Analysis of Impacts of
Pavement Quality
Deterioration on
Recurring Traffic

Congestion



Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

DISCLAIMER

The contents of this report reflect the views of the authors, who are responsible for the facts and
the accuracy of the information presented herein. This document is disseminated in the interest
of information exchange. The report is funded, partially or entirely, by a grant from the U.S.
Department of Transportation’s University Transportation Centers Program. However, the U.S.
Government assumes no liability for the contents or use thereof.

ACKNOWLEDGEMENT OF SPONSORSHIP AND STAKEHOLDERS

This work was sponsored by a grant from the Southeastern Transportation Research, Innovation,
Development, and Education Center (STRIDE).

You can also acknowledge any other significant contributors to this study.

Funding Agreement Number - 69A3551747104 [This number is permanent and required by
USDOT on each final report.]

ST R I D E Southeastern Transportation Research, 2
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

LIST OF AUTHORS

Lead PI:

Muhammad M. Sherif, Ph.D.

Assistant Professor

Department of Civil, Construction, and Environmental Engineering
University of Alabama at Birmingham

msherif@uab.edu

0000-0001-9691-7953

Co-Pl:

Virginia P. Sisiopiku, Ph.D.

Professor

Department of Civil, Construction, and Environmental Engineering
University of Alabama at Birmingham

vsisiopi@uab.edu

0000-0003-4262-8990

Additional Researchers:

Afrin Anni, MS

Department of Civil, Construction, and Environmental Engineering
University of Alabama at Birmingham

aanni@uab.edu

Ebisidor J. Agberebi, MS
Department of Civil, Construction, and Environmental Engineering
University of Alabama at Birmingham

ebil@uab.edu

ST R I D E Southeastern Transportation Research, 3
Innevation, Development and Education Center



mailto:aanni@uab.edu
mailto:ebi1@uab.edu

Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

TABLE OF CONTENTS

DISCLAIIMIER ..ttt sttt ettt e s e e st e s e e s e e e s mse e e san e e e saneeeanneeennreeesnnnees 2
ACKNOWLEDGEMENT OF SPONSORSHIP AND STAKEHOLDERS ......cccuetiiiiieniieeniiee it 2
LIST OF AUTHORS ...ttt sttt ettt s bt e st e s bt e e s bt e e et e e e sabeeeeabeeesaneeesabeeeanneeas 3
LIST OF FIGURES .....ceeeiteieeitee ettt sttt sttt e s e e st e e st e e s ase e e sane e e saneeesmneeesnneeesnnnees 6
LIST OF TABLES ...ttt s e st e s e e e s e e e sane e e snne e e sareeesnnnees 8
ABSTRAGCT .ttt ettt ettt ettt ettt ettt e ettt e sttt e e bt e e s bt e e et e e e s bt e e eabeeeeabeeesabteeeabeeeeabeeeeabeeesabeeesabeeeearaeen 9
EXECUTIVE SUMMARY ...ttt ettt ettt ettt e st e st e sttt e et e e s st e e nt e e ssbeeenneesanneeeanneenanne 10
3R [ 4 e Yo [0l o ISP R PR 11
2 Objectives and MoOtiVations......cc..uuuiiiieee et e e e e e e e s s s sabareeeeeeeeeennes 12
3 LITErature REVIEW cccciieieeiieeee e e e 13
3.1 Impact of Pavement QUality .......ccc.uviiiiiiii e 13
3.2 Maching LEArNING (IMIL)...ceeeiceiiiee ettt e e e e e e e e e e e e e naaeeas 14

N Y/ =X d o To T [ o =4 78 17
A1 Traffic DAta..eee et e e nrees 17
4.1.1 Data SOUIMCE ...ttt 17

4.1.2 Preparation of the Travel Time Data into Travel Time Index (TTI) for each TMC.21

4.1.3 Map Visualization Of TT ... e e 23
4.2 Pavement Data........oooviiiiiiiiiiiiii 23
42.1 External Open-Source Dataset: Crack500.......ccccivvviiiiiiiiiieeeeiiiiiieeee e 24
4.2.2 Google Street View Image Acquisition .........ccooeevieeiiiie e, 25
4.2.3 Ly TSI Aol o o= 29
4.3 Crack DEETECTION ..ttt st e s s e e s s anee e e e 30
43.1 General DeSCriPtioN . ..., 30
4.3.2 BUIIE IMOAEIS ... e 31
433 (00 ol Q1 o = PSPPSR 38
4.4 SEAtISTICAl ANAIYSIS wvvvieeeeeiieeeeeee et e e e e e e e e e e e s br e e e e e e e eeanas 39
5  ReSUIts and DiSCUSSIONS.......ueiiiiiiiiiiiiiiiee ettt s e s e s e e e e e s nnnee e 40
5.1 PaAVEMENT CraCKS .....ceeiuieiiiiieeeee ettt 40
51.1 UNBT -ttt e e e e s e 40
5.1.2 CrACKPIX ..ttt ettt ettt e e e e e e eareas 42

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

5.1.3 DENSENET ..ottt 44
5.1.4 UABINET ...t 46
5.1.5 ComparisoN Of MOTEIS .....ceviiiiiiiiiiieeee e e e e e e 48

5.2 Data Correlation .......oocueiiiiiiiiee e 48

6  Conclusions and RecOMMENAtioNS........cccueiiiiiiiiiiiiiee e 52
T REFEIENCES ettt e et e e e st e e e e e e e e e nreeeenaas 54
Appendix A. Travel TiME INGEX... ... e eaaseaasesnsesnnennnsnnnes 60
Appendix B. Pavement QUAality ... ... e nanes 63

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

LIST OF FIGURES

Figure 1. Damage Detection DisCiplineS[40]......ccoeviiiiiiiiiiiiiiieee e 14
Figure 2. Stepwise procedure of selection of travel time data from NPMRDS: (a) Selection of road
segments, (b) Selection of time ranges, weekdays and data type, (c) Selection of travel time
unit and averaging option, and (d) Visualization of study area in the massive data downloader

............................................................................................................................................. 20
Figure 3. NPMRDS Travel Time Data in Seconds ........ccooeeeeiiieieei e, 22
Figure 4. Sample of Data Calculation of 50% Travel TIMe .......ccccvviiiiriiiieeniiiee e 22
Figure 5. Calculation of Length and Free Flow Speed (FFS) for 20 Timeslots ...........ccccveeeeeeeennnes 23
Figure 6. Data Representing Travel Time Index (TTI) for 20 Timeslots ........ccccceeeeeeeeeeiieeeeeeeennnn. 23
Figure 7. GitHub Crack500 Images: (a) Ground Truth, (b) Cracked Images 8283 ................... 24
Figure 8. (a) Google Street View image retrieval car/equipment, (b) Street View Download

Interface, and (C) Google Street View Panoramic image .........ccoeeeeiiiiireeeeeeeeeciiineeeeeeeeeeeans 25
Figure 9. CubeMap output of panoramic image: (a) Back of GSV car, (b) Front of GSV car, (c) Right

of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car.......cccccceeeennnnneee. 26
Figure 10. CubeMap output: (a) Visual CubeMap representation, (b) Visual representation of

attached CubeMap images by orientation.........cceeveveiiiiiiieiiieiceeeeeeeeeeeeeeeeeeeeee e 26

Figure 11. Image Management output of panoramic image: (a) Back of GSV car, (b) Front of GSV
car, (c) Right of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car....... 27
Figure 12. Visual representation of machine learning model Input Image; (a) Ground Truth, (b)
F AN YooY = 1 A=Te I @ = Yol | ' =Y (S 28
Figure 13. Image management: (a) rotated front Image, (b) Rotated back Image, (c)
Untransformed bottom image, and (d) Concatenated image of the CubeMap outputs...... 28

Figure 14. GPS Tracking of images in the dataset.........cccocciiiiiiii e 29
Figure 15. Neural Network Feed Forward Neurons Movement®4 .........cc.cccovieviiviiiiecieeeen, 30
Figure 16. U-Net ArchiteCturel’ .. . ..ottt sttt sttt a et 32
Figure 17. CrackPix Archit@Cturel®l ... .. ..ottt ettt ettt st ene e 33
Figure 18. DenseNet ArchiteCturel®7l . .. ..ottt et 34
Figure 19. UABINet ArchiteCture ..., 36
Figure 20. Dense Block Connection Mechanism®7 .. .........ccocoiviiiiiiiiece e, 36
Figure 21. Highway RGB to Grayscale Image and Crack Detection.............cccoeoeeee . 38
Figure 22. UNet Left [Epoch against Loss] and Right [Epoch against MIOU] ..........cccccvveeeeeeennes 40
Figure 23. UAB data comparison of U-Net architecture prediction between training data and

testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction............ccccuuuue. 41
Figure 24. CrackPix Left [Epoch against Loss] and Right [Epoch against MIOU] .........ccccceeeevennnees 42
Figure 25. UAB data comparison of CrackPix architecture prediction between training data and

testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction....................... 43
Figure 26. DenseNet Left [Epoch against Loss] and Right [Epoch against MIOU] .............cc......... 44
Figure 27. UAB data comparison of DenseNet architecture prediction between training data and

testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction.............cccuuuu.. 45

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

Figure 28. UABiNet Left [Epoch against Loss] and Right [Epoch against MIOU] ..............ceeeenne.. 46
Figure 29. UAB data comparison of UabiNet architecture prediction between training data and
testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction............cccc....... 47

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

LIST OF TABLES

Table 1. TMC for the Southbound of 1-65 and US-31 .......cccvveieiiiiiiiieeee e 18
Table 2. TMC FOR THE Northbound OF 1-65 AND US-31 .....ccciiiiiiiiiiiiiiieeee e 19
Table 3. Performance Metric on Training Dataset .......ccccuviiieiieiiiiiiiiiieeee e 48
Table 4. Performance Metric on Testing Datasel.......cooccuuiiiieiiiiiiiiiiiieee e 48
Table 5. Correlation and t-test values of all 57 TMCs......coooeeeiieiiieeie e, 49
Table 6. Correlation and t-test values of 1-65 (39 TIMCS) ....ccooviviiiiiiiiiiiiiieeee 49
Table 7. Correlation and t-test values of US-31 (I8 TIMCS)....cccoeveviiiiiiiiiiiiiiiiiiiieiieeeeeeeeeeeeee e, 50
Table 8. Correlation and t-test values for all TMCs considering Max TTI and Max Crack Ratio...51
Table 9. TTIDAta fOr 165 ...t e e e e e s e e e e e e e s abaareeeaeeeessnnnnnees 60
Table 10. Normalized TTI Data for 165......cccceeiiiiiiiiee et e e e e e 61
Table 11. TTIDAta for US3 L. 62
Table 12. Normalized TTIData for US31 ..o, 62
Table 13. Pavement Cracking Index for 165 ..., 63
Table 14. Normalized Pavement Crack Index for I65..........ccoooeeiiiii e, 64
Table 15. Pavement Crack INdex for US31 ........uiiiiiiiiiiiiiiiiieeee e e e e e e 65
Table 16. Normalized Pavement Crack Index for US31 .........oeviiiiiiiiiiiiiieeeee e 65

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

ABSTRACT

The objective of this proposal is to evaluate the impact of pavement deteriorations on traffic
congestion. Furthermore, the proposal investigates the feasibility of developing and implementing
machine learning models for detecting pavement cracks and deterioration from google street view
images. The crack detection results indicate that the machine learning algorithms had on average a
mean intersection over union (MIOU) of 71.0% and 63.5% for the training and testing datasets,
respectively. Two main corridors in Birmingham, AL, US-31 and I-65 were selected for this project.
The Travel Time Index (TTI) was computed and used to quantify traffic congestion. Although the
research hypothesis proposed a positive correlation between the two indices, suggesting that higher
travel time would be associated with a higher crack ratio, the results obtained were mixed and
counterintuitive.

In this project, the developed machine learning models and methodologies could be used for crowd-
sensing of pavement quality using on-board cameras of smart vehicles. Implementing the
methodologies will assist in prioritization of pavement improvements to improve efficiency and
mitigate traffic congestion. The successful implementation of the machine learning methodologies
can benefit the department of transportation to reduce labor costs associated with pavement survey
through implementing neural networks for processing publicly-sources images. Also, as a return of
investment (ROI), the implementation of the proposed framework will allow the agencies to prioritize
the resurfacing and repair of road sections that experience heavy-traffic due to high traffic volumes,
and percentage of trucks using the segment.

It is recommended to expand the analysis on different types of corridors and vastly assess traffic and
pavement data on a regional level (i.e., city and state). Also, it is essential to consider the weather
patterns, pavement maintenance data and scheduling, and traffic patterns.

Keywords: Crack Detection, Machine Learning, Traffic Congestion, Neural Networks, Pavement
Quality
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EXECUTIVE SUMMARY

The US has an extensive road network encompassing 4.2 million miles with 220,000 miles of high-
volume corridors. Studies confirm that surface deficiencies of transportation infrastructure cause
non-recurrent congestion as they are a contributing factor to 1/3 of all severe traffic crashes in the
US. It is argued that poor pavement conditions are also linked to recurrent congestion, when drivers
adjust their driving behaviors abruptly to avoid pavement cracks and other infrastructure
deficiencies. However, those links are not documented in detail in the literature. Using Google Street
View images and machine learning algorithms to assess pavement quality and the National
Performance Management Research Data Set (NPMRDS) for congestion monitoring, this project will
attempt to quantify the extent to which pavement quality deterioration has an impact on traffic
congestion in urban settings. The goal is to provide insight on the links between pavement quality
and traffic operations and showcase the feasibility and value of an integrated traffic data and
pavement quality management approach for monitoring traffic and infrastructure performance.

The acquired google street view images were processed using machine learning algorithms to
qguantify the number of pixels that represent a crack for each image representing a pavement
segment. A total of four machine learning algorithms were trained and tested to enhance the
accuracy and precision in detecting pixels associated with a crack. One of the machine learning
algorithms (UABiNet) was developed by the research team to enhance the prediction metrics and
reduce the prediction time. A crack index representing a ratio of the pixels of cracks to the total pixels
of pavement was calculated for each segment. The crack detection results indicate that the machine
learning algorithms had on average a mean intersection over union (MIOU) of 71.0% and 63.5% for
the training and testing datasets, respectively. It is worth noting, that the developed machine learning
algorithm (UABiNet) outperformed the other algorithms with a MIOU of 80% and 65%, for the
training and testing datasets, respectively.

Two main corridors in Birmingham, AL, US-31 and I-65 were selected for this project to assess the
impact of pavement quality on traffic congestion. The Travel Time Index (TTI) was computed and used
to quantify traffic congestion. Although the research hypothesis proposed a positive correlation
between the two indices, suggesting that higher travel time would be associated with a higher crack
ratio, the results obtained were mixed and counterintuitive. In the year-by-year analysis, statistically
significant findings were observed for 2020 and 2021. However, the correlations were inverse and
weak. Similarly, when focusing solely on I-65, statistically weak positive relationships were discovered
in 2019, while statistically negative and poor relationships were found in 2021. It is worth noting that
the traffic patterns for the years between 2020 and 2022 are heavily altered due to the COVID-19
pandemic and shift towards remote working environments.
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1 Introduction

Traffic congestion is a common phenomenon in urban areas. Many definitions have been
proposed to describe traffic congestion on roadways in urban areas. However, there is not a
universally accepted definition of traffic congestion [1-3]. From the demand-capacity perspective
“Congestion may be defined as the state of traffic flow on a transportation facility characterized
by high densities and low speeds, relative to some chosen reference state” [4, 5]. From the delay-
travel time related perspective “In the transportation realm, congestion usually relates to an
excess of vehicles on a portion of roadway at a particular time resulting in speeds that are
slower—sometimes much slower—than normal or "free flow" speeds” [6, 7]. As mentioned in
GEOTAB 2018 [8], there are two distinct types of traffic congestion, i.e., recurring (expected and
often associated with commuting traffic) and non-recurring (unexpected or associated with non-
typical events such as traffic crashes, work zones, adverse weather events, and planned special
events).

Effective investment decisions for transportation improvements require monitoring of various
aspects of transportation system performance, including congestion [9, 10]. Traffic congestion is
closely linked to safety, physical condition, environmental quality, economic development,
quality of life, and customer satisfaction [11, 12]. Higher levels of congestion have been
associated with the degradation of these factors. Therefore, monitoring congestion and
transportation infrastructures is crucial in addressing these issues and making informed decisions
to improve transportation systems.

This research aims to offer an understanding of the connections between pavement quality and
traffic operations, while demonstrating the practicality and benefits of adopting an integrated
approach to managing pavement quality and traffic data. This approach can be useful for
monitoring the performance of both traffic and infrastructure. The quality of roads, which
includes pavement quality, can influence driving decisions such as selecting speed, deceleration,
and lane changing, ultimately impacting traffic flow and congestion [13-15]. In some cases,
sudden reductions in traffic speed to avoid pavement cracks can cause a ripple effect, leading to
further deterioration of traffic conditions, especially during peak hours [16]. Recent surveys
conducted on Italian motorways revealed that top-down cracking (TDC) can impact as much as
20% to 30% of the slow traffic lane [17, 18]. To investigate the possible correlation between
pavement quality deterioration and recurring traffic congestion, this project focuses on specific
roadway segments in the Birmingham, AL metropolitan area as a testbed.
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2 Objectives and Motivations

Many studies recognize the impact of driving behavior on quality of traffic operations. Road
conditions, including pavement quality, may affect driving decisions related to speed selection,
deceleration, and lane changing, thus having an impact on the quality of traffic flow and
congestion occurrence. For example, abrupt reduction in traffic speed to evade pavement cracks
can have a ripple effect that may contribute to deterioration of traffic conditions, especially in
busy times. Using selected roadway segments in the Birmingham, AL metro as a testbed, this
project seeks to examine closely the likely association between deterioration of pavement quality
and recurring traffic congestion. More specifically, the project has a) assessed the impact of the
guality of the roadway surfaces on traffic congestion, and b) showcased an integrated traffic data
and pavement quality management approach for monitoring traffic and infrastructure
performance. Our case study has demonstrated how traffic performance indices derived from
National Performance Management Research Data Set (NPMRDS) can be paired to pavement
surface data obtained through Google Street-View Images, and used to explain traffic congestion
presence at locations that experience deteriorating pavement conditions. Initially, the Travel
Time Index (TTI) values were computed for study roadway segments in the Birmingham region
from NPMRDS data. A convolution neural network (CNN) to detect delamination along the same
segments efficiently and effectively was developed and trained. Next, a Crack Index to describe
the level of pavement deterioration of a road segment as a function of the number of cracks
detected in that segment was computed. Finally, a method to assess the effect of pavement
deterioration on traffic congestion by comparing pavement PQl values and corresponding TTl values
of roadway segments was evaluated. As such, the objective of the proposed research is to establish
links between roadway pavement condition and recurrent traffic congestion. The research has two
main goals: 1) Understand the impact of roadway surface conditions on traffic congestion, and 2)
Develop a framework for autonomously monitoring the cracks and deteriorations of pavements in
each network.
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3 Literature Review
3.1 Impact of Pavement Quality

The condition of pavements, which are crucial components of transportation infrastructure, is a
major issue in the United States [19]. According to the ASCE report card, U.S. roads have been
given a poor grade of D due to significant deficiencies. This poor condition of roads leads to
substantial costs for American motorists, who incur an estimated $54 billion per year in repair
and operating expenses [19, 20]. Based on the 2012 Urban Mobility Report by the Texas
Transportation Institute (TTI), congestion in 85 urban areas of the United States resulted in 5.5
billion hours of travel delay and 2.9 billion gallons of excess fuel consumption in 2011 [21, 22].
Congestion related issues amounted to $121 billion in expenses for the public. It is important to
note that this estimate does not even include the considerable costs associated with auto
emissions by idle vehicles, soaring gasoline prices as well as road surface descent. If these
additional factors were considered, the overall costs would be significantly higher [21, 22]. As
pavements continue to wear out and degrade over time, it becomes necessary to carry out
maintenance and rehabilitation activities to ensure that they can continue to provide a high level
of safety and quality of service [23, 24].

Pavement deterioration can be defined as the process by which distress (i.e., defects) develop in
the pavement under the combined effects of traffic loading and environmental conditions [25].
Traffic is considered one of the primary factors contributing to pavement deterioration. The
magnitude, configuration, and number of load repetitions caused by vehicular traffic in general
and heavy vehicles in particular are major factors that influence the performance of pavements
[25-27].

There is an argument that poor pavement conditions exacerbate recurring congestion, as drivers
may suddenly adjust their driving behaviors to avoid pavement cracks and other deficiencies in
the infrastructure. Nevertheless, the literature lacks comprehensive documentation of such
connections. Still, it is reorganized that the deterioration of highways' pavement condition has a
negative impact on the convenience, cost, and safety of the drivers. Damages on road surfaces
can prompt drivers to slow down or maneuver abruptly to avoid potholes and pavement cracks
[28, 29]. While minor driving adjustments may have negligible impacts on traffic operations,
others can significantly affect network performance, user satisfaction, congestion, safety, and
environmental quality as they propagate upstream of the damaged pavement's location [21, 30].
Previous studies, such as the one conducted by Setwyawn et al., (2015) have demonstrated that
road damages can cause a substantial 55% decrease in vehicle speeds when comparing very poor
roadway conditions to excellent ones [31]. These effects on vehicle speeds have significant
implications for network performance as well as motor vehicle emissions and environmental
pollution. Therefore, it is crucial to implement congestion monitoring approaches that integrate
both traffic and pavement conditions. Such integrated approaches have the potential to
effectively detect and lessen traffic congestion in urban areas.
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3.2 Machine Learning (ML)

Structural health monitoring (SHM) in its simplest form involves recurrent visual observation, and
assessment of structural conditions (cracking, spelling, and deformations). However, these
processes require data collection, data processing, and data diagnosis, which historically were
very costly, labor intensive, and often unreliable [32]. Present-day research provides the
opportunity to develop effective and reliable means of acquiring, managing, integrating, and
interpreting SHM performance data to attain the most useful information at the least possible
cost. That is implemented by reducing the unreliable human element involved in long-term data
monitoring from a variety of sensors installed on the structures [33]. The effective support and
inspection systems that reveal problematic performance issues are limited and intermittent
inspection procedures must be supplemented with continuous, online, real-time, and automated
systems [33]. Civil infrastructure monitoring comprises numerous structures and processes, and
machine learning has broken into most of those fields, as researchers and engineers have
continually noticed the prospects and innovative technological strength that a deep learning-
based approach affords the community [34-36]. That has inspired numerous attempts to
incorporate deep learning structural health monitoring in civil infrastructures [37], structural
damage detection, and structural condition assessment. Structural damage implementation is
essential for the safety of in-service structures. Researchers and industry groups are using deep
learning-based SHM as shown in Figure 1, to analyze damage detection on a variety of structures
[33], integrating deep ML into the planning, design, construction, maintenance, and
management of civil infrastructures [38, 39].

I Damage Detection I

Damage Condition Structural Non Statistical Health and Usage
Prognosis Monitoring Health Destructive Process Monitoring
Monitoring Testing Control System

Figure 1. Damage Detection Disciplines[40]

In Bridges for example, a three-level deep learning-based method was proposed by Liang X [36],
for inspecting post-disaster bridges, using a visual geometry group (VGG-16) model to detect
system-level failure, and using Faster regions with convolutional neural networks (R-CNN) and
SegNet to detect component-level and local-level damage, respectively [33], while Kim et al. [41]
proposed a unmanned arial vehicle (UAV) and R-CNN-based approach to detect cracks in aged
concrete bridges. Khodabandehlou et al. [38] set up an eleven-layer Convolutional Neural
Network (CNN) to conduct damage state classification, incorporating acceleration data from
shaking table tests of a reinforced concrete bridge model under different loads for validation.
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Duan et al. [39] proposed a CNN-based approach to detect bridge damage by acceleration
responses. Utilizing a numerical analysis of a tied arch bridge with different damage conditions
to generate acceleration responses and applying the acceleration responses and generated
Fourier spectra as the dataset. Boa et al. [42] developed an auto-encoder-based network to
detect data anomalies. The proposed algorithm used a pre-trained VGG-16 fine-tuned classifier
and a pre-trained VGG-16 with a fine-tuned convolution layer and a classifier, using the
acceleration data from a cable-stayed bridge for validation. Dung [43] compared three deep
learning-based methods based on transfer learning to detect the cracks at the welded joints of
gusset plates in bridges.

