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ABSTRACT 

 

A Method for Estimating the Inputs Necessary to Construct a  

Microsimulation Model Using Only Publicly Available Data 

 

Alexander Joseph Van Hout, M.S.E. 

The University of Texas at Austin, 2016 

 

Supervisor: Randy B. Machemehl 

 

Standard traffic engineering methodologies rely heavily on traffic data collected in the 

field for the design and planning of roadways and intersections. This data can be used to 

build microsimulation models, which are versatile and realistic tools for analyzing traffic 

scenarios. Sometimes, however, time and budget do not allow for the collection of high 

quality data in the field, but answers to questions about traffic scenarios are still needed. 

This thesis provides a review of data that is typically available to the public online as well 

as existing traffic engineering methodologies that will be useful in manipulating that data. 

It presents an empirically derived method for estimating left turn, thru, and right turn 

counts at intersections based on tube counts on surrounding roadways and the 

characteristics of the intersection. It then presents an exploration of the distribution of 

directionality of traffic throughout the day. Finally, it presents a method for converting 

tube counts on an approach to an intersection to equivalent lane volumes so that signal 

timings can be estimated. 
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CHAPTER 1: INTRODUCTION 

 

There are a number of tools at a traffic engineer’s fingertips that can be used to evaluate 

the potential impacts of temporary changes to a roadway network during construction 

projects. These changes can include lane closures, roadway alignment adjustments, 

detour routes and intersection modifications. One tool that offers a great deal of 

flexibility and very detailed results is microscopic simulation.   

 

The inspiration for this thesis came while the author was working on a research project 

for the Dallas district of the Texas Department of Transportation. This project involved 

analyzing various scenarios that would arise as a result of proposed construction projects 

on Dallas freeways. These proposed construction projects included such things as adding 

a new freeway exit, closing lanes for bridge maintenance, and establishing detour routes 

when freeway-to-freeway direct connection ramps were closed for repairs, amongst 

others. Microsimulation models were instrumental in determining how badly traffic 

would be impacted by the construction projects and in testing scenarios for mitigating 

those impacts. The author was able to complete these projects at an extremely low cost to 

TxDOT by using traffic data provided online by the North Central Texas Council of 

Governments instead of collecting data in the field. This was only possible, however, 

because a lot of the data that would normally have been collected in the field was 

predicted instead, using techniques that are described on the next few dozen pages. 
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The Highway Capacity Manual describes microscopic simulation (which is often referred 

to as microsimulation in practice) as a tool that “[tracks] each vehicle through time and 

space and generally [handles] the accumulating and queuing of vehicles in saturated 

conditions in a realistic manner (TRB, 2010).” Microsimulation models are not terribly 

difficult to assemble, but certain inputs must be prepared before the model can be 

constructed, and a microsimulation is only as good as the traffic data and the parameters 

used.  

 

Data that must be collected before a microsimulation model can be constructed vary 

slightly from one specific piece of software to the next, but in general they include the 

following elements: 

• Geometric characteristics of the roadways to be modeled, such as lane width, 

number of lanes, lane alignment, prohibited turn movements, the presence of right 

or left turn bays, and shoulder width 

• The types of traffic control devices at each intersection 

• For signalized intersections, phasing and timing of the signal 

• Hourly traffic volumes for the time period under investigation 

• Turn movement counts from each approach to each intersection 

 

A rigorous traffic study will include precise measurements to determine the necessary 

geometric information, input from local authorities detailing how the signals are set and 

timed, volume counts that might be automatic or manual to determine roadway volumes, 

and at least two manual counts at each intersection to determine turn volumes. However, 
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the time and resources necessary for such extensive data collection are not always 

available. Sometimes, decisions must be made on short notice, with no budget for data 

collection, no information about signal timings from local authorities, and no time to 

collect measurements in the field. Even under such restrictions, it is a traffic engineer’s 

responsibility to use every tool at his or her disposal to make the most well informed 

decisions possible. The purpose of this thesis will be to explore methods for estimating 

the necessary parameters to build a microsimulation model under the adverse conditions 

just described using only the data that is immediately available to the public on the 

Internet. 

 

The Highway Capacity Manual suggests several advantages that microsimulation models 

might have over traditional capacity analyses. These include the fact that microsimulation 

models tend to do a better job of accounting for the behavior of trucks, buses, and other 

non-passenger-car vehicles in the traffic stream, and that microsimulation models 

represent the interactions between different types of drivers with different behavioral 

characteristics that share the roadway. Accounting for these factors sometimes requires 

that the microsimulation model be carefully calibrated to account for variations in lane 

changing behavior, following distance, startup time, and a number of other factors (TRB, 

2010). This document will assume that calibration of the model has already been 

conducted and will focus on predicting traffic data. 
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CHAPTER 2: LITERATURE REVIEW 

 

2.1 Traffic Data that is Publicly Available 

 

Before determining how to generate the parameters necessary to build a microsimulation 

model, one must first know what data is typically available on the Internet or other 

sources. For almost all locations, information about the geometry of the intersection, 

including rough dimensions, number of lanes, lane alignment, type of traffic control 

devices, etc. can be found instantly using Google Maps. There is no one source, however, 

that shows traffic data for every location. It is possible to generalize, however, about 

what type of traffic data is available to the public by examining the largest metropolitan 

areas of the United States to determine what data their transportation organizations share 

with the public. 

 

Table 2-1 Publicly Available Traffic Data in the Largest U.S. Urban Areas 

Primary 
City Organization Data Available 

New York New York State DOT • AADTs for all roads except for very local 
streets 

 City of New York 

• Traffic cameras show live traffic 
conditions on major arterials 

• Color-coded maps show real-time traffic 
speeds on freeways 

 New York Metropolitan 
Transportation Council 

• Offers a variety of GIS demographic data 
to support planning analyses 

Los Angeles City of Los Angeles 
• ADTs on arterials and collectors 
• Manual traffic counts at significant 

intersections 
 Caltrans • AADTs on state and U.S. highways 
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Table 2-1 Publicly Available Traffic Data in the Largest U.S. Urban Areas 

(Continued from previous page) 

 LA County Department 
of Public Works 

• Tube counts from the past five years with 
two-directional ADTs and AM and PM 
peak volumes 

Chicago City of Chicago • Fairly pervasive ADT counts on arterials 
and collectors  

 Illinois DOT • ADT counts on arterials and collectors for 
entire state 

Washington, 
D.C. District DOT 

• AADT estimates on collectors, arterials, 
and freeways 

• Traffic Analysis Zone employment and 
population estimates 

 
Metropolitan 

Washington Council of 
Governments 

• AADTs and hourly volume counts on 
arterials for the metropolitan area, 
provided in a shapefile 

San 
Francisco 

San Francisco Municipal 
Transportation Agency 

• Historical daily, AM peak, and PM peak 
traffic counts (in list format, not visible 
on a map) 

 Caltrans • AADTs on state and U.S. highways 

Boston Massachusetts DOT • Daily volume counts on freeways and 
arterials 

 Boston Region MPO • Daily volume counts on arterials and most 
collectors 

Dallas-Fort 
Worth 

North Central Texas 
Council of Governments 

• 15 minute interval traffic volume counts 
on freeways, arterials, and collectors 

• Permanent recording stations providing 
daily data for major freeways 

 Texas DOT • AADTs on freeways 

Philadelphia 
Delaware Valley 

Regional Planning 
Commission 

• 15 minute interval traffic volume counts 
on most streets in the area except local 
suburban streets 

 Pennsylvania DOT • AADTs on freeways and major arterials 

Houston City of Houston • ADTs on arterials, collectors, and busy 
local streets 

 Texas DOT • AADTs on freeways and major arterials 

Miami Florida DOT • AADTs on freeways, arterials, and 
important collectors 

 

This examination reveals that the types of traffic data that are available to the public 

vary widely from city to city, and that every city, state, and municipal planning 
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organization has their own system for sharing the traffic data. Further, in different parts 

of the country, cities, municipal planning organizations, and states play different roles in 

the management of traffic and roadways. 

 

However, it is possible to make some generalizations about the sorts of traffic data that 

will be available in a major city. It seems that almost all jurisdictions offer Average 

Annual Daily Traffic figures for all streets except for the most local residential streets. 

Many locales provide access to past tube counts of traffic volumes on freeways, 

arterials, and connectors. These counts come from disparate dates, but they are usually 

available for most freeways, arterials, and collectors. These measurements reveal 

information about the time-of-day distribution of traffic flow that average annual daily 

traffic figures do not.  

 

A few cities share traffic counts at intersections, including left, through, and right turn 

movement counts during the morning, afternoon, and sometimes the lunchtime peak. 

These counts often offer the same level of detail that a contractor would obtain by 

conducting manual counts prior to building a microsimulation model. However, they are 

generally available only for arterials and more important collectors, and they are not 

available at all for more than half of US metropolitan areas. 

 

Therefore, if one is preparing to build a microsimulation model without conducting any 

measurements in the field, a traffic engineer must first convert average annual daily 

traffic figures into hourly traffic volumes. Sometimes, the engineer will have access to 
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tube counts that render this step unnecessary. Second, the engineer must predict left, 

through, and right turn movements at intersections using these hourly traffic volumes. 

Third, one must use the traffic information that was just predicted to assign green, 

yellow, and red timings to intersections that are signalized. Only after hourly flow, turn 

movement, and signal timing information are predicted can the construction of a 

microsimulation model begin. Existing information concerning each of the steps listed 

above will be reviewed in the following subsections. 

 

2.2 Converting Average Annual Daily Traffic Volumes into Hourly Volumes 

 

Average Annual Daily Traffic on a roadway is the average traffic volume over the course 

of an entire year, or in other words the number of vehicles that travel past a point for a 

full year divided by 365. These figures are a total for the roadway, and are not split by 

direction of flow. Transportation planners frequently use average annual daily traffic 

levels to describe or forecast traffic levels because they are fairly stable and predictable. 

However, in order to perform roadway capacity calculations and build microsimulation 

models, hourly volumes are necessary (AASHTO, 2001).  

 

2.2.1 Directional Design Hour Volume 

 

A common method for obtaining hourly flows from annual averages is to convert the 

average annual daily traffic volume into a directional design hour volume. The 

directional design hour volume is estimated using this equation: 
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𝐷𝐷𝐻𝑉 = 𝐴𝐴𝐷𝑇 ∗ 𝐾 ∗ 𝐷 

 

𝐷𝐷𝐻𝑉 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛𝑎𝑙 𝑑𝑒𝑠𝑖𝑔𝑛 ℎ𝑜𝑢𝑟 𝑣𝑜𝑙𝑢𝑚𝑒 

𝐴𝐴𝐷𝑇 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑎𝑛𝑛𝑢𝑎𝑙 𝑑𝑎𝑖𝑙𝑦 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 

𝐾 = 𝑑𝑒𝑐𝑖𝑚𝑎𝑙 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑑𝑎𝑖𝑙𝑦 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑜𝑐𝑐𝑢𝑟𝑖𝑛𝑔 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡ℎ𝑒 𝑝𝑒𝑎𝑘 ℎ𝑜𝑢𝑟 

𝐷 = 𝑑𝑒𝑐𝑖𝑚𝑎𝑙 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑝𝑒𝑎𝑘 ℎ𝑜𝑢𝑟 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑡𝑟𝑎𝑣𝑒𝑙𝑙𝑖𝑛𝑔 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑒𝑎𝑘 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛  

 

In practice, K is usually calibrated such that directional design hourly volume represents 

peak hour volume on the 30th busiest peak hour of the year, since it is generally accepted 

that this is sufficiently conservative to be used in design without being excessively 

cautious. The 30th busiest peak hour of the year will account for major fluctuations, such 

as increased travel to recreational destinations in the summertime, but will not allow for 

disruptions that occur during only a small part of the year, such as travel to a shopping 

mall during the week preceding Christmas. The Highway Capacity Manual suggests that 

the 30th highest and 200th highest peak hours of the year are normally quite similar in 

developed urban areas with a high volume of regular commuter traffic (TRB, 2010).  

