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1. Introduction 

Posting advisory speed signs at sharp curve locations is a common practice in the 

United States. These signs intend to inform drivers of an appropriate speed to negotiate 

the subsequent curve in a safe manner. However, there is no clear safety-based 

consensus about the effectiveness of these signs. 

Safety assessment of these signs might be performed at two levels: operational and 

crash history assessment. The former can be understood as studying proximal safety 

effects, and the latter could be viewed as studying the ultimate safety effects of these 

signs. A holistic operations approach would require geometric, driver, vehicle and 

performance data. Complementary, crash history assessment requires the use of 

historical crash data.  

This thesis adopts the operational approach, as it focuses on ascertaining the effect of 

advisory speed signs on road operations for the state of Oregon. The context of this 

research is a broader project that is currently in progress: SPR 685: Safety Evaluation of 

Curve Warning Speed Signs (Dixon & Avelar, 2010). This broader project encompasses 

the two aforementioned levels of assessing the associated safety of advisory speed 

signs. 

The main objective of this thesis is to categorize a large geographic area of the state 

of Oregon in terms of speed operations at sites displaying advisory speed signs, so to 

assess the effectiveness of these signs. The term „effectiveness‟ as used in this context, 

refers simply to adherence of the driver population to the speeds suggested by advisory 

speed signs. Defined at this level, assessing effectiveness entails addressing the 

following questions: Do drivers in western Oregon adhere to advisory speeds? If not, by 

how much do operating speeds differ from advisory speeds in this region? What is the 

proportion of western Oregon drivers that drive faster than the advisory speed? The 

results of this research address these questions, and since these results are representative 

of a large geographic area, they are useful at the policy-making level.  
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By achieving its main objective, this thesis would provide the Oregon Department of 

Transportation with relevant and meaningful information. Particularly, robust estimates 

resulting from this study may provide valuable input to assessing whether or not to 

adopt the recently released standards to post advisory speeds included in the 2009 

edition of the Manual of Uniform Traffic Control Devices (MUTCD).  

This thesis also includes a preliminary exploration of the collected data in an effort 

to detect evidence of a linkage between speeds at the studied curves and the presence of 

advisory speed signs. This preliminary exploration, however, is a minor objective of 

this work. The author does not perform an exhaustive investigation of statistical 

modeling techniques. This thesis utilizes a small fraction of the total available site data. 

To fully take advantage of the potential information in the larger data set, further 

statistical analysis is required. 

This thesis is outlined as follows: 

Chapter 2 presents a literature review of related works, focusing specifically on 

assessing safety implications of advisory speeds from the operations perspective. 

Appendix H is provided to supplement this chapter. This appendix comprises the 

literature review from an ongoing research project (SPR 685, ODOT) co-authored by 

Karen K. Dixon. 

Chapter 3 describes the sampling procedure. Special consideration is given to 

determining to what extent the sample of sites represents the wide geographic study 

region of Oregon. Ad hoc formulas are developed from general sampling theory in 

order to address this issue. 

Chapter 4 discusses the data collection mechanisms, logistics and general 

procedures. 

Chapter 5 describes data filtering and data adjustment procedures. This chapter also 

provides an analysis and selection of estimates for 85
th

 percentile speeds. A set of 

appropriate variables to address this thesis‟ main objective is provided at the end of this 

chapter. 
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Chapter 6 presents results of the characterization of operations in western Oregon.  

Chapter 7 presents an empirical analysis performed in search for evidence of 

operational effects of drivers responding to advisory speed signs. 

Chapter 8 provides overall conclusions and recommendations. The author also 

recommends potential future research work in Chapter 8. 

Finally, Chapter 9 lists the works reviewed for the literature review and for other 

parts of this thesis. 
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2. Literature Review 

To address the objective of this thesis, the author first explored regulations and 

guidelines concerning advisory speed signs. Details about current posting practices are 

given in Appendix H. 

 The author explored literature for this research from 3 specific areas: (2.2) 

Consistency of Posting Practice (2.3) Assessment of effectiveness of advisory speed 

signs, and (2.4) advisory speed signs in Oregon. 

2.1.  Regulations and Guidelines Concerning Advisory Speed Signs 

The MUTCD (FHWA, 2009) is the reference document in the United States for road 

signage and other traffic control devices. Section H.1.1 of Appendix H offers a detailed 

description of the MUTCD procedure to post advisory speeds. 

In the 2003 edition of the MUTCD, the posting threshold was simply a ball-bank 

reading of 16 degrees, regardless of the advisory speed. However, in its latest edition, 

the MUTCD (FHWA, 2009) upgraded the criteria to the following ball-bank thresholds: 

16 degrees for 30 mph or less, 14 degrees for speeds in the range of 35 to 55 mph, and 

12 degrees for 60 mph or more. 

Historically, MUTCD recommendations have been regarded as very conservative. 

For instance, Chowdhury et al. (1998) concluded that posting criteria was not 

appropriate for vehicle performance at the time. They argued that modern vehicles can 

generate side friction values from 0.65 to 0.90 before skidding out. Such vehicle 

performance amply exceeds side frictions of 0.21, 0.18 and 0.15 corresponding to ball-

bank readings of 14, 12
 
and 10

 
degrees respectively. These criteria were established 

initially in the 1930s, based on the threshold of discomfort resulting from driving a 

curve at increasing speeds.  
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2.2. Consistency of Posting Practice 

In 1978 Courage et al. conducted a survey of state transportation agencies about 

usage and effectiveness of advisory speed signs. Their report shows that a large 

flexibility to establish advisory speeds existed prior to 1978. From their report, ball 

bank readings were the preferred method to determine advisory speeds at the time (95% 

of respondents). In 1978, they used different criteria for this methodology: 37% of 

respondents used a flat reading of 10 degrees, and 28% did not specify their thresholds. 

Two out of 40 responding states claimed that they set their advisory speeds by 

engineering judgment.  

Chowdhury, et al. (1998) studied a set of horizontal curves and found suggestive 

evidence that a vast majority of drivers do not adhere to advisory speeds. They argue 

that lack of uniformity in posting practice across and within states might be an 

important factor contributing to this behavior. Furthermore, Bonesson, Pratt and Miles 

(2009) suggest two dimensions of inconsistancy: given a controlled set of conditions 

(e.g. such as to fix a theoretical side friction angle), the natural variation of the ballbank 

procedure makes it likely to obtain advisory speeds that differ by 5 mph and even 10 

mph for similar curves. Across sets of conditions (e.g. curves posted with different 

advisory speeds) they also found that the difference between advisory speed and mean 

operating speed decreases as advisory speed increases. Bonesson, Pratt and Miles  

recommend the use of the mean speed of free flowing trucks (which roughly 

corresponds to the 40
th

 percentile speed of pasenger cars) to provide consistency to 

posting practice.  

Koorey et al. (2002) prepared a detailed research report about advisory speeds in 

New Zealand. Their findings are not fully aplicable to the U.S. but rather an informative 

description of a potential scenario, for posting criteria in New Zealand are more 

consistent and less  conservative. On average, the difference between 85
th

 percentiles 

and advisory speeds was 7.5 kph (4.7 mph). Converse to Bonesson et al., they found 

that ball-bank surveys were fairly consistent, even when accounting for different 
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drivers, vehicles and test speeds. However, they also found a good match between 

posting advisory speeds by this method and an analytical method that uses road 

geometry and expected speeds. The road geometry method resulted on average in a 

more conservative value. Interestingly, they found that ball-bank readings of 17
 
degrees 

(regardless of advisory speed) seem to fit well to the mean operating speeds. This 

suggests a constant “level of comfort” threshold used by drivers to select their curve 

speed. 

More recently, Lyles and William in their report “Communicating Changes in 

Horizontal Alignment” (2006) argue that advisory speed signs are largely ineffective if 

the goal of the signs is that drivers adhere to the posted speed. They report that 

practitioners and the driving population perceive advisory speeds to be too low.  

2.3. Effectiveness of Advisory Speed Signs 

Courage et al. (1978) found in their survey of transportation agencies that 71% of the 

responders expressed concerns that the average motorist has little or no respect for 

advisory speeds. They also perceived that these signs were overused and that the posted 

speeds were too low. 

In a controlled experiment, Lyles (1982) tested five signage configurations at two 

curves in the state of Maine. Two of the five configurations included advisory speed 

signs. Lyles could not identify significant effects for any configuration in terms of 

change of driver behavior. It is worth noting that the sample sizes for every different 

configuration were about 50, so any subtle effect, if present at all, was beyond the 

statistical power of Lyles‟ experiment. Additionally, in the event that the experiment 

had identified any effect, it would have been hard to generalize the results from two 

displayed signs to a larger variety of advisory speeds. However, Lyles speculates that 

the effect of warning and even regulatory signage might be nonexistent. 

Nonetheless, Gates, Carlson and Hawkins (2004) followed a methodology similar to 

Lyles‟ to test the operational effects of enhancements on typical horizontal signage at 
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sharp curves and intersections. Although they found significant effects of enhancing 

some warning and regulatory signage, their results were inconclusive when it came to 

enhancing advisory speed signs at exit ramps. 

Chowdhury et al. (1998) found that the 85
th

 percentile of operating speeds exceeded 

advisory speeds by 9 mph on average, based on the posting criteria and vehicle fleet 

observed in 1998. They used a non-probability sample of curves located in the states of 

Maryland and West Virginia. The percentage of drivers who exceeded advisory speeds 

in their sample ranged from 65% up to 100%, depending on the posted advisory speed. 

Based on these findings, the authors concluded that advisory speed signs were not 

effective.  

Bonesson Pratt and Miles (2009) examined the data from Chowhury et al. and 

furthered their conclusion sustaining that the lack of consistency in posting practice 

leads to lesser confidence of drivers in advisory speed signs, so that a large variability in 

driver behavior is therefore observed.  

In a random survey of drivers conducted by mail, Kanellaidis (1995) found that road 

layout is the most relevant factor for drivers who typically exceed the speed limit in 

choosing their speeds at curves. Conversely, drivers that do not typically exceed speed 

limits use information from standard signage and additional signage (e.g. advisory 

speeds) to select their curve speeds. Although these results are useful to provide insights 

to driver attitude and motivation, they do not necessarily translate to driving behavior, 

as the author clarifies. Additionally, this study was conducted in Greece, although the 

author argues that in general, the operational implications of his results are consistent 

with operational studies around the world. 

Ritchie (1972) attempted to model speed of choice in curve as a function of advisory 

speeds. He used a sample of fifty drivers and 162 curves and found that the presence of 

warning and advisory speed signs seems to be associated with larger speeds. He 

concluded that this behavior was caused by the driver‟s increased confidence when 
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presented with more information about the upcoming curves. He also found that drivers 

tend to exceed lower advisory speeds by larger amounts than higher advisories. 

Lyles and William in their report “Communicating Changes in Horizontal 

Alignment” (2006) hypothesize that a “conversion” to a uniformed standard might lead 

to a period of posting inconsistency, given the differences in budget and priority of the 

agencies responsible for the advisory signs. Such a period could also generate the 

potential for dangerous situations for drivers unaware of the change. Furthermore, they 

identify curves with lower advisories as higher hazards for unfamiliar drivers under this 

scenario. They suggest that signage should be comprehensive (i.e. warning and chevron 

signs, horizontal markings, etc.) at these curves to mitigate the potential hazard. 

2.4. Advisory Speeds in Oregon 

The Oregon Department of Transportation (ODOT) Traffic Manual (2006), the state 

supplement to the MUTCD, establishes ball-bank thresholds of 13 degrees for 30 mph 

or less, 10 degrees for speeds in the range of 35 to 55 mph, and 7 degrees for 60 mph or 

more. These criteria are among the most conservative posting policies currently in use 

in the United States. 

Dixon and Rohani (2008) investigated advisory speed posting practice at 200 curve 

sites in Oregon. They found lack of uniformity in posting procedures. Furthermore, they 

estimated the cost of updating advisory speeds in Oregon to the then upcoming 

MUTCD posting criteria (actual criteria). They recommend further research in order to 

identify the benefits, if any at all, of advisory speed signs. 

2.5.  Summary 

Even though the current version of the MUTCD includes ball-bank standards, 

currently, many sites operate under heterogeneous posting criteria, as found by Courage 

et al. (1978). It is likely that several of these sites across the United States have not been 

updated to current standards. Even so, the case of Oregon illustrates that important 
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variations in posted criteria are possible, despite of the MUTCD describing standard 

procedures (Dixon & Rohani, 2008).  

The paper that appears as an outlier in the review is that by Ritchie (1972), which 

suggest that drivers speed up in the presence of advisory speeds. An extra examination 

of his data and methods would have been appropriate, but this author could not find 

details of his procedures. However, given the information available, another plausible 

explanation for his results would have been that instead of speeding up as a response to 

warning and advisory signage, drivers might have slowed down as reaction to 

conflicting information: a sharp curve ahead (visually perceived) and the lack of the 

signage that is typically associated. 

In general, it is difficult to draw comparisons among the different studies found in 

the literature review. All other things equal, different posting criteria likely mean 

different reactions by the drivers. Because of this circumstance, speed data 

representative of Oregon would be required to characterize road operations around 

curves with advisory signs in the state.  

Even when it is expected that results from Bonneson, Pratt and Miles (2009) are 

plausible, they are based on data collected by Chowdhury et al. (1998) twelve years 

ago. To fulfill the main objective of this research, it is appropriate to use not only up-to-

date data, but also data that is representative of drivers in the state of Oregon.  

Findings from Chowdhury et al. are noteworthy, their conclusions are sound and 

their procedures are appropriate. However, as this research effort includes the collection 

of similar data, an additional piece of information that would be desirable is 

determining to what extent interpretation of the results is valid to a broader region of the 

State of Oregon. Chowdhury et al. did not evaluate the probability structure of their 

sample, because they did not intend characterizing a larger collection of sites. The 

author devotes substantial efforts to establish the degree of sample representativeness of 

a large geographic area in Oregon. 
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3. Sample Design 

This chapter describes the development of a sampling procedure for the data 

collection task. The main objective of this research requires that the sample of sites be 

representative of a wide geographic region of Oregon. This chapter determines to which 

extent the intended sample would represent the targeted region of Western Oregon, 

based on probability and sampling theory. Case-specific formulas are developed for the 

sampling stage of this research. A final list of sites selected by these procedures is also 

provided. 

3.1.  Sampling Procedures Overview 

The primary data inputs for this research are operating speeds and geometric 

characteristics of curve sites. The author of this thesis collected these data from a 

probability sample design in order to characterize the geographic area of western 

Oregon. 

As stated previously, this research builds upon a data set available from Karen Dixon 

and Joshan Rohani‟s work (Dixon & Rohani, SPR 641: Methodologies for Estimating 

Advisory Curve Speeds on Oregon Highways, 2008). For their study, the researchers 

surveyed a probability sample of 166 curve sites across the state of Oregon. Dixon and 

Rohani collected a set of 34 variables characterizing the geometric design of two-lane 

rural highways in the State of Oregon. This work achieved both efficiency and 

effectiveness in reaching its goals by collecting complementary data from these sites, 

instead of collecting a new sample. 

Although it would have been desirable to collect operating speeds from all sites 

available in Dixon and Rohani‟s work, speed could only be acquired at a subset of sites 

due to resources and time constraints. Still, the subset was selected in such a way that 

statistical inferences were possible to a large portion of Western Oregon.  
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Section 3.2 estimates the sampling population size for this research, based on the 

information available from Dixon and Rohani‟s work. Because the estimate from 

Section 3.2 would be critical for the data analysis, the author put special emphasis on 

obtaining a robust estimate for the target population size. 

Section 3.3 discusses how the author treated important data characteristics in order to 

achieve a desirable precision of estimates per site. Such characteristics include: number 

of records to collect from each site, tailgating vehicles, and design variable selection.  

This research used a combination of probability sample techniques to obtain a 

subsample from Dixon and Rohani‟s work. The resulting sample design allowed this 

author to obtain estimates and standard errors that encompass Dixon and Rohani‟s 

sampling procedures and enable further sub sampling used for this work. The structure 

of the design variance resulted from three steps: (1) stratifying by region; (2) post-

stratifying by posted advisory speed and road segment types for double-sampling; and 

(3) selecting directions of travel by 1-stage cluster sampling within selected segments. 

The first step was provided by Dixon and Rohani‟s work, whereas the second and third 

steps are described in Section 3.4. 

Section 3.4 presents the equation for the variance of the sample design. This equation 

results from the combination of the various sampling techniques used to select the 

sample sites and the site-specific estimate variances.  

Section 3.5 summarizes how and why the design variance formulas required 

modification in order to adequately treat sites with more than two directions of travel 

available. The modifications presented in this section were necessary because sites with 

multiple directions of travel to survey required a further randomization step to 

determine which approaches to survey. 

Section 3.6 discusses the explicit modeling of additional characteristics of the 

variables to be sampled, and presents the formulas that resulted from this discussion. 

Section 3.7 presents and briefly discusses the formulas for computing overall 

estimates for ODOT regions 1, 2 and 3. 
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Section 3.8 synthesizes the sampling procedure with a brief discussion and includes 

the final list of sites selected by the probability design. 

Section 3.9 summarizes the development of Horvitz-Thompson (H-T) estimators. 

These estimators were considered as a potential alternative in the analysis, particularly 

when dealing with geometrically complex sites. When data became available, it was 

possible to compare the estimators stemming from the sampling design and the H-T 

estimators, with the result that the latter have larger standard errors associated for this 

particular case. Most authors agree that for some sample structures, the H-T estimators 

become unstable. For these reasons, the analysis in Chapters 5 and 6 uses the design-

based estimators described throughout this chapter. 

3.2.  Analysis of Sampling Procedures from SPR 641 

In order to draw a sample with associated design-unbiased estimators, this author 

assessed the probability structure of the available set of sites. Emphasis was placed on 

developing a design that yields unbiased estimators for the region parameters. Such 

design-based estimates are unbiased regardless of any distribution the surveyed 

population might follow. 

Data collection for the SPR 641 report took place during the summer of 2007. Figure 

3.2-1 depicts the respective sampling procedure.  

Dixon and Rohani divided the statewide inventory of 2-lane rural highways in two-

mile long segments. They assigned random numbers to every segment, ranked the 

segments according to this number, and examined every segment by their rank until 

they achieved the desired number of sites as in Figure 3.2-1. They chose this procedure 

because they did not know beforehand the number of segments with the appropriate 

characteristics in every surveyed region. They had an estimate of this number only after 

actually sampling the sites in their sample. 
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Figure 3.2-1. Stratified Sampling procedure followed by Dixon and Rohani. 

Source: Karen K. Dixon, Joshan W. Rohani, SPR 641: Methodologies for 

Estimating Advisory Curve Speeds on Oregon Highways, Oregon Department of 

Transportation, 2008, Figure 4.1) 

The resulting pool of road segments was relatively extensive, but it constituted a 

finite population to base this study upon. Two types of sections are present in this study 

population:  1) segments containing only a straight length of road, and 2) those 

containing at least 1 horizontal curve.  

Since not all curves in the sample had advisory speed signs, this author narrowed the 

pool of curved segments to only consider those with at least one advisory speed sign. Of 

these segments, two kinds were treated explicitly: those with only one curve, and those 

containing more than one curve site. Section 3.5 provides further details about the 

treatment of these segments. 
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3.2.1. Sampling Frame Selection 

Two sampling frames were used by Dixon and Rohani: (1) a two-lane Rural 

Highway database provided by ODOT for randomly select state-maintained sites, and 

(2) a list of counties used as primary sampling units for selecting locally-maintained 

sites. 

 Only state-maintained sites were considered for this subsequent research. These 

state-maintained sites should have uniform posting practices as opposed to non-state 

facilities with a possible variety of posting procedures by various local jurisdictions. 

The use of random numbers by Dixon and Rohani when selecting their sample, as 

indicated in the circled area in Figure 3.2-1, implies equal probability of selection for 

segments within a particular region. The probability of one site being selected is 

inversely proportional to the total number of sites in the region it is located. This author 

prepared estimates for the total number of segments within every ODOT region that are 

suitable for this study, to be used when computing sampling errors for parameter 

estimates. 

Additionally, data collection was limited to ODOT regions 1, 2 and 3 due to budget 

and time frame limitations. Since most of Oregon‟s population is located in these 

regions, characterizing operating conditions is still relevant for policy decision making. 

To achieve the objectives of this research, the resulting sample should attain a scope 

of inference that is at least region-wide. Stratification on the basis of region was 

preserved from Dixon and Rohani‟s work, because regions represent natural geographic 

divisions that may also differ in other characteristics, like topography or demographics. 

3.2.2. Estimation of Number of Segments with Posted Curve 

Sites Subtotal 

Even though Dixon and Rohani obtained a sample of sites suitable for their study, in 

the process of doing so, they generated an intermediate variable that in turn is useful for 
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this work: the number of segments they had to review in order to obtain their target 

sample sizes. Table 3.2-1 summarizes this information for the regions of interest. 

Table 3.2-1. Summary Information on State-Maintained Sites Sample in SPR 641 

 

It is important to note that column C in Table 3.2-1 is not the total number of sites 

originally studied, but the number of sites that had at least one direction of travel posted 

with Advisory Speed Signs. The term “suitable” is thus relative to this study, not to that 

of Dixon and Rohani‟s research, that included both posted and not-posted curves.  

