval of 0.625 mi, reasonably close to

the mean interval shown. Furthermore, the mean peak width is 0.16 mi whidsast@ the
average curve length of 0.2 mi. Considering the peak width is measured at {beakdiéight,

this is a good indication of accurate results.
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Figure 9-15 — An assessment of the peaks detected in the bearing rate profile. The peak interval mean of 0.6
miles correlates to the distance between curves in the data and the peak width mean of 0.16 miles correlates
to the average curvature length of track, approximately 0.2 miles.
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Calibrating the LIDAR speed signals to the fiduciary GPS speed signal exclusively along tangent
track data results in the speed profile correlation shovigare9-16 below. The GPS signal is
filtered as before and the LIDAR centerline speed is obtained from thaneftrightrail speed
averageAS DESCRIBED BEFOREThe data show high correlation with RMSE between the
centerline speed and filtered GPS speed of 0.137.
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Figure 9-16 — Speed profile of the original GPS speed data with filtered GPS and calibrated LIDAR data.
The inset shows a close-up view of the data, which correlates very well.

A closer view of the speed profile iigure9-16is shown inFigure9-17 below. Despite the GPS
unit’s |l ower speed resolution compared with L
sufficient to properly calibrate LIDAR speed to match true speed conditions.
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Figure 9-17 — A closer view at the calibrated LIDAR data. The data show good correlation after calibrating
using speed data over tangent track.
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Figure9-18 shows the left rail, right rail, and centerline speed properly calibrated. The RMSE
between the left and right rail speeds over tangent track is 0.0312. Sections where a speed
differential is shown is correlated to curvesplained earlier. There are 6 distinguishable curves

in Figure 9-18; higher left rail speeds indicate righand curves and higher rigtdil speeds
indicate lefthandcurves.
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Figure 9-18 — Speed profile with calibrated left- and right- rail data as well as the average, centerline profile

Figure9-19shows a closer view of LIDAR speed data where two curves are quite distinguishable.

The high precision of LIDAR measurement is a significant component in the detection of speed
differentials used for curvature measurement.

LIDAR Speed Profiles
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Figure 9-19 — A closer view at speed differentials corresponding to curve navigation. The high precision of
LIDAR plays an important role in its ability to produce these differentials to correlate to degrees curvature.
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Applying the same filter to the GPS signal produces the profile along the same section of data
shown in Figure 9. The original GPS signal is shown for comparison. The RMSE between the
signals is 0.0568, lower than that of the LIDAR data.
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10 Summary and Recommendations

10.1 Summary

The results of an extensive series of tests were presented to evaluate the viability and applicability
of LIDAR systems for measuring track speed, track curvature, and travelled distance in revenue
service. The Tests, initially condue d o n t h e -R&lRehitlesto dRskss Hhg feasibility

of the LIDAR technology, helped determine the most suitable system installation configuration on

a railcar. The optimal LIDAR lens alignment evaluated during the tests was set at 60 degrees
orientation from the longitudinal axis (direction of travel), as the sine of the angle allowed a simple
correlation between detected speed and true speed. Field tests on a track geometry railcar proved
the system to be fieldardy and operable during sevenmabnths of testing, over thousands of
revenue service miles, in various weather conditions. The tests proved that the LIDAR system can
successfully provide the intended measurements with a higher degree of accuracy than wheel
mounted encoders and GPS anitThe track curvature measurements proved to be at least as
accurate as IMU measurements with added benefit of far broader range of speeds and not requiring

additional sensors beyond the speed measurement unit.

LIDAR speed accuracy, or resolution, waswh to be from 0.02 to 0.06 mph, considerably better

than the encoder’s resolution that can be as
can operate over a wider range of speeds than other systems. LIDAR can provide accurate
measurements apeeds as low as 0.5 mph and beyond 70 mph, substantially extending the reliable
speed range of encoders, IMUs, and other devices such as GPS. The upper limit of speed can be
adjusted by choosing the appropriate type of LIDAR unit and processor facadjgpls such as
high-speed trains. This aspect was not evaluated in this study as the system was intended for
freight application on standard revenue service track. Distance calibrations tests show LIDAR to

be accurate within 0.1% of ground truth measuents.

Track curvature measurements also proved to, it has been shown that calculation of this parameter
bears reasonable comparison with ground truth measurements. Deviations observed in LIDAR
data correlate well with deviations in ground truth datalying that LIDAR is able to measure

track curvature with sufficient resolution to show localized track alignments. Any deviation

beyond localized track alignment is attributed to the car body motion in the curve, and can be
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filtered out to potentially wes for assessing hunting in curves. This aspect, however, was not

evaluated in the study in detail.