 

Factors K and D are empirically derived, and are based on local traffic patterns. While 

exact values will vary based on a number of different conditions, they tend to follow 

patterns based on the area’s level of development. In areas that are more densely 

developed, K will tend to be lower, since there will be more traffic at all times of day, and 

peak hour volumes will be limited by roadway capacity, while in less developed areas, 
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people are free to travel during the peak without fear of congestion. However, D will tend 

to be lower in more densely developed areas than in less densely developed areas. This 

makes sense because in busy city environments, people’s residences and places of 

business may be intermixed, and travelers could have destinations in any direction, while 

in rural areas there will be distinctly more people heading towards the city for work in the 

morning and returning in the afternoon. Common rule-of-thumb values for D and K are 

given in the table below; in order to perform calculations with accuracy, these values 

must be determined using local data. These values are from Traffic Engineering, 4th 

edition, by Roger Roess, Elena Prassas, and William McShane (Roess, Prassas, 

McShane, 2011). 

 

Table 2-2 Rule-of-Thumb Values for K and D to Determine DDHV 

Type of Roadway K D 

Rural 0.15 to 0.25 0.65 to 0.80 

Suburban 0.12 to 0.15 0.55 to 0.65 

Urban – Radial 0.07 to 0.12 0.55 to 0.60 

Urban - Circumferential 0.07 to 0.12 0.50 to 0.55 

 

The highway capacity manual suggests that for many highways, the K factor falls 

between 0.09 and 0.10 (TRB, 2010).  This supports a rule of thumb that is commonly 

used to give a hasty picture of peak-hour traffic that peak hour flows are 10% of daily 

traffic flows.  
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The best way to estimate K factors, when possible, is to collect data in the local area from 

roadways that are similar in nature, be they urban, suburban, rural, or recreational 

facilities; from areas with a similar level of development density; from facilities with 

comparable average annual daily traffic levels. 

 

2.2.2 Hourly Traffic Distributions 

 

Directional design hourly volumes are a widely accepted value for estimating the demand 

on roadways for use in design and planning. However, traffic engineers are not always 

concerned about peak hour traffic flows. For example, suppose that a city were planning 

to establish a detour route off-peak in order to accommodate roadway maintenance that 

could be done in the middle of the night in order to reduce the congestion burden borne 

by the public. The hourly traffic volumes during the middle of the night would be a much 

smaller fraction of the total daily traffic than the peak hour volumes, meaning that 

applying the multiplier K as shown above would give a very unrealistic estimate.  

 

For situations in which off-peak traffic volumes must be estimated, a traffic engineer 

should study the time-of-day distribution of traffic volumes. This distribution can be 

estimated easily if hourly traffic counts are available for a parallel roadway that is 

comparable to the roadway in question. The distribution can also be estimated using a 

travel survey, if available, by analyzing the time of day that travelers tend to make 

particular types of trips.  
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2.2.4 Directionality of Traffic Throughout the Day 

 

The highway capacity manual reminds traffic engineers that the directionality factor D 

must be considered not only during the highest peak hour, usually the morning peak for 

facilities with heavy commuter traffic, but also for other times of day, such as the 

afternoon peak hour, when the directionality effect will be applied in the other direction 

(TRB, 2010). Failure to account for changes in directionality throughout the day could 

be disastrous, as applying a directionality factor intended to be applied during the 

morning to afternoon or evening flows could result in a drastic overestimation or 

underestimation of traffic volumes during that time period. 

 

The American Association of State Highway and Transportation Officials’ Policy on the 

Geometric Design of Highways and Streets reminds traffic engineers that directionality 

of traffic has other components as well, specifically that turn volumes must be computed 

separately for morning and afternoon analysis periods. They also caution that highways 

serving recreational areas can have a time-of-day traffic distribution that differs greatly 

from what one would observe on a typical city freeway (AASHTO, 2001). 

 

2.3 Existing Methods for Estimating Turn Volumes 

 

There are a few methods already in existence that help estimate turn movement volumes 

at intersections. Hauer, Pagitsas, and Shin proposed a model in 1981 for solving the 

problem of incomplete data. Their method requires automatic simultaneous traffic counts 
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at the intersection under study. An initial estimate is made based on the functional classes 

of the two roadways, which is then improved by using an iterative process for reducing 

error. A closed-form solution for the number of vehicles turning in each direction is not 

possible, since there are twelve possible turning volumes and only eight known arrival 

and departure flows in a standard four-way intersection (Hauer, Pagitsas, Shin, 1981). 

 

Nihan and Davis used maximum likelihood algorithms for assembling turn count 

information in 1989, comparing them to error minimization algorithms. They found that 

an algorithm driven by maximum likelihood is more efficient but allows more bias into 

the results, and that algorithms driven by prediction error minimization produced 

unbiased results but are much less efficient (Nihan, Davis, 1989). 

 

Lan and Davis carried these models farther in 1995 by examining methods for 

reassembling turn movement counts using incomplete approach data. In 1998, the same 

two researchers tested the nonlinear least-square and quasi maximum likelihood 

approaches for updating turn movement predictions in real time in order to improve 

traffic signal timings based on demand (Lan, Davis, 1995).  

 

All of the studies mentioned above assume that the tube counts on the roads leading to 

and away from the intersection in question are taken at the same time – even the methods 

exploring incomplete approach data. In these cases, established methods give a fairly 

good estimate for turn volumes in each direction. However, the methods listed above may 

not be appropriate in all scenarios.  
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Publicly available data is often taken on different days, sometimes separated by years, on 

the different approaches. These figures may be corrected by the application of growth 

factors, but the volumes that result are by no means balanced with each other. 

Alternately, the engineer may be working with traffic volume projections in which the 

numbers of vehicles entering and exiting the intersection are not necessarily equal. Also, 

changes in land use around the intersection under study or geometric modifications to the 

intersection may influence turning behavior at the intersection in ways that traffic 

volumes on the approaches do not predict.  

 

2.4 Existing Methods for Determining Signal Timings 

 

This section will describe methods used in practice in the United Stated for timing traffic 

signals, as described in the Federal Highway Administration’s Traffic Signal Timing 

Manual. 

 

2.4.1 Change and Clearance Interval 

 

In signal timing, the change interval refers to the duration of the yellow light, and the 

clearance interval refers to the amount of time that all of the lights in each direction will 

be red before the light turns green in another direction. In the vast majority of US 

jurisdictions, use of formulas recommended by the Institute of Transportation Engineers 
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to determine change and clearance intervals is legally required. The Institute of 

Transportation Engineers formula for the change interval is: 

 

𝑦 = 𝑡 +
1.47𝑆!"

2𝑎 + (64.4 ∗ 0.01𝐺) 

 

𝑦 = 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑦𝑒𝑙𝑙𝑜𝑤 𝑙𝑖𝑔ℎ𝑡 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 

𝑡 = 𝑑𝑟𝑖𝑣𝑒𝑟 𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠  

𝑆!" = 85𝑡ℎ 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 𝑠𝑝𝑒𝑒𝑑 𝑜𝑓 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ𝑖𝑛𝑔 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑖𝑛 𝑚𝑝ℎ 

𝑎 = 𝑑𝑒𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑖𝑛 𝑓𝑡/𝑠! 

𝐺 = % 𝑔𝑟𝑎𝑑𝑒 𝑜𝑓 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ 

 

The formula essentially represents the time it takes for a faster-than-average driver to 

traverse one safe stopping distance, which will allow the driver to clear the intersection 

before the light turns red. Commonly used parameters that can generally be applied are 

1.0 seconds for driver reaction time, average speed plus five miles per hour for 85th 

percentile speed, and 10.0 ft/s2 for deceleration rate of vehicles. 

 

The recommended formula for calculating the change interval is: 

 

𝑎𝑟 = 𝑚𝑎𝑥
𝑤 + 𝐿
1.47𝑆!"

,
𝑃

1.47𝑆!"
 

 

𝑎𝑟 = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑎𝑙𝑙 𝑟𝑒𝑑 𝑝ℎ𝑎𝑠𝑒 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 
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𝑤 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑠𝑡𝑜𝑝 𝑙𝑖𝑛𝑒 𝑜𝑛 𝑡ℎ𝑒 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ 𝑡𝑜 𝑡ℎ𝑒  

𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 𝑙𝑎𝑛𝑒 𝑜𝑛 𝑡ℎ𝑒 𝑐𝑟𝑜𝑠𝑠 𝑠𝑡𝑟𝑒𝑒𝑡 

𝑃 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑠𝑡𝑜𝑝 𝑙𝑖𝑛𝑒 𝑜𝑛 𝑡ℎ𝑒 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ 𝑡𝑜 𝑡ℎ𝑒  

𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑎𝑟𝑡ℎ𝑒𝑠𝑡 𝑝𝑒𝑟𝑝𝑒𝑛𝑑𝑖𝑐𝑢𝑙𝑎𝑟 𝑐𝑟𝑜𝑠𝑠𝑤𝑎𝑙𝑘 

𝐿 = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑎 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 

𝑆!" = 15𝑡ℎ 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 𝑠𝑝𝑒𝑒𝑑 𝑜𝑓 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ𝑖𝑛𝑔 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑖𝑛 𝑚𝑝ℎ 

 

This formula essentially gives the time it takes for a slower-than-average vehicle to get 

clear of both cross traffic and the crosswalk if it enters the intersection on the last 

possible instant of the yellow light. The length of a standard vehicle is commonly 

assumed to equal 19 feet and the 15th percentile speed is commonly estimated as the 

average speed minus five mph (ITE, 2009). 

 

In general, it is strongly preferred to use measured speeds at the location in question as 

inputs for the formulas above. However, the FHWA does allow that some jurisdictions 

might have a policy that speed limits should be used in place of 85th percentile and 15th 

percentile approach speeds. The relationship between speed limits and speeds is unclear. 

A study prepared by Hugh McGee, Sr. et. Al. showed that average speeds generally 

exceeded the speed limit for speed limits of 35 miles per hour and approximately equaled 

the speed limit for speed limits from 40 to 55 miles per hour. They concluded that a fair 

estimate of 85th percentile speeds could be achieved by adding seven miles per hour to 

the speed limit, except for speed limits of 25 miles per hour and below, where one should 
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add ten miles per hour. They concluded that average speeds are generally less than one 

mile per hour faster than the speed limit (McGee, 2012).  

 

The same study recommended using 85th percentile speed estimates, not 15th percentile 

speeds, for calculating all-red intervals in the absence of speed data. Be forewarned that 

this is less conservative, since a slow-moving vehicle that enters the intersection just as 

the yellow light turns red will be in the intersection longer than a fast-moving vehicle, 

and will require more time to clear the path for cross traffic. One could use the speed 

limit minus six miles per hour to estimate the 15th percentile speed, since the average 

speed is usually less than one mile per hour over the speed limit and the 15th percentile 

speed can be estimated by subtracting five miles per hour from the average speed. 

Although this technique is not recommended anywhere in the literature, it is more 

conservative and hence safer than the methods that are. 

