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EXECUTIVE SUMMARY 

This executive summary provides an overview of this WSDOT research project to address the issue of 

roadway asset conditions. The primary objective of the project was to develop algorithms that predict the 

performance conditions of six important highway assets: culvert maintenance, barrier/guardrail 

maintenance, traffic signal systems, ditches, slope repairs, and shoulder maintenance. The algorithms use 

a data-driven approach and predict levels of service (LOS) performance conditions and trends under 

various funding levels. The algorithms developed in this project are the first step to developing prediction 

models. 

For data collection, two major strategies were used to achieve the project objectives. The first step was 

acquiring direct WSDOT data on asset LOS condition and expenditure. Second, two-phase questionnaire 

surveys were conducted with WSDOT professionals to collect their insights regarding the factors 

influencing the LOS conditions of the six assets. The Relative Importance Index (RII) analysis approach 

was used to assess the survey results, the Kolmogorov-Smirnov and Shapiro-Wilk normality tests were 

utilized to assess if the dataset was distributed normally, and the Mann-Whitney U test was used to 

identify differences between the group of variables. 

The factors affecting the LOS condition of an asset were ranked, and then highly ranked factors were 

identified for each of the six roadway assets. For example, the five highly ranked factors for culvert 

maintenance are hydrological/weather conditions, previous maintenance dates, current LOS, scoured 

around culvert/pipe, and material type. 

Similarly, the highly ranked factors for the other five assets have also been determined. The data analysis 

results indicated that each asset has more than ten highly ranked factors. 

Once the data was analyzed, the project developed prediction model algorithms for each of the six assets. 

The key steps involved in developing the algorithm for predicting the LOS condition of assets were 

identified and explained. The key steps of culvert maintenance algorithm are  
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Step 1: Identify, collect and understand the significant factors of culvert maintenance and clean the 

data 

Step 2: Visualize the data 

Step 3: Split the data into training and test datasets 

Step 4: Develop a regression model 

Step 5: Validate the model 

Step 6: Test the model 

Step 7: Make predictions using the model  

Once the model is validated and tested, it can be used to predict culvert LOS condition. To advance the 

project in developing prediction models, the author recommends applying Machine Learning (ML) 

techniques for a future study. High-dimensional datasets and non-linear variables can be processed by ML 

models, producing more accurate results. The accuracy of prediction models will be improved by training 

the models with historical and real-time data. The ML technique especially helps in developing more 

dependable prediction models, while saving time in developing the models and training, validating and 

testing the models. 

Findings and results from this project have great promise for enhancing the overall condition of roadway 

assets, assuring greater mobility, and fostering economic growth for millions of Americans. WSDOT and 

other states may use the algorithms in developing the prediction models. The prediction models assist in 

predicting asset conditions, calculating base funds required for individual assets, and efficiently allocating 

resources. The project outcomes provide WSDOT with a robust platform to improve asset management 

decision-making, eventually resulting in safer and more environmentally friendly roads for the general 

public.
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1. INTRODUCTION 

Highways are the lifeline of mobility for millions of Americans, and they are essential for 

economic growth. Vehicle mile travel (VMT) is increasing in the U.S. per Federal Reserve 

Economic Data (FRED 2022); however, the performance of highway assets is not satisfactory. 

According to the American Society of Civil Engineers (ASCE) report card, over 40% of public 

roadways were in poor or mediocre condition in 2021, and that number was consistent for several 

years (ASCE 2021). With the poor conditions of highway assets, challenges for state departments 

of transportation (DOTs) are increasing. 

The challenges facing the Washington State DOT (WSDOT) Highway Maintenance Program are 

continually increasing, which weakens its ability to provide a State of Good Repair for highway 

assets. For example, in 2020, WSDOT met 68% of its highway maintenance asset condition 

targets, which was down from 77% in 2019 (Shields and Andrea 2021). WSDOT Maintenance 

has been evaluating the effectiveness of its Maintenance Program through outcome-based 

performance measures, referred to as level of service (LOS) since 1996 (WSDOT 2018). As it has 

become known, the Maintenance Accountability Process (MAP) is a comprehensive planning, 

measuring, and managing process that provides a means for communicating the impacts of policy 

and budget decisions on program service delivery to key customers, including WSDOT Executive 

Leadership, the Legislature, and the public. 

The challenges come in many forms, including aging equipment, personnel shortages, aging 

assets, and system additions, as well as underfunding in both preservation and maintenance. 

Figure 1 illustrates the growing needs of WSDOT’s Maintenance Division budget to maintain 

highway assets in acceptable condition. Studies have shown that for several highway assets, 

‘due,’ ‘past due,’ and ‘far past due’ for maintaining assets increased to 46% in 2020 from 37% in 

2019 (Weston 2021). The current budget limitations have led to an inability to maintain and 
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Figure 1. WSDOT Maintenance Budget Needs (Shields and Fortune 2021) 
 

preserve all highway infrastructure assets as needed at acceptable levels, or keep annualized 

investments within a reasonable range of lowest life-cycle cost. In most cases, a lack of available 

funding delayed maintenance activities; additionally, the consequences of delayed maintenance 

are usually underestimated or not fully considered (NCHRP 2017). Often, WSDOT personnel are 

faced with making data-driven, trade-off decisions. 

When assets are not maintained at the right time, it may result in the need for reactive 

maintenance activities, which cost significantly more. For example, the chip seal cost could be 

$50,000 to $60,000 per lane mile (Weston 2021). If chip sealing is not done on time and paving is 

past due, because of backlog and poor condition, major rehabilitation may be required; major 

rehabilitation is $400,000 to $500,000 per lane mile (Weston 2021), which is considerably more 

expensive than chip seal.  

Thus, predicting future conditions of highway assets using advanced technologies has become 

necessary today. Machine learning (ML), Artificial Intelligence (AI), and other similar advanced 
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technologies have been utilized in various sectors to address such challenges. Tsai and Wang 

(2015) developed an algorithm to detect pavement raveling. In that 2015 study, the authors used a 

data-driven texture analysis techniques approach to classify whether pavement is raveled. In 

another study, vehicle travel time on a highway was predicted using an algorithm development 

(Saleh et al. 2023). To predict the travel time, the algorithm evaluated the traffic flow for 

congestion, slow movement, or free-flow using an eight-step algorithm. In other studies 

conducted by various authors, predicted friction on roadway pavements and predicted road 

accidents using ML technologies (Karimzadeh and Shoghli 2020; RAI 2022). 

The ability to predict asset performance would help the WSDOT Maintenance Division to set 

performance targets that balance available funds, acceptable performance expectations, and 

maintenance division priorities (Adams et al. 2014), which could potentially prevent the need for 

expensive reactive maintenance actions.  

The principal objective of this project is to develop algorithms that will be used as a basis to 

develop prediction models later. The prediction models can be used to forecast the performance 

condition of highway assets. This project focused on six highway assets to develop algorithms, 

which use a data-driven approach, utilizing historical data. Developing the algorithms gives 

WSDOT Maintenance Division the ability to predict LOS performance data in order to predict 

trends under differing funding conditions. The six highway assets are listed below.   

1. MAP Activity 2A2- Culvert Maintenance   

2. MAP Activity 6A7- Barrier /Guardrail Maintenance  

3. MAP Activity 6B1- Traffic Signal Systems  

4. MAP Activity 2A1- Ditches      

5. MAP Activity 2A5- Slope Repair   

6. MAP Activity 1A3- Shoulder Maintenance   
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2. REVIEW OF PREVIOUS WORK 

The literature related to highway asset management was collected and reviewed. The main 

sources of the existing literature were ResearchGate, ASCE Libraries, and WSU Libraries. The 

review of existing studies is presented in three sub-sections as below. They are i) roadway 

condition, vehicle mile travel, and consequences of delayed maintenance, ii) performance 

measurement of roadway assets, and iii) studies on specific assets. 

2.1 Roadway Condition, VMT, and Consequences of Delayed Maintenance 

In the United States, there are over four million miles of public roadways (ASCE 2021). As the 

backlog of road maintenance and rehabilitation grows annually, in 2021, 43% of roadways were 

in poor or mediocre condition. While most interstate highways are in good condition, most non-

interstate highways and collector roads are in poor condition. One of the principal reasons for the 

poor road conditions in Washington State is a result of funding specific to preservation.  

The consequences of continued deterioration of road conditions are increased costs to highway 

maintenance and safety issues resulting from lowered Level of Service (LOS), as well as 

additional expenses on fuel and repair and increased congestion and delays on travel. It is 

necessary to prioritize strategic investment in roadway preservation and improvement (NCHRP 

2017). The scorecard also provided recommendations, including increasing maintenance budgets 

to address the roadway system’s LOS; developing an asset management plan and incorporate life-

cycle cost analysis, building resilient infrastructure, and integrating resilience planning into asset 

management plans. 

Vehicle Mile Travel (VMT) is a direct indicator of most roadway asset conditions, and it is 

increasing across the United States including Washington state (PSRC 2018; FRED 2022). 

According to the Federal Highway Administration (FHWA), VMT in 2019 was over 18% more 

than in 2000 (USDOT 2022; ASCE 2021). 
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The National Cooperative Highway Research Program (NCHRP 2017) studied the consequences 

of delayed highway asset maintenance. In many states, agencies have employed various 

maintenance treatments to slow down deterioration and restore asset conditions; however, in 

many cases, the treatments employed were delayed due to budget limitations. Study results show 

that delayed maintenance leads to lower LOS and early deterioration, as well as the need for 

expensive maintenance actions. Results also show that tools are available to quantify the effects 

of employing maintenance activities for highway pavements and bridge assets; however, 

assessing the dollar savings and asset performance enhancement of employing the maintenance 

activities on time is simply not possible. Therefore, this NCHRP study developed a framework 

with a procedure to quantify the evaluation of delayed maintenance for seven highway assets: 

pavements, bridges, culverts, guardrails, lighting, pavement marking, and signs. Many pavement 

management systems incorporate deterministic models or probabilistic models, and the bridge 

management system incorporates probabilistic models. This study recommends the following 

maintenance scenarios to assess the consequences of delayed maintenance: address all needs, do 

nothing, and delayed maintenance, as well as budget-driven with limited maintenance funds. 