3.2.3. Tchebysheff Confidence Intervals for Subtotal Estimates 

Analytical procedures are available to estimate standard errors of population 

subtotals (i.e. total number of suitable segments). Som (1973) and Thompson (1992) 

present slightly different design-based estimator formulas, both of them valid for the 

sample selected by Dixon and Rohani. For consistency with further calculations in the 

analysis, the author adopted the formulas and nomenclature suggested by Thompson.  

The total estimator and its variance for region k are given by Equation 3.2-1 and 

Equation 3.2-2: 

1

kl

k
k ik

ik

M
y

l




   

Equation 3.2-1. Subtotal Estimator 

Adapted from Steven K. Thompson, "Sampling" [New York: John Willey & 

Sons Inc., 1992], eq. 8, p 16. 

Region

A. Total number of 

segments in region

B. Examined 

segments in Sample

C. Suitable segments 

in Sample

1 160 65 12

2 712 26 9

3 352 26 8
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Equation 3.2-2. Subtotal Estimator Variance 

Adapted from (Thompson, 1992, pp. 15,16) 

Where the indicator variable 
iky =1 if the section contains curve sites suitable for this 

study, and 0 otherwise. 

   = subtotal estimator. This is an estimate of the number of sections with 

curves posted with advisory speeds among all the    sections in region 

k; 

  =  total number of two-mile sections in region k; 

  =  number of two-mile sections originally examined by Dixon and Rohani 

from which only a subset was later surveyed; and 

   =    sample average of y. 

 

Table 3.2-2 presents the intermediate variables from Dixon and Rohani‟s work, 

along with the estimators and a Tchebysheff Confidence Interval for every region. 

Since Tchebysheff confidence intervals do not rely on any assumptions about the 

population distribution, they do not provide a measure of uncertainty. Instead, they 

bound the interval to a minimum associated confidence level. For this case, every one of 

the intervals provided in Table 3.2-2 is likely to contain the population subtotal (i.e. 

number of feasible segments for this work) with a probability larger than or equal to 

90%. However, the probability that all three of them contain their intended parameter 

simultaneously would be larger or equal to 73% (i.e. 90% to the third power). This 

author considered that this limited confidence level to be unacceptable, so he explored 

other estimation methods. 
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Table 3.2-2. Subtotal and Subtotal Variance Estimators for Regions of Interest 

 

Thompson proposes an approximate confidence interval for the proportion that a 

subpopulation represents, given estimates from a random sample as the ones shown in 

Table 3.2-1. However, the author of this report determined that such approximation 

does not suit this work for two reasons: (1) It implies a limit condition for the 

population size diverging to infinity, and (2) it presumes an underlying normal 

distribution of the study variable in the population (or at least it relies on convergence to 

normality for large samples).  

Som (1973) proposes a method of inverse sampling for similar problems. 

Nevertheless, assuming convergence to normality on the sampling distribution is again 

required. This is an unclear assumption at the design level of this research. 

3.2.4. Hypergeometric Confidence Intervals for Subtotal 

Estimates 

In order to obtain Confidence Intervals with actual levels of confidence, Thompson 

describes a method using the Hypergeometric distribution. This distribution would be 

POPULATION TOTALS FOR "STATE MAINTAINED CURVE SITES SUITABLE FOR STUDY" PER REGION

Region (k) Mk lk Sum(mk) Subtotalk Variance k Std Dev k

Region

A. Total 

number 

of 

segments 

in region

B. 

Examined 

segments 

in Sample

C. 

Suitable 

segments 

in Sample

D. 

Subtotal 

number 

of 

suitable 

segments 

in region

Variance 

estimate 

for (D)

Standard 

Deviation 

estimate 

for (D)

1 160 65 12 30 35.8 6.0 [ 12 , 48 ]

2 712 26 9 246 4421.9 66.5 [ 47 , 445 ]

3 352 26 8 108 977.8 31.3 [ 14 , 202 ]

1224 384 [ 73 , 695 ]

>90% Tchebysheff's 

C.I.  (q=3)
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an appropriate model for a sample procedure without replacement from a finite 

population, as the one followed by Dixon and Rohani. Adapting Thompson‟s procedure 

to this work, the target of Equation 3.2-3 is to estimate the number of segments in a 

region with suitable curves, corresponding to “r” in this case (i.e. ˆ ˆr  ). 

 

r N r

y n y
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n

  
  

  
 
 
   

Equation 3.2-3. Probability function for the hypergeometric distribution. 

Where, 

N = Total number of elements in the population; 

n = Sample size; 

r = Subtotal of elements in the population with the desired characteristic; 

y = Number of elements in the sample with the desired characteristic; and 

p(y) = Probability of obtaining y in a sample of n elements; 

 

As stated before, this distribution may be used to construct confidence intervals for 

the total under estimation. Let 
1

ijm

j ii
a y


   for every region k=1,2,3 then, given a total 

estimator as in Equation 3.2-1, lower and upper limits 
Lk  and 

Uk , with their attained p-

values, 1  and 2 , it is possible to compute a confidence interval based on the exact 

hypergeometric distribution (see Equation 3.2-4 and Equation 3.2-5): 
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Equation 3.2-4. Lower Limit for Total estimator and its attained p-value 

Source: adapted from (Thompson, 1992) 

Where: 

    = Lower limit for the α-level confidence interval for the subtotal estimator.  

All other variables: as previously defined. 
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Equation 3.2-5. Upper Limit for Total estimator and its attained p-value  

Source: adapted from (Thompson, 1992) 

    = Upper limit for the α-level confidence interval for the subtotal estimator.  

All other variables: as previously defined. 

 

Table 3.2-3 shows confidence intervals based on the above equations.   
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Table 3.2-3. Exact Hypergeometric Confidence Intervals for “Segments with 

Suitable Sites” Population Totals. 

   

The confidence intervals provided in Table 3.2-3 are, as expected, narrower than 

those constructed by using Tchebysheff‟s Theorem (those presented in Table 3.2-2). 

Upper limits for these Intervals (shown in bold type) are considered conservative 

estimates for subtotals in regions 1, 2 and 3 respectively. The confidence level 

associated with each of them is shown in the fourth column. 

3.2.5. Simulation-Based Confidence Intervals for Subtotal 

Estimates 

Although the Hypergeometric confidence intervals are robust and do not require 

additional assumptions (other than a simple random sample taken from a finite, fixed 

number of sections, with some of them containing suitable curves), there is a significant 

issue associated with them: Equation 3.2-3, Equation 3.2-4 and Equation 3.2-5 refer to 

an experiment in which the sample size is previously fixed, and the only random 

variable is the number of “successes” in the sample (segments containing posted curves 

in this case). This was not the case for Dixon and Rohani‟s procedure. Instead, they 

sampled from the database until they attained the desired number of segments with 

curves. Moreover, the prescribed number of curves for their study included segments 

without posted curves that are not of interest for this research, so it was not possible to 

Region (k)
Lower tail 

Alpha

Upper tail 

Alpha

Probability 

of Subtotal 

being less 

than or 

equal to Ci's 

Upper limit

% 

Confidence 

for interval

1 0.0086 0.0091 99.1% 98.2% [ 17 , 47 ]

2 0.0106 0.0107 98.9% 97.9% [ 109 , 415 ]

3 0.0100 0.0099 99.0% 98.0% [ 45 , 192 ]

97.06% 94.22% [ 171 , 654 ]

Confindence intervals 

for Population 

Subtotals
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predict how many of the final selected segments would have posted curves and how 

many would not. Figure 3.2-2 displays a schematic diagram of Dixon and Rohani‟s 

procedures. 

It is evident from these sampling characteristics that the variables “Sample Size” and 

“Count of Successes” are not preset experiment parameters, but instead are random 

variables. 

An important consequence of these facts is that the term 1

jl

ij

i

j

m

l




in Equation 3.2-1 is a 

ratio of two random variables, since 
jl represents the sample size and 

1

jl

ij

i

m


 is the count 

of successes (number of segments with posted curves in this case). The extra variation 

that this entails would likely widen the confidence intervals shown in Table 3.2-3. Even 

though both Thompson and Som propose variance estimator formulas for such ratios in 

their respective books, they rely on the assumption of a zero-intercept linear 

relationship between the variables. This assumption should not be a problem for this 

research. However, both authors also warn that such sampling estimators are biased, 

even though, according to Thompson, such bias would not be large under some 

conditions, such as a strong correlation between the two variables and a direct 

relationship between their first derivatives (Thompson, 1992). Lohr (1999) also argues 

that the bias of a ratio estimator would be small and in some cases the squared mean 

error could be smaller than that of an unbiased estimator if in addition to a linear 

relationship with zero intercept, the two variables in the ratio estimator happen to be 

highly correlated. 
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.  

Figure 3.2-2. Sampling Stages Followed by Dixon and Rohani for State 

Maintained Roads 

STATE MAINTAINED

CURVE SITES IN 

OREGON

N=2 930

n=80

Region 3

  M3=352

m3=16

Region 4

  M4=735

m4=16

Region 2

  M2=712

m2=16

Region 5

  M5=971

m5=16

Region 1

 M1=160

m1=16

Stage 2: 

Intended 

number of 

sites:

m1=16

SAMPLING IMPLICATIONS

Stage 1: Random 

Sample of total of 

sites:

l1=65

This sampling procedure allows for fixed 

characteristics, (i.e., descriptive variables) be 

compared between regions 1, 2, and 3. The 

chances for every site of being selected are not 

equal, but they can be computed (as the pool of 

segments is available) Thus, confidence intervals 

and simple comparisons are possible for these 

variables.

Two Stages were 

necessary because it was 

unknown how many of the 

segments had the desired 

characteristics (Curve at 

Site, Curve Warning Signs 

available, Advisory Speed 

Signs available, etc.)

Stage 2: 

Intended 

number of 

sites:

m2=15

Stage 1: Random 

Sample of total of 

sites:

l2=26

Stage 2: 

Intended 

number of 

sites:

m3=16

Stage 1: Random 

Sample of total of 

sites:

l3=26

SAMPLING IMPLICATIONS

 The exact selection procedure 

followed for these regions was 

not available, so probability 

attained to the sites could not be 

computed.

1. Stratified Sampling procedure 

with equal weight to every 

region. The sample was 

constituted by 16 sites per 

region. 

If Statewide confidence intervals 

are required for the descriptive 

variables, then a weighted 

average and its corresponding 

standard error would suffice.
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Even though the linear relationship through the intercept is straight forward for this 

case, the strength of the correlation between sample size and the number of suitable 

observations in the sample was not clear to this author. In order to avoid making further 

assumptions about how the random variables might be correlated, the author 

constructed a static simulation in a spreadsheet to model Dixon and Rohani‟s sampling 

procedure. This model provided a numerical assessment of the ratio bias and provided 

standard error estimates for the variables of interest. 

 

Figure 3.2-3. Flowchart for Simulation Model of Sampling Procedure Followed 

by Dixon and Rohani 

Read:

· Region totals,

· Target # of segments

· Subtotal estimators

Start

Randomly pick 

one segment

Segment 

contains sharp 

curves?

yes

# Segments=0

no

# Segments == 

Target # of 

segments?

no

End

yes

Recalculate number of 

segments with curve 

sites left in reduced 

sampling space

At least one 

sharp curve has 

posted Advisory 

Speed?

no

yes

Recalculate number of 

segments with posted 

curves left in reduced 

sampling space

Incr. Segments 

in sample by 1

Display # of 

segments and  

# of posted 

curves in 

sample 
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The logic structure of the model is shown in Figure 3.2-3. The model was run 2009 

times using a Visual Basic for Applications (VBA) macro to generate statistics (i.e. 

expected value, variance, and bias) for the variables of interest: sample size, number of 

segments with posted curves and subtotal estimate for segments with posted curves per 

region). Finally, the author obtained lower and upper limits for the Subtotal Estimators 

using percentiles from the simulated data. The level of confidence for such intervals 

was set to 99%. 

Table 3.2-4 summarizes simulation results for region 2. Results for regions 1 and 3 

may be found in Table A-2 and Table A-3 in Appendix A. 

Table 3.2-4. Simulation Results for Region 2 

   

Bias is minimal for the subtotal estimator as indicated by Thompson. Also, the 

correlation between the variables in the ratio estimator varied from moderate to strong 

(0.773 for region 2, see Table 3.2-5). An apparent convergence of the variables to 

normality is also noticeable from Figure 3.2-4 and Figure 3.2-5. Surprisingly, the 

Mean Variance
Best estimate 

for Parameter
Bias

X1= Sample size 24.79 18.03 [ 16 , 37 ] 26.00 1.21 [ 15 , 36 ]

X2 = # of posted 

curves in 

sample

8.14 3.29 [ 4 , 13 ] 9.00 0.86 [ 4 , 13 ]

X3 = Number of 

posted curves in 

the region

240.43 4337.39 [ 95 , 441 ] 247.00 6.57 [ 89 , 435 ]

Adj. Confidence 

interval for Total 

number of 

posted curves

Confidence interval 

for Total number of 

posted curves

REGION 2 SIMULATION RESULTS
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histogram for the subtotal estimator exposes somehow large amounts of random noise, 

even for a synthetic sample as large as 2009 runs. (see Figure 3.2-6.) 

Table 3.2-5. Correlation Matrix for the Simulated Variables in Table 3.2-4 

 X1 X2 X3 

X1 1   

X2 0.063 1  

X3 -0.556 0.773 1 

 

 

Figure 3.2-4. Sample Size Distribution 
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Figure 3.2-5. Number of Posted Curves in Sample Distribution 

 

 

Figure 3.2-6. Subtotal Estimator Distribution 
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Table 3.2-6 summarizes results in a manner that is comparable to Table 3.2-2  and 

Table 3.2-3. Notice that the simulation-based intervals are broader than the 

hypergeometric ones, but slightly narrower than the Tchebysheff Intervals. 

Table 3.2-6. Simulation-Based 99% Confidence Intervals for Regional Subtotals 

 

3.2.6. Subtotal Estimation Summary 

The upper limits from the simulation-based intervals were selected as the best 

estimates of the sampling universe size for this study. A one-tailed confidence level of 

99.5% is attained for every one of these estimates (i.e. 99.5% probability that the actual 

subtotal is less than or equal to the estimate). This confidence level rests upon the only 

assumption underlying the simulation runs: that the population parameters are, in fact, 

the ones that can be estimated from Dixon and Rohani‟s work. Conditioning the 

analysis to this assumption is necessary, since these estimates are the best information 

available about the two-mile road segmentation of the 2-lane rural highway population, 

as defined in Dixon and Rohani‟s work. 

The minimum level of confidence for all three intervals simultaneously would be 

98.51% as shown in Table 3.2-6. The actual confidence level of the simultaneous 

intervals would be larger or equal than this minimum, based on the Bonferroni‟s 

Inequality from probability theory (Ramsey & Schafer, 2002, p. 163). 

Region (k)
Lower tail 

Alpha

Upper tail 

Alpha

Probability 

of Total 

being less 

than or equal 

to Ci's Upper 

limit

% Confidence 

for interval

1 0.005 0.005 99.5% 99.0% [ 20 , 53 ]

2 0.005 0.005
99.5% 99.0% [ 89 , 435 ]

3 0.005 0.005
99.5% 99.0% [ 35 , 185 ]

98.5% 97.0% [ 144 , 673 ]

Confindence intervals 

for Population 

Subtotals
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3.3.  Data Points Characteristics 

This section describes the expected effect of some data characteristics, such as 

minimal precision, tailgating vehicles, and design variable selection, on the accuracy of 

estimates computed from the field data. This section discusses how these characteristics 

were expected to influence in the data collection stage of this research. 

3.3.1. Minimum Number of Speed Records Needed from Every 

Site 

Members of the research team determined that operating speeds should be collected 

so that a minimal precision of 0.5 mph for the average speed estimates would be 

attained for every site. 

According to Equation 3.3-1, it would be necessary to collect at least 300 individual 

trips, if one assumes a 5 mph variance, and if a measurement error of 1 mph is present. 

An assumed error of 1 mph is still a conservative value since 0.5 mph is half the 

precision the devices provide in every record. 

However, if autocorrelation arises from the series of individual trips, precision would 

be compromised. To illustrate this issue, consider an idealized situation where perfectly 

spaced trips would present a lag-1 type autocorrelation. If a first serial correlation 

coefficient of 0.7 is determined for this would-be data series, then it would require a 

minimum of 575 individual trips to maintain the desired precision, according to 

Equation 3.3-2.  

 
2 2

i
i

i

Var S
n

 
  

Equation 3.3-1. Operating Speed Variance at Site i when Accounting for 

Measurement Error. 

Adapted from (Ramsey & Schafer, 2002) and (Wackerly, Mendenhall III, & 

Scheaffer, 2008) 

Where: 
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iS =  sample average speed for site I (mph); 

 iVar S = Variance of
iS
 
([mph]

2
);  

2

i = Population sample for speeds in site i ([mph]
2
); 

 = Measurement error, assumed as white noise with long term mean equals 

to zero; and 

ni=  Number of vehicle speeds collected from site i; 
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Equation 3.3-2. Operating Speed Variance at Site i for Data with Lag-1 Type 

Autocorrelation. 

Adapted from (Ramsey & Schafer, 2002) and (Wackerly, Mendenhall III, & 

Scheaffer, 2008) 

Where: 

r1= first autocorrelation coefficient; 

All other variables: as previously defined. 

Because of the potential loss in precision, this author searched for autocorrelation 

issues in the data, after filtering out closely following trips.  

It is important to notice from Equation 3.3-1 and Equation 3.3-2 that even when a 

measurement error of 1 mph is accounted for, its effect on the variance of a mean 

estimate would decrease at the same rate as the bigger variation from natural variability 

in the driving population (i.e. σi). As the sample size increases, the measurement error 

rapidly loses its relevance. For instance, if the sample was only 50 vehicles, the 

variance of the mean estimates would be 0.52 mph when accounting for the rounding of 

the devices, but only 0.50 mph if no precision error were introduced.  
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3.3.2.  Filtering of Tailgating Vehicles 

Tailgating was an issue of concern for the author. The term tailgating in this thesis 

refers to a vehicle closely following another vehicle in such a way that their behaviors 

influence each other. It became evident that a threshold for time gaps was necessary in 

order to account for this issue. The author found that a time gap threshold of 5 seconds 

is typically used in similar studies, so he picked a conservative threshold of 7 seconds. 

The likeliness of closely following vehicles increases as traffic volumes increase. 

Most vehicle trips are independent at low volumes (below 500 veh/lane/h) with 

associated time gaps averaging 7.5 s. At low-moderate volumes (from 500 to 1000 

veh/lane/h) non-independent trips become more likely, with time gaps ranging from 3.6 

s to 7.2 s. Under these conditions it is expected that some drivers influence each other‟s 

behavior, and thus, the effective sample size decreases as some filtering must be 

performed. Section 4.4 explains how the author used expected traffic volumes to 

determine how much data to collect in order to obtain sufficient records for the analysis. 

3.3.3. Variable Selection for Sample Design 

At this point, it is now possible to estimate the sampling error for every region and 

for western Oregon (i.e. the pool of all three regions). The author performed this 

estimation by using the robust estimators for the pertinent segment subtotals (see 

Section 3.2) and by the target precision from site estimates (see Section 3.3). 

At least two variables would be of value to address the research questions:  

· Difference between operating speed at a curve and posted advisory speed; and 

· Difference between operating speed at a curve and operating speed upstream of 

the curve. 

The first difference is a function of a random variable and a nonrandom variable, so 

the variance of the estimator is simply that of the random variable (operating speed at 

the curve). 
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The second difference is a function of two random variables. However, it is well 

known that speeds upstream of curves should be correlated with speeds within the 

curve, and that this correlation should be moderate to high and positive. Thus, the 

difference should have a variance structure as that shown in Equation 3.3-3. 

1 2 1 1 2 1( ) 2 ( ) 2 ( , ) ( )V S S V S Corr S S V S   
 

Equation 3.3-3. Variance of a Difference of Two Correlated Random Variables 

Adapted from (Wackerly, Mendenhall III, & Scheaffer, 2008) 

 

Where: 

1 2( )V S S   = Variance of the difference of speed 1 and 2 ([mph]
2
); 

1( )V S   = Variance of speed 1([mph]
2
); and 

1 2( , )Corr S S  = Correlation of Speeds 1 and 2 (adimensional); 

Considering that the correlation in Equation 3.3-3 is likely positive, the variance of 

the difference should be zero when the correlation is 1.0, equal to the common variance 

V(S1) when the correlation equals 0.5, and twice the common variance when the 

correlation equals 0.0. This author expected moderate to strong correlations between the 

speed measurements at different points in the curve, so it would be likely that the 

difference between speeds at two points of a vehicle‟s trajectory would have a smaller 

variance than that of the speed at just one point. 

The author selected operating speed as the controlling variable for which the 

precision of estimation should be reviewed. The desirable level of tolerance would be 

determined by the minimum expected difference between operating speeds and posted 

advisory speeds (i.e. the sample estimator should have statistical power about this 

difference). For sample design purposes, the author assumed a minimum difference of 

10 mph for the maximum advisory speed value of 45 mph. 

Also, it is expected that this difference would increase for smaller advisory speed 

values. In order to account for this behavior, Equation 3.3-4 models differences ranging 
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from 10 mph at sites with 50 mph advisory speeds up to 15 mph at sites with 10 mph 

advisory speeds. This assumption was only used in the sample design; actual 

differences were calculated as field data became available. 