 

2.4.2 Determining Equivalent Lane Flows 

 

Before preparing a phasing plan and signal timing for an intersection, one must know 

how heavily used each lane is for each approach. This is quantified by using equivalent 

lane flows. Equivalent lane flows account for the fact that vehicles that are turning take 

more time to pass through an intersection by multiplying the number of vehicles turning 

by factors describing how much longer certain turn movements will take to execute than 

simply continuing straight thru the intersection. Typical multipliers are 1.6 for a protected 

left turn and 1.4 for a right turn. Determining equivalent lane flows therefore requires the 
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collection of data in the field regarding how many vehicles are turning in which direction 

for each separate lane. 

 

Determining equivalency multipliers for permissive left-turn movements is more 

complex, because the amount of time it takes to execute a turn depends on the amount of 

opposing straight-through traffic and the number of lanes available to opposing flow. 

These methods are described in detail in the Highway Capacity Manual. In general, 12 or 

15 would be considered very high equivalency factors that represent vehicles only 

making it through the intersection because they sneak their way into oncoming traffic or 

execute their turn when the light changes red and they are caught in the middle of the 

intersection. 

 

2.4.3 Selecting Number of Phases 

 

Before deciding on the amount of green time to assign to each phase, a traffic engineer 

has to decide what those phases will consist of. Only four-leg intersections will be 

discussed here, since intersections with more than four legs are complex and are handled 

on a case-by-case basis, and three-leg intersections can be analyzed in a manner very 

similar to four-leg intersections. 

 

The most basic phase plan uses only two green signal phases, in which one axis receives 

a green light while the cross street receives a red light, for both axes. Left turns are 

permissive, which means that vehicles turning left must pass through gaps in the 
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oncoming traffic stream in order to execute their turns. This is the most efficient phasing 

plan to use if it is possible, since each additional phase adds a yellow and an all red 

interval, which subtracts from total green time at the intersection. 

 

If there is too much left turn traffic demand at the intersection, vehicles waiting to turn 

left might queue enough to impede the flow of vehicles traveling straight thru. This is 

especially problematic if there is no left turn bay to contain the vehicles waiting to turn. 

Also, if vehicles have to wait for more than one cycle to make their turn, the drivers may 

become frustrated, making them prone to risky decision-making. If left turn volume is 

high enough to warrant these concerns, additional phases can be added in which the left 

turn movement on two opposing legs is protected, emptying the queue of left turners. 

 

If demand on two opposing approaches is unequal, the protected left phase might only be 

needed in one direction. In this case, a leading green phase can be used, in which vehicles 

are given a green light with a protected left in one direction, but the signal for the 

opposing traffic direction stays red. After a certain period, both directions are given a 

circular green light. Alternatively, a lagging green can be employed, in which both 

approaches on the same axis have a circular green, then one of them turns red, and the 

other direction is given a protected left. It is possible to use both leading and lagging 

green phases if both approaches have enough left turn traffic to warrant them. 

 

Sometimes, a phase will be included where lights are red in all directions for a certain 

period to allow pedestrians to cross at will. Exclusive pedestrian phases work best in 
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areas where there is a very high amount of pedestrian traffic, but only a moderate amount 

of vehicular traffic (Roess, Prassas, McShane, 2011). 

 

There are many other possibilities for how a traffic signal can be phased; the ones 

described above are simply the most common. Designing phase plans may require a bit of 

creativity on the part of a traffic engineer in order to accommodate the demand at the 

intersection in the most efficient and equitable manner possible. 

 

2.4.4 Setting Cycle Length 

 

In general, when deciding the total signal cycle length, shorter cycle lengths reduce delay, 

while longer cycle lengths increase flow. This is because a short cycle length will mean 

short waits at red lights, while a long cycle length means that a smaller fraction of the 

cycle will be consumed by yellow and all red phases. 

 

The Webster Method is a means for calculating the ideal cycle length with the goal of 

minimizing delay. It is described by this formula, as provided by the Traffic Signal 

Timing Manual: 

 

𝐶 =
1.5𝐿 + 5
1.0− Σ𝑌!

 

 

𝐶 = 𝑜𝑝𝑡𝑖𝑚𝑢𝑚 𝑐𝑦𝑐𝑙𝑒 𝑙𝑒𝑛𝑔𝑡ℎ 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 

𝐿 = 𝑙𝑜𝑠𝑡 𝑡𝑖𝑚𝑒 = 𝑠𝑢𝑚 𝑜𝑓 𝑦𝑒𝑙𝑙𝑜𝑤 𝑎𝑛𝑑 𝑎𝑙𝑙 𝑟𝑒𝑑 𝑡𝑖𝑚𝑒𝑠 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑝ℎ𝑎𝑠𝑒 
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𝑌! = 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑙𝑎𝑛𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 𝑑𝑖𝑣𝑖𝑑𝑒𝑑 𝑏𝑦 𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑓𝑙𝑜𝑤 𝑓𝑜𝑟 𝑝ℎ𝑎𝑠𝑒 𝑖 

 

Another method for calculating an ideal cycle length is the Pignataro method. This 

method is intended for use when volume requirements control cycle length, or in other 

words, when demand is high. Its form is as follows: 

 

𝐶 =
𝑦!

1− ∑𝑁!𝑆!
3600 ∗ 𝑃𝐻𝐹

 

 

𝑦! = 𝑦𝑒𝑙𝑙𝑜𝑤 𝑝𝑙𝑢𝑠 𝑎𝑙𝑙 𝑟𝑒𝑑 𝑡𝑖𝑚𝑒 𝑓𝑜𝑟 𝑝ℎ𝑎𝑠𝑒 𝑖 

𝑁! = ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑙𝑎𝑛𝑒 𝑒𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑝ℎ𝑎𝑠𝑒 𝑖 

𝑆! = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ℎ𝑒𝑎𝑑𝑤𝑎𝑦 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠 𝑎𝑠 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑙𝑎𝑛𝑒 𝑓𝑙𝑜𝑤𝑠 𝑁! 

𝑃𝐻𝐹 = 𝑃𝑒𝑎𝑘 𝐻𝑜𝑢𝑟 𝐹𝑎𝑐𝑡𝑜𝑟 =
𝑝𝑒𝑎𝑘 ℎ𝑜𝑢𝑟 𝑣𝑜𝑙𝑢𝑚𝑒

4 ∗ 𝑝𝑒𝑎𝑘 15 𝑚𝑖𝑛𝑢𝑡𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 

 

This formula gives the cycle length necessary to accommodate all of the demand at the 

intersection, and is a rational method, not an optimization tool. It is reasonable to 

consider Webster as the formula that gives the ideal cycle length based on minimizing 

delay, and Pignataro as the formula that gives the minimum cycle length to handle 

demand at the intersection. 

 

The peak hour factor accounts for the fact that demand tends to fluctuate throughout the 

hour, and converts peak hour flows to flows for the highest 15-minute period within the 

hour. The peak hour factor should be calculated using data collected in the field. The 
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highway capacity manual suggests that typical peak hour factors are between 0.8 and 

0.98 in urban areas. A peak hour factor over 0.95 usually represents high traffic volumes, 

where capacity constraints limit variation in flow, and under 0.8 represents areas with 

extreme peaks, such as in front of schools, hospitals, or factories where large amounts of 

people arrive or depart at the same time (ITE, 2009). 

 

The highway capacity manual and Traffic Signal Timing Manual present a modified 

version of the equation above, which they suggest be used primarily for planning-level 

analyses (HCM, 2010): 

 

𝐶 =
𝐿

1−min (𝐶𝑆,𝑅𝑆)
𝑅𝑆

 

 

𝐶 = 𝑖𝑑𝑒𝑎𝑙 𝑐𝑦𝑐𝑙𝑒 𝑙𝑒𝑛𝑔𝑡ℎ 

𝐿 = 𝑙𝑜𝑠𝑡 𝑡𝑖𝑚𝑒 = 𝑠𝑢𝑚 𝑜𝑓 𝑦𝑒𝑙𝑙𝑜𝑤 𝑎𝑛𝑑 𝑎𝑙𝑙 𝑟𝑒𝑑 𝑡𝑖𝑚𝑒𝑠 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑝ℎ𝑎𝑠𝑒  

𝐶𝑆 = 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑣𝑜𝑙𝑢𝑚𝑒𝑠 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑚𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑎𝑛𝑎𝑙𝑦𝑠𝑖𝑠 

𝑅𝑆 = 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑠𝑢𝑚 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 = 1710 ∗ 𝑃𝐻𝐹 ∗ 𝑓! 

𝑓! = 𝑎𝑟𝑒𝑎 𝑡𝑦𝑝𝑒 𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 𝑓𝑎𝑐𝑡𝑜𝑟 = 0.90 𝑖𝑓 𝐶𝐵𝐷, 1.00 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

Generally, cycle times should be limited to reasonable maximum and minimum values, 

which are frequently 150 and 50 seconds, respectively. If signal progression will be used, 

all signals in the system must have the same cycle length, except perhaps at intersections 

with very short cycle times that are half as long as the prevailing cycle time. In this case, 
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it is best to select cycle lengths that are multiples of 15 seconds, which will be acceptable 

for all signals applicable. 

 

2.5 Assigning Green Times 

 

After choosing yellow and all red times, a cycle length, and a phasing plan, one can 

obtain the total green time for each cycle by subtracting the yellow and all red times for 

each phase from the cycle length. This total green time should then be assigned to the 

different phases proportionally to the heaviest equivalent lane flows in each respective 

phase (ITE, 2009). 

 

2.6 Tools Missing from the Literature 

 

The methods described in this section are well-established and proven methods for 

calculating traffic parameters and performing traffic signal timings. However, the 

existing methods mandate that a good amount of data be gathered in the field, which is a 

luxury that is not always available.  

 

Although there are several methods described for reconstructing turn movement counts 

based on straight-line volumes on roadways, they are all fairly involved iterative 

processes, and most of them rely on traffic data which is balanced, in the sense that there 

exists at least one combination of turn movement figures that will allow the sum of the 

applicable turn movement flows to equal straight line volumes for each leg of the 
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intersection. If the counts on the different legs of the intersection are collected on 

different days, however, they will almost certainly not be balanced. The literature is 

missing a simple method that can be applied rapidly to estimate turn movement volumes 

with no expectation that flows will add up elegantly to equal the total flows on the 

adjacent roadways. Chapter 3 of this document will propose just such a method. 

 

Additionally, the literature does not contain suggestions for what a time-of-day 

distribution of directionality should look like. Although there is plenty of data and 

discussion about what factors influence K, which describes peak hour directionality, peak 

hour directionality is not always at issue. If a state department of transportation is 

investigating the effects of a detour that will be in place only at night, or on the weekend, 

for example, using peak hour directionality factors is not appropriate. Chapter 4 of this 

document will explore the form of the 24-hour distribution of directionality and the 

factors that influence it, which will provide an indication of what directionality factors 

can be used to convert AADTs to hourly traffic volumes during off-peak times. 

 

And finally, a means is necessary to convert total volumes to equivalent lane flows at 

intersections. Traffic data on roadways is almost always provided in the form of total 

flows, not individual lane flows. However, signal timings at intersections are not based 

on total volumes, but on the amount of traffic present in the busiest lane, accounting for 

the additional time vehicles will take to execute turn movements as opposed to going 

straight. Chapter 5 of this document proposes a method for estimating these lane flows 

when lane alignments and volumes for each turn movement are provided. 



 24 

CHAPTER 3: ESTIMATING TURN MOVEMENT COUNTS 

 

The techniques described in chapter 2 for estimating turn movement counts at 

intersections are fairly intensive iterative processes and a simpler process might be more 

appropriate in practice. The value of a simpler procedure may be much greater when 

there is a very limited time remaining before construction begins and a large number of 

intersections need to be modeled. This chapter presents a method for predicting 

reasonable turn movement volumes using only data that is typically available on the 

Internet for urban areas, including past tube counts and information about the geometry 

of the intersection that can easily be determined from a satellite image.  

