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Goal 1 - Motivate to Innovate

Source: Merriam-Webster Dictionary



Goal 2 – Innovate in Sustainability



Outline

1. Performance Tests and Specifications for Sustainable Asphalt Design

2. New Materials/Approaches for Sustainable Pavements

3. New AI-based Tools for Rapid Material Design

4. New AI-based Tools for Smart Pavement Monitoring

5. New Demonstration Projects

6. Partnership Opportunities



Performance Tests and Specifications
1. Performance Tests

a) Hamburg

b) DC(T)

c) iFIT

d) IDEAL CT

2. Balanced Mix Design Specifications
a) Illinois Tollway – Various Asphalt Mixture Types

b) MoDOT – Superpave Asphalt Mixes

Rutting and Stripping

Cracking



Hamburg Wheel-Track Testing (AASHTO T 324)
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Determination of Stripping Inflection Point (SIP)
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1- Plot rut depth vs. No. of passes

2- Use 6th degree polynomial to fit rut data

3- Calculate and plot first derivative

4- Define creep and stripping 
slopes

5- Determine the intersection of 
creep and striping line (SIP)
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DC(T) Fracture Test (ASTM D7313)

(Low Temperature/ Block Cracking Control)
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Gf = Fracture energy, in J/m2



I-FIT Flexibility Index, FI 

 Fracture Energy (Gf) computation 

is identical to DC(T) procedure

 Slope (m) - tangent of the post-

peak ‘softening’ curve at the 

point of inflection (absolute 

value)…some similarity to SIP 

fitting routine

 The 0.01 multiplier = arbitrary 

scaling parameter 

Peak Load

Post-Peak 
Softening 
Curve

Slope 
(kN/mm)

𝐹𝐹𝐹𝐹 = 𝐺𝐺𝑓𝑓
𝑚𝑚

(0.01)



𝑪𝑪𝑪𝑪𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰 =
𝒕𝒕
𝟔𝟔𝟔𝟔

×
𝑮𝑮𝒇𝒇
𝒎𝒎𝟕𝟕𝟕𝟕

×
𝑳𝑳𝟕𝟕𝟕𝟕
𝑫𝑫

Where: 
t = specimen thickness (mm)

Gf = fracture energy (J/m2);
L75= Displacement corresponding to P75 (mm)

D = Specimen Diameter (mm)

IDEAL CT



Example of 
Setting 
Thresholds 
for Tests

 



DC(T) at -12 C Obs.: Compares well with expectations, and 
criteria; good repeatability, a bit lower than 
design, due to storage and reheating

1844 1835 1824 1845 1836 1840 1829 1828 1823 1818 1834 1826 1807 1803
Gf at -12C 827.5 772.3 790.0 864.3 596.5 683.7 466.0 449.0 377.9 426.5 511.7 438.1 413.7 409.7
ABR by RAP 10.8 25.0 20.4 23.9 16.2 15.9 17.8 35.3 24.1 20.4 20.0 27.6 34.4 26.5
ABR by RAS 16.0 16.1 16.7 15.4 16.3 9.8 9.3 9.2 14.2 0.0 0.0 18.1 14.0 16.6
Total ABR 26.8 41.2 37.1 39.3 32.5 25.7 27.0 44.6 38.3 20.4 20.0 45.7 48.4 43.1
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Illinois Tollway Study



IDEAL-CT Testing Results

1844 1835 1824 1845 1836 1840 1829 1828 1823 1818 1834 1826 1807 1803
CT-index 137.4 104.1 139.6 194.8 109.4 184.0 96.1 111.3 54.9 86.2 118.7 48.8 81.1 24.0
ABR by RAP 10.8 25.0 20.4 23.9 16.2 15.9 17.8 35.3 24.1 20.4 20.0 27.6 34.4 26.5
ABR by RAS 16.0 16.1 16.7 15.4 16.3 9.8 9.3 9.2 14.2 0.0 0.0 18.1 14.0 16.6
Total ABR 26.8 41.2 37.1 39.3 32.5 25.7 27.0 44.6 38.3 20.4 20.0 45.7 48.4 43.1
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Illinois Tollway Study