Structural damage detection in Tunnels and Railways saw an implementation of deep ML in its
monitoring. For example, Huang et al. [44] employed an fully convolutional neural network (FCN)
based on two-stream approach to semantic segmentation for cracks and leakages in tunnels. Li
et al. [45] proposed an image processing and Faster R-CNN-based framework to detect tunnel
cracks. Gilbert et al. [46] proposed a CNN-based framework to detect multiple railway damages,
with its framework sharing three convolutional layers for material classification, fastener
classification, and fastener damage detection. Lin et al. [47] proposed a similarity-based CNN for
the inspection of the conditions of railway track fasteners. The similarity of pairs of fastener
images was calculated to assess the ability of feature extraction in the pre-training stage. To
enlarge the training dataset, a template matching-based classification approach was adopted to
select large numbers of fastener images from online railway images. Wei et al. [48] compared
the performance of the capacity for the detection of defects in railway fasteners among IPTs,
VGG-16, and Faster R-CNN.

Ground movements from soil settling, sinking holes, and earthquakes are the greatest
contributors to the wear and tear of civil building infrastructures. That has inspired the
implementation of deep learning approaches to building infrastructure. For example, Yeum et al.
[49] proposed an AlexNet-based two-stage framework for collapse classification and spalling
detection in post-event analysis for concrete buildings. Using a dataset for post-event
reconnaissance images built by collecting images after natural disasters. Xu et al. [50] proposed
a Faster R-CNN-based model to detect and localize multiple types of seismic damage such as
cracks and spelling. Kang and Cha [51] proposed an automatic unmanned aerial vehicle and CNN-
based damage detection approach for application in indoor environments, using stationary
beacon-based geo-tagging to navigate the UAV and find the damage. Cha et al. [52] proposed a
CNN-based method for the detection of structural cracks. Testing images had cracks with
different widths, lighting conditions, and noise levels. Yang et al. [53] proposed a VGG 19-based
FCN, to detect cracks in different scales. Segmented crack pixels were processed to a single pixel
width skeleton for post-evaluation of morphological features including crack topology and
length. Wang et al. [54] applied AlexNet and GooglLeNet to detect multiple damages to historic
masonry walls, and the sliding window techniques were used to find the damages. Ni et al. [55]
proposed a GoogleNet and ResNet-based method for the detection of cracks, using the Zernike
moment operator to process crack images detected for thin crack quantification. Zhang et al.

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

[56] proposed a SegNet-based context-aware fusion algorithm to detect cracks in images of
arbitrary sizes.

Utilizing CrackForest, management dataset, Tomorrows Road Infrastructure Monitoring dataset,
and Customized Field Test dataset for the validation [57]. Li et al. [58] proposed a Faster R-CNN-
based framework to detect and localize multiple defects in different scenarios. To strengthen the
algorithm’s ability, multi-scale training, data augmentation, a location block, and negative mining
strategies were adopted for the localization of defects. Kim and Cho [59] proposed a Masked R-
CNN-based framework for the detection and quantification of concrete cracks. Ye et al. [57]
developed an FCN to automatically detect cracks on concrete surfaces, using an online dataset
of crack images with pixel-wise labels for training and validation. For steel structures, Gulgec et
al. [60] proposed a CNN-based approach to classify damaged and undamaged steel structure
components generated by numerical simulations. Zhao et al. [61] proposed a VGG-16-based
method to detect the condition of bolt loosening for steel structures. Zhou et al. [62] trained an
autoencoder-based network based on stiffness to implement damage identification based on
stiffness deterioration.

Structural maintenance is dependent on the structures showing characteristics of long-term wear
from their repetitive structural service. Structural maintenance is subdivided into transportation
and buildings. Machine learning-induced structural maintenance from building infrastructures
has improved in recent years. Oh et al. [63] proposed a CNN-based architecture to predict strain
levels of tall buildings under wind loadings, using a dataset with displacements and wind speeds,
derived from a wind tunnel test of a model steel structure. Rafiei and Adeli [64] presented an
unsupervised learning-based framework for the assessment of local and global conditions of
structural systems via collected vibration response data. Lyu et al. [65] proposed a deep belief
network-based approach to assess the state/health of offshore platforms, using a model platform
fabricated and evaluated to collect the wave force, strain, and acceleration data.

Structural maintenance of transportation infrastructures has seen great advancement as well.
For instance, Liang et al. [66] set up a multi-scale SHM system to assess the serviceability of the
bridge based on a Hadoop Ecosystem. Li et al. [67] proposed a modified VGG-16 and IPT-based
framework to detect multiple parameters of ships coming toward bridges to prevent collision
incidents. The modified pre-trained and fine-tuned VGG-16 network coarsely detects and
localizes the incoming ships and IPT calculates the ship parameters including width, length, and
velocity. Zhang et al. [68] proposed a one-dimensional CNN-based approach to assess the
structural state by acceleration signals, using results from an indoor test of a bridge model, an
outdoor test of a full-scale bridge model, and a test of an in-service bridge as a dataset.

Machine learning-induced structural maintenance for transportation infrastructures has
improved especially with the materials varied between concrete and asphalt. Gopalakrishnan et
al. [69] developed a pre-trained VGG-16-based algorithm to detect pavement cracks, using a pre-
trained ImageNet VGG-16 architecture. A mixture of asphalt and concrete pavement images was
introduced to increase the robustness. Zhang et al. [70] proposed a CNN model called CrackNet
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to automatically detect pavement cracks on 3D images of asphalt road surfaces for pixel-wise
detection. Tong et al. [71] proposed a two-stage CNN-based approach to automatically measure
pavement crack lengths. The proposed CNN was pre-trained by images with crack labels and fine-
tuned by images with detailed labels of the length of cracks. Zhang et al. [72] proposed CrackNet
II, a modified model of CrackNet, for crack identification with greater precision and better recall
rates. In comparison, CrackNet Il used a deeper architecture with lesser parameters which led to
better computing efficiency. Nhat-Duc et al. [73] compared two edge detection methods and a
CNN- based approach for the recognition of pavement cracks. Maeda et al. [74] applied
MobileNet and Inception to detect multiple road damages. Zhang et al. [75] proposed an RNN-
based model called CrackNet-R to detect pavement cracks in 3D images at the pixel level. Alipour
et al. [76], proposed CrackPix a deep fully convolutional neural network (FCN) for pixel-level
defect detection in concrete infrastructure systems. CrackPix leverages a modified VGG-16 with
pertained weights for image classification architectures for dense pixel-wise predictions. Li and
Zhao [77], proposed a densely connected and deeply supervised network to improve the
accuracy and robustness of existing automated crack detection methods. Using deeply
supervised modules to extract more noteworthy features through multi-scale levels. Zhang et al.
[78], used pre-classification based on transfer learning to detect and separate both cracks and
sealed cracks under the same framework.

4 Methodology

In this study, we used Travel Time (TT) data (2018-2022) from the National Performance Management
Research Data Set (NPMRDS) for congestion monitoring of two roadway corridors in the Birmingham
area. We also employed machine learning algorithms to assess pavement quality from Google Street
View images. The data were used to determine a Travel Time Index (TTl) and a pavement Crack Index
and examine their potential correlation.

4.1 Traffic Data

4.1.1 Data Source

Travel Time data were compiled from the National Performance Management Research Data Set
(NPMRDS) website for portions of 1-65 and US-31 corridors in the Birmingham area. The number
of Traffic Message Channels (TMCs) defined by NPMRDS were identified based on the selected
study road network/segment. At first, the road corridors shapefile of Alabama was downloaded
from the npmrds.ritis.org website, where detailed traffic data such as travel time, length of
corridors, speed data were available. From the shapefile, the total number of TMCs of the study
road network was found as 62. Among these TMCs, 38 TMCs were for the North and Southbound
Road corridors of 1-65 lying between Birmingham and Hoover, and 24 TMCs were for the South
and Northbound corridors of Montgomery Highway (US-31) lying between Hoover to Vestavia.
The detailed information of TMCs displayed in Table 1 and Table 2 are for the I-65 and US-31 in
the southbound and northbound direction, respectively. The steps of downloading data from the
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NPMRDS website are illustrated in Figure 2. Furthermore, the steps to process the downloaded
Travel Time data into Travel Time Index are shown in Figures 3-6.

Table 1. TMC for the Southbound of 1-65 and US-31

T™C Road | Direction | Length (Miles) | Intersection

101-11461 US-31 | SB 1.051536 PATTON CHAPEL RD

101-04381 I-65 SB 0.207012 6TH AVE/EXIT 260

101-11460 US-31 | SB 0.576145 1-459

101-04380 I-65 SB 0.232945 3RD AVE/EXIT 260B

101N04375 I-65 SB 0.473173 OXMOOR RD/EXIT 256

101N0O4374 I-65 SB 0.297113 LAKESHORE DR/EXIT 255
101NO04377 I-65 SB 0.308821 AL-149/UNIVERSITY BLVD/EXIT 259
101NO04376 I-65 SB 0.361391 GREEN SPRINGS AVE/EXIT 258
101NO04379 I-65 SB 0.114376 4TH AVE/EXIT 259B

101N04378 I-65 SB 0.083757 6TH AVE/EXIT 259A

101N04380 I-65 SB 0.145201 3RD AVE/EXIT 260B

101N11460 UsS-31 | SB 0.370157 [-459

101N04381 I-65 SB 0.150305 6TH AVE/EXIT 260

101-04374 I-65 SB 0.496748 LAKESHORE DR/EXIT 255
101-04376 I-65 SB 0.873027 GREEN SPRINGS AVE/EXIT 258
101-04375 I-65 SB 1.022207 OXMOOR RD/EXIT 256

101-04378 I-65 SB 0.083652 6TH AVE/EXIT 259A

101-04377 I-65 SB 0.029036 AL-149/UNIVERSITY BLVD/EXIT 259
101-04379 I-65 SB 0.315 4TH AVE/EXIT 259B
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Table 2. TMC FOR THE Northbound OF 1-65 AND US-31

TMC Road Direction | Length (Miles) | Intersection

101P11461 US-31 | NB 0.034315 PATTON CHAPEL RD

101P11462 US-31 | NB 0.215653 I-65 (BIRMINGHAM)

101P04381 I-65 NB 0.166591 6TH AVE/EXIT 260

101P04380 I-65 NB 0.145201 3RD AVE/EXIT 260B

101P04375 I-65 NB 0.430823 OXMOOR RD/EXIT 256

101+04380 I-65 NB 0.315891 3RD AVE/EXIT 260B

101+04381 I-65 NB 0.23234 6TH AVE/EXIT 260

101P04379 I-65 NB 0.115262 4TH AVE/EXIT 259B

101+04382 I-65 NB 0.277815 [-59/1-20/EXIT 261

101P04378 I-65 NB 0.082842 6TH AVE/EXIT 259A

101P04377 I-65 NB 0.241238 AL-149/UNIVERSITY BLVD/EXIT 259
101P04376 I-65 NB 0.359093 GREEN SPRINGS AVE/EXIT 258
101+04375 I-65 NB 0.674452 OXMOOR RD/EXIT 256

101+04376 I-65 NB 1.085533 GREEN SPRINGS AVE/EXIT 258
101+04377 I-65 NB 0.859892 AL-149/UNIVERSITY BLVD/EXIT 259
101+04378 I-65 NB 0.034545 6TH AVE/EXIT 259A

101+04379 I-65 NB 0.083031 4TH AVE/EXIT 259B

101+11461 US-31 | NB 0.598163 PATTON CHAPEL RD

101+11462 US-31 | NB 1.067083 I-65 (BIRMINGHAM)
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The Travel Time data for February 2018, 2019, 2020, 2021 and 2022 were downloaded from the
NPMRDS website. Fifteen minutes averaging travel time data for passenger vehicles from 6:30
AM to 8:45 AM (10 data points) of each weekday of February and fifteen minutes averaging travel
time data from 4:00 PM to 6:15 PM (10 data points) for the passenger vehicles of each weekday
of February were used to determine the morning peak and the evening peak travel times,
respectively, for five years.

4.1.2 Preparation of the Travel Time Data into Travel Time Index (TTI) for each TMC
The downloaded Travel Time data from the NPMRDS website are shown in Figure 3. First, the
travel time data were arranged to determine the 50th percentile travel data for passenger
vehicles of each TMC. These data were further used to calculate the 50th percentile TTI of
passenger vehicles of each TMC. A stepwise procedure was required to convert the TMC-wise
TT into TTI.

e |Initially, using Excel pivot tables, TT data were organized for each time slot by 15 minutes
interval starting from 6:30 AM to 8:45 AM (10 slots in the morning) and from 4:00 PM to 6:15
PM (10 slots in the evening) of each TMC for each weekday of February as shown in Figure 4.

e After getting the 50th percentile monthly Travel Time for each TMC time slots (20 slots per
TMC), the Excel table was modified as per the format displayed in Figure 5.

e The Travel Time Index (TTI) of a road segment is defined as the ratio of the actual average
travel time to the time required to travel the same distance at free-flow speeds (FFS), as
shown in Equation 1;

Average Travel Time

Travel Time Index (TTI) = !
ravel Time Index (TTI) Travel Time Based on Free Flow Speed W

e The Travel Time Index (TTI) is a measure of congestion as well as reliability of roadway
segments. A TTl value greater than 1.0 is indicative of congestion presence.

e Thus, to calculate the average travel time of the 62 TMCs, the road length and FFS data were
obtained using ‘Alabama shapefiles’ from NPMRDS in ArcGIS and added to the TT Excel files
in ArcGIS. A sample is shown in Figure 5.

e At the time of accumulating monthly 50th percentile TMC-wise travel times for each of the
20-time slots with Road Corridor Name, Length of TMCs, Direction, Intersection point and
FFS, some blank / missing data were found in the database (Figure 4). To address this issue,
the value of zero was used in lieu of blank data.
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1 [tmc_code|measurement_tst travel_time_seconds
2 101-11461 2/1/2022 6:30 102.31
3 101-11461  2/1/20226:45  130.54
4 101-11461 2/1/2022 7:00 180.26
5 101-11461 2/1/2022 7:15 153.79
6 101-11461 2/1/2022 7:30 216.95
7 101-11461 2/1/2022 8:00 210.31
8 101-11461 2/1/2022 8:15 106.9
9 101-11461 2/1/2022 8:30 331.23

10 101-11461  2/1/2022845  135.37
11 101-11461 2/1/202216:00 147.22
12 101-11461 300.44
13 101-11461 189.75
14 101-11461 2/1/202216:45  135.45
15 101-11461 2/1/202217:00 170.31
16 101-11461 2/1/202217:15  180.26
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18 101-11461 2/1/202218:00 209.42
19 101-11461 2/1/202218:15  151.42
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22 101-04381  2/1/2022 6:45 15.15
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24 101-04381  2/1/2022 7:15 14.39
25 101-04381  2/1/2022 7:30 26.5
26 101-04381  2/1/2022 7:45 22.99
27 101-04381  2/1/2022 8:00 15.29
28 101-04381  2/1/2022 8:15 13.8
29 101-04381  2/1/2022 8:30 12.65
30 101-04381  2/1/2022 8:45 14.42
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Figure 3. NPMRDS Travel Time Data in Seconds

A B C D E F G H I J K L M N o P Q R S T U v W X
1 Row Labels Hours mea:1-Feb 2-Feb 3-Feb 4-Feb 5-Feb 8-Feb 9-Feb 10-Feb 11-Feb 12-Feb 15-Feb 16-Feb 17-Feb 18-Feb 19-Feb 22-Feb 23-Feb 24-Feb 25-Feb 26-Feb 50%TT
2 101404375 6AM 30 3954 3615 3817 3625 3554 3802 4645  39.85 4631  40.66 4066  44.65 3798 3742 3624 3781 3795 3519  37.29 3349  37.97
3 101404375 6AM 45 3803 4408 3679  38.83 3643 3988 4192 4889 4224 3884 3643 36.8  39.83 3736 4042 3846  39.89 3686 3834
4 101404375 7AM 00 37.59 38.65 36.97 29.97 37.65 37.05 40.87 4175 43.47 47.23 39.6 45.83 41.67 42.12 29.17 38.55 37.76 37.96 41.16 38.99 39.39
5 101404375 7AM 15 4163 3945  39.52 3324 39.25 3633 37.46 4.7 4339 4247 4542 4498 412 3915 6213 37.8 3807 3691 4793 39.05  39.49
6 101404375  7AM 30 2486 4669 4312  4L65 4016 3875 4188 4059 3891 7228 439 4415 3943 4139 1662 4479 4294 4517 5048 4365  43.39
7 101404375 7AM 45 4037 8029 4144 4601 395 4673 5041 4033 4237 24168 3942 4498 4266 4266 20234 4444 4312 3958 57.4 465 4378
8 101404375  8AM 00 39.16 18534 4314 4437 398 3766 4364 4335 4894 24433 4168 3854 4132 3863 16824 4337  37.24 4531 4678 6057 4336
9 101+04375 3AM 15 36.79 148.59 41.05 38.42 36.63 35.97 37.94 40.35 57.8 51.14 38.85 4217 44.85 41.63 64.76 4212 45.06 41.04 45.32 52.43 41.88
10/101404375  8AM 30 39.89 4759 4016  39.22  38.02 4028 3885 3795  47.97  39.43 65 502 4362 39.6 372 4001 4684 4076 3824 3826  39.75
11101404375 8AM 45 3735 48.56 36.24 4581 3679 37.35 5396  44.96  53.96 3326 4115 4047 4581 3735 3679  4LIS 40.81
12101404375 4PM 00 4047 3957 4162 3718 3571 4329 4051 378 4273 4483 4613 3073 342 3971 4194 3472 4459 392 3584 3971
13101404375 4PM 15 3834 4104 3613 4195  40.88 3795 4002 4297 4075 5058 3754 4415 4014 4439 3531 4186  47.05  45.06 426 4158 4131
14 101+04375 4PM 20 40.88 42.22 29.63 44.33 41.86 34.36 435 4217 38.54 40.2 39.25 37.39 41.47 40.75 34.22 34.37 35.78 41.43 40.48
15/101404375  4PM 45 57.07 3554 4715 37.05 3707 4223 3624 3699 4095  40.88 3531 3372 6423  5L19 3946 3751 3853 3804 4051 3935 3894
16101404375 5PM 00 395 4625 39.09 605 3848 4255 5576  38.63 4761 4072 4474 3372 7336 3604 4025  40.39  39.89  37.09 4428 4415  40.56
17101404375 5PM 15 36.61 4458 4036 3519 4581 4047 4358 4048 4359 3418 13304 3597 4325 3768 3795 4167  47.16 3469 4048
18101404375 5PM 30 3854 4116 3803 3853 4297 4329 426 3678 5248 4084 412 3326 100.7 342 3766 38.37 355 3766 10482 3942 3898
19101404375 5PM 45 29.91 50.2 3824 39.09  43.93 4953 4325 40 5139 4457 5447 3792  49.77 4047 37.7 3985 368 4221 37.94 4231 4226
20/101404375  6PM 00 4315  39.06 3624 4197 4542 3824 3599 3933 5061 7512  37.36  37.35 4361 3885 3998 4014 4487 3609 5899 4852  40.06
21/101404375  6PM 15 2047 39.8 4185 3469 4047 3624 4856 4856 4047 4581 3735 39.8 3469 4955 4856 4047
22101404376 6AM 30 59.33 6149 57.2 56.5 726 5752 677 6186 7539 6084 6108 8189 6206 5834  6L91 5932  60.77 6093  59.33 5332  60.89
23/101404376  6AM 5 6112 6213 5975  S57.68 6624  59.03 59.2  69.37  89.83 63.6 7518 6247 5689 5833 8871  68.27 6443  67.85  59.82 6395 6321
24/101404376  7AM 00 58.12 584 5625 6533  70.02 5752  67.74 6283 6733 7328  63.42 6513  66.67 6551 31167  6L13  6LS5 5777 7338 671  65.23
25101404376 7AM 15 59 6544 6679 6654 6216 6131 6667 7997 8149  7L93 7209 6641 6746 645 45231 6187  6L86 5953 6513 7252  66.48
26101404376 7AM 30 7061 7915 6503 7036 6335 6576  7L75 6421 6542 33178 7779  68.09 6272 6515 62237 6597 6839 8638  79.99 97.8  69.38
27101404376 7AM 45 7066 17605 74.08 767  59.69 7166 8771 6233 7465 69474 6348 7162 6585 8633 58929  69.89 6664 7818 10234 8502 7437
28 101404376 3AM 00 65.16 281.89 64.43 64.83 63.13 58.44 67.01 64.56 75.04 204.42 62.17 67.38 59.86 65.97 384.19 66.02 66.03 72.29 78.82 87.81 66.03
29 101404376 8AM 15 56.94 15847  69.49  60.89  59.86 6109 5863  80.65  88.86 7785  6L55  70.24 6206  70.88 813 6739 6719 6607 7098 8349 6344
30/101404376  8AM 30 64.15 773 63.03 5778 63.73 6318  6L87 65.8 8L2  64.86  53.08 7424 6683 7573 7283 8258  68.82 6242 6484 7042 6533
31101404376  8AM 45 5281 7237 6203 5833  76.63  63.03 5142 6012 8495  68.56 6513 6303 5504 10284 6978 6513 5747 7975  64.08
32101404376  4PM 00 6413 5901 6718 5805  S6.68 6542 5976 6375 8223 6954 7523 5174 5834 6323 6935 7237  67.68 5912 7854 6416  64.15
33 101404376 4PM 15 66.59 59.6 58.85 58.34 61.73 76.21 120.56 66.1 77.06 69.17 104.93 64.06 65.29 73.57 73.65 60.68 65.27 67.39 100.2 101.97 66.99
34/101404376  4PM 30 653 6164 6978  64.81 7305 8261 5729 6738 6391 6048 6718 5834 10593 6408  7L13 6606 8135 5747  60.27 6377  65.06
35101404376  4PM 45 65.68 6106 6025  6L67 67.7 6624 8614 633 6598 69.75 716 5583 26598 5553  6L31 56,67  74.83 6375 6812 6347 6472
36101404376  5PM 00 60.12 631 6025 9517 6315 5901 7754  60.06 6745  63.25 6329  53.53 25962  70.32 6259 6348 6436 6317 6203  68.69 6321
37101404376  5PM 15 9213 6216 5922 7752 6238 10432  64.06 10635 12749  60.98 672 4714 25941 5792 7816 6181  7AT6 628 6049 8688  65.63
38101404376 5PM 30 7191 14032 5943  68.09  7L.89  70.62 9429  63.59 9543  70.51 672 5466 20236 6606  57.67 6576  69.46 6429 6458  GlOG6  67.65
39101404376  5PM 45 7081 21205 6253 79.34 6355 6742 64.63 652  89.02 5991  68.56 5325 14168  84.87 6235 6224 5895  68.09 6406 6556  65.38
40101404376 6PM 00 70.35 63.5  59.69 689 6452  6L07 6012  59.52 78 7373 6012 6203 7386  6L55  6L56  63.55  69.84 5933 1545 6437  63.53
41/101+04376  6PM 15 7237 6012 67.38  67.38 97.7 5353 6978 8495  75.15 105.62 59.21 6203  69.78 7373 8141 63.78
42101404377 6AM 30 5615 5453 5333 5111 5136 5556 5295  50.62 6245  47.82 54 6221 5116 21431 5464 5102 5123 5404 5102 5339
43101404377 6AM 45 55.97 5075 4849 4692 5292 5111 47.97 5299  62.69 53.5 7371 5578 4624 4945  434.04 52.5 485 5486 51938 11773 5271
44/101404377  7AM 00 50.52 4551 4646 5223  57.06 4729 5206 5036 5702 5805 5577  59.53 525 519 63632 5361 5159 4869  S50.77 14669 5215