  16.429 0.143OpSpeed AdvSpeed AdvSpeed  
 

Equation 3.3-4. Operating Speed and Advisory Speed Relationship Assumed in 

Sample Design 

Where: 

OpSpeed   = Operating Speed (mph); and 

AdvSpeed   = Advisory Speed (mph); 

 

3.4.  Variance of Operating Speed Estimators 

Since the sample to be used in this research is a subsample from a previous data set, 

the appropriate sampling procedure is that known as double sampling. The Mean Speed 

Estimator is simply the Sample Mean. As a further stratification based on Advisory 

Speed values is intended, the equation for a variance estimator was that of double 

sampling for stratification, as presented by Thompson (Thompson, 1992, pp. 143-146). 
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Equation 3.4-1. Variance of Mean Estimator at region k from Double Sampling 

for Stratification 

Adapted from (Thompson, 1992, p. 143). Eq. (1) 

Where: 

 ˆ
kSpeedVar  = Variance of the estimator for the Mean Speed in region k 

([mph]
2
); 

2

k   = Speed Variance in region k ([mph]
2
); 
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2

h   = Speed Variance in stratum h, based on advisory speed ([mph]
2
); 

kM   = Total number of posted curve sections in region k; 

'n   = Original sample size (as of SPR 641); 

'hn
 = Number of sections in original sample that fell into stratum h; 

hn
 = Number of sections intended for collection from stratum h; 

L  = Total number of strata; 

 

The variance of this estimator has two components, the first corresponds to the first 

sampling stage (as in SPR 641), and the second corresponds to the ultimate subsample.  

In the above formula, Mk represents the subtotal estimate for region k, as computed 

in Section 3.2.6. Thus, every region was treated as a population when applying 

Equation 3.4-1. In addition, 'n corresponds to the original sample size, 'hn to the number 

of elements in the original sample within advisory speed stratum h (h=1,2,..L), and 
hn is 

the number of elements to be sampled from stratum h in the subsequent new sampling. 

In order to estimate the precision that would be attained from a new sampling of the 

available set of sites, it is necessary to formulate assumptions about the variance terms 

in Equation 3.4-1. 2

k  would be the overall variance for all the operating speeds within 

a region, and 2

h  would be the variance among sections with the same posted advisory 

speed. Because curves with a common advisory speed would be more similar to each 

other than curves with different advisories, 2

h
  

would likely be smaller than
2 . In fact, 

2

h
 
should be considered as a variability component of 

2 , given the structure of 

Equation 3.4-1. For sampling design purposes, values for these variances were 

estimated based on the following assumptions: 

· An appropriate minimum number of vehicle records is available from 

every site in the sample so that the operating speeds are known to a 
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0.5 mph precision (refer to Section 3.3). The precision at every site 

would be a first component of the total variability within a region. 

· The variance for operating speeds among sites with the same advisory 

speed stratum is 25 mph
2
. That is, the “within group” variance for 

sites posted with the same advisory speed has operating speeds that 

are at +/- 5 mph from the mean of that stratum of advisory speeds. 

This assumed value would represent a second component of the total 

variability within a region. 

· The operating speed variance among averages from different advisory 

speed strata (i.e. the “between groups” component of the overall 

variance) was estimated by using the mean operating speed value 

predicted from Equation 3.3-4 and the proportion of sites in the 

original sample that corresponds to every advisory speed stratum.  

Table 3.4-1. Between Groups Variance Sample Calculations for Region 3 

  

Posted Advisory 

Speed

Proportion of 

Sites in Original 

SPR 641 Sample

Squared 

differences 

Selected 

Number of Sites 

in stratum

Estimate of 

Operating 

speed as 

function of 

posted advisory

10 0.00 507.91 - 25.0

15 0.00 333.13 - 29.3

20 0.11 195.07 1 33.6

25 0.00 93.74 0 37.9

30 0.11 29.13 1 42.1

35 0.11 1.24 1 46.4

40 0.11 10.07 1 50.7

45 0.33 55.62 3 55.0

Type II Sites 0.22 6.43 1 45.0

1.00 Total 8

47.54 mph  (Average Operating Speed)

46.14 mph2 (Variance for Operating Speed)
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A summary of this calculation for region 3 is presented in Table 3.4-1. This 

computed value would represent a third component of the total variability within a 

region. 

When using Equation 3.4-1, this research estimated 2  as the summation of all the 

three previously described variability components. 2

h
  

was estimated as the summation 

of the first two variability components only. 

 

3.5. Treatment of Segments with More Than One Curve Sites 

The author recognized an additional complication regarding the nature of selecting 

study sites. It was just after examining randomly selected road segments that the 

research team selected the curves to survey. Some of these segments had either only one 

curve or a set of curves close enough to mutually influence each other‟s operations, 

whereas some other road segments had two or more well-spaced curves. Segments of 

the first kind required no additional treatment, since selecting the segment is equivalent 

to selecting the two directions of travel that enter a curve as approached from a tangent 

segment. For convenience, these one-curve segments will be referred to as type I 

segments in the rest of this document. 

Unlike type I segments, those segments with two or more well-spaced curves (type II 

segments) required randomly selecting two tangent-to-curve directions of travel from all 

of the available curves within the corridor. The author developed Equation 3.5-1 to 

account for this new randomization. It possesses an additional term over Equation 3.4-1. 

It is worth noting that Equation 3.4-1 is a particular case of Equation 3.5-1, since the 

new term in Equation 3.5-1 becomes zero when 1hñ  .  
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Equation 3.5-1. Variance of Mean Estimator for Segments containing more than 

One isolated set of Curves Site in Region k 

Where: 

2

sg    = Speed Variance within segment ([mph]
2
); and 

hñ    = Number of curves to be surveyed within each segment; 

All other variables were defined in Equation 3.4-1. 

The term, 
2

sg

 

in Equation 3.5-1 represents the variance among operating speeds at 

curves within one segment, 
hñ  represents the number of curves (or closely operating set 

of curves) within that particular segment from a particular stratum (i.e. stratum h). Even 

though curve sites within type II segments are relatively spaced, it is still expected that 

they would have similar operating speeds, given their proximity. For initial estimation 

of design precision, the author assumed a value of 15 mph
2
 for

2

sg
.
 

An extra variation term in the variance might not be sufficient to account for the 

increased complexity regarding operating speeds within type II segments (e.g. it is 

possible to observe a lower operating speed due to the presence of more than one curve 

or group of curves in less than 2 miles). Because of the potential of higher variability, 

the author pooled type II segments in a common stratum, and instead of computing the 

“within group” variance as indicated in Section 3.4, he assigned a flat value of 42 mph
2
 

for  sample design purposes, since computing such a variance using Equation 3.5-1 

resulted in values very close to type I segments.  

Another reason the author pooled type II sites was because it is not possible to 

characterize a segment with more than one curve simply by its posted advisory speed. 

Some of these segments may have different advisory speed values, corresponding to 
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different curves and directions of travel. This issue would be accounted for by assuming 

the inflated, flat value for the within-stratum variance as mentioned above. 

Table 3.5-1. Stratification Criteria and Corresponding Variances 

 

Table 3.5-1 shows the strata and their assumed inner variances. Although these strata 

are based on more than one criterion (by advisory speeds plus type II segments), they 

comply with the stratified sampling requirement of being exhaustive and mutually 

exclusive (Lohr, 1999). 

3.6.  Sample-Based Variance Estimator for Operating Speed 

Statistics 

Equation 3.6-1 shows the sample-based estimate for region k, as opposed to 

Equation 3.5-1 which assumes all the variances to be known. Both equations were 

adapted from formulas presented by Thompson (1992) for double sampling for 

stratification. In this work, the terms 
2

sg and 
2

sgs were also included.  These terms 

account for the additional variability within type II segments as previously discussed.  

Segment 

Type

Posted Advisory 

mph Stratum (h)

Within 

stratum 

variance in  

(σh) mph2

I 10 1 25

I 15 2 25

I 20 3 25

I 25 4 25

I 30 5 25

I 35 6 25

I 40 7 25

I 45 8 25

II (varies) 9 42
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ˆ( )
iSpeedVar   is another variance term included in the derivation of Equation 3.6-1: it 

refers to the squared standard error associated with estimating operating speeds from a 

sample of independent trips as discussed in Section 3.3.2. The author estimated the 

standard error under the assumption of an infinite population of “vehicle trips” at every 

site. 
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Equation 3.6-1. Estimator of Sample Variance Shown in Equation 3.5-1. 

 

Where: 

 ˆ
iSpeedVar  = Variance of the estimator for the Mean Speed in site i ([mph]

2
); 

 ˆ
hSpeedVar  = Variance of the estimator for the Mean Speed across stratum h 

([mph]
2
); 

2

hs   = Sample Variance for Speed within stratum h ([mph]
2
); 

2

psgs   = Sample Variance for Speed within segment p ([mph]
2
); 

All other variables as defined previously. 

The “site speed estimator” and its standard error as of Equation 3.6-1 were those of 

one direction of travel whenever only one direction of travel was collected, but these 

estimates reflect both directions of travel whenever two directions of travel were 

collected from one site. In this situation, both directions of travel were considered a 
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“cluster” of observations corresponding to one site. This was the most common case in 

the data collected. The research team surveyed a single site in one direction of travel 

only. 

Since the design is such that every possible cluster only comprises two directions of 

travel, this would be a simple case of equal size clusters where the entire cluster is 

surveyed. This was also true for type II segments, for there was an extra randomization 

between two well spaced curves, after of which only two directions of travel were 

available to survey. Also, the single site that was surveyed in only one direction of 

travel was such that only that direction of travel had a posted advisory speed. This 

means, for sampling design purposes, that the whole “size-1 cluster” was surveyed. 

Under a cluster sampling design at the site level, the “site” value in Equation 3.6-1 

would be the simple average of the two directions of travel available from every site (or 

just the single direction of travel as appropriate). Some complications arise, however, 

when trying to assign a value to the term ˆ( )
iSpeedVar  , except for the site from which the 

research team surveyed only one direction of travel. Since every direction of travel 

yields statistical estimates, in addition to the mean square error from the two speed 

measurements, this estimate should also include the variability that one would expect if 

the data collection were to be repeated several times at both directions of travel. Even 

following the field data collection, it is still difficult to estimate this variability. Both 

directions of travel may not be assumed as operating independent from each other. 

Assuming that both directions of travel are not entirely independent, modeling this 

correlation was a necessary step in order to continue the analysis. The degree of 

correlation would depend on how big an impact the geometric elements that are shared 

between directions of travel exert on operations.  

It was presumed that the correlation between directions of travel was moderate to 

high, since every direction of travel also has important differences between them: 

different signage, different sun position relative to the driver, direction of curvature, 

previous tangent or curved sections, etc. For these reasons, the correlation between both 
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directions of travel was assumed as +0.5 in the sampling design. The author assumed 

this value as a correlation that is just big enough to require explicit account in the 

design. Values for ˆ( )
iSpeedVar   were then computed using Equation 3.6-2.  

2 2
ˆ ˆ ˆ ˆ

ˆ ˆ ˆ( )
2 2

ˆ ˆ ˆ ˆ( ) ( ) 0.5* ( )* ( )

4

iA iB iA iB

i iA iB

iA iB iA iB

Speed Speed Speed Speed

Speed Speed Speed

Speed Speed Speed Speed

Var

Var Var Var Var

   
  

   

    
      

   

 


 

Equation 3.6-2. Variance Estimate for Cluster of A and B Directions of Travel 

in Site i 

Where: 

ˆ
iASpeed = Mean Speed estimator at site i from direction of travel A (mph); 

ˆ
iBSpeed = Mean Speed estimator at site i from direction of travel B (mph); 

The first 2 terms correspond to the mean squared error between the two directions of 

travel estimates. The third term represents the variance of the average of two correlated 

random variables with correlation coefficient assumed as +0.5. The derivation of this 

term stems from theorem 5.12 in Wackerly et al. (Wackerly, Mendenhall III, & 

Scheaffer, 2008, p. 271). The author considers that this assumed correlation of +0.5 is a 

conservative value. He expects that using this assumption will result in a more 

conservative estimate for the variance of the mean estimators. The author would expect 

smaller correlations between the two directions of travel from any site. Since this 

research did not include explicit verification of this assumption from the field data, the 

author reviews the effect of this strategy in Section 6.4. By comparing estimates under 

the correlation assumption (shown in Table 6.4-1) to estimates without this assumption 

(shown in Table 6.4-2) the author concludes that the effect of this practice is the 

expected expansion of the estimate variances. 
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Since only one curve from a type II segment was selected in every region, it was not 

possible to compute estimators for the within-segment variances ( 2

psgs  in Equation 

3.6-1) directly from the data. 

To cope with this limitation, the first approach was to keep the assumed value of 15 

mph
2
 used for the final sample design. The variance estimators should be robust in this 

case, since only one site within every region would be affected by this assumption. The 

observed field data variance estimates from the type II clusters were similar to those 

obtained for the type I clusters.  

A second, more general approach considered to address this perceived limitation 

included the use of H-T estimators, a procedure explained in Section 3.9. However, 

variance estimators from this approach resulted in larger standard errors. In 

retrospective, such larger standard errors are not surprising, for two reasons: first, Lohr 

(1999) and Thompson (1992) agree that H-T estimators are unstable under certain 

sampling conditions, such as complex combinations of sampling schemes. That is the 

case of this research, that combines stratification, double sampling for post-stratification 

and cluster sampling. Additionally, some information about the sampling structure is 

overlooked or at least simplified in the structure of H-T estimators. It is known that 

stratification, when constructed properly, results in reduced standard errors, so an 

alternative error structure like that of the H-T estimator might diffuse this expected 

benefit. 

A gross estimate of the magnitude of 
2

sg  was possible because the data collection 

team actually collected information from curves within the same type II segment in two 

instances. Such a gross estimate was imputed in the sampling structure for the standard 

error whenever the data did not allow a direct computation in a different stratum. The 

author used this estimation technique rather than not computing variance estimates (a 

more common practice whenever measurement is not replicated within a stratum) so as 

to keep the estimates as conservative as possible. 
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It is worth noting that even when these variance equations were derived for mean 

speed estimates and their standard errors, other relevant statistics would be necessary to 

assess operations at curve sites. Fortunately, the sample structure still determines the 

weights to compute regional or area-wide variances for some estimators other than 

means. Particularly, when a quantity like the 85th percentile of the speed distribution 

and its associated standard error were computed from a site‟s data, the region-wide and 

area-wide estimates were computed by applying the appropriate weights to the 

estimates (these weights are given by Equation 3.7-1 and Equation 3.7-2 in the Section 

immediately below). Doing so is appropriate because quantiles, as means, can be seen 

as functions of population totals, as discussed by Lohr (1999). Chapter 5 provides more 

details regarding how the author computed such estimates and how he then met the 

assumptions as speed data became available. 

3.7.  Inferences for the Three Regions Together 

It is possible to construct operating speed confidence intervals for every region by 

using Equation 3.6-1. The sample design also would allow constructing intervals at the 

level of western Oregon (i.e. the pool of the three ODOT regions represented in the 

sample). To do so, it is necessary to nest Equation 3.6-1 as the variance estimator of 

every stratum from the previous stratification by region followed by Dixon and Rohani. 

In this particular case, the resulting estimators are given by Equation 3.7-1 and Equation 

3.7-2.  
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Equation 3.7-1. Mean Operating Speed Estimator for All Regions Combined 
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Equation 3.7-2. Variance of Operating Speed Estimator for All Regions 

Combined 

Where: 

ˆ
Speed   = Mean Speed estimator for all three study regions (mph); 

and 

       = Total number of two-mile sections in region k. 

 

Notice that Equation 3.7-1 is a simple weighted average of the region estimators. 

Depending on the particular values of the variances from every region, Equation 3.7-2 

could increase or decrease the accuracy in estimating the overall variance for western 

Oregon. Both equations were developed from formulas given by Thompson 

(Thompson, 1992, p. 104).  

3.8.  Final Sample 

Using the criteria depicted in Table 3.5-1 combined with the points discussed in 

Sections 3.2 through 3.4, the author acquired a stratified sample for every region. Figure 

3.8-1 summarizes these procedures in a graphic manner. It represents the breakdown of 

the sampling procedure starting from Dixon and Rohani‟s sample down to the point this 

research determined the final sample.  

It should be noted that from every stratum but the last one, a random sample of 

segments is equivalent to a random sample of curve sites. That is the reason why only 

the last stratum required two stages in the randomization. For initially assessing the 

sample design, the author computed sampling errors using Equation 3.5-1.  



45 

 

 

Figure 3.8-1. Schematic of Sampling Procedure over Data from SPR 641 

 

Table 3.8-1 summarizes the procedure shown in Figure 3.8-1 for Region 2.  Detailed 

calculations for all three ODOT Regions may be found in Table A-2, Table A-3 and 

Table A-4 in Appendix A. 

Region j

 (stratum in original 

sample

Pool of ( j,1) 

Segments 

 

...

Type I segments (sites with only 1 curve site) Type II Segments 

(more than curve 

site to be 

surveyed)

n1 Selected 

(j,1) Curves

 

......

...
Pool of (j,h) 

Segments 

( from region j 

and stratum h) 

Post stratification of Original Random 

Sample by advisory speed value 

(types I and III) and sites with 

multiple, separated curves (type II)

Pool of ( j,L-1) 

Segments 

 

Pool of ( j,L) 

Segments 

 

Simple Random 

Sample

nh Selected 

(j,h) Curves

(nh out of n’h 

originally)

Simple Random 

Sample

nL-1 Selected 

(j,L-1) Curves

 

Simple Random 

Sample
1 Selected (j,L) 

Segment

 

Simple Random Sample

1 Selected (j,L) 

Curve

 

Simple Random Sample

 ñ1=n1  

Selected (j,1) 

Directions of 

travel

 

Whole cluster 

sampling

 ñh=nh  

Selected (j,1) 

Directions of 

travel

 

Whole cluster 

sampling

 ñL-1=nL-1  

Selected (j,1) 

Directions of 

travel

 

Whole cluster 

sampling

 ñL=nL  

Selected (j,1) 

Directions of 

travel

 

Whole cluster sampling
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Table 3.8-1. Attained Precision of Sample Design at a 95% Confidence Level 

(Region 2) 

  

INTENDED VARIABLE: "Operating Speed" in the curve

N (Estimate 

for region  
435

n' (original 

sample 

size)

9

Posted 

Advisory 

Speed

Proportion 

of Sites in 

Original 

SPR 641 

Sample

Squared 

differences 

Selected 

Number of 

Sites in 

stratum

Estimate of 

Operating 

speed as 

function of 

posted 

advisory

(Prop*nh

'/nh-1)

Variance 

Between 

Segments 

within 

the same 

stratum

Number 

of Curve 

Sites in 

selected 

Type II 

site

Additional 

Variance 

between 

curves in 

one 

segment

10 0.00 507.91 - 25.00 0.00 25 - -

15 0.00 333.13 - 29.28 0.00 25 - -

20 0.11 195.07 1 33.57 0.00 25 - -

25 0.00 93.74 0 37.85 0.00 25 - -

30 0.11 29.13 1 42.14 0.00 25 - -

35 0.11 1.24 1 46.42 0.00 25 - -

40 0.11 10.07 1 50.71 0.00 25 - -

45 0.33 55.62 3 54.99 0.00 25 - -

Type II Sites 0.22 6.43 1 45.00 0.22 42 2 15

1.00 Total 8
47.54 mph  (Average Operating Speed)

46.14 mph2 (Variance for Operating Speed)

15.46

2.36

9.296

Critical t-value

Attained precision at 

95% CIs

"Operating Speed at 

curve" Estimate 

Variance:

SAMPLE SIZE CALCULATION FOR REGION 2 (DOUBLE SAMPLING FOR STRATIFICATION)*

Based on Eq. 1 from [Thompson, 1992] p.143

segments with posted 

curves

segments with posted 

curves
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It is important to note from this table that the “attained precision at a 95% 

Confidence Level” is a theoretical value for mean speed estimators. Such a value is 

sensitive to all the variance components identified and discussed in this chapter. Since 

each component is based on conservative estimates, it is reasonable to expect the data 

would reflect accuracy equal to or better than that computed in the sampling design 

stage. The rest of the estimates are given in Table A-2 and Table A-4 in Appendix A. 

Table 3.8-2 shows the final list of sites to be included in the sample.  

Table 3.8-2. Curve Sites in Final Sample 

 

 

Table A-5 in Appendix A summarizes the randomization process over the original 

sample from SPR 641. The author determined the actual precision from the sample by 

using the appropriate variance estimators based on the observed field data. Figure 3.8-2 

displays the geographic distribution of the final sample. 

i Advisory CURVE SITE CODE SEGMENT TYPE REGION

1 30 Clackamas_10_WB I 1

2 35 Odell_0_WB I 1

3 35 Clackamas_13_WB I 1

4 40 MtHood_62_NB I 1

5 45 MtHood_80_NB_2 I 1

6 20 ThreeRivers_22_WB I 2

7 30 Yamhill-Newberg_2_ I 2

8 35 Santiam_55_WB_3 I 2

9 40 McKenzie_36_WB_2 I 2

10 45 OregonCoast_58_NB I 2

11 45 WilsonRiver_24_WB_2 I 2

12 45 KingsValley_6_NB I 2

13 30 NorthUmpquaHwy_37_WB I 3

14 40 Elkton-Sutherlin_4_WB I 3

15 45 Umpqua_36_WB_2 I 3

16 45 CoosBay-Roseburg_48_WB I 3

17 45 Jacksonville_14_EB_2 I 3

18 NA WdburnEstcda_31_SB_1 II 1

19 NA KingsValley_22_SB_1 II 2

20 NA GreenSprings_29_EB_1 II 3

FINAL SAMPLE SELECTION
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Figure 3.8-2. Geographic Distribution of Final Sample 
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3.9. Horvitz-Thompson Estimators  

Although estimator formulas for the variances developed in Section 3.4 are available, 

a potential problem could arise because only one curve was selected from type II 

sections, as discussed at the end of Section 3.8.  