IL Tollway BMD – Cracking Test Limits

Mix. Type Category Recommended

SM
A

Friction Surface 775 J/m2

Surface 700 J/m2

Binder 650 J/m2

Unmodified 500 J/m2
D

en
se

 g
ra

de
d

IL 4.75 450 J/m2

Mainline Binder 
(Ndesign>50) 425 J/m2

Mainline Binder 
(Ndesign=50) 450 J/m2

Shoulder Surface 
(Ndesign≤70) 450 J/m2

Shoulder Binders 425 J/m2

DC(T) thresholds at -12 ℃ for different mix categories



Hamburg rut depth thresholds at 50 ℃ for different mix categories

Mix. Type Category
Recommended

No. of Passes Max. Rut 
Depth

SM
A

Friction Surface 20,000 6.0 mm
Surface 20,000 6.0 mm
Binder 20,000 6.0 mm

Unmodified 15,000 12.5 mm1

D
en

se
 g

ra
de

d IL 4.75 15,000 12.5 mm
Mainline Binder (Ndesign>50) 15,000 12.5 mm
Mainline Binder (Ndesign=50) 10,000 12.5 mm

Shoulder Surface (Ndesign≤70) 10,000 12.5 mm
Shoulder Binders 7,500 12.5 mm

IL Tollway BMD – Hamburg Test Limits



SIP thresholds at 50 ℃ for different mix categories (applied when the slope ratio 
is ≥ 2.0)

Mix. Type Category Recommended

SM
A

*

Friction Surface 15,000
Surface 15,000
Binder 15,000

Unmodified 10,000

D
en

se
 g

ra
de

d
IL 4.75 10,000

Mainline Binder 
(Ndesign>50) 10,000

Mainline Binder 
(Ndesign=50) 7,500

Shoulder Surface 
(Ndesign≤70) 7,500

Shoulder Binders 5,000

* If the measured rut depth for SMA mixes at the required number of passes (determined based on Table 7-3) is 
lower than 4.0 mm, the mix shall be specified as non-stripping without the need to compute the SIP.

IL Tollway BMD – Hamburg SIP Limits

No need to run 
AASHTO T-
283, although 
optional in 
case of failing 
Hamburg 
result



MoDOT BMD – Performance Data



MoDOT BMD – Performance Data



MoDOT BMD – Recommended Cracking 
Test Limits, Mainline Pavement



MoDOT BMD – Recommended Cracking 
Test Limits, Shoulders



…more details…

https://spexternal.modot.mo.gov/sites/
cm/CORDT/cmr20-010.pdf

https://www.illinoistollway.com/doing-
business/construction-
engineering/reference-material -

https://www.illinoistollway.com/doing-business/construction-engineering/reference-material


Modern, Heterogenous Sustainable Mixes

1993 2020

RAP and RAS 

Polymer Modification

Rubber Incorporation

Fibers in Asphalt

Plastic in Asphalt

SHRP Project

1995 2000



New Materials/Approaches for Sustainable 
Pavements

1. Dry-Process Ground Tire Rubber Mixes

2. Dry-Process Waste Plastic Asphalt

3. Combinations of New (above) + Traditional Recyclates and Modifiers  
(RAP, RAS, Rejuvenators)



Rubber and Plastic Recycling
Rubber and plastic are 
incredibly tough and durable 
materials…so durable in fact 
that they pose considerable 
end-of-life problems 

Can these materials be re-used in America’s 
infrastructure to eliminate single use and 
promote a more circular economy???

Finalizing the implementation of rubber-
modified asphalt, or RMA, creates a blueprint 
for also addressing the waste plastic problem



Why modify asphalt with rubber?

1 Performance

2 Sustainability

3 Economics



Why modify asphalt with rubber?

1 Performance

2 Sustainability

3 Economics

RMA is able to provide performance and functional benefits including 
longer service life, lower noise, and better ride quality, and increased 
skid resistance

ARFC 96.6

Concrete 109.2



Why modify asphalt with rubber?

1 Performance

2 Sustainability

3 Economics

• LCA studies with proper 
assumptions show reductions in 
environmental impact when 
using RMA, ~30-40% reduction
(more work needed)

• Entombment of rubber particles 
in asphalt results in significant 
decrease in leaching ~85% 
reduction (much more work 
needed)



Why modify asphalt with rubber?

