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Introduction

Florida has a lengthy history of trying to obtain continuous vehicle classification data.
We installed our first piezoelectric axle sensors at a continuous count site in October of
1988.  At that time, we had 86 continuous count sites operating around the state, most of
which had a pair of loops in each lane.  Our thinking, at the time, was that all we would
have to do is install a single piezo between each pair of loops, swap the counters, and
we�d be collecting continuous classification data.  Why is it that the theory is always
simpler than the practice?

The first obstacle to be overcome was convincing the equipment manufacturers to design
a classifier to use a loop-piezo-loop sensor configuration.  I think this was mainly
because less new software had to be written by the equipment manufacturers if they could
simply build upon the 2-axle sensor logic that they were using with their portable
automatic vehicle classifiers.  Florida, however, especially did not want a piezo-piezo
classification sensor array because of the cost involved for purchasing and installing 2
piezoelectric axle sensors per lane, and the lack of data available if a single sensor were
to fail.  With a loop-piezo-loop sensor configuration, even if the piezo were to fail, the
counter could be reprogrammed to collect vehicle speed or volume data.

Our first piezo installation at one of our count sites having two loops per lane taught us a
few things.  First, simply installing one piezo between two loops isn�t that simple a task
(we managed to cut a few loop leads and had to saw new loops); second, slot excavation
for piezo sensor installation was a time consuming process (because of  the criticality of
depth); and third, we needed to find a better epoxy (the vendor supplied epoxy cured too
slowly).

Eventually we solved our installation problems, but came to realize that our concern over
the durability of the piezo sensors was well founded -- most of the piezo sensors failed
within 2 years.  The cause of failure has been attributed to the deformation of the
asphaltic pavement in the wheel paths due to applied wheel loads (aka. �rutting�).  The
majority of Florida�s roads are flexible pavements, and they are indeed flexible.  The first
piezoelectric axle sensors could withstand very little movement, so when the pavement
moved the sensors broke.

Over the past 12 years we�ve continued to refine our construction techniques and
materials, and currently have 248 continuous vehicle classification sites in operation.  So
how good is the data that is being produced?  In 1999, these classifiers generated 132,054
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(of a possible 181,040) days of directional class data.  Fifteen (15) sites produced no
usable vehicle class data, and another 10 sites produced usable data in a single direction
only.  In all, we flagged 43% of our class data as bad, and 57% as good.

Causes of Bad Data

Why should our continuous vehicle classification sites be producing so much bad data?
It�s mostly attributable to sensor failures, counter failures, and the methodology we use to
edit the data.  Our most common sensor failure is a broken piezoelectric axle sensor,
although we have had a few inductive loops test bad.  Occasionally, a piezo or loop board
in the counter will become defective.  Another common source of problems is with the
wiring�loose connections and poor splices will play havoc with the data being collected.
A rough road makes it almost impossible to classify properly�either there�s too many
axles, or too few axles.  The counter cannot classify properly unless it can properly sense
the correct number of axles.

Most of these problems can be overcome�sensors and circuit boards can be replaced,
connections tightened, wires soldered, and sensitivities adjusted.  In some cases, it may
even be best to relocate the data collection site to a smoother pavement or one where
fewer vehicles are queued over the sensors.  But before any corrective actions can take
place, the fact that there is a problem must first be recognized and reported.  Service
technicians will not visit a site that they think is working properly�they have enough to
do fixing the sites that they know have a problem.