 

3.1 Turn Movement Count Data Set 

 

The data set used for this study was taken from the city of San Luis Obispo, California’s 

traffic data website. At every intersection for which data was available, one day’s worth 

of traffic counts were provided, with most containing two hours of data each for the 

morning, midday, and afternoon peaks. The data included the number of vehicles turning 

left, going straight, and turning right from every approach; the type of traffic control at 

the intersection, which could be a signal, a three-or-four-way stop sign, or a one-or-two-

way stop sign; and the number of lanes available for each movement, which took a value 

of 0 for a left or right turn with no provisions to protect the turn lane, 0.5 if the lane was 

designated for both a turn movement and thru traffic, and 1 or more if al least one lane 

was designated only for the turn movement in question. 
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Every intersection for which data was provided was included. Since San Luis Obispo is a 

not a very large city, data was provided for only 113 intersections. For these 113 

intersections, there were a total of 404 approaches (this is less than four approaches per 

intersection because many of the intersections are three-way). For these 404 approaches, 

there were 9,543 separate 15-minute periods for which counts were provided. The 

analysis that follows used hourly data, however, since this is the most common 

measurement period used in practice. The data were aggregated into 2,381 complete 

hours of traffic information, an average of 5.89 hours of data for each approach at each 

intersection. 19 single-approach 15-minute counts were discarded, since they did not fit 

into a continuous hour. All traffic volume figures in this paper are stated in vehicles per 

hour. 

 

3.2 Proposed Method for Estimating Turn Movement Volumes 

 

The method that this chapter proposes consists of four steps: 

 

Step 1: Start with an assumption that the fraction of vehicles turning in each direction is 

proportional to the number of vehicles driving away from the intersection in each 

direction. 

Step 2: Multiply these turn fractions by the total number of vehicles entering the 

intersection by the approach in question to obtain baseline turn volume estimates. 
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Step 3: Use a linear regression model to correct systematic error in the baseline 

estimates. 

 

Step 4: Balance the estimated turn volumes so that the sum of the volumes turning in 

each direction equals the number of vehicles estimated to be using that approach. 

 

3.2.1 Step 1: Initial Turn Fraction Estimation 

 

Consider the conceptual layout of a four-way intersection presented below. 

 

 

Figure 3-1 Conceptual layout of a four-way intersection 
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The initial turn fractions are simply the fractions of vehicles departing the intersection in 

each direction for which a turn movement is possible. They can be determined using 

these equations: 

 

𝑃!,!"#$ =
𝑉!,!"#$%&'()

𝑉!,!"#$%&'() + 𝑉!,!"#$%&'() + 𝑉!,!"#$%&'()
 

𝑃!,!!!" =
𝑉!,!"#$%&'()

𝑉!,!"#$%&'() + 𝑉!,!"#$%&'() + 𝑉!,!"#$%&'()
 

𝑃!,!"#!! =
𝑉!,!"#$%&'(!

𝑉!,!"#$%&'() + 𝑉!,!"#$%&'() + 𝑉!,!"#$%&'()
 

 

𝑃!,!"#$, 𝑃!,!!!", and 𝑃!,!"#!! are turn percentages in the directions depicted, 𝑉!,!""#$#%& is 

volume in vehicles per hour approaching the intersection on approach x, and 

𝑉!,!"#$%&'() is volume in vehicles per hour departing the intersection on approach x.  

 

Figure 3-2 shows scatterplots comparing initial turn percentages that were calculated 

using this method with actual turn percentages for the San Luis Obispo dataset. These 

scatterplots suggest visually that there is some relationship between the initial estimates 

generated in this step and the actual turn percentages observed. However, the pattern 

underlying this relationship is clearly complex and rife with error, and not useful for 

prediction in its present state. 
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Figure 3-2A Initially Predicted and Observed Left Turn Percentages 

 

 

Figure 3-2B Initially Predicted and Observed Thru Percentages  
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Figure 3-2C Initially Predicted and Observed Right Turn Percentages  

 

3.2.2 Step 2: Convert Initial Turn Fractions into Volume Estimates 

 

Initial turn movement fractions 𝑃!,!"#$, 𝑃!,!!!", and 𝑃!,!"#!! are converted into volume 

estimates by multiplying them by the total amount of traffic approaching the intersection 

via approach A, as per these formulas: 

 

𝑉!,!"#$ = 𝑃!,!"#$ ∗ 𝑉!,!""#$!%!!"# 

𝑉!,!!!" = 𝑃!,!!!" ∗ 𝑉!,!""#$!%!!"# 

𝑉!,!"#!! = 𝑃!,!"#!! ∗ 𝑉!,!""#$!%!!"# 

 

Figure 3-3 shows scatterplots comparing baseline turn volume estimates that were 

generated using these formulas to actual turn volumes for the San Luis Obispo data set. 
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They each include a simple best-fit linear regression line describing the relationship 

between predicted and actual values.  

 

The relationship between predicted and actual volumes was much clearer than the 

relationship between predicted and actual turn percentages, following a pattern that 

appeared as though it could be approximated using a straight line. 

 

However, it was clear from the best fit lines shown on these plots that at this stage the left 

and right turn volumes were systematically over-predicted and thru volumes were 

systematically under-predicted. Also, no effort had been made to refine these estimates 

using immediately available information about roadway geometry. These were the 

reasons for Step 3, using a linear regression model to correct systematic error in the 

baseline volume estimates. 

 

 

Figure 3-3A Baseline Left Turn Volume Estimates and Observed Volumes 
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Figure 3-3B Baseline Thru Volume Estimates and Observed Volumes  

 

 

 

Figure 3-3C Baseline Right Turn Volume Estimates and Observed Volumes  
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3.2.3 Step 3: Apply a Regression Model to Correct Systematic Error 

 

Development of a linear regression model based on empirical data began with the 

construction of a model using every available predictor. The model was constrained by 

forcing the intercept through zero and all predictor variables were chosen to shift the 

coefficient associated with the volume prediction from Step 2. The model was also 

constrained to not provide constant positive or negative shifts in the result.  

 

Some of the constant shifts that would have been generated by predictor (dummy) 

variables that take a value of one or zero were strongly statistically significant. A test of 

f-statistics to compare the model shown to a model using dummy variables to predict 

both constant shifts in the prediction and shifts in slope would have shown that the latter 

was significantly stronger. However, the model must be logical and intuitive. It is not 

logical to suggest that alignment changes at an intersection cause a constant increase or 

decrease in traffic levels. Intuitively, all of these factors would influence a driver’s 

likelihood of making a certain turn, rather than add a certain number of drivers to that 

turn movement. 

 

Since the model focuses on simplicity and adaptability, lane alignment information was 

very simply expressed through variables indicating whether there was or was not a fully 

reserved lane available for right or left turns. To account for the differences between 

standard four-way intersections, three-way intersections, and intersections involving one 
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or two one-way streets, dummy variables indicated whether left, thru, and right turn 

movements were forbidden. Table 3-1 explains every variable included in the model. 

 

Table 3-1 All Variables Used in Linear Regression Models 

Variable Meaning Occurrences 

BaselineVolume 

The baseline turn movement generated in step 2 which 

corresponds to the movement currently under examination, be it 

left turn, thru, or right turn 

2381 

AllWayStop 
Equals BaselineVolume if the intersection in question is 

controlled by a three-or-four way stop and zero otherwise 
250 

PartWayStop 

Equals BaselineVolume if the intersection in question is 

controlled by a two-way stop or a one-way stop and the approach 

in question has to stop and zero otherwise 

237 

PartWayGo 

Equals BaselineVolume if the intersection in question is 

controlled by a two-way stop or a one-way stop and the approach 

in question does not have to stop and zero otherwise 

348 

ReservedLeft 
Equals BaselineVolume if there is a lane reserved only for traffic 

turning left and zero otherwise 
1268 

NoLeft 
Equals BaselineVolume if the left turn movement is prohibited 

and zero otherwise 
265 

NoThru 
Equals BaselineVolume if the thru movement is prohibited and 

zero otherwise 
130 

ReservedRight 
Equals BaselineVolume if there is a lane reserved only for the 

right turn movement and zero otherwise 
712 

NoRight 
Equals BaselineVolume if the right turn movement is prohibited 

and zero otherwise 
241 
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There was no variable indicating whether a traffic signal was present because in the 

dataset, every intersection was controlled either by a combination of stop signs or by a 

traffic signal. Therefore, the stop-sign-related variables described the difference in the 

turn movement volume that would be predicted at that arrangement of stop signs as 

opposed to a traffic signal. Also, there were no four-way intersections where only one 

approach did not have to stop, and there were no three-way intersections where the same 

street had a stop sign on one approach and not on the other approach; this was why it was 

acceptable to include three-way and four-way stop signs in the same variable, and two-

and-one way stop signs in the same variable. 

 

Table 3-2 shows the initial model for correcting systematic error in the baseline turn 

volume estimates. 
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Table 3-2 Initial Linear Regression Model 

 
Left Thru Right 

Variable Coeff T-stat 
P-

level 
Coeff T-stat 

P-

level 
Coeff T-stat 

P-

level 

BaselineVolume 0.75 26.60 0.00 1.09 133.92 0.00 0.70 37.02 0.00 

AllWayStop 0.29 9.50 0.00 -0.01 -0.86 0.39 -0.05 -1.75 0.08 

PartWayStop 0.05 0.97 0.33 0.55 0.70 0.48 0.27 5.18 0.00 

PartWayGo -0.03 -0.82 0.41 -0.07 -8.91 0.00 0.03 0.99 0.32 

ReservedLeft 0.09 3.09 0.00 0.04 5.48 0.00 -0.06 -3.87 0.00 

NoLeft NA NA NA 0.09 4.58 0.00 0.00 0.01 0.99 

NoThru 0.26 9.75 0.00 N/A N/A N/A 0.00 0.07 0.94 

ReservedRight 0.01 0.49 0.62 -0.03 -4.11 0.00 0.27 17.22 0.00 

NoRight -0.34 -14.20 0.00 0.02 2.27 0.02 N/A N/A N/A 

Std Error of the Estimate: 47.132 
  

54.272 
  

41.072 
 

R2: 0.859 
  

0.983 
  

0.896 
 

N: 2116 
  

2251 
  

2040 
 

Sum of Squared 

Residuals: 

468285

2   

660658

1   

359654

7  

 

Figure 3-4 shows scatterplots comparing turn volumes predicted by this model with 

actual observed values. The scatterplots include linear best-fit lines, in which the y-

intercept is omitted in order to describe the model more aptly. Since each best-fit line has 

a slope of one, it is clear that the model no longer systematically over-predicted thru 

volumes and under-predicted left and right turn volumes. 

 



 36 

However, there were several outliers that the model did a very poor job of predicting; 

they are circled in Figure 4. These outliers will be examined in detail, since outliers have 

disproportionately more impact on a linear regression model than points that fall into the 

range over which most of the data occurs. 

 

 

Figure 3-4A Initial Linear Regression Model and Observed Left Turn Volumes 
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Figure 3-4B Initial Linear Regression Model and Observed Thru Volumes 

 

 

Figure 3-4C Initial Linear Regression Model and Observed Right Turn Volumes 
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exceptionally high volume of left-turn traffic on the eastbound approach and an 

exceptionally high volume of right-turn traffic on the southbound approach because of a 

large development located to the northeast of this intersection. Although there was no 

reason to believe that the data at this intersection was flawed, it was omitted from further 

analysis. As a very high outlier, it exerted a strong influence on the linear regression 

model and it was better that the model be fitted to the range in which the bulk of the data 

lies. An image of the intersection is shown in Figure 5. 