Figure 4. Sample of Data Calculation of 50% Travel Time

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

A B < v E 3 G H 1 J K L M N 5] 4 u R 5 u v w XA Y L

TMCS )ad Nar Direction Intersection Length FFS 6:30AM 6:45AM 7:00 AM 7:15 AM 7:30 AM 7:45 AM 8:00 AM 8:15AM 8:30 AM 8:45AM 4:00PM 4:15PM 4:30 PM 4:45PM 5:00 PM 5:15PM 5:30 PM 5:45 PM 6:00 PM 6:15 PM
101+04375 US-31 NORTHBOUNIPATTON CHA 0.674452 60 37965 38.835 39.385 39.485 43385 4378 4336 41.875 39.745 40.81 3971 4131 40475 3894 40555 40475 3898 4226 4006 4047
101+04376 |-65 NORTHBOUNI6TH AVE/EXIT 1.085533 80  60.885 63.21 65.23 66475 69.375 74365 66.025 68.44 65.33 64.08  64.145 66.99 65.055 64715 6321 6563 67645 B5.38 63525 69.78
101+04377 1-65 NORTHBOUMI3RD AVE/EXIT 0.859892 60 53.39 5271 52145 59.08 7332 7739 59.22 5469 54.615 51.59 52445 51,055 50385 50.98 48345 53.125 5011 54.445 50.755 51.59
101+04378  US-31 NORTHBOUNII-459 0.034545 50 2.05 2 211 21 2135 2275 209 2105 2.07 1.99 2135 212 2.16 2.05 206 2295 207 204 2145 211
101+04379 165 NORTHBOUNIOXMOOR RD, 0.083031 50 4.95 4.83 5.07 5.02 5035 5565 486 5075 5 4.78 5.095 5.065 5.02 4.94 512 53 4.95 4.86 5105 5.025
101+04380 |-65 NORTHBOUM LAKESHORE L 0.315891 50 1943 1857 19635 19.48 19.535 211 1947 19405 188 18195 2136 2026 19.97 206 20825 2062 1934 1983 1897 1944
101+04381 165  NORTHBOUNIAL-149/UNIVE 0.23234 50 13495 1329 1407 1372 1368 1411 13645 13505 1345 13.385 1418 1466 14195 15095 1543 14905 1404 13.69 13545 1371
101+04382 |-65 NORTHBOUNIGREEN SPRIN 0.277815 50 1689 16755 17.165 17.065 1667 1759 17305 1784 16.57 1613 17.745 18.26 18515 18.765 187 18735 1689 17.535 1681 17.705
101+11461 |-65 NORTHBOUNIATH AVE/EXIT 0.598163 55 69.46 6729 8614  73.07 721 68725 7425 82165 76.405 86.14 83.845 10767 8191 90.04 8354 8746 8041 8527 73805 8474
101+11462 |-65 NORTHBOUN 6TH AVE/EXIT 1.067083 55 15648 160.06 193.98 142.28 1417 129.305 128.05 184.655 167.34  147.75 196.2 2244 207.87 225735 24492 236435 21218 234.005 2078 192.07
101P04375 |-65 NORTHBOUNI3RD AVE/EXIT 0.430823 60 2336 2444 25195 2434 25945 2681 25.61 2644 25.085 24.23 2442 2545 2462 2438 2433 25.25 2429 26155 24645 2444
101P04376  US-31 NORTHBOUMII-459 0.359093 60 2039 2101 2024 21915 2392 28.64 22305 2154 20.895 212 20025 2055 19975 2062 19835 20435 1989 2119 20045 2155
101P04377 |-65  NORTHBOUM 6TH AVE/EXIT 0.241238 60 1521 14355 14205 1481 1463 1581 1506 1441 1462 1379 1464 14745 1492 14015 1394 1509 1444 1424 1459 1447
101P04378 |-65 NORTHBOUNILAKESHORE L 0.082842 50 494 4.82 5.06 497 5195 5515 4.86 5.08 4.99 4.77 5.085 5075 5105 5.01 497  5.285 497 4.856 5135 5.01

|101P04379 |-65  NORTHBOUNIGREEN SPRIN 0.115262 50 6.85 6.7 7.03 6.85 7115 7.63 678  7.075 6.92 6.59 7.205 7.07 7.085 6.78 7.24 7.46 6.92 6.75 7 6.92
101P04380 165 NORTHBOUNIOXMOOR RD, 0.145201 50 8.455 8.24 8.6 8.71 871 8885 8745 8855 8.43 83 9.02 913  8.905 9.4 9.67 9.27 883  8.665 8.4 8.57
101P04381 |-65 NORTHBOUN 6TH AVE/EXIT 0.166591 50 9.935 9.72  10.03 9.82 997 1015 971 1017 9.63 9.595 1039 107 10575  10.83 108 1115 10 9.935 9.84 1016
101P11461 |-65  NORTHBOUMIAL-149/UNIVE 0.034315 25 7.27 16.63 6.5 5.88 5555  5.005 2.37 6.34 2.51 5.23 4.88 54 6.62 6.93 6.44 4.85 6115 5.62 772 8.82

101P11462 |-65 NORTHBOUMIATH AVE/EXIT 0.215653 55 2875 2507 3375 31345 4313 3529 4159 41845 4728 4313 3536 89.09 57.27 8531 6723 66.825 73415 8429 3743 4325

Figure 5. Calculation of Length and Free Flow Speed (FFS) for 20 Timeslots

TMCS 6:30 AM  6:45 AM 7:00 AM 715 AM ##HHEH## T:45 AM  8:00 AM 8:15 AM 8:30 AM 8:45 AM 4:00 PM 4:15PM 4:30 PM 4:45PM 5:00PM 5:15PM 5:30 PM 5:45PM 6:00 PM 6:15 PM

101+04375 0.94 0.96 0.97 0.98 1.07 1.08 1.07 1.03 0.98 1.01 0.98 1.02 1.00 0.96 1.00 1.00 0.96 1.04 0.99 1.00
101+04376 0.93 0.97 1.00 .02 1.07 114 1.01 1.05 1.00 0.98 0.98 1.03 1.00 0.99 0.7 1.01 1.04 1.00 0.98 1.07
101+04377 1.03 1.02 1.01 115 142 1.50 115 1.06 1.06 1.00 1.02 0.99 0.98 0.99 0.4 1.03 0.97 1.06 0.98 1.00
101+04378 0.82 0.80 0.85 0.84 0.86 0.91 0.84 0.85 0.83 0.80 0.86 0.85 0.87 0.82 0.83 0.92 0.83 0.82 0.86 0.85
101+04379 0.83 0.81 0.85 0.84 084 0.93 0.81 0.85 0.84 0.80 0.85 0.85 0.84 0.83 0.86 0.89 0.83 0.81 0.85 0.84
101+04380 0.85 0.82 0.86 0.86 0.86 0.93 0.86 0.85 0.83 0.80 0.94 0.89 0.88 0.91 0.92 0.91 0.85 0.87 0.83 0.85
101+04381 0.81 0.79 0.84 0.82 0.82 0.84 0.82 0.83 0.80 0.80 0.85 0.88 0.85 0.90 0.92 0.89 0.84 0.82 0.81 0.82
101+04382 0.84 0.84 0.86 0.85 0.83 0.88 0.87 0.89 0.83 0.81 0.89 0.91 0.93 0.94 0.93 0.94 0.84 0.88 0.84 0.89
101+11461 1.77 1.72 2.20 1.87 1.84 1.76 1.90 2.10 1.95 2.20 2.14 2.75 2.09 2.30 213 2.23 2.05 218 1.89 2.16
101+11462 2.24 2.29 2.78 2.04 203 1.85 1.83 2.64 2.40 212 2.81 3.21 2.98 3.23 3.51 3.39 3.04 3.33 2.98 2.75
101P04375 0.90 0.95 0.97 0.94  1.00 1.04 0.99 1.02 0.97 0.94 0.94. 0.98 0.95 0.94 0.94 0.98 0.94. 101 0.95 0.95
101P04376 0.95 0.98 0.94. .02 111 133 1.04 1.00 0.97 0.98 0.93 0.95 0.93 0.96 0.92 0.95 0.92 0.98 0.93 1.00
101P04377 1.05 0.99 0.98 1.02 1.01 1.09 1.04 1.00 1.01 0.85 1.01 1.02 1.03 0.97 0.96 1.04 1.00 0.98 1.01 1.00
101P04378 0.83 0.81 0.85 0.83 0.87 0.92 0.81 0.85 0.84 0.80 0.85 0.85 0.86 0.84 0.83 0.89 0.83 0.81 0.86 0.84
101P04379 0.83 0.81 0.85 0.83 0.86 0.92 0.82 0.85 0.83 0.79 0.87 0.85 0.85 0.82 0.87 0.90 0.83 0.81 0.84 0.83
101P04380 0.81 0.79 0.82 0.83 0.83 0.85 0.84 0.85 0.81 0.79 0.86 0.87 0.85 0.90 0.92 0.89 0.84 0.83 0.80 0.82
101P04381 0.83 0.81 0.84 0.82 0.83 0.85 0.81 0.85 0.80 0.80 0.87 0.89 0.88 0.90 0.91 0.93 0.83 0.83 0.82 0.85
101P11461 3.24 7.40 2.89 2.62 247 2.23 2.39 2.82 2.45 2.33 2.17 2.40 2.95 3.09 2.87 2.16 2.72 2.50 3.44 3.93
101P11462 2.04 1.78 2.39 2.22 3.06 2.50 2.95 2.96 3.35 3.06 2.51 6.31 4.06 6.04 4.76 473 5.20 587 2.65 3.06

Figure 6. Data Representing Travel Time Index (TTI) for 20 Timeslots

4.1.3 Map Visualization of TTI

Using the TTI data for the study corridors, the morning peak and evening peak TTI maps for the
month of February were prepared in ArcGIS. Prior to preparing the maps, the maximum TTI
values out of 10 time slots of both morning peak hours and evening peak hours were prepared.
In the map, the TTI values were categorized in 4 divisions (from low to high) which helps to
identify the high congested area (i.e., those with high TTI value) and low congested area (i.e.,
those with low TTI). Using the pavement Crack Ratio, maps with cracks had also been prepared
in the same way.

4.2 Pavement Data

This research utilized three different datasets for model training: 1) UAB Green Space, 2)
Crack500, and 3) I-65 and US-31. The Crack500 was implemented to train our model, as it’s mostly
used and recognized in the industry/research community, to compare the built architectures and
evaluate the model’s performance effectively to known industry matrices. For the UAB Green
Space, I-65 and US 31 panoramic images extracted from Google Street View were used. The
panoramic images were pre-processed to be used as an input for the various machine learning
algorithms tested and developed.
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4.2.1 External Open-Source Dataset: Crack500

The GitHub repository was used to access open source “Crack500” dataset needed for model
training and comparison purposes. GitHub is an internet hosting service for software
development and version control using Git. It provides a distributed version control of Git, bug
tracking, software feature requests, task management, and continuous integration.

The GitHub downloaded images consist of cracks from asphalt and concrete surfaces [79-81] with
varying textures, lighting, and crack sizes as shown in Figure 7a. The images are annotated with
the crack represented as white and the background/non-cracked images represented as black as
shown in Figure 7b.

(b)
Figure 7. GitHub Crack500 Images: (a) Ground Truth, (b) Cracked Images (82 %3]

The total images downloaded were 1552, of which 776 were Red, Green, Blue [RGB] ground truth
images and the other 776 were crack annotated images. The images were sorted in labeled
folders and fed to the image-to-array algorithm. Once pre-processed, the images underwent the
same post-processing procedure. To keep with uniformity, TensorFlow/Kera’s augmentation
parameters [flipping and rotating] were used to enhance the robustness of the dataset, which
doubled the 776 filtered ground truth images and the 776 annotated crack images to a total of
3104 images. Finally, the fed images are split into training [60% (1862 images) of the dataset
allocated to teach the model], validation [15 % (466 images) of the training dataset is used to
evaluate the model’s learning process simultaneously as during training], and testing [25 % (776
images) to test the model on what it has learned with new data].
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4.2.2 Google Street View Image Acquisition

Google Street View (GSV), amongst other functions is an image dataset source that can be
accessed by all, generates and embeds diverse images and roadways metadata without
compromising resolution. The images are derived from a GSV car with a unique setup as shown
in Figure 8a. To maintain consistent image capture conditions with the exemption of light
[day/night] roadway conditions [wet/dry], and roadway material [asphalt/concrete]. The
research focus area is mapped out as shown by the highlighted region in Figure 8b. The
designated images were downloaded through a third-party software ‘Street View Download 360’
designed by Thomas Orlita as shown in Figure 8b. The downloaded images from Google Street
View by default are retrieved in a panoramic format as shown in Figure 8c. The total panoramic
images downloaded were 2009 images, these images were converted to 2-dimensional images
using a CubeMap algorithm.

(a) (b)

(c)
Figure 8. (a) Google Street View image retrieval car/equipment, (b) Street View Download
Interface, and (C) Google Street View Panoramic image
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CubeMap returns six, 2-dimensional images, each view represents the orientation/direction of
the Google vehicle as shown in Figure 9. A visual representation of its application is shown in
Figure 10, resulting in a new total dataset of 12054 [2009 images by 6 CubeMap sides] images.

(b)

(d) (e) ()
Figure 9. CubeMap output of panoramic image: (a) Back of GSV car, (b) Front of GSV car, (c)
Right of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car.

(b)
Figure 10. CubeMap output: (a) Visual CubeMap representation, (b) Visual representation of
attached CubeMap images by orientation
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Those images were filtered (to remove debris, sidewalks, and buildings). The remaining unfiltered
images were processed using an image management algorithm to transform, reshape, and
correct the perspective as shown in Figure 11. The GPS metadata was recoded into the output of
the image management algorithm to aid the restitching of the images. The output images were
sorted for unwanted images and stored in labeled [Path 0-5] folders, where 0-5 represents (a-f)
a specific view/orientation of the panoramic image. Therefore, using the principles of relatability,
two hundred images were selected from the total based on the 6th/bottom image exhibiting
roadway crack.

(d) (e) (f)
Figure 11. Image Management output of panoramic image: (a) Back of GSV car, (b) Front of GSV
car, (c) Right of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car.

The stored 200 filtered images were annotated, using a third-party software ‘paint.net’ designed
by Microsoft [82, 83]. Paint.net was used to create a masked version of the “Cracked images” as
shown in Figure 12a, of the original RGB image “Ground Truth” as shown in Figure 12b in black
and white, with white representing the background and black representing the cracks on the
roadway.
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\ v[\,“
(a) (b)

Figure 12. Visual representation of machine learning model Input Image; (a) Ground Truth, (b)
Annotated Crack Image

Figure 13 represents image management including (a) rotated front Image, (b) untransformed
bottom image, (c) rotated back Image, and (d) concatenated image of the CubeMap outputs. The
images were saved in a different folder while keeping their original labeling and then fed into an
image-to-array algorithm. Finally, each CubeMap output image was horizontally concatenated in
the order and saved from the management algorithm as shown in Figure 13.

(d)
Figure 13. Image management: (a) rotated front Image, (b) Rotated back Image, (c)
Untransformed bottom image, and (d) Concatenated image of the CubeMap outputs
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The pre-processed 2048 pixels by 2048 pixels images were fed to the image-to-array algorithm.
The algorithm resizes the images to 160 pixels by 160 pixels, converts them to a string, and saves
it to memory. The images were resized for computational memory processing reasons and fed to
a machine learning model [an FCN with deep dense convolutional layers] for training.
TensorFlow/Kera’s augmentation parameters [flipping and rotating] were used to enhance the
robustness of the dataset, which doubled the 200 filtered ground truth images and the 200
annotated crack images to a total of 800 images. This is to address the issue of crack/non-crack
unbalanced dataset [76]. Finally, the fed images are split into training [60% (600 images) of the
dataset allocated to teach the model], validation [15% (120 images) of the dataset is used to
evaluate the model’s learning process simultaneously during training], and testing [25% (200
images) to test the model on what it has learned with new data].

4.2.3 Image Stitching

This section describes the efforts conducted to reattach (stitch) the GSV panoramic images that
were converted to 2D by the CubeMap algorithm, back to a landscape image, highlighting only
the roadway surface (i.e., for any designated area without the noise from buildings, plants, and
other obstructions). The Google Street View images downloaded were accompanied by a .json
file. The file holds important unstructured metadata for the images and was exported to Excel.
This is to extract and organize the data in a structured manner chronologically using the GPS
latitude (LAT) and longitude (LONG) coordinates. The processed data is saved as a .csv file. The
file is fed into a data tracking algorithm appendix, and a GPS stitching algorithm. The data tracking
algorithm converts the image pixels into GPS coordinates, which are superimposed onto a street
map [OSM] as shown in Figure 14.
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Figure 14. GPS Tracking of images in the dataset

ST R I D E Southeastern Transportation Research,
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

Some images cannot be stitched due to the panoramic image lacking details of the intersection.
Once the view is corrected through the image management algorithm, the corrected images lack
pavement details to be used for the image stitching. Another limitation stems from the disjoint
connection between two images from the driver switching lanes.

4.3 Crack Detection

4.3.1 General Description

Neural networks and more specifically, artificial neural networks (ANNs), are the backbone of
machine/deep learning models as they imitate the human brain through a set of algorithms [84,
85]. At a basic level, a neural network is made up of four main components: input variables,
weights, bias or threshold, and an output shown in Figure 15. An algebraic/ mathematical
expression of those components is shown in Equation 2.

m

z w;X; + bias = wyxq + wyXx, + Wixs (2)
i=1

Perceptron is used to define the features in the input data. Perceptron primarily leverages
sigmoid neurons and represents values from negative infinity to positive infinity [16, 33].
Therefore, if the output of any individual node is above the specified threshold value, that node
is activated, sending data to the next layer of the network. Else, no data is transmitted to the
next layer of the network. This process is constantly repeated for any decision made because of
the numerous hidden layers [86]. Deep learning algorithms require each hidden layer to have a
specific activation function, which facilitates the efficient transfer of information from the
previous layer into the next one. Afterwards the outputs from the hidden layers are generated
and used as inputs to calculate the final output of the neural network. This process is like linear
regression but distinctively different because unlike linear regression a change in a single neural
network weight imparts the total outcome [as the output of a changed weight layer, becomes
the input of the next layer thus causing a domino effect].

Deep neural network
Input layer Multiple hidden layers Output layer

Q000
RQRRLY

Figure 15. Neural Network Feed Forward Neurons Movementmor' Reference source not found.
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Most deep neural networks are feedforward as shown in Figure 15 (i.e., the neuron’s flow in one
direction only, from input to output). However, backpropagation, when employed, causes the
neurons to move in the opposite direction from output to input while calculating and attributing
the error associated with each neuron. Neural networks can be classified into distinct types,
based on their intended purposes [40]. Data usually is fed into these models to train them, and
they are the foundation for computer vision, natural language processing, and other neural
networks.

Convolutional neural networks (CNNs) are similar to feedforward networks, but they’re usually
utilized for image recognition, pattern recognition, and/or computer vision, the algorithm utilizes
principles from linear algebra, particularly matrix multiplication, to identify patterns within an
image, and finally recurrent neural networks (RNNs) are identified by their feedback loops, the
algorithm primarily leverages using time-series data to make predictions about future outcomes,
such as stock market predictions or sales forecasting [76].

4.3.2 Built Models

4.3.2.1 U-Net

Ronneberger et al. [79] proposed an elegant fully convolutional network architecture by Long et
al. [80], by modifying, and extending the architecture operation such that training images
generate precise segmentations. The network and training strategy relies on the strong use of
data augmentation to maximize the available annotated samples more efficiently. While Long’s
approach was to contract the network by successive layers, substituting pooling operators for
up-sampling operators to increase the resolution of the output; however, Ronneberger’s
modifications included many feature channels in the up-sampling, which allow the network to
propagate context information to higher-resolution layers. The architecture as shown in Figure
16, consists of a contracting path to capture context and a symmetric expanding path that
enables precise localization. Drop-out layers were applied to the end of the contracting path, to
perform further implicit data augmentation. Its shape yields a U-shaped architecture, hence the
name U-Net.
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Figure 16. U-Net Architecturel’!

4.3.2.2 CrackPix

Proposed CrackPix, is a deep fully convolutional neural network (FCN) for pixel-level defect
detection in concrete infrastructure systems. CrackPix leverages a modified VGG-16 proposed for
the 1,000-class Image-Net challenge [81], which was pertained for image classification and dense
predictions by transforming their fully connected layers into convolutional filters. The proposed
architecture as shown in Figure 17, was built with four parallel NVIDIA Tesla P100 GPU nodes
with 100GB Ram. Upsampling [2x, 4x, 8x, 16x, 32x], and resizing the prediction heatmap to the
size of the input images. CrackPix can work on images of arbitrary size and provide pixel-level
detection of the cracks. Image data used to develop the model was sourced from a wide variety
of concrete surfaces that include bridges, buildings walls, slabs, and sidewalks at various
distances and carefully annotated at the pixel level. All 5 unsampled [2x, 4x, 8x, 16x, 32x] versions
were modeled; however, the 2x was the most precise in its prediction.
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Figure 17. CrackPix Architecturel78

4.3.2.3 DenseNet

Li et al. [87] proposed a densely connected and deeply supervised network as shown in Figure
18, to improve the accuracy and robustness of existing automated crack detection methods. In
this approach, the densely connected layers are first applied to enhance the propagation and
reuse of crack features, followed by the deeply supervised modules designed to make the
network extract more noteworthy features through multi-scale levels, a deconvolution layer to
resize the feature map to the original size with a cross-entropy loss function and lastly, a fusion
model to fuse the image feature and semantic features from different levels. The proposed
method evaluated three open-source datasets. Based on the similarity between crack detection
and edge detection, Optimal dataset scale (ODS) and Optimal image scale (OIS) thresholding were
applied to evaluate the model’s performance. A portion of Crack500 images was used to train
the proposed method, and the rest for test data, in addition to AEL and Cracktree200 datasets.
To increase the robustness of the model image enhancement methods rotation and clipping are
used to enhance the training data, with stochastic gradient descent (SGD) momentum adopted
for network parameters optimization. The model was implemented and trained with a pyTorch
framework and evaluated on a 64GB Ram, 11GB GeForce GTX 1080 Ti and 8700 CPU @ 3.2GHz.
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Figure 18. DenseNet Architecturel®’!
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4.3.2.4 UABIiNet

Image classification based on convolutional neural networks requires a few sequentially
organized convolutional and max/ average pooling layers, to extract features from any input
[Image], with the fully connected layers performing the image classification, by designating one
of the few categories to each image binary detection, in our case cracked or non-crack. UabiNet
machine learning model uniquely combines the strength of three high-performing models, a fully
connected network, a dense and deeply supervised CNN, and the U-Net symmetric contracting /
expanding ability, which enables precise localization, to create an efficient deep dense fully
connected network. The VGG-19 architecture was prioritized as opposed to the VGG-16 adopted
by Alipour et al. [79], to make the model network deeper. UabiNet utilizes Alipour’s approach
with the exemption of the max-pooling layer being replaced with average pooling. The
arrangement for the architecture utilizes [87], with the exemption of the fusion module and U-
Net’s contracting and expanding approaches with the exemption of the dropout layers.

The network as shown in Figure 19, is composed of convolutional, dense connection, conversion,
and deconvolution layers. The network takes an RGB roadway image and outputs a crack
prediction map with the same size as the input as shown in Figure 19. After the input, the
multiscale feature maps are extracted by the convolution and dense connection modules, that
are connected by the conversion modules which compresses the dense features from the
previous modules to alleviate feature redundancy [87]. All filters were initialized from pre-trained
VGG19 weights to transfer its feature extraction knowledge, except the upsampling layer, which
was initialized to bilinear upsampling and then learned [76]. During training, the loss function of
the feature maps generated by the model is calculated. The pooling operations reduce the sizes
of the feature maps’ spatial resolution, therefore deconvolution/ transposed convolution is used
to restore the feature map to the original image size before obtaining the final crack prediction
map [76].
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Figure 19. UABiNet Architecture

Using the VGG-19 blocks for dense modules, the dense connection module in each layer applies
the concatenation of feature maps produced from all previous layers as one of the inputs for all
preceding layers as shown in Figure 20.
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Figure 20. Dense Block Connection Mechanism[®”)
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The mathematical representation of the Dense Module in VGG-19 blocks is given in Equation 3.