Data Validity:  Manual Edits

The key to finding a problem lies with examining the data being generated by the
counter.  Is data being recorded for all lanes?  If the answer is no, service technicians
should be dispatched to correct the problem.  The simplest, and maybe the most effective,
method to edit the vehicle class data, is to manually examine the data.  I like to look at a
month of data at a time.  When an entire month of data is placed on a single sheet of
paper, it is fairly easy to spot trends, especially weekday versus weekend traffic.  Figures
1.A and 1.B are examples of a report used by Florida DOT to examine the vehicle
classification data.  These reports illustrate the variability in the class data, especially the
volume differences between weekdays and weekends.  The most obvious error to spot is
a classifier that is placing all vehicles in the same class, as illustrated in Figure 2.  Unless
that is a singularly unique highway, something�s not right.  Another quick check is to
compare the directional truck percentages at a site.  Usually the values will be about the
same, as illustrated by Figures 3.A and 3.B.  If they differ by a substantial amount, as
shown in Figures 4.A and 4.B (14.80% Trucks Northbound vs. 4.76% Trucks
Southbound), one of the directions is probably wrong.  Look at the class details for both
sides of the road to try and determine which values are correct (or which values are
wrong).  This closer examination is normally performed when the daily directional truck
percentages differ by more than 2 percentage points, as illustrated in Figures 5.A and 5.B.
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When examining the vehicle classification distributions, several of the classes can be
used as indicators of the overall quality of the data.  Vehicle class 01 is one such class.
These are motorcycles.  Unless there is a motorcycle rally in the area during the time that
the class data is collected, this volume should be quite low�usually less than 50 a day.
A large number of motorcycles indicate an incorrect speed measurement because vehicle
speed and time between axles is used to compute axle spacing.  If the speed is incorrect,
the axle spacing is incorrect, and the vehicle classification is incorrect.  Figure 6
illustrates a station that incorrectly classed a large number of vehicles as motorcycles.
Classes 06 and 07 (3- and 4-axle single unit trucks) can be good indicators of potential
problems.  A large number of class 06 trucks are a sign that the loops might be dropping
out on a semi-tractor trailer, causing the classifier to think the tractor is a class 06 truck,
and the trailer is a class 01 or class 02 vehicle.  As a general rule, rural interstate
highways in Florida carry very few class 07 trucks.  A large number of these trucks (more
than 50) can indicate a bad classification, usually caused by ghost axles.  An example of
this is shown in Figure 7.

Vehicle classes 08 and 09 (3-, 4-, and 5-axle semi-tractor trailer trucks) can be compared
to each other.  Usually, the class 09 trucks will outnumber the class 08 trucks.  On Florida
interstate highways, there are typically 3 to 5 times as many class 09 trucks as class 08
trucks.  Figure 8 illustrates this point.  Off interstate, the differences are not always this
extreme, and on some roads, class 08 trucks can even outnumber class 09 trucks, as can
be seen in Figure 9.  Class 13 trucks are usually a good indicator as to the validity of the
vehicle class data, because there a very few of these 7- or more axle trucks driving
around.  Look at the data closely if there are more than 10 class 13 trucks in a single
direction in a single day, as shown in Figure 10.  Of course, it helps to know the road.
The class data shown in Figure 11 has about 40 class 13 trucks per day.  These numbers
are correct.  This data was collected on the Florida Turnpike, which allows a semi-tractor
to pull 2 full-length trailers.

Finally, examine the class 15 vehicles.  These are the vehicles that the classifier can�t
classify.  If these are more than 10% of the total volume, something is wrong.  Figure 12
shows a two-week period when all the vehicles were being placed in the �unclassified�
category.

General rules for editing other classes have not been developed to the extent of the
vehicle classes mentioned above.  As a rule of thumb, class 2 (passenger cars) vehicles
exceed class 3 (pickups, vans) vehicles, but not always.  Usually, the daily volume for
class 04 vehicles (buses) will be low, but again the volume is site specific.  Vehicle class
05 is difficult to generalize.  The vehicles in this class are supposed to be 2-axle 6-tire
vehicles, but none of the sensors can determine if the rear axle has 2 or 4 tires.  So the
classification logic places any vehicle with 2 axles, and a wheelbase longer than a pickup
but shorter than a bus, into class 05.  If the speed of the vehicle is off a little, the classifier
may categorize either too many or too few vehicles as class 05.  Urban highways often
carry quite a number of small trucks, and rural highways usually have few small trucks,
so it is extremely difficult to judge whether the number of class 05 trucks is attributable
to sensor error or a correct classification.  In Florida, there a too few trucks of classes 10,
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11, and 12 to have come to any opinions as to their expected volumes, but certain roads
have been designated as tandem-trailer routes, so significant volumes of class 11 and 12
trucks are not unexpected.

Data Validity:  Automated Edits

If a state has but a few continuous classification sites, this manual approach to
determining data validity works fairly well.  The main drawbacks with manual editing are
that it is a time consuming process that cannot be easily learned by everyone, and the
rules, such as they are understood, are inconsistently applied.  I have found that I have
flagged data Bad one time and then flagged it Good the next time I examined it.  In an
attempt to make the editing of vehicle class data more consistent, faster, and simpler, we
started development of software to perform this function.

