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APPROXIMATE CONVERSIONS TO SI UNITS

Symbol

yd

mi

in?
ftz
yd?
ac

mi?

fl oz
gal
ft3

yd?

0z

Ibf

Ibf/in?

When You Know Multiply By To Find
LENGTH
inches 25.4 millimeters
feet 0.305 meters
yards 0.914 meters
miles 1.61 kilometers
AREA
square inches 645.2 square millimeters
square feet 0.093 square meters
square yards 0.836 square meters
acres 0.405 hectares
square miles 2.59 square kilometers
VOLUME
fluid ounces 29.57 milliliters
gallons 3.785 liters
cubic feet 0.028 cubic meters
cubic yards 0.765 cubic meters

NOTE: volumes greater than 1000 L shall be shown in m3

MASS
ounces 28.35 grams
pounds 0.454 kilograms
short tons (2000 Ib) 0.907 megagrams ("'metric ton")

FORCE and PRESSURE or STRESS
poundforce 4.45 newtons

poundforce per square inch 6.89 kilopascals

Symbol

mm

ha

km?

mL

m?3

kg

Mg

kPa




APPROXIMATE CONVERSIONS FROM SI UNITS

LENGTH
mm millimeters 0.039 inches in
m meters 3.28 feet ft
m meters 1.09 yards yd
km kilometers 0.621 miles mi
AREA
mm? square millimeters 0.0016 square inches in?
m? square meters 10.764 square feet ft?
m? square meters 1.195 square yards yd?
ha hectares 2.47 acres ac
km? square kilometers 0.386 square miles mi?
VOLUME
mL milliliters 0.034 fluid ounces fl oz
L liters 0.264 gallons gal
m3 cubic meters 35.314 cubic feet ft®
m?3 cubic meters 1.307 cubic yards yd®
MASS
g grams 0.035 ounces 0z
kg kilograms 2.202 pounds Ib
Mg megagrams ("metric ton") 1.103 short tons (2000 Ib) T

FORCE and PRESSURE or STRESS
N newtons 0.225 poundforce Ibf

kPa kilopascals 0.145 poundforce per square inch Ibf/in?

Sl is the symbol for the International System of Units. Appropriate rounding should be made to comply with
Section 4 of ASTM E380. (Revised March 2003)
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Truck tonnage is an important mobility metric to determine the quality of the transport system. For
freight transport planning, traffic control, weight compliance, and transport infrastructure layout,
the estimate of truck tonnage is needed. This paper establishes a truck tonnage estimation
methodology consisting of three main components: Weight in Motion (WIM) clustering sites,
truck volume estimate based on data from Telemetric Traffic Monitoring Sites (TTMS), and
average truck tonnage measurement for WIM sites.

First, according to the truck tonnage distribution and average truck volume, WIM sites were
divided into different groups based on the application of the K-nearest neighbor algorithm. Then,
based on truck volume and distances to the WIM sites, a clustering classification was fitted to the
TTMS. In order to avoid the double-counting issue, strategic TTMS was selected taking into
account site locations, the D factor and the T factor. Vehicle groups were subsequently classified
at WIM sites using a K-mean clustering process based on the vehicle loads to calculate the average
tonnage of the truck. In addition, the empty vehicle weight was measured for different vehicle
categories, applying Gaussian gross tonnage distribution. Finally, the average truck tonnage was
calculated using a weighted mean method. The above methodology was applied to the 2012 and
2017 WIM data as a case study of truck tonnage estimation in Florida. It was validated against
FDOT’s current method using the 2012 FAF data. The proposed model could shed light on freight
mobility's statewide performance evaluation.
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1. Introduction

1.1. Background

Due to its large population, geographic location, and existing infrastructure and industries, freight
mobility, or the movement of goods and commodities, has a significant impact on Florida's
economy. It provides goods and services to not just the residents and visitors of Florida, but also
other states and countries (Florida Department of Transportation, 2013). The economic growth of
Florida will continue to exceed national average rates, with an estimated average increase in GDP
of 3.2% from 2015 to 2018 and Florida’s rate of population growth since 2000 nearly double the
national average. Reaching almost 20 million in 2015, Florida’s population is expected to increase
37%, attaining over 27 million persons by 2045 (Forecasting and Trends Office, 2018).

Over the last few decades, the demand for freight transportation in Florida has grown significantly,
and freight demand is projected to further increase by about 40 percent by 2040 according to the
Florida Transportation Plan. Truck is the top transportation mode for outbound, inbound, internal,
and through freight movements nationally and in Florida. According to the Bureau of
Transportation Statistics (Bureau of Transportation Statistics, 2018), truck movements account for
about 70 percent of commodity movements by weight and value in 2017. FDOT’s study, Truck
Empty Backhaul (Transportation Data and Analytics Office, 2018), estimated that approximately
33 million domestic outbound tonnages were transferred by truck in Florida, which was more than
70% of the total tonnage. The other two most common modes were Rail (13%) and Multiple Modes
and Mail (10%). An accurate calculation of truck tonnage would support effective decision making
in transportation planning, maintenance, and operations.

Although a review of available literature provides some potential truck tonnage estimation
methodologies, it is noticeable that no two states have the same measures on truck tonnage
(Sarawut, Ryu, & Chen, 2017). In most cases, there are wide differences in the freight estimation
metrics, with different sources and databases. The three most widely-used commodity flow
datasets in truck tonnage are the Freight Analysis Framework (FAF) dataset from Federal Highway
Administration (FHWA), the IHS-Global Insight TRANSEARCH dataset, and the Weigh in
Motion (WIM) dataset.

Truck tonnage estimation is a methodology for estimating and measuring the total weight of freight
transported by truck. The Mobility Measures Program within the FDOT produces The FDOT
Source Book annually that reports sixty mobility measures to evaluate Florida's transportation
system performance in terms of mobility. Twenty of the 60 measures are freight related to
underscore the importance of freight movements on Florida's transportation network. One such
measure is truck freight tonnage. The FDOT Source Book defines truck tonnage as the total weight
in tons shipped, carried, or produced. This quantity is reported each year (Forecasting and Trends
Office, 2018). Several data sources like FAF, Annual Average Daily Traffic (AADT), and WIM
are combined to capture freight tonnage. The FAF data are mostly derived from two general
sources. Regarding the freight movements, FAF uses Highway Performance Monitoring System
(HPMS), which assembles the freight corridors and freight movements by the use of HPMS
passenger traffic data (HPMS Reassessment 2010+, Highway Policy Information Office, and
FHWA). HPMS is updated annually. In terms of tonnage, FAF is basically getting its data from
the FHWA's Commodity Flow Survey (CFS) that is conducted every five years. Given the nature



of the survey, fruition takes about seven to eight years. By the time the final data are available, a
few years have already passed. From one survey to the next, the data become outdated. To get a
better handle of the issue, FDOT commenced this research to find out if there are better
methodologies out there to calculate truck tonnage and discover how to make the current formula
more accurate.

1.2. Objective

The primary objective of this study is to evaluate the current methodologies for estimating truck
tonnage through a literature review and identify alternatives that can improve Florida's current
truck tonnage formula. The development of a new truck tonnage model is also an option.

Firstly, all the prominent, relevant, and available research reports and datasets on the national/state
level were collected and analyzed, through which the advantages and disadvantages of different
methods could be determined. Through this analysis, this research would identify which method(s)
best corresponded to the state of Florida, could be easily updated to represent current conditions,
and could be more efficiently and accurately utilized for estimating truck tonnage volumes.
Secondly, based on this analysis, a conceptual and methodological framework would be developed
to provide general guidelines that could be implemented for the improvement or development of
truck tonnage. This research could provide the required modifications to the truck tonnage model
to make them more precise and accurate. Also, state authorities could more effectively plan their
actions, conduct reliable forecasting, and adjust their operations to provide competitive services
and improve transportation conditions for the public.

A conceptual and methodological framework was developed to provide general guidelines that can
be implemented for the improvement or development of truck tonnage calculation (Figure 1-1).
This report is organized as follows. Section 2 describes the literature review and data sets. Section
3 introduces the WIM data system. Sections 4 describe the new methodology in detail. Section 5
evaluates the proposed methodology. Finally, Section 6 presents research conclusions.

