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ABSTRACT 

Highway maintenance condition assessment is essential for evidence-based asset management. 

Many transportation agencies allocate funds and resources according to these assessments. 

Condition estimates are frequently obtained from visual inspections performed by humans. 

Human actions are error-prone. This may introduce bias and compromise the effectiveness of 

maintenance investments. Human error is an important concern when transportation agencies 

estimate the overall condition based on a limited number of samples. This thesis introduces a 

methodology to measure and adjust for the human error. 

The researchers propose a two-phase sampling strategy. That is, to survey some of the 

samples twice. The first-phase corresponds to the inspection of all the samples. The 

second-phase serves to assess the quality of the first-phase observations. The results of the 

comparison are expressed in the confusion matrix language. Using a Bayesian approach, the 

probability of human error is estimated. That estimate is used to adjust the system-wide 

condition assessment outcome from the first-phase observations.  

The confusion matrix can be used to develop inspectors’ performance. Two 

performance parameters are defined: Probability of Detection (POD) and False Alarm Rate 

(FAR). POD and FAR are plotted on a Receiver Operating Characteristic (ROC) graph. The 

technique can be used to set condition assessment standards that minimize error and to improve 

inspectors’ training. The proposed strategy and techniques are illustrated using the Compass 

MQA data provided by the Wisconsin Department of Transportation.  
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1. INTRODUCTION 

Many transportation agencies use visual inspection to assess and monitor the condition of 

roadways, and to ensure the quality and consistency of maintenance activities (Adams & 

Winkelman, 2016; Heymsfield & Kuss, 2013; Markow, 2012). Condition estimates are 

frequently obtained from visual inspection (Phares, Washer, Rolander, Graybeal, & Moore, 

2004). Human visual inspection relies heavily on the ability to follow precise guidelines. For 

example, a shoulder may be considered eroded when the ruts are deeper than two inches 

(Nestler, Phetteplace, & Bush, 2017). However, even with precise guidelines, human visual 

inspections are error-prone and the error may introduce bias that distort results (Demsetz & 

Cabrera, 1999; Drury & Watson, 2002). Human error is in addition to random error that arises 

when a transportation agency uses a sample of its facilities to estimate the condition of the full 

inventory. The quality of the statistical estimate largely depends on the accuracy of the visual 

inspection, but in practice, the accuracy of the visual inspection is rarely questioned (Dirksen 

et al., 2013).  

The authors present a two-phase sampling strategy to account for the human error. 

Two-phase sampling means to survey some of the samples twice. The first-phase corresponds 

to the human visual inspection of all the samples. The second-phase serves to assess the quality 

of the first-phase observations. For that purpose, a subset of the first-phase samples undergoes 

a confirmation survey performed by different humans who are assumed to be completely 

accurate. The results of the analysis are expressed in the confusion matrix language. The 

confusion matrix outcomes describe the behavior of inspectors: the tendency to omit deficient 

highway features (false negatives); the tendency to classify non-deficient features as deficient 
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(false positives); and the tendencies to make correct classifications (true positives and true 

negatives).  

Two parameters measure inspectors’ performance: Probability of Detection (POD) and 

the False Alarm Rate (FAR). POD and FAR are plotted on Receiver Operating Characteristic 

(ROC) graphs. A graphical representation of these parameters can help highway agencies 

identify specific areas of emphasis for inspectors’ training (Fawcett, 2004). For example, if 

inspectors tend to underestimate or overestimate the condition of pavement markings, future 

training may emphasize the procedure to assess pavement markings.  

The confusion matrix outcomes also allow highway agencies to improve the condition 

estimates (Coste et al., 2007; Levy & Lemeshow, 2008). Using Bayesian techniques, the 

probability of making correct judgments and the probability of making mistakes are used to 

adjust the condition estimates. For example, if inspectors tend to underestimate the condition 

of pavement markings, the Bayesian technique can quantify that tendency and adjust the 

estimate accordingly. To the best of the researchers’ knowledge, this is the only study that 

proposes to use quality assurance information to improve the condition estimates. 

1.1 Motivation 

The United States Department of Transportation (USDOT) plans that over the next several 

decades, transportation agencies will spend more money maintaining existing infrastructure 

than building new facilities (U.S. Federal Highway Administration, American Trade 

Initiatives, American Association of State Highway, Transportation Officials, & National 

Cooperative Highway Research Program, 2005). As reported by the Federal Highway 

Administration, State departments of transportation expend annually tens of billions of dollars 

on maintenance activities (Durango-Cohen, 2007; Federal Highway Administration, n.d.). 
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Mishalani and McCord (2006) recognize that the magnitude of the infrastructure system 

complicates the management of maintenance and repair operations. Indeed, determining the 

most efficient distribution of funds is challenging.  

Many transportation agencies use a Maintenance Quality Assurance (MQA) program to 

ensure that maintenance operation activities provide the required level of service (De la Garza, 

Piñero, & Ozbek, 2008; Schmitt, Owusu-Ababio, Weed, & Nordheim, 2006). Estimates of the 

infrastructure condition play an important role in the decision-making process of MQA 

programs. These estimates are commonly obtained from visual inspections (Markow, 2012). 

Human visual inspection is a cost-effective technique (Caradot, Rouault, Clemens, & Cherqui, 

2017) that provides helpful support to asset management decisions (Dirksen et al., 2013). 

However, prior research demonstrates that the accuracy of human inspections is questionable 

(Demsetz & Cabrera, 1999; Moore, Phares, Graybeal, Rolander, & Washer, 2001).  

Errors can occur for multiple factors. Since highway inspection is a labor-intensive 

activity (Caradot et al., 2017), fatigue may decrease the performance of the inspector (Demsetz 

& Cabrera, 1999). Wisconsin inspectors assess the condition of 26 roadside assets on each 

highway segment (Wisconsin Department of Transportation, 2015). The level of detail 

required on the inspection may also influence inspectors’ accuracy. Roadside assets are very 

diverse; each have a specific inspection procedure. Some assets may require in-depth 

measurements whereas others only require a simple observation. The frequency of the features 

may also be relevant (Gharaibeh & Lindholm, 2014). Since inspectors are less exposed to rare 

features, they will probably made more errors assessing their condition (Dirksen et al., 2013). 

Additionally, experience may also influence performance; unexperienced inspectors are 

expected to make more mistakes.  
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All the evidence of inspector errors and the vital importance of visual inspection 

accuracy to the success in managing maintenance activities indicate a true need to develop a 

method to take into account the uncertainty injected by human visual inspection.  

1.2 Objectives and Scope 

Highway agencies frequently use quality assurance and quality control (QA/QC) methods to 

assess the quality of the visual inspection. In this thesis, the best estimation of the real condition 

is assumed to be the quality assurance inspection. Real condition is understood as the condition 

that leads to the best maintenance decision (Caradot et al., 2017). The researchers explore 

inspectors´ performance and present a methodology to account for the sample bias inherent to 

visual inspection. The method leverages the evidence about the real condition provided by the 

QA/QC inspection and improves the condition estimates accordingly. We define two 

performance indicators: The Probability of Detection (POD) and the False Alarm Rate (FAR). 

POD and FAR are displayed in Receiver Operating Characteristics (ROC) graphs. ROC graphs 

will benefit training sessions and therefore improve the accuracy of future inspections. Using 

Bayesian theory, the probability of making wrong judgements and the probability of making 

correct classifications are used to adjust the condition estimates.  