1 Performance

2 Sustainability

3 Economics

• Heavy traffic applications: Modern RMA mixtures are less 
expensive than polymer-modified asphalt mixtures and 
provide comparable performance

• Light traffic applications: Life cycle cost studies generally 
find RMA to be more cost effective than conventional 
mixtures

• Thin Lift Overlays: RMA can result in as much as 50% 
reduction in lift thickness with same performance



RMA Modification Methods
End of Life Tire 
Recycling

Ground Tire 
Rubber (GTR)

Conventional 
Paving 

Equipment/Process

RMA Pavement on 
Illinois Tollway



PRECISION PNEUMATIC INJECTION SYSTEM
(Dry-Process GTR or Waste Plastic Pellets)
• MODIFIED FIBER MACHINE
• LOSS-IN-WEIGHT FEEDER
• 2 MIN. ACCURACY: +/- 2%
• 500 MEASUREMENTS/DAY 

CAPABILITY
• TIED TO BINDER PUMP SPEED
• MAX PLANT OUTPUT: 400 TPH
• ADJUSTABLE FEED RATE FOR ALL 

MIX DESIGNS



OK RT 3, Oklahoma City, Demo Project





Correlating Field and Lab Results

33

• Field performance of dry process GTR is better than conventional pavements and
comparable to polymer modified pavements

• More than 5 million mix tons placed in 12 states, four countries
• However certain lab cracking tests results indicate GTR would not perform well.

WHY?
• Research shows that rubber inhibits crack propagation via processes like crack pinning

and crack bridging
• Tests with higher loading rates result in built-up energy in the stiff rubber specimens

before the crack begins to propagate
• The release of this energy in form of crack propagation results in steep post-peak slope
• Post-peak slope is a dominant factor in the discussed indices, and steep slopes make

for lower index values
• Point to note: none of the cracking tests were designed with rubber

specimens in the initial test matrix



https://MAPIL.missouri.edu/
publications/ 

https://MAPIL.missouri.edu/state-of-knowledge-
report-on-rubber-modified-asphalt/

…more details…

https://mapil.missouri.edu/publications/


Early Work on Dry-Process Waste Plastic in Asphalt
• Mizzou Collaboration with Dow and MoDOT

• Rutting in Hamburg drastically reduced with 
PE-Rich (LLDPE) pellet or powder 

– 0.5% - 2.5% by mix weight investigated

– Pellets do not coat aggregates, partially melt

• Similar to dry-process GTR:
– DC(T) fracture energy slightly increased

– FI and CT indexes decreased at first

– Adjustments: regress air voids, use softer binder, 
adjust rejuvenator / RAP levels

– Do these materials need their own spec?

5mm

Control   Plastic  Rubber



Early Work on Dry-
Process Waste 

Plastic in Asphalt

Control
PG58-22

Plastic
1% (by mix) 
LLDPE Pellet



ESEM and stereoscope imaging
Red region is for elemental analysis



EDS mapping



Water Quality Validation
Collaboration with Environmental Engineering Group at Mizzou

Before surface water collection After surface water collection

1% PE pellets (by wt. mix)



New AI-Based Tools for Rapid Mix Design
1. Hamburg Curve Prediction

2. DC(T) Curve Prediction

3. Other Cracking Tests – Models Under Development (Need More Data)



Machine Learning? 



Genetic Algorithm (Evolutionary learning )

GP

Graph 
GP

Linear 
GP

Tree 
GP

Different types of GP (Alavi and Gandomi 2011)

Al-Madi, N. A., & Khader, A. T. (2008)https://www.r-bloggers.com/feature-selection-using-genetic-algorithms-in-r/

https://www.r-bloggers.com/feature-selection-using-genetic-algorithms-in-r/


CNN Structure (Link)

• The convolutional-neural-network is a subclass of neural-
networks which have at least one convolution layer. 

• They are great for capturing local information (e.g. neighbor 
pixels in an image or surrounding words in a text) as well as 
reducing the complexity of the model (faster training, needs 
fewer samples, reduces the chance of overfitting).

• For large datasets, deep learning frameworks can lead to more 
robust models.

http://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.86675&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false


Example 1: Predicting Lab Performance Data

• Developing prediction model for DC(T) fracture energy of asphalt
mixtures (numbers of data points = 91).
1. ANN
2. GEP (Better Performance in Validation)

• Developing prediction model for rut depth (Hamburg wheel track) of
asphalt mixtures (numbers of data points = 10,000).
1. CNN (deep learning) (Better Performance in Validation)
2. GEP

Research Motivation:
Each point costs ~ $2,000

 Develop prediction models for 
Hamburg and DC(T) tests



DC(T) Fracture Energy GEP based Model

Measured against predicted Gf using the GEP model: (a) training data, (b). 1 testing data 



Rutting Prediction CNN-based Model

R² = 0.98
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Sensitivity Analysis - Rutting model
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Sensitivity Analysis - Rutting model (cont.)
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Machine Learning-Based Mix Performance Prediction

Control Recycled Softer 
binder

Softest 
binder Rubber



Machine Learning-Based Prediction Software



New AI-Based Tools for Rapid Pavement Evaluation

1. Smart Pavement Monitoring Software

2. Cloud-based Annotation Tool

3. Data Visualization Software



Pavement Monitoring

• Traditional method

-> Sophisticated Data Collection Vehicle (e.g., ARAN)

Cost :

A vehicle equipped with modern sensor and computing systems was purchased 
by the Ohio Department of Transportation for US$1,179,000 with an annual 
operating cost US$70,000 (Vavrik et al., 2013). 