‘ 1, 2— Background and Literature Review ’

3 - WIM Data Analysis — 4 - Methodology 5 - Evaluation of the Method
i i 4 y 4
WIM Systems : p J H
WIM Sites Clustering
Truck Tonnage Calculation
Traffic Distribution by Using Vehicle-based Data
Cou ity
= Truck Volume Estimation
: m— I =—
Traffic Distribution by ; : ! i H
Direction ] H L H
Average Tonnage Estimation
for WIM Site
Truck Tonnage Calculation
Traffic Distribution by 5 : | H Using FAF Investigation
Season | H | : Data
: ! I'ruck Tonnage Calculation
by Integrated Truck Volume
and Average Tonnage
;‘ Erroneous Data

[ 6— Conclusions ]

Figure 1-1. The Research Framework




2. Literature Review

Most state departments of transportation (DOTSs) track general performance measures. Only a few
have a robust freight performance measurement system in place. States like Florida, Maryland,
Minnesota, Ohio, Oregon, and Washington, have well-established freight programs that offer
lessons learned. In this research, we highlight those states that track truck tonnages.

2.1. Methods of Truck Tonnage Calculation in Different States

2.1.1 State of Florida

Total gross tonnage is calculated by the Forecasting and Trends Office in its annual The FDOT
Source Book. The existing method uses the FAF as its primary data source, and WIM and
Combination Truck Miles Traveled (CTMT) as datasets to refine it. The 2012 tonnage values are
obtained from FAF as the sum of all truck tonnage (internal, inbound and outbound) in Florida.
This value is then weighted using two factors — a Truck Load factor and a Combination Truck
Miles Traveled factor. The truck tonnage formula is as follows.

Avg. LoadoffullCombTRZOXX) o (CTMTZOXX>

T =T X
OnNagezoxx = 10NNAgE2012 (Avg.LoadoffullCombTR2012 CTMT,01,

Based on this formula, Tonnage 2012 is equal to 580,470,733 tons according to the 2012 FAF.
The FAF data is updated every five years, with the most recently available years being 2007 and
2012. For estimating the amount of cargo shipped after 2012, interpolation is needed.

The Average Load of Full Combination Trucks (AvgLoadofFullCombTR - combination truck:
Class 8 and above based on FHWA vehicle classification) should be calculated by subtracting the
average weight of full combination truck from the average weight of empty combination truck.
The average weight of a full combination truck is the average weight of all combination trucks
whose weight is greater than 40,000 Ibs. and the average weight of the empty combination truck
is the average weight of all combination trucks whose weight is less than 40,000 Ibs. These data
can be obtained from the WIM dataset, which is available yearly ( Office of Highway Policy
Information, 2014).

Avgl.oadofFullCombTR = Average Weight of Full Combination Truck -
Average Weight of Empty Combination Truck
Tothisend, CTMT is computed by multiplying Vehicle Miles Traveled (VMT) by the combination
truck factor. The combination truck factor is provided by the Transportation Data and Analytics
office of FDOT on a county-by-county basis and represents the proportion of heavy vehicles that
are combination trucks. The Reporting Period of CTMT is daily and is computed as follows:

CTMT = Y(Segment Length x VVolume x Combination Truck Factor) Or
CTMT = }(Segment Length x Combination Truck VVolume)

The peak hour volume was calculated by multiplying the AADT and the highest hourly factor
(Forecasting and Trends Office, 2018). The VMT was determined using vehicle traffic volume
and segment length. The number of VMT was based on data obtained from traffic monitoring sites
and FDOT's Roadway Characteristics Inventory (RCI) Feature 111 data.



VMT is calculated by multiplying the amount of daily traffic on a roadway segment by the length
of the segment, then adding all the segments' VMT. The vehicular traffic amounts are estimating
current or past data.

VMT = X (Segment Length x Volume)

2.1.2 State of lowa

Truck Forecasting Model (Smadi, 1994) was developed for statewide planning of truck commodity
flows. The model was a commodity-based, sequential network model at the state level. The
approach was to model individual commodities independently, thereby reducing data and
modeling requirements. The only mode included in the model was truck. The network was
composed of the major routes in lowa and major nodes (cities) outside of lowa. The network
included a node in all counties and sub-nodes at major producers or attractions of freight. The total
freight tonnage produced and attracted in each sector is tabulated for all of the zones. Next, the rail
commodity flows compiled from the waybill sample are summarized into originating and
terminating tonnage for these zones. The originating tonnage is the amount of freight (in tons)
shipped by rail from a certain zone. Similarly, the terminating tonnage refers to the amount of
freight shipped to that zone using rail. An estimate of truck tonnage is obtained by subtracting the
observed rail tonnage from the total freight generated in an area. This approach was used because
of the lack of modal performance data. In the case when modal division data for commodity groups
are available, the total freight tonnage is allocated to competing modes accordingly.

The calculation of truck freight tonnage produced within a zone was the total commodity tonnage
produced within the zone less than the rail tonnage originating in that zone. Similarly, the attracted
truck freight tonnage was equal to the attracted commodity tonnage less than the terminating rail
tonnage. Rail commodity flows were obtained from the 1989 Waybill sample. The process of
estimating truck tonnage was straightforward and included minimal calculations. The commodity
tonnage produced at the analysis zones was tabulated for the nine commaodities included in the
analysis. Corresponding rail commodity flows originating in these zones were subtracted from
total production tonnage. Likewise, the truck tonnage attracted to a zone was estimated by
subtracting the terminating rail tonnage from the total attracted freight tonnage at that zone. The
attracted freight tonnage included personal consumption and input freight requirements. Estimated
truck volumes on network links were compared to actual truck counts on comparable locations on
the state highway network (lowa in Motion, 2016).

2.1.3 State of Maryland

The Maryland State Highway Administration (MSHA) maintains a traffic monitoring system to
collect traffic volume data and to calculate AADT and Annual Average Daily Truck Traffic
(AADTT) counts on the state’s highways. Building on the highway traffic and truck count data,
the MSHA used the TRANSEARCH database that provided some insight into the origin-
destination patterns of truck movements to, from, through and within the state. Total truck tonnage
was estimated on Maryland highways in the base year and the forecast year, respectively
(Cambridge Systematics, Inc. , 2010).

e Base and Forecast Years. The base year used for all freight data was 2006, the forecast
horizon was 2035. In 2006, the most heavily utilized corridors through traffic were



identified. By 2035, several other key corridors were projected to emerge as significant
through-traffic routes. Also, truck tonnage forecasts showed heavy flows concentration.

e The average growth in the forecast was conservative, following a long-term trend of
between two and three percent average annual growth of the economy. Consequently, the
estimation did not adjust for the high growth freight years between 2003 and 2007 (above
six percent annual growth). Instead, a steady long-term growth curve was provided (Zhang,
Bowden, & Allen, 2003).

In the MDOT Excellerator Performance Management System (Maryland Performance
Management System, 2017), truck tonnage data was estimated based on FAF3 data. The data was
adjusted yearly to account for previous year actual data and a 2% annual growth rate consistent
with the FHWA’s Freight Summary 2008. The 2% growth rate reflected a conservative estimate
of domestic and international freight growth given current economic conditions.

2.1.4 State of North Carolina

The North Carolina Statewide Multimodal Freight Plan disaggregated 2012-2045 FAF4.1 data of
the four North Carolina FAF regions to obtain truck, water, air, pipeline, and other flows at the
county level. Disaggregation of commodity flows at the county level allows for the many types of
analyses, including tonnage by mode, the direction of goods, and commodities by tonnage. The
FAF or TRANSEARCH data can be used to derive more detailed commodity flows. The FAF data
can be post-processed in various ways to estimate more granular freight movement patterns (Stone,
Mei, Demers, & Paladugu, 2009).

The disaggregation factors for border crossing were based on the reported trucks or trains, as
appropriate; trucks were used to disaggregate flows where truck was the mode to transport foreign
trade commaodities. To support the 2011 FAF Geospatial project for FHWA, the disaggregation
code was rewritten in TransCAD. The output, to support the FAF Geospatial assignment to the
FAF highway network, was converted from annual tons by all modes to daily trucks.