1.3 Organization 

This thesis is composed of six chapters. Chapter 1 introduces the research along with its 

motivation, and defines the objectives and scope of the study. Chapter 2 reviews current 

QA/QC practices and academic research addressing visual inspection performance, and 

provides a brief description of Compass—the maintenance quality assurance program 

developed by WisDOT. This description contextualizes the thesis, and explains the sampling 

technique used to construct the condition estimates. Chapter 2 also studies and evaluates 
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WisDOT current quality assurance plan. The first two sections of Chapter 3 define the 

performance parameters: Probability of Detection (POD) and False Alarm Rate (FAR). POD 

and FAR are plotted in ROC graphs to understand inspectors’ performance. The third section 

of Chapter 3 describes an innovative method to improve the condition estimates using quality 

assurance findings. Chapter 4 applies the method to WisDOT historical data and evaluates the 

results. Chapter 5 summarizes the thesis and presents the conclusion of the research. Chapter 

6 lists the references used in the study.  
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2. BACKGROUND 

This research builds upon current QA/QC methods used to assess the quality of the visual 

inspection. The research revealed that State agencies use QA/QC findings to check the 

consistency of the sampling process but not to improve the estimates. The literature review 

also identified some authors that addressed the uncertainty of visual inspections using a 

Bayesian approach. However, their goal was still to assess the quality of the visual inspection 

rather than improving the actual estimates. Lastly, since WisDOT data is used in the project, a 

brief overview of the Compass program and the quality assurance plan is provided.  

2.1 Literature Review 

The National Cooperative Highway Research Program (NCHRP) performed a survey of all 

State departments of transportation confirming that most transportation agencies use human 

visual inspection to obtain information on highway conditions (Markow, 2012). The survey 

also revealed that 75 percent of the transportation agencies use QA/QC methods to check the 

validity of the field inspection observations. The report did not discuss the use of quality 

assurance reviews to update the condition estimate.  

Accuracy of human visual inspection is known to be problematic. The Federal Highway 

studied the accuracy and reliability of visual inspection for highway bridges (Moore et al., 

2001; Phares et al., 2004). Forty-nine inspectors from twenty-five states agencies participated 

in the study. The results revealed significant variability on the condition reported by the 

inspectors, and demonstrated that many in-depth inspections did not accurately represent the 

real conditions. Dirksen et al. (2013) analyzed the consistency of results from visual inspection 

of sewers and reported that the probability of false negatives was 25 percent. False negatives 

occur when a defect is present, but the inspector does not report it. Caradot et al. (2017) also 
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studied the uncertainty in sewer condition assessment. They differentiated the human error 

according to the condition of the assets, and reported that the probability of overestimate the 

condition of a deficient pipe is 5 percent higher than the probability of underestimate the 

condition a pipe in good condition. Research from other industries, such as naval or aerospace, 

studied inspectors’ performance in controlled conditions rather than on the field (Demsetz & 

Cabrera, 1999; Drury, 2016). Controlled experiments allow exhaustive control, but the 

performance results may be biased and not be transferred to the real-world setting.  

This thesis contributes to the traditional goal of quality inspections, and provides a tool 

to understand inspectors’ performance. Moreover, performance findings are used to improve 

the accuracy of the condition estimates using Bayesian techniques. Chen and Huang (2014) 

took a similar approach and used a Bayesian network to assess the reliability of human visual 

inspection in the aviation maintenance. They used conditional probabilities to combine 

multiple sources of information such as expert opinions, data from accident reports and related 

literature. However, the objective, application, and formulation presented in this thesis is 

significantly different.  

2.2 Compass MQA Field Review 

In 2001, the Wisconsin Department of Transportation (WisDOT) launched its maintenance 

quality assurance program called Compass (Lebwhohl, 2003; Markow, 2012). Compass is a 

management tool through which WisDOT estimates the maintenance condition of the 

State-owned transportation infrastructure. Condition estimates—also called backlog rates—

measure the percentage of inventory that is in deficient condition. For example, a backlog rate 

of five percent for regulatory/warning signs means that five percent of the inventory of signs 

are deficient and therefore require some sort of maintenance activity. Understanding the 
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maintenance condition helps the agency to prioritize resources and set realistic maintenance 

targets (Wisconsin Department of Transportation, 2017b).  

Transportation agencies frequently use human visual inspection to construct condition 

estimates. WisDOT visual inspectors—also called Field Review (FR) teams—assess the 

condition of shoulders, drainage features, roadside elements and traffic control devices (Adams 

& Winkelman, 2016; Wisconsin Department of Transportation, 2015). Inspectors collect 

roadway data from the 72 counties within Wisconsin on a yearly basis. FR teams are composed 

of a County Patrol Superintendent who only inspects his/her county, and a Region Maintenance 

Coordinator who evaluates up to three counties (Adams, Bush, & Vidal Carreras, 2017). 

Having a unique team for each county may seem inefficient because the inspector-learning 

experience is limited to a few segments per year. However, as the first Compass manager 

observed (Lebwhohl, 2003) the strategy is necessary for Wisconsin because highway 

maintenance activities are contracted out to the counties. Involving representatives from every 

county has proved to be a key factor for the acceptance and success of the program. 

FR teams follow The Compass Rating Manual, which is available on WisDOT 

website1. The thresholds used to decide whether a feature is in good condition or deficient are 

listed in Figure 1 (Wisconsin Department of Transportation, 2017b). As can be seen, evaluating 

the condition of some features requires more effort than others. For instance, to evaluate Litter 

inspectors only need to spot litter items but to evaluate Cracking on Paved Shoulders they need 

to first identify whether the shoulder is paved or unpaved, if it is paved they search for cracks, 

and if found, they perform detailed measurements. At WisDOT, the field review information 

                                                 
1 http://wisconsindot.gov/Documents/doing-bus/local-gov/hwy-mnt/programs/compass/docs/rating-manual.pdf 
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is recorded using standardized rating sheets shown in Figure 2 and Figure 3 (Wisconsin 

Department of Transportation, 2017a).  

As many other transportation agencies, WisDOT uses a stratified sampling strategy to 

estimate the statewide maintenance condition of roadways features. The statistical design is 

explained in Adams and Winkelman (2016). The sample unit is 1/10th mile segment of 

highway. The State highway network is divided into areas coinciding with each of the 

counties—these areas are also called stratum. This is done to decrease variability and to ensure 

that every county is represented in the overall sample. In total, FR teams assess 27 features on 

1,200 samples randomly distributed across the 72 Wisconsin counties (Wisconsin Department 

of Transportation, 2015).  

The maintenance condition of each feature, expressed as a percent of inventory in 

deficient condition, is estimated using one of three types of estimators. Table 1 summarizes 

the most relevant characteristics that determine the estimator type. Type-A features are 

assumed on every highway segment and get evaluated as pass or fail. For instance, if there is 

a piece of Litter on either roadside, the segment is deficient (fails), otherwise it is non-deficient 

(pass). On the contrary, Type-B features only occur in a subset of the population. This time 

inspectors determine the existence of the feature (existent or non-existent) before assessing the 

condition of the feature (deficient or non-deficient). Type-C features require the same 

information as Type-B but in a different fashion. Rather than just identifying if the segment 

contains the feature, inspectors measure the quantity of feature (e.g. linear feet of Urban 

Fences) and the quantity of the feature in deficient condition.  

It may be interesting to note that, as shown in Figure 1, the threshold for deficiency of 

five type-B features (Drop-off/build-up on Paved Shoulder, Cracking on Paved Shoulder, 
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Drop-off/build-up on Unpaved Shoulder, Cross Slope on Unpaved Shoulder, and Erosion on Unpaved 

Shoulder) is defined as a quantity of linear feet of deficiency. More precisely, the threshold is 

200 linear feet of deficient feature per mile. In other words, 20 linear feet of deficient feature 

per sampled segment. For these features, inspectors measure the quantity and the quantity in 

deficient condition (as for type-C features); however, these measurements are translated into a 

deficient or non-deficient classification according to the predefined threshold. This is 

established this way because it is assumed that with less than 20 linear feet of deficient feature 

the segment will not be repaired, but once this threshold is exceeded the whole segment will 

be repaired.  