Dn, | = HI ([Dn,l, Dnyl, ... Dn, I-1]) (3)
where Dn,1 and Dn are input and output of the n-th dense connection module, and the output
of the layers in the module are Dn,| [the output of the ith layer in the dense connection module
n], while [Dn-l, Dn,l..., Dn,l-1] refers to the concatenation of feature maps from all layers 1,...,I-1.
And the nonlinear transformation Hi (O0) is a composite function of 3 x 3 convolutions.
Incorporating dense connections of features in different layers, the modules can alleviate the
gradient vanishing problem. The conversion modules connect the dense connection modules, by
using a 1 x 1 convolution layer alongside a 2 x 2 average-pooling layer to facilitate calculation and
to fuse features of various levels from the dense connection module.

Afterwards a devolution block receives the input and concatenates the features from previous
dense modules in channel dimension using expanding channel depths like the Unet [64, 128, 256,
512]. During training, after each forward pass of data through the network, the per-pixel loss
(error) between the predictions and ground truth is calculated using a Binary Focal loss function
[119] as shown in Equation 4.

FL(pt) = —at(1 — pt)y log(pt) (4)

Images of cracked surfaces are usually dominated by non-crack pixels, causing a pixel
classification issue that skews the prediction towards non-crack pixels. To balance resolve that,
binary focal loss was implemented. The Focal Loss is designed to address object detection
scenario with an extreme imbalance between foreground and background classes during the
training [88].

The model was also trained using the stochastic gradient descent (SGD) algorithm, which
minimizes the loss function by iteratively updating the weights on small random sets of training
data. In each epoch, the gradients of loss concerning the weights are calculated and a learning
rate of the gradient is added to the weights from the previous step. It incorporates a contracting
path and an expansive path, with repeated application of padded two 3 x 3 convolutions, each
followed by a ReLU, a 2x2 average pooling operation with a stride of 2 for down-sampling, and
batch normalization. After each average pooling step, the feature channels are doubled (i.e., 64,
128, 256, 512), and the expansive path up-samples the feature map followed by a concatenation.
In total the network has 16 convolutional layers. The training was performed for 90 epochs with
a batch size of 3 on 160 x 160 input images. A learning rate of 10~3 was used for training of the
model. Implementation and training of the UabiNet models were conducted on Jupyter
Notebook within Cheaha [UAB super-computer], utilizing the Anaconda environment. Jupyter
Notebook is a Python package with tensor computations.
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4.3.3 Crack Index

Once the model is completely post-processed, it is trained and evaluated on its training and
testing dataset, saved, and further evaluated specifically on the US Highway dataset, to detect
the highway crack and to determine the correlation, if any, between the roadway conditions and
traffic data. The input images for the testing are fed into an image management algorithm, which
converts the RGB images of the highway into grayscale shown in Figure 21a.

Ground Truth Model’s Prediction

" - —— v

(a) (b)
Figure 21. Highway RGB to Grayscale Image and Crack Detection

The borderless output [965 x 966] from the image management algorithm is then saved
chronologically and fed into a crack count algorithm. The algorithm counts the white and black
pixels, determines if it is cracked or uncracked, and exports the information to Excel for the crack
index to be determined. Using Excel, the crack index is calculated on a pixel level, using Equation
5.

Total Crack Pixels per TMC

_ 5
Crack Index Total Pixels Per TMC B
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4.4 Statistical Analysis
To determine potential correlation, the two variables (TTl and Crack Index) were normalized prior
to performing the t-tests. The purpose of normalization is to convert variables into a similar scale
in order to improve the performance and training stability of the dataset. One of the four
normalization techniques named ‘scale to range’ was used. The data were converted from their
natural range to a standard range, usually 0 to 1. The formula used for normalization of the TTI
and Crack Index is represented by Equation 6:
r X = Xmin
X = (6)
Xmax ~ Xmin
where x' is the normalized value, x is the raw value, Xmin is minimum value of raw data, and Xmax
is maximum value of raw data. Once the data were normalized, the maximum and minimum
values from the 5 years datasets for both variables were taken for performing Pearson’s
correlation and t-tests. At first, a Pearson correlation coefficient was used to identify the linear
association between the two variables (TTI and Crack Index). In general, a positive correlation
means that as one variable increases, the other one increases too and vice versa. Also, a negative
correlation means that when one variable increases the other one decreases and vice versa. For
the analysis, Microsoft Excel’s function was used. To determine if the correlation coefficient was
statistically significant, a t-test had been performed, which involved calculating a t-score and a
corresponding p-value. The formula to calculate the t-score is given by Equation 7:
rvn—2
t=—- (7)
1—1r2
where t is the t-test score, r is the correlation co-efficient, and n is the number of observations
(i.e., sample size). In the t-test, two types of hypotheses are defined, namely the null hypothesis
and the alternative hypothesis. The null hypothesis specifies that there is no significant
correlation between the two groups by default. A t-value that is greater than the critical value
(tc), the null hypothesis is rejected. If the t-value is less than the critical value (t¢), the null
hypothesis should be accepted, and the alternative hypothesis will be rejected. The confidence
interval (i.e., level of significance) should have to be fixed for determining the critical value. the
level of significance (i.e., p-value) was considered as 0.10. Using the t-table chart, the critical
value (tc) was identified. The p-value is calculated as the corresponding two-sided p-value for the
t-distribution with n-2 degrees of freedom. The t-test analysis was applied for both maximum
and minimum normalized values of TTl and Crack Ratio as well as for a year-by-year basis.
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5 Results and Discussions

5.1 Pavement Cracks

5.1.1 UNet

This model was built with a binary focal loss function. The dataset was divided into training [60%:
600 images], validation [15%: 120 images], and testing [25%: 200 images]. In each
iteration/epoch, the training set was used to train the model. The model was evaluated on the
validation set to report its performance. Each layer is batch normalized, a Rectified Linear Unit
Function [RELU] activation is added to the fully connected layers and a SOFMAX activation was
adapted on the last fully connected layer for binary classification of crack versus non-crack. The
model had a total of 1,947,970 parameters [1,944,546 trainable and 3,424 nontrainable]. Using
the training dataset, the model trained for 94 epochs, showing the convergence of the weights
earlier due to less trainable parameters. The model completed each epoch for training and
validation under 1 minute, and the changes in the loss function and the crack MIOU during
training are shown in Figure 22. The model’s prediction after training with the UAB dataset was
evaluated on the training and testing ability as shown in Figure 23.
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Figure 22. UNet Left [Epoch against Loss] and Right [Epoch against MIOU]
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Ground Truth Annotated Crack Model’s Prediction
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Figure 23. UAB data comparison of U-Net architecture prediction between training data and
testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction
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5.1.2 CrackPix

CrackPix utilized TensorFlow/Kera’s library to retrieve the VGG-16 model with its pertained
ImageNet weights. The model is composed of a total of 19 layers including the input layer. The
model input was a 160 x 160 x 3 RGB image. The dataset was divided into training [60%: 600
images], validation [15%: 120 images], and testing [25%: 200 images]. In each iteration/epoch,
the model was evaluated on the validation set to report its performance. Each layer is batch
normalized, a RELU activation is added to the fully connected layers. A SOFMAX activation was
adapted on the last fully connected layer for binary classification of crack versus non-crack. Using
the training dataset, the model was trained for 96 epochs. The model completed each epoch for
training and validation in under 3 minutes. The model had a total of 137,191,882 parameters
[137,164,614 trainable and 27,268 nontrainable]. Figure 24 presents the variations in the loss
function and crack 10U during training for the fully connected network with a 2x up-sampling.
The models were evaluated after training, on both the training and testing dataset as shown in

Figure 25.
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Figure 24. CrackPix Left [Epoch against Loss] and Right [Epoch against MIOU]

Southeastern Transportation Research,
A T 42
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

Ground Truth Annotated Crack Model’s Prediction
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Figure 25. UAB data comparison of CrackPix architecture prediction between training data and
testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction
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5.1.3 DenseNet

This model applied UAB dataset [160 x 160 x 3 RGB image] as input. This model had a binary focal
loss function. The model input was a 160 x 160 x 3 RGB image. The dataset was divided into
training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200 images]. In each
iteration/epoch, the training set was used and then evaluated on the validation set to report its
performance. Each layer is batch normalized, a RELU activation is added to the fully connected
layers. A SIGMOID activation was adapted on the last fully connected layer for binary
classification of crack versus non-crack. The model had a total of 3,998,098 parameters
[3,993,472 trainable and 4,626 nontrainable]. Using the training dataset, the model trained for
37 iterations/epochs, showing the convergence of the weights as shown in Figure 26. The model
took approximately 1 minute and 5 seconds to complete. The model was evaluated after training,
on both the training and testing dataset as shown in Figure 27.
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Figure 26. DenseNet Left [Epoch against Loss] and Right [Epoch against MIOU]
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Ground Truth Annotated Crack Model’s Prediction
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Figure 27. UAB data comparison of DenseNet architecture prediction between training data
and testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction
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5.1.4 UABINet

Recurring Traffic Congestion

The model’s input was reduced from 1440 x 2560 to 160 x 160 RGB image. The dataset was
divided into training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200
images]. The model was trained for 46 iterations/epochs, showing the convergence of the
weights earlier as shown in Figure 50. However, it converged later than the other models. The
model completed each epoch for training and validation in under 20 minutes. The model was
evaluated after training, on both the training and testing dataset as shown in Figure 51.
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Figure 28. UABiNet Left [Epoch against Loss] and Right [Epoch against MIOU]
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Ground Truth Annotated Crack Model’s Prediction
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Figure 29. UAB data comparison of UabiNet architecture prediction between training data and
testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction
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5.1.5 Comparison of Models

The model’s performance was evaluated on both the training and testing. The models were
evaluated based on the ratio of correct crack predictions to total crack pixels [Recall], the ratio
of correct crack precisions to all crack predictions [Precision], the harmonic means of precision
and recall [F1 Score]. Lastly, the ratio of the intersection of the ground truth and the predictions
to their union the intersection over union [MIOU] was computed. Table 3 and Table 4 summarize
the performance metrics comparison of all the models on the training and testing datasets. As it
can be seen, UABiNet exhibits superior performance in all performance metrics considered, and
this is the preferred model among the four models considered in this study.

Table 3. Performance Metric on Training Dataset

Metric UNET CrackPix DenseNET UABIiNet
Recall 0.7486 0.7882 N/A 0.8301
F1 Score 0.5759 0.5975 N/A 0.7610
Precision 0.4680 0.4810 N/A 0.7026
MIOU 0.6962 0.7074 0.6582 0.8033

Table 4. Performance Metric on Testing Dataset

Metric UNET CrackPix DenseNET UABIiNet
Recall 0.6716 0.6287 N/A 0.6706

F1 Score 0.4684 0.4145 N/A 0.4801
Precision 0.3596 0.3092 N/A 0.3739

MIOU 0.6459 0.6233 0.6266 0.6510

5.2 Data Correlation

Table 5 encompasses all the Traffic Message Channel (TMCs) along I-65 and US-31 that were
considered in this study and was used to examine potential correlations between TTI and Crack
Index. The analysis involved a sample size of 57, with 39 TMCs for I-65 and 18 TMCs related to
US-31. The t-tests were conducted over a span of five years, from 2018 to 2022, and presented
on a yearly basis. The correlation between TTI and Crack Index was found to be negative,
indicating a weak and counter-intuitive statistical relationship. The year-by-year analysis showed
that the t-test value for the year 2021 exceeded the critical t-value, signifying their statistical
significance at a 90% confidence level.

Southeastern Transportation Research,
I 48
Innevation, Development and Education Center




Project Title: Analysis of Impacts of Pavement Quality Deterioration on
Recurring Traffic Congestion

Table 5. Correlation and t-test values of all 57 TMCs

Statistic 2018 2019 2020 2021 2022

r -0.1437 -0.0493 -0.2096 -0.2438 -0.0454

n 57 57 57 57 57

t-test score -1.077 -0.366 -1.589 -1.864 -0.337

p-value 0.286 0.715 0.117 0.067 0.742

Results Not Not Not Significant Not
significant significant significant significant

Note: Critical t (tc) 90% Confidence Interval = 1.67

Table 6 presents the analysis of the Traffic Message Channels (TMCs) specifically for 1-65,
exploring their correlation and t-test results. The study utilized a sample size of 39 TMCs and
comprised a five-year period, from 2018 to 2022, with the findings organized on an annual basis.
The correlation between TTl and Crack Index was generally negative, indicating a weak statistical
relationship, except for the year 2019 when a positive correlation was observed, although
statistically weak. Furthermore, the t-test values for both 2019 and 2021 surpassed the critical t-
value, demonstrating their statistical significance at a 90% confidence level.

Table 6. Correlation and t-test values of 1-65 (39 TMCs)

Statistic 2018 2019 2020 2021 2022

r -0.267 0.278 -0.265 -0.268 -0.053

n 39 39 39 39 39

t-test score -1.685 1.761 -1.673 -1.693 -0.322

p-value 0.1004 0.087 0.103 0.098 0.749

Results Not Significant Not Significant Not
significant significant significant

Critical t (tc) 90% Confidence Interval = 1.684
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Table 7 presents the correlation and t-test outcomes specifically for US-31. The investigation
involved a sample size of 18 and comprised a five-year period, from 2018 to 2022, with the
findings organized on an annual basis. The correlation between TTI and Crack Ratio exhibited a
predominantly negative trend, suggesting a weak statistical relationship. Moreover, the t-test
values for all the years were found to be lower than the critical t-value except for the year 2018,
indicating their statistical insignificance at a 90% confidence level.

Table 7. Correlation and t-test values of US-31 (18 TMCs)

Statistic 2018 2019 2020 2021 2022

r 0.4983 -0.2903 0.0614 -0.1537 0.0091

n 18 18 18 18 18

t-test score 2.299 -1.213 0.246 -0.622 0.036

p-value 0.0353 0.243 0.808 0.543 0.972

Results Significant Not Not Not Not
significant significant significant significant

critical t (tc) 90% Confidence Interval = 1.746
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Table 8 considers the relationship between TTI and Crack Index for all TMCs in two different
viewpoints: one considers the maximum TTI, and maximum Crack Index observed over the course
of five years for each TMC, while the other focuses on the minimum TTIl and minimum Crack
Index within the same five-year period. The findings reveal a negative and weak correlation
among the 57 observations. Additionally, the t-test values for both perspectives were found to
be lower than the critical t-value, signifying their statistical insignificance at a 90% confidence

level.

Table 8. Correlation and t-test values for all TMCs considering Max TTl and Max Crack Ratio

Statistic Max TTl and Max Crack Ratio | Max TTl and Max Crack Ratio
r -0.126698 -0.1631

n 57 57

t-test value -0.947248 -1.2262

p value 0.347 0.225

Result Not Significant Not Significant

critical t (tc) at 90% confidence level = 1.67
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6 Conclusions and Recommendations

This research successfully demonstrated the use of machine learning algorithms to assess
pavement quality from Google Street View images. The Travel Time Index (TTl) was used to
quantify traffic congestion and a pavement Crack Index was developed to quantify pavement
deterioration. Attempts were also made to establish correlations between those two indices,
thus examining the possible impact of cracked pavements on travel time in an urban setting.

Although the research hypothesis proposed a positive correlation between the two indices,
suggesting that higher travel time would be associated with a higher crack ratio, the results
obtained were mixed and counterintuitive. In the year-by-year analysis, statistically significant
findings were observed for 2020 and 2021 (Table 5); however, the correlations were inverse and
weak. Similarly, when focusing solely on I-65, statistically weak positive relationships were
discovered in 2019, while statistically negative and poor relationships were found in 2021 (Table
6). Tables 7 and 8 presented statistically insignificant results, which are challenging to explain.

One possible explanation for these outcomes could be the omission of other congestion-related
factors, such as changes in traffic volume, changes in traffic composition, impacts from crashes,
and impacts from weather conditions and other environmental factors. Another factor to
consider is that I-65 and US-31 are separate facilities with different characteristics and potentially
different maintenance or physical management approaches, making the results difficult to
interpret. Moreover, the sample size remains relatively small, with only 57 samples total, which
limits the conclusiveness of the findings. To reach more reliable conclusions, it would be
beneficial to augment the dataset with additional data points, allowing for more robust statistical
analyses. Another limitation in this research is the lack of data regarding the maintenance
locations and timelines that were conducted during the five-year period of the analysis (i.e., 2018
to 2022). Also, it is worth noting that the traffic patterns for the years between 2020 and 2022
are heavily altered due to the COVID-19 pandemic and shift towards remote working
environments. Therefore, it is recommended to expand the analysis on different types of
corridors and vastly assess traffic and pavement data on a regional level (i.e., city and state). Also,
it is essential to consider the weather patterns, pavement maintenance data and scheduling, and
traffic patterns. Furthermore, analyzing the data monthly rather than on a yearly basis can
provide further insight. For future investigations, it is recommended to assess the potential
correlation of TTl values and alternative pavement cracking indices such as Present Serviceability
Index (PSI), and International Roughness Index (IRI). PSI and IRI are representative of segments
with high volumes and poor pavement conditions. Therefore, the consideration of such indices
might provide a better understanding of the pavement condition and traffic congestion.
Moreover, the congestion should be analyzed in reference to the shape of flow curves and
pavement quality.

To mitigate congestion and improve network performance, it is important for departments of
transportation to prioritize locations in urgent need of pavement improvements. By
implementing methodologies for pavement inspection, such as the use of images collected by
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vehicles with mounted cameras, drones, and traffic closed-circuit television (CCTV) cameras,
timely interventions for deteriorated pavement can be made to reduce the likelihood of
congestion occurrence. Overall, monitoring congestion that accounts for pavement conditions
and their impact on traffic performance is highly desirable as it can identify actions that are
appropriate and beneficial to combat congestion and improve network performance.
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Appendix A. Travel Time Index
Table 9. TTI Data for 165

TMCS 2018 2019 2020 2021 2022
101N04377 4.27 5.27 2.53 1.28 1.72
101N04380 2.54 3.24 2.97 1.35 1.94
101N04379 4.70 5.26 4.09 1.71 3.06
101N04376 2.55 3.43 4.85 2.35 4.20
101-04375 1.84 2.83 6.76 2.25 3.94
101-04378 4.56 7.48 5.52 1.65 3.67
101N04375 2.11 2.55 5.48 1.10 1.81
101N04374 1.71 1.53 3.89 1.30 1.86
101-04374 1.83 2.66 2.92 2.60 2.51
101-04377 4.79 5.25 2.81 2.44 2.61
101N04378 4.75 5.10 1.46 1.20 1.64
101N04381 1.19 1.37 2.66 1.27 1.88
101-04376 2.87 4.04 3.20 1.42 2.60
101-04380 1.84 2.54 4.97 2.51 3.86
101-04379 4.58 6.75 5.10 2.34 4.18
101-04381 1.45 2.63 4.46 2.06 3.91
101+04375 1.65 4.57 2.00 1.08 1.49
101+04376 1.54 4.25 1.63 1.14 1.50
101+04377 1.75 4.21 1.63 1.50 1.67
101+04379 1.66 3.51 2.06 0.93 0.95
101+04380 1.53 3.01 1.98 0.94 1.12
101+04381 1.46 2.37 1.54 0.92 1.00
101+04382 1.27 2.14 1.40 0.94 1.00
101P04375 1.43 3.29 1.23 1.04 1.39
101P04376 1.80 4.10 1.15 1.33 1.58
101P04377 1.70 3.48 1.61 1.09 1.15
101P04378 1.65 2.88 1.69 0.92 0.94
101P04379 1.74 241 1.37 0.92 0.99
101P04380 1.47 2.02 1.35 0.92 1.03
101P04381 1.34 1.95 1.20 0.93 1.01
101+04378 1.56 4.48 2.32 0.92 0.95
101+04373 1.86 2.55 2.30 1.23 1.999
101+04374 1.58 1.88 1.77 1.15 1.521
101-04372 1.16 1.20 1.16 1.18 1.24
101-04373 1.44 1.66 1.62 1.16 1.49
101N04372 1.07 0.97 0.93 0.97 1.06
101N04373 1.20 1.28 1.26 1.06 1.22
101P04373 1.62 2.09 1.85 1.22 1.573
101P04374 1.49 1.68 1.46 1.06 1.553
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Table 10. Normalized TTI Data for 165

TMCS 2018 2019 2020 2021 2022
101N04377 0.86 0.66 0.27 0.21 0.24
101N04380 0.39 0.35 0.35 0.26 0.31
101N04379 0.98 0.66 0.54 0.47 0.65
101N04376 0.40 0.38 0.67 0.85 1.00
101-04375 0.21 0.29 1.00 0.79 0.92
101-04378 0.94 1.00 0.79 0.43 0.84
101N04375 0.28 0.24 0.78 0.10 0.27
101N04374 0.17 0.09 0.51 0.23 0.28
101-04374 0.21 0.26 0.34 1.00 0.48
101-04377 1.00 0.66 0.32 0.90 0.51
101N04378 0.99 0.63 0.09 0.16 0.21
101N04381 0.03 0.06 0.30 0.21 0.29
101-04376 0.49 0.47 0.39 0.30 0.51
101-04380 0.21 0.24 0.69 0.94 0.90
101-04379 0.94 0.89 0.72 0.84 0.99
101-04381 0.10 0.26 0.61 0.68 0.91
101+04375 0.16 0.55 0.18 0.10 0.17
101+04376 0.13 0.50 0.12 0.13 0.17
101+04377 0.18 0.50 0.12 0.34 0.22
101+04379 0.16 0.39 0.19 0.01 0.00
101+04380 0.12 0.31 0.18 0.01 0.06
101+04381 0.11 0.22 0.11 0.00 0.02
101+04382 0.05 0.18 0.08 0.01 0.02
101P04375 0.10 0.36 0.05 0.07 0.14
101P04376 0.20 0.48 0.04 0.24 0.20
101P04377 0.17 0.39 0.12 0.10 0.06
101P04378 0.16 0.29 0.13 0.00 0.00
101P04379 0.18 0.22 0.08 0.00 0.02
101P04380 0.11 0.16 0.07 0.00 0.03
101P04381 0.07 0.15 0.05 0.01 0.02
101+04378 0.13 0.54 0.24 0.00 0.00
101+04373 0.21 0.24 0.24 0.19 0.32
101+04374 0.14 0.14 0.14 0.14 0.18
101-04372 0.02 0.04 0.04 0.15 0.09
101-04373 0.10 0.11 0.12 0.14 0.17
101N04372 0.00 0.00 0.00 0.03 0.04
101N04373 0.04 0.05 0.06 0.09 0.08
101P04373 0.15 0.17 0.16 0.18 0.19
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Table 11. TTI Data for US31

TMCS 2018 2019 2020 2021 2022
101-11461 3.19 2.85 4.16 1.12 2.23
101N11460 3.13 10.01 3.52 1.10 1.64
101-11460 3.41 7.56 2.25 4.06 2.39
101+11461 3.26 4.80 2.76 2.75 2.37
101+11462 2.80 5.42 3.13 3.51 3.45
101P11461 4.42 9.10 2.95 7.40 5.50
101P11462 5.22 11.44 4.05 6.31 5.61

Table 12. Normalized TTI Data for US31

TMCS 2018 2019 2020 2021 2022
101-11461 0.16 0.00 1.00 0.00 0.15
101N11460 0.14 0.83 0.66 0.00 0.00
101-11460 0.25 0.55 0.00 0.47 0.19
101+11461 0.19 0.23 0.27 0.26 0.19
101+11462 0.00 0.30 0.46 0.38 0.46
101P11461 0.67 0.73 0.37 1.00 0.97
101P11462 1.00 1.00 0.94 0.83 1.00
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Appendix B. Pavement Quality
Table 13. Pavement Cracking Index for 165