Additional comparison with curvature profiles measured by onboard systems on the track
geometry railcar indicate good correlation for large sections df,testending beyond 50 miles

in a given test run. The results confirm the validity of using the track speed differential for
determining degree of curvature. The data is processed such that no a priori knowledge of
curvature for a section of curves issded. The mathematical approach that was used for curvature
data signal processing could be improved to reduce the error that was observed in some curves
(>5%).

Finally, using GPS data as a means for data calibration independent of other externalereferenc
data was shown to be successful. The global coordinate data (lat/long) was successfully used as a
means of isolating tangent sections of track which are necessary for speed and distance calibration.
The results from this method of calibration demortsttiae ability to calibrate the LIDAR system
independent of wheehounted encoders, therefore enabling commercial use of the system

onboard a wide variety of rail cars without encoders or ground truth assessment.

10.2 Recommendations for Future Studies

Furtherinvestigation of the effect of car body motion on tangent and curved tracks, such as
hunting, sway, and any vertical vibrations, deserves further investigation, in order to better
guantify their effects on the LIDAR measurements. Such evaluations waultler@additional

sensors beyond those used in this study. Although we made a preliminary effort to do so in the
later stages of the study, the data could not be used for a conclusive assessment of carbody motion
in the measurements. Although a laboratasgessment of such dynamics on a siagle
dynamometer in the lab indicated that the errors introduced in the measurements are minimal, field

variations of the dynamic effects will provide a more conclusive assessment.

Another topic that would deserverther research is the applicability and feasibility of processors
that are simpler and more productiggady than the fully digital, highriced processer that we
selected for this research. For this study, we opted for aheghelf processor that alwl provide

us with the intended results, in the most straightforward manner. Now that the feasibility and
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efficacy of the LIDAR system has been proven, more deliberation on dedicated processors that are

less costly and more production ready are advised.
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Appendices

Appendix A. Data Processor Outputs

LIDAR PXI LIDAR PCI NS GEOMETRY

CAR

1 Time [s] Time [s] New Line Commanc

2 Raw speed- Channel 0 [mph] Raw speed- Channel O [mph] Segment 1D

3 Raw speed- Channel 1 [mph] Raw speed- Channel 1 [mph] Data Line ID

4 FWHM - Channel 0 FWHM - Channel 0 Division 1D

5 FWHM - Channel 1 FWHM - Channel 1 Track

6 Intensity— Channel O Intensity— Channel 0 Geometry Car ID

7 Intensity— Channel O Intensity— Channel O Date

8 Raw curvature [degrees/100f Raw curvaturgdegrees/100ft] Milepost

9 Raw centerline speed [mph] Raw centerline speed [mph] Test Dir (U/D)

10 Latitude Latitude Foot Count

11 Longitude Longitude Speed [mph]

12 GPS Elevation [m] GPS Elevation Curvature (+)

13 GPS Speed [mph] GPS Speed [mph] Superelevation [in]

14 Tachometer Speed [mph] Tachometer Speed [mph] iKGage

15 Tach Direction Tach Direction Left Profile

16 Status Bit Status Bit Right Profile

17 Acceleration- X-direction Acceleration- X-direction Left Rail Wear

18 Acceleration- Y -direction Acceleration- Y -direction Right Rail Wear

19 Acceleration- Z-direction Acceleration- Z-direction Left Gage Wear

20 Right Gage Wear

21 Left Alignment

22 Right Alignment

23 Latitude

24 Longitude

25 Altitude [ft]

1Gage reading with reference to nominal gage width of

reading indicate narrow gage.
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Appendix B. Analysis of Encoder Noise in Encoder Measurements

In Sectio.3.2 the LIDAR speed data is compared with the encoder data. The encoder speed data
is shown to be much noisier than the LIDAR data. The unfiltered data for the 1.5 mile tangent
track inFigure B10-1 clearly shows that the encoder speed variation greatly increases with track
speed, while the LIDAR speed variation does not suffer similar degradation. In fact, compared

with encoder data, the LIDAR output contamsimal noisecontent

Speed Variation

Encoder Signal Noise
LIDAR (Left Rail) Signal Noise

ol

Noise Amplitude (mph)
o

- I L l I 1
0 5 10 15 20 25 30 35 40 45
Speed (mph)

1.5 mile tangent
8 track calibration

Figure B-10-1: Speed variation over track speed for the encoder and the LIDAR system

In an effort to decrease signal noise, the encoder was filtered with -@tdeédButterworth filter
with a cutoff frequency of 0.5HzAt 40mph, 0.5Hz filtering corresponds to a distance of
approximately 30 ft.Figure B10-2 below shows the effect of the filter on significantly reducing

the noise.
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Figure B-10-2: Encoder filtered with third-order Butterworth with 0.5 Hz cutoff frequency
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Appendix C.  Rail Geometry Car Testing — Weather Summary Table