Table 1. Summary of the Features Characteristics According to the Estimator Type  

Type 

(#Features) 
Characteristics 

A (6) - The feature occurs on all sampled segments 

- Each sampled segment gets a pass/fail rating  

- The feature inventory size is assumed to be known 
 

Features: Hazardous Debris, Litter, Mowing, Mowing for Vision, Woody 

Vegetation, Woody Vegetation for Vision 

B (8) - Only segments containing the feature gets a pass/fail rating  

- The feature inventory size and the frequency of features in the sample is 

unknown  
 

Features: Centerline Marking, Edgeline Marking, Paved Shoulder (Drop 

off/build-up, Cracking and Potholes/Raveling), Unpaved Shoulder (Drop 

off/build-up, Cross Slope and Erosion) 

C (13) - The total quantity of the feature and the quantity in deficient condition are 

measured on each segment 

- The feature inventory size and the frequency or number of features in the 

sample is unknown  
 

Features: Ditches, Culverts, Under/Edge Drain, Flumes, Curb & Gutter, Storm 

Sewer, Rural Fences, Urban Fences, Special Pavement Markings, 

Regulatory/Warning Signs, Other Signs, Delineators, Protective Barriers 

The field review survey is composed of two activities: existence detection and 

condition assessment. For type-A features, inspectors only assess condition because the feature 

is assumed on every segment. By contrast, for type-B and type-C features, inspectors must 
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determine existence prior to condition assessment. In view of all these differences, the backlog 

rate is constructed differently for each type of feature (Adams & Winkelman, 2016). 

The stratified sampling technique improved the precision of the estimates (Adams & 

Winkelman, 2016). However, according to GIGO2, developing robust data models is worthless 

if the collected observations are inaccurate. Indeed, the success of Compass relies on the 

accuracy of the field observations. WisDOT understands this, and invests funds in the training 

of the FR teams (Wisconsin Department of Transportation, 2015). Moreover, in 2004 WisDOT 

started a Quality Assurance (QA) plan to identify weaknesses in the ability of the inspectors to 

properly asses the condition of the highway features (Lebwhohl, 2003).  

                                                 
2 Garbage in, garbage out 
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Figure 1. Compass Thresholds Used to Identify Deficient Features  
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Figure 2. Compass Rating Sheet – Page I 
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Figure 3. Compass Rating Sheet – Page II 
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2.3 WisDOT Quality Assurance (QA) Program 

WisDOT re-tests five percent of the FR samples to evaluate the accuracy of the visual 

inspection (Adams et al., 2017). The judgement of the Quality Assurance (QA) team is 

assumed to be the ‘correct’ determination against which the FR assessments are checked. This 

is a reasonable assumption because the MQA program manager leads the training of the FR 

teams and is one of the QA inspectors. The FR observations are classified using the confusion 

matrix shown in Figure 4. The rows of the confusion matrix represent the true condition as 

reported by the QA team and the columns represent the diagnosed condition as reported by the 

FR team. The main diagonal of the matrix corresponds with the correct observations and the 

outcomes outside the diagonal represent the errors (the confusion).  

  
Field Review (FR) 

 
 Diagnosed Positive Diagnosed Negative 

Quality 

Assurance 

(QA) 

Confirmed positive True Positive (TP) False Negative (FN) 

Confirmed negative False Positive (FP) True Negative (TN) 

Figure 4. General Form of the Confusion Matrix  

In this thesis, the result of a test, positive or negative, has different interpretations 

depending on the activity. To avoid misunderstanding the confusion matrix outcomes are 

accompanied by a subscript, E or C, which indicate the type of activity; existence detection 

and condition assessment respectively.  

The interpretation of the confusion matrix for existence detection activities is illustrated 

in Figure 5. Positive means that the feature exists, and negative indicates that the feature is 

absent. For each pair of FR and QA observations, one element of the confusion matrix is 1 and 

the other three elements are zero. For example, if both FR and QA teams report that the 
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segment contains Centerline Markings then TPE is 1, and FPE, TNE, and FNE are 0. The 

requirements for each of the outcomes to be 1 are:  

• True Positive (TPE): FR and QA teams agree a feature exists 

• True Negative (TNE): FR and QA teams agree a feature is absent 

• False Positive (FPE): FR team wrongly reports a feature exists 

• False Negative (FNE): FR team wrongly reports a feature is absent 

  Field Review (FR) 

  Existent Non-Existent 

Quality 

Assurance 

(QA) 

Existent TPE FNE 

Non-Existent FPE TNE 

Figure 5. Confusion Matrix for Existence Detection Activities 

Figure 6 shows the interpretation of the confusion matrix for condition assessment 

outcomes. This time positive means that the feature was deficient, and negative indicates that 

the feature was in good condition. As before, for each pair of FR and QA observations only 

one element in the confusion matrix is 1. Continuing with our example, if both FR and QA 

teams report that Centerline Markings are non-deficient then TNC is 1, and TPC, FPC, and FNC 

are 0. In general, the requirements for each of the outcomes to be 1 are:  

• True Positive (TPC): FR and QA teams agree a feature is deficient 

• True Negative (TNC): FR and QA teams agree a feature is non-deficient 

• False Positive (FPC): FR team wrongly reports a feature is deficient 

• False Negative (FNC): FR team wrongly reports a feature is non-deficient 
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  Field Review (FR) 

  Deficient Non-Deficient 

Quality 

Assurance 

(QA) 

Deficient TPC FNC 

Non-Deficient FPC TNC 

Figure 6. Confusion Matrix for Condition Assessment Activities 

WisDOT uses this classification to quantify the accuracy of the field review teams. The 

QA analysis seeks to answer three main questions (Adams et al., 2017). First, do the FR and 

QA teams agree on the observed existence of highway features? The Observation Agreement 

Rate (OAR) answers this question. The OAR is the ratio between the number of times that both 

teams agree on the feature’s existence and the total number of observations as shown in 

Equation 1. In Equation 1 and posterior formulation, the index i represents all the FR and QA 

observations that were compared. 

𝑂𝐴𝑅 =
∑ (𝑇𝑃𝑖𝐸 + 𝑇𝑁𝑖𝐸) 𝑖

∑ (𝑇𝑃𝑖𝐸 + 𝐹𝑃𝑖𝐸 + 𝑇𝑁𝑖𝐸 + 𝐹𝑁𝑖𝐸𝑖 )
 (1)  

Second, when teams agree on the existence of a highway feature, do they agree on the 

quantity of the existing feature? This question serves to evaluate the performance for type-C 

features and is answer by the Quantity Agreement Rate (QAR). The QAR is defined as shown 

in Equation 2. 

𝑄𝐴𝑅 =
# 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑠 𝑏𝑜𝑡ℎ 𝑡𝑒𝑎𝑚𝑠 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 

# 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑠 𝑏𝑜𝑡ℎ 𝑡𝑒𝑎𝑚𝑠 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑒𝑥𝑖𝑠𝑡𝑠 
 (2) 

Third, when teams agree on the existence of a highway feature, do they agree on the 

condition of the existing feature? The Accuracy Rate answers this question as shown in 

Equation 3. It is the ratio between the number of times that both teams agree on the condition 

of the feature and the number of times that both teams agree the feature existed.  
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ (𝑇𝑃𝑖𝐶 + 𝑇𝑁𝑖𝐶) 𝑖

∑ 𝑇𝑃𝑖𝐸  𝑖
 

(3) 

These three measures provide an insight into the quality of the inspection. For example, 

low accuracy rates indicate that inspectors have difficulties determining a features’ condition. 

In 2014, the QA analysis included two new measures to better describe inspectors’ behavior: 

the Positive Predictive Value (PPV), and the True Positive Rate (TPR). The PPV measures the 

percentage of the deficient diagnoses reported by the FR team that are actually deficient. The 

TPR indicates percentage of all the deficient features detected by the FR team. In this thesis 

TPR name is changed to Probability of Detection (POD) to facilitate intuitive understanding.  