This research explored the possibility of developing H-T estimators as an alternative 

to the estimators based on the sampling design (referred to as design-based estimators 

previously in this document). H-T estimators are valid for any sample structure, as long 

as selection probabilities are known for every element and joint selection probabilities 

are known for every pair of elements.  

Additionally, H-T estimators do not required imputation of variance estimates. 

Design-based estimators, on the other hand, do require imputation in the event of the 

overall sample size does not make possible to replicate measurements within a stratum 

or section of road.  

Yet another potential use of H-T estimators would have been to account for 

adjustments in the sample composition. The probability structure would be changed if a 

field visit determined some sites inappropriate for the survey, and then other sites were 

surveyed instead. Such a further selection of sites would imply shifting from simple 

randomization to a rather conditional probability procedure. Whereas it would be 

difficult to account for this shift in the design variance, it would be easily accounted for 

with a simple re-calculation of some elements of the H-T joint inclusion probability 

matrix. 

By considering only the selection probabilities, however, larger standard errors 

resulted as field data became available. For this reason, the design-based estimates were 

used instead of the H-Z estimators. To increase the robustness of the design estimates, 

this research preserved the imputation method from the design from the design as 

described in the previous section. Further details on the development and the testing of 

H-T estimators are given in Appendix C. 
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4. Data Collection 

This chapter summarizes the data collection procedures in this research study. 

Section 4.1 discusses the different options the research team considered to collect 

data. It also describes the characteristics of the devices that were selected from the 

considered options. 

Section 4.2 briefly discusses the accuracy of the selected devices and their 

appropriateness for this research. 

Section 4.3 describes the layout of the devices in the field and the variations used at 

locations with specific characteristics that required deviation from the general layout.  

Section 4.4 describes the calculation the research team performed and the 

assumptions implied to determine the number of hours to collect data from each site in 

the sample. 

Section 4.5 describes the reason why the data collection team did not collect data 

from a subset of sites. It also discusses the implications of a reduced sample resulting 

from this decision. 

4.1. Data Collection Devices 

Data collection equipment was not selected only by this author, but in conjunction 

with Karen Dixon, in the context of the project SPR 685: Safety Evaluation of Curve 

Warning Speed Signs, where both researchers are coauthors. 

The researchers initially considered two types of devices for speed data collection: 

laser guns and on-pavement devices. The research team discarded laser guns despite 

their higher accuracy because of a series of complications associated with using them at 

curve locations: 

· These devices are obvious from a long distance, a fact that increases the 

likelihood of drivers adjusting their speeds as they perceive themselves under 

observation; 
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· Slight misplacement of laser guns when trying to capture speed at curves 

might result in systematic bias that is both undesired, and difficult to 

overcome;  

· Since the variation due to differences between vehicle sizes and alignment in 

the travel lane is critical for this study, it is substantially more difficult to 

accurately measure speed with laser guns at a curve than at a tangent 

location; 

· Due to the various angles required to measure different speeds at a curve, 

several speed guns and operators would be necessary, resulting in a larger 

and more obvious data collection team. 

Once the use of laser guns was eliminated from consideration, the project team 

compared on-pavement alternatives, and selected NC-200 HiStar 
®
 Traffic Analyzers. 

Figure 4.1-1 shows an NC-200 device with its protective cover. These devices were 

preferred over pneumatic tubes because of the expected improved accuracy of speed 

measurement at horizontal curve locations. 

 

 

Figure 4.1-1. NC-200 Traffic Analyzer 

Source (NC-100/200 Product Information Sheet, 2008) 
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Because of their small size and placement in the center of the travel lane, these 

devices are not likely to be hit by vehicle tires, and thus it is reasonable to expect that 

they remain unperceived by most drivers. Figure 4.1-2 shows a NC200 device as it 

compares to a vehicle‟s front. 

 

 

Figure 4.1-2. Placement of NC-200 Devices 

Source (NC-100/200 Product Information Sheet, 2008) 

 

Also, in this particular study, the data collection team collected speed data at four 

subsequent points along a vehicle‟s expected path. The use of pneumatic devices could 

result in drivers altering their normal behavior, as some of the drivers might be aware 

that data is being collected after their tires hit the first pair of tubes in their path, or 

when they observe the obvious tubes across their travel lane. 

4.2. Accuracy of NC-200 Devices 

NC-200 devices allow the user to specify data storage and retrieval as sequential 

reports, which shows every event recorded, instead of bin summaries. Every speed 
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record is given as an integer number in the sequential report, so the associated 

measurement error is 0.5 mph. 

Results from an independent field test of the NC-200 devices were available on-line 

(Quixote Transportation Technologies Inc., 2006). In this online study, 39 runs with 

three passenger vehicles of known speeds and lengths drove over the devices. The study 

encompassed speeds ranging from 10 mph up to 60 mph. The average error reported 

was 0.1 mph for the mean speed. No further details are given, so it is not clear the size 

of the individual measurement error. The average error reported suggests that the 

overall effect of “electronic bias” would likely be zero. Given the available information 

about their accuracy, the devices are adequate to estimate speed distribution parameters, 

such as means, percentiles and variances, as well as functions of such parameters, like 

the ones defined and discussed later in Section 6.3. 

4.3.  Site Layout 

The researchers used eight NC-200 devices for data collection. Four of the devices 

were placed in each direction of travel: one device upstream of the curve, two along the 

curve and one downstream the curve. Figure 4.3-1 shows a generic site layout with the 

eight devices in their corresponding location. Devices 4 and 8 mirrored placement of 

devices 1 and 5 respectively. 

For sites that presented advisory speed signs only in one direction of travel, device 1 

was set to be the one next to the sign. Device 5 was placed at a similar distance from the 

point of curvature at the other direction of travel.  

In all cases, the field team recorded distances between devices in one direction of 

travel. Recent pavement work, driveways with uncommonly high traffic, and proximity 

of work zones are examples of additional annotations from the field visits. 

It was desirable to randomly assign the devices in a way that any manufacturing 

difference between devices would not appear as a systematic trend in the data. If, for 

example, one of the devices has a manufacturing defect that causes it to underestimate 
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speeds, placing it randomly at every site would disperse this source of error in the 

analysis as if it were simply white noise. To perform such a randomization then, the 

devices were randomized by their serial numbers. Table B-1 and Table B-2 in Appendix 

B show the random numbers used in the randomization process and the resulting places 

on the road as of Figure 4.3-1. 

 

  

Figure 4.3-1. Generic Site Layout 

 

Only three sites in the final sample contained compound curves: sites 18, 19 and 20. 

In order to facilitate a comparison between these sites and the rest of the sites in the 
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sample, the researchers preserved the relative positions of the devices for every 

direction of travel. In order to do so, the data collection team surveyed only one 

direction of travel from each of the curves in the compound set that was connected to an 

entering tangent.  

The surveyed directions of travel were the ones corresponding to the first curve 

encountered when traveling from both connecting tangent segments to the compound 

set of curves. Figure 4.3-2 shows the layout for these kinds of sites.  

 

 

Figure 4.3-2. Example Layout for a Site with Reverse Curves 

 

The researchers also considered the layout depicted in Figure 4.3-3 as a potential 

way to deal with compound curves. All devices but device 5 would be placed 

corresponding to Figure 4.3-1. Even though this layout initially appeared more 

consistent with the rest of the sites, it was discarded because it compromises the link 

between device 5 and the set of devices 6 through 8 by leaving unaccounted curves 

between devices 5 and 6. 
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Figure 4.3-3. Discarded Alternative of Layout for Compound Curves 

 

4.4.  Time Periods for Data Collection 

At every site, the research team collected data during week days for a number of 

consecutive hours to assure a minimum precision of 1 mph in distribution estimates, as 

described in Section 3.3. The number of hours ranged from 3.5 up to 9 hours based on 

target sample size and traffic volume. Week days were preferred because traffic 

volumes are expected to be lower at rural locations, so there was a higher probability to 

record a higher number of independent trips. In general, independent trips are preferred 

to study the effects of geometric characteristics as doing so minimizes the influence of 

other vehicles in the traffic stream. For most of the sites, the consecutive number of 

hours recorded encompassed both morning and afternoon.  

This author estimated a target number of hours for collecting data at every site as a 

function of the required number of data points for a precision of 0.5 mph and the 

historic AADTs available from the ODOT website. This estimate is shown in Equation 

4.4-1.  
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i

i

n
Hours

AADT D K


 
 

Equation 4.4-1. Estimate of number of hours to collect data from site i. 

Where: 

Hours  Estimated number of hours for data collection; 

ni  Target number of trips to be recorded; 

AADT  Annual Average Daily Traffic (veh/day); 

D   Proportion of daily traffic that occurs in the direction with less 

traffic; 

K  Proportion of daily traffic that occurs in the average hour in the 

analysis; 

The author assumed that the critical direction of travel includes 40% of the total 

number of trips of an average day (i.e. D=0.4). Another assumption for this calculation 

was that the hourly volume equals 1/12 of all daytime traffic, which was assumed to be 

80% of the total 24 hour traffic (i.e. K=0.8/12). 

Using this equation, it is possible to estimate a number of hours that would allow the 

collection of 500 to 600 individual trips from every site. Achieving this target sample 

per site was not always possible due to very low AADTs at some locations. However, 

as a few sites provided scarce data, other sites yielded over 1000 records per direction 

of travel.  

4.5.  Sites Excluded from Data Collection 

Three of the originally scheduled sites could not be collected, due to rainy 

conditions. Fortunately, when data became available the author verified that precision 

of the estimates was very close to the magnitudes projected during the design phase (as 

described in Section 3.4).  

Although all three excluded sites were from ODOT Region 2, the standard errors for 

this region were similar to those of the other two regions. 
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5. Assessment and Adjustment of Speed Data 

This Chapter summarizes the speed data assessment and adjusted after the field data 

became available. 

Section 5.1 reviews the raw data characteristics that might affect the subsequent 

analysis. 

Section 5.2 reviews the filtering of raw data and the characteristics of the filtered 

samples. This section describes explicitly the treatment of corrupt data points and 

outliers that are clearly attributable to the devices used to measure speeds. 

Section 5.3 describes in further detail some of the characteristics discussed in Section 

5.1, and discusses the potential bias that such characteristics might introduce over any 

estimates computed from the data. This section also describes the ways to account for 

the identified sources of bias. 

Section 5.4 discusses the ways the author validated the sampling assumption of 

independent vehicle trips in every data set. Section 5.5 describes the normality observed 

in most of the sample data and how this characteristic would further leverage the 

analysis in a later stage, particularly in the construction of confidence intervals for 

speed metrics (see Section 6.2). 

Section 5.6 briefly describes the speed distribution shifts observed on locations 

upstream, throughout and downstream of the curves. Section 5.7 describes how the 

curve speeds tended to reduce their variability as compared to locations upstream of the 

curve, a very common behavior found across sites. 

5.1. Raw Data Characteristics 

As described in Chapter 4, the research team used NC-200 data analyzers to captore 

the data for this research. Table 5.1-1 shows the first 8 records from a raw data file as 

downloaded from one of these devices. 
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Table 5.1-1. Raw Data from NC-200 Devices 

ID
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1 
2009/09/22 
10:00:14.00 

Normal 54 MPH 16.0 FT 0 0 No 

2 
2009/09/22 
10:04:40.00 

Normal 65 MPH 12.0 FT 266 25,359 No 

3 
2009/09/22 
10:05:01.00 

Normal 61 MPH 22.0 FT 21 1,879 No 

4 
2009/09/22 
10:06:53.00 

Normal 52 MPH 14.0 FT 112 8,542 No 

5 
2009/09/22 
10:07:31.00 

Normal 57 MPH 39.0 FT 38 3,177 No 

6 
2009/09/22 
10:07:58.00 

Normal 47 MPH 19.0 FT 27 1,861 No 

7 
2009/09/22 
10:10:41.00 

Normal 53 MPH 30.0 FT 163 12,671 No 

8 
2009/09/22 
10:14:55.00 

Normal 60 MPH 22.0 FT 254 22,352 No 

 

It is important to notice that all of the numeric columns are rounded to the nearest 

integer. This characteristic might have implications later in the analysis. Section 6.2 

includes a discussion about how this rounding might affect the 85
th

 percentile 

calculations, and develops a method to address the issue. 
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5.2.  Data Filtering 

As shown in Table 5.1-1, the raw files enabled the research team to identify 

potentially corrupt data points. In the Diagnostics column there is a tag assessing the 

quality of the data point. A line tagged as “Normal” would be a vehicle for which the 

reading was clean without any issues from the internal mechanism. These points were 

the most common at all sites. 

However, some points had anomalies when recorded. These are labeled in the record 

as either “Less than Minimum Length”, “Exceeded Maximum Length” or “Average 

Speed Only.” This research used only data points labeled as “Normal. 

Another filtering method applied to the raw data was the removal of vehicles with 

time gaps between adjacent vehicles larger than 7 seconds, (see Section 3.3.2). 

5.3.   Sources of Measurement Bias 

Although many sources of measurement bias are present when collecting data from 

road locations, the author identified the two more relevant and developed strategies to 

mitigate their effects. The following subsections briefly describe these sources of bias 

and their mitigation strategies. 

5.3.1. Device Rounding Error 

As discussed previously, the devices round speeds to the nearest integer. In that case, 

the maximum difference between the true speed value and the device reading should be 

of 0.5 mph. However, the expected effect of this error over a large sample would be 

somehow small since some values are rounded upward and some downward. 

This effect was considered in the design, as discussed in Chapter 3, but it is implicit 

when computing means and standard deviations from the raw data. The author observed 

an unexpectedly large effect when computing quantiles from large data sets. Section 6.2 

in this document provides further details about the characteristics and proposed 

treatment of this unwanted influence over quantile estimates. 
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5.3.2. Device Placement Bias 

When installing one device on the road, its long axis should be positioned parallel to 

the center line of the road. However, the data collection team could not avoid occasional 

deviations from this ideal situation.  

“Tilt” placement could potentially occur anywhere during the data collection, 

primarily because the devices were installed so that the team member installing them 

would minimize his/her exposure to active traffic. Another reason this tilt placement 

occurred was that judging the device to be “parallel” to the center line or the fog line at 

the edge of the pavement proved challenging when installation was intended within a 

curve. Additionally, the team had to install the devices before dawn under poor 

visibility in several occasions. 

For all these reasons, the research team performed an inspection prior to removing 

the devices from the pavement. This inspection identified a few devices as requiring 

explicit treatment of their tilt. The subsequent subsections describe the procedures the 

author followed to treat these sites. 

5.3.2.1. Modeling Tilt Effect 

According to the user manual, NC-200 devices monitor earth magnetic field at two 

points located along the major axis of the device. Speed is computed by reading the 

time difference of the magnetic disruption of a vehicle as it reaches each these two 

points, in a way that is similar to how fixed double loops on roads and intersections 

estimate spot speeds (Quixote Transportation Technologies Inc., 2006).  
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Figure 5.3-1. Tilt Bias Schematic 

 

An estimate of the measurement bias can be computed by knowing the relative angle 

between the device and the travel lane axis (or the tangent line to the axis, when the 

device was placed on a curve). Equation 5.3-1 shows the relationship between the 

measured speed and the real speed. This relationship stems from simple trigonometry 

using the metrics shown in Figure 5.3-1. 

( )r mS Cos S   

Equation 5.3-1. Relationship between True Speed and Biased Speed 

Measurement 

Where : 

rS = The real speed (mph); and 

mS  =  The measured speed (mph); 



d’ d
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The author developed a method to estimate   using the photographic record of the 

sites, so it was possible to compute the correction proposed in Equation 5.3-1.  Such a 

method required the use of photographs of the devices in the position they were placed 

on the road. Since a photograph taken from a very short distance has a significant 

perspective distortion, some analysis over the image would be necessary in order to 

obtain reliable estimates of the tilt angle. This research developed then a two-step 

procedure to process images, as briefly described in Subsection 5.3.2.2. 

The author only applied the tilt correction only when the photographic analysis 

revealed angles equal to or larger than 7 degrees. This threshold was set because, in 

theory, at 55 mph (typical speed limit at Oregon rural highways) a reading with a 

perfectly set device would result from vehicles traveling between 54.5 mph and 55.5 

mph. According to Equation 5.3-1, if there was a 7 degree tilt, the same reading of 55 

mph would proceed from a vehicle traveling between 54.09 and 55.09 mph. In other 

words, the tilt effect is roughly the same as the rounding effect at 7 degrees. For larger 

angles, the tilt effect is expected to dominate the total bias of the measurement. But for 

smaller angles, the dominant factor is the rounding error associated with the devices 

themselves. 

5.3.2.2. Tilt Estimation Overview 

Once the placement tilt became evident, the data collection team took photographs of 

the devices before removing them from the pavement. These photos and their associated 

tilt estimate would make possible a correction based on Equation 5.3-1.  

In order to describe the image analysis, the extreme case of tilt is shown in Figure 

5.3-2. This photograph corresponds to Umpqua Highway milepost 36.  
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Figure 5.3-2. Maximum Placement Tilt in Data Set 

 

The author applied a transformation matrix to the image in two stages: 

1. A transformation such that the perspective effect is cancelled. That is, a 

vector gradient is applied such that any lines known to be parallel appear 

parallel in the transformed image. 

2. The second transformation enables the calculation of the real ratio of the two 

axes of the device. This proportion transformation is over the only direction 

that is orthogonal to the first-applied gradient (i.e. the first transformation) in 

the two dimensional space of the photograph. In the resulting image, true 

angles can be read as shown in Figure 5.3-3.  

In this example, the tilt was determined to be 10.53 degrees, so the resulting 

correction factor for the speed from this device was 0.9831. Only 4, out of 128 data sets 

were adjusted using this procedure. 0 shows a validation experiment conducted under 

controlled conditions. The experiment concluded that angle estimates obtained this way 

would be within 1 degree from the true value.  
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Figure 5.3-3. Image after Second Transformation: True Angle Estimates 

 

Angle corrections corresponding to the four data sets that required adjustment are 

shown in Appendix E. The author verified that, as expected, such adjustments affected 

the estimates from these sites by less than 1 mph. 

5.4.  Independence Assessment 

It is not possible to be completely certain about the independence between data 

points. It is possible, however, to test for the theoretical characteristics that independent 

points should exhibit. The author tested for two such characteristics over the filtered 

data from every site. In general there is no evidence against the assumption that the 

points from every data set are independent, after filtering and adjusting them as 

described in the previous sections. 
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5.4.1. Speed Autocorrelations 

This coefficient would provide an idea of how much a vehicle‟s speed seems to be 

correlated with the speed of previous vehicles in the data set. If the trips are 

independent, these autocorrelations should equal or approximate zero.  

It is important to notice that the autocorrelations obtained by this procedure do not 

correspond to the serial correlation coefficients demonstrated in Equation 3.3-2, since 

the use of that equation requires that the data points are equally spaced over time when 

computing the first serial correlation coefficient.  

In this research, the correlations were computed for “lags” that represent consecutive 

vehicles (i.e. lag 1= consecutive vehicles, lag 2 = every 2 vehicles, etc.). Most data sets 

showed autocorrelation magnitudes of 0.15 or less, small enough to assume their values 

as zero. Figure 5.4-1 shows a set of autocorrelations typically encountered at most sites. 

 

Figure 5.4-1. Speed Autocorrelations for D8 at Odell 01 

The extreme case was Green Springs Highway, for which two devices exhibited 

autocorrelations up to 0.3 in magnitude. It is important to notice that this is also the site 

with less data points per direction of travel, and one of only two sites in the sample with 
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rough rolling terrains. Furthermore, these autocorrelations correspond to devices from 

only one of the two directions of travel at this site.  

 

Figure 5.4-2. Speed Autocorrelations for D5 at Green Springs Hwy 

 

The author finds three reasons to tag atypical autocorrelations from this site as 

irrelevant: (1) the absolute values of these autocorrelations are rather small; (2) the 

average gap between consecutive vehicles was 430 seconds, which is far beyond any 

reasonable estimate for mutually influencing vehicles; and (3) the sample size is quite 

small, so the correlation values are very unstable, as shown in Figure 5.4-2 and Figure 

5.4-3. These figures show the autocorrelations from two consecutive devices, placed 

only 460 feet apart on the same travel lane. 
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Figure 5.4-3. Speed Autocorrelations for D6 at Green Springs Hwy 

Since the vast majority of sites had autocorrelations similar to Figure 5.4-1, the 

author concluded that after filtering tailgating vehicles out, it was reasonable to assume 

that no serial patterns were present in the data streams. 

5.4.2. Negative Exponential Quantile-Quantile Plots for Time 

Gaps  

Another way to assess independence would be by examining the time gaps between 

two consecutive vehicles. It is expected that if the arrivals are independent, the time gap 

between two consecutive arrivals would follow the negative exponential distribution. 

