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• Pavement performance models are important for transportation asset management.
o Select most cost-effective treatment
o Determine project priority and improve budget allocation 

• Huge amount of resource invested on M&R in Louisiana
o $677 million from FHWA and the state matching funds for it, 
o Governor also raise nearly $700 million per year for transportation funding. 

• Even a slight improvement in pavement performance modeling could save a lot of money for taxpayers

Problem Statement



• DOTD Pavement Management System (PMS)
o Site-specific curves
o Family curves

• There is a need of better performance models 
o Considering more parameters (traffic, structural info, and climate)
o More accuracy and prediction power

Problem Statement



• Transportation Asset Management Plans (TAMP) Condition Targets
o NHS performance targets, 2 year and 4 year
o Federal goodness rating on IRI, rutting, cracking percent, and faulting

o IRI and rutting are consistent with previous measurement
o Cracking and faulting are different

• Only 4 years of Highway Performance Monitoring System (HPMS) data was available

Problem Statement



• Develop short-term pavement cracking forecasting models to predict two- and four-year cracking 
percent, based on 2017-2020 HPMS database;

• Establish a historical pavement condition database for all asphalt overlay projects constructed after 2009
o Long-term model #1: Incremental model

❖ Two previous pavement condition, mill/overlay thickness, traffic, climate
❖ Incrementally predict future pavement performance up to 15 years
❖ IRI, rutting, cracking %, ALCR, RNDM, PTCH, RUT, and RUFF

o Long-term model #2: family curves
❖ Project-based information of pavement age, functional class, thickness, and five weather 

related project data

Objectives



• Feed-Forward Neural Network
• Adaptive Neuro-Fuzzy Inference System (ANFIS)

Artificial Neural Networks (ANN)

IRI Prediction (Hossain et al. 2017)

ANFIS Structure
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• Highway Performance Monitoring System (HPMS) Database
o Similar to PMS, focused on NHS
o Purpose: PMS are to supervise and forecast pavement conditions and select the optimal treatment 

and timing; HPMS monitors network level condition of NHS pavements and identifies the overall. 
o Measurement: Cracking percent and faulting
o Only 2017 to 2020 HPMS data was available
Example: 2017 HMPS Data (41,679 rows)

Data Collection for Crack% Modeling (Short-term) 
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• The Modern Era Retrospective-Analysis for Research and Applications (MERRA) Climate Data
o Annual air temperature (AAT), 
o Annual precipitation (AP), 
o Freezing index (FI), 
o Annual number of freeze-thaw cycles (AFC)
o Annual number of wet days (AWD)

Data Collection for Crack% Modeling (Short-term) (Cont.)

MERRA in Pavement-ME

District AAT AP FI AFC AWD

2 69.7 49.3 1.2 3.3 305.2

3 67.9 48.7 4.0 11.3 307.2

4 65.5 52.0 13.3 28.9 293.2

5 65.3 53.0 18.3 31.2 287.6

7 67.7 50.9 3.5 12.9 308.7

8 66.2 52.2 8.1 23.4 302.0

58 66.0 51.8 13.0 26.2 297.0

61 67.6 50.7 4.2 14.0 308.6

62 67.7 52.5 3.4 12.9 308.4

Average Climate Input by District



• Project Records
o All overlay projects
o Log mile info and final inspection data were extracted

• Highway Needs
o ADT, Truck%, number of lanes

• Assign these info to HPMS based on CST and log miles
o A program in Matlab was complied to add these info to HPMS 0.1-mile sections

Data Collection for Crack% Modeling (Short-term) (Cont.)

Highway Needs File, 2019Project/Highway Info, from 1990 to present



• Data Combining, Cleaning and Organizing
o Intersection of 4 years’ HPMS data (35,913 tenth miles)
o Remove data without pavement age or measurement

• Organize Data
o Predict future 2 years Crack %
o Five inputs, one outputs

• Find out climate factors with most contribution  
o Correlation Matrix

Build Database for Crack% Model (Short-term)

Existing Crack%

Input layer

Truck%

ADT/Lane

Age

Climate

Hidden layer

......