TMCS 2018 2019 2020 2021 2022
101N04377 0.00679 0.00271 0.00267 0.00452 0.00303
101N04380 0.00607 0.03173 0.00309 0.00279 0.01977
101N04379 0.00356 0.00312 0.00335 0.00301 0.00372
101N04376 0.00691 0.00352 0.00515 0.00425 0.00328
101-04375 0.00788 0.00693 0.00199 0.00459 0.00576
101-04378 0.00184 0.01646 0.00362 0.00236 0.00223
101N04375 0.00789 0.00600 0.00528 0.00276 0.00358
101N04374 0.00620 0.00454 0.00373 0.00197 0.00663
101-04374 0.00679 0.00592 0.00373 0.00184 0.00520
101-04377 0.00300 0.00000 0 0 0
101N04378 0.00180 0.02229 0.00356 0.00381 0.00332
101N04381 0.00350 0.00350 0.00373 0.00124 0.00079
101-04376 0.00641 0.00346 0.00477 0.00184 0.00449
101-04380 0.00000 0.00000 0.00000 0.00000 0
101-04379 0.00157 0.00111 0.00038 0.00183 0.00077
101-04381 0.00088 0.00264 0.00356 0.00097 0.00091
101+04375 0.00728 0.00839 0.00365 0.00236 0.00284
101+04376 0.00472 0.00672 0.0036233 0.00516 0.00310
101+04377 0.00614 0.00629 0.00444 0.00351 0.00260
101+04379 0.00082 0.00112 0.0013294 0.00134 0.00078
101+04380 0.00218 0.00216 0.00068 0.00157 0.00057
101+04381 0.00000 0.00588 0.0076355 0.00547 0.00383
101+04382 0.01047 0.00973 0.00404 0.00075 0.00068
101P04375 0.00759 0.00201 0.00339 0.00478 0.00314
101P04376 0.00831 0.00387 0.00450 0.00426 0.00297
101P04377 0.00430 0.00315 0.00280 0.00492 0.00234
101P04378 0.00297 0.00352 0.00368 0.00496 0.00170
101P04379 0.00442 0.00432 0.00587 0.00593 0.00204
101P04380 0.00560 0.00531 0.00309 0.00102 0.00110
101P04381 0.00591 0.00671 0.00339 0.00075 0.00127
101+04378 0.00000 0.00000 0.00000 0.00000 0.00000
101+04373 0.00475 0.00000 0.00414 0.00674 0.00390
101+04374 0.00731 0.00000 0.00427 0.00447 0.00507
101-04372 0.00515 0.00000 0.00209 0.00345 0.00361
101-04373 0.00540 0.00115 0.00208 0.00265 0.00482
101N04372 0.00839 0.00000 0.00628 0.00491 0.00491
101N04373 0.00732 0.00000 0.00696 0.00443 0.00568
101P04373 0.01661 0.00000 0.01322 0.01004 0.04099
101P04374 0.01019 0.00274 0.01047 0.01146 0.00528
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Table 14. Normalized Pavement Crack Index for 165

TMCS 2018 2019 2020 2021 2022
101N04377 0.41 0.09 0.20 0.39 0.07
101N04380 0.37 1.00 0.23 0.24 0.48
101N04379 0.21 0.10 0.25 0.26 0.09
101N04376 0.42 0.11 0.39 0.37 0.08
101-04375 0.47 0.22 0.15 0.40 0.14
101-04378 0.11 0.52 0.27 0.21 0.05
101N04375 0.48 0.19 0.40 0.24 0.09
101N04374 0.37 0.14 0.28 0.17 0.16
101-04374 0.41 0.19 0.28 0.16 0.13
101-04377 0.18 0.00 0.00 0.00 0.00
101N04378 0.11 0.70 0.27 0.33 0.08
101N04381 0.21 0.11 0.28 0.11 0.02
101-04376 0.39 0.11 0.36 0.16 0.11
101-04380 0.00 0.00 0.00 0.00 0.00
101-04379 0.09 0.04 0.03 0.16 0.02
101-04381 0.05 0.08 0.27 0.08 0.02
101+04375 0.44 0.26 0.28 0.21 0.07
101+04376 0.28 0.21 0.27 0.45 0.08
101+04377 0.37 0.20 0.34 0.31 0.06
101+04379 0.05 0.04 0.10 0.12 0.02
101+04380 0.13 0.07 0.05 0.14 0.01
101+04381 0.00 0.19 0.58 0.48 0.09
101+04382 0.63 0.31 0.31 0.07 0.02
101P04375 0.46 0.06 0.26 0.42 0.08
101P04376 0.50 0.12 0.34 0.37 0.07
101P04377 0.26 0.10 0.21 0.43 0.06
101P04378 0.18 0.11 0.28 0.43 0.04
101P04379 0.27 0.14 0.44 0.52 0.05
101P04380 0.34 0.17 0.23 0.09 0.03
101P04381 0.36 0.21 0.26 0.07 0.03
101+04378 0.00 0.00 0.00 0.00 0.00
101+04373 0.29 0.00 0.31 0.59 0.10
101+04374 0.44 0.00 0.32 0.39 0.12
101-04372 0.31 0.00 0.16 0.30 0.09
101-04373 0.32 0.04 0.16 0.23 0.12
101N04372 0.51 0.00 0.47 0.43 0.12
101N04373 0.44 0.00 0.53 0.39 0.14
101P04373 1.00 0.00 1.00 0.88 1.00
101P04374 0.61 0.09 0.79 1.00 0.13
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Table 15. Pavement Crack Index for US31

TMCS 2018 2019 2020 2021 2022
101-11461 3.19 2.85 4.16 1.12 2.23
101N11460 3.13 10.01 3.52 1.10 1.64
101-11460 3.41 7.56 2.25 4.06 2.39
101+11461 3.26 4.80 2.76 2.75 2.37
101+11462 2.80 5.42 3.13 3.51 3.45
101P11461 4.42 9.10 2.95 7.40 5.50
101P11462 5.22 11.44 4.05 6.31 5.61

Table 16. Normalized Pavement Crack Index for US31

TMCS 2018 2019 2020 2021 2022
101-11461 3.19 2.85 4.16 1.12 2.23
101N11460 3.13 10.01 3.52 1.10 1.64
101-11460 3.41 7.56 2.25 4.06 2.39
101+11461 3.26 4.80 2.76 2.75 2.37
101+11462 2.80 5.42 3.13 3.51 3.45
101P11461 4.42 9.10 2.95 7.40 5.50
101P11462 5.22 11.44 4.05 6.31 5.61
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	ABSTRACT 
	The objective of this proposal is to evaluate the impact of pavement deteriorations on traffic congestion. Furthermore, the proposal investigates the feasibility of developing and implementing machine learning models for detecting pavement cracks and deterioration from google street view images. The crack detection results indicate that the machine learning algorithms had on average a mean intersection over union (MIOU) of 71.0% and 63.5% for the training and testing datasets, respectively. Two main corrido
	In this project, the developed machine learning models and methodologies could be used for crowd-sensing of pavement quality using on-board cameras of smart vehicles. Implementing the methodologies will assist in prioritization of pavement improvements to improve efficiency and mitigate traffic congestion. The successful implementation of the machine learning methodologies can benefit the department of transportation to reduce labor costs associated with pavement survey through implementing neural networks 
	It is recommended to expand the analysis on different types of corridors and vastly assess traffic and pavement data on a regional level (i.e., city and state). Also, it is essential to consider the weather patterns, pavement maintenance data and scheduling, and traffic patterns. 
	Keywords: Crack Detection, Machine Learning, Traffic Congestion, Neural Networks, Pavement Quality 
	  
	EXECUTIVE SUMMARY 
	The US has an extensive road network encompassing 4.2 million miles with 220,000 miles of high-volume corridors. Studies confirm that surface deficiencies of transportation infrastructure cause non-recurrent congestion as they are a contributing factor to 1/3 of all severe traffic crashes in the US. It is argued that poor pavement conditions are also linked to recurrent congestion, when drivers adjust their driving behaviors abruptly to avoid pavement cracks and other infrastructure deficiencies. However, t
	The acquired google street view images were processed using machine learning algorithms to quantify the number of pixels that represent a crack for each image representing a pavement segment. A total of four machine learning algorithms were trained and tested to enhance the accuracy and precision in detecting pixels associated with a crack. One of the machine learning algorithms (UABiNet) was developed by the research team to enhance the prediction metrics and reduce the prediction time. A crack index repre
	Two main corridors in Birmingham, AL, US-31 and I-65 were selected for this project to assess the impact of pavement quality on traffic congestion. The Travel Time Index (TTI) was computed and used to quantify traffic congestion. Although the research hypothesis proposed a positive correlation between the two indices, suggesting that higher travel time would be associated with a higher crack ratio, the results obtained were mixed and counterintuitive. In the year-by-year analysis, statistically significant 
	  
	1 Introduction 
	Traffic congestion is a common phenomenon in urban areas. Many definitions have been proposed to describe traffic congestion on roadways in urban areas. However, there is not a universally accepted definition of traffic congestion [1-3]. From the demand-capacity perspective “Congestion may be defined as the state of traffic flow on a transportation facility characterized by high densities and low speeds, relative to some chosen reference state” [4, 5]. From the delay-travel time related perspective “In the 
	[8]
	[8]


	Effective investment decisions for transportation improvements require monitoring of various aspects of transportation system performance, including congestion [9, 10]. Traffic congestion is closely linked to safety, physical condition, environmental quality, economic development, quality of life, and customer satisfaction [11, 12]. Higher levels of congestion have been associated with the degradation of these factors. Therefore, monitoring congestion and transportation infrastructures is crucial in address
	This research aims to offer an understanding of the connections between pavement quality and traffic operations, while demonstrating the practicality and benefits of adopting an integrated approach to managing pavement quality and traffic data. This approach can be useful for monitoring the performance of both traffic and infrastructure. The quality of roads, which includes pavement quality, can influence driving decisions such as selecting speed, deceleration, and lane changing, ultimately impacting traffi
	[16]
	[16]


	  
	2 Objectives and Motivations 
	Many studies recognize the impact of driving behavior on quality of traffic operations. Road conditions, including pavement quality, may affect driving decisions related to speed selection, deceleration, and lane changing, thus having an impact on the quality of traffic flow and congestion occurrence. For example, abrupt reduction in traffic speed to evade pavement cracks can have a ripple effect that may contribute to deterioration of traffic conditions, especially in busy times. Using selected roadway seg
	  
	3 Literature Review 
	3.1 Impact of Pavement Quality 
	The condition of pavements, which are crucial components of transportation infrastructure, is a major issue in the United States . According to the ASCE report card, U.S. roads have been given a poor grade of D due to significant deficiencies. This poor condition of roads leads to substantial costs for American motorists, who incur an estimated $54 billion per year in repair and operating expenses [19, 20]. Based on the 2012 Urban Mobility Report by the Texas Transportation Institute (TTI), congestion in 85
	[19]
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	Pavement deterioration can be defined as the process by which distress (i.e., defects) develop in the pavement under the combined effects of traffic loading and environmental conditions . Traffic is considered one of the primary factors contributing to pavement deterioration. The magnitude, configuration, and number of load repetitions caused by vehicular traffic in general and heavy vehicles in particular are major factors that influence the performance of pavements [25-27].  
	[25]
	[25]


	There is an argument that poor pavement conditions exacerbate recurring congestion, as drivers may suddenly adjust their driving behaviors to avoid pavement cracks and other deficiencies in the infrastructure. Nevertheless, the literature lacks comprehensive documentation of such connections. Still, it is reorganized that the deterioration of highways' pavement condition has a negative impact on the convenience, cost, and safety of the drivers. Damages on road surfaces can prompt drivers to slow down or man
	[31]
	[31]


	3.2 Machine Learning (ML) 
	Structural health monitoring (SHM) in its simplest form involves recurrent visual observation, and assessment of structural conditions (cracking, spelling, and deformations). However, these processes require data collection, data processing, and data diagnosis, which historically were very costly, labor intensive, and often unreliable . Present-day research provides the opportunity to develop effective and reliable means of acquiring, managing, integrating, and interpreting SHM performance data to attain th
	[32]
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	In Bridges for example, a three-level deep learning-based method was proposed by Liang X , for inspecting post-disaster bridges, using a visual geometry group (VGG-16) model to detect system-level failure, and using Faster regions with convolutional neural networks (R-CNN) and SegNet to detect component-level and local-level damage, respectively , while Kim et al.  proposed a unmanned arial vehicle (UAV) and R-CNN-based approach to detect cracks in aged concrete bridges. Khodabandehlou et al.   set up an el
	[36]
	[36]

	[33]
	[33]

	[41]
	[41]

	[38]
	[38]

	Duan et al. 
	[39]
	[39]

	 proposed a CNN-based approach to detect bridge damage by acceleration responses. Utilizing a numerical analysis of a tied arch bridge with different damage conditions to generate acceleration responses and applying the acceleration responses and generated Fourier spectra as the dataset. Boa et al. 
	[42]
	[42]

	 developed an auto-encoder-based network to detect data anomalies. The proposed algorithm used a pre-trained VGG-16 fine-tuned classifier and a pre-trained VGG-16 with a fine-tuned convolution layer and a classifier, using the acceleration data from a cable-stayed bridge for validation. Dung 
	[43]
	[43]

	 compared three deep learning-based methods based on transfer learning to detect the cracks at the welded joints of gusset plates in bridges.  

	Structural damage detection in Tunnels and Railways saw an implementation of deep ML in its monitoring. For example, Huang et al.  employed an fully convolutional neural network (FCN) based on two-stream approach to semantic segmentation for cracks and leakages in tunnels. Li et al.  proposed an image processing and Faster R-CNN-based framework to detect tunnel cracks. Gilbert et al.  proposed a CNN-based framework to detect multiple railway damages, with its framework sharing three convolutional layers for
	[44]
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	[45]
	[45]

	[46]
	[46]

	[47]
	[47]
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	Ground movements from soil settling, sinking holes, and earthquakes are the greatest contributors to the wear and tear of civil building infrastructures. That has inspired the implementation of deep learning approaches to building infrastructure. For example, Yeum et al.  proposed an AlexNet-based two-stage framework for collapse classification and spalling detection in post-event analysis for concrete buildings. Using a dataset for post-event reconnaissance images built by collecting images after natural d
	[49]
	[49]

	[50]
	[50]

	[51]
	[51]

	[52]
	[52]

	[53]
	[53]

	[54]
	[54]

	[55]
	[55]

	[56]
	[56]

	 proposed a SegNet-based context-aware fusion algorithm to detect cracks in images of arbitrary sizes.  

	Utilizing CrackForest, management dataset, Tomorrows Road Infrastructure Monitoring dataset, and Customized Field Test dataset for the validation . Li et al.  proposed a Faster R-CNN-based framework to detect and localize multiple defects in different scenarios. To strengthen the algorithm’s ability, multi-scale training, data augmentation, a location block, and negative mining strategies were adopted for the localization of defects. Kim and Cho  proposed a Masked R-CNN-based framework for the detection and
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	Structural maintenance is dependent on the structures showing characteristics of long-term wear from their repetitive structural service. Structural maintenance is subdivided into transportation and buildings. Machine learning-induced structural maintenance from building infrastructures has improved in recent years. Oh et al.  proposed a CNN-based architecture to predict strain levels of tall buildings under wind loadings, using a dataset with displacements and wind speeds, derived from a wind tunnel test o
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	Structural maintenance of transportation infrastructures has seen great advancement as well. For instance, Liang et al.  set up a multi-scale SHM system to assess the serviceability of the bridge based on a Hadoop Ecosystem. Li et al.  proposed a modified VGG-16 and IPT-based framework to detect multiple parameters of ships coming toward bridges to prevent collision incidents. The modified pre-trained and fine-tuned VGG-16 network coarsely detects and localizes the incoming ships and IPT calculates the ship
	[66]
	[66]

	[67]
	[67]

	[68]
	[68]


	Machine learning-induced structural maintenance for transportation infrastructures has improved especially with the materials varied between concrete and asphalt. Gopalakrishnan et al.  developed a pre-trained VGG-16-based algorithm to detect pavement cracks, using a pre-trained ImageNet VGG-16 architecture. A mixture of asphalt and concrete pavement images was introduced to increase the robustness. Zhang et al.  proposed a CNN model called CrackNet 
	[69]
	[69]

	[70]
	[70]

	to automatically detect pavement cracks on 3D images of asphalt road surfaces for pixel-wise detection. Tong et al. 
	[71]
	[71]

	 proposed a two-stage CNN-based approach to automatically measure pavement crack lengths. The proposed CNN was pre-trained by images with crack labels and fine-tuned by images with detailed labels of the length of cracks. Zhang et al. 
	[72]
	[72]

	 proposed CrackNet II, a modified model of CrackNet, for crack identification with greater precision and better recall rates. In comparison, CrackNet II used a deeper architecture with lesser parameters which led to better computing efficiency. Nhat-Duc et al. 
	[73]
	[73]

	 compared two edge detection methods and a CNN- based approach for the recognition of pavement cracks. Maeda et al. 
	[74]
	[74]

	 applied MobileNet and Inception to detect multiple road damages. Zhang et al. 
	[75]
	[75]

	 proposed an RNN-based model called CrackNet-R to detect pavement cracks in 3D images at the pixel level. Alipour et al. 
	[76]
	[76]

	, proposed CrackPix a deep fully convolutional neural network (FCN) for pixel-level defect detection in concrete infrastructure systems. CrackPix leverages a modified VGG-16 with pertained weights for image classification architectures for dense pixel-wise predictions. Li and Zhao 
	[77]
	[77]

	, proposed a densely connected and deeply supervised network to improve the accuracy and robustness of existing automated crack detection methods. Using deeply supervised modules to extract more noteworthy features through multi-scale levels. Zhang et al. 
	[78]
	[78]

	, used pre-classification based on transfer learning to detect and separate both cracks and sealed cracks under the same framework. 

	4 Methodology 
	In this study, we used Travel Time (TT) data (2018-2022) from the National Performance Management Research Data Set (NPMRDS) for congestion monitoring of two roadway corridors in the Birmingham area. We also employed machine learning algorithms to assess pavement quality from Google Street View images. The data were used to determine a Travel Time Index (TTI) and a pavement Crack Index and examine their potential correlation.  
	4.1 Traffic Data 
	4.1.1 Data Source 
	Travel Time data were compiled from the National Performance Management Research Data Set (NPMRDS) website for portions of I-65 and US-31 corridors in the Birmingham area. The number of Traffic Message Channels (TMCs) defined by NPMRDS were identified based on the selected study road network/segment. At first, the road corridors shapefile of Alabama was downloaded from the npmrds.ritis.org website, where detailed traffic data such as travel time, length of corridors, speed data were available. From the shap
	NPMRDS website are illustrated in Figure 2. Furthermore, the steps to process the downloaded Travel Time data into Travel Time Index are shown in Figures 3-6. 

	Table 1. TMC for the Southbound of I-65 and US-31 
	TMC 
	TMC 
	TMC 
	TMC 
	TMC 

	Road 
	Road 

	Direction 
	Direction 

	Length (Miles) 
	Length (Miles) 

	Intersection 
	Intersection 



	101-11461 
	101-11461 
	101-11461 
	101-11461 

	US-31 
	US-31 

	SB 
	SB 

	1.051536 
	1.051536 

	PATTON CHAPEL RD 
	PATTON CHAPEL RD 


	101-04381 
	101-04381 
	101-04381 

	I-65 
	I-65 

	SB 
	SB 

	0.207012 
	0.207012 

	6TH AVE/EXIT 260 
	6TH AVE/EXIT 260 


	101-11460 
	101-11460 
	101-11460 

	US-31 
	US-31 

	SB 
	SB 

	0.576145 
	0.576145 

	I-459 
	I-459 


	101-04380 
	101-04380 
	101-04380 

	I-65 
	I-65 

	SB 
	SB 

	0.232945 
	0.232945 

	3RD AVE/EXIT 260B 
	3RD AVE/EXIT 260B 


	101N04375 
	101N04375 
	101N04375 

	I-65 
	I-65 

	SB 
	SB 

	0.473173 
	0.473173 

	OXMOOR RD/EXIT 256 
	OXMOOR RD/EXIT 256 


	101N04374 
	101N04374 
	101N04374 

	I-65 
	I-65 

	SB 
	SB 

	0.297113 
	0.297113 

	LAKESHORE DR/EXIT 255 
	LAKESHORE DR/EXIT 255 


	101N04377 
	101N04377 
	101N04377 

	I-65 
	I-65 

	SB 
	SB 

	0.308821 
	0.308821 

	AL-149/UNIVERSITY BLVD/EXIT 259 
	AL-149/UNIVERSITY BLVD/EXIT 259 


	101N04376 
	101N04376 
	101N04376 

	I-65 
	I-65 

	SB 
	SB 

	0.361391 
	0.361391 

	GREEN SPRINGS AVE/EXIT 258 
	GREEN SPRINGS AVE/EXIT 258 


	101N04379 
	101N04379 
	101N04379 

	I-65 
	I-65 

	SB 
	SB 

	0.114376 
	0.114376 

	4TH AVE/EXIT 259B 
	4TH AVE/EXIT 259B 


	101N04378 
	101N04378 
	101N04378 

	I-65 
	I-65 

	SB 
	SB 

	0.083757 
	0.083757 

	6TH AVE/EXIT 259A 
	6TH AVE/EXIT 259A 


	101N04380 
	101N04380 
	101N04380 

	I-65 
	I-65 

	SB 
	SB 

	0.145201 
	0.145201 

	3RD AVE/EXIT 260B 
	3RD AVE/EXIT 260B 


	101N11460 
	101N11460 
	101N11460 

	US-31 
	US-31 

	SB 
	SB 

	0.370157 
	0.370157 

	I-459 
	I-459 


	101N04381 
	101N04381 
	101N04381 

	I-65 
	I-65 

	SB 
	SB 

	0.150305 
	0.150305 

	6TH AVE/EXIT 260 
	6TH AVE/EXIT 260 


	101-04374 
	101-04374 
	101-04374 

	I-65 
	I-65 

	SB 
	SB 

	0.496748 
	0.496748 

	LAKESHORE DR/EXIT 255 
	LAKESHORE DR/EXIT 255 


	101-04376 
	101-04376 
	101-04376 

	I-65 
	I-65 

	SB 
	SB 

	0.873027 
	0.873027 

	GREEN SPRINGS AVE/EXIT 258 
	GREEN SPRINGS AVE/EXIT 258 


	101-04375 
	101-04375 
	101-04375 

	I-65 
	I-65 

	SB 
	SB 

	1.022207 
	1.022207 

	OXMOOR RD/EXIT 256 
	OXMOOR RD/EXIT 256 


	101-04378 
	101-04378 
	101-04378 

	I-65 
	I-65 

	SB 
	SB 

	0.083652 
	0.083652 

	6TH AVE/EXIT 259A 
	6TH AVE/EXIT 259A 


	101-04377 
	101-04377 
	101-04377 

	I-65 
	I-65 

	SB 
	SB 

	0.029036 
	0.029036 

	AL-149/UNIVERSITY BLVD/EXIT 259 
	AL-149/UNIVERSITY BLVD/EXIT 259 


	101-04379 
	101-04379 
	101-04379 

	I-65 
	I-65 

	SB 
	SB 

	0.315 
	0.315 

	4TH AVE/EXIT 259B 
	4TH AVE/EXIT 259B 




	 
	  
	Table 2. TMC FOR THE Northbound OF I-65 AND US-31 
	TMC 
	TMC 
	TMC 
	TMC 
	TMC 

	Road 
	Road 

	Direction 
	Direction 

	Length (Miles) 
	Length (Miles) 

	Intersection 
	Intersection 



	101P11461 
	101P11461 
	101P11461 
	101P11461 

	US-31 
	US-31 

	NB 
	NB 

	0.034315 
	0.034315 

	PATTON CHAPEL RD 
	PATTON CHAPEL RD 


	101P11462 
	101P11462 
	101P11462 

	US-31 
	US-31 

	NB 
	NB 

	0.215653 
	0.215653 

	I-65 (BIRMINGHAM) 
	I-65 (BIRMINGHAM) 