During the process of developing the automatic vehicle classification edits, several
observations were refined into rules.  Chief among these are in order to stand any chance
whatsoever of working, the edits must be made site specific.  A vehicle classification
profile consisting of expected numbers of vehicles in each of the vehicle classes must be
developed for each class site.  Second, a separate profile must be developed for weekday
and weekend traffic.  The vehicle class volumes appear fairly uniform Monday through
Thursday, with Friday exhibiting some difference, but not enough to require a separate
profile.  The weekends, Saturday and Sunday, have a completely different classification
profile than the weekdays.  In a few locations, the traffic on Saturday and Sunday even
differs significantly from each other.   We started developing three profiles for each
station � weekdays, Saturdays, and Sundays- but found that for the vast majority of sites,
the class profiles for Saturdays and Sundays ended up the same.  Consequently, we opted
to combine the Saturday and Sunday profiles into a single weekend profile.  When
looking at daily (i.e., 24-hour summary) data, a properly operating vehicle classifier
shows remarkably similar volumes of vehicles by class category for each direction.
Consequently, there appeared no need to develop separate class profiles for each
direction of travel.

Once the site profiles are developed, an edit routine using the values must be developed.
We worked for months to develop logic that would reasonably perform edits.  We learned
that the class volumes are quite variable, and the edits needed a wide latitude to perform
well.  For expected volumes of over 50 vehicles per day, a range of plus or minus 80%
worked reasonably well for Florida data.  A narrower range flagged too many good
records as bad, and a wider range flagged as good too much bad data.  The most difficult
programming involves those vehicle classes containing relatively few vehicles.  If a
particular class usually has 10 vehicles per day, but then starts showing 35 per day, that�s
an increase of 250%.  It�s a significant increase, but it�s not necessarily bad data.  The
most extreme case occurs when a particular class usually has 0 vehicles per day.  Any
value other than 0 constitutes a change that cannot be calculated.  A human can easily
decide that 2 vehicles is almost the same as 0 vehicles, but a computer program can�t.  To
handle the editing, we derived the following rules:
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Expected value Permissible Range
=0 0 � 10
1 � 49 + or � 50
>=50 + or � 80%

Figure 13.A shows the classification edit criteria developed for station 0164.  Figure 13.B
is a copy of the report generated by the automated edit program.  Everything that falls
outside the permissible range for the station, day, and vehicle class is listed on the report,
as well as the edit criteria that failed the record.  Often, a single day�s class data will fail
multiple edit tests.  Figure 13.C is a marked up copy of a classification report for that
same station showing which data failed the automated edits.  It�s a little easier to
comprehend than the edit report.

Field Verification

Once the data has been edited, the next question to be confronted is ��am I really sure
all this data is bad?�  The keys to editing the vehicle class data are the expectations that
one has about the traffic at a particular site.  If one assumes that there are few
motorcycles, buses, and 7+ axle trucks on a particular highway, significant volumes of
these vehicles in the data will cause the editor to flag this data as bad.  But is it really
bad?  What if the expectations are wrong?  Then perfectly good data will be incorrectly
flagged as bad.  There are a number of sites in Florida where the class data is flagged as
bad due to the volume of Class 13 vehicles exceeding an expected value.  But the
volumes at the site are low � maybe only 60 vehicles in a 24-hour period.  An example of
one such site is illustrated in Figure 14.  That only works out to about 2.5 per hour.  If
someone were to visit the site, what are the chances that one of these class 13 vehicles
would pass by while they were looking for it?

We ruled out both manual and video classification verification studies because of the
manpower requirements.  This left us with the alternative of using a portable classifier at
a continuous classification site to verify the data being generated by the continuous
classifier.  Since most portable classifiers use a pair of road tubes as sensors, their use is
limited to certain highways.  The road tube sensors are difficult to keep down on high-
speed, high-truck volume routes such as interstates.  They don�t work well at all on those
roads with 3 or more lanes in each direction.  We tried using a road-tube portable
classifier on a 6-lane rural interstate highway with limited success.  So what we needed
was an axle sensor that could distinguish traffic by lane, was simple to install, and was
durable.  In attempt to find such a sensor, we set about testing some of the ones that are
being marketed.