To support the North Carolina Statewide Multimodal Freight Plan, this TransCAD code was re-
written to output not trucks, but tons by all modes. To maintain consistency with the region-to-
region FAF4, the output from TransCAD was exported as a CSV file that could be imported into
MS Access. Once in MS Access, the mode shares by Origin region, Destination region, and
Standard Classification of Transported Goods (SCTG2) commodity was applied to all of the Origin
county, Destination county, and SCTG2 commodity flows within that FAF region (RS&H
Architects-Engineers-Planners, Inc. and Kimely-Horn & Associates, 2011).

TransCAD was used for implementing the matrix estimation process. It was an integrated
transportation software package that could be used as a tool to help estimate not only link volumes
and turning movements for current year networks but also future year traffic based on changes in
variables. TransCAD suggested a set of tools for modeling commaodity flows and truck movements
wherever truck traffic could be easily assigned to the transportation network (Cambridge
Systematics, Inc., 2017).



2.1.5 State of Washington

The freight transportation system plays a critical role in Washington State as it is one of the most
trade-dependent states in the nation. Washington State Freight System Plan provides information
on the importance of freight to the economy of the state, the regions, and the local communities;
analysis of freight volume; forecast for freight demand; and information on the major freight
trends, issues, and needs.

In order to accurately estimate the truck tonnage on freight routes, Washington State Department
of Transportation (WSDOT) has been applying the following procedure. The estimation of truck
tonnage in this methodology is based on truck volume. WSDOT does not use FAF or
TRANSEARCH to calculate truck freight tonnage. Truck freight tonnage values are instead
derived from actual or estimated truck traffic counts and converted into average weights by truck
type. The annual truck tonnage for a specific route is estimated using the AADT, truck percentage,
truck type, average truck type tonnage, and working days per year. In some locations where there
is not a classification counter or other appropriate technology, the truck volume is estimated based
on the truck percentage data obtained from adjacent classification counters. To assist in calculating
annual tonnage, trucks are divided into three categories as given below.

e Single Units: A single vehicle that carries cargo on the same chassis as the power unit and
cab, regardless of the number of axles. FHWA vehicle classes 4 to 7 are considered as
single unit trucks. The average total weight used is seven tons.

e Double Units: A 2-unit vehicle, normally a truck and trailer with four to six axles. This
category includes FHWA vehicle class 8 to 10. Average total weight used is 27 tons.

e Triple Units (Trains): Normally, a tractor and two trailers. This category includes FHWA
vehicle classes 11 to 13. The average total weight used is 42 tons.

Freight in tons per year = {ADT x percent of total trucks x percent of trucks that are singles
x average gross weight for singles x 250 working days per year}

+ {ADT x percent of total trucks x percent of trucks that are doubles x average gross weight
for doubles x 250 working days per year}

+ {ADT x percent of total trucks x percent of trucks that are trains x average gross weight
for trains x 250 working days per year}

Truck volume data for state highways were obtained from WSDOQOT traffic counters. There was a
total of 4,154 traffic counts used on state highways to estimate the 2017 Freight and Goods
Transportation System (FGTS) classification. Of these, 44 percent (1,812 traffic counts) had truck
classification data. The other 56 percent (2,342 traffic counts) only provided total traffic volume
data (Washington State Department of Transportation, 2018).

2.2. Other Methods of Truck Tonnage Calculation

In addition to the existing methods mentioned above, there are other general methods to monitor
truck freight tonnage in these states (Table 2-1). This section is devoted to a review of different
methodology on calculating freight model of truck tonnage.



Table 2-1. Comparison of Modeling Methodologies between Different States

State Dataset Modeling Methodology Variables Used Disadvantages
Truck tonnage of base
State of FAE, WIM, Truck tonnag(_e in t_)ase ygar, combination truck The data of the
. year plus calibration miles traveled factor and .
Florida AADT base year is too old
factor an average truck load
factor
Estimate of truck tonnage
State of Rail Waybill is obtained by sybtractmg . The method is old,
lowa Data the observed rail tonnage Rail tonnage and lack of
from the total freight performance data
generated in an area
The data of the
Truck tonnage in base Truck tonnage of base base year is too
State of I . S
Marviand FAF year plus calibration year, freight annual old, the calibration
y factor growth rate factor is simple
and rough
Converted from
State of . .
Disaggregation of the Truck tonnage, annual tons by all
North FAF . . .
. FAF Database disaggregation factors modes to daily
Carolina
trucks
AADT, truck type and Short duration
State of AADT, Truck | Convert traffic count data percentage, average counts must be
. Traffic Count | to average gross annual annual truck type adjusted to annual
Washington .
Data tons tonnage, truck working
days per year conditions

2.2.1 Using Weigh in Motion Only

There may be advantages in monitoring pure weights recorded by WIM stations, especially
considering it captures tonnage from a different vantage point than FAF and TRANSEARCH.
WIM can be used to track tonnage trends: For instance, assuming that a combination truck has
cargo when its total weight is 40,000 Ibs. or larger, the cargo weight can be determined as the
difference between gross weight minus 40,000 Ibs. Although WIM stations reflect only a sample



of freight movement in Florida, the year-to-year tonnage values derived from it would be helpful
in understanding statewide tonnage trends.

WIM stations may capture the actual weight of cargo that is not considered freight — for instance,
a truck moves from one location of a firm to another location of the same firm (e.g., Publix
distribution center to a Publix store).

2.2.2 Origin-Destination Matrix Estimation

Origin-Destination Matrix Estimation (ODME) is a process that is typically used to estimate an
origin-destination (O-D) trip table, matrix, using observed traffic counts.

Although this method is most commonly used with a truck vehicle O-D table and truck vehicle
counts tonnage table could be utilized as the seed, and tonnages could be considered as counts.
The primary inputs to the procedure were the seed matrix, which is essentially the matrix of O-D
truck trip flows derived from ATRI’s truck GPS data (R. Pinjari, Bakhshi Zanjani, Thakur,
Irmania, & Kamali, 2014). This kind of data fusion method also can be applied to truck tonnage
calculation. For example, the seed table could be the tonnage flows from TRANSEARCH and the
observed counts could be the annual tonnages observed at the WIM stations. Because the flow unit
would not be consistent with the capacity of the roadways, a simple assignment process, e.g., All-
Or-Nothing, could be used with the ODME. The result would be an O-D table that is consistent
with the tonnage observed at each WIM station (Eluru, et al., 2018).

In order to use this process, the zones in the O-D commaodity tonnage table would need to be made
consistent with the Traffic Analysis Zones (TAZs) used in Florida Statewide Urban Transportation
Modeling System (FSUTMS). While it might be desirable to update the seed tonnage table each
year, this is not necessary as long as the O-D pattern is expected to remain stable. The output O-D
tonnage table would, however, be updated to reflect whatever WIM tonnages are used as
constraints. If these WIM tonnages are for the most recent year, then the resulting matrix would
also be for that most recent year. The TAZs in the resulting table could be summarized for any
aggregation that is desired, e.g., Florida origins and/or destinations.

While this process is more complex, it is similar in concept to the description of the Existing
Method. However, rather than factoring FAF based on changes in truck VMT and WIM counts,
it would factor the commodity O-D table, e.g., the FAF, to the absolute value of WIM counts.

2.3. Data Sources for Truck Tonnage Calculation

Different data sources that can be used for a freight flow study have widely varied degrees of
coverage, accuracy, aggregation, and completeness. A variety of data sources have been used in
the research of truck tonnage. A list and a succinct description of different databases’ availability
and applicability for statewide transportation planning are provided (Table 2-2).