 

 

Image source: maps.google.com 

Figure 3-5 Outlier Movements at Intersection of Los Osos and S. Higuera 

 

The points in outlier group 2 all came from three different approaches. The first two of 

these occurred at the intersection of Santa Rosa and Olive (Figure 6). At that location, 
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there were an abnormally low number of vehicles turning left from both the northbound 

and southbound approaches. There is a clear explanation for this behavior. At this 

intersection, both the left and right turn movements lead to the expressway for both the 

northbound and southbound approaches. It makes sense that traffic heading toward the 

expressway on both these approaches prefers to turn right rather than turning left and 

having to cross a stream of oncoming traffic.  

 

 

Image source: maps.google.com 

Figure 3-6 Outlier Movements at Intersection of Santa Rosa and Olive 

 

N 

route to 
expressway 

route to 
expressway 

exp
res

sw
ay 



 40 

The third approach from outlier group 2 that had an abnormally low left-turn volume was 

the southbound approach to the intersection of Higuera and Marsh, which also fell in 

outlier group 2. At this intersection, the approaches did not arrive at 90-degree angles. In 

fact, the southbound left turn movement very nearly had traffic double back on itself 

(Figure 7). Therefore, after taking this left turn, traffic would essentially go back to where 

it just came from, which is in most cases senseless.  

 

Because all three of the approaches whose data fell in outlier group 2 were clearly 

atypical, none of them were included in further analysis. 

 

 

Image source: maps.google.com 

Figure 3-7 Outlier Movement at Intersection of Higuera and Marsh 
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Finally, the points in outlier group 3 came from two different approaches. One was at the 

intersection of Los Osos Valley and expressway access ramps (Figure 8), and the other 

was at the intersection of Madonna and expressway access ramps (Figure 9). The 

approach that provided the data points in outlier group 3 in both cases was the exit ramp 

from the expressway. A straight-thru movement, therefore, would entail getting off the 

expressway and immediately getting back on, which does not represent what most drivers 

do. Since these approaches are atypical, they were excluded from any further analysis. 

 

 

Image source: maps.google.com 

Figure 3-8 Outlier Movement at Intersection of Los Osos and Access Ramps 

 

N 
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Image source: maps.google.com 

Figure 3-9 Outlier Movement at Intersection of Madonna and Access Ramps 

 

The model shown here was refined by omitting the outliers discussed above from the 

initial linear regression model in Table 3-2 and omitting predictors that were not 

significant to the 95% confidence level as described by the P-level. The P-level can be 

interpreted as the likelihood that the relationship between that predictor and the 

dependent variable was due to random chance. Omitting outliers and predictors under the 

95% confidence level ensured that the only predictors included in the model were those 

that had a very clear effect. Note that the list of predictors that were not significant is not 

N 
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exactly the same as in the initial model, since the significance of the predictors shifted 

when outliers were removed. 

 

Table 3-3 Final Linear Regression Model 

 

  Left Thru Right 

Variable Coeff T-stat 
P-

level 
Coeff T-stat 

P-

level 
Coeff T-stat 

P-

level 

BaselineVolume 0.73 30.21 0.00 1.09 142.87 0.00 0.75 49.13 0.00 

AllWayStop 0.30 11.58 0.00 N/A N/A N/A -0.12 -4.56 0.00 

PartWayStop 0.17 3.91 0.00 N/A N/A N/A 0.18 3.91 0.00 

PartWayGo N/A N/A N/A -0.06 -8.84 0.00 N/A N/A N/A 

ReservedLeft 0.15 6.25 0.00 0.04 5.12 0.00 -0.15 -10.95 0.00 

NoLeft N/A N/A N/A 0.06 2.58 0.01 N/A N/A N/A 

NoThru N/A N/A N/A N/A N/A N/A 0.15 4.61 0.00 

ReservedRight 0.04 2.58 0.01 N/A N/A N/A 0.27 19.31 0.00 

NoRight -0.39 -19.25 0.00 0.03 2.94 0.00 N/A N/A N/A 

Std Error of the Estimate: 40.871 
  

50.832 
  

36.656 
 

R2: 0.878 
  

0.985 
  

0.900 
 

N: 2080 
  

2215 
  

2098 
 

Sum of Squared 

Residuals: 
3464412     5710478     2810964   
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The models in table 3 can be stated in a more user-friendly format using these equations: 

 

𝑉!,!"#$ = 0.73+ 0.30 ∗ 𝐴𝑙𝑙𝑊𝑎𝑦𝑆𝑡𝑜𝑝𝐷𝑢𝑚𝑚𝑦 + 0.17 ∗ 𝑃𝑎𝑟𝑡𝑊𝑎𝑦𝑆𝑡𝑜𝑝𝐷𝑢𝑚𝑚𝑦 + 0.15

∗ 𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑑𝐿𝑒𝑓𝑡𝐷𝑢𝑚𝑚𝑦 + 0.04 ∗ 𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑑𝑅𝑖𝑔ℎ𝑡𝐷𝑢𝑚𝑚𝑦 − 0.39

∗ 𝑁𝑜𝑅𝑖𝑔ℎ𝑡𝐷𝑢𝑚𝑚𝑦 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑉𝑜𝑙𝑢𝑚𝑒 

 

𝑉!,!!!" = 1.09− 0.06 ∗ 𝑃𝑎𝑟𝑡𝑊𝑎𝑦𝐺𝑜𝐷𝑢𝑚𝑚𝑦 + 0.04 ∗ 𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑑𝐿𝑒𝑓𝑡𝐷𝑢𝑚𝑚𝑦 + 0.06

∗ 𝑁𝑜𝐿𝑒𝑓𝑡𝐷𝑢𝑚𝑚𝑦 + 0.03 ∗ 𝑁𝑜𝑅𝑖𝑔ℎ𝑡𝐷𝑢𝑚𝑚𝑦 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑉𝑜𝑙𝑢𝑚𝑒 

 

𝑉!,!"#!! = 0.75− 0.12 ∗ 𝐴𝑙𝑙𝑊𝑎𝑦𝑆𝑡𝑜𝑝𝐷𝑢𝑚𝑚𝑦 + 0.18 ∗ 𝑃𝑎𝑟𝑡𝑊𝑎𝑦𝑆𝑡𝑜𝑝𝐷𝑢𝑚𝑚𝑦

− 0.15 ∗ 𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑑𝐿𝑒𝑓𝑡𝐷𝑢𝑚𝑚𝑦 + 0.15 ∗ 𝑁𝑜𝑇ℎ𝑟𝑢𝐷𝑢𝑚𝑚𝑦 + 0.27

∗ 𝑅𝑒𝑠𝑒𝑟𝑣𝑒𝑑𝑅𝑖𝑔ℎ𝑡𝐷𝑢𝑚𝑚𝑦 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑉𝑜𝑙𝑢𝑚𝑒 

 

3.2.4 Step 4: Balance Predicted Turn Volumes 

 

Predicted left, thru, and right turn volumes for a given intersection approach do not 

necessarily add up to the actual volume approaching the intersection. However, for 

microsimulation model development, the left, thru, and right turn movements must by 

definition add up to the total volume approaching the intersection. This balancing can be 

achieved by the use of these formulas: 

 

 



 45 

𝑉!,!"#$,!"#"$%&' = 𝑉!,!"#$ ∗
𝑉!,!""#$!%!!"#

𝑉!"#$ + 𝑉!!!" + 𝑉!"#!!
 

𝑉!,!!!",!"#"$%&' = 𝑉!,!!!" ∗
𝑉!,!""#$!%!!"#

𝑉!"#$ + 𝑉!!!" + 𝑉!"#!!
 

𝑉!,!!"!!,!"#"$%&' = 𝑉!,!"#!! ∗
𝑉!,!""#$!%!!"#

𝑉!,!"#$ + 𝑉!,!!!" + 𝑉!,!"#!!
 

 

After performing this step, the standard errors of the estimate for left, thru, and right turn 

volume predictions were 37.322, 42.710, and 34.010 respectively. This was an 

improvement over the final linear regression model for each direction. 

 

3.3 Predictive Confidence of the Model 

 

In practice, it will be very important to describe the error inherent in the model and to 

state the confidence level of their predictions. Figure 10 shows scatterplots representing 

the residuals associated with the final balanced volume predictions for each movement. 
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Figure 3-10A Residuals Associated with Left Turn Volume Predictions 

 

 

 

Figure 3-10B Residuals Associated with Thru Volume Predictions 
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Figure 3-10C Residuals Associated with Right Turn Volume Predictions 

 

The error associated with each of these models appears fairly uniformly distributed across 

their entire ranges, except that in the low ranges the size of the error had a practical limit. 

This suggested that the best way to quantify the error associated with this model would 

be to use a prediction interval. The prediction interval provides a range of constant width, 

no matter how high or low the predicted volume, with a certain level of confidence that 

the actual turn volume lands within that range. The prediction interval was calculated 

using this formula: 
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Where t is the two-tailed t-statistic associated with the desired degree of confidence and a 

number of degrees of freedom equal to the number of observations minus two. Table 3-4 
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shows prediction intervals for 90%, 95%, and 99% confidence levels applied to the 

balanced results. 

 

Table 3-4 Prediction Intervals for Turn Movement Models 

 Std Error of 

the Estimate 

 

99% Prediction 

Interval 

95% Prediction 

Interval 

90% Prediction 

Interval 

 
N t-stat +/- range t-stat +/- range t-stat +/- range 

Left 37.322 2080 2.578 96.22 1.961 73.19 1.646 61.42 

Thru 42.710 2215 2.578 110.11 1.961 83.76 1.646 70.28 

Right 34.010 2098 2.578 87.68 1.961 66.70 1.646 55.97 

 

In order to illustrate the interpretation of these prediction intervals, Figure 3-11 shows 

scatterplots comparing predicted and actual turn volumes using the final version of the 

model with 95% prediction intervals. 

 

 

Figure 3-11A Predicted and Actual Left Turn Volumes with 95% Conf. Bands 
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Figure 3-11B Predicted and Actual Thru Volumes with 95% Conf. Bands 

 

 

Figure 3-11C Predicted and Actual Right Turn Volumes with 95% Conf. Bands 
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3.5 Discussion of Turn Movement Estimation Model  

 

The method proposed here is by no means meant to be a replacement for turn movement 

data collected in the field, nor does this model attempt to replace the iterative maximum-

likelihood models described in the introduction.  

 

The strength of this procedure is that an engineer could use data of low quality, taken on 

different days or even different years, along with information readily available on online 

mapping sites about the geometry of the intersection, to immediately generate reasonable 

estimates for typical turn movement volumes. This is important, because for many large 

metropolitan areas, this is precisely the data that is publicly available online for free. 

 

This chapter suggests a very clear topic for follow-on research. The goal of the method 

proposed is to produce typical values for left turn, thru, and right turn movements at 

intersections. However, even at the same approach to the same intersection at the same 

time, these volumes vary from day to day. The dataset used included only one day per 

location. However, it would be both interesting and useful to determine how much of the 

error produced by this method is inherent in the model and how much is the result of 

normal day-to-day fluctuation.  
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CHAPTER 4: TIME OF DAY DISTRIBUTION OF DIRECTIONALITY 

 

Annual average traffic flows that do not distinguish between the two directions of travel 

are often used for planning purposes in place of directional peak hour volumes because 

they are considered a more robust metric that is more predictable. If the traffic data 

provided does not distinguish between directions of travel, however, a conversion must 

be performed, since the traffic volume in both directions is rarely the same.  