Table B-1: NOAA weather summary (Farmville) for the four-hour inclement weather test period

4:35 SEG6 LightRain 64 61 88% 0.03

5:15 SW16/G25 HeavyRain 61 57 88% 0.14

555 SW10 Rain 55 54 94% 0.04

6:35 SW9 Rain 55 54 94% 0.17

7:15 SW9 Rain 54 52 94% 0.1

755 S3 Rain 54 52 94% 0.01

8:35 S7 Rain 52 48 88% 0.08

9:15 S8 Rain 50 48 94% 0.05

9:55 S6 Rain 52 48 88% 0.01

10:35 S6 Overcast 52 48 88% 0.02

1

gl

2



Appendix D. PXI System Testing — Frequency Content Analysis

Analyzing the frequency content of hifjdelity data records is useful for quantifying the behavior

of a dynamic system by identifying the major vibratory sources of the system, and for studying the
impact of those vibrations. In the case of this stuayrécorded LIDAR and encoder signals from

the truckmounted system discussed in Chapter 5 were put through an FFT analysis to break down
the signals in terms of frequency content for a typical section of ti@igkire D-10-3 shows the

speed signals of the LIDAR and encoder systems overlaid during -anit@alection of track
containing one 3:-tegree lefthand curve (from distance 0.7 to 0.85 mi), and the FFlysisaf

the filtered speed data, respectively.

Train Speed
29 T T
— Encoder
28.5 LIDAR (Left Rail)
—— LIDAR (Right Rail)
28
275
g IO\L—
Q.
€5 \/\/\ N / \\
B \%/ \\
g \—~—"
& 26 ~—_ \
255 \
25
245
24
0.5 0.6 0.7 0.8 0.9 1

Distance (mi)

(d)

FFT Analysis of Encoder and LIDAR

.
2 o« ¢ 2 .y

% o

|Signal Amplitude|

107K e Encoder (Filtered)
i LIDAR (Left Rail, Filtered)
s[_* LIDAR (Right Rail, Filtered

107 10" 10°

Frequency (Hz)

(€)

Figure D-10-3: LIDAR and encoder train speed on a tangent 3.1-degree left-hand curve tangent section of
track (low-pass, third-order Butterworth filtered at 0.15 Hz): (a) the FFT frequency spectrum analysis of this
filtered data; (b) showing a higher frequency content in the encoder data at all but the lowest frequencies

Figure D10-4(a) shows the filtered data (0.15 Hz, lpass, thireorder Butterworth filter used
for generating the speed plots shown in Figure 51) for the encoder, left rail LIDAR, and right rail
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LIDAR. In Figure D-10-4b, the encoder frequency content is higher for almost all frequencies
with the exception of very low frequencies. Higher signal amplitudes at localized frequencies
would typically indica¢ harmonic vibrations. However, for the encoder, the frequency spectrum
is distributed equally across a broad range of frequencies, indicating no distinct vibration of
frequency, although the encoder has a broadband noise floor significantly highéeth#DAR
system. Because the speedrigure D10-4(a) is heavily filtered, it is beneficial to evaluate the

filtered data using a higher frequency filter cutoffe(Bgure D-10-4a).

Figure D10-4a shows far more fluctuations in the encoder speed than the LIDAR, over the
selected 0.5 mile of track, including the -8ldgree lefihand curve. The wheedil interference
dynamics during curving is believed to be the primary factor contributing twitleevariations

seen in the encoder output. Examining the frequency content of the BagarenD-10-4b, where

the encoder and LIDAR speed data spreads out ovead frequency spectrum, with no particular

resonance peak, although the encoder has significantly more content at higher frequencies.

Finally, an FFT frequency spectrum analysis is presented for the unfiltered speed signal data for
the same section ofack Figure D10-5). This frequency analysis shows that the broadband
frequency content is significantly higher for the encoder sensor over the LIDAR readings, from
upward of 1 Hz. The whegdil interference dynamics during curving is believed to be the primary
factor contributing to this broadband noise seen in the encoder output. The encoder and LIDAR

speed data also spreads out over a broad frequency specitiumg warticular resonance peak.
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FFT Analysis of Encoder and LIDAR
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Figure D-10-4: LIDAR and encoder train speed on a -3.1-degree left-hand curve tangent section of track (low-
pass, third-order Butterworth filtered at 2Hz): (a) the FFT frequency spectrum analysis of this filtered data;
(b) again showing a higher frequency content in the encoder data at all but the lowest frequencies

FFT Analysis of Encoder and LIDAR
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Figure D-10-5: A close-up of the frequency spectrum of LIDAR and encoder speed data along a 0.5 mile
section of track including a 3.1-degree left-hand curve, unfiltered. This frequency analysis shows the
broadband frequency content significantly higher for the encoder sensor, from 1Hz upwards
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