Table 2-2. Data Source Characteristics

Spatial

. Frequenc
Data Sources Sponsor Data Description A ql b'I'ty
Aggregation vailabiiity
Integrates data from a variety of sources
to create a complete view of freight
Freight Analysis movement by all modes of
.S. transportation among states and major
Framework U.S anspo g ion among sta gs and majo State and S
(FAF) Department of metropolitan areas. FAF incorporates Region years
Transportation | data from various sectors based on the
2012 Commodity Flow Survey (CFS)
and international trade data from the
Census Bureau.
Identifies transportation demand by
TRANSEARCH IHS Global commaodity, location, and mode. State and Annuall
Insight TRANSEARCH finds transportation corridors y
statistics by country and state.
Weigh in Motion Weigh in Motion devices are designed
(WIM) FDOT to capture and record truck axle weights State and Weekl
and gross vehicle weights as they drive Corridor y
OVEr a Sensor.
American .
. American
Transportation T tat Real-ti
Research ransportation |- eyamines the pure movement of trucks North cal-time
Institute Seecanlh based on truck GPS America ik
(ATRI) Institute
Annual
. AADT volumes for last 10 years,
Average Daily FDOT _ Y State and
Traffic average weekday traffic volume and 13 Annually
vehicle classifications Corridors
(AADT)

2.3.1 Freight Analysis Framework (FAF)

Freight Analysis Framework (FAF), created a detailed picture of freight movement among states
and major metropolitan areas with a partnership between the Bureau of Transportation Statistics
(BTS) and FHWA. The FAF dataset is based primarily on the Commaodity Flow Survey (CFS).
The CFS is a shipper-based survey, and that captures data on shipments originating from select
types of business. FAF presents tonnage and value estimates by commaodity types, modes, and




origins and destinations. It provides annual estimates for years in between the CFS and presents
long-range (30 years) forecasts in 5-year increments. Starting with data from the 2012 CFS and
international trade data from the Census Bureau, FAF incorporates data from agriculture,
extraction, utility, construction, service, and other sectors. The FAF version 4 (FAF4) baseline
edition provides estimates for tonnage and value by regions of origin and destination, commodity
type, and mode for 2012, the most recent CFS year. This includes improvements to data collection,
data editing, and an expanded number of geographic areas (U.S. Department of Transportation,
2018).

In terms of the geographic dimension, FAF4 presents freight trading information between 132
domestic zones and eight foreign zones (Oak Ridge National Laboratory, 2019).

2.3.2 TRANSEARCH

Global Insight’s TRANSEARCH data provides U.S. county-level freight-movement data by
commodity group and mode of transportation for state freight planning purposes. It presents
detailed information on commodity type (as per Standard Transportation Commodity
Classification), tonnage, value, ton-mile, origin-destination and mode used for freight movement.
This data combines information from public sources and data for primary shipments from major
carriers. Data are available for 38 commaodity groups for truck, rail, and water freight. Proprietary
data from other IHS-Global Insight divisions are used to further enhance the dataset. The data set
is commercial and is available for purchase only. Historical data are also available (IHS Markit,
2019).

A TRANSEARCH domestic commodity flow database for the state of Florida was purchased from
IHS/Global Insight by FDOT for the year 2011. In addition to the base year data, the database also
provided projection till 2040 at a five-year interval starting from 2015.

2.3.3 Weigh in Motion (WIM)

The primary purpose of the use of WIM stations is to help manage wear and tear of the asphalt by
enforcing weight limits on trucks. Florida has 37 state-of-the-art WIM stations throughout the
state. While they are used “to protect Florida’s highway system and bridge from damage from
overweight vehicles,” the data recorded by Florida’s WIM stations is rich and granular, with
potential additional uses. The FDOT WIM dataset, stored in an Oracle database, includes WIM
site, vehicle type, gross weight, axle weight, vehicle length, inter-axle spacing, and speed. These
and other attributes are recorded for every single vehicle that goes through a WIM station in
Florida.

The WIM data are collected at some of the Telemetric Traffic Monitoring Sites (TTMS) that can
weigh the vehicle passing through the site. All sites with WIM capability measure the weight and
classification (i.e., number of axles, etc.) of all the trucks passing through the sites throughout the
year (unless the site malfunctions on certain days). Each record in the WIM data is an instance of
a truck passing through a WIM site. For each such record, the WIM data provided by FDOT
contains attributes describing the WIM site as well as the truck passing through the site. Four
attributes - county code, unit number, the direction of the weight, and the number of lanes - are
specific to the WIM site. The remaining four attributes, namely the date, time interval, vehicle
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classification, and the gross weight of the truck, are specific to individual trucks passing through
the WIM site.

2.3.4 American Transportation Research Institute (ATRI)

ATRI provides GPS-based spatial and temporal information for a large sample of trucks with
onboard, wireless communication systems in the U.S. Data includes geospatial (coordinates) and
temporal (time/date stamp) information for the corresponding trucks. ATRI examines the pure
movement of trucks, whether or not those trucks carry freight. ATRI’s origin-destination data is
based on truck GPS, with no way to determine if the truck is empty or full, or the ultimate origin
and destination of the goods it carries.

2.3.5 Commodity Flow Survey (CFS)

The CFS is a shipper-based survey that is conducted by the BTS and the U.S. Census Bureau every
five years. The commodity flow data are directly related to freight flow analysis, which includes
such data as the type of commodity, the origin, the destination, the value, the weight, and the ton-
miles of the shipments. Results from the CFS are used to analyze trends in the movement of
goods, mapping spatial patterns of commodity and vehicle flows, forecasting demands for the
movement of goods, and for guiding management and investment decisions on transportation
infrastructure. These data are usually aggregated at the state level by the Bureau of Economic
Analysis (BEA) Zones and FAF regions. To analyze the statewide freight transportation
characteristics, a methodology is needed to disaggregate these data to a sub-regional level (Office
of Economic and, 2018).

2.3.6 Annual Average Daily Truck Traffic

Annual Average Daily Truck Traffic (AADTT) is the total truck traffic volume divided by 365
days. It is the total volume of truck traffic on a highway segment for one year. This number is
determined as a percentage of AADT.

2.4. Summary

To summarize, we find that it is difficult to compare the calculation methods of truck tonnage since
not all states are using the same data sources. Some states have the funds to purchase additional
data, while others use free sources of data or data obtained from other departments or agencies to
analyze and produce truck tonnage measures within their limited budget. Additionally, the scales
of infrastructure can vary greatly from state to state. Nevertheless, the advantages and
disadvantages of methods calculating truck tonnage can be identified.

Multi-source data sets are used to calculate the truck tonnage in FDOT, for example, FAF, WIM,
and AADT. The truck tonnage can be reflected with a comprehensive perspective: a combination
of the commodity flow-based and vehicle-based characteristics. There are limitations in using
FAF:

e Asmentioned earlier, the FAF dataset is based primarily on the five-year Commodity Flow
Survey (CFS). Because of the nature of the survey, it takes about seven to eight years to be
completed. Therefore, a couple of years have passed by the time the final data are
available. The data become out-of-date from one survey to the next.
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FAF focuses on inter-county movements of commodities by truck, but not intra-county
movements, which means that only domestic shipments from the CFS are used in
constructing the FAF. Meanwhile, CFS contains only two-thirds of the weight of all
commodity movements. Shipments from industries classified in transportation,
construction, most retail and service industries, farms, fisheries, foreign establishments
(imports), petroleum and natural gas extraction, municipal solid waste, logging, as well as
household and business moves are not covered by the CFS (Hwang, et al., 2016).

FAF-Based method calculates only combination trucks (Class 8-13), which don’t include
the comprehensive truck tonnage.

FAF estimates truck tonnage for states and state portions of large metropolitan areas. Local
data to support local applications are not considered, particularly in regions with multiple
routes or significant local traffic between major centers of freight activity (Federal
Highway Administration, 2012).

Vehicle-based data is used to calculate the truck tonnage in WSDOT. This method is restricted to
three types of trucks (Single Unit, Double Unit, and Triple Unit). However, the total tonnage is
calculated according to the approximate average gross weight of each type of truck.

The next step is to combine the advantages of each methodology and offset the weaknesses so that
we can develop a method to improve Florida’s truck tonnage methodology.
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3. Data Handling of Weigh in Motion (WIM)

The methods used in the analysis to process the WIM data are presented in this chapter. It starts
with an introduction to the WIM system, followed by analyses of traffic distribution of WIM by
site, by direction, and by season.

3.1 WIM Systems

WIM is a state-of-the-art system to collect, store, process and transmit vehicular data from key
locations on the Florida State Highway System. The WIM data are collected at some of the
Telemetric Traffic Monitoring Sites (TTMS) that can weigh the vehicle passing through. FDOT’s
Transportation Data and Analytics (TDA) Office maintains an Oracle database that stores per-
vehicle, time-stamped WIM data. In 2018, there were 373 TTMS sites, and 37 of them served as
WIM sites. Figure 3-1 shows the locations of WIM sites in Florida.

@ s
Figure 3-1. Weigh in Motion Locations in Florida

The WIM Systems shall include equipment and software for collecting, processing, storing,
transmitting and manipulating information related to the counting, classifying and speed
monitoring of all vehicles and the weighing of trucks and buses at highway speeds.