To verify this expectation, the author constructed Negative Exponential Quantile-

Quantile (Q-Q) plots for every data stream. Almost all of the plots exhibited very good 

fits to the expected distribution (similar to the one displayed in Figure 5.4-4). 
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Figure 5.4-4. Negative Exponential Q-Q Plot for D8 at Elkton-Sutherlin Hwy 04 

Again, the extreme case was Green Springs, for the reasons discussed in the previous 

subsection. Figure 5.4-5 shows the worst fit in the whole sample, corresponding to this 

site. 

 

Figure 5.4-5. Negative Exponential Q-Q Plot for D2 at Green Springs Hwy 
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Nevertheless, it is clear that the largest time gap observed have a significant leverage 

over the fit of the data to the expected distribution. At the Greeen Springs Highway site 

(see Figure 5.4-5) the extreme point had a gap of about 3000 seconds, but its predicted 

quantile was about 2000 seconds. After removing this extreme outlier, the poor fit at 

this site becomes comparable to the rest of the sites, as shown in Figure 5.4-6. 

 

Figure 5.4-6. Q-Q Plot for D2 at Green Springs After Removing the Extreme 

Outlier 

Since the vast majority of sites fitted very well the expected negative binomial gaps, 

the author concluded that it was reasonable to assume that consecutive arrivals in the 

data streams could be assumed as coming from a homogeneous Poisson process (which 

implies independent occurrence of events). 

5.5.  Normality Assessment 

The author used normal Q-Q plots to assess normality of speed data. In general, the 

normal distribution fits very well to the speeds from all sites. Figure 5.5-1 shows a 

typical Q-Q plot. Slight departures of the upper tails (longer upper tails), like the one 

observed in  Figure 5.5-1, are typical of speeds measured within the curves. The normal 
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fit was better at tangent locations. Later in this thesis, the author relies on the normality 

assumption to acquire 85
th

 percentile estimates and their standard error. Further details 

are given in Section 6.2 and Appendix F. 

The poorest fit for the Normal Q-Q plot occurred at Green Springs Highway, as 

shown in Figure 5.5-2. However, the right tail is larger than expected from normal data, 

which suggests that normal estimates for 85
th

 percentiles would be smaller than when 

modeling the data with a better fitting distribution (e.g. a gamma distribution). Section 

6.3 provides a brief discussion of the implications of this underestimation for some data 

sets. 

 

 

Figure 5.5-1. Normal Q-Q Plot for D7 at Kings Valley 06 
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Figure 5.5-2. Normal Q-Q plot for D6 at Green Springs Hwy 

5.6.  Speed Profiles 

Following data collection, the acquired data can be used to assess speed distribution 

changes along the path of the vehicles. Actual determination of statistical significance 

of speed change distributions requires matching individual vehicles within the four 

speed streams, a possible but cumbersome task that goes beyond the scope of this 

project. Therefore, this section only provides a qualitative assessment of speed profiles. 

Some typical patterns are shown in Figure 5.6-1 and Figure 5.6-2.  A common 

element in most of these patterns is a speed reduction from upstream to a location one 

third of the distance into the curve. This behavior suggests drivers were reacting to the 

geometry of the horizontal curve (Bonneson J. A., Side Friction Demand and Speed as 

Controls for Horizontal Curve Design, 1999).  
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Figure 5.6-1. Typical Speed Profile 

Even though it is expected that the most relevant factors that shape these patterns are 

geometric characteristics, it is not clear which of these characteristics have a direct 

effect. For instance, only one device was positioned upstream of the curves, so it is not 

clear if vehicles were slowing down prior to reaching the point of curvature, and if so, 

for how long and by how much. It is likely that other factors such as super-elevation, 

radius, and direction of curvature affect speed distributions and their changes more 

clearly than the associated advisory speed signs. This expected influence was confirmed 

by the exploratory analysis performed in Chapter 7. 
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Figure 5.6-2. Typical Speed Profile 

 

The quality of the data invites further statistical analysis. For example, one 

evaluation method may be to fit a statistical model to assess to what extent some 

geometric factors explain speed changes along the studied curves. Potential research 

approaches that would use these data to a bigger extent are suggested in Section 8.3. 

5.7.  Variability Reduction Associated with Curves 

Another trend present at many sites is an apparent reduction of variability to a 

“natural” curve speed, specifically by the fastest vehicles. This trend is displayed in 

Figure 5.7-1.  
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Figure 5.7-1. Typical Speed Distribution Change from Tangent to Curve 

Vehicles around the statistical mode tend to maintain their speed, as do the slowest 

vehicles. However, faster vehicles are those that reduce their speeds to values around 

the mean, as suggested by the reduction in frequency of the higher speed bins and the 

increase in frequency for speeds in bins around the mean and the mode. This trend 

reflects the slight skewness of the distribution as described in Section 5.5. 
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6. Characterization of Operations in Western Oregon 

This chapter describes the operational data analysis performed for this research effort 

so as to respond to the main research objective: Characterize speed operations around 

curve advisory speeds in western Oregon. Chapter 3 elaborates on the reasons why 

results from this research are representative of a large geographic region. Chapter 5 

described properties that prove useful to construct confidence intervals around the 

estimates from the sample of speeds. 

Section 6.1 discusses the need for developing estimates for metrics other than mean 

speeds as is typical for characterizations similar to this research and its associated 

objectives. 

Section 6.2 provides a discussion on the methods to estimate 85
th

 percentiles and 

their standard errors. This section also comprises a comparison of two approaches to 

obtain estimators and two methods to obtain standard errors for such estimators. Section 

6.2 also includes a discussion on selecting the best estimator and its standard error. 

Section 6.3 presents the metrics that were selected to characterize the three ODOT 

regions that are the focus of the research effort. 

Section 6.4 presents the estimates of the selected metrics and their corresponding 

confidence intervals. 

Section 6.5 provides a summary of the findings presented in this chapter. 

6.1.  Metrics Based on Mean Speeds 

Chapter 3 explains the probability structure behind the data selection. Standard errors 

for the total and mean estimates can be computed by using the weights resulting from 

this data selection structure. These weights are also useful when estimating standard 

errors for linear functions where the only random component is a total or a mean of the 

speeds. An example of this approach is the analysis of the speed reduction when 
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subtracting posted advisory speeds from observed vehicle speeds. Metrics based on 

mean speeds, however, are of limited value when assessing general operational speeds.  

Typically, transportation agencies use the 85
th

 percentile speed as the basis for 

establishing a “design value.” That is, the design speed is assumed to be above 85% of 

the speeds that will be observed in the road once it is open to the public. It is also 

common practice to set the design speed 10 mph above the proposed speed limit. 

Since the design details of the surveyed sites were not fully available, it is reasonable 

to assume that the roads were designed following these common practices. It is clear 

from this assumption that some evaluation should be performed regarding the 85
th

 

percentile speeds in order to assess operations at these sites. Furthermore, the author 

considers that the ability to statistically bounding the estimates of the 85
th

 percentile 

speeds (i.e. constructing confidence intervals) is more relevant than the relatively easy 

task of constructing confidence intervals for mean speeds. 

6.2.  Metrics Based on 85
th

 Percentiles 

This section deals with selecting an appropriate estimate for the 85
th

 percentile. 

Special emphasis focuses on dealing with the implications of rounded speed values (to 

the nearest integer number), a characteristic of the equipment used in the collection 

phase. 

The next section also provides a discussion on selecting an appropriate estimator for 

the standard error of the 85
th

 percentile speed. 

6.2.1. Estimator Selection for 85
th

 Percentiles 

Computing an estimate directly from the data, as the one showed in Equation 6.2-1, 

includes the undesired effect of the equipment rounding its measurements. Simulation 

showed that this effect would be more relevant as the sample size increases. So before 

computing the estimator directly from the raw data, the author considered evaluating 

alternative estimators, in order to compare estimator performances. 
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Equation 6.2-1. Raw-data Based 85th Percentile Estimator 

Where: 

0.85̂   = Estimate for the 85
th

 percentile of parameter θ; 

( )a   = value of θ in the sample that is in rank a; 

( )i   = value of θ in the sample that is in rank i; and 

n   =  total sample size; 

 

If there is no 
( )a in the sample for which the proportion is exact, it is acceptable to 

use interpolation. 

An alternative approach would be to obtain an estimate from a parametric 

distribution that would fit adequately to the field data. Since the field data 

approximately follows a normal distribution, this distribution was selected for the 

estimator parameterization as shown in Equation 6.2-2. The author compared both 

estimators using simulation and determined that the parametric estimator performed 

better in every test. 

 0.85
ˆ ˆ ˆ1.0364      

Equation 6.2-2. Parametric Estimator for 85th Percentiles 

Where: 

ˆ
   = Estimator for the mean of θ; 

ˆ
   = Estimator for the standard deviation of θ; and 

1.0364 = the 85th percentile of the Standard Normal Distribution. 
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The main difference between these two estimators is their efficiency: simulation 

showed that as sample size increases, the expected standard error decreased only for the 

parametric estimator. This occurrence is because the rounding effect increases the 

probability of the raw-data estimator value is an integer number for increasing sample 

sizes. This trend greatly limits the raw-data estimator accuracy. Instead, of converging 

to zero (as the parametric estimate did in the simulation tests) the raw-data estimator 

converged asymptotically to the mean difference between the population quantile and 

the closer integer speed in the sample. Appendix F provides the details of this 

comparison. 

6.2.2. Standard Error Estimates for 85
th

 Percentiles 

Some statisticians call for caution when confidence intervals are required for 

quantiles because they are not, in general, smooth functions of population totals (Lohr, 

1999, p. 311). Lohr proposes a method, developed by Woodruff in 1952, based on the 

assumption that the sampled distribution can be approximated in a smooth way from the 

sample. Equation 6.2-3 shows Woodruff‟s proposed confidence interval. 

   1 1ˆ ˆ ˆ ˆ ˆ ˆ1.96 ( ) 1.96 ( )K K KF K V F F K V F         
     

Equation 6.2-3. Woodruff Approximate 95% Confidence Interval for any 

Quantile K 

Adapted from (Lohr, 1999, p. 311) 

Where: 

 1F 
= Inverse function operator; 

 ˆ
kF   = Cumulative function estimator for θ evaluated on the k

th
 percentile; 

  and 

k  = k
th

 percentile of θ population distribution; 
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Woodruff‟s confidence interval uses a sample-based estimate of the Cumulative 

Probability Function (CPF), which is itself a function of the population totals. Because 

of this property, it is appropriate to propagate standard errors of this estimate through 

the sample design, as one would do with mean estimates. Large sample sizes would be 

required, to ensure the approximate cumulative function is smooth enough and so that 

construction of normal confidence intervals is possible by virtue of the Central Limit 

Theorem. One potential problem with this procedure is that it does not provide a single 

half-interval estimate, but rather two different estimates. This is because of the 

transformation performed over the inverse of the Cumulative Probability Function (i.e. 

F
-1

(
K ) ). The author considered that if the Woodruff method were to be used, then the 

larger of such half intervals would be adopted. 

Earlier work by Evans developed a general estimator for quantiles that is 

computationally simpler than Woodruff‟s (Evans, 1942). This estimate relies on the 

Probability Density Function (pdf) of the sampled population distribution, instead of its 

CPF. An additional advantage this method offers is that the result is not a simple 

confidence interval, but an estimate of the Standard Error of the sampling distribution of 

the quantile. Again, since quantile estimation is intended, this method would also allow 

computing global statistics, using the standard error and the sampling structure because 

quantile estimates can be understood in terms of population totals. Equation 6.2-4 

shows the form of the equation for this Standard Error as given in Evans‟ paper. 

 

 
1/2

1

k

c

C K K n

f


    

Equation 6.2-4. Evans Standard Error for any Quantile K 

Adapted from Eq. 18, (Evans, 1942, p. 373) 

Where: 

k  = Sampling standard error for k
th

 percentile of θ; 
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cf  = Absolute frequency for the class that contains the k
th

 percentile; 

C = Class width; and 

n = Sample size;
 

Evans deduced Equation 6.2-4 to be used when the computations extend over a 

frequency table. C stands for “Class Width” and 
cf  for the absolute frequency of the 

class that contains the percentile. Estimating the percentile by such a procedure would 

be less efficient than getting an estimate and its standard error from the raw data, as in 

the case of Equation 6.2-3. In order to obtain an estimator of comparable efficiency this 

author modified Equation 6.2-3 into Equation 6.2-4 to be used on the raw data instead 

of on a frequency table. This modification is explained next. 

Basically, the goal is to find 
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C K K n
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,  

which is equivalent to finding,  
1/2

0
1 lim

k C
c

C
K K n

f




 
     

 
. 

The class width C can be expressed as the difference between a and b, two arbitrary 

values from the distribution of interest, and the absolute frequency expected value can 

be expressed in terms of the sample size and the probability associated with the interval 

C. The only condition would be that 
ka b   then, 

 
1/2
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1 lim
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k bC

a

b a
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n f d



 


 
 

      
 
 


 

Where ( )f  is the pdf (probability density function) of  . The integral in the 

denominator represents the probability of the interval [a , b]. This probability, when 
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multiplied with an integer n, results in the expected frequency bounded by the interval 

in a sample of size n. 

In the limit, the class width reduces to d , and the pdf is evaluated on a single value 

(the parameter being estimated). So: 
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    , it follows then,  
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   , which can be estimated by just inserting the best estimate 

available of 
k  as shown in Equation 6.2-5: 
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Equation 6.2-5. Standard Error for 85
th

 %tile based on the Evans Estimator 

Where: 

ˆ( )kf   = probability density function for θ evaluated at ˆ
k . 

All other variables as defined for Equation 6.2-4. 

The same set of assumptions from the Woodruff Estimator would prevail when using 

the method just derived: a large enough sample size at every site so the sampling 

distribution for the quantile to be estimated has a stable, smooth distribution. If 

confidence intervals are intended, the sampling distribution should be known. Notice 

that Equation 6.2-5 requires evaluating the pdf of the sampled population distribution. 

The author used the normal distribution as the basis for this estimate, as the data suggest 

such a distribution. 

Based on the assumptions required to use Equation 6.2-5, the author could not 

analytically determine to what extent the smoothness and normality were achieved 
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within the collected data. In other words, it was not clear how big “big enough sample 

sizes” are. Furthermore, it was not clear if the measurement error associated with the 

equipment used to collect the data might affect the 85
th

 percentile estimates in a more 

significant way than might affect the mean estimates, as it was discussed in Section 3.3. 

For these reasons, the author performed a simulation to verify the smoothness and 

convergence to normality of the 85
th

 percentile sampling distribution on the site with the 

smallest sample size. This procedure also allowed a direct comparison of Woodruff and 

Evans estimators in their ability to capture the population parameter. In addition, the 

author performed the same simulation procedure using data from another site as a 

means of validating the conclusions. Appendix F presents more details on this 

procedure. 

Simulation results strongly suggest that using the estimator based on Equation 6.2-5 

in combination with the 85
th

 percentile estimator shown in Equation 6.2-2 is the most 

robust of the evaluated estimation procedures.  

6.3.  Selection of Metrics to Characterize Western Oregon 

In order to assess operations in western Oregon, the author developed a set of metrics 

that were best suited for the task. Table 6.3-1 summarizes the selected set of metrics. It 

is important to notice that when computing the first four metrics, the only random 

component is the percentile estimate. The corresponding estimate and standard error 

were computed as described in Section 6.2. 

Regarding these metrics (particularly the first four listed in Table 6.3-1), when some 

data sets slightly departed from normality, that typically meant that the 85
th

 percentile 

would be somewhat underestimated, as discussed in Section 5.5.  
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Table 6.3-1. Speed Metrics to Assess Operations in Western Oregon 

Metric 

85
th
 Percentile of speed upstream of curves (mph) 

Excess of 85
th
 percentiles over speed limits upstream of curves (mph) 

85
th
 percentile of speeds  1 / 3 into the curves (mph) 

Excess of 85
th
 percentile over advisory speeds  1 / 3 into the curves (mph) 

Proportion of vehicles over advisory speeds 1 / 3 into the curves (mph) 

However, upon evaluation of the field data, 85
th

 percentiles were in all cases above 

the advisory speeds, so the metrics based on this quantile (particularly the curve speed 

excess over advisory speeds) result in conservative measures of “speeding” as observed 

in the data sets. This means that if a positive difference is found statistically significant, 

the same conclusion would be reached if a more sophisticated distribution that fits the 

data better was used to obtain a parametric estimate of the 85
th

 percentile. 

6.4.  Operating Speed Characteristics of Western Oregon 

As explained in the previous sections, the author placed specific attention on the 85
th

 

percentile of speed distributions. This specific quantile is typically presumed as the 

basis for the “design” value for road geometry, and so a comparison between these 

quantiles and the advisory speeds is of interest for this research. 

Table 6.4-1 shows 85
th

 percentile estimates per western Oregon DOT region and for 

all three regions combined. The approximate length of the half intervals of about 10 

mph suggests that projections made in the sampling design were, overall, appropriate. 

However, the wide intervals of possible values for the “true” speed upstream of the 

curves are not very informative. Even with a larger sample size, determining a narrower 

interval for such a parameter would be of limited use, given the wide variety of 

geometric characteristics and geographic locations that it would represent.  
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Table 6.4-1. Eighty-fifth Percentile Estimates for Operating Speeds 

 

Additionally, the author performed the same calculations followed to construct Table 

6.4-1 but without assuming the +0.5 correlation between directions of travel from the 

same site. Table 6.4-2 shows the new estimates without site correlation. As expected, 

the new estimates are overall less conservative than those in Table 6.4-1. This result 

confirms that assuming the +0.5 correlation yields more conservative estimates, as 

discussed in Section 3.6. The assumption, then, will be held for the rest of the metrics 

presented in this Chapter. 

Table 6.4-2. Eighty-fifth Percentile Estimates for Operating Speeds without Site 

Correlation 

 

Table 6.4-3 shows estimates for the difference between 85
th

 percentiles and the speed 

limits at a location immediately upstream of the studied curves. This difference 

represents a measure of speeding behavior at the surveyed locations. The estimates 

suggest speeding, since they are positive for all three ODOT regions. However, since all 

the confidence intervals shown in Table 6.4-3 are rather wide and they include both 

Region

Estimate for Descriptive 

Statistics (Parametric 

estimate, and covariance)

Standard 

Error

1
61.2 5.94 49.52 - 72.82

2 59.5 5.80 48.18 - 70.91

3 64.1 5.07 54.16 - 74.05

All 3 regions 61.2 3.91 53.48 - 68.82

Range of likely values 

(Confidence of 95%)

Region

Estimate for 85th %tile 

Upstream Curve

Standard 

Error

1 60.3 5.36 49.83 - 70.84

2 58.7 5.69 47.53 - 69.84

3 62.7 5.31 52.24 - 73.07

All 3 regions 60.1 3.89 52.48 - 67.72

Range of likely values 

(Confidence of 95%)
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negative and positive values, it is not possible to statistically infer from the sample that 

such speeding is a generalized behavior among drivers in western Oregon. 

Table 6.4-3. Eighty-fifth Percentile Speed Minus Speed Limit Upstream Curves 

 

As pointed out in Section 5.7, the variation in the speed distributions tended to 

reduce as vehicles entered the curve. This trend suggests an apparent convergence to a 

“natural” speed that might be correlated with the geometry of the curve. This reduction 

in variability also seems to explain the smaller standard errors shown in Table 6.4-4, 

which displays 85th percentiles for speeds one-third into the horizontal curves. The 

estimate for Region 3 is the only one that shows a higher standard error (when 

compared to speeds upstream of the curve). It is important to notice that this region 

contains 3 sites in the sample with special geometric characteristics that were not 

present in the rest of the sample: 2 sites with passing lanes and one with the lowest 

AADT that is located in a mountainous terrain. These unique conditions are likely 

contributing factors in explaining this increased standard error for Region 3. 

Region

Estimate for 85th %tile 

excess over Speed Limit 

Upstream Curve

Standard 

Error

1
8.4 5.95 -3.28 - 20.06

2 4.5 5.80 -6.82 - 15.91

3 9.1 5.19 -1.07 - 19.27

All 3 regions 6.3 3.93 -1.41 - 14.00

Range of likely values 

(Confidence of 95%)
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Table 6.4-4. Eighty-fifth Percentile at 1/3
rd

 into the Curve 

 

Similar to Table 6.4-3, Table 6.4-5 shows estimates for the difference between the 

85
th

 percentiles and the advisory speeds. None of the region ranges of likely values for 

the estimates contains zero, which strongly suggests that this excess of speed is positive 

and significant for all the studied regions.  This finding is not surprising if one considers 

that none of the 85
th

 percentile estimates fell below the advisory speed, but rather 

exceeded it by an ample margin. Despite of the usefulness of this piece of evidence, the 

85
th

 percentile is itself an upper bound for the 85% of the drivers. Knowing that the 

upper bound of speeds is above the advisory speed by an average of 13 mph is not very 

meaningful from the safety stand point. It would be more relevant to describe and 

quantify the operating characteristics at faster speeds than the advisory sign plaque 

values. 