2.2 Performance Measurement of Roadway Assets 

In Washington state, highway assets have been evaluated using outcome-based performance 

measures since 1996 (WSDOT 2018). The maintenance program measures the performance of 

highway maintenance assets that can be categorized into three types, which are i) condition 

assessment, ii) operational assessment, iii) task completion. Condition assessment is done through 

the Maintenance Accountability Process (MAP). The MAP is a mechanism for monitoring and 

communicating the results of maintenance activities, such as conducting field surveys. WSDOT's 

MAP determines the number of deficient culverts out of all culverts that fall within the 0.10-mile 

sample site. Currently, WSDOT samples 756 different locations across the state that contain a 

wide variety of inventory. Operational assessment features inventory against the number of 
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repairs against the number of systems. Finally, task completion is measured based on the number 

of tasks that can be completed against the planned task amount, or the total number of tasks that 

should have been completed against a known inventory.  

The WSDOT Maintenance Division reports statewide highway asset LOS conditions. In 2020, 

WSDOT met 68% of its highway maintenance asset condition targets and missed 32% of asset 

condition targets. The eight missed target highway assets were: i) sweeping and cleaning, ii) catch 

basin and inlet maintenance, iii) stormwater facility maintenance, iv) slope repair, v) roadside 

cleanup, vi) noxious weed control, vii) bridge cleaning, and viii) pavement striping maintenance. 

Out of these eight maintenance assets, four missed the target with LOS rating of 'F', which means 

the assets are in poor or failing conditions, and system failures are likely.  

A study was conducted to evaluate the performance of pavements, forecast its condition, and 

determine the effects of maintenance and rehabilitation strategies (Baladi et al. 2017). The 

authors established new pavement performance measures and rating systems, which were applied 

using pavement condition data. The inventory and pavement condition data, as well as distress 

data were obtained from long-term pavement performance (LTPP) data from three state agencies: 

Washington State Department of Transportation, Colorado Department of Transportation, and 

Louisiana Department of Transportation.  

The new systems developed were utilized to compute the benefits of maintenance treatment used, 

identify the impact of weather, and evaluate the design variables on pavement durability. The 

study made several conclusions, including that thin overlay treatment was not the viable solution 

to improve pavement performance of cracks (alligator, longitudinal, and transverse cracking) in 

all regions. After the overlay, the cracks were hidden, but resurfaced again through the overlay 

after a few years. Slurry seal and crack sealing may improve the International Roughness Index 

(IRI) and/or rutting but does not improve the pavement performance in terms of cracks. However, 

aggregate seal coats improve the IRI, rutting, and cracking in all climatic regions. 
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2.3 Studies on Specific Assets 

2.3.1 Culvert Maintenance 

Culvert maintenance is an important task of the 

roadway system as it directly impacts the 

roadway and local hydrology (Pajouh et al. 

2020). Culverts reduce the risk of hydroplaning, 

vehicle tires being affected by hydrodynamic 

drag, and a reduction of weather-related crash 

potential, and the culverts may in many storm 

events potentially prevent flooding on the 

roadways during rainfall. A study conducted by 

Pajouh et al. (2020) shows that the type of culvert material impacts the frequency of culvert 

maintenance; the size of the culvert and type of inlet/ outlet also impact the culvert maintenance 

(Jensen et al. 2001; Albuquerque et al 2011). Lack of maintenance for culverts can result in 

damage not only to the roads on an urban, suburban, and rural level but can also be a detriment to 

ecosystem (Gharaibeh and Lindholm 2013). Table 1 presents factors affecting the LOS condition 

of culverts.  

Table 1. Factors Affecting the LOS Condition of Culverts 

S.N. Factors Affecting the LOS Condition of Culverts Sources 
1. Previous date of maintenance Based on PI’s experience 
2. Material type: concrete vs. galvanized steel vs. PVC vs. HDPE Pajouh et al. (2020) 
3. Length of culvert or serving for Interstate, US, or SR roadways Albuquerque et al. (2011), 

Okafor et al. (2023) 
4. Height or diameter of the culvert Albuquerque et al. (2011) 
5. Orientation of the culvert (cross or approach) Pajouh et al. (2020) 
6. Inlet / outlet end type Jensen et al. (2001) 
7. Current LOS Based on PI’s experience 
8. Funding allocated for the current year Albuquerque et al. (2011) 

 

 
Figure 2. A Culvert at US 195 Washington 
State 
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9. Hydrological/weather condition in the area - Precipitation Pajouh et al. (2020) 
10. Location: urban, suburban, rural area, alluvial fan, upstream land 

use 
Gharaibeh and Lindholm 
(2013) 

11. Age of culvert Gassman et al. (2016) 
12. Culvert that pass fish life (Yes/No) Jensen et al. (2001) 
13. Water/soil related - PH, saltwater exposure, bed loading Pajouh et al. (2020) 
14. Record of repair - repaired and functional (Yes/No) Gassman et al. (2016) 
15. Depth of fill or depth buried Okafor et al. (2023) 
16. Scoured around culvert pipe and headwalls Gassman et al. (2016) 
 

2.3.2 Barrier Maintenance 

According to a study conducted by Karim et al., barrier maintenance is directly influenced by the 

local factors including weather, average annual daily traffic (AADT) of the road, and what 

specific type of highway the road is (divided, two-lane, or multi-lane) (Karim et al. 2011). These 

factors affect the performance of barriers and thus imply the ways that they must be maintained. 

Supporting this idea, Karim et al.’s study also implies that the age of the barriers has an impact on 

their need to be maintained. This especially is true as Washington state has such a wide variety of 

annual weather types which leads to a greater attention towards barrier age as they are impacted 

Figure 3. Roadway Concrete Barrier at US 12 Washington 
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by the local weather factors. Figure 3 presents concrete barrier and Table 2 presents the factors 

affecting the LOS condition of barrier maintenance with their sources.  

Table 2. Factors Affecting the LOS Condition of Barriers 

S.N. Factors Affecting the LOS Condition of Barrier Maintenance Sources 
1. Average Daily Traffic Karim et al. (2011) 
2. Type of Barrier - Beam; Jersey; Cable Karim et al. (2011) 
3. Location - Ramp; Corner, illuminated intersection/corridor Liu (2013) 
4. Type of Highways - divided, two lane, multi-lane Karim et al. (2011) 

5. Pavement Type - Portland Cement Concrete Pavement, Hot Mix 
Asphalt, Bituminous Surface Treatment Based on PI’s experience 

6. Shoulder Build-up Based on PI’s experience 
7. Weather Karim et al. (2011) 
8. Last year’s Outcome Threshold Based on PI’s experience 

9. Previous date of repair or replace (after repaving or third-party 
damage) Hawzheen (2008) 

10. Funding allocated current year for potential repairs Hawzheen (2008) 
11. Record of repair - Repaired and functional (Yes/No) Hawzheen (2008) 
12. Age of the Barrier elements (guardrail posts) Karim et al. (2011) 
 

2.3.3 Traffic Signal Systems  

Traffic signal systems (TSS) is a vital component of roadway safety. 

Figure 4 presents a TSS system. Traffic congestion is a significant 

cause of vehicle accidents, incremental delays, fuel consumption, and 

operational costs. Thus, paying attention to TSS has a direct impact on 

the economy and the safety of public. With this in mind, the LOS 

condition of TSS correlates accordingly with the location of the TSS 

and their presence in high accident areas (Atewi, 2022). On the topic 

of safety, storms may affect the performance of TSS. It is important 

that TSS bear minimal impact from storms, wind gusts, and other 

varying factors as the impacts of these can result in unsafe traffic conditions both during and after 

the storm (Irwin et al, 2016).   

Figure 4. Traffic Signal 
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Westbrook attributes the age of the bulbs in a TSS to the LOS as well (Westbrook and Rasdorf 

2023). As modern technology has advanced, it is important to consider that newer light emitting 

diode (LED) bulbs have become significantly more effective than where they were 20 years ago. 

Thus, the age and type of bulb impacts the overall LOS condition (Westbrook and Rasdorf 2023). 

From experience in the field, it is also important to consider not only the age of the bulbs in a 

TSS, but also the age of the wiring system including connections, the pole itself, and the control 

system. Table 3 presents the factors affecting the LOS condition of TSS. 

 

Table 3. Factors Affecting the LOS Condition of TSS 

S.N. Factors Affecting the LOS Condition of TSS Sources 
1. Types of signal system  Based on PI’s experience 
2. Location: Corrosion vs non-corrosion areas Based on PI’s experience 
3. High accident area Nuri et al. (2022) 
4. High storm/hurricane location Irwin et al. (2016) 
5. Last year’s LOS Based on PI’s experience 

6. Previous date of repair (wiring and connections) Westbrook and Rasdorf 
(2023) 

7. Funding allocated current year for potential repairs Chen et al. (2009) 

8. Record of repair - Repaired and functional  Westbrook and Rasdorf 
(2023) 

9. Age of the bulbs Westbrook and Rasdorf 
(2023) 

10. Age of wiring system including connections Based on PI’s experience 
11. Age of the pole Based on PI’s experience 
12 Age of the control system Based on PI’s experience 
13. Method of operating the system  Based on PI’s experience 
 

2.3.4 Ditch Maintenance 

Roadside ditches are a significant source of sediment runoff which directly impacts local water 

sources. The US Environmental Protection Agency (EPA) has listed nonpoint source pollutants 

from ditches as the third main source of contamination in rivers and lakes (Shuangcheng, et. al, 

2018). In a study, many respondents across New York state claimed that insufficient critical 

resources (labor, funding, and equipment) were the largest challenge to maintaining their roadside 

ditches (Schneider et. al, 2019). Lack of proper maintenance may also result in roadside erosion 
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and ditch failure, which corresponds to the lifespan of pavement, safety of travelers, and costs of 

upkeep (Schneider et al. 2019). Thus, it is important for state DOTs to maintain roadside ditches, 

particularly, as they directly impact local hydrology in a compounding effect. Practical ways of 

doing this include proper maintenance strategies, implementation of appropriate vegetation, and 

well designed construction for maximized drainage efficiency. 