 

As discussed in chapter 2, the directionality factor D is a fairly well understood parameter 

for describing peak-hour directionality, although it is difficult to predict. However, this 

factor does not adequately describe directionality throughout the rest of the day. If the 

AM peak is the heaviest hour of traffic, it is common practice to apply the directionality 

factor to the other direction in the afternoon. In reality, however, directionality in the 

afternoon by no means occurs in exactly the same magnitude as it did in the morning. 

Further, many road closures happen on the weekend or at night for repairs that are short 

in duration, and many special events such as sports games and shift changes that require 

traffic coordination do not occur during peak times. 

 

What is missing from the literature is a description of the distribution of directionality 

throughout the course of the day, so that an appropriate directionality factor can be used 

for off-peak analyses. This chapter will explore the form of the directionality distribution 

and how it changes depending on local conditions. 
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4.1 Directionality Exploration Data Set 

 

The traffic data for this exploration of directionality came from permanent traffic 

counters on highways in the Dallas-Fort Worth Metroplex, most of which are located on 

interstate freeways. This data is available on the North Central Texas Council of 

Governments’ website. There are 112 count locations in total, which provide a total of 

181,325 days of 24-hour count data. These locations are arranged in pairs, such that one 

point describes traffic in one direction, and the other point describes traffic in the other 

direction. Each day of data includes hourly volumes for every hour of the day. The oldest 

day in the data set is from January 2, 2004, and the most recent is from June 30, 2016. In 

addition to hourly volumes, each day of data includes total daily volume and day of the 

week. 

 

In examining the data more closely, some of the days did not include hourly volumes for 

all 24 hours of the day, instead focusing on peak periods or times under consideration for 

various unknown reasons, and some days had daily volumes but not hourly volumes. 

These points were cut from the data set to preserve uniformity. Further, any data point 

missing information on the date and day of the week was cut. These steps left 180,467 

days of data in the data set. 3,769 days’ worth of data had traffic counts at 15-minute 

intervals instead of 60-minute intervals; this data was aggregated to 60-minute intervals 

to facilitate analyses conducted with the remainder of the data set. The number of days of 

data at each point ranged from 377 to 3970. 
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Additional data was gathered in order to explore the predictors of directionality. This data 

includes 2014 employment estimated at the census tract level, provided by the North 

Central Texas Council of Governments. 2010 population figures, also at the census tract 

level, were obtained from the website of the United States Census. These employment 

and population figures were converted to population and employment densities using 

ArcGIS with the census tract shapefile also downloaded from the census website, and 

each traffic data collection point was tagged with population and employment density 

figures. At several locations, the roadway in question was the census tract boundary, and 

two traffic collection points describing different directions of flow on the same roadway 

were assigned different demographic descriptors. At these locations, the employment 

density and population densities for the two points were averaged so that directionality of 

flow at that point could be analyzed; it would make no sense to analyze directionality on 

the same roadway at the same point using two different values for the same independent 

variable. 

 

Because this analysis will involve comparing traffic values to demographic figures from 

2010 and 2014, recent traffic data is preferred. Thus, only data from the years 2007 to 

2016 was used in the analyses below, providing a total of 159,645 data points. Later in 

this analysis, the data will be stratified based on a number of different criterion, including 

day of the week, population density, employment density, and the percentage of daily 

traffic that occurs during the single heaviest hour. If any individual location contributes 

less than thirty points after these filters are applied, it and its partner point representing 

traffic flowing in the other direction are omitted. 
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4.2 Average Directionality Distribution  

 

The first step in calculating the directionality distributions below was to determine an 

hour-by-hour average volume distribution for each location at which traffic data was 

collected. Thus, traffic volumes were averaged for each hour at each location across all 

days available. This implies an assumption: no inflation factor was applied to older data, 

meaning that differences in the growth of traffic over time on different roadways were 

ignored. Restricting the traffic data to recent years should mitigate any confounding 

impact this assumption might have. 

 

After determining average traffic volumes for each hour of the day at each location, 

directionality for each hour was calculated by dividing traffic volumes in each direction 

at each hour by the sum traffic volumes at both the point in question and its partner on the 

other side of the road for each hour. Thus, directionality can be tracked throughout the 

day as a quantity separate from traffic volumes. 

 

The figure below shows hour-by-hour directionality figures for weekdays in the Dallas-

Fort Worth Metroplex, averaged across all traffic locations. Thus, each location is 

weighted the same in determining this distribution, regardless of its traffic levels or the 

number of data points available. For each pair of traffic count locations, one direction had 

higher directional flow in the morning, and the other had higher directional flow in the 

afternoon. The points that are heavy in the morning as opposed to heavy in the afternoon 
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are averaged and plotted separately, to represent the ebb and flow of traffic in both 

directions. 

 

 

Pairs of Traffic Count Locations: 53 

Days of Data Included:  114,340 

Average AM Directionality Peak: 64.2% 

Average PM Directionality Peak: 59.5% 

Figure 4-1 Weekday Directionality Distribution for Dallas Highways 

 

Note that the highest average directionalities on the graph are less than the average peak 

directionality figures listed underneath. This is because peak directionality occurs during 

different hours at different locations. Thus, when directionality is averages, the peak 

figures are attenuated. If using these distributions for an engineering analysis in which 

adverse scenarios are under study, it may be appropriate to inflate the distributions as 
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plotted such that their peak equals the listed morning or afternoon peak directionality. 

This could prevent underestimation of directional traffic flow. 

 

Here is the same distribution, describing weekend directionality instead of weekday 

directionality: 

 

 

Pairs of Traffic Count Locations: 53 

Days of Data Included:  45,443 

Average AM Directionality Peak: 60.0% 

Average PM Directionality Peak: 56.5% 

Figure 4-2 Weekend Directionality Distribution for Dallas Highways 

 

It seems that on weekdays and weekends, directionality follows the same time-of-day 

pattern, with approximately equal flows at lunchtime, heavier flows in one direction from 

three in the morning until noon, and heavier flows in the other direction in the afternoon, 
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evening, and nighttime. Directionality is more pronounced in magnitude, however, on 

weekdays, which makes sense because of the influence of commuter traffic. 

 

It is interesting to observe that directionality in the direction that experiences heavy 

morning flows is higher than in the direction that experiences heavy afternoon flows, 

although directionality favors the morning heavy direction for fewer hours of the day. 

This is probably due to the influence of morning commute traffic, in which a large 

segment of the population travels to work at the same time. Even the effect of traffic 

returning from work in the afternoon is less pronounced than the morning commute, 

presumably because people leave work at less uniform times at the end of the day, and 

save errands and recreation for times of day when they are out of work and traffic is light. 

 

Also interesting is the fact that on both weekdays and weekends, directionality has its 

daily peak at five in the morning, despite the fact that the morning peak period tends to 

occur sometime between seven and nine in the morning. This pattern will hold fairly 

consistent in the scenarios explored below. It seems that the periods of heaviest 

commuter flow do not line up perfectly with the times when the greatest percentage of 

the total traffic is travelling in the morning dominant direction. This could be a result of 

demand on the highways approaching or exceeding capacity during the peak periods, or it 

could simply be that the only people who are on the road at the very early hours of the 

morning are heading to work in the central business district, while later in the morning 

the presence drivers making trips for purposes other than commuting share the roadways. 
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4.3 Effect of Population Density on Directionality  

 

This chapter does not attempt to assign predictive confidence to the prediction of a time-

of-day directionality distribution based on certain, predictors. It’s goal, rather, is to 

characterize the distribution and explore the effect that various factors might have on it. 

 

One of these factors is population density. As discussed in chapter 2, conventional 

wisdom is that directionality is lower in more developed areas. This could be because 

demands will become very high, and flows on the roadways might be limited by capacity 

in the heavier direction, or even in both directions. It could also be because as an area 

matures, people tend to move closer to their work in order to reduce their commute time, 

until dwellings and places of employment are intermixed across the city and traffic flows 

equally in all directions. Another theory is that in places of very dense residential density, 

a higher fraction of the traffic will be local traffic for non-work purposes, as opposed to 

commuter traffic. Following these lines of thinking, it is expected that high population 

densities will represent maturity and density of development and predict less extreme 

directionality. 

 

Traffic data collection points tend to be placed in areas where high traffic volumes are a 

concern for a lot of citizens. Thus, they are located disproportionally in areas of high 

population density. In order to examine directionality more fairly, the census tracts in the 

Dallas-Fort Worth metroplex were therefore divided into three groups representing low, 

medium, and high population density areas. These groups’ arrangement in the metroplex 
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is shown in the figure below; population densities are expressed in persons per mile using 

data from the 2010 census. Note that TSZ stands for Traffic Survey Zone, which is the 

term used by the North Central Texas Council of Governments in place of the more 

common TAZ, Traffic Analysis Zone. 

 

 

Figure 4-3 Census Tracts in the DFW Metroplex Split by Population Density 

 

As expected, population densities are low for most of the region, and high in the center. It 

is noteworthy that medium and high population densities do not define a clear core area 

with more density than surrounding areas. This could be a sign that development in the 

area is fairly mature, or it could represent local areas of high development density 

throughout the city. 

Census	Tracts	by	Population	Density	in	Persons	per	Square	Mile	
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Here is a weekday directionality plot, similar to that seen in figure 4-1, except that it only 

includes data from traffic count locations that fall in an area with a population density 

that would place them in the bottom third of traffic survey zones in the region. 

 

 

Pairs of Traffic Count Locations: 19 

Days of Data Included:  40,759 

Average AM Directionality Peak: 65.0% 

Average PM Directionality Peak: 60.3% 

Figure 4-4 Weekday Directionality Distribution in Low Pop Density Areas 

 

Here is the weekday directionality distribution for medium density areas: 
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Pairs of Traffic Count Locations: 5 

Days of Data Included:  13,621 

Average AM Directionality Peak: 67.7% 

Average PM Directionality Peak: 63.2% 

Figure 4-5 Weekday Directionality Distribution in Medium Pop Density Areas 

 

And here is the weekday directionality distribution for high population density areas: 
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Pairs of Traffic Count Locations: 29 

Days of Data Included:  59,960 

Average AM Directionality Peak: 63.1% 

Average PM Directionality Peak: 58.3% 

Figure 4-6 Weekday Directionality Distribution in High Pop Density Areas 

 

Although these three groups representing low, medium, and high population density areas 

contain different numbers of count locations, these plots are still acceptable for the 

purposes of this exploration because of the high volumes of data involved in generating 

average directionalities at each location. 

 

Interestingly, initial expectations do not hold true. The areas with the least extreme 

directionality are the ones with the lowest population densities, and the areas with the 

most extreme directionality are those with medium population densities. This could be in 

keeping with the idea, however, that extreme directionality is caused by heavy commuter 
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traffic. Perhaps low population density areas are too far from the city to be attractive 

places to live for people working in the downtown employment centers, meaning that 

very few commuters would live in low population density areas, and they would 

commute from medium population density areas instead. Also, perhaps medium 

population density areas represent zones that commuter traffic must pass through to get 

from residential areas to areas with lots of jobs, meaning that the highways in medium 

population density areas would be dominated by commuter traffic passing through the 

area, and not by local traffic. 