𝑃𝑃𝑉 =
∑ 𝑇𝑃𝑖𝐶𝑖

∑ (𝑇𝑃𝑖𝐶 + 𝐹𝑃𝑖𝐶)𝑖
 (4) 

𝑇𝑃𝑅 =
∑ 𝑇𝑃𝑖𝐶𝑖

∑ (𝑇𝑃𝑖𝐶 + 𝐹𝑁𝑖𝐶)𝑖
 (5) 
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3. METHODOLOGY 

The structure of WisDOT quality assurance plan is similar to two-sampling designs (Gordis, 

2004; Wassertheil-Smoller, 2004; Weiss, 1996) which are largely used in epidemiology studies 

and screening tests (Coste et al., 2007) as illustrated in the following example. Imagine a 

laboratory that wants to estimate the percentage of the population that is infected with a certain 

disease. For that purpose, the laboratory can use two tests: an accurate but expensive test or an 

inexpensive but less accurate test. First, they decide to survey a random sample of the 

population using the inexpensive test to estimate the percentage of the population having the 

disease and the percentage of the population without the disease. These are the first-phase 

estimates. For the second-phase, the laboratory uses the expensive test to assess a subset of the 

initial random sample. Comparison between the two sampling phases allows the laboratory to 

assess the bias errors in the inexpensive test and adjust the estimates accordingly.  

The method can be applied to WisDOT: the FR observations correspond to the 

first-phase and the QA observations correspond to the second-phase. This thesis applies the 

two-stage sampling design to assess the human bias errors in the FR observations. The FR 

observations correspond to the inexpensive test in the previous example, and the QA 

observations correspond to the expensive test and the results of the QA are used to adjust the 

estimates from the FR team.  

The thesis uses real-world data provided by the Wisconsin Department of 

Transportation. First, the methodology to classify WisDOT data according to the confusion 

matrix is presented. Second, the POD and FAR are calculated and illustrated in ROC graphs. 

Third, the confusion matrix outputs are used to estimate the probability of error and the 
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probability of success. Then Bayesian probability theory is used to improve the quality of the 

condition estimates.  

3.1 Preparing the Data for the Analysis 

Each year, the Quality Assurance (QA) team re-surveys 60 of the 1,200 FR samples (Adams 

et al., 2017). This research used samples from 2013 to 2015 to overcome the limitations of 

small sample. This can be justified for two main reasons: first, because each of the seventy-

two FR teams only survey a small number of segments each year and second because most of 

the inspectors only attend a one-day training session per year. Since the learning effect is 

limited to just a few segments per year, it is reasonable to assume that changes in survey 

practices take more than one year to occur. It is worth mention that in 2014 and 2015, the 

number of QA samples were 54 and 57 respectively. Data for 2016 was not used because in 

2016 WisDOT changed the quality assurance strategy to review the performance of new 

inspectors. Performance of new inspectors, a small subset of the seventy-two FR teams, could 

bias the research results and influence the validity of the improved condition estimates.  

QA teams review excludes some features—Hazardous Debris, Litter, Mowing, and 

Mowing for Vision—because the condition of these features can significantly change during 

the time span between FR and QA observations (Adams et al., 2017).  

As described in Section 2.2, the collected information is different for each type of 

feature. Therefore, the application of the confusion matrix will also be different. The following 

subsections present the different methodologies used to classify the data. 

3.1.1 Type-A 
Type-A features are always present; thus inspectors only perform condition assessment 

activities. The possible scenarios that result from comparing FR and QA information were 
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described in Figure 6. Note that inspectors’ input is either deficient or non-deficient, and the 

classification output is either 1 or 0 for each of the confusion matrix outcomes (TPC, FPC, TNC, 

FNC).  

Figure 7 illustrates the results of the confusion matrix that would be obtained after 

comparing all the FR and QA observations for any type-A feature. Note that the response of 

the QA team is denoted in upper case (D and ND), and the response of the FR team is denoted 

in lower case (d and nd). Also note that the sum of the rows equals the actual number of 

deficient and non-deficient features, and the sum of the columns equal the number of features 

that were diagnosed as deficient and non-deficient.  
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Row sum 

Quality 
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(QA) 
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𝑖
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∑𝐹𝑃𝑖𝐶
𝑖
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Features 
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Figure 7. Generalized  Condition Assessment Results for Type-A features 

Table 2 reports the number of true positives (TPC), false positives (FPC), true negatives 

(TNC) and false negatives (FNC) obtained from WisDOT’s QA data. As can be seen, TN 

dominates the classification and inspectors make nearly no mistakes. For these features; 

inspectors excel at evaluating condition. The Analysis and Results chapter will omit type-A 
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results; however, the methodology framework to improve the condition estimates is developed 

to demonstrate applicability.  

Table 2. Condition Assessment Results for Type-A Features 

 Condition Assessment  

Highway features 
∑𝑇𝑃𝑖𝐶
𝑖

 ∑𝐹𝑃𝑖𝐶
𝑖

 ∑𝑇𝑁𝑖𝐶
𝑖

 ∑𝐹𝑁𝑖𝐶
𝑖

 

Woody Vegetation 0 5 166 0 

Woody Vegetation Vision 0 0 171 0 

3.1.2 Type-B 

For type-B features, inspectors perform both existence detection and condition assessment 

activities. The inspectors´ responses can be expressed using Boolean logic: existent or non-

existent, and deficient or non-deficient. Figure 8 shows the results of the confusion matrix that 

would be obtained after comparing all the FR and QA existence detection information for any 

type-B feature. 
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Figure 8. Generalized Existence Detection Results for Type-B Features 

Table 3 reports the results for WisDOT data. It may be worth noting that features related 

with paved or unpaved shoulders are grouped because for example, the existence of 
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Drop-off/build-up on Paved Shoulder, Cracking on Paved Shoulder and Potholes/raveling on Paved 

Shoulder will be either 1 if the segment has paved shoulders or zero if the segment has unpaved 

shoulders. The results indicate that most of the features existed and were correctly identified 

by the FR teams (i.e. high number of TPE).  

Table 3. Existence Detection Results for type-B Features  

 Existence detection 

Highway features 
∑𝑇𝑃𝑖𝐸
𝑖

 ∑𝐹𝑃𝑖𝐸
𝑖

 ∑𝑇𝑁𝑖𝐸
𝑖

 ∑𝐹𝑁𝑖𝐸
𝑖

 

Paved shoulders (Drop-off/buildup, Cracking, and 

potholes/raveling) 
145 4 20 2 

Unpaved shoulders (Drop-off/buildup, Cross 

Slope, and Erosion)  
142 2 24 3 

Centerline Markings 171 0 0 0 

Edgeline Markings 166 2 3 0 

For condition assessment activities Figure 6 only described the outcomes when both 

teams agree on the existence of the feature (TPE) without considering other scenarios such as 

False Positive Existence (FPE), True Negative Existence (TNE), and False Negative Existence 

(FNE) that are shown in Figure 9. When calculating the performance parameters only True 

Positive Existence (TPE)—grey colored matrix in Figure 9—is considered because 

performance measures seek to identify specific inspectors´ behaviors in assessing roadway 

condition such as ability to detect features or ability to assess deficiencies. Including other 

scenarios such as when inspectors say a feature is deficient when was non-existent is 

misleading because it mixes misidentifications (e.g. say deficient when was non-existent) and 

misclassifications (e.g. say deficient when was in good conditions). On the other hand, when 

adjusting the condition estimates, we are not interested in measuring inspector’s abilities but 

in improving the accuracy of the results. Therefore, all the wrong observations—the entire 

matrix presented in Figure 9—need to be considered regardless of the cause of error.  
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   Field Review (FR) 

   Existent Non-Existent 

   Deficient Non-Deficient Non-Deficient 

Quality 

Assurance 

(QA) 

Existent 
Deficient TPC FNC FNC 

Non-Deficient FPC TNC TNC 

Non-Existent Non-Deficient FPC TNC TNC 

Figure 9. Confusion Matrix for Condition Assessment Activities for Type-B Features  

Although the confusion matrix is more complex, the results after comparing all the FR 

and QA observation will look the same as in Figure 7. The results for WisDOT historical data 

are summarized in Table 4 and Table 5. It can be observed that the results are practically the 

same when including False Positive Existence, True Negative Existence, and False Negative 

Existence scenarios. This occurs because inspectors committed very few existence detection 

mistakes (i.e. low number of FPE and FNE). The greatest difference is an increase of TNC 

caused by the inclusion of True Negative Existence (TNE). 