The WIM systems generate various data components for each vehicle passing through the site. The
WIM controller shall store the data including hourly vehicle counts by lane, by class and by speed
range for each 24-hour period (Class/Count Summary). Individual vehicle records include all
vehicles with a front axle weight greater than 3.5 kips (hereafter referred to as “truck records”).
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The front axle weight threshold for truck records shall be programmable by the operator with 3.5
kips as a default setting. Each truck record shall include, at a minimum, time and date, lane number,
vehicle number, speed, vehicle classification, wheel load, axle load, axle group load, gross vehicle
weight, spacing in feet between each sequentially numbered axle, overall length of each vehicle or
combination of vehicles in feet, and code for weight violation(s) and invalid measurement(s).

Currently, there are 37 WIM stations installed within the State of Florida, which collect weigh in
motion data 24 hours per day, 365 days per year (Transportation Data and Analytics Office, 2018).
WIM stations are maintained independently from the Office of Maintenance’s weight stations.

WIM database characteristics in this study are as follow:

(1) WIM systems record instantaneous gross tonnage volume, dynamic axle loads and spacing,
the number of axles, speed of vehicle, lane, and direction of travel, vehicle classification
by Federal Highway Administration (FHWA), axle weights, date, and time stamp, etc. All
the variables in WIM data and those used in the figures and tables in this research are
described in Appendix A.

(2) The vehicle weight data are only saved for buses (Class 4), and vehicle Classes 5 and
higher. For the purpose of this study, vehicle Classes 5-13 are considered, which is
classified as a truck vehicle according to the vehicle classification by FHWA even though
Class 4 also belongs to the truck category. Also, WIM data in 2012 were selected as the
datasets in the methods analysis, because the comparison of truck tonnage calculation in
this study will be made with other data sources, for example, the most recent available
Freight Analysis Framework (FAF) data in 2012. To validate the new methodology, an
analysis of the 2017 data was also conducted by comparing FDOT’s current method using
FAF and the newly developed method relying on WIM and TTMS. The gross tonnage for
different vehicle classes in 2012 is illustrated in Figure 3-2. Distribution of truck tonnage
weight by frequency in 2012 is shown in Appendix B.
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Figure 3-2. Sum of Gross Tonnage by Vehicle Class in Florida in 2012
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3.2 Traffic Distribution by WIM Site

This section presents a brief descriptive analysis of the traffic site distribution using the 2012 WIM
data; 33 sites are recorded in the 2012 WIM dataset. Figure 3-3 and Figure 3-4 illustrate the
distribution of the sum of the gross tonnage and vehicle volume by vehicle class in different sites.
The charts reveal that Class 9 had the highest volume and the greatest weight among most WIM
stations. The percentages of truck tonnage and truck volume for different vehicle classes make a
difference for the average tonnage for each site. For the most part, truck volume and gross weight
moved in the same direction. However, there were a few exceptions. Sites 9926 and 9950 had
similar traffic as their neighboring sites 9923 and 9949, respectively. Nevertheless, they witnessed
lighter loads. A closer look reveals that Sites 9926 and 9950 had a lower volume in Class 9 truck
traffic and a higher volume in truck traffic of other classes than Sites 9923 and 9949 even though
the total volume was similar. Variations in truck and weight among the WIM sites can also provide
other information regarding mobility, which is beyond the scope of this research.
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Figure 3-3. Sum of Gross Tonnage for Different Vehicle Class by WIM Site in 2012

15



4,000,000

3,500,000
£ 3,000,000 I
5 B
£ 2,500,000
4
(S}
3 2,000,000
- ]
1,500,000
- 0
1,000,000 -
||
500,000 _ I - I
0 - am = |
P NN WOLOOLOOOOVOLVLLO O
O FRLP NOUOLVOOLOOOVLVOL O OO
N © WwooO O OO OO KR Kk KPP
= A UTOON O WS oo
Vehicle Classes m5 6 m7

6166 [NINNNEE N

(o)
1)
N
w

0¢66 I .

9¢66 NNV

=l
ili
O O OV O
O O OV O
NN W W
N O 2w
WIM Sites
8 mo m10

veee ININEET N
9¢66 NN

LE66 |

1566 INIINNNNNNNNEN

¢s66 I

Lvee NN N
8v66 NN

6766 NN BN
0566 NNNEN am

ove6 |
€66

w1l m12 m13

Figure 3-4. Truck Volume of WIM for Different Vehicle Class by WIM Site in 2012

It is shown in Figure 3-4 that the truck volume of Classes 5 and 9 are larger than other vehicle
classes. WIM sites can be grouped preliminarily into three types according to the truck volume of
Classes 5 and 9.

e Group one: The volume of Class 9 ranked the top, Class 5 ranked the second (Figure 3-5)
e Group two: The volume of Class 5 ranked the top, Class 9 ranked the second (Figure 3-6)
e Group three: The volume of Class 5 ranked the first, Class 9 ranked the third (Figure 3-7)
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Figure 3-5. The Volume of Class 9 Ranked the Top, Class 5 Ranked the Second
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120,000.00
100,000.00
80,000.00
60,000.00
40,000.00
20,000.00
0.00

Truck Yolume

Site 9929 (2012)

5 6 7 8 9 10 11
Types of Trucks

12 13

160,000.00
140,000.00

2 120,000.00
3 100,000.00
80,000.00
60,000.00
40,000.00
20,000.00
0.00

Truck Yolum

Site 9929 (2017)

5 6 7 8 9

10 11 12 13

Types of Trucks

Figure 3-6. The Volume of Class 5 Ranked the First; Class 9 Ranked the Third

3.3 Traffic Distribution by Direction
This section presents a brief descriptive analysis of the traffic direction distribution using 2012
WIM data. Figure 3-8 and Figure 3-9 demonstrate the distribution of the sum of gross tonnage and
vehicle volume in different directions (E-East, W-West, N-North, and S-South). A large
percentage of trucks travel southbound (S) or northbound (N), especially in the south direction,
which corroborated with the result of FAF4 in 2012. FAF4 reported a larger volume of the inbound
(S) commodity than the outbound (N) commodity. Due to Florida’s geographic location, the
eastbound and westbound freight traffic only occurred within the state.
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3.4 Traffic Distribution by Season

The seasonal gross tonnage in 2012 is shown in Figures 3-10 and 3-11. It can be seen in Figure 3-
10 and 3-11 that the sum of the gross tonnage remained stable except in December, and December
15th is the peak day. More detailed analysis of the average truck tonnage weight by month for
different vehicle classes is summarized in Appendix C.
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Figure 3-10. Sum of Gross Tonnage by Month in 2012
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3.5 Variation of Site Location
There were 31 WIM sites recorded data in 2012, site 9937, 9926, 9927, 192, 9901, 219, and 9919

were removed after 2012. In 2017, there were 36 sites, and sites 9902, 9925, 9953, 9955, 9956,
9957, 9958, 9959, 9960, 9961, 9962,9963 were added in 2017 compared to 2012 (Figure 3-12).
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Figure 3-12. Location of WIM Site in 2012 and 2017

20



3.6 Erroneous Data

The Transportation Data and Analytics (TDA) Office in FDOT collects, stores, analyzes, and
reports multiple transportation datasets including, roadway characteristics and traffic data. The
continuous traffic monitoring program collects data from TTMS. Sites typically collect volume
class and speed while others also collect WIM data. FDOT collects traffic data to submit to the
FHWA on an annual basis as required by law (Transportation Data and Analytics Office, 2018).

The TDA Office’s Traffic Monitoring Program coordinates the collection of traffic data on all state
highways and many highways not on the State Highway System. Traffic data may include daily
counts, classification of vehicles, speeds, weight, directional factor, truck factor, and factor of
design hours, depending on the location. Each year, traffic data are collected from January to
December and then upgraded into annual statistics in the first quarter of the following year.

To properly calculate the truck tonnage for one year, classification data, which are a part of overall
TTMS data, are used to annualize the truck tonnage in this study. Also, as some WIM sites are
broken for months at a time, classification data as a supplementary can verify the truck volume in
WIM data. This dataset contains information of county and site number, direction, type (“A”-
Atypical, “B”-Bad, “H”-Holiday, “N”-Normal, “S”-Special event), the volume of each class based
on FHWA vehicle classification, and the total volume of all vehicles passing by that specific site.
In the computation process of this study, type B data are not taken into the calculation as the Type
B data are considered bad data.