Three continuous classifiers, with suspect data, on 6-lane interstate highways were
selected for our test.  Portable classifiers using different sensors were installed at these
locations.  A video camera was used to record the traffic.  The output from the continuous
classifier and the portable classifiers was multiplexed onto the same videotape, so that we
could see the truck and how each of the counters classified it. Figure 15 below shows the
video capture of the classification data.
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Figure 15.

Only one direction of travel was tested to simplify the videotaping operation.  The same
brand of classifier was used for all, so that any differences in classification would be
attributable to the sensors, not the classification algorithm.  Two hours of traffic were
captured on the videotape and analyzed in the office to determine �ground truth�.  If any
of the portable sensors provided vehicle classifications comparable to the ground truth,
then the 24-hour classifications from the portable classifier would be used to verify the
classifications from the continuous classifier.  We did not perform a rigorous, scientific
study.  No axle spacings were measured to determine the exact vehicle classifications.
The vehicle classifications taken from the videotape were performed manually, using
engineering judgement.  The study focused on the truck classifications:  is the truck a 3-
or 4-axle single unit (class 06 or class 07); is it a 4- or 5-axle semi-tractor trailer (class 08
or 09); is it a truck with 7 or more axles (class 13)?  These vehicle classes can be easily
distinguished at a glance.  The intent of the study was to find a portable sensor that could
be used to collect 24-hours of vehicle class data in each lane of a highway, and use the
portable classification to verify the data being generated by the continuous classifier.

Three types of sensors were tested:
Progressive Engineering Technologies Corporation PET Switch
Optical Sensor Systems FlexSense
Measurement Specialties, Inc. Roadtrax7 BL

A pair of 3-lane PET switches was purchased from Progressive Engineering
Technologies Corporation for use in this study.  The switches are inserted into a ramp
device that is fastened to the pavement.  The ramps are designed to protect the sensors by
cushioning the wheel impact.  The ramps are secured to the road surface using strips of
Marmac tar tape.  The ramps and sensors were totally covered with the tape. The leading
and trailing sensors were fastened 10 feet apart.  An illustration of the sensor layout is
shown in Figure 16.
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Figure 16. Pet Switch Sensor
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A pair of 3-lane FlexSense fiberoptic axle sensors was purchased from Optical Sensor
Systems.  Each sensor is inserted into a length of pocket tape that is laid in the road.  The
two sensors were installed 10 feet apart, as shown in Figure 17.

Figure 17. FlexSense Sensor
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Six Roadtrax7 BL sensors (a pair for each lane) were purchased from Measurement
Specialties, Inc.  Each BL sensor was inserted in pocket tape and then placed on the road.
The layout of the BL sensors is shown in Figure 18.  The leading and trailing sensors in
each lane were placed 10 feet apart.

  Figure 18.  Roadtrax7 BL Set-up
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Sensor Observations

The PET Switches were reportedly difficult to install.  With its high profile, trucks tended
to pull the sensor from its holder unless it was completely covered with tape, as can be
seen in Figure 19.  The PET Switches took a beating in the road, probably due to their
high profile.  They tended to snake in the road and not maintain their correct spacing.

Figure 19
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Additionally, it was reported that the PET Switches generated false signals in adjacent
lanes when a heavy truck passed over the sensor in one lane.  It did not generate these
false signals when cars passed over the sensors.  At station 0225, only the inside and
outside lanes operated for the time required to videotape 2 hours of traffic for each of the
3 lanes�the middle lane provided no data.  At station 0194, none of the lanes generated
any data.  At station 0317, all three lanes operated for the duration of the videotaping
session.  See Tables 1 � 3 for study results.

The FlexSense fiberoptic sensors were reportedly the easiest sensors to install.  One trip
across the road, pull straight, set it down, step on it a few times and it is ready to use.  At
station 0225, only the outside lane worked.  At station 0194, the outside and middle lanes
worked, but not the inside lane.  At station 0317, all three lanes worked for the entire
videotaping session.  The technicians reported that extreme care needed to be taken to
ensure the connectors remained clean so that the sensors would operate properly.  The
overall impression of the fiberoptic sensors was they were delicate and not very user
friendly.  See Tables 1 � 3 for study results.