	101P04381 
	101P04381 
	101P04381 

	I-65 
	I-65 

	NB 
	NB 

	0.166591 
	0.166591 

	6TH AVE/EXIT 260 
	6TH AVE/EXIT 260 


	101P04380 
	101P04380 
	101P04380 

	I-65 
	I-65 

	NB 
	NB 

	0.145201 
	0.145201 

	3RD AVE/EXIT 260B 
	3RD AVE/EXIT 260B 


	101P04375 
	101P04375 
	101P04375 

	I-65 
	I-65 

	NB 
	NB 

	0.430823 
	0.430823 

	OXMOOR RD/EXIT 256 
	OXMOOR RD/EXIT 256 


	101+04380 
	101+04380 
	101+04380 

	I-65 
	I-65 

	NB 
	NB 

	0.315891 
	0.315891 

	3RD AVE/EXIT 260B 
	3RD AVE/EXIT 260B 


	101+04381 
	101+04381 
	101+04381 

	I-65 
	I-65 

	NB 
	NB 

	0.23234 
	0.23234 

	6TH AVE/EXIT 260 
	6TH AVE/EXIT 260 


	101P04379 
	101P04379 
	101P04379 

	I-65 
	I-65 

	NB 
	NB 

	0.115262 
	0.115262 

	4TH AVE/EXIT 259B 
	4TH AVE/EXIT 259B 


	101+04382 
	101+04382 
	101+04382 

	I-65 
	I-65 

	NB 
	NB 

	0.277815 
	0.277815 

	I-59/I-20/EXIT 261 
	I-59/I-20/EXIT 261 


	101P04378 
	101P04378 
	101P04378 

	I-65 
	I-65 

	NB 
	NB 

	0.082842 
	0.082842 

	6TH AVE/EXIT 259A 
	6TH AVE/EXIT 259A 


	101P04377 
	101P04377 
	101P04377 

	I-65 
	I-65 

	NB 
	NB 

	0.241238 
	0.241238 

	AL-149/UNIVERSITY BLVD/EXIT 259 
	AL-149/UNIVERSITY BLVD/EXIT 259 


	101P04376 
	101P04376 
	101P04376 

	I-65 
	I-65 

	NB 
	NB 

	0.359093 
	0.359093 

	GREEN SPRINGS AVE/EXIT 258 
	GREEN SPRINGS AVE/EXIT 258 


	101+04375 
	101+04375 
	101+04375 

	I-65 
	I-65 

	NB 
	NB 

	0.674452 
	0.674452 

	OXMOOR RD/EXIT 256 
	OXMOOR RD/EXIT 256 


	101+04376 
	101+04376 
	101+04376 

	I-65 
	I-65 

	NB 
	NB 

	1.085533 
	1.085533 

	GREEN SPRINGS AVE/EXIT 258 
	GREEN SPRINGS AVE/EXIT 258 


	101+04377 
	101+04377 
	101+04377 

	I-65 
	I-65 

	NB 
	NB 

	0.859892 
	0.859892 

	AL-149/UNIVERSITY BLVD/EXIT 259 
	AL-149/UNIVERSITY BLVD/EXIT 259 


	101+04378 
	101+04378 
	101+04378 

	I-65 
	I-65 

	NB 
	NB 

	0.034545 
	0.034545 

	6TH AVE/EXIT 259A 
	6TH AVE/EXIT 259A 


	101+04379 
	101+04379 
	101+04379 

	I-65 
	I-65 

	NB 
	NB 

	0.083031 
	0.083031 

	4TH AVE/EXIT 259B 
	4TH AVE/EXIT 259B 


	101+11461 
	101+11461 
	101+11461 

	US-31 
	US-31 

	NB 
	NB 

	0.598163 
	0.598163 

	PATTON CHAPEL RD 
	PATTON CHAPEL RD 


	101+11462 
	101+11462 
	101+11462 

	US-31 
	US-31 

	NB 
	NB 

	1.067083 
	1.067083 

	I-65 (BIRMINGHAM) 
	I-65 (BIRMINGHAM) 




	 
	  
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure
	 
	Figure
	 
	(c) 
	(d) 
	Figure 2. Stepwise procedure of selection of travel time data from NPMRDS: (a) Selection of road segments, (b) Selection of time ranges, weekdays and data type, (c) Selection of travel time unit and averaging option, and (d) Visualization of study area in the massive data downloader 
	  
	The Travel Time data for February 2018, 2019, 2020, 2021 and 2022 were downloaded from the NPMRDS website. Fifteen minutes averaging travel time data for passenger vehicles from 6:30 AM to 8:45 AM (10 data points) of each weekday of February and fifteen minutes averaging travel time data from 4:00 PM to 6:15 PM (10 data points) for the passenger vehicles of each weekday of February were used to determine the morning peak and the evening peak travel times, respectively, for five years. 
	4.1.2 Preparation of the Travel Time Data into Travel Time Index (TTI) for each TMC 
	The downloaded Travel Time data from the NPMRDS website are shown in Figure 3. First, the travel time data were arranged to determine the 50th percentile travel data for passenger vehicles of each TMC. These data were further used to calculate the 50th percentile TTI of passenger vehicles of each TMC.  A stepwise procedure was required to convert the TMC-wise TT into TTI.  
	•
	•
	•
	 Initially, using Excel pivot tables, TT data were organized for each time slot by 15 minutes interval starting from 6:30 AM to 8:45 AM (10 slots in the morning) and from 4:00 PM to 6:15 PM (10 slots in the evening) of each TMC for each weekday of February as shown in Figure 4. 

	•
	•
	 After getting the 50th percentile monthly Travel Time for each TMC time slots (20 slots per TMC), the Excel table was modified as per the format displayed in Figure 5. 

	•
	•
	 The Travel Time Index (TTI) of a road segment is defined as the ratio of the actual average travel time to the time required to travel the same distance at free-flow speeds (FFS), as shown in Equation 1; 


	𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒 𝐼𝑛𝑑𝑒𝑥 (𝑇𝑇𝐼)=𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒 𝐵𝑎𝑠𝑒𝑑 𝑜𝑛 𝐹𝑟𝑒𝑒 𝐹𝑙𝑜𝑤 𝑆𝑝𝑒𝑒𝑑 
	(1) 
	 
	•
	•
	•
	 The Travel Time Index (TTI) is a measure of congestion as well as reliability of roadway segments. A TTI value greater than 1.0 is indicative of congestion presence. 

	•
	•
	 Thus, to calculate the average travel time of the 62 TMCs, the road length and FFS data were obtained using ‘Alabama shapefiles’ from NPMRDS in ArcGIS and added to the TT Excel files in ArcGIS. A sample is shown in Figure 5. 

	•
	•
	 At the time of accumulating monthly 50th percentile TMC-wise travel times for each of the 20-time slots with Road Corridor Name, Length of TMCs, Direction, Intersection point and FFS, some blank / missing data were found in the database (Figure 4). To address this issue, the value of zero was used in lieu of blank data. 


	 
	Figure
	Figure 3. NPMRDS Travel Time Data in Seconds 
	 
	Figure
	Figure 4. Sample of Data Calculation of 50% Travel Time 
	 
	Figure
	Figure 5. Calculation of Length and Free Flow Speed (FFS) for 20 Timeslots 
	 
	Figure
	Figure 6. Data Representing Travel Time Index (TTI) for 20 Timeslots 
	4.1.3 Map Visualization of TTI 
	Using the TTI data for the study corridors, the morning peak and evening peak TTI maps for the month of February were prepared in ArcGIS. Prior to preparing the maps, the maximum TTI values out of 10 time slots of both morning peak hours and evening peak hours were prepared. In the map, the TTI values were categorized in 4 divisions (from low to high) which helps to identify the high congested area (i.e., those with high TTI value) and low congested area (i.e., those with low TTI). Using the pavement Crack 
	4.2 Pavement Data 
	This research utilized three different datasets for model training: 1) UAB Green Space, 2) Crack500, and 3) I-65 and US-31. The Crack500 was implemented to train our model, as it’s mostly used and recognized in the industry/research community, to compare the built architectures and evaluate the model’s performance effectively to known industry matrices. For the UAB Green Space, I-65 and US 31 panoramic images extracted from Google Street View were used. The panoramic images were pre-processed to be used as 
	4.2.1 External Open-Source Dataset: Crack500 
	The GitHub repository was used to access open source “Crack500” dataset needed for model training and comparison purposes. GitHub is an internet hosting service for software development and version control using Git. It provides a distributed version control of Git, bug tracking, software feature requests, task management, and continuous integration. 
	The GitHub downloaded images consist of cracks from asphalt and concrete surfaces [79-81] with varying textures, lighting, and crack sizes as shown in Figure 7a. The images are annotated with the crack represented as white and the background/non-cracked images represented as black as shown in Figure 7b. 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure 7. GitHub Crack500 Images: (a) Ground Truth, (b) Cracked Images [82, 83] 
	The total images downloaded were 1552, of which 776 were Red, Green, Blue [RGB] ground truth images and the other 776 were crack annotated images. The images were sorted in labeled folders and fed to the image-to-array algorithm. Once pre-processed, the images underwent the same post-processing procedure. To keep with uniformity, TensorFlow/Kera’s augmentation parameters [flipping and rotating] were used to enhance the robustness of the dataset, which doubled the 776 filtered ground truth images and the 776
	  
	4.2.2 Google Street View Image Acquisition 
	Google Street View (GSV), amongst other functions is an image dataset source that can be accessed by all, generates and embeds diverse images and roadways metadata without compromising resolution. The images are derived from a GSV car with a unique setup as shown in Figure 8a. To maintain consistent image capture conditions with the exemption of light [day/night] roadway conditions [wet/dry], and roadway material [asphalt/concrete]. The research focus area is mapped out as shown by the highlighted region in
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure
	 
	(c) 
	Figure 8. (a) Google Street View image retrieval car/equipment, (b) Street View Download Interface, and (C) Google Street View Panoramic image 
	CubeMap returns six, 2-dimensional images, each view represents the orientation/direction of the Google vehicle as shown in Figure 9. A visual representation of its application is shown in Figure 10, resulting in a new total dataset of 12054 [2009 images by 6 CubeMap sides] images. 
	Figure
	 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	(c) 
	Figure
	 
	Figure
	 
	Figure
	 
	(d) 
	(e) 
	(f) 
	Figure 9. CubeMap output of panoramic image: (a) Back of GSV car, (b) Front of GSV car, (c) Right of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car. 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure 10. CubeMap output: (a) Visual CubeMap representation, (b) Visual representation of attached CubeMap images by orientation 
	Those images were filtered (to remove debris, sidewalks, and buildings). The remaining unfiltered images were processed using an image management algorithm to transform, reshape, and correct the perspective as shown in Figure 11. The GPS metadata was recoded into the output of the image management algorithm to aid the restitching of the images. The output images were sorted for unwanted images and stored in labeled [Path 0-5] folders, where 0-5 represents (a-f) a specific view/orientation of the panoramic i
	Figure
	 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	(c) 
	Figure
	 
	Figure
	 
	Figure
	 
	(d) 
	(e) 
	(f) 
	Figure 11. Image Management output of panoramic image: (a) Back of GSV car, (b) Front of GSV car, (c) Right of GSV car, (d) Left of GSV car, (e) Top of GSV car, (f) Bottom of GSV car. 
	The stored 200 filtered images were annotated, using a third-party software ‘paint.net’ designed by Microsoft [82, 83]. Paint.net was used to create a masked version of the “Cracked images” as shown in Figure 12a, of the original RGB image “Ground Truth” as shown in Figure 12b in black and white, with white representing the background and black representing the cracks on the roadway. 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure 12. Visual representation of machine learning model Input Image; (a) Ground Truth, (b) Annotated Crack Image 
	Figure 13 represents image management including (a) rotated front Image, (b) untransformed bottom image, (c) rotated back Image, and (d) concatenated image of the CubeMap outputs. The images were saved in a different folder while keeping their original labeling and then fed into an image-to-array algorithm. Finally, each CubeMap output image was horizontally concatenated in the order and saved from the management algorithm as shown in Figure 13. 
	Figure
	 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	(c) 
	Figure
	 
	(d) 
	Figure 13. Image management: (a) rotated front Image, (b) Rotated back Image, (c) Untransformed bottom image, and (d) Concatenated image of the CubeMap outputs 
	  
	The pre-processed 2048 pixels by 2048 pixels images were fed to the image-to-array algorithm. The algorithm resizes the images to 160 pixels by 160 pixels, converts them to a string, and saves it to memory. The images were resized for computational memory processing reasons and fed to a machine learning model [an FCN with deep dense convolutional layers] for training. TensorFlow/Kera’s augmentation parameters [flipping and rotating] were used to enhance the robustness of the dataset, which doubled the 200 f
	[76]
	[76]


	4.2.3 Image Stitching 
	This section describes the efforts conducted to reattach (stitch) the GSV panoramic images that were converted to 2D by the CubeMap algorithm, back to a landscape image, highlighting only the roadway surface (i.e., for any designated area without the noise from buildings, plants, and other obstructions). The Google Street View images downloaded were accompanied by a .json file. The file holds important unstructured metadata for the images and was exported to Excel. This is to extract and organize the data i
	 
	Figure
	Figure 14. GPS Tracking of images in the dataset 
	Some images cannot be stitched due to the panoramic image lacking details of the intersection. Once the view is corrected through the image management algorithm, the corrected images lack pavement details to be used for the image stitching. Another limitation stems from the disjoint connection between two images from the driver switching lanes. 
	4.3 Crack Detection 
	4.3.1 General Description 
	Neural networks and more specifically, artificial neural networks (ANNs), are the backbone of machine/deep learning models as they imitate the human brain through a set of algorithms [84, 85]. At a basic level, a neural network is made up of four main components: input variables, weights, bias or threshold, and an output shown in Figure 15. An algebraic/ mathematical expression of those components is shown in Equation 2. 
	∑𝑤𝑖𝑥𝑖+𝑏𝑖𝑎𝑠=𝑤1𝑥1+𝑤2𝑥2+𝑤3𝑥3𝑚𝑖=1 
	(2) 
	Perceptron is used to define the features in the input data. Perceptron primarily leverages sigmoid neurons and represents values from negative infinity to positive infinity [16, 33]. Therefore, if the output of any individual node is above the specified threshold value, that node is activated, sending data to the next layer of the network. Else, no data is transmitted to the next layer of the network. This process is constantly repeated for any decision made because of the numerous hidden layers . Deep lea
	[86]
	[86]


	 
	Figure
	Figure 15. Neural Network Feed Forward Neurons MovementError! Reference source not found. 
	Most deep neural networks are feedforward as shown in Figure 15 (i.e., the neuron’s flow in one direction only, from input to output). However, backpropagation, when employed, causes the neurons to move in the opposite direction from output to input while calculating and attributing the error associated with each neuron. Neural networks can be classified into distinct types, based on their intended purposes . Data usually is fed into these models to train them, and they are the foundation for computer visio
	[40]
	[40]


	Convolutional neural networks (CNNs) are similar to feedforward networks, but they’re usually utilized for image recognition, pattern recognition, and/or computer vision, the algorithm utilizes principles from linear algebra, particularly matrix multiplication, to identify patterns within an image, and finally recurrent neural networks (RNNs) are identified by their feedback loops, the algorithm primarily leverages using time-series data to make predictions about future outcomes, such as stock market predic
	[76]
	[76]


	4.3.2 Built Models 
	4.3.2.1 U-Net 
	Ronneberger et al.  proposed an elegant fully convolutional network architecture by Long et al. , by modifying, and extending the architecture operation such that training images generate precise segmentations. The network and training strategy relies on the strong use of data augmentation to maximize the available annotated samples more efficiently. While Long’s approach was to contract the network by successive layers, substituting pooling operators for up-sampling operators to increase the resolution of 
	[79]
	[79]

	[80]
	[80]


	 
	Figure
	Figure 16. U-Net Architecture
	Figure 16. U-Net Architecture
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	4.3.2.2 CrackPix 
	Proposed CrackPix, is a deep fully convolutional neural network (FCN) for pixel-level defect detection in concrete infrastructure systems. CrackPix leverages a modified VGG-16 proposed for the 1,000-class Image-Net challenge , which was pertained for image classification and dense predictions by transforming their fully connected layers into convolutional filters. The proposed architecture as shown in Figure 17, was built with four parallel NVIDIA Tesla P100 GPU nodes with 100GB Ram. Upsampling [2x, 4x, 8x,
	[81]
	[81]


	 
	Figure
	Figure 17. CrackPix Architecture
	Figure 17. CrackPix Architecture
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	4.3.2.3 DenseNet 
	Li et al.  proposed a densely connected and deeply supervised network as shown in Figure 18, to improve the accuracy and robustness of existing automated crack detection methods. In this approach, the densely connected layers are first applied to enhance the propagation and reuse of crack features, followed by the deeply supervised modules designed to make the network extract more noteworthy features through multi-scale levels, a deconvolution layer to resize the feature map to the original size with a cros
	[87]
	[87]
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	Figure 18. DenseNet Architecture
	Figure 18. DenseNet Architecture
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	4.3.2.4 UABiNet 
	Image classification based on convolutional neural networks requires a few sequentially organized convolutional and max/ average pooling layers, to extract features from any input [Image], with the fully connected layers performing the image classification, by designating one of the few categories to each image binary detection, in our case cracked or non-crack. UabiNet machine learning model uniquely combines the strength of three high-performing models, a fully connected network, a dense and deeply superv
	[79]
	[79]
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	The network as shown in Figure 19, is composed of convolutional, dense connection, conversion, and deconvolution layers. The network takes an RGB roadway image and outputs a crack prediction map with the same size as the input as shown in Figure 19. After the input, the multiscale feature maps are extracted by the convolution and dense connection modules, that are connected by the conversion modules which compresses the dense features from the previous modules to alleviate feature redundancy . All filters w
	[87]
	[87]
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	Figure
	Figure 19. UABiNet Architecture 
	Using the VGG-19 blocks for dense modules, the dense connection module in each layer applies the concatenation of feature maps produced from all previous layers as one of the inputs for all preceding layers as shown in Figure 20. 
	 
	Figure
	Figure 20. Dense Block Connection Mechanism
	Figure 20. Dense Block Connection Mechanism
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	The mathematical representation of the Dense Module in VGG-19 blocks is given in Equation 3. 
	Dn, l = Hl ([Dn,l, Dn;l, … Dn, l-1]) 
	(3) 
	where Dn,1 and Dn are input and output of the n-th dense connection module, and the output of the layers in the module are Dn,l [the output of the ith layer in the dense connection module n], while [Dn-l, Dn,l…, Dn,l-1] refers to the concatenation of feature maps from all layers 1,…,l-1. And the nonlinear transformation Hi (□) is a composite function of 3 x 3 convolutions. Incorporating dense connections of features in different layers, the modules can alleviate the gradient vanishing problem. The conversio
	Afterwards a devolution block receives the input and concatenates the features from previous dense modules in channel dimension using expanding channel depths like the Unet [64, 128, 256, 512]. During training, after each forward pass of data through the network, the per-pixel loss (error) between the predictions and ground truth is calculated using a Binary Focal loss function [119] as shown in Equation 4. 
	𝐹𝐿(𝑝𝑡)=−𝛼𝑡(1−𝑝𝑡)𝛾log(𝑝𝑡) 
	(4) 
	 
	Images of cracked surfaces are usually dominated by non-crack pixels, causing a pixel classification issue that skews the prediction towards non-crack pixels. To balance resolve that, binary focal loss was implemented. The Focal Loss is designed to address object detection scenario with an extreme imbalance between foreground and background classes during the training . 
	[88]
	[88]


	The model was also trained using the stochastic gradient descent (SGD) algorithm, which minimizes the loss function by iteratively updating the weights on small random sets of training data. In each epoch, the gradients of loss concerning the weights are calculated and a learning rate of the gradient is added to the weights from the previous step. It incorporates a contracting path and an expansive path, with repeated application of padded two 3 x 3 convolutions, each followed by a ReLU, a 2x2 average pooli
	 
	4.3.3 Crack Index 
	Once the model is completely post-processed, it is trained and evaluated on its training and testing dataset, saved, and further evaluated specifically on the US Highway dataset, to detect the highway crack and to determine the correlation, if any, between the roadway conditions and traffic data. The input images for the testing are fed into an image management algorithm, which converts the RGB images of the highway into grayscale shown in Figure 21a. 
	Ground Truth 
	Model’s Prediction 
	Figure
	 
	Figure
	 
	(a) 
	(b) 
	Figure 21. Highway RGB to Grayscale Image and Crack Detection 
	The borderless output [965 x 966] from the image management algorithm is then saved chronologically and fed into a crack count algorithm. The algorithm counts the white and black pixels, determines if it is cracked or uncracked, and exports the information to Excel for the crack index to be determined. Using Excel, the crack index is calculated on a pixel level, using Equation 5. 
	𝐶𝑟𝑎𝑐𝑘 𝐼𝑛𝑑𝑒𝑥= 𝑇𝑜𝑡𝑎𝑙 𝐶𝑟𝑎𝑐𝑘 𝑃𝑖𝑥𝑒𝑙𝑠 𝑝𝑒𝑟 𝑇𝑀𝐶𝑇𝑜𝑡𝑎𝑙 𝑃𝑖𝑥𝑒𝑙𝑠 𝑃𝑒𝑟 𝑇𝑀𝐶 
	(5) 
	 
	  
	4.4 Statistical Analysis 
	To determine potential correlation, the two variables (TTI and Crack Index) were normalized prior to performing the t-tests. The purpose of normalization is to convert variables into a similar scale in order to improve the performance and training stability of the dataset. One of the four normalization techniques named ‘scale to range’ was used. The data were converted from their natural range to a standard range, usually 0 to 1. The formula used for normalization of the TTI and Crack Index is represented b
	𝑥′=𝑥−𝑥𝑚𝑖𝑛𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛 
	(6) 
	where  is the normalized value, x is the raw value, xmin is minimum value of raw data, and xmax is maximum value of raw data. Once the data were normalized, the maximum and minimum values from the 5 years datasets for both variables were taken for performing Pearson’s correlation and t-tests. At first, a Pearson correlation coefficient was used to identify the linear association between the two variables (TTI and Crack Index). In general, a positive correlation means that as one variable increases, the othe
	𝑥′

	𝑡=𝑟√𝑛−21−𝑟2 
	(7) 
	where t is the t-test score, r is the correlation co-efficient, and n is the number of observations (i.e., sample size). In the t-test, two types of hypotheses are defined, namely the null hypothesis and the alternative hypothesis. The null hypothesis specifies that there is no significant correlation between the two groups by default. A t-value that is greater than the critical value (tc), the null hypothesis is rejected. If the t-value is less than the critical value (tc), the null hypothesis should be ac
	 
	5 Results and Discussions 
	5.1 Pavement Cracks 
	5.1.1 UNet 
	This model was built with a binary focal loss function. The dataset was divided into training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200 images]. In each iteration/epoch, the training set was used to train the model. The model was evaluated on the validation set to report its performance. Each layer is batch normalized, a Rectified Linear Unit Function [RELU] activation is added to the fully connected layers and a SOFMAX activation was adapted on the last fully connected layer fo
	 
	Figure
	Figure 22. UNet Left [Epoch against Loss] and Right [Epoch against MIOU] 
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	(a) 
	(b) 
	(c) 
	Figure 23. UAB data comparison of U-Net architecture prediction between training data and testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction 
	  
	5.1.2 CrackPix 
	CrackPix utilized TensorFlow/Kera’s library to retrieve the VGG-16 model with its pertained ImageNet weights. The model is composed of a total of 19 layers including the input layer. The model input was a 160 x 160 x 3 RGB image. The dataset was divided into training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200 images]. In each iteration/epoch, the model was evaluated on the validation set to report its performance. Each layer is batch normalized, a RELU activation is added to the 
	 
	Figure
	Figure 24. CrackPix Left [Epoch against Loss] and Right [Epoch against MIOU] 
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	(a) 
	(b) 
	(c) 
	Figure 25. UAB data comparison of CrackPix architecture prediction between training data and testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction 
	  
	5.1.3 DenseNet 
	This model applied UAB dataset [160 x 160 x 3 RGB image] as input. This model had a binary focal loss function. The model input was a 160 x 160 x 3 RGB image. The dataset was divided into training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200 images]. In each iteration/epoch, the training set was used and then evaluated on the validation set to report its performance. Each layer is batch normalized, a RELU activation is added to the fully connected layers. A SIGMOID activation was a
	 
	Figure
	Figure 26. DenseNet Left [Epoch against Loss] and Right [Epoch against MIOU] 
	  
	 
	Ground Truth 
	Annotated Crack 
	Model’s Prediction 
	1 
	Figure
	 
	Figure
	 
	Figure
	 
	2 
	Figure
	 
	Figure
	 
	Figure
	 
	3 
	Figure
	 
	Figure
	 
	Figure
	 
	4 
	Figure
	 
	Figure
	 
	Figure
	 
	 
	(a) 
	(b) 
	(c) 
	Figure 27. UAB data comparison of DenseNet architecture prediction between training data and testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction 
	  