During the analysis, a small percentage of truck records with an error was found that contained
different types of erroneous data, such as negative load values or lane numbers, erroneous
(impossibly large) spacing between two axles, or zero or extremely large axle load values. Because
these records only accounted for a very small percentage of the data sample size, they were deleted
from the analysis.

Comparing the number of WIM sites between 2012 and 2017, there are 33 sites in 2012 recording
data, site 219, 398, 9901, 9926, 9927 and 9937 were removed from the WIM data set. There were
29 sites recording data according to the WIM data set from 2017. Compare the before and after
year, the weight data of site 9904, 9906, 9929 from 2016, and site 9960, 9961, 9962 from 2018
were supplemented to the data set of 2017.
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4. Methodology

This chapter provides comprehensive information regarding the developed methodology, research
steps, and conducted calculation as a case study for years 2012 and 2017. The overall objective of
this methodology is to provide a mathematical model based on the most updated available datasets.

The Florida Department of Transportation (FDOT) uses multi-source data sets to calculate the
truck tonnage in The FDOT Source Book, namely, Freight Analysis Framework (FAF), Weigh in
Motion (WIM), and Annual Average Daily Traffic (AADT). This method combines commodity
flow-based and vehicle-based characteristics to present a comprehensive picture. However, as the
out-datedness of the FAF data has begun to affect the accuracy of the results derived from the
method, this research has been called for to develop a new method that can be easily updated to
represent current truck tonnage in the state of Florida and can be more efficiently and accurately
utilized for estimating truck tonnage volumes. Through research and analysis, the researchers have
found that the WIM-Based method can provide the required modifications to the truck tonnage
model that will yield more accurate results.

The methodology of this research consists of three main parts: (i) WIM sites clustering, (ii) Truck
Volume Estimation, and (iii) Average Truck Tonnage Calculation. In the WIM-Based
methodology, all types of trucks, Class 5 to Class 13 are taken into the calculation based on the
WIM dataset. The methodology is outlined in Figure 4-1.

Methodologies Data Sets

Telemetric Traffic Monitoring Sites
Comparison WIM volume, WIM

location data,
WIM Sites Clustering classification data

WIM Sites
Clustering

Telemetric Traffic Monitoring Sites AADTT from
Clustering .
Truck Volume TTMS, WIM

Estimation Strategic Telemetric Traffic location and road
Monitoring Sites Selection location data

Vehicle Classification According to the
Vehicle Load

WIM weight data
and classification

data

Truck Tonnage Estimation Method

Average Empty Vehicle Average Weight
Tonnage Estimation
Calculation

Average Tonnage Calculation

Figure 4-1. Methodology Outline
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Before starting the procedure of estimating the average truck tonnage, WIM Sites should be
divided into different groups based on the results from average gross tonnage and vehicle volume
distributions (Step one). This clustering has been done by applying the K-nearest neighbor’s
algorithm according to two different variables: (i) truck tonnage distribution and (ii) average truck
volume. Then, a clustering classification is fit to the TTMS (Step two). To avoid the double-
counting issue, strategic TTMS were selected considering the site location, D factor and T factor
(Step three). Afterward, for calculating the average truck tonnage, WIM sites were categorized by
a K-mean clustering method based on the vehicle load (Step four), then the empty vehicle weight
for different vehicle classes were estimated applying Gaussian distribution of gross tonnage (Step
five). At last, a weighted mean method was applied to calculate the average truck tonnage (Step
six). The following sections provide detailed descriptions of why and how the methodology is
formulated.

4.1 WIM Sites Clustering

Based on the results from gross tonnage and vehicle volume distributions in different WIM sites
for all types of trucks, which revealed that Class 9 had the greatest weight and the highest volume
among most WIM stations, in this study we used a K-nearest-neighbors algorithm in order to
categorize the WIM sites, and the result of WIM sites clustering in 2012 is shown in Figure 4-2.
Two factors that were considered in the clustering algorithm were total truck tonnage distribution
(the percentage of one truck Class 9) and average truck volume for all types of trucks.

K-nearest-neighbors (KNN) algorithm is one of the most important non-parameter algorithms
(Dasarathy , 1991), and it is a supervised learning algorithm. The classification rules are generated
by the training samples themselves without any additional data. The KNN classification algorithm
predicts the test sample’s category according to the K training samples which are the nearest
neighbors to the test sample, and judge it to that category which has the largest category
probability. The process of the KNN algorithm to classify sample X is referring to the K nearest-
neighbor algorithm for text categorization (Jiang, Pang, Wu, & Kuang, 2012).

* Suppose there are j training categories Ci, Co, ..., Cjand the sum of the training samples is
N after feature reduction, they become m-dimension feature vector.

* Make sample X to be the same feature vector of the form (Xz, Xa,..., Xm), as all training
samples.

« Calculate the similarities between all training samples and X. Taking the i sample di
(di1, di2, ..., dim) as an example, the similarity SIM (X, di) is as following:

je1Xdij
(@) )

e Choose k samples that are larger from N similarities of SIM (X, di), (i=1, 2,..., N), and
treat them as a KNN collection of X. Then, calculate the probability of X belongs to each
category respectively with the following formula.

* P(X,()=XqSIM (X, dy) - y(d;, Cy)

e Where y(d;, C;) is a category attribute function, which satisfied

SIM (X, d;) =
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e Judge sample X to be the category that has the largest P(X, C;).
According to the clustering results, the WIM sites are clustered into six different groups as follows.

(1) High volume and a high percentage of truck Class 9
(2) High volume and a low percentage of truck Class 9
(3) Median volume and a high percentage of truck Class 9
(4) Median volume and a low percentage of truck Class 9
(5) Low volume and a high percentage of truck Class 9
(6) Low volume and a low percentage of truck Class 9
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Figure 4-2. KNN of WIM Sites in 2012
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4.2 Truck Volume Estimation

4.2.1 Telemetric Traffic Monitoring Sites Clustering

This section describes the process of clustering the TTMS to produce the appropriate category for
calculating the average AADT for each category. One of the main tasks involved in clustering
TTMS is the selection of the appropriate classifier. To accomplish this task, this study adopted a
GIS approach by employing multiple classification steps.

e Mapping the TTMS and WIM stations.

e Classifying WIM sites based on the classification on six different types (explained in
previous section)

e Categorizing TTMS sites based on six different WIM sites:

o Allocating each TTMS to the appropriate WIM site if their centroid is in 20 miles of
the WIM locations.

o Allocating each TTMS to the appropriate WIM site if their centroid is between 20-40
miles of the WIM locations.

Due to the importance of combining both datasets related to TTMS and WIM stations, the TTMS
and WIM stations were aggregated and mapped in GIS. Second, the TTMS sites were analyzed
based on the results of six classes of WIM sites and then the TTMSs were categorized into six
groups. Consequently, each TTMS was allocated to the most appropriate WIM site regarding
volume and percentage of truck Class 9. As the next step, all TTMS sites were allocated to the
closest WIM station based on the aforementioned description. Figures 4-3 illustrates the results of
TTMS clustering for the years 2012 and 2017, respectively.

The clustering processes resulted in the following:

e In 2012, from the total of 353 TTMS, 190 were assigned to WIM sites if their centroid was
within 20 miles to the WIM sites; 144 TTMS were assigned to the WIM sites if their
centroid was between 20 to 40 miles to the WIM sites; and 19 TTMS residuals were
clustered and assigned to the most appropriate WIM location according to their distance.

e In 2017, from the total of 389 TTMS sites, 166 were assigned to WIM sites if their centroid
was within 20 miles to the WIM sites, 149 TTMS were assigned to the WIM sites if their
centroid was between 20 to 40 miles to the WIM sites, and 74 TTMS residuals were
clustered and assigned to the most appropriate WIM location according to their distance.
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The results of the TTMS clustering are displayed in Appendix E.
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Figure 4-3. Telemetric Traffic Monitoring Sites Clustering

4.2.2 Telemetric Traffic Monitoring Sites Selection

In order to aggregate the total tonnage and avoid the double-counting problem as far as possible,
some TTMS sites are selected through the following steps:

Step one Update WIM site information
Step two Develop selection criteria

e Road location
e D factor
e T factor

Step three Strategic site selection according to the road location: If several sites are on the same
corridor, and the D factor and T factor are similar, keep the site with large truck volume, remove
other sites.
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WIM site 9950 is illustrated as a strategic site (the location of the WIM site 9950 is illustrated in
Figure 4-4 and marked in yellow). In 2012, 68 sites were assigned to WIM site 9950. As is
observed from the figure, site 9950 is surrounded by a dense volume of TTMS (Figure 4-5
indicates the situation more in detail). In order to avoid the multiple counting issue, after
considering the site location, D factor and T factor were reflected. 34 TTMS were deleted, which
accounted for 44% of the total number of TTMS, and it resulted in a 47% reduction in the total
volume assigned to the WIM site 9950. We assume the same percentage of double-counting for
the other WIM sites as well.
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4.3. Truck Average Tonnage Calculation

The procedure of truck average tonnage calculation involved a proposed K-Means clustering to
categorize the vehicle load, the empty vehicle average weight estimation applying Gaussian
distribution of gross tonnage, results from TTMS clustering, and a weighted mean method. The
following sections provide detailed descriptions of how the methodology is formulated.