Table 4. Condition Assessment Results for type-B Features Under True Positive Existence 

 Condition Assessment for TPE 

Highway features 
∑𝑇𝑃𝑖𝐶
𝑖

 ∑𝐹𝑃𝑖𝐶
𝑖

 ∑𝑇𝑁𝑖𝐶
𝑖

 ∑𝐹𝑁𝑖𝐶
𝑖

 

Drop-off/buildup on paved shoulders 1 1 1 166 

Cracking on paved shoulders 73 73 15 75 

Potholes/raveling on paved shoulders 3 5 129 8 

Drop-off/buildup on unpaved shoulders 38 38 10 98 

Cross Slope on unpaved shoulders 28 28 3 113 

Erosion on unpaved shoulders 0 0 2 169 

Centerline Markings 9 9 4 154 

Edgeline Markings 8 8 4 158 
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Table 5. Condition Assessment Results for type-B Features All the Existence Scenarios 

 

Condition Assessment Considering All 

Scenarios 

Highway features 
∑𝑇𝑃𝑖𝐶
𝑖

 ∑𝐹𝑃𝑖𝐶
𝑖

 ∑𝑇𝑁𝑖𝐶
𝑖

 ∑𝐹𝑁𝑖𝐶
𝑖

 

Drop-off/buildup on paved shoulders 3 1 140 3 

Cracking on paved shoulders 8 14 51 7 

Potholes/raveling on paved shoulders 8 5 129 8 

Drop-off/buildup on unpaved shoulders 25 8 73 23 

Cross Slope on unpaved shoulders 27 2 85 27 

Erosion on unpaved shoulders 0 2 140 0 

Centerline Markings 4 4 154 4 

Edgeline Markings 1 4 153 1 

In general, it can be observed that inspectors have more difficulties to assess features´ 

condition than to detect their existence (i.e. higher number of FPC and FNC). This was expected 

because the more in-deep is the observation the more chance of making errors.  

3.1.3 Type-C 

As for type-B features, inspectors also perform both existence detection and condition 

assessment activities for type-C features. The main difference however, is that the inventory 

unit for type-C features does not match the sample unit. Therefore, when the threshold is 

exceeded, the feature unit—not the segment—fails, and is classified as deficient. The inventory 

unit for each type-C feature is listed in Table 6 (University of Wisconsin Madison & Wisconsin 

Department of Transportation, 2013).  
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Table 6. Inventory Unit and Total Inventory for Type-C Features  

Feature Inventory Unit 

Ditches LF of Ditch 

Culverts Each Culvert 

Under-drains/edge-drains Distinct Under-drains/edge-drains 

Flumes Each Flumes 

Curb & Gutter LF of Curb and Gutter 

Storm Sewer System Distinct Inlets, Catch Basins, and Outlet Pipes 

Fences LF of Fencing 

Special Pavement Markings Each Special Markings 

Regulatory/Warning Signs 

(emergency repair) 

Each Sign 

Other Signs (emergency repair) Each Sign 

Delineators Each Delineator 

Protective Barriers LF of Beam Guard, Concrete Barrier, and Cable 

Guard 

The inspector´s response for type-C features is continuous. For each sampled segment 

inspectors report the amount of feature unit that was present and the amount of the feature unit 

that was deficient. This leads to the very difficult situation of applying the confusion matrix to 

a continuous variable. Traditionally, the analysis performed by WisDOT did not attend to this 

particularity and treated as synonyms the features´ sample size and the segments in which the 

feature exists for every feature (Adams et al., 2017). This resulted in conclusions that seem 

questionable such as reporting that both teams “agree” on the existence of Delineators when 

the FR team located two Delineators and the QA team identified ten Delineators.  

This research attempted to apply the confusion matrix at feature level and to 

differentiate between existence detection and condition assessment performance. The authors 

failed to determine the number of TNE for existence detection activities because the quantity 

of feature in each segment is random and unknown. Therefore, it is not possible to estimate 

how many TNE should be computed when both teams report that a feature was absent in the 

segment. Some solutions were pondered. For example, since the inventory unit for Protective 
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Barriers is linear feet and each sampled segment is one tenth of a mile (i.e. 528 LF), one 

possibility may be computing 528 TNE. However, because Protective Barriers is frequently 

absent, the number of TNE will dominate the FAR and the results will be misleading. Another 

solution may be to count each segment as just one TNE. This will also be misleading because 

we will be mixing feature and sample units. The problem is even worse for features whose 

inventory unit is distinct elements, such as Culverts, because it is not possible to estimate how 

many features could have been found.  

As a solution, it was decided to calculate the quantity of non-deficient feature as the 

difference between existent quantity of feature and deficient quantity feature. Arranging the 

problem in this fashion allows to determine the number of TN, however it precludes the ability 

to differentiate between existence detection and condition assessment activities. The results 

only provide relative performance for type-C features; it allows to identify the features with 

worse performance, but it does not differentiate between errors due to misidentifications and 

errors due to misclassifications. 

FR and QA information for each feature unit is compared using the confusion matrix 

that was presented in Figure 9. However, because the information is recorded per segment, 

there is more than one confusion matrix outcome per sample. Figure 9 illustrates the possible 

scenarios and the corresponding confusion matrix outcomes. This time the information is 

presented differently because the variables are continuous. The quantity of feature unit 

classified as deficient (D) or non-deficient (ND) is accompanied by a sub-index that indicates 

if the observation was reported by the FR or by the QA team. The possible scenarios for each 

sample are expressed using conditional equations. For example, if the FR teams finds more 

quantity of feature in deficient condition (DFR > DQA) the confusion matrix outcomes are a 
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number of true positives equal to the quantity of deficient feature units assessed by the FR 

team (DFR) and a number of false positives equal to the difference between the FR and QA 

observations (DFR - DQA).  
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Figure 10. Visual Interpretation of the Confusion Matrix for Type-C Features  

Table 7 presents the results for WisDOT data, and unveils a high number of FN and FP 

for Regulatory/warning signs, Special Pavement Markings, Flumes and Other Signs. The raw 

data revealed that many of the differences were caused by errors in existence detection (e.g. 

say deficient when was non-existent) rather than condition assessment (e.g. say deficient when 

was in good conditions). These errors should be addressed in future training sessions. Caution 

should be taken when comparing the results between features. The units and scale of the 

measurements vary, and this may affect the ability to obtain similar measurements. For 

instance, Protective Barriers, Urban Fences, Rural Fences, Ditches and Curb & Gutter can 

occur over the entire segment, on both sides and on each direction of the roadway. This gives 

a possible 2,112 linear feet of feature and the required measurement precision must be in line 

with it. Other features such as Regulatory/warning signs are measured in number of items and 

tend to be more scattered; therefore, higher precision may be required. 
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Table 7. Results of the Confusion Matrix for Type-C features 

Existence Detection and Condition Assessment 

Inventory Unit Highway features 
∑𝑇𝑃𝑖
𝑖

∑𝐹𝑃𝑖
𝑖

∑𝑇𝑁𝑖
𝑖

∑𝐹𝑁𝑖
𝑖

Each Regulatory/warning signs 0 38 169 18 

Special Pavement Markings 0 17 35 23 

Culverts 13 15 39 19 

Storm Sewer System 4 29 29 1 

Delineators 11 24 102 32 

Flumes 0 9 7 8 

Under-drain/edge-drain 1 10 16 16 

Other Signs 0 22 66 37 

Linear feet Protective Barriers 148 101 6,333 152 

Ditches 1,281 8,303 12,9460 15,355 

Curb & Gutter 496 2,490 12,804 958 

3.2 Receiver Operating Characteristics (ROC) Graphs 

The Probability of Detection (POD) and the False Alarm Rate (FAR) describe inspectors´ 

performance. As for the confusion matrix outcomes, these parameters have different meanings 

depending on the activity. For example, the POD measures what percent of all the existent 

features is detected, or what percent of all the deficient features is detected. As can be deduced 

from Equation 6, a low POD implies that inspectors tend to overlook existence or deficiency. 