 

An examination of weekend directionality patters split by population density may 

corroborate this theory. Here is a plot of weekend directionality distributions in low 

population density areas: 
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Pairs of Traffic Count Locations: 19 

Days of Data Included:  16,246 

Average AM Directionality Peak: 61.0% 

Average PM Directionality Peak: 56.8% 

Figure 4-7 Weekend Directionality Distribution in Low Pop Density Areas 

 

Here is a plot of weekend directionality distributions in medium population density areas: 
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Pairs of Traffic Count Locations: 5 

Days of Data Included:  5,388 

Average AM Directionality Peak: 59.7% 

Average PM Directionality Peak: 59.1% 

Figure 4-8 Weekend Directionality Distribution in Medium Pop Density Areas 

 

And here is a plot of weekend directionality distributions in high population density 

areas: 
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Pairs of Traffic Count Locations: 29 

Days of Data Included:  23,809 

Average AM Directionality Peak: 59.5% 

Average PM Directionality Peak: 55.9% 

Figure 4-9 Weekend Directionality Distribution in High Pop Density Areas 

 

In general, directionality behaves as initially expected on the weekends; for areas with 

higher population densities, directionality is less pronounced. Commuter traffic should 

have a much less pronounced impact on directionality on the weekends than on 

weekdays. Thus, the expectation that more densely developed areas with heavier traffic 

would have less directionality holds true.  

 

An exception is that directionality in the afternoon peak on the weekends is still less 

pronounced in low population density areas than in medium population density areas. 
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Examining the form of the plots, it appears that on the weekends, high volumes of traffic 

travel against the morning flow direction between midnight and two in the morning. It is 

very possible that this is because people living in medium population density areas are 

much more likely to return from recreational destination such as bars, restaurants, and 

movie theaters in the wee hours of the morning than people who live in the countryside. 

 

4.4 Effects of Employment Density on Directionality 

 

Just as population density serves as an indicator of maturity of development, the number 

of jobs per square mile in an area could as well. One would have similar expectations 

with regards to employment density as to population density, specifically that an increase 

in employment densities would predict higher volumes on the roadway and less 

directionally dependent demand. Further, employment density would be expected to have 

a similar relationship with commuter traffic, except that employment density describes 

the destination of a work trip, and population density describes the origin. 

 

For this analysis, census tracts in the Dallas-Fort Worth region were split into three 

groups based on employment density, as shown in figure 4-10. 
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Figure 4-10 Census Tracts in the DFW Metroplex Split by Employment Density 

 

As expected, areas further from the downtown core have lower employment densities 

than in the center, supporting the idea that employment density can successfully represent 

maturity of development. It appears visually that areas of high employment density may 

be more centralized than areas of medium employment density, while areas of medium 

and high population density as seen in figure 4-3 were more intermixed. This indicates 

that employment density might actually be a better indicator of maturity of development 

than population density. 

 

Census	Tracts	by	Employment	Density	in	Jobs	per	Square	Mile	
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Here is the weekday directionality distribution for count locations in low employment 

density areas: 

 

 

Pairs of Traffic Count Locations: 12 

Days of Data Included:  26,373 

Average AM Directionality Peak: 65.1% 

Average PM Directionality Peak: 60.1% 

Figure 4-11 Weekday Directionality Distribution in Low Employment Density 

Areas 

 

Here is the weekday directionality distribution for count locations in medium 

employment density areas: 
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Pairs of Traffic Count Locations: 5 

Days of Data Included:  13,840 

Average AM Directionality Peak: 65.8% 

Average PM Directionality Peak: 61.8% 

Figure 4-12 Weekday Directionality Distribution in Medium Employment Density 

Areas 

 

And here is the weekday directionality distribution for count locations in high 

employment density areas: 
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Pairs of Traffic Count Locations: 36 

Days of Data Included:  74,127 

Average AM Directionality Peak: 63.7% 

Average PM Directionality Peak: 58.9% 

Figure 4-13 Weekday Directionality Distribution in High Employment Density 

Areas 

 

As with population density, the highest directionality occurs in medium employment 

density areas. The difference between medium and low employment density areas in 

terms of peak morning and afternoon directionality is very low. This is not the case 

according to the time-of-day plot, however. This suggests that while medium 

employment density areas experience directionality that is only slightly more extreme 

than in low employment density areas, directionality peaks happen at different times of 

day in low employment density areas and tend to occur close together in medium 
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employment density areas, resulting in an hour-by-hour distribution with a much more 

pronounced contour. Directionality is least pronounced in high employment density 

areas, which is in keeping with the original expectations. 

 

Let us now contrast these patters to directionality patterns observed on the weekend. Here 

is the weekend directionality distribution in the Dallas-Fort Worth region based only on 

traffic counts taken in low employment density areas: 

 

 

Pairs of Traffic Count Locations: 12 

Days of Data Included:  10,534 

Average AM Directionality Peak: 61.3% 

Average PM Directionality Peak: 57.4% 

Figure 4-14 Weekend Directionality Distribution in Low Employment Density 

Areas 
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Here is the weekend directionality distribution in the Dallas-Fort Worth region based 

only on traffic counts taken in medium employment density areas: 

 

 

Pairs of Traffic Count Locations: 5 

Days of Data Included:  5,475 

Average AM Directionality Peak: 59.3% 

Average PM Directionality Peak: 58.7% 

Figure 4-15 Weekend Directionality Distribution in Medium Employment Density 

Areas 

 

And here is the weekend directionality distribution in the Dallas-Fort Worth region based 

only on traffic counts taken in high employment density areas: 
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Pairs of Traffic Count Locations: 36 

Days of Data Included:  29,434 

Average AM Directionality Peak: 59.7% 

Average PM Directionality Peak: 55.9% 

Figure 4-16 Weekend Directionality Distribution in High Employment Density 

Areas 

 

As expected, directionality in high employment density areas is less pronounced that in 

low employment density areas. Directionality in medium employment density areas, 

however, is fairly pronounced in the afternoon. This could be, again, a result of late-night 

recreation options that people living in medium employment density areas are most likely 

to take advantage of. 
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4.5 Effect of Peak Hour Flow on Directionality 

 

Recall from earlier discussions that when peak hour demands exceed capacity of the 

roadway, the volume observed will be limited. This will result in reduced directionality, 

especially if both directions of travel are at capacity, in which case 50% directionality 

could in principle be predicted reliably. As traffic demand grows, latent demand will 

express itself, meaning that drivers will choose to travel earlier or later in order to avoid 

the heaviest traffic periods. Thus, the period of time for which the roadway is at capacity 

will grow longer and longer, and directionality will be further reduced.  

 

As demand exceeds capacity for a larger portion of the day, daily traffic volumes will 

increase, but peak hour volumes will be limited by capacity. Thus, it is expected that on 

busy highways a peak hour representing a small percentage of daily traffic will predict a 

less pronounced directionality than a highway where the peak hour carries a large 

percentage of the daily traffic. 

 

It may seem inappropriate to use peak hour traffic volumes to predict directionality as 

part of a process in which the goal is to predict hourly volumes from average annual daily 

traffic values. This is valid, since if hourly traffic volumes are available, there is no need 

to estimate a two-directional hour-by-hour traffic split. However, the purpose of this 

chapter is to explore, not to predict, and it is important to understand the relationship 

between demand, capacity, and directionality. 
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This portion of the analysis will rely on two-directional volumes. Just as with 

demographic figures, it does not make sense to have two different values of the same 

parameter used to predict directionality on the same road at the same location. The 

percentage of daily traffic occurring during the peak hour was calculated for every pair of 

points, therefore, by adding the traffic in both directions for each hour of the day, and 

dividing the maximum of those sums by the total daily traffic for those two points in both 

directions. 

 

Since peak hours occur at different times in different directions of travel, peak hours 

consume a smaller percentage of the daily traffic than the nine or ten percent we would 

expect to be standard in one-directional flow. At the 53 pairs of points with enough data 

meeting the year and weekday filters, 18 had less than 7.01% of daily traffic occur during 

the peak hour on weekdays, 17 had more than 8.05%, and 18 landed in the middle. These 

similarly sized groups of points were used as the comparison groups for traffic count 

points with a low, high, and medium percentages of daily traffic occurring during the 

peak hour, respectively. A plot of the weekday directionality distribution for traffic count 

locations where a low percentage of daily volume occurs during the peak hour is found 

below. 
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Pairs of Traffic Count Locations: 18 

Days of Data Included:  27,699 

Average AM Directionality Peak: 62.7% 

Average PM Directionality Peak: 57.9% 

Figure 4-17 Weekday Directionality Distribution at Low Peak Percentage 

Locations 

 

Here is a plot of the weekday directionality distribution for traffic count locations where a 

medium percentage of daily volume occurs during the peak hour: 
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Pairs of Traffic Count Locations: 18 

Days of Data Included:  36,747 

Average AM Directionality Peak: 65.4% 

Average PM Directionality Peak: 58.94 

Figure 4-18 Weekday Directionality Distributions at Medium Peak Percentage 

Locations 

 

And here is a plot of the weekday directionality distribution for traffic count locations 

where a high percentage of daily volume occurs during the peak hour: 
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Pairs of Traffic Count Locations: 17 

Days of Data Included:  44,669 

Average AM Directionality Peak: 65.8% 

Average PM Directionality Peak: 61.5% 

Figure 4-19 Weekday Directionality Distributions at High Peak Percentage 

Locations 

 

Initial expectations hold true: as the percentage of daily traffic occurring in the peak hour 

increases, directionality becomes less pronounced. 

 

In exploring weekend directionality distributions, the same three groups are used as for 

the weekday distributions. While weekend peak hour percentages are certainly different 

from weekday percentages, weekday peak hours are the period that is discussed and 

studied in depth, and they are the periods that experience flows at capacity and latent 
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demand effects, while weekend flows are generally much more likely to be below 

capacity in all parts of an urban area. Also, it is more useful to continue the analysis 

without changing the groups of locations that were studied above. A plot of the weekend 

directionality distribution for traffic count locations where a low percentage of daily 

volume occurs during the peak hour on weekdays is found below. 

 

 

Pairs of Traffic Count Locations: 18 

Days of Data Included:  10,983 

Average AM Directionality Peak: 59.7% 

Average PM Directionality Peak: 55.8% 

Figure 4-20 Weekend Directionality Distributions at Low Peak Percentage 

Locations 

 

Here is a plot of the weekend directionality distribution for traffic count locations where a 

medium percentage of daily volume occurs during the peak hour on weekdays: 
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Pairs of Traffic Count Locations: 18 

Days of Data Included:  14,614 

Average AM Directionality Peak: 59.3% 

Average PM Directionality Peak: 56.5% 

Figure 4-21 Weekend Directionality Distributions at Medium Peak Percentage 

Locations 

 

And here is a plot of the weekend directionality distribution for traffic count locations 

where a high percentage of daily volume occurs during the peak hour on weekdays: 
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Pairs of Traffic Count Locations: 17 

Days of Data Included:  17,800 

Average AM Directionality Peak: 61.4% 

Average PM Directionality Peak: 57.7% 

Figure 4-22 Weekend Directionality Distributions at High Peak Percentage 

Locations 

 

In general, weekend distributions follow expectations as well, with less pronounced 

directionality overall than observed on weekdays. There is one exception: morning peak 

flows on the weekends in areas where a low percentage of weekday traffic occurs during 

the peak hour are still fairly pronounced. Perhaps in these busy parts of the region, 

commuters need to head to jobs alongside those highways even on Saturday and Sunday. 
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4.6 Discussion of Directionality Distributions 

 

An engineer could use the directionality distributions presented in this chapter along with 

a reasonable hour-by-hour distribution of travel taken from a travel survey or from traffic 

levels on parallel facilities to convert average annual daily traffic values into hourly 

traffic values for any hour of the day, even if it were off peak. However, at this stage this 

would require a healthy dose of engineering judgment. However, the information in this 

chapter is limited by the fact that the data all comes from major highways in one region, 

and by the lack of predictive confidence associated with the distributions that were 

presented. While these distributions suggest interesting insights regarding the 

relationships between demographics, urban form, and directionality of travel, more data 

and more investigation is needed before they can be considered standard traffic 

engineering techniques. 
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CHAPTER 5: GENERATING INDIVIDUAL LANE FLOWS 

 

When preparing signal timing data for a microsimulation model, the best inputs would be 

actual signal timing plans provided by the city responsible for the timings. However, an 

engineer will not always be able to obtain this information. If this is the case, the engineer 

building the microsimulation model will have to generate signal timing models himself. 