The Roadtrax7 BL sensors were inserted into pocket tape, and the tape was placed in the
road.  A separate trip into the road was required for each sensor installation.  The BL
sensors were placed at station 0225 in a separate test about a month after the FlexSense
and PET Switches were tested.  They worked flawlessly throughout the test.  See Table 4
for test results.

Results:

PET Switch
The PET Switches only worked
for all three lanes at one of three
locations where it was tested.  At
that location, the total number of
vehicles recorded by the classifier
during the videotaped period was
within 0.8% of the manual count
(3051 vs. 3075).  However, the
totals for each of individual
vehicle classes widely differed.
See Table 5 for summary results.

FlexSense
The FlexSense fiberoptic sensors
also only worked in all lanes at a
single location.  For the test
period, the total volume counted by the FlexSense sensors was within 2.2% of the manual
count (3143 vs. 3075).  The volumes for individual vehicle classes looked pretty good,
with classes 02, 04, 05, 09 and 11 being very close.  See Table 5 for summary results.

 Table 5     
0317 16-May-00  

      
Class Manual FlexSense PET  

1 8 55 587.5% 125 1462.5%
2 1810 1791 -1.0% 1512 -16.5%
3 465 401 -13.8% 367 -21.1%
4 40 44 10.0% 73 82.5%
5 78 84 7.7% 115 47.4%
6 39 71 82.1% 29 -25.6%
7 0 2 200.0% 3 300.0%
8 85 115 35.3% 203 138.8%
9 529 541 2.3% 137 -74.1%
10 9 19 111.1% 5 -44.4%
11 12 10 -16.7% 8 -33.3%
12 0 0 0.0% 1 100.0%
13 0 5 500.0% 14 1400.0%
14 0 5 500.0% 0 0.0%
15 0 0 0.0% 459 45900.0%

Total 3075 3143 2.2% 3051 -0.8%
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Roadtrax BL
The BL sensors worked in all lanes the
first time they were deployed.  For the
two hour videotape session, the total
volume counted by the BL sensors was
within 1.4% of the manual count (4150
vs. 4091).  The volumes for vehicle
classes 11, 12, 13 and 15 matched
exactly, and classes 02, 04, 05, 07, 08
and 09 were very close.  See Table 6 for
summary results.

Conclusions

When installed and then ignored, there is a high likelihood that the continuous classifiers
are generating faulty vehicle classification data.  If the systems are carefully monitored
and maintained, they can produce excellent class data.  The key to getting good data is
spot problems as they develop, and then waste little time in correcting them.  Local
knowledge of the traffic on the road in which the classification counter is installed is
essential to judging the operation of the classifier.  For those locations where that
knowledge is unavailable, a portable classifier fitted with appropriate sensors can be used
to verify the accuracy of the data collected by the continuous classifier.

 Table 6   
0225 27-Jun-00  

    
Class Manual BL  

1 21 44 109.5%
2 2553 2668 4.5%
3 791 705 -10.9%
4 55 61 10.9%
5 172 167 -2.9%
6 86 110 27.9%
7 21 20 -4.8%
8 99 100 1.0%
9 283 266 -6.0%
10 7 3 -57.1%
11 0 0 0.0%
12 1 1 0.0%
13 0 0 0.0%
14 2 5 150.0%
15 0 0 0.0%

Total 4091 4150 1.4%
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Figure 1.A
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Figure 1.B
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Figure 2
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Figure 3.A
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Figure 3.B
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Figure 4.A
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Figure 4.B
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Figure 5.A
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Figure 5.B
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Figure 6
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Figure 7



Reel Page 22

Figure 8
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Figure 9
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Figure 10

Figure 11
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Figure 12
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Figure 13.A
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Figure 13.B
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Figure 13.C
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Figure 14
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 Table 1            
0225 9-May-00           

 Manual    FlexSense   PET Switch  
Class Outside Middle Inside Total Outside Middle Inside Total Outside Middle Inside Total