	5.1.4 UABiNet 
	The model’s input was reduced from 1440 x 2560 to 160 x 160 RGB image. The dataset was divided into training [60%: 600 images], validation [15%: 120 images], and testing [25%: 200 images]. The model was trained for 46 iterations/epochs, showing the convergence of the weights earlier as shown in Figure 50. However, it converged later than the other models. The model completed each epoch for training and validation in under 20 minutes. The model was evaluated after training, on both the training and testing d
	 
	Figure
	Figure 28. UABiNet Left [Epoch against Loss] and Right [Epoch against MIOU] 
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	(a) 
	(b) 
	(c) 
	Figure 29. UAB data comparison of UabiNet architecture prediction between training data and testing data (a) Ground Truth, (b) Annotated Image, (c) Training Prediction 
	  
	5.1.5 Comparison of Models 
	The model’s performance was evaluated on both the training and testing. The models were evaluated based on the ratio of correct crack predictions to total crack pixels [Recall], the ratio of correct crack precisions to all crack predictions [Precision], the harmonic means of precision and recall [F1 Score]. Lastly, the ratio of the intersection of the ground truth and the predictions to their union the intersection over union [MIOU] was computed. Table 3 and Table 4 summarize the performance metrics compari
	Table 3. Performance Metric on Training Dataset 
	Metric 
	Metric 
	Metric 
	Metric 
	Metric 

	UNET 
	UNET 

	CrackPix 
	CrackPix 

	DenseNET 
	DenseNET 

	UABiNet 
	UABiNet 



	Recall 
	Recall 
	Recall 
	Recall 

	0.7486 
	0.7486 

	0.7882 
	0.7882 

	N/A 
	N/A 

	0.8301 
	0.8301 


	F1 Score 
	F1 Score 
	F1 Score 

	0.5759 
	0.5759 

	0.5975 
	0.5975 

	N/A 
	N/A 

	0.7610 
	0.7610 


	Precision 
	Precision 
	Precision 

	0.4680 
	0.4680 

	0.4810 
	0.4810 

	N/A 
	N/A 

	0.7026 
	0.7026 


	MIOU 
	MIOU 
	MIOU 

	0.6962 
	0.6962 

	0.7074 
	0.7074 

	0.6582 
	0.6582 

	0.8033 
	0.8033 




	 
	Table 4. Performance Metric on Testing Dataset 
	Metric 
	Metric 
	Metric 
	Metric 
	Metric 

	UNET 
	UNET 

	CrackPix 
	CrackPix 

	DenseNET 
	DenseNET 

	UABiNet 
	UABiNet 



	Recall 
	Recall 
	Recall 
	Recall 

	0.6716 
	0.6716 

	0.6287 
	0.6287 

	N/A 
	N/A 

	0.6706 
	0.6706 


	F1 Score 
	F1 Score 
	F1 Score 

	0.4684 
	0.4684 

	0.4145 
	0.4145 

	N/A 
	N/A 

	0.4801 
	0.4801 


	Precision 
	Precision 
	Precision 

	0.3596 
	0.3596 

	0.3092 
	0.3092 

	N/A 
	N/A 

	0.3739 
	0.3739 


	MIOU 
	MIOU 
	MIOU 

	0.6459 
	0.6459 

	0.6233 
	0.6233 

	0.6266 
	0.6266 

	0.6510 
	0.6510 




	5.2 Data Correlation 
	Table 5 encompasses all the Traffic Message Channel (TMCs) along I-65 and US-31 that were considered in this study and was used to examine potential correlations between TTI and Crack Index. The analysis involved a sample size of 57, with 39 TMCs for I-65 and 18 TMCs related to US-31. The t-tests were conducted over a span of five years, from 2018 to 2022, and presented on a yearly basis. The correlation between TTI and Crack Index was found to be negative, indicating a weak and counter-intuitive statistica
	 
	 
	 
	 
	Table 5. Correlation and t-test values of all 57 TMCs 
	Statistic 
	Statistic 
	Statistic 
	Statistic 
	Statistic 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	r 
	r 
	r 
	r 

	-0.1437 
	-0.1437 

	-0.0493 
	-0.0493 

	-0.2096 
	-0.2096 

	-0.2438 
	-0.2438 

	-0.0454 
	-0.0454 


	n 
	n 
	n 

	57 
	57 

	57 
	57 

	57 
	57 

	57 
	57 

	57 
	57 


	t-test score 
	t-test score 
	t-test score 

	-1.077 
	-1.077 

	-0.366 
	-0.366 

	-1.589 
	-1.589 

	-1.864 
	-1.864 

	-0.337 
	-0.337 


	p-value 
	p-value 
	p-value 

	0.286 
	0.286 

	0.715 
	0.715 

	0.117 
	0.117 

	0.067 
	0.067 

	0.742 
	0.742 


	Results 
	Results 
	Results 

	Not significant 
	Not significant 

	Not significant 
	Not significant 

	Not significant 
	Not significant 

	Significant 
	Significant 

	Not significant 
	Not significant 




	Note: Critical t (tc) 90% Confidence Interval = 1.67 
	Table 6 presents the analysis of the Traffic Message Channels (TMCs) specifically for I-65, exploring their correlation and t-test results. The study utilized a sample size of 39 TMCs and comprised a five-year period, from 2018 to 2022, with the findings organized on an annual basis. The correlation between TTI and Crack Index was generally negative, indicating a weak statistical relationship, except for the year 2019 when a positive correlation was observed, although statistically weak. Furthermore, the t-
	Table 6. Correlation and t-test values of I-65 (39 TMCs) 
	Statistic 
	Statistic 
	Statistic 
	Statistic 
	Statistic 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	r 
	r 
	r 
	r 

	-0.267 
	-0.267 

	0.278 
	0.278 

	-0.265 
	-0.265 

	-0.268 
	-0.268 

	-0.053 
	-0.053 


	n 
	n 
	n 

	39 
	39 

	39 
	39 

	39 
	39 

	39 
	39 

	39 
	39 


	t-test score 
	t-test score 
	t-test score 

	-1.685 
	-1.685 

	1.761 
	1.761 

	-1.673 
	-1.673 

	-1.693 
	-1.693 

	-0.322 
	-0.322 


	p-value 
	p-value 
	p-value 

	0.1004 
	0.1004 

	0.087 
	0.087 

	0.103 
	0.103 

	0.098 
	0.098 

	0.749 
	0.749 


	Results 
	Results 
	Results 

	Not significant 
	Not significant 

	Significant 
	Significant 

	Not significant 
	Not significant 

	Significant 
	Significant 

	Not significant 
	Not significant 




	Critical t (tc) 90% Confidence Interval = 1.684 
	 
	 
	 
	 
	 
	 
	 
	 
	Table 7 presents the correlation and t-test outcomes specifically for US-31. The investigation involved a sample size of 18 and comprised a five-year period, from 2018 to 2022, with the findings organized on an annual basis. The correlation between TTI and Crack Ratio exhibited a predominantly negative trend, suggesting a weak statistical relationship. Moreover, the t-test values for all the years were found to be lower than the critical t-value except for the year 2018, indicating their statistical insigni
	Table 7. Correlation and t-test values of US-31 (18 TMCs) 
	Statistic  
	Statistic  
	Statistic  
	Statistic  
	Statistic  

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	r 
	r 
	r 
	r 

	0.4983 
	0.4983 

	-0.2903 
	-0.2903 

	0.0614 
	0.0614 

	-0.1537 
	-0.1537 

	0.0091 
	0.0091 


	n 
	n 
	n 

	18 
	18 

	18 
	18 

	18 
	18 

	18 
	18 

	18 
	18 


	t-test score 
	t-test score 
	t-test score 

	2.299 
	2.299 

	-1.213 
	-1.213 

	0.246 
	0.246 

	-0.622 
	-0.622 

	0.036 
	0.036 


	p-value 
	p-value 
	p-value 

	0.0353 
	0.0353 

	0.243 
	0.243 

	0.808 
	0.808 

	0.543 
	0.543 

	0.972 
	0.972 


	Results 
	Results 
	Results 

	Significant 
	Significant 

	Not significant 
	Not significant 

	Not significant 
	Not significant 

	Not significant 
	Not significant 

	Not significant 
	Not significant 




	critical t (tc) 90% Confidence Interval = 1.746 
	 
	 
	  
	Table 8 considers the relationship between TTI and Crack Index for all TMCs in two different viewpoints: one considers the maximum TTI, and maximum Crack Index observed over the course of five years for each TMC, while the other focuses on the minimum TTI and minimum Crack Index within the same five-year period. The findings reveal a negative and weak correlation among the 57 observations. Additionally, the t-test values for both perspectives were found to be lower than the critical t-value, signifying thei
	Table 8. Correlation and t-test values for all TMCs considering Max TTI and Max Crack Ratio 
	Statistic  
	Statistic  
	Statistic  
	Statistic  
	Statistic  

	Max TTI and Max Crack Ratio 
	Max TTI and Max Crack Ratio 

	Max TTI and Max Crack Ratio 
	Max TTI and Max Crack Ratio 



	r 
	r 
	r 
	r 

	-0.126698 
	-0.126698 

	-0.1631 
	-0.1631 


	n 
	n 
	n 

	57 
	57 

	57 
	57 


	t-test value 
	t-test value 
	t-test value 

	-0.947248 
	-0.947248 

	-1.2262 
	-1.2262 


	p value 
	p value 
	p value 

	0.347 
	0.347 

	0.225 
	0.225 


	Result 
	Result 
	Result 

	Not Significant 
	Not Significant 

	Not Significant 
	Not Significant 




	critical t (tc) at 90% confidence level = 1.67 
	 
	 
	  
	6 Conclusions and Recommendations 
	This research successfully demonstrated the use of machine learning algorithms to assess pavement quality from Google Street View images. The Travel Time Index (TTI) was used to quantify traffic congestion and a pavement Crack Index was developed to quantify pavement deterioration. Attempts were also made to establish correlations between those two indices, thus examining the possible impact of cracked pavements on travel time in an urban setting.  
	Although the research hypothesis proposed a positive correlation between the two indices, suggesting that higher travel time would be associated with a higher crack ratio, the results obtained were mixed and counterintuitive. In the year-by-year analysis, statistically significant findings were observed for 2020 and 2021 (Table 5); however, the correlations were inverse and weak. Similarly, when focusing solely on I-65, statistically weak positive relationships were discovered in 2019, while statistically n
	One possible explanation for these outcomes could be the omission of other congestion-related factors, such as changes in traffic volume, changes in traffic composition, impacts from crashes, and impacts from weather conditions and other environmental factors. Another factor to consider is that I-65 and US-31 are separate facilities with different characteristics and potentially different maintenance or physical management approaches, making the results difficult to interpret. Moreover, the sample size rema
	To mitigate congestion and improve network performance, it is important for departments of transportation to prioritize locations in urgent need of pavement improvements. By implementing methodologies for pavement inspection, such as the use of images collected by 
	vehicles with mounted cameras, drones, and traffic closed-circuit television (CCTV) cameras, timely interventions for deteriorated pavement can be made to reduce the likelihood of congestion occurrence. Overall, monitoring congestion that accounts for pavement conditions and their impact on traffic performance is highly desirable as it can identify actions that are appropriate and beneficial to combat congestion and improve network performance.  
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	Appendix A. Travel Time Index 
	Table 9. TTI Data for I65 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101N04377 
	101N04377 
	101N04377 
	101N04377 

	4.27 
	4.27 

	5.27 
	5.27 

	2.53 
	2.53 

	1.28 
	1.28 

	1.72 
	1.72 


	101N04380 
	101N04380 
	101N04380 

	2.54 
	2.54 

	3.24 
	3.24 

	2.97 
	2.97 

	1.35 
	1.35 

	1.94 
	1.94 


	101N04379 
	101N04379 
	101N04379 

	4.70 
	4.70 

	5.26 
	5.26 

	4.09 
	4.09 

	1.71 
	1.71 

	3.06 
	3.06 


	101N04376 
	101N04376 
	101N04376 

	2.55 
	2.55 

	3.43 
	3.43 

	4.85 
	4.85 

	2.35 
	2.35 

	4.20 
	4.20 


	101-04375 
	101-04375 
	101-04375 

	1.84 
	1.84 

	2.83 
	2.83 

	6.76 
	6.76 

	2.25 
	2.25 

	3.94 
	3.94 


	101-04378 
	101-04378 
	101-04378 

	4.56 
	4.56 

	7.48 
	7.48 

	5.52 
	5.52 

	1.65 
	1.65 

	3.67 
	3.67 


	101N04375 
	101N04375 
	101N04375 

	2.11 
	2.11 

	2.55 
	2.55 

	5.48 
	5.48 

	1.10 
	1.10 

	1.81 
	1.81 


	101N04374 
	101N04374 
	101N04374 

	1.71 
	1.71 

	1.53 
	1.53 

	3.89 
	3.89 

	1.30 
	1.30 

	1.86 
	1.86 


	101-04374 
	101-04374 
	101-04374 

	1.83 
	1.83 

	2.66 
	2.66 

	2.92 
	2.92 

	2.60 
	2.60 

	2.51 
	2.51 


	101-04377 
	101-04377 
	101-04377 

	4.79 
	4.79 

	5.25 
	5.25 

	2.81 
	2.81 

	2.44 
	2.44 

	2.61 
	2.61 


	101N04378 
	101N04378 
	101N04378 

	4.75 
	4.75 

	5.10 
	5.10 

	1.46 
	1.46 

	1.20 
	1.20 

	1.64 
	1.64 


	101N04381 
	101N04381 
	101N04381 

	1.19 
	1.19 

	1.37 
	1.37 

	2.66 
	2.66 

	1.27 
	1.27 

	1.88 
	1.88 


	101-04376 
	101-04376 
	101-04376 

	2.87 
	2.87 

	4.04 
	4.04 

	3.20 
	3.20 

	1.42 
	1.42 

	2.60 
	2.60 


	101-04380 
	101-04380 
	101-04380 

	1.84 
	1.84 

	2.54 
	2.54 

	4.97 
	4.97 

	2.51 
	2.51 

	3.86 
	3.86 


	101-04379 
	101-04379 
	101-04379 

	4.58 
	4.58 

	6.75 
	6.75 

	5.10 
	5.10 

	2.34 
	2.34 

	4.18 
	4.18 


	101-04381 
	101-04381 
	101-04381 

	1.45 
	1.45 

	2.63 
	2.63 

	4.46 
	4.46 

	2.06 
	2.06 

	3.91 
	3.91 


	101+04375 
	101+04375 
	101+04375 

	1.65 
	1.65 

	4.57 
	4.57 

	2.00 
	2.00 

	1.08 
	1.08 

	1.49 
	1.49 


	101+04376 
	101+04376 
	101+04376 

	1.54 
	1.54 

	4.25 
	4.25 

	1.63 
	1.63 

	1.14 
	1.14 

	1.50 
	1.50 


	101+04377 
	101+04377 
	101+04377 

	1.75 
	1.75 

	4.21 
	4.21 

	1.63 
	1.63 

	1.50 
	1.50 

	1.67 
	1.67 


	101+04379 
	101+04379 
	101+04379 

	1.66 
	1.66 

	3.51 
	3.51 

	2.06 
	2.06 

	0.93 
	0.93 

	0.95 
	0.95 


	101+04380 
	101+04380 
	101+04380 

	1.53 
	1.53 

	3.01 
	3.01 

	1.98 
	1.98 

	0.94 
	0.94 

	1.12 
	1.12 


	101+04381 
	101+04381 
	101+04381 

	1.46 
	1.46 

	2.37 
	2.37 

	1.54 
	1.54 

	0.92 
	0.92 

	1.00 
	1.00 


	101+04382 
	101+04382 
	101+04382 

	1.27 
	1.27 

	2.14 
	2.14 

	1.40 
	1.40 

	0.94 
	0.94 

	1.00 
	1.00 


	101P04375 
	101P04375 
	101P04375 

	1.43 
	1.43 

	3.29 
	3.29 

	1.23 
	1.23 

	1.04 
	1.04 

	1.39 
	1.39 


	101P04376 
	101P04376 
	101P04376 

	1.80 
	1.80 

	4.10 
	4.10 

	1.15 
	1.15 

	1.33 
	1.33 

	1.58 
	1.58 


	101P04377 
	101P04377 
	101P04377 

	1.70 
	1.70 

	3.48 
	3.48 

	1.61 
	1.61 

	1.09 
	1.09 

	1.15 
	1.15 


	101P04378 
	101P04378 
	101P04378 

	1.65 
	1.65 

	2.88 
	2.88 

	1.69 
	1.69 

	0.92 
	0.92 

	0.94 
	0.94 


	101P04379 
	101P04379 
	101P04379 

	1.74 
	1.74 

	2.41 
	2.41 

	1.37 
	1.37 

	0.92 
	0.92 

	0.99 
	0.99 


	101P04380 
	101P04380 
	101P04380 

	1.47 
	1.47 

	2.02 
	2.02 

	1.35 
	1.35 

	0.92 
	0.92 

	1.03 
	1.03 


	101P04381 
	101P04381 
	101P04381 

	1.34 
	1.34 

	1.95 
	1.95 

	1.20 
	1.20 

	0.93 
	0.93 

	1.01 
	1.01 


	101+04378 
	101+04378 
	101+04378 

	1.56 
	1.56 

	4.48 
	4.48 

	2.32 
	2.32 

	0.92 
	0.92 

	0.95 
	0.95 


	101+04373 
	101+04373 
	101+04373 

	1.86 
	1.86 

	2.55 
	2.55 

	2.30 
	2.30 

	1.23 
	1.23 

	1.999 
	1.999 


	101+04374 
	101+04374 
	101+04374 

	1.58 
	1.58 

	1.88 
	1.88 

	1.77 
	1.77 

	1.15 
	1.15 

	1.521 
	1.521 


	101-04372 
	101-04372 
	101-04372 

	1.16 
	1.16 

	1.20 
	1.20 

	1.16 
	1.16 

	1.18 
	1.18 

	1.24 
	1.24 


	101-04373 
	101-04373 
	101-04373 

	1.44 
	1.44 

	1.66 
	1.66 

	1.62 
	1.62 

	1.16 
	1.16 

	1.49 
	1.49 


	101N04372 
	101N04372 
	101N04372 

	1.07 
	1.07 

	0.97 
	0.97 

	0.93 
	0.93 

	0.97 
	0.97 

	1.06 
	1.06 


	101N04373 
	101N04373 
	101N04373 

	1.20 
	1.20 

	1.28 
	1.28 

	1.26 
	1.26 

	1.06 
	1.06 

	1.22 
	1.22 


	101P04373 
	101P04373 
	101P04373 

	1.62 
	1.62 

	2.09 
	2.09 

	1.85 
	1.85 

	1.22 
	1.22 

	1.573 
	1.573 


	101P04374 
	101P04374 
	101P04374 

	1.49 
	1.49 

	1.68 
	1.68 

	1.46 
	1.46 

	1.06 
	1.06 

	1.553 
	1.553 




	Table 10. Normalized TTI Data for I65 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101N04377 
	101N04377 
	101N04377 
	101N04377 

	0.86 
	0.86 

	0.66 
	0.66 

	0.27 
	0.27 

	0.21 
	0.21 

	0.24 
	0.24 


	101N04380 
	101N04380 
	101N04380 

	0.39 
	0.39 

	0.35 
	0.35 

	0.35 
	0.35 

	0.26 
	0.26 

	0.31 
	0.31 


	101N04379 
	101N04379 
	101N04379 

	0.98 
	0.98 

	0.66 
	0.66 

	0.54 
	0.54 

	0.47 
	0.47 

	0.65 
	0.65 


	101N04376 
	101N04376 
	101N04376 

	0.40 
	0.40 

	0.38 
	0.38 

	0.67 
	0.67 

	0.85 
	0.85 

	1.00 
	1.00 


	101-04375 
	101-04375 
	101-04375 

	0.21 
	0.21 

	0.29 
	0.29 

	1.00 
	1.00 

	0.79 
	0.79 

	0.92 
	0.92 


	101-04378 
	101-04378 
	101-04378 

	0.94 
	0.94 

	1.00 
	1.00 

	0.79 
	0.79 

	0.43 
	0.43 

	0.84 
	0.84 


	101N04375 
	101N04375 
	101N04375 

	0.28 
	0.28 

	0.24 
	0.24 

	0.78 
	0.78 

	0.10 
	0.10 

	0.27 
	0.27 


	101N04374 
	101N04374 
	101N04374 

	0.17 
	0.17 

	0.09 
	0.09 

	0.51 
	0.51 

	0.23 
	0.23 

	0.28 
	0.28 


	101-04374 
	101-04374 
	101-04374 

	0.21 
	0.21 

	0.26 
	0.26 

	0.34 
	0.34 

	1.00 
	1.00 

	0.48 
	0.48 


	101-04377 
	101-04377 
	101-04377 

	1.00 
	1.00 

	0.66 
	0.66 

	0.32 
	0.32 

	0.90 
	0.90 

	0.51 
	0.51 


	101N04378 
	101N04378 
	101N04378 

	0.99 
	0.99 

	0.63 
	0.63 

	0.09 
	0.09 

	0.16 
	0.16 

	0.21 
	0.21 


	101N04381 
	101N04381 
	101N04381 

	0.03 
	0.03 

	0.06 
	0.06 

	0.30 
	0.30 

	0.21 
	0.21 

	0.29 
	0.29 


	101-04376 
	101-04376 
	101-04376 

	0.49 
	0.49 

	0.47 
	0.47 

	0.39 
	0.39 

	0.30 
	0.30 

	0.51 
	0.51 


	101-04380 
	101-04380 
	101-04380 

	0.21 
	0.21 

	0.24 
	0.24 

	0.69 
	0.69 

	0.94 
	0.94 

	0.90 
	0.90 


	101-04379 
	101-04379 
	101-04379 

	0.94 
	0.94 

	0.89 
	0.89 

	0.72 
	0.72 

	0.84 
	0.84 

	0.99 
	0.99 


	101-04381 
	101-04381 
	101-04381 

	0.10 
	0.10 

	0.26 
	0.26 

	0.61 
	0.61 

	0.68 
	0.68 

	0.91 
	0.91 


	101+04375 
	101+04375 
	101+04375 

	0.16 
	0.16 

	0.55 
	0.55 

	0.18 
	0.18 

	0.10 
	0.10 

	0.17 
	0.17 


	101+04376 
	101+04376 
	101+04376 

	0.13 
	0.13 

	0.50 
	0.50 

	0.12 
	0.12 

	0.13 
	0.13 

	0.17 
	0.17 


	101+04377 
	101+04377 
	101+04377 

	0.18 
	0.18 

	0.50 
	0.50 

	0.12 
	0.12 

	0.34 
	0.34 

	0.22 
	0.22 


	101+04379 
	101+04379 
	101+04379 

	0.16 
	0.16 

	0.39 
	0.39 

	0.19 
	0.19 

	0.01 
	0.01 

	0.00 
	0.00 


	101+04380 
	101+04380 
	101+04380 

	0.12 
	0.12 

	0.31 
	0.31 

	0.18 
	0.18 

	0.01 
	0.01 

	0.06 
	0.06 


	101+04381 
	101+04381 
	101+04381 

	0.11 
	0.11 

	0.22 
	0.22 

	0.11 
	0.11 

	0.00 
	0.00 

	0.02 
	0.02 


	101+04382 
	101+04382 
	101+04382 

	0.05 
	0.05 

	0.18 
	0.18 

	0.08 
	0.08 

	0.01 
	0.01 

	0.02 
	0.02 


	101P04375 
	101P04375 
	101P04375 

	0.10 
	0.10 

	0.36 
	0.36 

	0.05 
	0.05 

	0.07 
	0.07 

	0.14 
	0.14 


	101P04376 
	101P04376 
	101P04376 

	0.20 
	0.20 

	0.48 
	0.48 

	0.04 
	0.04 

	0.24 
	0.24 

	0.20 
	0.20 


	101P04377 
	101P04377 
	101P04377 

	0.17 
	0.17 

	0.39 
	0.39 

	0.12 
	0.12 

	0.10 
	0.10 

	0.06 
	0.06 


	101P04378 
	101P04378 
	101P04378 

	0.16 
	0.16 

	0.29 
	0.29 

	0.13 
	0.13 

	0.00 
	0.00 

	0.00 
	0.00 


	101P04379 
	101P04379 
	101P04379 

	0.18 
	0.18 

	0.22 
	0.22 

	0.08 
	0.08 

	0.00 
	0.00 

	0.02 
	0.02 


	101P04380 
	101P04380 
	101P04380 

	0.11 
	0.11 

	0.16 
	0.16 

	0.07 
	0.07 

	0.00 
	0.00 

	0.03 
	0.03 


	101P04381 
	101P04381 
	101P04381 

	0.07 
	0.07 

	0.15 
	0.15 

	0.05 
	0.05 

	0.01 
	0.01 

	0.02 
	0.02 


	101+04378 
	101+04378 
	101+04378 

	0.13 
	0.13 

	0.54 
	0.54 

	0.24 
	0.24 

	0.00 
	0.00 

	0.00 
	0.00 


	101+04373 
	101+04373 
	101+04373 

	0.21 
	0.21 

	0.24 
	0.24 

	0.24 
	0.24 

	0.19 
	0.19 

	0.32 
	0.32 


	101+04374 
	101+04374 
	101+04374 

	0.14 
	0.14 

	0.14 
	0.14 

	0.14 
	0.14 

	0.14 
	0.14 

	0.18 
	0.18 


	101-04372 
	101-04372 
	101-04372 

	0.02 
	0.02 

	0.04 
	0.04 

	0.04 
	0.04 

	0.15 
	0.15 

	0.09 
	0.09 


	101-04373 
	101-04373 
	101-04373 

	0.10 
	0.10 

	0.11 
	0.11 

	0.12 
	0.12 

	0.14 
	0.14 

	0.17 
	0.17 


	101N04372 
	101N04372 
	101N04372 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.03 
	0.03 