Likewise, the FAR can be used to measure the percent of features that inspectors wrongly 

report as existent (existence false alarms), or the percent of features in good conditions that 

inspectors wrongly diagnosed as deficient (condition false alarms). As can be deduced from 

Equation 7, high FAR means that inspectors tend to exaggerate the number of features or the 

condition. 

𝑃𝑂𝐷 =
∑ 𝑇𝑃𝑖𝑖

∑ (𝑇𝑃𝑖 + 𝐹𝑁𝑖𝑖 )
(6)
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𝐹𝐴𝑅 =
∑ 𝐹𝑃𝑖𝑖

∑ (𝑇𝑁𝑖 + 𝐹𝑃𝑖)𝑖
(7) 

These performance parameters are extensively used in machine learning (Fawcett, 

2004). They have alternative names, True Positive Rate (TPR) and False Positive Rate (FPR) 

respectively, but same formulation. The parameters can be plotted in Receiver Operating 

Characteristic (ROC) graphs to measure the performance of search algorithms. In that context, 

good performance means retrieving the right information (high POD) without retrieving 

excessive insignificant information (low FAR). For highway maintenance QA, the 

interpretation is similar; good performance means correctly identify deficient and existent 

features (high POD) without including absent features or classifying features in good 

conditions as deficient (low FAR).  

Figure 11 displays hypothetical performance results for condition assessment activities 

to demonstrate the implications of the POD and the FAR. The graph is divided by a 45 degrees 

dash line that represents the performance of an inspector who makes decisions following a 

random pattern. The dash line represents the inspector who will get right half of his/her 

classification by the operation of chance (Fawcett, 2004). Values of POD and FAR that fall 

under the dash line indicate low performance. In practice, it is unlikely that inspectors perform 

worse than random but if performance falls close to the dash line special attention should be 

pay to the inspection guidelines. 
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Figure 11. Receiver Operating Characteristics (ROC) graph 

As illustrated in Figure 11 permissive inspectors do not classify features as deficient 

unless they have strong evidence. Consequently, they make few mistakes (i.e. low FAR) at the 

expense of missing some deficient features (i.e. medium-high POD). In contrast, bold 

inspectors catch more deficient features (i.e. high POD) at the expense of more mistakes (i.e. 

medium-high FAR). In practice, permissive behavior implies that inspectors miss deficient 

features and bold behavior means that conditions are overstated. In response, deficiency 

thresholds for features may be relaxed when inspectors tend toward bold behaviors and 

stiffened when inspectors tend toward more permissive behavior. These remedies can lead to 

the ideal situation of perfect detection rates with no false alarms. 
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3.3 Using Bayesian Techniques to Update the Backlog Estimates 

The proposed method not only enables agencies to unveil inspectors’ error patterns but also to 

improve estimates of maintenance condition. WisDOT stratified sampling technique uses FR 

information to estimate the maintenance backlog rates. The backlog rate is always expressed 

as a percentage of the inventory in deficient condition. The stratified sampling weights the 

observations from each county according to the proportion of centerline miles.  

This thesis uses a Bayesian approach to adjust the estimates for the human error. The 

updated estimates are not weighted again when updating for human error because we assumed 

that inspectors´ performance is the same in every county. The following sections describe how 

the backlog rates can be improve by leveraging the QA information. 

3.3.1 Type-A 

As described by Adams and Winkelman (Adams & Winkelman, 2016) the condition of type-A 

features is measured using simple binomial proportions: deficient or non-deficient. The 

inventory is assumed to be known and equal to all the 1/10th mile segments contained in the 

population. Based on this assumption the backlog rate is calculated as follows:  

𝑝𝐴(𝑑) = ∑𝜔ℎ𝑝𝑥ℎ

𝐿

ℎ=1
(8) 

where 

𝑝𝐴(𝑑) = estimated proportion of inventory that is deficient; 

L = number of strata (counties); 

𝜔ℎ = weight factor for stratum h; and 

𝑝𝑥ℎ = average condition for all sample units from stratum h. 
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The update for the Woody Vegetation Vision condition estimate is developed to 

illustrate the method. In 2016 the probability of deficiency 𝑝𝐴(𝑑) for Woody Vegetation Vision

was 2%, which means that 2% of the features were in deficient condition and 98% of the 

features were in good conditions.  

These estimates are based on the 1200 FR visual inspections, but inspectors often make 

mistakes and therefore the results need to be adjusted. The proportion of defects that were 

wrongly reported (FPD) needs to be excluded, and the proportion of defects that were wrongly 

classified as non-deficient (FND) needs to be included.  

The false positives are excluded by multiplying 𝑝𝐴(𝑑) by the conditional probability

of the FR being correct given that they diagnosed a feature as deficient 𝑃(𝐷|𝑑). Ultimately, 

𝑃(𝐷|𝑑) is the conditional probability of finding a TP given that the FR team diagnosed the 

feature was deficient.  

The false negatives are included by multiplying the percent of features in good 

condition (1 − 𝑝𝐴(𝑑)) by the conditional probability of the FR being wrong given that they

diagnosed a feature was non-deficient 𝑃(𝐷|𝑛𝑑). Ultimately, 𝑃(𝐷|𝑛𝑑) is the conditional 

probability of finding a FN given that the FR team diagnosed the feature was non-deficient. 

Equation 9 shows the adjusted or posterior estimate as a combination of the prior and 

conditional probabilities: 

 𝑝𝐴(𝐷)⏞    
𝐴 𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟𝑖

= 𝑃(𝐷|𝑑)⏞    
𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐹𝑃

 𝑝𝐴(𝑑)⏞    
𝐴 𝑝𝑟𝑖𝑜𝑟𝑖

+ 𝑃(𝐷|𝑛𝑑)⏞      
𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐹𝑁

(1 − 𝑝𝐴(𝑑))⏞        
𝐴 𝑝𝑟𝑖𝑜𝑟𝑖

(9) 

where 

𝑝𝐴(𝐷) = posterior estimate of deficient inventory adjusted for human error;
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𝑃(𝐷|𝑛𝑑) = conditional probability of being truly deficient given that the FR team diagnosed 

non-deficient; 

𝑝𝐴(𝑑) = prior proportion of deficient inventory according to the FR team; and

𝑃(𝐷|𝑑) = conditional probability of being truly deficient given that FR diagnosed deficient. 

The conditional probabilities 𝑃(𝐷|𝑑) and 𝑃(𝐷|𝑛𝑑) are calculated using the quality 

assurance information. 𝑃(𝐷|𝑑) is equal to the ratio of the correct deficient diagnosis (TPD) 

over all the deficient diagnoses (TPD+FPD). 𝑃(𝐷|𝑛𝑑) is equal to the ratio between the missed 

deficient features (FND) and all the non-deficient diagnosis (TND+FND). Considering all this, 

Equation 9 is rewritten as follows: 

𝑝𝐴(𝐷) =
∑ 𝑇𝑃𝑖𝐶𝑖

∑ (𝑇𝑃𝑖𝐶 + 𝐹𝑃𝑖𝐶)𝑖
 𝑝𝐴(𝑑) +

∑ 𝐹𝑁𝑖𝐶𝑖

∑ (𝑇𝑁𝑖𝐶 + 𝐹𝑁𝑖𝐶)𝑖
 (1 − 𝑝𝐴(𝑑)) (10) 

The QA results for Woody Vegetation Vision are shown in Figure 12. As discussed 

earlier, the performance for Type-A features is excellent but the method has been developed 

to prove its application. Since the five times that the FR team indicated that Woody Vegetation 

Vision was deficient were denied by the QA team, the probability of the FR team being right 

when reporting deficiencies is 0 percent. Moreover, because all the non-deficient assessments 

were confirmed by the QA team the probability of the FR team being wrong when reporting 

non-deficient features is also 0. The adjusted probability is computed in Equation 11. 