• Deep Learning Approach for Automatic Pavement 
Distresses Detection using Google Street view images

Why Google images?  Free/available for virtually every road in the US

Why Automated system?

1) Significant cost savings

2) Excludes human error and bias from the calculation process

Objective of this Study



Initially: 7,500 images 
with nine classes

Distress Type Distress ID
Reflective Crack D0
Transverse Crack D1

Block Crack D2
Longitudinal Crack D3

Alligator Crack D4
Sealed Reflective Crack D5
Lane Longitudinal Crack D6

Sealed Longitudinal Crack D7
Pothole D8

Table 1. Distress types versus their corresponding distress ID

Classification of Distresses



Cloud Annotation Tool
 Fast, easy, and collaborative image annotation tool.
 More than 10K Images have been annotated so far
 Local training improves accuracy

http://35.223.204.101:8080/tasks/18/jobs/15


Classification Accuracy

YOLO V2 D0 D1 D2 D3 D4 D5 D6 D7 D8
D0 0.99 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00
D1 0.02 0.97 0.01 0.00 0.00 0.00 0.00 0.00 0.00
D2 0.00 0.00 0.99 0.00 0.00 0.00 0.00 0.00 0.00
D3 0.00 0.00 0.01 0.98 0.00 0.00 0.01 0.00 0.00
D4 0.00 0.00 0.00 0.00 0.99 0.00 0.00 0.00 0.00
D5 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00
D6 0.00 0.00 0.00 0.00 0.00 0.00 0.99 0.00 0.00
D7 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00
D8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Crack class name Precision Recall F1
Reflective crack 0.93 0.76 0.84
Transverse crack 0.9 0.83 0.86

Block crack 0.93 0.79 0.85
Longitudinal crack 0.91 0.83 0.87

Alligator crack 0.91 0.74 0.82
Sealed transverse crack 0.93 0.83 0.87

Sealed longitudinal crack 0.93 0.79 0.85
Lane longitudinal crack 0.94 0.57 0.71

Pothole 0.96 0.78 0.86
Average 0.93 0.77 0.84

Detection and classification results 
for nine distress types

Confusion matrices obtained on the 
classification dataset using YOLO v2
(Diagonal value ~ 1.00 is best)

NVIDIA GTX 1080Ti GPU used to train the algorithms
Transfer learning was utilized to boost the training speed and performance 
of the YOLO and Faster R-CNN models 



U-Net based Model for Distress Quantification 

 Originally developed for biomedical image segmentation (diabetes detection) 



a) Raw Image b) pre-trained 
U-Net output

a) Raw Image

c) Re-trained 
U-Net output

b) pre-trained 
U-Net output

c) Re-trained 
U-Net output
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Model Validation
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Smart Pavement Monitoring Cloud Software 

1) 2)

Click 
here



Smart Pavement Monitoring Cloud Software 



 Newly Paved Section
Smart Pavement Monitoring Cloud Software 
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 Cracked-sealed Section
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 Dense Block Cracking Section
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Pavement condition visualization map using SPM, Columbia, MO



Ongoing Research in this Area

1. Updating the proposed prediction models with more field data to produce 
even more robust models 

2. Predicting rutting in a more robust manner

3. Developing prediction models for PCI and customizable option to 
accommodate other rating systems, site-specific (tailored) rating 
systems



Data Science for Pavements Symposium



Ongoing/Upcoming 
Demonstration 
Projects

1. Stadium Blvd., 
Columbia MO

2. US-63

 100-lane miles, Spring 
2022

 Launch of Missouri Test 
Road Network (MTRN), 
including water quality 
monitoring at Three 
Creeks



Partnership Opportunities
1. Data Demonstrations/Collaborations – Mix Property Prediction

2. Locally Calibrated Software/Predictions – Mix & Pavement 
Prediction

3. Field Demonstration Project Collaborations – Modern Recycling 
and Associated BMD Specifications, Reflective Crack Mitigation 



Thank you!
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