Table 6.4-5. Eighty-fifth Percentile Minus Advisory Speed 1/3
rd

 into the Curve 

 

Region

Estimate for All 3 regions
Standard 

Error

1 58.0 4.99 48.19 - 67.76

2 54.1 4.04 46.14 - 62.00

3 59.7 8.15 43.76 - 75.71

All 3 regions 56.2 3.65 49.03 - 63.34

Range of likely values 

(Confidence of 95%)

Region

Estimate for Excess of 85th 

%tile over Advisory

Standard 

Error

1 19.4 3.49 12.57 - 26.24

2 10.6 2.79 5.14 - 16.06

3 18.6 6.40 6.10 - 31.18

All 3 regions 13.8 2.71 8.50 - 19.12

Range of likely values 

(Confidence of 95%)
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Table 6.4-6 shows estimates for the proportion of vehicles driving faster than the 

advisory speed at one-third into the curve. About 92% of drivers exceeded the advisory 

speeds in Regions 1 and 3. As shown in the last column of Table 6.4-6, it is very 

unlikely that the real proportion be less than 86% and 74% in Regions 1 and 3 

respectively. Interestingly, Region 2 exhibits fewer drivers exceeding the advisory 

speed (60% in average) with a lower bound for the “real” proportion down to 44%.   

Table 6.4-6. Proportion of Vehicles Faster than Advisory Speeds 1/3
rd

 into the 

Curve 

 

Table 6.4-7 shows estimates corresponding to locations two-thirds of the way into 

the curves. Differences between Table 6.4-6 and Table 6.4-7 shall not be considered 

meaningful, given they are insignificant when compared to the standard error associated 

with the estimates. 

Table 6.4-7. Proportion of Vehicles Faster than Advisory Speeds 2/3
rd

 into the 

Curve 

 

Region

Estimate for Proportion of 

Vehicles over Advisory

Standard 

Error

1 92.4% 3.8%

2 60.6% 10.0%

3 92.2% 10.8%

All 3 regions 73.0% 7.1%

44.1%

74.4%

61.4%

Lower Bound for 

Proportion of Vehicles 

Faster than Advisory 

(Confidence of 95%)

86.2%

Region

Estimate for Proportion of 

Vehicles over Advisory

Standard 

Error

1 89.6% 7.5%

2 64.9% 8.1%

3 91.4% 17.1%

All 3 regions 75.2% 7.5%

Lower Bound for 

Proportion of Vehicles 

Faster than Advisory 

(Confidence of 95%)

77.3%

51.6%

63.3%

62.9%
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6.5.  Summary of Western Oregon Characterization 

The initial discussion in this chapter concluded that 85
th

 percentile speeds would be 

necessary to fulfill the main objective of this research. The author developed specific 

estimators for these statistics and their associated standard errors.  To characterize speed 

operations at horizontal curve locations in western Oregon, this research determined 

five metrics based on the 85
th

 percentile speed statistics. Finally, this section presents a 

summary of the metrics and a concise interpretation of these results. Chapter 8 expands 

the interpretation and provides conclusions regarding this research objective. 

Although Table 6.4-1 and Table 6.4-3 consistently show that 85
th

 percentile speeds 

exceed speed limits at a location upstream of the studied curves, the sample did not 

provide statistical evidence against the hypothesis that the speed statistic is no different 

than the speed limit. Table 6.4-5 provides convincing evidence of operating speeds 

exceeding speeds displayed on advisory speed signs. Additionally, Table 6.4-6 and 

Table 6.4-7 provide an alternative perspective of this remark: more than 70% of drivers 

in western Oregon drive rural highway horizontal curves faster than the advisory speeds 

displayed at those locations. 
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7.  Modeling Advisory Speed Effect on Curve Speed 

To address the secondary research question (Is there any effect of advisory speeds 

after accounting for other factors?) the author fitted a linear model over the speed data. 

Given the small sample size available for this evaluation, the author considered a linear 

model to identify traces of advisory speed effects on operations, instead of a more 

complex model, that would require more data. This linear model was not intended to be 

used as a prediction tool, but rather as a simple form to account for factors influencing 

speed selection, including advisory speeds, to then compare their partial influences and 

statistical significances. 

7.1.  Variable Selection 

As a metric of operations, this research used 85
th

 percentile estimates at a location 

one-third into the curve. This is the response variable in the subsequent analysis. 

Speed upstream of the curve, grade upstream of the curve, change in grade, super 

elevation rate, posted advisory speed, and speed limit were initially selected as potential 

explanatory variables. Curve radius is also expected to play a role on speed selection, 

for its influence on vehicle dynamics and for its conspicuity to drivers when initially 

assessing the curve. From the dynamics of a vehicle negotiating a curve, it is known 

that the side friction demand on the vehicle tires is proportional to its speed, the super 

elevation of the road and the inverse of the radius. To account for this, the author used 

the inverse of the radius and an interaction term between this transformed variable and 

super elevation to test for potential explanatory factors. 

Finally, three binary variables were added to the pool of potential covariates: one 

variable identifying curves to the right, one identifying curves posted according to 

Oregon Warrants, and one indicating curves preceded by long tangent segments 

(tangent segments that are longer than 1000 ft). 



91 

 

7.2.  Modeling Curve Speed 

This research used a stepwise procedure to reach the simplest model that was still 

meaningful to represent operating speeds as function of a set of covariates. The author 

used the Akaike Information Criterion (AIC) to compare and select independent 

variables in the iterative process. The AIC is a measure of entropy, a quantity inversely 

proportional to the information a model contains. Higher AIC values mean higher 

entropy, which implies higher loss of information in the model. The model with lower 

AIC is said to balance model dualities in two dimensions: variance vs. bias and 

accuracy vs. complexity.  

The initial (rich) model is presented in Equation 7.2-1.  

1

1

Curve Upstream

Upstream Upstream

Speed Speed SpeedLimit AdvisorySpeed Radius SuperElev

Radius SuperElev Grade Grade ToRight FollowWarrants LongTangent





   

      
 

Equation 7.2-1. Initial Linear Model 

Where: 

Speedcurve   = Operating speed in the curve (mph); 

SpeedUpstream  = Operating speed upstream of the curve (mph); 

SpeedLimit   = Speed limit in the study road section (mph); 

AdvisorySpeed  = Posted advisory speed in the study curve (mph); 

Radius   = Radius of the horizontal curve (ft); 

SuperElev   = Superelevation of the horizontal curve (%); 

GradeUpstream  = Road grade upstream of the curve (%); 

ΔGradeUpstream  = Change of grade from upstream of to the point into the 

curve (%); 

ToRight = Indicator variable that equals 1 if the curve is to the 

right, zero otherwise; 
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FollowWarrants = Indicator variable that equals 1 if the posting in the 

curve follows the warrants stated in the Oregon 

Department of Transportation Traffic Manual; and 

LongTangentUpstream = Indicator variable for the presence of a long tangent 

upstream of the curve 

The resulting linear model after the stepwise selection procedure is presented in 

Equation 7.2-2. The absence of variables related to advisory speeds is obvious. This is 

an indication of their insignificance as compared to upstream speed and radius to 

explain curve speeds. 

1

Curve UpstreamSpeed Speed Radius  

Equation 7.2-2. Simplified Linear Model 

Table 7.2-1 provides AIC values for model comparison: 

Table 7.2-1. Model Comparison based on their AIC 

Model AIC 

Rich (Equation 7.2-1) 678.0357 (initial) 

Simpler (Equation 7.2-2) 418.8330 (minimum) 

Additionally, the multiple R
2
 for the simpler model is very good (0.8171) which 

indicates that only two variables (Speed Upstream of the curve and the inverse of the 

radius of the horizontal curve) are sufficient to explain 81.71% of the variation in the 

data.  

Since the intention of this research is to compare the effect of advisory speed signs, 

“AdvisorySpeed” would be desirable in the simplified model, as shown in Equation 

7.2-3.  
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1

Curve UpstreamSpeed Speed Radius AdvisorySpeed   

Equation 7.2-3. Simplified Model with Advisory Speed Value 

However, a scatter plot in Figure 7.2-1 shows that the inverse of Radius and 

AdvisorySpeed are highly correlated. From Table 7.2-2 it is known that the numeric 

value of this correlation is -0.8. This characteristic suggests then that both variables 

should not be together in one single model. Based on this observed correlation and a 

working model with only one of two covariates, the author considered that leaving the 

Advisory Speed out is the most appropriate way to model the collected data.  

 

Figure 7.2-1. Matrix Scatter Plot for the Relevant Covariates 

Additionally, the author considered testing for the hypothesized reaction of drivers in 

proportion to their speed exceeding advisory speeds. The tested variable was named 

“PSpeedMinAdv” and defined as the difference between the speed upstream of the 
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curve and the advisory speed. However, when performing an automated stepwise model 

selection, the process converged again to the set of covariates shown in Equation 7.2-2.  

Table 7.2-2. Correlation Matrix of Covariates 

 Posted Advisory Radius 
Reciprocate 

Speed 
Change 

Prior One-
Third 
Into 

Posted 1.00      
Advisory -0.41 1.00     
Radius^-1 0.26 -0.80 1.00    
Speed Change 0.08 0.53 -0.60 1.00   
Prior -0.09 0.45 -0.28 -0.07 1.00  
One-Third Into -0.01 0.71 -0.62 0.62 0.74 1.00 

 

7.3.  Effect of Radius and Advisory Signs on Speed Change 

The predictive power of the previous speed over the subsequent curve speed is 

straight forward from the vehicle dynamics stand point. Newton‟s first law of 

movement assures a strong correlation between the new and the previous speed 

distribution parameters (e.g. 85
th

 percentiles) even when assuming that the driver 

population responds with slight speed corrections to external stimuli, like geometric 

design or signage of the road.  

However, any effect attributable to external stimuli should be an explanatory element 

in the smaller scale of the difference of speeds, instead of the curve speed itself. To test 

for this hypothesis, the author performed another stepwise regression procedure based 

on speed change, resulting in only one explanatory factor: the radius reciprocate. This 

result is consistent with Equation 7.2-2 (i.e. after accounting for the previous speed, the 

remaining explanatory variable in this case is the radius reciprocate). The general fit of 

the model drops dramatically (R-squared of 0.5293).  

A second glance at the data showed that six data points could be potentially added 

when accounting only for radius and advisory speeds as explanatory factors. These data 
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points were automatically removed from the stepwise process due to partial information 

missing for some variables tested in that procedure, such as the advisory value for 

curves that did not displayed an advisory speed plaque. A flat value of 45 mph was 

imputed as implicit advisory speed to these curves. A new regression including these six 

data points and accounting for both the presence and face values of advisory speeds 

proved a poorer fit to the data (R-squared of 0.428).  

However, a relationship between the radius and the advisory speeds is still 

anticipated. In order to acknowledge such a relationship, the author considered an 

interaction term with the radius reciprocate for another regression model: the presence 

of advisory speed signs (six out of the 31 data points in the regression were not posted 

with advisory speeds) as shown in Equation 7.3-1. A summary of the results is shown in  

1 1

Speed Radius Posted Posted Radius      

Equation 7.3-1. Simplified Speed  Difference Model 

Where: 

ΔSpeed = Change in speed from upstream of to a location on third of curve 

length into the curve (mph); 

Posted = Indicator variable for the presence of advisory speed signs; 

Table 7.3-1. Regression Output for Equation 7.3-1 

 

Again, the overall fit of this model is rather poor (R-squared of 0.4839) but it is 

interesting that both variables that result with small p-values involve the presence of 

Regression Coefficient Value Std. Error p-value

(Intercept) -8.4141 4.0807 0.0493

R-1 2194.87 2656.996 0.4163

Posted 10.5769 4.3673 0.0227

R-1*Posted -4922.87 2716.356 0.0815

Residual Std Error 4.175 on 26 d.f.

Multiple R-Squared 0.4839
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advisory speed signs (0.0227 for “Posted” and 0.0815 for its interaction with the radius 

reciprocate).  

This is an ambivalent finding, because the inverse of radius is known to be closely 

related with speed choice, both from the theoretical stand point and from empirical 

studies, like that performed by Bonneson (Side Friction Demand and Speed as Controls 

for Horizontal Curve Design, 1999). This relation is suggested in the interaction term, 

but the statistical significance of the main effect was still expected.  

A fuller model including “AdvisorySpeed” as shown in Equation 7.3-2 would be 

desirable. However, as previously indicated, a strong correlation is present between the 

radius reciprocate and the advisory speed values (Pearson Correlation coefficient of -

0.80). Because of the scarce number of covariates, this is a significant colinearity issue. 

Moreover, the scatter plot of the covariates in Figure 7.2-1 reveals that even the 

indicator variable “Posted” is related in some way to the other two covariates. 

1 1

Speed Radius AdvisorySpeed Posted Posted Radius       

Equation 7.3-2. Full Model for Speed Difference 

Because of the strong colinearity of the covariates, the author considers that, as when 

attempting to fit a model for curve speed, the best theoretically sound variable would be 

the reciprocate of the radius. Reviewing the principal components of the covariates did 

not prove useful: the first component is dominated by the radius and the second by the 

advisory speed. 

7.4. Modeling Process Summary 

The author hypothesized that if an effect of advisory signs on operating speed  was 

present, it could be detectable from either the curve speed or the change in speed as 

vehicles enter the curve (from upstream to one-third of the curve length). The author 

followed a stepwise process for each of these variables, but the results for this model 

indicated that the radius reciprocate and the speed upstream of the curve are the 
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appropriate covariates. This research explored the possibility of adding advisory speeds, 

both as indicator variables and as their face value to the covariates, but colinearity 

prevented these modified models from meeting the assumption of independent 

covariates in Ordinary Least Squares Regression.  

It was not possible to construct a multiple linear regression model to address the 

secondary research question. Alternative modeling methods, like the one proposed by 

Bonneson (1999) should be considered. A thorough exploration of alternatives is 

beyond the scope of this thesis. 
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8. Conclusions 

It was possible to draw meaningful conclusions about road operations at curve 

locations in western Oregon.  Section 8.1 summarizes this characterization. 

Unfortunately, the preliminary model-based analysis on the data did not provide any 

evidence that advisory speed signs affect speeds at such locations. Section 8.2 discusses 

this issue. Section 8.3 discusses future research identified in order to expand this work. 

8.1.  Operating Speeds at Curves in Western Oregon 

This research succeeded in characterizing speed operations at curves posted with 

advisory speed signs. The results are representative of curves on rural two-lane highway 

locations in western Oregon (i.e. ODOT Regions 1, 2 and 3).  

Among the characteristics for which the data proved sufficient, this research found 

that the difference between 85
th

 percentiles of speed distributions in curve locations and 

their corresponding advisory speeds are positive and statistically different from zero 

(95% confidence level). To compute those differences, the author used 85
th

 percentile 

estimates of speed distributions at approximately one-third of curve lengths. It is 

expected that, on average, 85
th

 percentiles exceed advisory speeds by 13.8 mph, but the 

“real” difference could be any value between 8.5 mph to 19.12 mph, given the 

uncertainty associated with the sampling procedure (Table 6.4-5).  

This research also identified generalized behavior of the driving population 

regarding advisory speeds: a majority of drivers negotiate curves at speeds higher than 

the advisory speeds displayed at such curves. It is estimated that 73.0% of drivers 

exceed the advisory speeds at a location one-third into curves.  A minimum reasonable 

boundary for such a proportion of drivers exceeding advisory speeds is 61.4% (at a 95% 

confidence level). 

Nevertheless, the statistical power of the sample proved insufficient to statistically 

differentiate 85
th

 percentiles from speed limits at locations upstream of the studied 
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curves. Regardless, it is still expected that the speed limits are consistently exceeded by 

most drivers, as qualitatively observed in the data set. The best estimate available from 

the sample for this excess of speed is 6.3 mph (Table 6.4-3) but speed data from a larger 

number of sites would be necessary in order to increase the statistical significance of 

such an estimate. 

This research found convincing evidence of non-compliance with the design premise 

of a match between advisory speeds and 85
th

 percentiles of operating speeds, since the 

difference between these quantities was found to be 13.8 mph. Furthermore, this 

research found that 73% of drivers in western Oregon exceed advisory speeds after they 

entered curves that display such advisory speeds. These results are consistent with those 

from Chowdhury et al. (1998). 

8.2.  Effect of Advisory Speed Signs on Curve Speeds 

A plausible hypothesis of the effect of advisory speed signs on curve speeds states 

that drivers might use advisory speeds as vague references to assess the hazard of the 

upcoming curve, and as a result of this assessment, they slow down, probably more so 

than if no advisory speed plaque were displayed in the first place. To test this 

hypothesis, this research used linear regression models. Many models were fitted 

sequentially in order to select the most adequate from both, theoretical and goodness of 

fit stand points. However, the empirical analysis on the 85
th

 percentiles of speed 

distributions could not provide evidence of any effect of advisory speed signs on 

operations.  

Even when 85
th

 percentiles significantly exceed advisory speed signs and a large 

proportion of drivers do not adhere to speeds there displayed, the analysis suggested 

that a geometric characteristic (the reciprocate of curve Radius) could explain better this 

behavior. This result is consistent with the notion of an effect of the dynamics of a 

vehicle negotiating a curve to their speed selection. Additionally, previous research by 

Bonneson (1999) supports the notion that geometry is a determining factor in curve 
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speed selection, more than signage is (Lyles, 1982). This finding may suggest that a 

“curve ahead” sign is the most relevant traffic control device at these locations. 

Unfortunately, due to colinearity, it was not possible to include meaningful variables 

for this research in the regression models. 

This research is able to conclude about the effect of advisory speeds on curve speeds 

(or lack thereof), based on available literature, and the empirical models, consistently 

tend towards a geometric covariate (inverse of radius) as the meaningful explanatory 

variable for speeds on curves. No significant evidence of such an effect was found, but 

further analysis over a larger data set might provide insights to finding evidence of such 

an effect. Section 8.1 demonstrates that if advisory speed signs influence speed 

selection at horizontal curve locations, they do not do it as they are intended to in the 

first place (i.e. drivers slowing down to negotiate the curve at the speed suggested in the 

plaque). 

8.3.  Future Work 

Post hoc operational studies can only provide suggestive evidence about the effect of 

advisory speeds on operations. The only type of study that can “prove” any effect is a 

statistical experiment, like those quoted in the literature review (Lyles, 1982) and 

(Gates, Carlson, & Hawkins Jr., 2004). However, such a design is typically 

circumscribed to few sites because of the safety implications of adding or removing 

signage to a curve. 

If only post hoc data is feasible, it would be interesting to perform a model based 

analysis (like the empirical one of Chapter 7) on models different than Linear Ordinary 

Least Squares. The need is to fit models that are sounder with the dynamics of a vehicle 

through a horizontal curve and that are not limited by the colinearity issue encountered 

in this research. A good empirical model would suffice to identify any effect of 

advisory speeds, provided that the model assumptions are met, as opposed to the models 

in Chapter 7. 
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In this regard, various authors suggest segmentation of the driving population. 

Bonneson (1999) suggests discriminating between familiar and unfamiliar drivers. 

Results from Kanellaidis‟s work (1995) suggest a smaller effect of signage on 

aggressive drivers than on defensive ones. The data collected for this research might 

prove useful to conduct such segmentation. Particularly, individual speed profiles might 

be used for this task. However, some validation on precision of individual speed 

differences, as discussed in Section 4.2, should be conducted before performing such an 

analysis. 