In the absence of data collected in the field, average speeds on the roadway can be 

estimated using posted speed limits as a basis, and parameters measured using online 

mapping sites for intersection width. This information can be used to generate yellow and 

all red times. The methods for calculating these parameters are well established and are 

described in chapter 2. 

 

Chapters 3 and 4 present means to estimate hourly traffic volumes and turn movement 

counts at intersections. In order to estimate green time splits and cycle lengths, however, 

volumes on the roadway must be reduced to equivalent lane volumes, since there may be 

multiple lanes available for the same turn movement at the intersection. This chapter will 

present a method for estimating equivalent lane volumes given the lane alignments and 

the number of vehicles per hour that will follow each turn movement available. 

 

The assumption necessary to estimate equivalent lane flows is that drivers will choose to 

travel through the intersection on the most empty lane, in order to minimize their travel 

time. Thus, on the average, lanes that allow the same movement, be it left, thru, or right, 

will each carry the same number of travelers as other lanes addressing the same turn 
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movement. It is very simple to calculate equivalent lane flows where there is no more 

than one lane available for each turn movement, or where each lane is only available for 

use by one of the turn movements. Estimating lane flows where some lanes share turning 

movements in various combinations is a bit more complex. Each of these scenarios will 

be presented in the following pages. 

 

5.1 Lane Flows where One Lane Serves Multiple Turning Movements 

 

Consider the lane alignment below, where one lane services the left, through, and right 

turn movements for approaching traffic. Assume that left turn movements are protected, 

and therefore no vehicles will have to perform a gap search before executing any of the 

movements.  

 

 

Figure 5-1 Lane Alignment where One Lane Serves Three Turn Movements 
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In this scenario, equivalent lane volumes can be found by multiplying volumes executing 

each turn movement by equivalency factors, then adding them together. Since there is 

only one lane available, finding the heaviest lane flow is irrelevant. 

 

5.2 Lane Flows Where Many Lanes Serve Different Turning Movements 

 

Now consider a different lane alignment for an approach to an intersection, where there 

are more lanes than turn movements, but none of the lanes serves more than one of them, 

as depicted below. 

 

 

Figure 5-2 Lane Alignment where Each Lane Serves Only One Movement 

 

In this example, it is trivial to calculate the equivalent lane flows for lanes A and D. The 

flow on these lanes will exactly equal expected turn volumes, since they are the only 

lanes available for the left and right turn movements and no other traffic is allowed to use 

them. All that remains is to multiply those flows by an equivalency factor. 
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Lanes B and C both serve the same movement, straight through. Since it is assumed that 

drivers will switch lanes to the lane with the lighter flow in order to minimize their time 

in traffic, these two lanes should theoretically remain at an equilibrium in which their 

flows are exactly the same. Thus, the volumes on these two lanes will each be half of the 

volume of straight through traffic. Since the equivalency factor for the straight movement 

is 1.0, these flows will be the final equivalent lane flows. 

 

In apportioning green time, the critical lane flow figure used for this approach would be 

whichever is the highest after applying equivalency factors, be it lane A, B, C or D. 

 

5.3 Lane Flows Where Lanes Serve Movements in Complex Combinations 

 

Below is an example of a more complex lane alignment, in which turn movements are 

shared on one lane, but not on others. In this arrangement, the number of vehicles making 

turn movements might affect drivers’ decisions about what lane to use in order to go 

straight through the intersection, so predicting the equilibrium flows for each lane is not 

as trivial as it was in the examples above. 

 



 88 

 

 

Figure 5-3 Lane Alignment Involving Complex Sharing of Turn Movements 

 

In this scenario, several outcomes are possible. If left turn volumes are very high, all 

traffic on lanes A and B might consist of vehicles that are turning, since flows might be 

heavier than lanes C or D even if straight through volume is split between only those 

lanes. On the other hand, if straight through volumes are heavy and left turn volumes are 

light, lanes B, C, and D might all be used only for straight through traffic, and all left turn 

traffic might then select lane A because it is not impeded by heavy volumes going 

straight. In a more complex scenario, lane B might carry both left turning traffic and 

traffic traveling straight through the intersection, in which case the equivalent lane flows 

on lane B will balance out to equal the lesser of the equivalent lane flows on lanes A or 

lanes C and D. For the examples shown below, equivalency factors of 1.6 and 1.4 are 

used for the left and right turn movements, respectively. 
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5.3.1 Scenario 1: Turn Movement Dominates All Available Lanes 

 

Imagine a scenario using the complex lane alignment above in which 400 vehicles per 

hour turn left, 600 vehicles per hour go straight, and 200 vehicles per hour turn right. If 

we multiply these flows by equivalency factors, we see: 

 

Equivalent Left Turn Volume: 400 x 1.6 = 640 

Equivalent Through Volume:  600 x 1.0 = 600 

Equivalent Right Turn Volume: 200 x 1.4 = 280 

 

In this scenario, left turn volumes are so high that even if the left turn traffic consumed all 

of the flow on lanes A and B, and the straight through traffic only used lanes C and D, 

equivalent lane flows on lanes A and B would be higher than on lanes C and D. This is 

therefore where equilibrium would settle, with equivalent lane flows of 320 on lanes A 

and B, 300 on lanes C and D, and 280 on lane E. 

 

In real life, the process of achieving equilibrium in this scenario would begin when left 

turn traffic began to use lane B instead of lane A because of heavy turn volumes on lane 

A. Straight through traffic would then leave lane B for lane C, and if lane C became 

crowded as a result, some vehicles would move from lane C to lane D. This would make 

sense to the drivers, since the traffic on the straight-through only lanes would be better 

than the traffic on lane B because of all the cars turning left and the relatively light 
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volumes on lanes C and D. This process would continue until the equilibrium described 

above was reached. 

 

5.3.2 Scenario 2: Through Movement Dominates All Available Lanes 

 

Imagine now that instead of the scenario outlined above, there were only small volumes 

of traffic turning left, and a great number of vehicles continuing straight through. 

Specifically, there might be 100 vehicles per hour turning left, 600 vehicles per hour 

going straight through, and 200 vehicles per hour turning right. Multiplying by 

equivalency factors, we would see these results: 

 

Equivalent Left Turn Volume: 100 x 1.6 = 160 

Equivalent Through Volume:  600 x 1.0 = 600 

Equivalent Right Turn Volume: 200 x 1.4 = 280 

 

In this case, equivalent volumes on lanes B, C, and D would be higher than on lane A 

even if all left turn traffic used only lane A, and all traffic on lane B went straight. In this 

case, equilibrium would mean that nobody could execute a lane change in order to get in 

a less congested lane. Thus, we see equivalent lane volumes of 160 on lane A, 200 on 

lanes B, C, and D, and 280 on lane E. 
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5.3.3 Scenario 3: Turning and Through Movements Share Lanes 

 

Imaging now that there are 180 vehicles per hour turning left, 600 vehicles per hour 

going straight, and 200 vehicles per hour turning right. In this scenario, the volumes are 

less extreme, and there is no situation in which traffic for one movement will crowd out 

all of the traffic from the other movement on lane B; instead, lane B will carry both left 

turn and straight through flow. In real life, left turn and straight through traffic would 

have a choice between sharing lane B with the other movement or traveling on a 

dedicated lane, so drivers would change lanes freely in both the left turn and straight 

through lanes. This means that if lane B is shared between the left and straight 

movements, equivalent lane volumes on lanes A, B, C, and D will be approximately 

equal. If any lane were busier than the others, drivers would switch out of that lane, and 

in turn traffic in that lane would switch to whatever adjacent lane had less flow, the split 

of left versus through traffic on lane B would shift, and a new equilibrium would be 

attained. 

 

It is possible to model these relationships as a system of equations which can be solved, 

In this case, lane A would carry 138.75 vehicles turning left, lane B would carry 41.25 

vehicles turning left and 156 traveling straight through, lanes C and D would carry 222 

vehicles traveling straight through each, and lane E would carry all 200 of the vehicles 

turning right. Thus, lanes A, B, C, and D would all have equivalent lane flows of 222, 

and lane E would have an equivalent lane flow of 280. 
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5.4 General Applicability of Concepts for Estimating Lane Flows 

 

Obviously, there are many more possible lane alignment combinations and traffic volume 

scenarios than these presented here. However, with a bit of creativity it will always be 

possible for an engineer to predict equivalent lane flows if he assumes that vehicles will 

always switch lanes to a less busy lane when possible until equilibrium is reached. 

 

It is true that this assumption can be very imperfect in some scenarios. For instance, some 

of the drivers using the intersection may not be familiar with the local area, and will not 

have any idea which lanes will be less busy. In this case, drivers might be irrational and 

choose to use a busier lane even when a better alternative is available. Also, there might 

be destinations on one side of the road to which a lot of vehicles are traveling, causing 

traffic to use the lane on that side of the road disproportionally to other lanes. Perhaps 

also there are trucks, buses, or bicycle lanes that affect the desirability of certain lanes in 

comparison to others. In these cases, an engineer must exercise judgment in forming a 

realistic but appropriately conservative model, and if the question of lane flows is pivotal 

to the analysis the engineer is conducting, the methods presented here are no replacement 

for data collected in the field. 
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CHAPTER 6: CONCLUSIONS AND DISCUSSION 

 

The techniques presented in this thesis were developed while the author was working on 

a research project for the Texas Department of Transportation. His task was to analyze 

whatever traffic data was available and generate CORSIM models of specific scenarios 

that would arise during the maintenance and expansion on Dallas freeways. In these 

scenarios, the primary consideration was the welfare of the Dallas freeway system twenty 

and even fifty years in the future, which had much more to do with maintenance than 

with temporary traffic problems that would arise during construction projects. Further, 

the author completed these projects as a graduate student, and he had a budget of exactly 

zero dollars for data collection.  

 

The CORSIM models were therefore developed using the techniques that were compiled 

in this thesis and designed to approximate reality as closely as possible given the data the 

author could find online. The models did not have to satisfy a very rigorous test, 

however. They had to give a rough estimate of would traffic conditions would be like 

during construction. Although the models were not as accurate as desired, they were 

accurate enough to predict whether closing a lane on a freeway would not be an issue, or 

whether it would be an unmitigated disaster resulting in miles-long bumper-to-bumper 

traffic on major freeways. 

 

The models the author developed were not adequate for TxDOT to answer long-range 

road design questions. However, they provided exactly the information that was needed 
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in order to make decisions about how to plan their construction projects;  if these models 

had not been available then the construction projects might very well have proceeded 

regardless of what the effects on traffic would have been.  

 

The techniques presented in this thesis are not intended to replace standard traffic 

engineering methodologies. However, in scenarios where time is limited, budget is 

nonexistent, and any reasonable traffic model is better than the alternative, these 

techniques will prove invaluable. 
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