1 3 0 2 5 3 0 0 3 11 0 34 45
2 1164 1189 1423 3776 1036 0 0 1036 943 0 831 1774
3 179 283 263 725 182 0 0 182 133 0 190 323
4 10 24 7 41 11 0 0 11 23 0 23 46
5 39 68 17 124 40 0 0 40 28 0 35 63
6 16 34 7 57 17 0 0 17 30 0 29 59
7 0 36 0 36 0 0 0 0 1 0 3 4
8 21 82 11 114 37 0 0 37 27 0 58 85
9 58 76 39 173 55 0 0 55 46 0 6 52
10 3 1 1 5 3 0 0 3 6 0 5 11
11 1 0 0 1 1 0 0 1 0 0 0 0
12 0 0 0 0 0 0 0 0 0 0 0 0
13 0 0 0 0 1 0 0 1 5 0 5 10
14 2 0 0 2 4 0 0 4 0 0 0 0
15 0 0 0 0 0 0 0 0 229 0 397 626

Total 1496 1793 1770 5059 1390 0 0 1390 1482 0 1616 3098

 Table 2            
0194 11-May-00           

 Manual    FlexSense   PET Switch  
Class Outside Middle Inside Total Outside Middle Inside Total Outside Middle Inside Total

1 6 6 2 14 3 7 0 10 0 0 0 0
2 1221 1679 1423 4323 957 868 0 1825 0 0 0 0
3 347 428 263 1038 288 346 0 634 0 0 0 0
4 32 19 7 58 35 21 0 56 0 0 0 0
5 28 71 17 116 30 66 0 96 0 0 0 0
6 20 39 7 66 25 62 0 87 0 0 0 0
7 1 3 0 4 0 5 0 5 0 0 0 0
8 21 53 11 85 35 185 0 220 0 0 0 0
9 62 110 39 211 60 105 0 165 0 0 0 0
10 2 7 1 10 4 35 0 39 0 0 0 0
11 3 0 0 3 3 0 0 3 0 0 0 0
12 1 0 0 1 1 0 0 1 0 0 0 0
13 0 0 0 0 2 3 0 5 0 0 0 0
14 0 1 0 1 3 37 0 40 0 0 0 0
15 0 0 0 0 0 0 0 0 0 0 0 0

Total 1744 2416 1770 5930 1446 1740 0 3186 0 0 0 0

 Table 3            
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0317 16-May-00           
 Manual    FlexSense   PET Switch  

Class Outside Middle Inside Total OutsideMiddle Inside Total OutsideMiddle Inside Total
1 1 5 2 8 1 19 35 55 89 27 9 125
2 449 679 682 1810 470 655 666 1791 319 597 596 1512
3 156 171 138 465 125 159 117 401 112 138 117 367
4 26 13 1 40 25 15 4 44 31 35 7 73
5 42 29 7 78 39 34 11 84 40 59 16 115
6 27 10 2 39 21 15 35 71 9 4 16 29
7 0 0 0 0 1 0 1 2 1 0 2 3
8 46 34 5 85 51 26 38 115 96 100 7 203
9 279 247 3 529 283 249 9 541 101 31 5 137
10 5 3 1 9 3 7 9 19 2 2 1 5
11 10 2 0 12 10 0 0 10 8 0 0 8
12 0 0 0 0 0 0 0 0 0 1 0 1
13 0 0 0 0 0 4 1 5 1 8 5 14
14 0 0 0 0 0 2 3 5 0 0 0 0
15 0 0 0 0 0 0 0 0 139 242 78 459

Total 1041 1193 841 3075 1029 1185 929 3143 948 1244 859 3051

 Table 4        
0225 27-Jun-00  

        
 Manual    BL   

Class Outside Middle Inside Total Outside Middle Inside Total
1 6 12 3 21 12 21 11 44
2 726 1098 729 2553 755 1144 769 2668
3 283 308 200 791 255 282 168 705
4 15 33 7 55 19 36 6 61
5 69 69 34 172 66 70 31 167
6 34 41 11 86 39 59 12 110
7 13 6 2 21 13 6 1 20
8 48 40 11 99 45 42 13 100
9 93 137 53 283 85 128 53 266
10 2 3 2 7 1 1 1 3
11 0 0 0 0 0 0 0 0
12 0 0 1 1 0 0 1 1
13 0 0 0 0 0 0 0 0
14 0 2 0 2 0 5 0 5
15 0 0 0 0 0 0 0 0

Total 1289 1749 1053 4091 1290 1794 1066 4150
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