4.3.1 K-Means Clustering for Determining Vehicle Load

In order to reflect the load type of each vehicle, each class of trucks is divided into three different
categories: empty, half load, and full load. The K-Means clustering method has been used. K-
Means clustering is one of the simplest and popular unsupervised machine learning algorithms.
Typically, unsupervised algorithms use only input vectors to create inferences from datasets
without referring to known, or labeled, outcomes.

The goal of this algorithm is to find groups in the vehicle weight data, with the number of groups
represented by the variable K. The algorithm works iteratively to assign each weight data point to
one of K groups based on their weight distribution. Data points are clustered based on feature
similarity. The results of the K-means clustering algorithm are the centroids of the K clusters,
which can be used to label new data for the training data (each data point is assigned to a single
cluster).

The algorithms start with initial estimates for the K centroids, which can either be randomly
generated or randomly selected from the data set. The algorithm then iterates between three steps
(see Figure 4-5). The calculation steps are as follows:

» Step one: Initialization

The first thing k-means does is to randomly choose K examples from the dataset as initial centroids
simply because it does not know yet where the center of each cluster is.

>  Step two: Cluster assignment
Each centroid defines one of the clusters. In this step, each data point is assigned to its nearest
centroid, based on the squared Euclidean distance. More formally, given a set of observations
(xq,x5...,x,), K-means clustering aims to partition the n observation into K (K< n) sets
S={51,S,, ..., S} to minimize the within-cluster sum of squares. The objective is to find:

K
: 2
arg min E E 2t — il
S =1 ne S;

Where, n: Number of the whole data
x,,: The n'" observations
K: The group number of the data
S;: Subset of the data, i =1,..., K

uj: Geometric centroid of the data points in S;
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» Step three: Centroid update

In this step, the centroids are recomputed. This is done by taking the mean of all data points
assigned to that centroid's cluster.

The algorithm iterates between steps two and three until a stopping criterion is met (i.e., no data
points change clusters, the sum of the distances is minimized, or some maximum number of
iterations is reached).

This algorithm is guaranteed to converge to a result. The result may be a local optimum (i.e., not
necessarily the best possible outcome), meaning that assessing more than one run of the algorithm
with randomized starting centroids may give a better outcome.

Start

Number of
Cluster K

Distance between an Object
and Cluster Centroid

v
Grouping based on Minimum
Distance

Figure 4-6. K-Mean Clustering Method

After categorizing all WIM data in 2012, we define the truckload type (empty, half-load, and full-
load) according to the clustering results, the flowchart is shown in Figure 4-6. Figures 4-7 and 4-
8 are the clustering results of different vehicle classes in WIM site 9918. It can be seen that the
truck volume of the half-load is more than the volume of the empty and full-load truck. According
to the clustering results, the average truck tonnage can be calculated considering the load type.

30



U

Sum of Gross Weight (lbs in Billions)

14

12

IS

N

WIM 2012

[ class 5 ] [ class 8 ][ class 11 ]

[ class 6 ] [ class 9 ] [ class 12 ]
[ class 7 ] [ class 10 ] m
e S

—\/-

two-means clustering

Gross

tonnage<
Cluster 1

Gross
tonnage>=
cluster2

Gross
tonnage<cluster
2 &>=cluster 1

empty

half load full load

5

6

Figure 4-7. WIM Data Clustering

7 8 9 10

11 12 13

Vehicle Classes

Load Type B Empty H Full load m Half load

Figure 4-8. Sum of Gross Tonnage by Load Type for Different Vehicle Class in Site 9918




250,000

200,000

150,000

100,000

Truck Volume

50,000

B 4 I BT |

5 6 7 8 9 10 11 12 13
Vehicle Classes

Load Type B Empty Full load Half load

Figure 4-9. Truck Volume by Load Type for Different Vehicle Class in Site 9918

Tables 4-1 and 4-2 provide K-mean clustering results of vehicle classes 5 and 9. After ten
iterations, the final clustering center is located at sites (9790, 22123) and (36663, 73724),
respectively.

4.3.2 Adjusted Weighted Average Tonnage Calculation for Vehicle Class

Considering the load type of the vehicle (empty, half-load, and full-load), the average tonnage will
have a big difference, which can be seen from Figures 4-9 (a), (b), and (c). If the freight is
homogenous, the average tonnage is depended on the freight volume. If the freight is
heterogeneously distributed, the central point can change. That is to say, when some values get
more weight than others, the central point (the mean) can change. The adjusted weighted factor is
introduced to reflect the heterogeneity.
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Table 4-1. K-Mean Clustering of Truck

Gross Tonnage — Vehicle Class 5

Table 4-2. K-Mean Clustering of Truck
Gross Tonnage — Vehicle Class 9

Iteration History Iteration History
Iteration Change in Cluster Centers Iteration Change in Cluster Centers
1 2 1 2
1 9312.996 30503.17 1 32072.535 55121.129
2 241.03 16089.19 2 5769.27 3717.823
3 970.469 7130.17 3 1325.205 1313.451
4 1059.421 3672.401 4 348.879 400.451
5 811.662 1979.296 5 96.698 115345
7.992 1 .
2 S 88 6 29.799 35.94
4 289.784 572.288
7 7.79 9.426
8 163.089 313.186 5 2188 T
9 82.332 156.776 : i
10 40.423 77.052 J ¢ ¢
Initial Cluster Centers alifel) Sl stor Caniters
Cluster
Cluster
GROSS_WT CRuSe 1 2
(Ibs) ! 2 (Ibs)
4670 83710 12170 134440
Final Cluster Centers Final Cluster Centers
Cluster Cluster
GROSS_WT 1 = Clriest s 1 2
(Ibs) (Ibs)
9790 22123 36663 73724

Adjusted weighted average tonnage for class 5=

{(average empty tonnage count number of empty tonnage percentage of empty for class 5 /
count number percentage of empty for class 5)

+ (average full-load tonnage count number of full-load tonnage percentage of full-load for class
5/count number percentage of full-load for class 5)

+ (average half-load tonnage count number of half-load
class 5 / count number percentage of half-load for class 5)}

tonnage percentage of half-load for

/ (count number of empty tonnage percentage of empty for class 5 / count number percentage of
empty for class 5

+ count number of full-load tonnage percentage of full-load for class 5/ count number percentage
of full-load for class 5
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+ count number of half-load tonnage percentage of half-load for class 5/ count number percentage
of half-load for class 5)

4.3.3 Average Annual Truck Traffic Calculation for Each Site

A weighted average is most often computed concerning the frequency of the values in a data set.
One can calculate a weighted average in different ways. However, certain values in a data set are
given more importance for reasons other than frequency of occurrence. Each data point value is
multiplied by the assigned weight, which is then summed and divided by the number of data points.
A weighted average is extremely useful in that it allows the final average number to reflect the
relative importance of each observation and is thus more descriptive than a simple average. It also
has the effect of smoothing out data, thereby enhancing accuracy.