A human factors analysis might provide insights on another dimension of assessing 

how signage affects curve operations. This type of analysis could use 

instrumented/monitored vehicles as Ritchie (1972), a driver simulator to test response to 

present scenarios, surveying driver attitudes, similar to the work of Kanellaidis (1995), 

or any other appropriate combination of these techniques. 
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Appendix A. Sampling Calculations 

Table A-1. Simulation Results for Sampling Universe Estimation in Region 1 

 

Mean Variance

Best 

estimate 

for 

Parameter

Bias

X1 X2 X3

X1= Sample size 62.65 103.56 [ 38 , 90 ] 65.00 2.35 [ 36 , 88 ] X1 1

X2 = # of posted 

curves in 

sample

11.58 2.08 [ 8 , 15 ] 12.00 0.42 [ 8 , 15 ] X2 0.058 1

X3 = Number of 

posted curves 

in the region

30.81 39.09 [ 19 , 52 ] 30.00 -0.81 [ 20 , 53 ] X3 -0.77 0.553 1

Mean Variance

Best 

estimate 

for 

Parameter

Bias

X1 X2 X3

X1= Sample size 24.79 18.03 [ 16 , 37 ] 26.00 1.21 [ 15 , 36 ] X1 1

X2 = # of posted 

curves in 

sample

8.14 3.29 [ 4 , 13 ] 9.00 0.86 [ 4 , 13 ] X2 0.063 1

X3 = Number of 

posted curves 

in the region

240.43 4337.39 [ 95 , 441 ] 247.00 6.57 [ 89 , 435 ] X3 -0.56 0.773 1

Mean Variance

Best 

estimate 

for 

Parameter

Bias

X1 X2 X3

X1= Sample size 25.01 14.53 [ 17 , 36 ] 26.00 0.99 [ 17 , 36 ] X1 1

X2 = # of posted 

curves in 

sample

7.29 3.35 [ 3 , 12 ] 8.00 0.71 [ 3 , 12 ] X2 0.063 1

X3 = Number of 

posted curves 

in the region

105.17 909.36 [ 38 , 188 ] 109.00 3.83 [ 35 , 185 ] X3 -0.46 0.842 1

Correlation Matrix

REGION 1 SIMULATION RESULTS Correlation Matrix

Adj. Confidence 

interval for Total 

number of posted 

curves

Confidence 

interval for 

Total number of 

posted curves

Confidence 

interval for 

Total number of 

posted curves

Confidence 

interval for 

Mean

REGION 2 SIMULATION RESULTS

REGION 3 SIMULATION RESULTS Correlation Matrix

Adj. Confidence 

interval for Total 

number of posted 

curves

Adj. Confidence 

interval for Total 

number of posted 

curves
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Table A-2.  Region 1 Final Sample Design and Expected Precision at 95% 

Confidence Level 

  

INTENDED VARIABLE: "Operating Speed" in the curve

N (Estimate 

for region  

subtotal )

53

n' (original 

sample 

size)

11

Posted 

Advisory 

Speed

Proportion 

of Sites in 

Original 

SPR 641 

Sample

Squared 

differences 

Selected 

Number of 

Sites in 

stratum

Estimate of 

Operating 

speed as 

function of 

posted 

advisory

(Prop*nh

'/nh-1)

Variance 

Between 

Segments 

within 

the same 

stratum

Number 

of Curve 

Sites in 

selected 

Type II 

site

Additional 

Variance 

between 

curves in 

one 

segment

10 0.00 507.91 - 25.00 0.00 25 - -

15 0.00 333.13 - 29.28 0.00 25 - -

20 0.00 195.07 - 33.57 0.00 25 - -

25 0.00 93.74 - 37.85 0.00 25 - -

30 0.18 29.13 1 42.14 0.18 25 - -

35 0.36 1.24 2 46.42 0.36 25 - -

40 0.18 10.07 1 50.71 0.18 25 - -

45 0.18 55.62 1 54.99 0.18 25 - -

Type II Sites 0.09 6.07 1 50.00 0.00 42 2 15

1.00 Total 6
48.31 mph  (Average Operating Speed)

18.24 mph
2
 (Variance for Operating Speed)

12.41

2.57

9.056
Attained precision at 

95% CIs

SAMPLE SIZE CALCULATION FOR REGION 1 (DOUBLE SAMPLING FOR STRATIFICATION)*

Based on Eq. 1 from [Thompson, 1992] p.143

segments with posted 

curves

segments with posted 

curves

"Operating Speed at 

curve" Estimate 

Variance:

Critical t-value
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Table A-3. Region 2 Final Sample Design and Expected Precision at 95% 

Confidence Level 

  

INTENDED VARIABLE: "Operating Speed" in the curve

N (Estimate 

for region  
435

n' (original 

sample 

size)

9

Posted 

Advisory 

Speed

Proportion 

of Sites in 

Original 

SPR 641 

Sample

Squared 

differences 

Selected 

Number of 

Sites in 

stratum

Estimate of 

Operating 

speed as 

function of 

posted 

advisory

(Prop*nh

'/nh-1)

Variance 

Between 

Segments 

within 

the same 

stratum

Number 

of Curve 

Sites in 

selected 

Type II 

site

Additional 

Variance 

between 

curves in 

one 

segment

10 0.00 507.91 - 25.00 0.00 25 - -

15 0.00 333.13 - 29.28 0.00 25 - -

20 0.11 195.07 1 33.57 0.00 25 - -

25 0.00 93.74 0 37.85 0.00 25 - -

30 0.11 29.13 1 42.14 0.00 25 - -

35 0.11 1.24 1 46.42 0.00 25 - -

40 0.11 10.07 1 50.71 0.00 25 - -

45 0.33 55.62 3 54.99 0.00 25 - -

Type II Sites 0.22 6.43 1 45.00 0.22 42 2 15

1.00 Total 8
47.54 mph  (Average Operating Speed)

46.14 mph2 (Variance for Operating Speed)

15.46

2.36

9.296

Critical t-value

Attained precision at 

95% CIs

"Operating Speed at 

curve" Estimate 

Variance:

SAMPLE SIZE CALCULATION FOR REGION 2 (DOUBLE SAMPLING FOR STRATIFICATION)*

Based on Eq. 1 from [Thompson, 1992] p.143

segments with posted 

curves

segments with posted 

curves
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Table A-4. Region 3 Final Sample Design and Expected Precision at 95% 

Confidence Level 

 

 

INTENDED VARIABLE: "Operating Speed" in the curve

N (Estimate 

for region  

subtotal )

185

n' (original 

sample 

size)

9

Posted 

Advisory 

Speed

Proportion 

of Sites in 

Original 

SPR 641 

Sample

Squared 

differences 

Selected 

Number of 

Sites in 

stratum

Estimate of 

Operating 

speed as 

function of 

posted 

advisory

(Prop*nh

'/nh-1)

Variance 

Between 

Segments 

within 

the same 

stratum

Number 

of Curve 

Sites in 

selected 

Type II 

site

Additional 

Variance 

between 

curves in 

one 

segment
10 0.00 507.91 - 25.00 0.00 25 - -

15 0.00 333.13 - 29.28 0.00 25 - -

20 0.00 195.07 - 33.57 0.00 25 - -

25 0.00 93.74 - 37.85 0.00 25 - -

30 0.22 29.13 1 42.14 0.22 25 - -

35 0.00 1.24 - 46.42 0.00 25 - -

40 0.11 10.07 1 50.71 0.00 25 - -

45 0.44 55.62 3 54.99 0.15 25 - -

Type II Sites 0.22 6.43 1 45.00 0.22 42 2 15

1.00 Total 6
49.44 mph  (Average Operating Speed)

33.74 mph2 (Variance for Operating Speed)

14.98

2.57

9.948

segments with posted 

curves

segments with posted 

curves

SAMPLE SIZE CALCULATION FOR REGION 3 (DOUBLE SAMPLING FOR STRATIFICATION)*

Based on Eq. 1 from [Thompson, 1992] p.143

"Operating Speed at 

curve" Estimate 

Variance:

Critical t-value

Attained precision at 

95% CIs



 

 

  

Table A-5. Randomization for Final Sample  

Advisory

TYPE I SITES IN REGION 1  ID Rnd1

Advisory

TYPE I SITES IN REGION 3  ID 

20 HoodRiver_1_ NA NorthUmpquaHwy_47_WB

Clackamas_10_WB 1 0.475631629 NorthUmpquaHwy_37_WB 13

HoodRiver_3_NB 0.955884576 40 Elkton-Sutherlin_4_WB 14

EagleCr-Sandy_2_NB 0.738268596 OregonCoast_283_NB

Odell_0_WB 2 0.724761113 Umpqua_36_WB_2 15

WdburnEstcda_20_NB 0.885766869 CoosBay-Roseburg_48_WB 16

Clackamas_13_WB 3 0.737265292 Jacksonville_14_EB_2 17

MtHood_48_WB 0.98117752

MtHood_62_NB 4 0.783827636

MtHood_58_NB 0.238396219

MtHood_80_NB_2 5 0.126581293 WdburnEstcda_31_SB_1 NA 0.359013

WdburnEstcda_31_NB_3 0.693395

KingsValley_22_SB_1 0.427337

20 ThreeRivers_22_WB 6 NA KingsValley_22_SB_2 0.975406

30 Yamhill-Newberg_2_ 7 NA WilsonRiver_22_EB_1 0.380882 NA

35 Santiam_55_WB_3 8 NA WilsonRiver_22_WB_2 NA

40 McKenzie_36_WB_2 9 NA OregonCaves_15_EB_1 0.725021 NA

OregonCoast_58_NB 10 NA OregonCaves_15_WB_3 NA

WilsonRiver_24_WB_2 11 NA GreenSprings_29_EB_1 0.46982 0.112424

KingsValley_6_NB 12 NA GreenSprings_29_WB_3 0.794351

 ID in 

final 

sample

Rnd1

Rnd1

0.722968597

0.200783622

NA

0.765798582

0.254831183

0.483014241

0.652301892

Rnd2 

(curve 

selection)

18

19

20R3

0.012577

TYPE II SITES FROM ALL 3 REGIONS

Rnd1 

(segment 

selection)

30

45

R1

R2

30

35

40

45

45

Advisory TYPE I SITES IN REGION 2

1
1

0



 

 

 

Appendix B. Device Placement Randomization 

  

Table B-1. Randomization of Device Sequences for Data Collection   

Site number Advisory SITE CODE  \   DEV. SERIAL 181 184 683 684 685 686 687 688

1 30 Clackamas_10_WB 0.5929 0.3287 0.7313 0.7251 0.1109 0.9468 0.2431 0.9811

2 35 Odell_0_WB 0.6269 0.4192 0.4908 0.3366 0.5039 0.1028 0.5887 0.8146

3 35 Clackamas_13_WB 0.7875 0.4480 0.7069 0.4875 0.3731 0.8845 0.9334 0.0543

4 40 MtHood_62_NB 0.7542 0.5911 0.1643 0.0732 0.3184 0.9214 0.5111 0.0837

5 45 MtHood_80_NB_2 0.7334 0.1950 0.2548 0.5594 0.2967 0.9972 0.6826 0.9965

6 20 ThreeRivers_22_WB 0.1956 0.1177 0.4032 0.7671 0.3472 0.0711 0.2454 0.2744

7 30 Yamhill-Newberg_2_ 0.0394 0.5693 0.4856 0.6052 0.0969 0.3055 0.3219 0.7323

8 35 Santiam_55_WB_3 0.7502 0.6942 0.3548 0.8327 0.1596 0.7567 0.7873 0.5596

9 40 McKenzie_36_WB_2 0.4049 0.8664 0.8554 0.0328 0.2330 0.2447 0.3276 0.4666

10 45 OregonCoast_58_NB 0.7227 0.3162 0.7547 0.9309 0.1175 0.1772 0.2474 0.7409

11 45 WilsonRiver_24_WB_2 0.1648 0.8748 0.7957 0.8970 0.5636 0.4795 0.3781 0.4012

12 45 KingsValley_6_NB 0.8019 0.3458 0.5227 0.7249 0.5651 0.8872 0.0864 0.2392

13 30 NorthUmpquaHwy_37_WB 0.0429 0.2822 0.3764 0.2819 0.0467 0.4348 0.1263 0.5647

14 40 Elkton-Sutherlin_4_WB 0.6496 0.4489 0.8992 0.0924 0.0061 0.7552 0.3145 0.9799

15 45 Umpqua_36_WB_2 0.7658 0.4174 0.1022 0.1763 0.9274 0.4461 0.5082 0.3952

16 45 CoosBay-Roseburg_48_WB 0.9441 0.4458 0.6647 0.5178 0.1009 0.7367 0.4674 0.4859

17 45 Jacksonville_14_EB_2 0.3885 0.1112 0.4211 0.4415 0.2710 0.9698 0.4953 0.1381

18 NA WdburnEstcda_31_SB_1 0.6934 0.1692 0.6212 0.1950 0.9780 0.0572 0.3933 0.4646

19 NA KingsValley_22_SB_1 0.2354 0.7015 0.8361 0.7162 0.8992 0.5338 0.0125 0.6930

20 NA GreenSprings_29_EB_1 0.2487 0.4964 0.8288 0.2084 0.3215 0.2954 0.6371 0.9523

RANDOM NUMBERS CORRESPONDING TO DEVICE SERIAL NUMBER

1
1

1



 

 

 

 

  

Table B-2. Random Sequence of Speed Devices (by Serial Number) 

 

Site number Advisory SITE CODE  \   DEV. SERIALDevice 1 Device 2 Device 3 Device 4 Device 5 Device 6 Device 7 Device 8

1 30 Clackamas_10_WB 685 687 184 181 684 683 686 688

2 35 Odell_0_WB 686 684 184 683 685 687 181 688

3 35 Clackamas_13_WB 688 685 184 684 683 181 686 687

4 40 MtHood_62_NB 684 688 683 685 687 184 181 686

5 45 MtHood_80_NB_2 184 683 685 684 687 181 688 686

6 20 ThreeRivers_22_WB 686 184 181 687 688 685 683 684

7 30 Yamhill-Newberg_2_ 181 685 686 687 683 184 684 688

8 35 Santiam_55_WB_3 685 683 688 184 181 686 687 684

9 40 McKenzie_36_WB_2 684 685 686 687 181 688 683 184

10 45 OregonCoast_58_NB 685 686 687 184 181 688 683 684

11 45 WilsonRiver_24_WB_2 181 687 688 686 685 683 184 684

12 45 KingsValley_6_NB 687 688 184 683 685 684 181 686

13 30 NorthUmpquaHwy_37_WB 181 685 687 684 184 683 686 688

14 40 Elkton-Sutherlin_4_WB 685 684 687 184 181 686 683 688

15 45 Umpqua_36_WB_2 683 684 688 184 686 687 181 685

16 45 CoosBay-Roseburg_48_WB 685 184 687 688 684 683 686 181

17 45 Jacksonville_14_EB_2 184 688 685 181 683 684 687 686

18 NA WdburnEstcda_31_SB_1 686 184 684 687 688 683 181 685

19 NA KingsValley_22_SB_1 687 181 686 688 184 684 683 685

20 NA GreenSprings_29_EB_1 684 181 686 685 184 687 683 688

DEVICE PLACEMENT BASED ON CORRESPONDING RANDOM NUMBER

1
1

2
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Appendix C. Construction of Horvitz-Thomson Estimators 

Although H-T estimators proved less accurate than the design based estimators, this 

section summarizes the process by which H-T estimators were developed. 

Equation C-1 shows the Horvitz Thomson (H-T) Mean Estimator. It is simply a 

weighted average of the variable of interest, using the inverse of the inclusion 

probability as weights. 

1ˆ

n
i

i i
Speed

Speed

M


 





 

Equation C-1. Mean Speed Horvitz-Thompson Estimator. Adapted from 

(Thompson, 1992) 

Where: 

 ˆ
Speed

   =  H-T Estimator for Mean Speed; 

iSpeed   =  Mean Speed at site i; 

i   = Probability of selection of site i in the sample design; 

M   = Total number of sites to select from; 

The main drawback associated with H-T estimators is that they require a large 

number of inputs, and consequently they are computational complex in most cases. In 

addition to probabilities of inclusion for every element in the sample, the variance of the 

estimator requires calculation of inclusion probabilities for every possible pair of 

elements in the sample. Equation C-2 provides the Variance of the H-T estimator, and 

Equation C-3 is its corresponding sample estimator.  

 
2 2

2

2 2
1 1 1

ˆ11
ˆ . i

M M M M
i Speedij i ji

Speed i i j

i i j i ii i j i

N
Var Speed Speed Speed

M

  


      

 
   

  
    

Equation C-2. Variance of Mean Speed Horvitz-Thompson Estimator. 

Adapted from (Thompson, 1992) and (Lohr, 1999) 
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Where: 

 i   = Probability of selection of site i in the sample design; 

iN   = Total number of records that can be collected from site i; 

2ˆ
iSpeed   = Speed variance estimator from site i; 

All other variables as previously defined for Equation C-1. 

 
2 2

2

2 2
1 1 1

ˆ.11
ˆ . i

m m m m
i Speedij i j i ji

Speed i

i i j i ii i j ij i

NSpeed Speed
Var Speed

M

  


       

   
           
    

Equation C-3. Sample Estimator for Equation C-2. 

Adapted from (Thompson, 1992) and (Lohr, 1999) 

Where: 

ij  = Probability of selecting both site i and site j from the sample 

design; 

All other variables as previously defined. 

Because the readings from every site are estimates themselves (i.e. mean speeds, 

speed quantiles, etc), the author included an additional term at the end of Equation C-2 

and Equation C-3, in order to account for the variance of the operating speed at every 

site. This additional term is based on Sharon L. Lohr‟s discussion of H-T estimator 

computation, when conducted over primary sampling units. Part of the discussion is the 

treatment of the variance of secondary sampling units per primary sampling unit (Lohr, 

1999, p. 206). The third term shown in Equation C-2 and Equation C-3 represents the 

sample variance for a total of speeds at the particular sites.  

However, speed readings at sites come from a population that should be considered 

infinite in practical terms. Because of this consideration, the variance of the total at 

every location (i.e. the third term in Equation C-2and Equation C-3), would be infinite. 

A solution for this issue requires a reasonable assumption: that the mean estimator has a 

finite variance, even though no variance is possible to compute from the total of an 
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infinite population. Then, instead of using Equation C-3, the H-T estimator should be of 

the form:   

     2

2

1ˆ ˆˆ ˆ
SSUSpeed H T PSU SpeedV V Total E

M
 

  
 

 

This rearrangement is shown in Equation C-4. It results from distributing the 

common denominator M
2
 in Equation C-3, and relies in the assumption that the mean 

variance is finite. The structure shows two variance terms for the mean speed estimator: 

the variability among the primary sampling units and the variability among the 

secondary sampling units. After substituting the later by its infinite population version, 

it becomes possible to compute the variance estimate for the H-T estimator by using 

Equation C-4. 

 

2

2

2 2
1 1 1

ˆ

.11ˆ ˆ .

i

i

Speed

n n n n
siteij i j i ji

Speed i

i i j i ii i j ij i

nSpeed Speed
V Speed

M



  


       

   
           
  

 

Equation C-4. Rearrangement of Equation C-3 Accounting for a Point Estimate 

with a Variance at Site i 

All variables as previously defined. 

Matrix form of the Horvitz-Thompson Estimator 

Some algebraic manipulation is necessary in order to make the computation of H-T 

estimators efficient.  The mean estimator can be easily computed as the internal product 

of two vectors divided by a scalar. The two vectors being one with the estimates and 

one with corresponding sampling weights: 

 wSpeed
M

T

Speed 
1

̂
 

Equation C-5. Matrix form of H-T Estimator for the Mean 
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Regarding the variance estimator, it is worth noting that the first and the second 

terms in Equation C-3 are equal, since jiiij  , , it then follows that: 

1 1

2

2
1

. .
. .

1
,

n n n
ij i j i j i i i i i

i j i ii j ij i i i

n
i

i

i i

Speed Speed Speed Speed

Speed i j

     

     





  



      
      

      


  

 



 

Therefore, Equation C-4 may be expressed in matrix form as shown in Equation C-6. 

    2

ˆ2

1 1
ˆ ˆ

site

TT

SpeedVar Speed HT Speed w
M M

              

Equation C-6. Matrix form of H-T Estimator for the Variance of Sample Mean

 Where the weights vector w contains the inverse of the individual selection 

probabilities, and the HT matrix is such that: 
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Inclusion Probabilities Calculation 

The way to compute inclusion probabilities requires combinatorial and counting 

techniques, given that the sampling universe is finite, and that the sample was picked 

without replacement.  
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The Inclusion probability for every site is given by Equation C-7. Every bracket 

corresponds to probability of inclusion in every sampling stage. Because of the 

independence between stratification stages, the total probability is simply the product of 

the stage probabilities. 

11

11 1

h

h

h h

h

k
k

kk

k k k

k k

mM

nm

M m ñ

m n

      
                               

         

Equation C-7. Inclusion Probability of a Single Site 

Where: 

kM   =Total number of available segments in region k; 

km  =Number of segments selected from region k in the first sampling 

stage; 

hkm  =Number of sites selected from region k that were found to 

belong in stratum h; 

hkn  =Number of sites selected in second sampling from region k from 

stratum h; and 

hkñ   =Number of eligible curves in site from region k from stratum h. 

Equation C-8 shows the joint inclusion probability, as the probability of the union of 

two events. 

The probability of inclusion of both sites from every possible pair is defined as 

 i jP Site Site
 
according to Sets Theory. The author found and treated two different 

cases in this calculation: 
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Pairs of elements picked from different Advisory Speed Strata. In this case, 

the term  i jP Site Site  is simply the product of  iP Site  and  jP Site
, 

since 

these events are mutually independent. (Refer to Figure 3.8-1).  

Pairs of elements picked from a single Advisory Speed Stratum. In this case, 

the events are codependent, so the combinatorial approach summarized in 

Equation C-8 was used to calculate the term  i jP Site Site . 

22

22 1 1

h

h

h h h

h

k
k

kk

k k k i k j

k k

mM

nm

M m ñ ñ

m n

      
                                       

         

Equation C-8. Probability of Including both Sites from any Pair 

A matrix with all of the Joint Inclusion Probabilities (in which the main diagonal 

contains the single Inclusion Probabilities) is given in Table C-1. This matrix was used 

in Equation C-6 in combination with the mean speed vector as defied in Equation C-5 to 

obtain western-Oregon estimates. Unfortunately, the standard error resulting from this 

procedure had a value approximately equal to 10 mph, which roughly yields a 

confidence interval as long as 40 mph. A half length of this interval is 20 mph, double 

as the threshold of 10 mph defined in Section 3.3.3. 