Scraping of ditches must be done carefully to avoid reducing existing sediment, and is most 

effective in the late spring/early summer months (STAC 2014). A study indicates that increasing 

the presence of both sediment and herbaceous plants in roadside ditches can decrease the amount 

of runoff pollution from roads, especially small particles (<2 mm) in road runoff (Shuangcheng et 

al. 2018). Strategies for use of technologies such as ecological ditch, grass planting ditch, and a 

kind of freeway drainage ditch based on the combination of percolation and drainage are all 

proposed ways to improve the overall LOS for ditches (Shuangcheng et al. 2018). Other studies 

revealed that the slope adjacent to the roadside 

ditch may impact the LOS condition as waterflow 

may be redirected depending on the high points of 

the ditch (Davis and Shakoor 2005). Figure 5 

presents a highway ditch and Table 4 shows the 

factors affecting the LOS condition of ditches with 

their sources. 

Table 4. Factors Affecting the LOS Condition of Ditches 

S.N. Factors Affecting the LOS Condition of Ditches Sources 

1. Slope (steepness) of ditches Davis and Shakoor (2005) 
2. Width and depth of ditch Davis and Shakoor (2005) 
3. Proximity to falling rocks nearby Davis and Shakoor (2005) 

4. Type of road (paved or unpaved) Schneider et al. (2019); 
Schneider and Orr (2019) 

5. Sediment type Buchana et al. (2013) 
6. Previous date of cleaning  STAC (2014) 
7. Type and density of vegetation (local to area or not) Schneider et al. (2019) 

Figure 5. Highway Ditch at US 12 
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8. Connection to local stream system Schneider et al. (2019) 
9. Drainage outlets nearby Carlson and Sands (2018) 
10. Timely drainage, no pooling FAO (1998) 
11. Local weather patterns, rainfall, snowfall, etc. FAO (1998) 
12. Upstream land use (forestry/ agricultural) Based on PI’s experience 

2.3.5 Slope Repairs 

The slope of a highway embankment is critical to the stability of various transportation 

infrastructures (Cheng et al. 2021; Hearn and Massey 2009). Effective embankment fill slope 

construction and maintenance can reduce the risks associated with slope failure, lowering the 

possibility of single vehicle crashes, and damage to the roadway network.  

Similar to other highway assets, slope repair is also influenced by the amount of annual 

precipitation in the region. Dahal et al. (2006) revealed that excessive amount of precipitation 

causes roadway slope failure and even landslides. Along with precipitation, other natural factors 

play a role in the LOS condition of a roadway embankment slopes. A study revealed that slope 

failure is common in the state of Texas due to extreme weather conditions. (Shahandashti et al. 

2022; Baral and Shahandashti 2022). Similarly, Washington has weather patterns that may cause 

damage to roadside slopes. Multiple studies showed that the height of the slope plays a large part 

Figure 6. Highway Slope 
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in its LOS condition as well as upkeep (Neranjan et al. 2018; Dahal 2015). Figure 6 present a 

highway embankment slope and Table 5 presents 22 factors that affect the LOS condition of 

slopes.   
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Table 5. Factors Affecting the LOS Condition of Slopes 

S.N. Factors Affecting the LOS Condition of Ditches Sources 
1. Slope steepness Dahal et. al (2006) 
2. Slope height Dahal (2015) 
3. Local weather patterns (rainfall, snowfall, etc.) Dahal (2015); Dahal et al. (2006) 

4. Local hydrology & connection to drainage system Dahal (2015); Wemple and Jones 
(2003); Liu et al. (2014) 

5. Wind rates in area Jankauskas et al. (2008) 

6. Slope material type (earth, gravel, other) Dahal, et al. (2006); Parsakhoo et al. 
(2019) 

7. Vegetation present on slope Jankauskas et al. (2008); Liu et al. 
(2014); Yin et al. (2014) 

8. Type of vegetation present on slope (grass, other) Liu et al. (2014) 

9. Adjacent topography Baral et al. (2022); Sheikh et al. 
(2010) 

10. Adjacent land use Dahal (2015) 
11. Frequency of maintenance Jankauskas et al. (2008) 

12. Current state of slope Kim et al. (2013); Akhmudiyantoet 
al. (2021) 

13. History of collapse Kim et al. (2013) 

14. Amount of accumulated debris on the shoulder 
contributing to water flow Kim et al. (2013) 

15. Existing signs of erosion  Liu et al. (2014) 
16. Traffic flow Baral et al. (2022) 

 

2.3.6 Shoulder Maintenance 

Highway shoulders provide a space for parking in case of emergency or breakdown. Figure 7 

presents a snapshot of a highway shoulder. This is especially crucial on high-speed and high-

traffic routes. Existing studies revealed that many factors affect the LOS condition of highway 

shoulders. The width and types of shoulders used may affect the LOS condition. Depending on 

the type of roadway, three most common shoulder types are paved, unpaved and composite. 

Shoulder paving and maintenance is a positive countermeasure that reduces crash potential (Li 

and Kepaptsoglou 2013). Paved shoulders protect pavement structural integrity and provide space 

for highway maintenance works.  

A study conducted by Barman (2020) revealed that the LOS condition of paved shoulders 

depends on the existence of cracking, potholes, and raveling. Unpaved shoulders may collect 
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debris, which may damage water flow as debris accumulates. Gharaibeh (2013) revealed that 

paved shoulders should remain free of weeds, sediment, and vegetation for maximum 

effectiveness. According to Dafalla et al. (2022) 

annual precipitation, annual temperature, local 

hydrology, adjacent topography, and the slope of 

the shoulder affects the LOS condition of a 

shoulder. Table 6 presents other factors that 

affect the LOS condition of a highway shoulder.   

Table 6. Factors Affecting the LOS Condition of Shoulders 
S.N. Factors Affecting the LOS Condition of Shoulders Sources 

1. Total shoulder width Fitzpatrick et al. (2016); Schrock et al. 
(2011) 

2. Type of shoulder: paved, unpaved, or composite Bisht and Tiwari (2022); Zeng and 
Schrock (2012) 

3. Unpaved shoulder types (gravel, earth, or mixed) Hallmark et al. (2013); Huber et al. 
(2020) 

4. Width of paved and/or unpaved shoulder Bisht and Tiwari (2022) 

5. Porosity of pavement & water infiltration Barrett et al. (2006); Huber et al. 
(2020) 

6. Cracks, type and width of cracks present Barman and Bandyopadhyaya (2020) 
7. Potholes Barman and Bandyopadhyaya (2020) 
8. Raveling Barman and Bandyopadhyaya (2020) 
9. Presence of rumble strips Park and Abdel-Aty (2016) 
10. Presence of guardrail Fitzpatrick et al. (2016) 
11. Age of shoulder Intharasombat et al. (2007) 
12. AADT (general) Park and Abdel-Aty (2016) 
13. AADT (truck) Park and Abdel-Aty (2016) 
14. Condition/type of topography adjacent to shoulder Dafalla et al. (2022) 
15. Soil type below pavement Intharasombat et al. (2007) 
16. Presence of vegetation on unpaved shoulder Slaughter et al. (1999) 
17. Presence of vegetation beyond shoulder Slaughter et al. (1999) 
18. Grade of road/ shoulder Gross and Jovanis (2007) 
19.  Lateral slope of shoulder Dafalla et al. (2022) 
20. Annual rainfall intensity in area Dafalla et al. (2022) 
21. Local hydrology & connection to drainage system Dafalla et al. (2022) 
22. Presence of shoulder liner  Dafalla et al. (2022) 
23. Average annual temperature, temperature variation Intharasombat et al. (2007) 
24. Frequency of shoulder maintenance Intharasombat et al. (2007) 
25. Current state of shoulder Based on PI’s experience 

 
Figure 7. Highway Shoulder at US 12 
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2.4 Use of Algorithms for Highway Assets 

Using extensive 3D pavement data, Tsai and Wang (2015) have created flexible algorithms to 

identify and categorize pavement raveling. Data pre-processing, pavement texture feature 

computation, subsection-level raveling classification, post-processing for section raveling data 

smoothing, and aggregation of detection to segment-level measurement of raveling are the five 

main stages of the algorithms. The initial step, data pre-processing, entails getting the 2D 

intensity data and 3D pavement data ready for further analysis. To guarantee accuracy and 

consistency, the data may need to be cleaned, have noise removed, and normalized. The 

pavement texture feature calculation step involves calculating the pavement's texture 

characteristics.  

These parameters aid in capturing pavement features that may be suggestive of raveling. In the 

third stage, subsections of the pavement are classified as either raveled or unraveled. This 

classification uses machine learning or statistical techniques to evaluate the existence and degree 

of raveling in each part. The last stage of the algorithm entails merging the data from the previous 

subsections and thoroughly evaluating raveling across broader stretches of pavement. The 

proposed algorithms can automatically identify, categorize, and measure raveling in asphalt 

pavement.  

Saleh et al. (2023) developed an algorithm of vehicle travel time calculation on a highway based 

on traffic data. There are eight steps in the algorithm for prediction. It is started with a specific 

control, for example, the route they want to take. The algorithm then determines the traffic flow 

while considering variables like congestion, slowly moving, or free-flowing traffic. The method 

moves directly to step 8 if it is determined that calculating the scheduled travel time is 

unnecessary. The method further evaluates the flow type if the estimated travel time is essential. 

The program forecasts using initial values if the traffic flow is labeled as congested. The approach 

incorporates current values linearly to estimate travel time, on the other hand, whether the flow 
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type is identified as slow-moving or free-flowing. The algorithm moves on to step 8 to determine 

the travel time for the full route if none of the aforementioned circumstances hold. Users may get 

an estimate for the travel time associated with a specific route by following this computational 

procedure.  
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3. RESEARCH APPROACH 

Figure 8 demonstrates the overall research methodology of this project. The scope and objectives 

were defined, and related literature on the topic of highway asset management in general and on 

the topic of six assets were administered to gather data of factors affecting the LOS condition of 

assets. Questionnaire surveys were conducted with WSDOT professionals to collect data and then 

analyzed. Finally, this project developed six algorithms to predict LOS condition of assets.   