𝑝𝐴(𝐷) =
0

5
 (0.98) +

0

166
 0.02 = 0 (11)
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Figure 12. Condition Assessment Results for Woody Vegetation Vision 

3.3.2 Type-B 

The backlog percentage for type-B features is calculated using domain binomial proportions. 

The inspectors´ response has two variables, both are binomial. The response variable 𝑥 

measures the quantity of deficient feature, and the response variable 𝑦 measures the quantity 

of existent feature. The proportions of deficiency and existence are denoted by 𝑝𝑥(𝑑) and

𝑝𝑦(𝑒) respectively. Adams and Winkelman (Adams & Winkelman, 2016) defined the backlog

rate as ratio between these two proportions: 

pB(d)=
px(𝑑)

py(𝑒)
=
∑ ωhpxh
L
h=1

∑ ωhpyh
L
h=1

(12) 

where 

𝑝𝐵(𝑑) = estimated proportion of inventory that is deficient;
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𝑝𝑥(𝑑) = proportion of sampled segments that are deficient;

𝑝𝑦(𝑒) = proportion of sampled segments that contain the feature;

𝜔ℎ = weight factor for stratum h; 

𝑝𝑦ℎ = average proportion of the features´ condition for all sample units from 

stratum h; and 

𝑝𝑥ℎ = average proportion of the features´ existence for all sample units from 

stratum h. 

The adjustment for Drop-off/buildup on Unpaved Shoulders is developed to illustrate 

the method. The proportion of deficient features 𝑝𝑥(𝑑) and the proportion of existent features

𝑝𝑦(𝑒) are the prior probabilities to be adjusted. Each proportion is adjusted independently:

𝑝𝑥(𝑑) is adjusted using the confusion matrix for condition assessment, and 𝑝𝑦(𝑒) is adjusted

using the confusion matrix for existence detection.  

The proportion of deficient is adjusted exactly as it was done before for type-A features. 

As can be observed in Equation 13, notation is the only difference. It was expressed as 𝑝𝐴(𝑑)

before and now is expressed as 𝑝𝑋(d).

px(𝐷) =
∑ 𝑇𝑃𝑖𝐶𝑖

∑ (𝑇𝑃𝑖𝐶 + 𝐹𝑃𝑖𝐶)𝑖
 px(𝑑) +

∑ 𝐹𝑁𝑖𝐶𝑖

∑ (𝑇𝑁𝑖𝐶 + 𝐹𝑁𝑖𝐶)𝑖
 (1 − px(𝑑)) (13) 

In 2016 the probability of deficiency px(𝑑) for Drop-off/buildup on Unpaved

Shoulders was 31%, which means that 31% of the sampled features were in deficient condition 

and 69% of the sampled features were in good conditions. The QA results for existence 

detection are shown in Figure 13. As can be seen, 38 of the 48 times that the FR team indicated 

that Woody Vegetation Vision was deficient were confirmed by the QA team, therefore the 

probability of the FR team being right when reporting deficiencies is 79 percent. On the other 
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hand, the probability of the FR team to misclassify a non-deficient as deficient is only 20 

percent. The adjusted probability of deficiency is computed in Equation 14. 

px(𝐷) =
38

48
 0.31 +

25

123
 0.69 = 0.38 (14) 

Field Review (FR) 

Diagnosed 

deficient (d) 

Diagnosed 

non-deficient 

(nd) 

Row sum 

Quality 

Assurance 

(QA) 

Confirmed 

Deficient (D) 38 25 

Deficient Features 

Confirmed 

Non-Deficient 

(ND) 

10 98 

Non-Deficient 

Features 

Column Sum Features 

Diagnosed as 

deficient 

Features 

Diagnosed as 

non-deficient 

Figure 13. Condition Assessment Results for Drop-off/buildup on Unpaved Shoulders 

The proportion of existent features is updated similarly but using the confusion matrix 

for existence detection presented. As can be seen in Figure 14, the FR team correctly indicated 

that Woody Vegetation Vision existed most of the times (98 percent), and wrongly reported 

existence only 1 percent of the times. The adjusted general formulation to update the 

probability of existence is shown in Equation 15 and the results for Drop-off/buildup on 

Unpaved Shoulders are computed in Equation 16. 
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Field Review (FR) 

Diagnosed 

existent (e) 

Diagnosed 

non-existent (ne) 

Row sum 

Quality 

Assurance 

(QA) 

Confirmed 

Existent (E) 142 3 

Existent Features 

Confirmed 

Non-Existent 

(NE) 

2 24 

Non-Existent 

Features 

Column Sum Features 

Diagnosed as 

existent 

Features 

Diagnosed as 

non-existent 

Figure 14. Existence Detection Results for Drop-off/buildup on Unpaved Shoulders 

p𝑦(𝐷) =
∑ 𝑇𝑃𝑖𝐸𝑖

∑ (𝑇𝑃𝑖𝐸 + 𝐹𝑃𝑖𝐸)𝑖
 p𝑦(𝑒) +

∑ 𝐹𝑁𝑖𝐸𝑖

∑ (𝑇𝑁𝑖𝐸 + 𝐹𝑁𝑖𝐸)𝑖
 (1 − p𝑦(𝑒))

(15) 

p𝑦(𝐷) =
142

144
 0.91 +

3

27
 0.09 = 0.9 (16) 

Combining Equation 13 and Equation 15 the updated percentage of deficiency for type-

B features is calculated as shown in Equation 17. Likewise, Equation 14 and Equation 16 are 

combined to compute the updated percentage of deficiency for Drop-off/buildup on Unpaved 

Shoulders as shown in Equation 18. 

𝑝𝐵(𝐷) =

∑ 𝑇𝑃𝑖𝐶𝑖

∑ (𝑇𝑃𝑖𝐶 + 𝐹𝑃𝑖𝐶)𝑖
 𝑝𝑥(𝑑) +

∑ 𝐹𝑁𝑖𝐶𝑖

∑ (𝑇𝑁𝑖𝐶 + 𝐹𝑁𝑖𝐶)𝑖
 (1 − 𝑝𝑥(𝑑))

∑ 𝑇𝑃𝑖𝐸𝑖

∑ (𝑇𝑃𝑖𝐸 + 𝐹𝑃𝑖𝐸)𝑖
 p𝑦(𝑒) +

∑ 𝐹𝑁𝑖𝐸𝑖

∑ (𝑇𝑁𝑖𝐸 + 𝐹𝑁𝑖𝐸)𝑖
 (1 − p𝑦(𝑒))

(17) 

𝑝𝐵(𝐷) =
0.38

0.90
= 0.42 (18)
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3.3.3 Type-C 

For type-C features, the Bayesian approach cannot be applied because it was not possible to 

differentiate between existence detection and condition assessment activities and because the 

backlog rate 𝑟𝑐(𝑑) is not calculated using proportions but estimates of inventory (�̅� 𝑎𝑛𝑑 �̅�).

The backlog rate is calculated as a ratio of the average quantity of deficient feature �̅� over the 

average quantity of existent feature �̅�.  

𝑟𝑐(𝑑) =
�̅�

�̅�
=
∑ 𝜔ℎ𝑥ℎ̅̅ ̅
𝐿
ℎ=1

∑ 𝜔ℎ𝑦ℎ̅̅ ̅
𝐿
ℎ=1

(19) 

where 

𝑟𝑐(𝑑) = estimated proportion of the inventory that is deficient; 

�̅� = average quantity of deficient inventory per segment in the population; 

�̅� = average quantity of inventory per segment in the population; 

𝜔ℎ = weight factor for stratum h; 

𝑥ℎ̅̅ ̅ = average quantity of deficient inventory per segment in stratum h; and 

𝑦ℎ̅̅ ̅ = average quantity of inventory per segment in stratum h. 