	0.04 
	0.04 


	101N04373 
	101N04373 
	101N04373 

	0.04 
	0.04 

	0.05 
	0.05 

	0.06 
	0.06 

	0.09 
	0.09 

	0.08 
	0.08 


	101P04373 
	101P04373 
	101P04373 

	0.15 
	0.15 

	0.17 
	0.17 

	0.16 
	0.16 

	0.18 
	0.18 

	0.19 
	0.19 




	 
	 
	Table 11. TTI Data for US31 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101-11461 
	101-11461 
	101-11461 
	101-11461 

	3.19 
	3.19 

	2.85 
	2.85 

	4.16 
	4.16 

	1.12 
	1.12 

	2.23 
	2.23 


	101N11460 
	101N11460 
	101N11460 

	3.13 
	3.13 

	10.01 
	10.01 

	3.52 
	3.52 

	1.10 
	1.10 

	1.64 
	1.64 


	101-11460 
	101-11460 
	101-11460 

	3.41 
	3.41 

	7.56 
	7.56 

	2.25 
	2.25 

	4.06 
	4.06 

	2.39 
	2.39 


	101+11461 
	101+11461 
	101+11461 

	3.26 
	3.26 

	4.80 
	4.80 

	2.76 
	2.76 

	2.75 
	2.75 

	2.37 
	2.37 


	101+11462 
	101+11462 
	101+11462 

	2.80 
	2.80 

	5.42 
	5.42 

	3.13 
	3.13 

	3.51 
	3.51 

	3.45 
	3.45 


	101P11461 
	101P11461 
	101P11461 

	4.42 
	4.42 

	9.10 
	9.10 

	2.95 
	2.95 

	7.40 
	7.40 

	5.50 
	5.50 


	101P11462 
	101P11462 
	101P11462 

	5.22 
	5.22 

	11.44 
	11.44 

	4.05 
	4.05 

	6.31 
	6.31 

	5.61 
	5.61 




	 
	Table 12. Normalized TTI Data for US31 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101-11461 
	101-11461 
	101-11461 
	101-11461 

	0.16 
	0.16 

	0.00 
	0.00 

	1.00 
	1.00 

	0.00 
	0.00 

	0.15 
	0.15 


	101N11460 
	101N11460 
	101N11460 

	0.14 
	0.14 

	0.83 
	0.83 

	0.66 
	0.66 

	0.00 
	0.00 

	0.00 
	0.00 


	101-11460 
	101-11460 
	101-11460 

	0.25 
	0.25 

	0.55 
	0.55 

	0.00 
	0.00 

	0.47 
	0.47 

	0.19 
	0.19 


	101+11461 
	101+11461 
	101+11461 

	0.19 
	0.19 

	0.23 
	0.23 

	0.27 
	0.27 

	0.26 
	0.26 

	0.19 
	0.19 


	101+11462 
	101+11462 
	101+11462 

	0.00 
	0.00 

	0.30 
	0.30 

	0.46 
	0.46 

	0.38 
	0.38 

	0.46 
	0.46 


	101P11461 
	101P11461 
	101P11461 

	0.67 
	0.67 

	0.73 
	0.73 

	0.37 
	0.37 

	1.00 
	1.00 

	0.97 
	0.97 


	101P11462 
	101P11462 
	101P11462 

	1.00 
	1.00 

	1.00 
	1.00 

	0.94 
	0.94 

	0.83 
	0.83 

	1.00 
	1.00 




	 
	  
	Appendix B. Pavement Quality 
	Table 13. Pavement Cracking Index for I65 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101N04377 
	101N04377 
	101N04377 
	101N04377 

	0.00679 
	0.00679 

	0.00271 
	0.00271 

	0.00267 
	0.00267 

	0.00452 
	0.00452 

	0.00303 
	0.00303 


	101N04380 
	101N04380 
	101N04380 

	0.00607 
	0.00607 

	0.03173 
	0.03173 

	0.00309 
	0.00309 

	0.00279 
	0.00279 

	0.01977 
	0.01977 


	101N04379 
	101N04379 
	101N04379 

	0.00356 
	0.00356 

	0.00312 
	0.00312 

	0.00335 
	0.00335 

	0.00301 
	0.00301 

	0.00372 
	0.00372 


	101N04376 
	101N04376 
	101N04376 

	0.00691 
	0.00691 

	0.00352 
	0.00352 

	0.00515 
	0.00515 

	0.00425 
	0.00425 

	0.00328 
	0.00328 


	101-04375 
	101-04375 
	101-04375 

	0.00788 
	0.00788 

	0.00693 
	0.00693 

	0.00199 
	0.00199 

	0.00459 
	0.00459 

	0.00576 
	0.00576 


	101-04378 
	101-04378 
	101-04378 

	0.00184 
	0.00184 

	0.01646 
	0.01646 

	0.00362 
	0.00362 

	0.00236 
	0.00236 

	0.00223 
	0.00223 


	101N04375 
	101N04375 
	101N04375 

	0.00789 
	0.00789 

	0.00600 
	0.00600 

	0.00528 
	0.00528 

	0.00276 
	0.00276 

	0.00358 
	0.00358 


	101N04374 
	101N04374 
	101N04374 

	0.00620 
	0.00620 

	0.00454 
	0.00454 

	0.00373 
	0.00373 

	0.00197 
	0.00197 

	0.00663 
	0.00663 


	101-04374 
	101-04374 
	101-04374 

	0.00679 
	0.00679 

	0.00592 
	0.00592 

	0.00373 
	0.00373 

	0.00184 
	0.00184 

	0.00520 
	0.00520 


	101-04377 
	101-04377 
	101-04377 

	0.00300 
	0.00300 

	0.00000 
	0.00000 

	0 
	0 

	0 
	0 

	0 
	0 


	101N04378 
	101N04378 
	101N04378 

	0.00180 
	0.00180 

	0.02229 
	0.02229 

	0.00356 
	0.00356 

	0.00381 
	0.00381 

	0.00332 
	0.00332 


	101N04381 
	101N04381 
	101N04381 

	0.00350 
	0.00350 

	0.00350 
	0.00350 

	0.00373 
	0.00373 

	0.00124 
	0.00124 

	0.00079 
	0.00079 


	101-04376 
	101-04376 
	101-04376 

	0.00641 
	0.00641 

	0.00346 
	0.00346 

	0.00477 
	0.00477 

	0.00184 
	0.00184 

	0.00449 
	0.00449 


	101-04380 
	101-04380 
	101-04380 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0 
	0 


	101-04379 
	101-04379 
	101-04379 

	0.00157 
	0.00157 

	0.00111 
	0.00111 

	0.00038 
	0.00038 

	0.00183 
	0.00183 

	0.00077 
	0.00077 


	101-04381 
	101-04381 
	101-04381 

	0.00088 
	0.00088 

	0.00264 
	0.00264 

	0.00356 
	0.00356 

	0.00097 
	0.00097 

	0.00091 
	0.00091 


	101+04375 
	101+04375 
	101+04375 

	0.00728 
	0.00728 

	0.00839 
	0.00839 

	0.00365 
	0.00365 

	0.00236 
	0.00236 

	0.00284 
	0.00284 


	101+04376 
	101+04376 
	101+04376 

	0.00472 
	0.00472 

	0.00672 
	0.00672 

	0.0036233 
	0.0036233 

	0.00516 
	0.00516 

	0.00310 
	0.00310 


	101+04377 
	101+04377 
	101+04377 

	0.00614 
	0.00614 

	0.00629 
	0.00629 

	0.00444 
	0.00444 

	0.00351 
	0.00351 

	0.00260 
	0.00260 


	101+04379 
	101+04379 
	101+04379 

	0.00082 
	0.00082 

	0.00112 
	0.00112 

	0.0013294 
	0.0013294 

	0.00134 
	0.00134 

	0.00078 
	0.00078 


	101+04380 
	101+04380 
	101+04380 

	0.00218 
	0.00218 

	0.00216 
	0.00216 

	0.00068 
	0.00068 

	0.00157 
	0.00157 

	0.00057 
	0.00057 


	101+04381 
	101+04381 
	101+04381 

	0.00000 
	0.00000 

	0.00588 
	0.00588 

	0.0076355 
	0.0076355 

	0.00547 
	0.00547 

	0.00383 
	0.00383 


	101+04382 
	101+04382 
	101+04382 

	0.01047 
	0.01047 

	0.00973 
	0.00973 

	0.00404 
	0.00404 

	0.00075 
	0.00075 

	0.00068 
	0.00068 


	101P04375 
	101P04375 
	101P04375 

	0.00759 
	0.00759 

	0.00201 
	0.00201 

	0.00339 
	0.00339 

	0.00478 
	0.00478 

	0.00314 
	0.00314 


	101P04376 
	101P04376 
	101P04376 

	0.00831 
	0.00831 

	0.00387 
	0.00387 

	0.00450 
	0.00450 

	0.00426 
	0.00426 

	0.00297 
	0.00297 


	101P04377 
	101P04377 
	101P04377 

	0.00430 
	0.00430 

	0.00315 
	0.00315 

	0.00280 
	0.00280 

	0.00492 
	0.00492 

	0.00234 
	0.00234 


	101P04378 
	101P04378 
	101P04378 

	0.00297 
	0.00297 

	0.00352 
	0.00352 

	0.00368 
	0.00368 

	0.00496 
	0.00496 

	0.00170 
	0.00170 


	101P04379 
	101P04379 
	101P04379 

	0.00442 
	0.00442 

	0.00432 
	0.00432 

	0.00587 
	0.00587 

	0.00593 
	0.00593 

	0.00204 
	0.00204 


	101P04380 
	101P04380 
	101P04380 

	0.00560 
	0.00560 

	0.00531 
	0.00531 

	0.00309 
	0.00309 

	0.00102 
	0.00102 

	0.00110 
	0.00110 


	101P04381 
	101P04381 
	101P04381 

	0.00591 
	0.00591 

	0.00671 
	0.00671 

	0.00339 
	0.00339 

	0.00075 
	0.00075 

	0.00127 
	0.00127 


	101+04378 
	101+04378 
	101+04378 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0.00000 
	0.00000 

	0.00000 
	0.00000 


	101+04373 
	101+04373 
	101+04373 

	0.00475 
	0.00475 

	0.00000 
	0.00000 

	0.00414 
	0.00414 

	0.00674 
	0.00674 

	0.00390 
	0.00390 


	101+04374 
	101+04374 
	101+04374 

	0.00731 
	0.00731 

	0.00000 
	0.00000 

	0.00427 
	0.00427 

	0.00447 
	0.00447 

	0.00507 
	0.00507 


	101-04372 
	101-04372 
	101-04372 

	0.00515 
	0.00515 

	0.00000 
	0.00000 

	0.00209 
	0.00209 

	0.00345 
	0.00345 

	0.00361 
	0.00361 


	101-04373 
	101-04373 
	101-04373 

	0.00540 
	0.00540 

	0.00115 
	0.00115 

	0.00208 
	0.00208 

	0.00265 
	0.00265 

	0.00482 
	0.00482 


	101N04372 
	101N04372 
	101N04372 

	0.00839 
	0.00839 

	0.00000 
	0.00000 

	0.00628 
	0.00628 

	0.00491 
	0.00491 

	0.00491 
	0.00491 


	101N04373 
	101N04373 
	101N04373 

	0.00732 
	0.00732 

	0.00000 
	0.00000 

	0.00696 
	0.00696 

	0.00443 
	0.00443 

	0.00568 
	0.00568 


	101P04373 
	101P04373 
	101P04373 

	0.01661 
	0.01661 

	0.00000 
	0.00000 

	0.01322 
	0.01322 

	0.01004 
	0.01004 

	0.04099 
	0.04099 


	101P04374 
	101P04374 
	101P04374 

	0.01019 
	0.01019 

	0.00274 
	0.00274 

	0.01047 
	0.01047 

	0.01146 
	0.01146 

	0.00528 
	0.00528 




	 
	Table 14. Normalized Pavement Crack Index for I65 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101N04377 
	101N04377 
	101N04377 
	101N04377 

	0.41 
	0.41 

	0.09 
	0.09 

	0.20 
	0.20 

	0.39 
	0.39 

	0.07 
	0.07 


	101N04380 
	101N04380 
	101N04380 

	0.37 
	0.37 

	1.00 
	1.00 

	0.23 
	0.23 

	0.24 
	0.24 

	0.48 
	0.48 


	101N04379 
	101N04379 
	101N04379 

	0.21 
	0.21 

	0.10 
	0.10 

	0.25 
	0.25 

	0.26 
	0.26 

	0.09 
	0.09 


	101N04376 
	101N04376 
	101N04376 

	0.42 
	0.42 

	0.11 
	0.11 

	0.39 
	0.39 

	0.37 
	0.37 

	0.08 
	0.08 


	101-04375 
	101-04375 
	101-04375 

	0.47 
	0.47 

	0.22 
	0.22 

	0.15 
	0.15 

	0.40 
	0.40 

	0.14 
	0.14 


	101-04378 
	101-04378 
	101-04378 

	0.11 
	0.11 

	0.52 
	0.52 

	0.27 
	0.27 

	0.21 
	0.21 

	0.05 
	0.05 


	101N04375 
	101N04375 
	101N04375 

	0.48 
	0.48 

	0.19 
	0.19 

	0.40 
	0.40 

	0.24 
	0.24 

	0.09 
	0.09 


	101N04374 
	101N04374 
	101N04374 

	0.37 
	0.37 

	0.14 
	0.14 

	0.28 
	0.28 

	0.17 
	0.17 

	0.16 
	0.16 


	101-04374 
	101-04374 
	101-04374 

	0.41 
	0.41 

	0.19 
	0.19 

	0.28 
	0.28 

	0.16 
	0.16 

	0.13 
	0.13 


	101-04377 
	101-04377 
	101-04377 

	0.18 
	0.18 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 


	101N04378 
	101N04378 
	101N04378 

	0.11 
	0.11 

	0.70 
	0.70 

	0.27 
	0.27 

	0.33 
	0.33 

	0.08 
	0.08 


	101N04381 
	101N04381 
	101N04381 

	0.21 
	0.21 

	0.11 
	0.11 

	0.28 
	0.28 

	0.11 
	0.11 

	0.02 
	0.02 


	101-04376 
	101-04376 
	101-04376 

	0.39 
	0.39 

	0.11 
	0.11 

	0.36 
	0.36 

	0.16 
	0.16 

	0.11 
	0.11 


	101-04380 
	101-04380 
	101-04380 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 


	101-04379 
	101-04379 
	101-04379 

	0.09 
	0.09 

	0.04 
	0.04 

	0.03 
	0.03 

	0.16 
	0.16 

	0.02 
	0.02 


	101-04381 
	101-04381 
	101-04381 

	0.05 
	0.05 

	0.08 
	0.08 

	0.27 
	0.27 

	0.08 
	0.08 

	0.02 
	0.02 


	101+04375 
	101+04375 
	101+04375 

	0.44 
	0.44 

	0.26 
	0.26 

	0.28 
	0.28 

	0.21 
	0.21 

	0.07 
	0.07 


	101+04376 
	101+04376 
	101+04376 

	0.28 
	0.28 

	0.21 
	0.21 

	0.27 
	0.27 

	0.45 
	0.45 

	0.08 
	0.08 


	101+04377 
	101+04377 
	101+04377 

	0.37 
	0.37 

	0.20 
	0.20 

	0.34 
	0.34 

	0.31 
	0.31 

	0.06 
	0.06 


	101+04379 
	101+04379 
	101+04379 

	0.05 
	0.05 

	0.04 
	0.04 

	0.10 
	0.10 

	0.12 
	0.12 

	0.02 
	0.02 


	101+04380 
	101+04380 
	101+04380 

	0.13 
	0.13 

	0.07 
	0.07 

	0.05 
	0.05 

	0.14 
	0.14 

	0.01 
	0.01 


	101+04381 
	101+04381 
	101+04381 

	0.00 
	0.00 

	0.19 
	0.19 

	0.58 
	0.58 

	0.48 
	0.48 

	0.09 
	0.09 


	101+04382 
	101+04382 
	101+04382 

	0.63 
	0.63 

	0.31 
	0.31 

	0.31 
	0.31 

	0.07 
	0.07 

	0.02 
	0.02 


	101P04375 
	101P04375 
	101P04375 

	0.46 
	0.46 

	0.06 
	0.06 

	0.26 
	0.26 

	0.42 
	0.42 

	0.08 
	0.08 


	101P04376 
	101P04376 
	101P04376 

	0.50 
	0.50 

	0.12 
	0.12 

	0.34 
	0.34 

	0.37 
	0.37 

	0.07 
	0.07 


	101P04377 
	101P04377 
	101P04377 

	0.26 
	0.26 

	0.10 
	0.10 

	0.21 
	0.21 

	0.43 
	0.43 

	0.06 
	0.06 


	101P04378 
	101P04378 
	101P04378 

	0.18 
	0.18 

	0.11 
	0.11 

	0.28 
	0.28 

	0.43 
	0.43 

	0.04 
	0.04 


	101P04379 
	101P04379 
	101P04379 

	0.27 
	0.27 

	0.14 
	0.14 

	0.44 
	0.44 

	0.52 
	0.52 

	0.05 
	0.05 


	101P04380 
	101P04380 
	101P04380 

	0.34 
	0.34 

	0.17 
	0.17 

	0.23 
	0.23 

	0.09 
	0.09 

	0.03 
	0.03 


	101P04381 
	101P04381 
	101P04381 

	0.36 
	0.36 

	0.21 
	0.21 

	0.26 
	0.26 

	0.07 
	0.07 

	0.03 
	0.03 


	101+04378 
	101+04378 
	101+04378 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 

	0.00 
	0.00 


	101+04373 
	101+04373 
	101+04373 

	0.29 
	0.29 

	0.00 
	0.00 

	0.31 
	0.31 

	0.59 
	0.59 

	0.10 
	0.10 


	101+04374 
	101+04374 
	101+04374 

	0.44 
	0.44 

	0.00 
	0.00 

	0.32 
	0.32 

	0.39 
	0.39 

	0.12 
	0.12 


	101-04372 
	101-04372 
	101-04372 

	0.31 
	0.31 

	0.00 
	0.00 

	0.16 
	0.16 

	0.30 
	0.30 

	0.09 
	0.09 


	101-04373 
	101-04373 
	101-04373 

	0.32 
	0.32 

	0.04 
	0.04 

	0.16 
	0.16 

	0.23 
	0.23 

	0.12 
	0.12 


	101N04372 
	101N04372 
	101N04372 

	0.51 
	0.51 

	0.00 
	0.00 

	0.47 
	0.47 

	0.43 
	0.43 

	0.12 
	0.12 


	101N04373 
	101N04373 
	101N04373 

	0.44 
	0.44 

	0.00 
	0.00 

	0.53 
	0.53 

	0.39 
	0.39 

	0.14 
	0.14 


	101P04373 
	101P04373 
	101P04373 

	1.00 
	1.00 

	0.00 
	0.00 

	1.00 
	1.00 

	0.88 
	0.88 

	1.00 
	1.00 


	101P04374 
	101P04374 
	101P04374 

	0.61 
	0.61 

	0.09 
	0.09 

	0.79 
	0.79 

	1.00 
	1.00 

	0.13 
	0.13 




	Table 15. Pavement Crack Index for US31 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101-11461 
	101-11461 
	101-11461 
	101-11461 

	3.19 
	3.19 

	2.85 
	2.85 

	4.16 
	4.16 

	1.12 
	1.12 

	2.23 
	2.23 


	101N11460 
	101N11460 
	101N11460 

	3.13 
	3.13 

	10.01 
	10.01 

	3.52 
	3.52 

	1.10 
	1.10 

	1.64 
	1.64 


	101-11460 
	101-11460 
	101-11460 

	3.41 
	3.41 

	7.56 
	7.56 

	2.25 
	2.25 

	4.06 
	4.06 

	2.39 
	2.39 


	101+11461 
	101+11461 
	101+11461 

	3.26 
	3.26 

	4.80 
	4.80 

	2.76 
	2.76 

	2.75 
	2.75 

	2.37 
	2.37 


	101+11462 
	101+11462 
	101+11462 

	2.80 
	2.80 

	5.42 
	5.42 

	3.13 
	3.13 

	3.51 
	3.51 

	3.45 
	3.45 


	101P11461 
	101P11461 
	101P11461 

	4.42 
	4.42 

	9.10 
	9.10 

	2.95 
	2.95 

	7.40 
	7.40 

	5.50 
	5.50 


	101P11462 
	101P11462 
	101P11462 

	5.22 
	5.22 

	11.44 
	11.44 

	4.05 
	4.05 

	6.31 
	6.31 

	5.61 
	5.61 




	 
	Table 16. Normalized Pavement Crack Index for US31 
	TMCS 
	TMCS 
	TMCS 
	TMCS 
	TMCS 

	2018 
	2018 

	2019 
	2019 

	2020 
	2020 

	2021 
	2021 

	2022 
	2022 



	101-11461 
	101-11461 
	101-11461 
	101-11461 

	3.19 
	3.19 

	2.85 
	2.85 

	4.16 
	4.16 

	1.12 
	1.12 

	2.23 
	2.23 


	101N11460 
	101N11460 
	101N11460 

	3.13 
	3.13 

	10.01 
	10.01 

	3.52 
	3.52 

	1.10 
	1.10 

	1.64 
	1.64 


	101-11460 
	101-11460 
	101-11460 

	3.41 
	3.41 

	7.56 
	7.56 

	2.25 
	2.25 

	4.06 
	4.06 

	2.39 
	2.39 


	101+11461 
	101+11461 
	101+11461 

	3.26 
	3.26 

	4.80 
	4.80 

	2.76 
	2.76 

	2.75 
	2.75 

	2.37 
	2.37 


	101+11462 
	101+11462 
	101+11462 

	2.80 
	2.80 

	5.42 
	5.42 

	3.13 
	3.13 

	3.51 
	3.51 

	3.45 
	3.45 


	101P11461 
	101P11461 
	101P11461 

	4.42 
	4.42 

	9.10 
	9.10 

	2.95 
	2.95 

	7.40 
	7.40 

	5.50 
	5.50 


	101P11462 
	101P11462 
	101P11462 

	5.22 
	5.22 

	11.44 
	11.44 

	4.05 
	4.05 

	6.31 
	6.31 

	5.61 
	5.61 




	 