Figure 8. Overall Research Approach 

 

3.1 Data Collection 

This research project gathered data in two ways: through direct data collection from WSDOT and 

via surveys. The direct data collection involves collecting historic LOS data, expenditure records, 

and maintenance activities records completed for the six assets. The provided data detailed the 

work in the Maintenance Management System (MMS) for each asset. These data were collected 

in the Excel files. Moreover, this research project collected ranking data via questionnaire surveys 

administered to with WSDOT professionals. These surveys were regarding the factors affecting 



19 
 

the LOS condition of six assets. The following sub-sections explain the data collection process 

via the questionnaire surveys. 

3.1.1 Phase 1 Survey Development: 

The research project team developed the Phase 1 survey to identify and document factors 

affecting LOS condition of six assets. Factors were collected through the existing literature and 

the experiences of the project team, and a list of factors for each of the six assets were prepared. 

The surveys also included a description that stated how asset conditions are assessed (A through 

F), which was taken from WSDOT Maintenance Manual. The contents of the Phase 1 survey of 

six assets are presented in Appendix A. That survey was distributed to related senior asset 

managers for their review, and they were also asked to add additional factors that they suspect 

might affect the LOS condition of assets. The WSDOT managers provided their feedback either 

in the survey or through email. The additional factors provided by the WSDOT managers/ 

professionals were included in the Phase 2 survey. These additional factors were presented in the 

results and discussion section in Table 12 (TSS), Table 14 (Ditches), Table 16 (Shoulders), and 

Table 18 (Slopes). 

3.1.2 Phase 2 Survey Development:  

The Phase 2 survey was developed based on the Phase 1 survey and feedback received from 

WSDOT asset managers. For the six assets, six phase 2 survey questionnaires were developed. 

For the Phase 2 surveys, participants were given 10 days to complete the survey. If a significant 

number of professionals had not completed the survey, a follow up email was sent to increase the 

response rate. In the Phase 2 survey, the list of factors that affects the LOS condition of assets 

were distributed to the relevant WSDOT professionals, and the respondents were asked to rank 

the provided factors on the Likert scale from 1-to-X, where 1 refers to the most important factor 

and X refers to the least important factor. (X is the variable, and is different for different assets, 
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for example, there are 16 factors in culvert maintenance, so the respondents were asked to rank 

the factors from 1-to-16.) 

 Specific surveys were distributed only to those professionals working with that specific 

asset for an extensive period. The surveys were conducted on word files and respondents 

provided numbers ranking the provided factors. These surveys were collected through email 

conversation, and their responses were stored digitally on a Spreadsheet separately for each asset 

for data analysis.   

3.2 Data Analysis 

3.2.1 Relative Importance Index (RII) Method  

After data was collected from survey respondents, data analysis was performed. First, data 

regarding crucial factors that affect the LOS condition of each asset were analyzed using a 

descriptive analysis. Then, for each asset, the Relative Importance Index (RII) method was used 

to rank the factors. The equation (1) given below was used to find out the RII values. This method 

is similar to the one adopted by Shrestha (2016). 

RII = ∑ 𝑊𝑊𝑖𝑖
𝑁𝑁
𝑖𝑖=1
𝐴𝐴 𝑥𝑥 𝑁𝑁

           (1)  

Where, Wi = Rank assigned by ith responder; A = Highest rank; N = Total number of respondents.  

3.2.2 Kolmogorov-Smirnov and Shapiro-Wilk Test  

Following descriptive analysis, the gathered responses were analyzed to determine if the collected 

dataset were normally distributed. The Kolmogorov-Smirnov and Shapiro-Wilk normality tests in 

Statistical Package for Social Sciences (SPSS) were utilized. If the dataset were normally 

distributed, parametric tests are conducted. Conversely, if the dataset were not normally 

distributed, non-parametric tests are conducted. 



21 
 

3.2.3 Mann Whitney U tests  

As explained in the result section, the datasets in this project were not normally distributed; 

therefore, the project team conducted a non-parametric test, the Mann Whitney U tests, to 

compare two groups. If the p-value of the test statistics were less than 0.05, the test result is 

significant. Using these test results, the project team determined critical factors affecting the LOS 

condition of the each of the six assets. 
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4. RESULTS AND DISCUSSION  

In the Round 2 surveys, WSDOT professionals were asked to rank the listed factors based on how 

important they are comparatively. The number of factors listed in the surveys were different for 

different assets. The summary of the responses received is presented in Table 7 below. The 

following sub-sections present details about the data analysis of the six assets.  

Table 7. Phase 2 Survey Responses  
Roadway Assets No. of Factors in Phase 2 Survey No. of Responses Received 
1. Culvert Maintenance 16 29 
2. Barrier Maintenance 12 31 
3. Traffic Signal System 14 23 
4. Ditch Maintenance 18 30 
5. Slope Repair 22 8 
6. Shoulder Maintenance 29 8 

 

4.1 Ranking of Factors Affecting the LOS of Culvert Maintenance 

In the Phase 2 survey of Culvert Maintenance, the respondents were asked to rank the factors that 

affect the LOS of culverts. Participants were asked to rank sixteen factors. The top five highly 

ranked factors based on RII analysis were as follows: “Hydrological/ weather condition in the 

area – Precipitation,” “Previous date of maintenance,” “Current LOS,” “Scoured around 

culvert/pipe and headwalls,” and “Material Type: Concrete vs. Galvanized Steel vs. PVC vs. 

HDPE.” Table 8 presents the summary of the results. The “Hydrological/ weather condition in the 

area – Precipitation,” factor received the highest rating from responders.   
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Table 8. Ranking of Factors Affecting the LOS of Culverts 
Factors Sample 

Size (N) 
RII 

Values 
Ranking 

Hydrological/ weather condition in the area – Precipitation 29 0.63 1* 
Previous date of maintenance 29 0.58 2* 
Current LOS 29 0.57 3* 
Scoured around culvert/pipe and headwalls 29 0.55 4* 
Material Type: Concrete vs. Galvanized Steel vs. PVC vs. HDPE 29 0.51 5* 
Age of Culverts 29 0.50 6* 
Location: Urban, Suburban, Rural area, Alluvial fan, Upstream land use 29 0.49 7* 
Record of repair – Repaired and functional (Yes/No) 29 0.48 8* 
Height or Diameter of the Culvert 29 0.46 9* 
Culverts that pass fish life (Yes/No) 29 0.46 10* 
Water/soil related – PH, saltwater exposure, bed loading 29 0.45 11* 
Length of Culvert or serving for Inter State, US, or SR roadways 29 0.44 12* 
Depth of fill or depth of buried 29 0.38 13* 
Inlet / Outlet End Type 29 0.38 14* 
Orientation of the Culvert (Cross or Approach) 29 0.34 15* 
Funding allocated for the current year 29 0.28 16 

Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

After the factors were ranked from 1-16 based on the RII analysis, statistical analysis was 

conducted to determine the critical factors affecting the Culvert Maintenance. When Mann-

Whitney U tests were administered to determine the group differences, the test results show that 

the group of top fifteen factors are statistically significantly higher rated than 16th factor (Table 

9).  

Table 9. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of Culverts 
Geotechnical-related Change Orders on Cost Overrun 

 

N Mean Rank Sig. 
Factors ranked 1 through 15 435 226.80 0.01* 
Factors ranked 16 29 318.00 

Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

4.2 Ranking of Factors Affecting the LOS of Barrier Maintenance 

Responders ranked the factors affecting the LOS condition of barriers to the Barrier Maintenance 

Phase 2 survey. They were asked to rank each of the twelve stated factors. The five highly ranked 

factors based on RII study are "Type of Highways - divided, two lane, multi-lane," "Location - 

Ramp; Corner, Illuminated Intersection/Corridor," "Average Annual Daily Traffic," "Types of 
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Barrier - Beam; Jersey; Cable," and "Previous Date of Repair or Replacement." The results are 

summarized in Table 10. The factor "Type of Highways - divided, two lane, multi-lane," obtained 

the highest rating from respondents.  

Table 10. Ranking of Factors Affecting the LOS of Barriers 
Factors N RII Values Ranking 
Type of highways – divided, two lane, multi-lane 31 0.69 1* 
Location – ramp; corner, illuminated intersection/corridor 31 0.66 2* 
Average annual daily traffic (AADT) 31 0.65 3* 
Types of barrier – beam; jersey; cable 31 0.64 4* 
Previous date of repair/ replacement 31 0.45 5* 
Record of repair – repaired and functional (Yes/No) 31 0.42 6* 
Age of the barrier elements 31 0.40 7* 
Weather 31 0.40 8* 
Shoulder build-up 31 0.38 9* 
Funding allocated towards current year for potential repairs 31 0.30 10* 
Pavement type – Portland cement concrete pavement, hot mix 
Asphalt, bituminous surface treatment 31 0.28 11* 

Last year’s outcome threshold 31 0.23 12 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

The critical factors impacting the barrier condition were identified after the factors were ranked 

from 1 to 12 based on the RII analysis. The group of the top 11 factors is statistically substantially 

higher rated than factor 12 when Mann-Whitney U tests were used to evaluate the group 

differences. The summary of the Mann-Whitney U tests is presented in Table 11.  

 
Table 11. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of Barriers 

Geotechnical-related Change Orders on Cost Overrun 
 

N Mean Rank Sig. 
Factors ranked 1 through 11 341 179.08 

0.01* Factors ranked 12 31 268.11 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

4.3 Ranking of Factors Affecting the LOS of Traffic Signal Systems (TSS) 

The factors affecting the LOS of TSS were ranked by respondents to the Phase 2 TSS Survey. 

Participants were asked to rank fifteen factors. The five highly ranked factors based on RII 

analysis are "Age of wiring system including connections," "Age of the control system," 
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"Inability to complete preventive maintenance due to lack of FTEs," "Age of the bulbs," and 

"Previous date of repair (wiring and connections"). Table 12 presents the summary of test. The 

factor that respondents rated highest was "Age of wiring system including connections."  