 



 

 

 

 

Table C-1. Joint Inclusion Probability Matrix for Final Sample  

 

  

CURVE SITE CODE πij 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Clackamas_10_WB 1 103.8 10.8 10.8 10.8 10.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 10.8 0.5 1.3

Odell_0_WB 2 10.8 103.8 6.7 10.8 10.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 10.8 0.5 1.3

Clackamas_13_WB 3 10.8 6.7 103.8 10.8 10.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 10.8 0.5 1.3

MtHood_62_NB 4 10.8 10.8 10.8 103.8 10.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 10.8 0.5 1.3

MtHood_80_NB_2 5 10.8 10.8 10.8 10.8 103.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 10.8 0.5 1.3

ThreeRivers_22_WB 6 2.1 2.1 2.1 2.1 2.1 20.7 0.4 0.4 0.4 0.4 0.4 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

Yamhill-Newberg_2_ 7 2.1 2.1 2.1 2.1 2.1 0.4 20.7 0.4 0.4 0.4 0.4 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

Santiam_55_WB_3 8 2.1 2.1 2.1 2.1 2.1 0.4 0.4 20.7 0.4 0.4 0.4 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

McKenzie_36_WB_2 9 2.1 2.1 2.1 2.1 2.1 0.4 0.4 0.4 20.7 0.4 0.4 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

OregonCoast_58_NB 10 2.1 2.1 2.1 2.1 2.1 0.4 0.4 0.4 0.4 20.7 0.4 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

WilsonRiver_24_WB_2 11 2.1 2.1 2.1 2.1 2.1 0.4 0.4 0.4 0.4 0.4 20.7 0.4 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

KingsValley_6_NB 12 2.1 2.1 2.1 2.1 2.1 0.4 0.4 0.4 0.4 0.4 0.4 20.7 0.5 1.0 0.8 0.8 0.8 2.1 0.1 0.3

NorthUmpquaHwy_37_WB 13 2.5 2.5 2.5 2.5 2.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 24.3 1.2 0.9 0.9 0.9 2.5 0.1 0.3

Elkton-Sutherlin_4_WB 14 5.0 5.0 5.0 5.0 5.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.2 48.6 1.8 1.8 1.8 5.0 0.3 0.6

Umpqua_36_WB_2 15 3.8 3.8 3.8 3.8 3.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.9 1.8 36.5 1.1 1.1 3.8 0.2 0.4

CoosBay-Roseburg_48_WB 16 3.8 3.8 3.8 3.8 3.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.9 1.8 1.1 36.5 1.1 3.8 0.2 0.4

Jacksonville_14_EB_2 17 3.8 3.8 3.8 3.8 3.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.9 1.8 1.1 1.1 36.5 3.8 0.2 0.4

WdburnEstcda_31_SB_1 18 10.8 10.8 10.8 10.8 10.8 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.5 5.0 3.8 3.8 3.8 103.8 0.5 1.3

KingsValley_22_SB_1 19 0.5 0.5 0.5 0.5 0.5 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.3 0.2 0.2 0.2 0.5 5.2 0.1

GreenSprings_29_EB_1 20 1.3 1.3 1.3 1.3 1.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.6 0.4 0.4 0.4 1.3 0.1 12.2

Legend

πi j

πi j

πi j

πij x 1000

when i=j, πi i is simply πi

Two segment that were choosen 

independently from each other

Two segment that were NOT choosen 

independently from each other

1
1

9



 

 

 

 

 

 

 

 

Appendix D. Validation of Tilt Angle Estimation  
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Appendix E.  Data Sets That Required Tilt Adjustment 

  

1
2

3



 

 

 

  

   

FILE

ANGLE ERROR ANALISIS.VSD

TITLE

ANGLE CHECK UP GREENSPRINGS

PREPARED BY

RAUL AVELAR

DESCRIPTION

CRITICAL TILTS FOR THIS SITE

DATE

10/2009

D6

-8
1
.7

d
e
g

-9
0

.0
 d

e
g

Tilt estimate: 8.3 deg

(Correct data)

D7

-8
6
.5

 d
e
g

-9
1

.1
 d

e
g

Tilt estimate: 4.6 deg

D3

-7
3
.5

 d
e
g

-7
9
.8

 d
e
g

Tilt estimate: 6.3 deg

1
2

4



 

 

 

  

   

FILE

ANGLE ERROR ANALISIS.VSD

TITLE

ANGLE CHECK UP WOODBURN

PREPARED BY

RAUL AVELAR

DESCRIPTION

CRITICAL TILTS FOR THIS SITE

DATE

10/2009

D5

-9
6
.8

 d
e
g

-8
9

.0
 d

e
g

Tilt estimate: 7.8 deg

(adjust data)

D7

-9
8
.5

 d
e
g

-9
9
.5

 d
e
g

Tilt estimate: 1.0 deg

1
2

5



 

 

 

   

-1.1 deg

-4.4 deg

1.2 deg

0.3 deg

D4

D8

Tilt estimate: 3.3 deg

Tilt estimate: 0.9 deg

FILE

ANGLE ERROR ANALISIS.VSD

TITLE

ANGLE CHECK UP FOR UMPQUA 36

PREPARED BY

RAUL AVELAR

DESCRIPTION

CRITICAL TILTS FOR THIS SITE

DATE

10/2009
-7

0
.5

6
 d

e
g

-8
1
.1

6
 d

e
g

Tilt estimate: 10.53 deg

(to be adjusted)

-8
1
.0

3
 d

e
g

D1

D1

1
2

6
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Appendix F.  Simulation-based Assessment of 85th Percentile 

Estimates 

The author verified the convergence to normality of 85
th

 percentile speed estimates 

by using simulation. The author selected a data set and obtained estimates of the 

parameter of interest (85
th

 percentile speed) and of the mean and variance, since these 

are the parameters that define the probability density function (pdf) and the Cumulative 

Probability Function (CPF). With these input, the author then proceeded to generate 

synthetic samples and to calculate the estimates repeatedly, so to acquire an estimate of 

the standard error. The theoretical formulas from Woodruff and Evans were then 

compared to the standard error obtained by the simulation procedure. 

Table F-1 and Table F-2 show simulation results for the Green Springs Highway site 

(n=61) and Mt. Hood Highway 62 (n=350) respectively. In general, both Woodruff and 

Evans standard errors estimates are comparable, but Evans seems to be somehow 

smaller. 

Table F-1. Simulation Results for Standard Error Estimates at Green Springs 

Highway MP 29 

 

 

Smoothness of the sampling distribution gets compromised when using the 

percentile from the sample, paradoxically, as the sample size increases. Due to the 

presence of the rounding error, the variability of the 85th percentile estimate from this 

Standar 

Error for 

85th %tile 

Estimators

Simulation Woodruff Evans Simulation Woodruff Evans

SE

1.313 1.387 1.369 1.432 1.442 1.400

Bias

0.074 0.055 0.009 -0.032

From Raw Normal Data From Normal Data after Devices Rounding  to 

Nearest Whole Mile Per Hour



128 

 

 

 

data is reduced as the sample size is increased. However, its expected value is not the 

parameter, but the closest integer speed. That is, the sample percentile converges to a 

whole number, which introduces a clear bias when estimating the population parameter. 

The simulation procedure provided evidence of this bias. Such bias should be, in theory, 

no larger than 0.5 mph. This is the maximum possible difference between the parameter 

and the closest whole value. 

Table F-1 shows four tested estimators and their associated Standard Errors and 

compares their individual success rate in containing the actual population parameter. 

Table F-2. Simulation Results for Standard Error Estimates at Mt Hood Hwy 

MP 62 

 

Smoothness of the sampling distribution gets compromised when using the 

percentile from the sample, paradoxically, as the sample size increases. Due to the 

presence of the rounding error, the variability of the 85
th

 percentile estimate from this 

data is reduced as the sample size is increased. However, its expected value is not the 

parameter, but the closest integer speed. That is, the sample percentile converges to a 

whole number, which introduces a clear bias when estimating the population parameter. 

The simulation procedure provided evidence of this bias. Such bias should be, in theory, 

no larger than 0.5 mph. This is the maximum possible difference between the parameter 

and the closest whole value.  

Smoothness of the sampling distribution gets compromised when using the 

percentile from the sample, paradoxically, as the sample size increases. Due to the 

presence of the rounding error, the variability of the 85th percentile estimate from this 

Standar 

Error for 

85th %tile 

Estimators

Simulation Woodruff Evans Simulation Woodruff Evans

SE
0.550 0.696 0.557 0.591 0.693 0.556

Bias
0.146 0.007 0.102 -0.035

From Raw Normal Data From Normal Data after Devices Rounding  to 

Nearest Whole Mile Per Hour
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data is reduced as the sample size is increased. However, its expected value is not the 

parameter, but the closest integer speed. That is, the sample percentile converges to a 

whole number, which introduces a clear bias when estimating the population parameter. 

The simulation procedure provided evidence of this bias. Such bias should be, in theory, 

no larger than 0.5 mph. This is the maximum possible difference between the parameter 

and the closest whole value.  

Table F-3. Percentile Estimators and Evans Standard Error Effectiveness at Mt. 

Hood 62 

 

The last row in Table F-3 shows that adjusting the Standard Error with the identified 

bias tends to perform similarly to estimation over the Raw Synthetic data (i.e. without 

rounding error). However, the adjusted standard error would be larger and thus the 

estimation would be less efficient.  

The sampling distribution of the percentile computed over the rounded data (DD) is 

smooth at a small sample size, as shown in Figure F-1 and Figure F-2, but less smooth 

for larger samples, as shown in Figure F-4.  However, the Sampling distribution of the 

Parametric Estimate over rounded data (Parametric DD) remains similar to the raw data 

distribution (RD left histogram) in Figure F-3. 

85th %tile Estimator Estimator Value 

(Mode of n=200)

Evans Standard Error 

for estimator (average 

of n=200)

Capture of 

Parameter 

Success Rate

PARAMETER 63.260 0.6024
-

From Raw Synthetic 

Data (RD)

63.889 0.5575 95.0%

From Device-roundup 

Data (DD)

63 0.553 88.5%

Parametric 85th from DD 63.54 0.558 98.0%

Empirical adj. on DD 63 0.6828 90.5%
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Figure F-1.  Sampling Distribution of the 85th %tile of the Raw Data (RD) 

Population at Green Springs 29 (n=60) 

 

Figure F-2.  Sampling Distributions of the 85th %tile of the Device Data (DD) 

and the Parameterized Device Data (Parametric DD) Populations at Green 

Springs 29 (n=60) 
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Figure F-3.  Sampling Distribution of the 85th %tile of the Raw Data (RD) 

Population at Mt. Hood 62 (n=350) 

 

Figure F-4.  Sampling Distributions of the 85th %tile of the Device Data (DD) 

and the Parameterized Device Data (Parametric DD) Populations at Mt. Hood 

62 (n=350) 

If the spot speed distributions are, as suggested by the data, normal indeed, 

confidence intervals based on the parametric estimate and the associated standard error 

(estimated as proposed by Evans) are robust against the distortion introduced by the 

devices after rounding the reported measures. Even with such distortion, the 

assumptions were met, and thus such estimator is appropriate to use. 
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Appendix G. S-Plus Output for Stepwise Model Selection 

 

 *** Stepwise Regression *** 

 

 *** Stepwise Model Comparisons *** 

Start:  AIC= 678.0357  

 X85th.1.3.into ~ Adv.Present + InvRad + Prev.Speed + To.Right + 

Grade.change +  GradeApprch + SE + Speed.Limit + PrevLongTangent + 

Follow.Warrants +  Posted.Advisory + InvRad:SE  

 

Single term deletions 

 

Model: 

X85th.1.3.into ~ Adv.Present + InvRad + Prev.Speed + To.Right + 

Grade.change + 

 GradeApprch + SE + Speed.Limit + PrevLongTangent + Follow.Warrants + 

 Posted.Advisory + InvRad:SE 

 

scale:  17.84305  

 

                Df Sum of Sq      RSS       Cp  

         <none>              214.1165 678.0357 

    Adv.Present  1    0.6206 214.7371 642.9702 

     Prev.Speed  1  110.9307 325.0472 753.2803 

       To.Right  1    1.5717 215.6882 643.9213 

   Grade.change  1   24.6194 238.7359 666.9690 

    GradeApprch  1    8.5028 222.6193 650.8524 

    Speed.Limit  1   17.3823 231.4988 659.7319 

PrevLongTangent  1    0.0284 214.1449 642.3780 

Follow.Warrants  1    3.7135 217.8300 646.0631 

Posted.Advisory  1    5.0928 219.2093 647.4424 

      InvRad:SE  1    0.3942 214.5107 642.7438 

 

 

 *** Linear Model *** 

 

Call: lm(formula = X85th.1.3.into ~ InvRad + Prev.Speed, data = 

OpSpeed.reg,  

 na.action = na.exclude) 

Residuals: 

    Min     1Q  Median    3Q   Max  
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 -6.269 -3.033 -0.9637 3.135 6.897 

 

Coefficients: 

                 Value Std. Error    t value   Pr(>|t|)  

(Intercept)     9.0832     8.9057     1.0199     0.3188 

     InvRad -2830.5191   534.0113    -5.3005     0.0000 

 Prev.Speed     0.8899     0.1369     6.4984     0.0000 

 

Residual standard error: 3.765 on 22 degrees of freedom 

Multiple R-Squared: 0.8171  

F-statistic: 49.14 on 2 and 22 degrees of freedom, the p-value is 7.668e-

009  

 

G.1.1. S-Plus Output for Linear Model with Advisory Speed 

 

 *** Linear Model *** 

 

Call: lm(formula = X85th.1.3.into ~ InvRad + Prev.Speed + Posted.Advisory, 

data =  

 OpSpeed.reg, na.action = na.exclude) 

Residuals: 

    Min     1Q  Median    3Q   Max  

 -5.657 -2.677 -0.4671 1.965 6.801 

 

Coefficients: 

                     Value Std. Error    t value   Pr(>|t|)  

    (Intercept)     3.3924    10.7433     0.3158     0.7553 

         InvRad -2092.7366   942.0850    -2.2214     0.0375 

     Prev.Speed     0.7762     0.1820     4.2662     0.0003 

Posted.Advisory     0.2783     0.2925     0.9516     0.3521 

 

Residual standard error: 3.773 on 21 degrees of freedom 

Multiple R-Squared: 0.8246  

F-statistic: 32.92 on 3 and 21 degrees of freedom, the p-value is 3.992e-

008  
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G.1.2. S-Plus Output for Linear Model with Excess of Speed over 

Advisory 

FITTING SIMPLE MODEL WITH PSPEEDMINADV 

 *** Linear Model *** 

 

Call: lm(formula = X85th.1.3.into ~ Prev.Speed + InvRad + PSpeedMinAdv, 

data =  

 OpSpeed.reg, na.action = na.exclude) 

Residuals: 

    Min     1Q  Median    3Q   Max  

 -5.657 -2.677 -0.4671 1.965 6.801 

 

Coefficients: 

                  Value Std. Error    t value   Pr(>|t|)  

 (Intercept)     3.3924    10.7433     0.3158     0.7553 

  Prev.Speed     1.0546     0.2209     4.7749     0.0001 

      InvRad -2092.7366   942.0850    -2.2214     0.0375 

PSpeedMinAdv    -0.2783     0.2925    -0.9516     0.3521 

 

Residual standard error: 3.773 on 21 degrees of freedom 

Multiple R-Squared: 0.8246  

F-statistic: 32.92 on 3 and 21 degrees of freedom, the p-value is 3.992e-

008  
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Appendix H.  Literature Review from SPR 685 ongoing research 

(Dixon & Avelar, 2010) 

In 2008, researchers at OSU, in conjunction with the Oregon Department of 

Transportation (ODOT), completed a research project titled Methodologies for 

Estimating Advisory Curve Speeds on Oregon Highways (SPR 641).  As part of that 

effort, the research team performed a comprehensive literature review to determine the 

science behind current advisory speed posting thresholds and procedures.  At that time, 

five common thresholds were in use by the various state and local agencies.  The 

purpose of this abbreviated literature review is to identify subsequent research efforts 

that have occurred as well as to highlight recent changes to nationally recommended 

advisory speed posting procedures.  This summary includes three topics.  First, the 

literature review briefly identifies the three common recommended methods for 

determining warrants for advisory speed posting.  Second, the summary reviews the 

Oregon and newly established Manual on Uniform Traffic Control Devices (MUTCD) 

advisory speed posting thresholds.  Finally, the literature review provides information 

about a recent research project completed in Texas that further recommends methods 

for evaluating the need for advisory speeds. 

H.1.1. Advisory Speed Evaluation Methods 

Though a wide variety of non-traditional advisory speed evaluation methods exist 

(see SPR 641 report for a summary of these), the MUTCD (2009) acknowledges that 

there are three established procedures that are recommended for determining the 

appropriate advisory speed procedure for a horizontal curve. These methods are: 

· Use an accelerometer to directly determine side friction factors; 

· Use a design speed equation; or 

· Use a traditional ball-bank indicator. 

The use of an accelerometer is a relatively new technology.  This device is mounted 

on a vehicle‟s dashboard and can directly monitor the performance of the vehicle as it 

navigates horizontal curves.  A common concern regarding the use of an accelerometer 

(see SPR 641 report) includes the fact that it is very sensitive to pavement 

imperfections.  Since a perceived advantage of this device is that data can be collected 

by one person (who may also be the vehicle driver), the device records the extreme 

conditions so when a vehicle should encounter a rough pavement location this value 

may be the record used for the associated side friction factor.  Alternatives to this issue 
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can include using a second person to monitor the incremental values as the vehicle 

traverses the curve or capturing a stream of data from the accelerometer that shows the 

intermittent values. 

The second method identified is the design speed equation. This equation can be 

found in the document A Policy on Geometric Design of Highways and Streets 

(AASHTO, 2004) and was also reviewed in SPR 641.  Inputs for the design speed 

equation include expected velocity, curve radius, and superelevation.  An advantage for 

this approach is that is can be applied based on calculations and does not require field 

testing; however, it may be appropriate to field verify values as there may be 

considerable variability in the friction factor at a site over time as well as the final 

construction of the superelevation (cross-slope in the horizontal curve). 

The third and final method for determining advisory speed posting is the more 

commonly used ball-bank approach.  The use of a ball-bank indicator (also known as a 

slope meter) as a tool for determining safe operating speeds on curves in the United 

States occurred as early as 1937.  Though electronic versions are now available, this 

simple tool is a curved level that is mounted in a test vehicle.  The ball-bank reading, in 

degree units, represents the combined influences of vehicle body-roll, lateral 

acceleration angle, and superelevation.  Figure H.1.1-1depicts the various values 

represented by a ball-bank angle reading. 
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Figure H.1.1-1: Geometry for the ball-bank (Source: AASHTO 2004) 

 

The ball-bank indicator displays an angular reading that represents the measurement 

from the vehicle centerline (perpendicular to the road) to a value representative of the 

forces acting on a vehicle in motion as it traverses a curve.  For a vehicle parked on a 

level surface, the ball-bank indicator would display a 0-degree value.  To assess a curve 

condition, a vehicle equipped with a ball-bank indicator traverses the curve at 5 mph 

intervals.  For each test run the ball-bank value is recorded.  The advisory speed is then 

defined as the maximum speed for which the ball-bank value does not exceed some 

predetermined threshold. Section H.1.2 reviews the Oregon and MUTCD recommended 

ball-bank thresholds. 

H.1.2. Advisory Speed Thresholds 

As previously indicated, there are a wide variety of advisory speed-posting 

thresholds currently in use in the United States. Oregon uses a 13-10-7 threshold 

(ODOT, 2006) as demonstrated in Table H.1.2-1; however, little is known about the 

origin of these current values.  At the national level, a much less conservative posting 

threshold has been in place for many years.  Though the values have fluctuated slightly, 

the current recommendation for posting advisory speeds is a 16-14-12 threshold 

(MUTCD, 2009) as depicted in Table H.1.2-1. This value is based on the assumption 

that drivers generally tend to exceed the posted advisory curve speed by as much as 7 to 
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10 mph. As a result, the recently adopted thresholds more closely reflect expected 

driver performance at horizontal curve locations. 

Table H.1.2-1: Oregon and National Recommended Advisory Speed Ball-Bank 

Thresholds 

Oregon Thresholds MUTCD 2009 Thresholds 

13-degrees (≤ 30 mph) 

10-degrees (35 to 55 mph) 

7-degrees (≥ 60 mph) 

16-degrees (≤ 20 mph) 

14-degrees (25 to 30 mph) 

12-degrees (≥ 35 mph) 

Source:  ODOT, 2006 and FHWA, 2009 

 

 

Since the Oregon posting procedures are so dramatically different than the newly 

recommended values, the State of Oregon must determine if it is appropriate to adopt 

the new, less conservative values or to retain the current thresholds.  The safety 

implications associated with the Oregon and national posting procedures are, therefore, 

an ultimate focus of this research effort. 

 

H.1.3. Recent Advisory Speed Research 

As previously indicated, the SPR 641 research report included a historic review of 

advisory speed literature.  Since that report was completed, there has only been one 

additional study that focused on this topic. This research effort was performed at the 

Texas Transportation Institute (TTI) for the Texas Department of Transportation.  The 

initial stages of the project were focused on developing a Horizontal Curve Signing 

Handbook to be used in the State of Texas (Bonneson et al., 2008); however, the TTI 

research team soon observed that there were considerable inconsistencies as to how 

advisory speed posting occurred.  These differences resulted in considerable variability 

in selected advisory speed values.   Upon additional investigation, the TTI team 

determined that they could not acquire consistent values for speeds when using the ball-

bank procedure or the accelerometer approach.  As a result, they ultimately 

recommended that the most effective way to determine the appropriate advisory speed 

is to use the design speed equation approach (they referred to this as the compass 

method).  This approach resulted in more consistent and unbiased speed values that 

were directly associated with the curve length, the deflection angle, and the 

superelevation rate.  The TTI team further modified the approach to also incorporate a 
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speed variable.  They recommended that the basis for the speed could be the average 

speed selected by trucks on a corridor.  In general they found that this speed is 2 to 3 

mph lower than that of passenger cars and so is a conservative value (Bonneson, et al., 

2009). Though this approach continues to evolve, the TTI team members are confident 

that using the compass method will provide more reliable and repeatable results. 

 

 



 

 

 

 