An alternative adjustment method was considered. Bland and Altman (Bland & 

Altman, 2010) developed a statistical method for evaluating the agreement between two 

clinical measurement techniques. They suggest that if the bias is consistent the results can be 

adjusted accordingly. Consider the feature Protective Barriers to illustrate the application of 

Bland and Altman method. If inspectors tend to measure extra quantity of deficient linear feet 

consistently, all the observations can be adjusted by subtracting that measurement bias. FR and 

QA observations were compared, but the data was not sufficiently large to spot any consistent 

pattern. This is in part due to the fact that type-C features are absent in many samples. De la 
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Garza et. Al (2008) proposed an inexpensive method that may be used to increase the presence 

of type-C features in the sampled segments. They propose to create an inventory of highway 

features by conducting a windshield inspection of the full roadway network. This inspection 

spends a minimal amount of resources; inspectors only need to record features´ existence. De 

la Garza et al discussed that once the inventory of highway features is created, it is possible to 

survey proportionally to the sample size of each feature. Creating this preliminary highway 

feature inventory will improve the presence of type-C features and may allow to spot consistent 

differences between both teams’ observations.  
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4. ANALYSIS AND RESULTS

The ROC graph for existence detection of type-B features is shown in Figure 15. It is useful 

noting that features assessing the condition of paved and unpaved shoulders are grouped. Apart 

from Edgeline Markings, inspectors excel at detecting features’ existence. The results for 

condition assessment activities are shown in Figure 16. In general, inspectors have a permissive 

behavior that results in few false positives (i.e. low FAR) at the expense of missing some of 

the deficient features (i.e. medium-high POD). On the contrary, inspectors seem to be bolder 

when assessing the condition of Cracking on Paved Shoulders. This time, practically all the 

deficient features are detected (i.e. high POD) at the expense of more false positives (i.e. 

medium-high FAR).  

The analysis of the results should always consider the relative number of TP, FP, TN 

and FN. For example, it seems that Drop-off/buildup on Paved Shoulders and Cracking on 

Paved Shoulders are the features with worse performance; however, the number of 

misclassifications (FN and FP) is not significantly high. Instead the lower POD is due to a low 

number of TP. This exceptional situation occurs because both features are in general in very 

good conditions and most of the observations are TN. Drop-off/buildup on Unpaved Shoulders 

and Cracking on Unpaved Shoulders are closer to the ideal performance; however, the number 

of misclassifications is quite higher. Overall, the results suggest that future training should 

focus on the procedures to assess the conditions of Drop-off/buildup on Unpaved Shoulders 

and Cracking on Unpaved Shoulders. 
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Figure 16. ROC Space for Condition Assessment Activities for type-B Features 
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Table 8 and Table 9 report the conditional probabilities for type-B features. Table 8 

confirms the results presented in the ROC analysis; inspectors excel at identifying the existence 

of type-B features. Likewise, the results in Table 9 are consistent with the conclusions drawn 

from the ROC analysis of condition assessment activities; training should focus on the 

procedures to assess the conditions of Drop-off/buildup on Unpaved Shoulders and Cracking 

on Unpaved Shoulders.  

Table 8. Prior and Conditional Probabilities for Existence Detection Activities for Type-B 

Features in 2016  

Highway features 𝑃(𝐸|𝑒) 𝑝𝑦(e) 𝑃(𝐸|𝑛𝑒) 𝑝𝑦(ne)

Drop-off/buildup on paved shoulders 0.97 0.91 0.09 0.09 

Cracking on paved shoulders 0.97 0.91 0.09 0.09 

Potholes/raveling on paved shoulders 0.97 0.91 0.09 0.09 

Drop-off/buildup on unpaved shoulders 0.99 0.91 0.11 0.09 

Cross Slope on unpaved shoulders 0.99 0.91 0.11 0.09 

Erosion on unpaved shoulders 0.99 0.91 0.11 0.09 

Centerline Markings 1.00 1.00 0 0.00 

Edgeline Markings 0.99 0.99 0 0.01 

Table 9. Prior and Conditional Probabilities for Condition Assessment Activities for Type-B 

Features in 2016  

Highway features 𝑃(𝐷|𝑑) 𝑝𝑥(d) 𝑃(𝐷|𝑛𝑑) 𝑝𝑥(nd)

Drop-off/buildup on paved shoulders 0.50 0.03 0.02 0.97 

Cracking on paved shoulders 0.83 0.55 0.10 0.45 

Potholes/raveling on paved shoulders 0.33 0.06 0.05 0.94 

Drop-off/buildup on unpaved shoulders 0.79 0.31 0.20 0.69 

Cross Slope on unpaved shoulders 0.90 0.18 0.19 0.82 

Erosion on unpaved shoulders 0.00 0.01 0.00 0.99 

Centerline Markings 0.69 0.04 0.03 0.96 

Edgeline Markings 0.67 0.05 0.01 0.95 
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Table 10 compares the first-phase estimates with the ones obtained by leveraging the 

QA information to improve the backlog rates. In Table 10, a positive difference means that the 

condition was underestimated, and a negative difference implies that the condition was 

overestimated. The results suggest that for most of the features the condition was 

underestimated. This is consistent with the predominant permissive behavior observed in 

Figure 16. The greatest difference coincides with the features with worse performance Drop-

off/buildup on Unpaved Shoulders and Cracking on Unpaved Shoulders, which is also 

consistent with the conclusion drawn from Figure 16. 

Table 10. Prior Backlog Rates and Posterior Backlog Rates for Type-B Features in 2016  

 Percentage of inventory in deficient condition  

Highway features 𝑝𝐵(𝑑) 𝑝𝐵(𝐷) 𝑝𝐵(𝐷) − 𝑝𝐵(𝑑) 

Drop-off/buildup on paved shoulders 2.8 3.4 0.54 

Cracking on paved shoulders 59.8 55.4 -4.44 

Potholes/raveling on paved shoulders 6.6 7.4 0.85 

Drop-off/buildup on unpaved shoulders 33.9 42.4 8.54 

Cross Slope on unpaved shoulders 19.6 35.2 15.64 

Erosion on unpaved shoulders 1 0 -1 

Centerline Markings 4.2 5.3 1.15 

Edgeline Markings 4.8 3.8 -0.95 
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5. SUMMARY AND CONCLUSION 

This thesis studied the uncertainty injected when using human visual inspection to estimate the 

condition of the transportation infrastructure. A solution to assess and improve the reliability 

of visual inspections based on double inspections of the same segments was introduced. The 

applicability of the two-phase sampling strategy was demonstrated using real data provided by 

the Wisconsin Department of Transportation (WisDOT).  

Inspectors´ performance was described by the Probability of Detection (POD) and the 

False Alarm Rate (FAR). POD and FAR were plotted in ROC graphs to discover error patterns. 

It was demonstrated that analysis of ROC graphs can help transportation agencies to improve 

the quality of future inspectors´ training.  

The merit of the proposed method lies not only in its ability to measure inspectors´ 

performance but also in its ability to update the condition estimates according to the human 

error. The human error was taken into account using Bayesian techniques. Conditional 

probabilities of false negatives and true positives were calculated based on the confusion 

matrix outcomes. 

While the method presented is innovative, the study was not fully successful. The 

method was applied to three type of highway features. Although the inspectors’ performance 

for these features was excellent and the analysis was not required, the method was applicable 

for type-A features, whose condition estimate is measured using binomial proportions. The 

condition of Type-B features is measured using domain binomial estimators and for these 

features the method was also applicable. The Bayesian approach successfully improve the 

condition estimates according to the probabilities of human error. The condition of Type-C 

features is not estimated using proportions but using average quantities of deficiency; 
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therefore, the Bayesian approach was not applicable. An alternative solution was proposed but 

the sample data set was too small to be successful.  

These results are specific for WisDOT sampling methodology. Overall, it was 

demonstrated that the methodology works successfully for highway features whose conditions 

are assessed following a pass or fail standard and whose condition estimates are constructed 

using proportions.  
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