Table 12. Ranking of Factors Affecting the LOS of TSS 

Factors N RII 
Values Ranking 

Age of wiring system including connections 23 0.76 1* 
Age of the control system 23 0.74 2* 
Inability to complete preventive maintenance due to lack of FTEs# 23 0.71 3* 
Age of the bulbs 23 0.61 4* 
Previous date of repair (wiring and connections) 23 0.58 5* 
aCrash Analysis Locations 23 0.56 6* 
Record of repair - Repaired and functional (Yes/No) 23 0.52 7* 
Funding allocated current year for potential repairs 23 0.46 8* 
Theft/ vandalism location# 23 0.42 9* 
Types of signal system (regular traffic signal vs dynamic message 
single vs reversible lane signal vs emergency vehicle signal vs data 
accumulator stations vs ramp meter signal, etc.) 

23 0.34 10* 

Last year's Outcome Threshold 23 0.30 11* 
Location: Corrosion vs non-corrosion areas 23 0.28 12* 
Age of the pole 23 0.22 13* 
Method of operating the system  23 0.18 14* 
High storm/ hurricane location 23 0.14 15 

Note: Significant at α level 0.05 
* Significant at α level 0.05 
# Factors identified from a meeting with WSDOT professionals 
 

A statistical analysis was performed to identify the critical factors impacting the TSS after the 

factors were ranked from 1 to 15 based on the RII analysis. The top 14 variables ranked 

statistically higher than factor 15 when Mann-Whitney U tests were used to identify group 

differences. Table 13 below presents the test summary. 

 
Table 13. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of TSS 

Geotechnical-related Change Orders on Cost Overrun 
 

N Mean Rank Sig. 
Factors ranked 1 through 14 322 165.51 

0.01* Factors ranked 15 31 277.85 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
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4.4 Ranking of Factors Affecting the LOS of Ditches 

Similarly, in Phase 2 survey of ditches, the respondents were asked to rank the factors that impact 

the LOS of ditches. Participants were asked to rank eighteen factors. Based on RII analysis, the 

five highly rated factors are as follows: “slope (steepness) of ditch,” “width and depth of ditch,” 

“local weather patterns, rainfall, snowfall,” “unstable slopes / slide area,” and “proximity to 

falling rocks nearby”. The test results are summarized in Table 14. Survey respondents rated the 

"slope (steepness) of ditch," factor as the most critical.  

Table 14. Ranking of Factors Affecting the LOS of Ditches 
Factors N RII Values Ranking 
Slope (steepness) of ditch 30 0.69 1* 
Width and depth of ditch 30 0.68 2* 
Local weather patterns, rainfall, snowfall 30 0.66 3* 
Unstable slopes / Slide area # (as defined in MAP Guide) 30 0.66 4* 
Proximity to falling rocks nearby 30 0.60 5* 
Sediment type 30 0.60 6* 
Type and density of vegetation 30 0.56 7* 
Timely drainage, no pooling 30 0.56 8* 
Drainage outlets nearby 30 0.56 9* 
Connection to local stream system 30 0.50 10* 
Geographical location (coastal vs mountain passes) # 30 0.44 11* 
Upstream land use (forestry and agricultural) 30 0.43 12* 
Previous date of cleaning 30 0.41 13* 
Access connections / man made barriers # 30 0.39 14* 
Applying sand or other abrasives for snow and ice control # 30 0.25 15* 
Type of the road (paved or unpaved) 30 0.21 16* 
Frequency of sweeping # 30 0.16 17* 
Wind erosion from farmers' fields # 30 0.14 18 

Note: Significant at α level 0.05 
* significant at α level 0.05 
# Factors identified with a meeting with WSDOT professionals 
 

After the factors were ranked from 1-18 based on the RII analysis, statistical analysis was 

conducted to identify the critical factors affecting the LOS condition of ditches. When Mann-

Whitney U tests were conducted to determine the group differences, the test results show that the 

group of top 17 factors are rated statistically significantly higher than the factor 18. The Mann-

Whitney U test results are summarized in Table 15 below.  
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Table 15. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of Ditches 
Geotechnical-related Change Orders on Cost Overrun 
 

N Mean Rank Sig. 
Factors ranked 1 through 17 510 259.86 

0.01* Factors ranked 18 30 451.38 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

4.5 Ranking of Factors Affecting the LOS of Shoulders 

Similarly, the responders to the shoulder maintenance Phase 2 survey were asked to rank the 

factors that influence the LOS of the roadway shoulders. There were 29 factors listed, and 

responders were asked to rank them. The five variables with the highest RII ratings are "edge 

drop off greater than 2 inches adjacent to paved shoulder," "cracks, type and width of cracks 

present," "erosion of gravel shoulder," "current state of shoulder," and “type of shoulder: paved, 

unpaved, or composite (combined)." The results are summarized in Table 16. The factor that 

respondents ranked highest was "edge drop off adjacent to paved shoulder." 
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Table 16. Ranking of Factors Affecting the LOS of Shoulders 
Factors N RII Values Ranking 
Edge drop-off greater than 2” adjacent to paved shoulder # 8 0.83 1* 
Cracks, type and width of cracks present 8 0.81 2* 
Erosion of gravel shoulder # 8 0.79 3* 
Current state of shoulder 8 0.75 4* 
Type of shoulder: paved, unpaved, or composite  8 0.75 5* 
Potholes 8 0.67 6* 
Frequency of shoulder maintenance 8 0.62 7* 
Edge build-up adjacent to paved shoulder # 8 0.61 8* 
Raveling 8 0.60 9* 
Grade of road/ shoulder 8 0.53 10* 
Porosity of pavement and water infiltration 8 0.52 11* 
Age of shoulder 8 0.51 12* 
Unpaved shoulder types: Gravel, earth, or mixed 8 0.50 13* 
Lateral slope of shoulder 8 0.48 14* 
Total shoulder width 8 0.46 15* 
Width of paved and/or unpaved shoulder 8 0.46 16* 
Presence of rumble strips 8 0.46 17* 
Presence of vegetation on unpaved shoulder 8 0.44 18* 
Local hydrology and connection to drainage system 8 0.43 19* 
Soil type below the pavement 8 0.37 20* 
Presence of guardrail 8 0.35 21* 
Curb Presence # 8 0.34 22* 
Condition/type of topography adjacent to shoulder 8 0.33 23* 
Annual rainfall intensity in the area 8 0.32 24* 
Average annual temperature, temperature variation  8 0.30 25* 
Presence of shoulder liner  8 0.22 26* 
Presence of vegetation beyond shoulder 8 0.19 27* 
AADT (general) 8 0.19 28* 
AADT (Truck) 8 0.17 29 

Note: Significant at α level 0.05 
* Significant at α level 0.05 
# Factors identified from a meeting with WSDOT professionals 
 

After the factors were ranked from 1 to 29 based on the RII analysis, statistical analysis was 

conducted to identify the critical factors impacting the LOS condition of the roadway shoulder. 

The findings of the Mann-Whitney U tests used to analyze group differences reveal that the top 

28 factors are statistically substantially high ranked than the 29th factors. Table 17 presents the 

summary of the test results.  

Table 17. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of Shoulders 
Geotechnical-related Change Orders on Cost Overrun 
 

N Mean Rank Sig. 
Factors ranked 1 through 28 224 113.90 

0.02* Factors ranked 29 8 189.31 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
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4.6 Ranking of Factors Affecting the LOS of Roadway Slopes 

Similarly, the factors that impact the LOS condition of roadway slopes were ranked by 

respondents to the roadway slope Phase 2 survey. They were asked to rate twenty-two factors. 

The five highly ranked criteria according to RII research are "current state of slope," "existing 

signs of erosion," "slope steepness," "slope material type (earth, gravel, other)," and "slope 

height." The results are summarized in Table 18. The factor with the highest ranked was "current 

state of slope." 

Table 18. Ranking of Factors Affecting the LOS of Slopes 
Factors Sample size RII values Ranking 
Current state of slope 8 0.81 1* 
Existing signs of erosion  8 0.79 2* 
Slope steepness 8 0.74 3* 
Slope material type (earth, gravel, or other) 8 0.72 4* 
Slope height 8 0.60 5* 
Frequency of maintenance 8 0.56 6 
Condition of paved/gravel shoulder # 8 0.52 7 
Adjacent topography 8 0.51 8 
Type of vegetation present on slope (grass, other) 8 0.51 9 
Local weather patterns, rainfall, snowfall, etc. 8 0.49 10 
Culvert presence # 8 0.49 11 
Vegetation present on slope 8 0.47 12 
Shoulder build up along paved shoulder # 8 0.44 13 
On Geotechnical unstable slope list # 8 0.41 14 
Local hydrology & connection to drainage system # 8 0.41 15 
History of collapse 8 0.38 16 
Amount of accumulated debris on the shoulder contributing to 
water flow 

8 0.36 17 

State of assets- signing, curb, paved shoulder, guardrail # 8 0.36 18 
Adjacent land use 8 0.34 19 
Wind rates in area 8 0.24 20 
Curb Presence # 8 0.23 21 
Traffic flow 8 0.16 22 

Note: Significant at α level 0.05 
* Significant at α level 0.05 
# Factors identified from a meeting with WSDOT professionals 
 

To identify the critical factors impacting the roadway slopes, statistical analysis was completed 

after the factors were ranked from 1 to 22 based on the RII study. The Mann-Whitney U tests 

were conducted to determine the group differences. The test results revealed that the top twenty-
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one factors are statistically substantially high ranked than factor 22. The summary of the test 

results is presented in Table 19.  

Table 19. Results of Mann-Whitney U Tests of the Factors Affecting the LOS of Slopes 
Geotechnical-related Change Orders on Cost Overrun 
 

N Mean Rank Sig. 
Factors ranked 1 through 21 167 85.31 

0.01* Factors ranked 22 8 144.25 
Note: Significant at α level 0.05 
* Significant at α level 0.05 
 

For all the six assets (culvert maintenance, barrier maintenance, traffic signal system, ditches, 

shoulder maintenance, and slope repair), when the Mann-Whitney U tests were carried out to 

determine the group differences of between one factor to another (for example, factor 1 versus 

factor 2, factor 1 versus factor 3, etc.), the test result was insignificant (p-value over 0.05) in most 

of the cases.  