Output

Future Crack%

Crack% Temp Percip. FreezeIndex F-T cycle WetDays

Crack% 1 0.0128 0.005 0.0166 0.014 0.0144

Temp 1 0.2932 0.9121 0.9976 0.8522

Percip. 1 0.1266 0.2827 0.0985

FreezeIndex 1 0.9304 0.988

F-T cycle 1 0.8772

WetDays 1

Example of Climate Correlation Matrix (ASP Inter Rural)



• Divide Database into Categories
o Pavement Type
o Functional Classification

• Datasets for 17 Models

17 Crack% Models (Short-term)

ASP COM JCP

FUN Rows Weather 

Input

FUN Rows Weather 

Input

FUN Rows Weather 

Input

01 3879 AAFI 01 4317 AAP 01 4641 AAP

02 9469 AAFI 02 9825 AAFI 02 4566 AAFTC

06 2 - 06 4 - 06 - -

11 1728 AAFTC 11 1840 AAWD 11 2738 AAT

12 469 AAWD 12 183 AAP 12 561 AAT

14 1840 AAP 14 4982 AAWD 14 3656 AAWD

16 486 AAFTC 16 104 AAT 16 17 -

*AAT - Average annual air temperature

  AAP - Average annual precipitation

  AAFI - Average annual freeze index

  AAWD - Average annual wet days

  AAFTC - Average annual freeze/thaw cycles



• Data Cleaning and K-Fold Validation
o Remove data with cracking percent <-5% 

• K-fold Cross Validation
o Shuffle dataset first
o Divide into 5 folds
o Same folds of data were saved for training other ANN

K-fold Cross Validation

Train Test

All Data



• Overall comparison between Predicted and Measured 2021 values 

Test Crack% Models: Validate with 2021 Data



• PMS Treatment History
o Previous treatment activities for 0.1-mile sections
o Extract overlay projects numbers and related Element ID
o Verify projects and obtain design traffic and structural info in FileNet

Long-term Pavement Performance Modeling



• Build up database
o With obtained Element IDs, extract all historical condition in PMS
o Combine age, traffic and climate info
o Remove records before treatments
o Average condition data for projects 
o Location of the overlay projects

Location and Summary of Selected Projects

Type Projects mileage Age ADT range Truck% Milling 

depth

Overlay 

thickness

Number 

of data

UTO 37 171.2 0-12.6 400-37,300 5-34 0-2 0.75-1.0 147

TO 230 746.6 0-14.8 75-66,700 3-34 0-4 1.5-2 1,236

MO 79 374.3 0-15.1 100-28,600 7-25 0-4 2.5-4 340

SO 17 56.4 0.4-11.1 650-23,600 5-40 0-2 2-8 71

Total 363 1348.5 75-66,700 3-40 1,794

Summary of overlay PMS database



• Incremental Performance Models
o Use previous two pavement conditions to predict next same condition
o 8 incremental models: IRI, Rutting, alligator crack% and 5 distress indices 

• Input Parameters used in long-term performance modeling

Long-term Model: Incremental Models

Model name Input Parameters Output

IRI
IRI(i-4), IRI(i-2), age (i), accumulative truck, 

overlay_h, mill_h
IRI (i) year

Rutting
RD(i-4), RD(i-2), age (i), accumulative truck, 

overlay_h, mill_h
RD (i) year

Percent of Alligator 

Cracking

CK(i-4), CK(i-2), age (i), accumulative truck, 

overlay_h, mill_h
CK (i) year

ALCR
ALCR(i-4), ALCR(i-2), age (i), accumulative truck, 

overlay_h, mill_h
ALCR (i) year

RNDM
RNDM(i-4), RNDM(i-2), age (i), accumulative truck, 

overlay_h, mill_h
RNDM (i) year

PTCH
PTCH (i-4), PTCH (i-2), age (i), accumulative truck, 

overlay_h, mill_h
PTCH (i) year

RUT
RUT(i-4), RUT(i-2), age (i), accumulative truck, 

overlay_h, mill_h
RUT (i) year

RUFF
RUFF (i-4), RUFF (i-2), age (i), accumulative truck, 

overlay_h, mill_h
RUFF (i) year



• Structures and performances

Long-term Model: Incremental Models (Cont’)



• In this study, a methodology for developing short-term and long-term ANN-based pavement 
performance models was established. 
o Two network-level database
o Three types of performance models

❖ 17 Crack% Models (short-term)
❖ 8 Incremental models (long-term)

• Following observations were drawn from this research
o ANN-based pavement performance models were capable of produce greater accuracy compared 

with statistical regression models (higher R2 and lower RMSE); Also, easy to be implemented;
o Both the feedforward ANN and ANFIS approaches were suitable for short-term crack% prediction; 

ANN is better in some pavement categories and easier to be implemented 
o Similar approach was used in developing long-term pavement performance models. These 

developed incremental models are capable of making prediction for many distress values, and can 
be a goof alternative when data is not sufficient for building site-specific curves;

Conclusions



Questions?
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