The weighted average tonnage for site k (x;,) is equal to the sum of the truck volume (w;) times
the average tonnage for each vehicle class (x;) divided by the sum of the volume:

13
— s Wit X _ WsXs + WeXg + - + Wy3Xy3

Xsp = 313
l:

5WL' W5+W6+"'+W13

4.3.4 Empty Vehicle Average Weight Estimation

In order to exclude the weights of empty trucks from the total gross tonnage and calculate the net
tonnage of commaodities, the weights of empty trucks were gathered from different sources, and
some estimation and assumptions were made to accomplish this step. For trucks of Classes 5-8,
the empty vehicle weights are estimated according to the Gaussian distribution of gross tonnage,
and the vehicle weight classes and categories from the U.S. Department of Energy. For Class 9-13
trucks, the empty vehicle weights are estimated according to the empty vehicle weight estimation
(FHWA, 2001), Gaussian distribution of gross tonnage from WIM data (Appendix B), and the
percentage of empty vehicle weight estimation (Transportation Data and Analytics Office, 2018).
The estimation result is in Appendix D for reference.
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4.4 Truck Tonnage Calculation

Truck tonnage estimation has been taken into account for trucks ranged from Class 5 to Class 13.
We aggregate the average tonnage and the annual traffic volume in selected sites to calculate the
truck tonnage:

T=Yk=1%s,Vk k=1...n,5,=1, ... m
Where, k WIM site

Sk WIM site group
X5, Average tonnage for WIM site group s

Uy Truck volume assigned to the WIM site k

The aforementioned methodology is being used for truck tonnage estimation in Florida through
the aggregation of truck volume and average tonnage for each site in 2012 and 2017.The
calculation results for both WIM-Based and FAF-Based are shown in Table 4-3.

Table 4-3. Freight Tonnage Estimation Results

Method Vehicle Class 2012 2017 EEELE
Percentage
Allclasses of the | ) 115 gg5 697 | 1376125766 23.64
WIM-Based tru_cks _
Combination 712,310,801 950,902,904 33.50
trucks
FAF-Based Cor:‘rﬁ'cnkzt'o” 580,000,000 770,000,000 32.76

The freight tonnage of combination trucks using the WIM-Based method is around 710 million
tons in 2012 and 950 million tons in 2017, which is larger than the approximate value reported by
the FAF-Based method. The freight tonnage of combination trucks accounts for 66.5% of the total
tonnage for the WIM-Based method after the data fusion of WIM weight data and TTMS volume
data.

The current FDOT formula considers only the combination trucks (Classes 8-13), while the
proposed methodology also considers trucks in Classes 5-7 since they are transferring a
considerable amount of truck volume, especially for truck movements within the state. The
proposed methodology captures more freight tonnages and employs up-to-date data.

Meanwhile, shipments from some industries, like transportation, construction, petroleum and
natural gas extraction, municipal solid waste, logging, as well as household and business moves
are not covered by the CFS. The proposed methodology uses vehicle-based data, which can capture
all the freight types.
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5. Method Evaluation

This chapter presents methods evaluation for the FAF-Based method and WIM-Based method
considering four criterions: data availability, data matching, calculation accuracy, and calculation
time (Table 5-1).

Table 5-1. Comparison of FAF-Based Method and WIM-Based Method

Criterion Method Description

The FAF dataset is based primarily on the CFS. The CFSis a

FAF- | shipper-based survey. FAF presents tonnage and value estimates
Data Based | by commodity types, modes, and origins and destinations. It is

Availability reported every five years

WIM-

Based

TTMS data is updated each year

Investigation data (Commodity-based data): The volumes and
FAF- | sources of traffic passing through their jurisdictions at the
Based | corridor level, but not intra-county movements, not all classes of

Da’r[]a trucks (excluding Classes 5-7), not all types of commodities.
Matchin . .
g WIM- Real time loop data (Vehicle-based data): All truck types and
weight, classification data, and truck volume data from TTMS;
Based . :
empty vehicle weight extracted.
FAF-Based tonnage data is interpolated using combination truck
miles traveled (CTMT) data and Weigh in Motion Data to
FAF- TR -
Based calcula}te truck tonnage. H_owe_ver, the (_:allbratlon of_ the adjust
factor is needed. The detailed information of the freight
Calculation movement cannot be reflected.
Accuracy WIM-Based tonnage is integrated using the average tonnage of
WIM- each WIM site and the total truck volume from TTMS. Also the
truck class distribution and weight of each WIM site are
Based : L
analyzed. Double counting problem is eliminated as much as
possible.
FAF- . : .
Calculation Based It is much easier to have a quick result.
Time WIM- More observation and calculation are needed.
Based
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5.1 FAF-Based Method

FDOT’s current truck tonnage formula applies tonnage derived from FAF4 with 2012 tonnage and
the average load of full combination trucks and combination truck miles traveled. FAF presents
tonnage and value estimates by commodity types, modes, and origins and destinations. It is
reported every five years.

The FAF provides a comprehensive national picture of freight flows, trends, and a baseline forecast
to support policy studies. The FAF informs states and localities about their major trading partners
and the volumes and sources of traffic passing through their jurisdictions at the corridor level. The
FAF does not provide local detail or temporal (seasonal, daily, or hourly) variation in freight flows
that are typically necessary to support project planning. While statistical methods exist that allow
analysts to disaggregate FAF data from FAF regions to counties or smaller areas, FHWA has not
measured any of these methods to establish estimates of reliability or accuracy. FAF estimates of
truck tonnage and the number of trucks on the network, particularly in regions with multiple routes
or significant local traffic between major centers of freight activity, should be supplemented with
local data to support local applications. The current FDOT formula is considering only
combination trucks (Classes 8-13), while trucks in Classes 5-7 are transporting a considerable
amount of the volume, especially for truck movement within the state. As is observed from the
facts and figures we mentioned before (Figure 3-3), Class 5-7 trucks account for a large percentage
of the total tonnage, around 13%, which is usually urban freight movements.

FAF-Based tonnage data is interpolated using combination truck miles traveled (CTMT) data and
Weigh in Motion data to calculate truck tonnage. However, the calibration of the adjustment factor
is needed. The detailed information about the freight movement cannot be reflected.

5.2 WIM-Based Method

The real-time WIM data is used to capture the tonnage variation of the whole state of Florida,
which is updated each year. All the truck classes (5-13) are considered in the methodology
proposed in this research. As the empty vehicle weight needs to be removed from the gross
tonnage, we calculated empty vehicle weight estimation according to the Gaussian probability
distribution of gross tonnage and other relevant reports. Next, K-mean clustering and adjusted
weight method were used to calculate the average tonnage, to reflect different load type of each
vehicle. WIM-Based tonnage is integrated using the average tonnage of each WIM site and the
total truck volume from TTMS. In addition, the truck class distribution and weight of each WIM
site are analyzed. The double-counting issue is eliminated as much as possible. In this way, the
truck tonnage can be reported each year with annually updated data. However, compared with the
FAF-Based method, this method is more rigorous. More data analysis and processing are needed.
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6. Conclusions

A truck tonnage estimation methodology is proposed to address the need for freight mobility
evaluation and freight transportation planning. A supervised machine clustering method was
proposed to categorize the WIM sites based on the vehicle class distribution of gross tonnage and
truck volume. Based on the clustering, TTMSs were grouped according to the site location and the
truck volume. To avoid double counting of the truck volume, TTMSs were selected considering
the road location, D factor and T factor. A weighted mean method was developed to calculate the
average truck tonnage. Besides, the empty vehicle weight for different vehicle classes is estimated
applying Gaussian distribution of gross tonnage and is eliminated from the calculation. Finally, a
truck freight tonnage estimation formula is formulated, which integrated the truck volume and
average truck freight tonnage for each WIM site.

Compared with FDOT’s existing truck tonnage estimation method, the method in this paper allows
truck tonnage to be estimated with updated data from WIM and AADTT reported weekly and
annually, respectively. Moreover, the proposed methodology can be used to reflect all the volume
changes within all truck classes (Classes 5-13) in different locations comprehensively, which can
provide estimation for the statewide performance evaluation of freight mobility.

Truck tonnage is needed for a wide range of applications including but not limited to pavement
design, weight enforcement, traffic monitoring, and freight transportation planning. Unfortunately,
the low spatial resolution of weight sensors along the transportation network can limit these and
other potential applications. For future research, truck travel patterns derived from a large truck
global positioning system (GPS) database can be used to determine the degree to which a WIM
site and a traffic count site are spatially related. With this information, truck trip data generated
from GPS can be combined with WIM location data to avoid double counting. Another refinement
would improve the method by investigating the correlation among the vehicle class, land use, and
road type.
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