However, when groups (for example, group of factors from factor 1 to factor 5 versus factor 6 to 

factor 12) were compared, the rest results were significant (p-value less than 0.05). With this 

result, there are more than ten critical factors for each asset that impact the LOS condition of that 

specific asset. So, during the model development phase, correlation tests can be utilized to 

determine which factors are to be utilized in the model. The two correlation tests that are 

commonly utilized are ‘Pearson’s correlation coefficient’ and ‘Point biserial correlation.’ The 

‘Pearson’s correlation coefficient’ is conducted for two continuous variables (factors) and the 

‘Point biserial correlation’ is conducted for determining the correlation between continuous and 

categorical variables. Usually, a correlation factor (R) higher than 0.50 is considered significant, 

and such variables are considered critical variables and are included in prediction model 

development.  
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4.7 Algorithm Development 

4.7.1 Algorithm for Prediction Model Development for Culvert LOS 

Step 1: Identify, collect and understand the predictor variables of culvert maintenance 

• Collect all predictor variables: The 

predictor variables are the factors that 

impact the LOS of culvert 

maintenance. The project team 

collected these variables through 

literature and a two-phase survey 

completed by WSDOT professionals 

with extensive experience in this 

specific field. The following predictor 

variables were identified in this study. 

• Collect condition data of culverts and 

predictor variables 

• Clean the data so that data is accurate 

and reliable for use in data analysis: 

Once the data has been collected, it 

must be cleaned to eliminate any 

duplicates, errors, or inconsistencies. This may entail updating missing data, deleting 

outliers, and ensuring that the data is formatted consistently. Cleaning the data is crucial 

in ensuring that the prediction model functions correctly. The Power Query tool can be 

used to automate the data cleaning process.  

Step 2: Visualizing the data  

Predictor Variables of Culverts: 

• Hydrological/ weather condition in 
the area – precipitation 

• Previous date of maintenance 
• Current LOS 
• Scoured around culvert/pipe and 

headwalls 
• Material type: concrete vs. 

galvanized steel vs. PVC vs. HDPE 
• Location: urban, suburban, rural 

area, alluvial fan, upstream land 
use 

• Age of culvert 
• Record of repair – repaired and 

functional 
• Height or diameter of the culvert 
• Culverts that pass fish life 
• Water/soil related – PH, saltwater 

exposure, bed loading 
• Length of culvert or serving for 

Interstate, US, or SR roadways 
• Depth of fill or depth of buried 
• Inlet/ outlet end type 
• Orientation of the culvert  
• Funding allocated for the current 

year 
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This step is also called exploratory data analysis. In this step, the collected data is explored for 

visualizing the condition of culverts. The researchers will be identifying past trends. For this task, 

we will conduct descriptive and statistical analyses to uncover patterns and trends in data. To 

understand the patterns of the numerical variables, scatter plots can be utilized; to understand the 

patterns of the categorical variables, bar charts or boxplots may be used. 

Step 3: Splitting the data into training and test datasets 

Regression models must be trained and tested before using. Therefore, it is necessary to prepare a 

separate dataset for training and a separate dataset for testing the regression model. This step 

entails separating the collected historical data into a training dataset and a testing dataset. As with 

most models, approximately 80% of the data will be used to train the models, while 20% of the 

data will be used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the culvert maintenance asset. While there are three different types of methods in use 

for the model development, one of the common methods is the ‘Backward Selection Method’. In 

this method, all 16 predictor variables (identified in section 4.1) will be added first; then 

insignificant variables (p>0.05) will be eliminated. After eliminating the insignificant variables, 

the regression model will look like: 

Condition of Culvert = b0 + b1(critical factor 1) + b2 (critical factor 2) + …. + bn (critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 
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The developed regression model will be trained using the training dataset. Then, residuals 

analysis is performed to assess the validity of model by comparing observed values with 

predicted values of a part of the training dataset. 

The residual analysis provides information on the 

distribution of errors (actual outcome of the model 

versus the predicted outcome of the model) 

throughout the model. A reliable residual analysis 

will show that the mean is about centered at zero. 

Figure 9 shows the residual errors are centered 

around zero. 
Figure 9. Residual Errors Centered 
Around 0 (Das 2021) 

 

Step 6: Test the model 

The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. It gives an estimate of how the model 

will perform with the new dataset that has not previously been seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the culverts. 

The regression model output will be the originally continuous variable (such as 3.86) that can be 

easily converted into a continuous variable, such as LOS A, LOS B, LOS C.  

 Now, using the model, the base fund required or fund required to keep the culvert at LOS 

‘B’ or ‘A’ can be computed using the model. 

4.7.2 Algorithm for Prediction Model Development for Barrier LOS 

Step 1: Identify, collect and understand the predictor variables of barrier maintenance 

• Collect all predictor variables: The predictor variables (factors that impact the condition 

of barriers) were collected through literature and a two-phase survey with WSDOT 
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professionals, with significant experience in barrier maintenance work. The following 

predictor variables were identified in this project.  

Predictor Variables of Barriers: 

• Type of highways – divided, two 
lane, multi-lane 

• Location – ramp, corner, 
illuminated intersection/corridor 

• AADT 
• Types of barrier – beam, jersey, 

cable 
• Previous date of repair/ 

replacement 
• Record of repair – repaired and 

functional  
• Age of the barrier elements 
• Weather 
• Shoulder build-up 
• Funding allocated towards current 

year for potential repairs 
• Pavement type – Portland cement 

concrete pavement, hot mix 
asphalt, or bituminous surface 
treatment 

• Age of the barrier elements 

• Collect condition data of Barriers and 

predictor variables 

• Clean the data so that data is accurate 

and reliable to be used for data 

analysis: Once the data has been 

collected, it must be cleaned to 

eliminate any duplicates, errors, or 

inconsistencies. This may entail 

updating missing data, deleting 

outliers, and ensuring that the data is 

formatted consistently. Cleaning the 

data is necessary to ensure that the 

prediction model functions correctly. 

The ‘Power Query tool’ can be utilized 

to automate the data cleaning process.  

Step 2: Visualizing the data 

Visualizing the data is also called exploratory data analysis. In this step, the collected data is 

explored for visualizing the condition of barriers. The researchers will be identifying past trends. 

For this task, we will conduct descriptive and statistical analyses to uncover patterns and trends in 

data. Scatter plots and bar charts or boxplots can be used to understand the patterns of numerical 

variables and categorical variables, respectively.  

Step 3: Splitting the data into training and test datasets 

Regression models must be trained, validated, and tested before using. Therefore, it is necessary 

to prepare a separate dataset for training/ validating and a separate dataset for testing the 
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regression model. This step entails separating the collected historical data into a training dataset 

and a testing dataset. As with most models, approximately 80% of the data will be used to train 

the models, while 20% of the data will be used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the barriers. While there are three different types of methods in use for the model 

development, one of the common methods is the ‘Backward Selection Method’. In this method, 

all twelve predictor variables (identified in section 4.1) will be added first then insignificant 

variables (p>0.05) will be eliminated. After eliminating the insignificant variables, the regression 

model will look like: 

Condition of barriers = b0 + b1(critical factor 1) + b2 (critical factor 2) + …. + bn (critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 

The developed regression model will be trained using the training dataset. Residual analysis is 

then performed to assess the validity of the model by comparing observed values with predicted 

values of a part of training dataset. The residual analysis provides information on the distribution 

of errors (actual outcome of the model versus the predicted outcome of the model) throughout the 

model. A reliable residual analysis will show that the mean is centered at about zero.  

Step 6: Test the model 

The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. It gives an estimate of how the model 

will perform with the new dataset not previously seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the barriers. 

The regression model output will be originally continuous variable (such as 3.86) that can be 
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easily converted into a continuous variable, such as LOS A, LOS B, LOS C. Now, using the 

model, the base fund required or fund required to keep the barrier at LOS ‘B’ or ‘A’ can be 

computed using the model. 

4.7.3 Algorithm for Prediction Model Development for TSS LOS 

Step 1: Identify, collect and understand the predictor variables of TSS 

Collect all predictor variables: The predictor variables are the factors that impact the LOS of TSS. 

The authors collected these variables through literature and a two-phase survey with WSDOT 

professionals who are in this job for a long time. The following predictor variables were 

identified in this study. 

Predictor Variables of TSS: 

• Age of wiring system including 
connections 

• Age of the control system 
• Inability to complete preventive 

maintenance due to lack of FTEs 
• Age of the bulbs 
• Previous date of repair (wiring and 

connections) 
• High accident area 
• Record of repair - repaired and 

functional 
• Funding allocated current year for 

potential repairs 
• Theft/ vandalism location 
• Types of signal system  
• Last year's outcome threshold 
• Location: corrosion vs non-

corrosion areas 
• Age of the pole 
• Method of operating the system  
• High storm/ hurricane location 

• Collect condition data of TSS and 

predictor variables 

• Clean the data so that data is accurate 

and reliable for use in data analysis: 

Once the data has been collected, it 

must be cleaned to eliminate any 

duplicates, errors, or inconsistencies. 

This may entail updating missing 

data, deleting outliers, and ensuring 

that the data is formatted consistently. 

Cleaning the data is necessary to 

ensure that the prediction model 

functions correctly. The ‘Power 

Query tool’ can be utilized to automate the data cleaning process.  

Step 2: Visualizing the data 
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This step is also called exploratory data analysis. In this step, the collected data is explored for 

visualizing the condition of TSS. The researchers will be identifying past trends. For this task, we 

will conduct descriptive and statistical analyses to uncover patterns and trends in data. To 

understand the patterns of the numerical variables, scatter plots can be utilized; to understand the 

patterns of the categorical variables, bar charts or boxplots could be used.  

 
Step 3: Splitting the data into training and test datasets 

Regression models must be trained, validated, and tested before using. Therefore, it is necessary 

to prepare a separate dataset for training/ validating and a separate dataset for testing the 

regression model. This step entails separating the collected historical data into a training dataset 

and a testing dataset. As with most models, approximately, 80% of the data will be used to train 

the models, while 20% of the data will be used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the TSS. While there are three different methods in use for the model development, one 

of the common methods is the ‘Backward Selection Method.’ In this method, all the fifteen 

predictor variables (identified in section 4.1) will be added first, then insignificant variables 

(p>0.05) will be eliminated. After eliminating the insignificant variables, the regression model 

will look like: 

Condition of TSS = b0 + b1(critical factor 1) + b2 (critical factor 2) + …. + bn (critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 

The developed regression model will be trained using the training dataset. Residual analysis is 

then performed to assess the validity of the model by comparing observed values with predicted 

values of a part of training dataset. The residual analysis provides information on the distribution 
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of errors (actual outcome of the model versus the predicted outcome of the model) throughout the 

model. A reliable residual analysis will show that the mean is centered at about zero.  

Step 6: Test the model 

The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. This gives an estimate of how the 

model will perform with the new dataset not previously seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the TSS. The 

regression model output will be originally continuous variable (such as 3.86) that can be easily 

converted into a continuous variable, such as LOS A, LOS B, LOS C. Now, using the model, the 

base fund required or fund required to keep the TSS at LOS ‘B’ or ‘A’ can be computed using the 

model. 

4.7.4 Algorithm for Prediction Model Development for Ditch LOS 

Step 1: Identify, collect and understand the predictor variables of ditch maintenance 

Collect all predictor variables: The predictor variables are the factors that impact the LOS of 

ditches. The authors collected these variables through literature and a two-phase survey with 

WSDOT professionals with extensive experience in their field. The following predictor variables 

were identified in this study. 

• Collect condition data of ditches and predictor variables 

• Clean the data so that data is accurate and reliable to be used for data analysis. Once the 

data has been collected, it must be cleaned to eliminate any duplicates, errors, or 

inconsistencies. This may entail updating missing data, deleting outliers, and ensuring 

that the data is formatted consistently. Cleaning the data is necessary to ensure that the 

prediction model functions correctly. The ‘Power Query tool’ can be utilized to automate 

the data cleaning process. 
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Predictor Variables of Ditches: 

• Slope (steepness) of ditch 
• Width and depth of ditch 
• Local weather patterns, rainfall, 

snowfall 
• Unstable slopes / Slide area 
• Proximity to falling rocks nearby 
• Sediment type 
• Type and density of vegetation 
• Timely drainage, no pooling 
• Drainage outlets nearby 
• Connection to local stream system 
• Geographical location (coastal vs 

mountain passes) 
• Upstream land use (forestry and 

agricultural) 
• Previous date of cleaning 
• Access connections / man made 

barriers 
• Applying sand or other abrasives 

for snow and ice control 
• Type of the road (paved/ unpaved) 
• Frequency of sweeping  
• Wind erosion from farmers’ fields 

 

Step 2: Visualizing the data  

This step is also called exploratory data 

analysis. In this step, the collected data is 

explored for visualizing the condition of 

ditches. The researchers will be identifying 

past trends. For this task, we will conduct 

descriptive and statistical analyses to uncover 

patterns and trends in data. To understand the 

patterns of the numerical variables, scatter 

plots can be utilized; to understand the 

patterns of the categorical variables, bar charts 

or boxplots can be used. 

Step 3: Splitting the data into training and test 

datasets 

Regression models must be trained, validated, 

and tested before using. Therefore, it is necessary to prepare a separate dataset for training/ 

validating and a separate dataset for testing the regression model. This step entails separating the 

collected historical data into a training dataset and a testing dataset. As with most models, 

approximately 80% of the data will be used to train the models, while 20% of the data will be 

used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the ditch maintenance asset. While there are three different types of methods in use for 

the model development, one of the common methods is the ‘Backward Selection Method.’ In this 

method, all the eighteen predictor variables (identified in section 4.1) will be added first; then 
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insignificant variables (p>0.05) will be eliminated. After eliminating the insignificant variables, 

the regression model will look like: 

Condition of Ditch = b0 + b1(critical factor 1) + b2 (critical factor 2) + …. + bn (critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 

The developed regression model will be trained using the training dataset. Residual analysis is 

performed to assess the validity of the model by comparing observed values with predicted values 

of a part of training dataset. The residual analysis provides information on the distribution of 

errors (actual outcome of the model versus the predicted outcome of the model) throughout the 

model. A reliable residual analysis will show that the mean is centered at about zero.  

Step 6: Test the model 

The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. It gives an estimate of how the model 

will perform with the new dataset not previously seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the ditches. The 

regression model output will be originally continuous variable (such as 3.86) that can be easily 

converted into a continuous variable, such as LOS A, LOS B, LOS C. Now, using the model, the 

base fund required or fund required to keep the Ditch at LOS ‘B’ or ‘A’ can be computed using 

the model. 

4.7.5 Algorithm for Prediction Model Development for Shoulder LOS 

Step 1: Identify, collect and understand the predictor variables of Shoulder maintenance 

Collect all predictor variables: The predictor variables are the factors that impact the LOS of 

roadway shoulders. The authors collected these variables through literature and a two-phase 
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survey with WSDOT professionals with 

extensive experience with their field. The 

following predictor variables were identified 

in this study. 

Predictor Variables of Shoulders: 

• Edge drop off adjacent to paved 
shoulder  

• Cracks, type and width of cracks 
present 

• Erosion of gravel shoulder 
• Current state of shoulder 
• Type of shoulder: paved, unpaved, 

or composite 
• Potholes 
• Frequency of shoulder maintenance 
• Edge build-up adjacent to shoulder  
• Raveling 
• Grade of road/ shoulder 
• Porosity of pavement and water 

infiltration 
• Age of shoulder 
• Unpaved shoulder types: gravel, 

earth, or mixed 
• Lateral slope of shoulder 
• Total shoulder width 
• Width of paved/ unpaved shoulder 
• Presence of rumble strips 
• Presence of vegetation on unpaved 

shoulder 
• Local hydrology and connection to 

drainage system 
• Soil type below the pavement 
• Presence of guardrail 
• Curb Presence  
• Condition/ type of topography 

adjacent to shoulder 
• Annual rainfall intensity in the area 
• Average annual temperature, 

temperature variation  
• Presence of shoulder liner  
• Presence of vegetation beyond 

shoulder 
• AADT (general/ truck) 

 

• Collect condition data of shoulders 

and predictor variables 

• Clean the data so that data is accurate 

and reliable to be used for data 

analysis: Once the data has been 

collected, it must be cleaned to 

eliminate any duplicates, errors, or 

inconsistencies. This may entail 

updating missing data, deleting 

outliers, and ensuring that the data is 

formatted consistently. Cleaning the 

data is necessary to ensure that the 

prediction model functions correctly. 

The ‘Power Query tool’ can be 

utilized to automate the data cleaning 

process.  

Step 2: Visualizing the data.  

This step is also called exploratory data 

analysis. In this step, the collected data is 

explored for visualizing the condition of roadway shoulders. The researchers will be identifying 

past trends. For this task, we will conduct descriptive and statistical analyses to uncover patterns 
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and trends in data. To understand the patterns of the numerical variables, scatter plots can be 

utilized; to understand the patterns of the categorical variables, bar charts or boxplots can be used. 

Step 3: Splitting the data into training and test datasets 

Regression models must be trained, validated, and tested before using. Therefore, it is necessary 

to prepare a separate dataset for training/ validating and a separate dataset for testing the 

regression model. This step entails separating the collected historical data into a training dataset 

and a testing dataset. As with most models, approximately 80% of the data will be used to train 

the models, while 20% of the data will be used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the roadway shoulders. While there are three different methods in use for the model 

development, one of the common methods is the ‘Backward Selection Method.’ In this method, 

all twenty-nine predictor variables (identified in section 4.1) will be added first; then insignificant 

variables (p>0.05) will be eliminated. After eliminating the insignificant variables, the regression 

model will look like: 

Condition of shoulder = b0 + b1(critical factor 1) + b2(critical factor 2) + …. + bn(critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 

The developed regression model will be trained using the training dataset. Residual analysis is 

performed to assess the validity of the model by comparing observed values with predicted values 

of a part of training dataset. The residual analysis provides information on the distribution of 

errors (actual outcome of the model versus the predicted outcome of the model) throughout the 

model. A reliable residual analysis will show that the mean is centered at about zero.  

Step 6: Test the model 
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The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. It gives an estimate of how the model 

will perform with the new dataset not previously seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the roadway 

shoulders. The regression model output will be originally continuous variable (such as 3.86) that 

can be easily converted into a continuous variable, such as LOS A, LOS B, LOS C. Now, using 

the model, the base fund required or fund required to keep the shoulder at LOS ‘B’ or ‘A’ can be 

computed using the model. 

4.7.6 Algorithm for Prediction Model Development for Roadway Slope LOS 

Step 1: Identify, collect and understand the predictor variables of slope repair 

• Collect all predictor variables: The predictor variables are the factors that impact the LOS 

of roadway slopes. The authors collected these variables through literature and a two-

phase survey with WSDOT professionals with extensive experience in their field. The 

following predictor variables were identified in this study. 

• Collect condition data of Slope Repairs and predictor variables 

• Clean the data so that data is accurate and reliable to be used for data analysis: Once the 

data has been collected, it must be cleaned to eliminate any duplicates, errors, or 

inconsistencies. This may entail updating missing data, deleting outliers, and ensuring 

that the data is formatted consistently. Cleaning the data is necessary to ensure that the 

prediction model functions correctly. The ‘Power Query tool’ can be utilized to automate 

the data cleaning process.  

Step 2: Visualizing the data.  

This step is also called exploratory data analysis. In this step, the collected data is explored for 

visualizing the condition of roadway slopes. The researchers will be identifying past trends. For 
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this task, we will conduct descriptive and 

statistical analyses to uncover patterns and 

trends in data. To understand the patterns of 

the numerical variables, scatter plots can be 

utilized; to understand the patterns of the 

categorical variables, bar charts or boxplots 

may be used. 

Step 3: Splitting the data into training and test 

datasets  

Regression models must be trained, validated, 

and tested before using. Therefore, it is 

necessary to prepare a separate dataset for 

training/ validating and a separate dataset for 

testing the regression model. This step entails 

separating the collected historical data into a 

training dataset and a testing dataset. As with 

most models, approximately 80% of the data 

will be used to train the models, while 20% of 

the data will be used to test models. 

Step 4: Developing a regression model 

Completing all the steps explained above, the most important task is to develop a regression 

model for the roadway slopes. While there are three different methods in use for the model 

development, one of the common methods is the ‘Backward Selection Method.’ In this method, 

all twenty-two predictor variables (identified in section 4.1) will be added first; then insignificant 

variables (p>0.05) will be eliminated. After eliminating the insignificant variables, the regression 

model will look like: 

Predictor Variables of Slopes: 

• Current state of slope 
• Existing signs of erosion  
• Slope steepness 
• Slope material type (earth, gravel, 

or other) 
• Slope height 
• Frequency of maintenance 
• Condition of paved/gravel shoulder 
• Adjacent topography 
• Type of vegetation present on slope 

(grass, other) 
• Local weather patterns, rainfall, 

snowfall, etc. 
• Culvert presence  
• Vegetation present on slope 
• Shoulder build-up along paved 

shoulder  
• On geotechnical unstable slope list  
• Local hydrology and connection to 

drainage system 
• History of collapse 
• Amount of accumulated debris on 

the shoulder contributing to water 
flow 

• State of assets- signing, curb, 
paved shoulder, guardrail  

• Adjacent land use 
• Wind rates in area 
• Curb presence 
• Traffic flow or AADT 
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Condition of slopes = b0 + b1 (critical factor 1) + b2 (critical factor 2) + …. + bn (critical factor n) 

Where critical factor 1, critical factor 2, critical factor n and b0, b1, b0, bn will be determined 

during the model development. 

Step 5: Validate the model 

The developed regression model will be trained using the training dataset. Residual analysis is 

performed to assess the validity of the model by comparing observed values with predicted values 

of a part of training dataset. The residual analysis provides information on the distribution of 

errors (actual outcome of the model versus the predicted outcome of the model) throughout the 

model. A reliable residual analysis will show that the mean is centered at about zero.  

Step 6: Test the model 

The goal of model testing, in contrast, is to evaluate the model performance with new data 

(testing data) that was not utilized for training or validation. It gives an estimate of how the model 

will perform with the new dataset not previously seen by the model. 

Step 7: Making predictions using the final model and evaluation 

After the model is validated and tested, it is ready to predict the LOS condition of the roadway 

slopes. The regression model output will be originally continuous variable (such as 3.86) that can 

be easily converted into a continuous variable, such as LOS A, LOS B, LOS C. Now, using the 

model, the base fund required or fund required to keep the roadway slopes at LOS ‘B’ or ‘A’ can 

be computed using the model. 
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5. CONCLUSIONS AND RECOMMENDATIONS 

This research project primarily focuses on the challenges that the Maintenance Division of the 

Washington State Department of Transportation (WSDOT) is facing in dealing with the 

deteriorating state of roadway assets. It is impossible to overstate the significance of well-

maintained roadways for economic development and mobility. Minimally, transportation assets 

need to meet expectations. The primary goal of this project is the development of algorithms that 

will help create prediction models to forecast the performance condition of six important highway 

assets: traffic signal systems (TSS), barrier maintenance/guardrail, ditches, and slope repairs.  

The algorithms will give WSDOT the ability to predict levels of service (LOS), performance, 

conditions, and trends under various funding allocations, using a data-driven approach. 

Essentially, this predictive capacity will help define performance objectives that align with the 

available funds, the performance expectations, and the priorities of the maintenance division, 

potentially avoiding the need for expensive reactive maintenance actions.  

The results of this study will enable WSDOT to prioritize funding allocations based on asset 

condition or LOS, resulting in more effective and efficient highway infrastructure maintenance 

programs. The project findings, therefore, show great potential for enhancing the general state of 

roadway infrastructure, providing greater mobility and future economic growth for millions of 

Americans. 

Two major data collection methods were used to accomplish the goal of this project: (1) direct 

data collection from WSDOT regarding asset condition and expense and (2) a two-phase survey 

to collect factors impacting the LOS of the six assets. Asset managers reviewed the first phase 

survey and provided input that went into the second phase survey. Six asset-specific surveys were 

distributed to each asset professionals, and they ranked the provided factors on a Likert scale. A 

descriptive analysis of the key elements influencing the LOS of each asset was conducted before 

beginning the statistical data analysis. Following that, the factors for each asset were ranked using 
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the Relative Importance Index (RII) technique. Statistics were examined using the Statistical 

Package for Social Sciences (SPSS). If the dataset was not normally distributed, the Shapiro-Wilk 

test was performed to determine this, and the Mann-Whitney U test was used in its place.  

This study aimed to rank and determine the crucial elements influencing the LOS conditions of 

six roadway assets. A thorough list of variables was provided for each asset in the Phase 2 

surveys done with WSDOT professionals, and they were asked to rank them in order of 

significance. The top five culvert maintenance variables, according to the RII approach, are a) 

hydrological/weather condition in the area – precipitation, b) previous date of cleaning, c) current 

LOS, d) scoured around culvert/pipe and headwalls, and e) material type: concrete vs. galvanized 

steel vs. PVC vs. HDPE.  

Similarly, the top five factors for Barrier Maintenance, TSS, Ditches, Shoulder, and Slope Repair 

assets are a) type of highways - divided, two-lane, multi-lane, b) location - ramp; corner, 

illuminated intersection/corridor, c) average annual daily traffic, d) types of barrier – beam, 

jersey, cable, and e) previous date of repair or replacement; a) age of wiring system including 

connections, b) age of the control system, c) inability to complete preventive maintenance due to 

lack of FTEs, d) age of the bulbs, and e) previous date of repair (wiring and connections); a) slope 

(steepness) of ditch, b) width and depth of ditch, c) local weather patterns, rainfall, snowfall, d) 

unstable slopes / slide area, and e) proximity to falling rocks nearby; a) edge drop off adjacent to 

paved shoulder, b) cracks, type, and width of cracks present, c) erosion of gravel shoulder, d) 

current state of shoulder, and e) type of shoulder: paved, unpaved, or composite (combined); a) 

current state of slope, b) existing signs of erosion, c) slope steepness, d) slope material type 

(earth, gravel, other), and e) slope height, respectively. 

Since the datasets were not normally distributed, Mann-Whitney U tests were employed in SPSS 

to identify critical factors testing significant group differences. The existing studies showed that 

the insignificant variables can be eliminated during the prediction model development if some 

variables are insignificant based on p-value (>0.05). The findings of this study give WSDOT a 
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strong foundation on which to build predictive models that will aid in better resource allocation 

and asset management decision-making, ultimately leading to better maintenance plans, improved 

road conditions, and greater overall efficiency in managing the assets of the highway system. The 

results of the study have the potential to improve highway asset management methods not just 

within the WSDOT but also in other states, resulting in safer and more sustainable highways for 

the benefit of the public. 

Several critical processes were included in developing the algorithm for predicting the LOS 

condition of culvert maintenance. First, through a literature analysis and a two-phase survey with 

experienced WSDOT professionals, the predictive variables that affect the LOS of culvert 

maintenance are determined. The predictive variables identified were hydrological/weather 

conditions, past maintenance dates, material kinds, culvert age, and other pertinent data. The data 

is gathered and cleaned to guarantee accuracy and reliability for data analysis, including culvert 

condition data and predictor factors. The data is then examined and investigated using descriptive 

and statistical analysis to uncover patterns and trends. The dataset is divided into training and 

testing datasets to train and test the regression model. The regression model is developed using 

the 'Backward Selection Method,' which keeps crucial factors, while eliminating insignificant 

factors. The model is trained, validated, and tested with separate dataset to determine its 

dependability and performance.  

Finally, the validated model is utilized to make predictions and evaluate the LOS condition of 

culverts. With this prediction model, individuals can also calculate the required funding to 

maintain the culverts at desirable LOS conditions. The resulting prediction model is a valuable 

tool for the WSDOT in optimizing maintenance plans and effectively allocating resources to 

guarantee successful management and preservation of culvert assets for the benefit of 

transportation infrastructure and the public. The same algorithm processes are used to construct 

algorithms for the other five assets. 
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Developing prediction models utilizing Machine Learning (ML) techniques as a future study is a 

viable option for further research. This study suggests using regression models to predict asset 

conditions. This model can process high-dimensional datasets and non-linear correlations 

between variables, leading to more robust and accurate predictions. Furthermore, including 

historical and real-time data in the model may improve its prediction capabilities, allowing for 

real-time monitoring and adaptive maintenance techniques. The future deployment of ML 

approaches opens up significant potential for further refinement and progress in asset LOS 

prediction. WSDOT and other states may improve their asset management processes, optimize 

resource allocation, and maintain the durability and resilience of their vital infrastructure by 

embracing these innovative, cutting-edge techniques. 
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A1.4 Ditches 

 

 

 

 

  

 

 



63 
 

A1.5 Shoulders 

 

 

 

 

 

 

 

  

 



64 
 

A1.6 Slopes 

  

  



65 
 

Phase 2 Survey Questionnaires 
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Title VI Notice to Public 

It is the Washington State Department of Transportation’s (WSDOT’s) policy to assure that no 
person shall, on the grounds of race, color, or national origin, as provided by Title VI of the Civil 
Rights Act of 1964, be excluded from participation in, be denied the benefits of, or be otherwise 
discriminated against under any of its programs and activities. Any person who believes his/her 
Title VI protection has been violated, may file a complaint with WSDOT’s Office of Equity and 
Civil Rights (OECR). For additional information regarding Title VI complaint procedures and/or 
information regarding our non-discrimination obligations, please contact OECR’s Title VI 
Coordinator at (360) 705-7090. 

Americans with Disabilities Act (ADA) Information 

This material can be made available in an alternate format by emailing the Office of Equity and 
Civil Rights at wsdotada@wsdot.wa.gov or by calling toll free, 855-362-4ADA(4232). Persons 
who are deaf or hard of hearing may make a request by calling the Washington State Relay at 
711. 

mailto:wsdotada@wsdot.wa.gov
mailto:wsdotada@wsdot.wa.gov
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