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What is an 3D Automated
Distress system®e

» What is raveling?
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« CHALLENGES FROM WINDSHIELD SURVEY

LIMITATIONS AND DRAWBACKS OF WINDSHIELD SURVEYS FOR RAVELING DETECTION

CONFINED TO WHEEL PATHS (CW)
PREDOMINANT CRACKING CLASS Confined to Wheel Path (CW)
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- CHALLENGES FROM WINDSHIEL

D SURVEY

Not easy fo determine crack width & extent while

driving at traffic speed
Subjective & rater dependent
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Crack rafing can plateau for severol yeors

Assigned as representative condifion of entire section
Same rating for wide range of distress amount
Noft ideal for performance modeling
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MACHINE LEARNING FOR RAVELING DETEC
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MACHINE LEARNING FOR RAVELING DETECTION -

ST.AUGUSTINE

 |tis not alarge
Language Model (LLM) —
ChatGPT, Gemini,
Copiloft

. Itis not Convolutional S\
Neural Networks (CNN),___._. e \

+ It is @ Random For =St
Classifier (RFC) -




RANDOM FOREST ALGORITHM

Forest of Trees: Enhanced model robustness
through the combination of multiple decision
trees.

Diversity through Randomness: Each tree utilizes
a random subset of feafures, promoting diverse
learning and mitigating overfitting.

Voting Power: Utilizes majority voting for
classification tasks and average prediction for
regression tasks.

Strength in Numbers: Randomness in free
creation lowers model variance, thereby 'll:
boosting accuracy. e W
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MANUAL RATINGS OF TRAINING SET IMAGES
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FLORIDA
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3021 LCMS pavement images
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RFC HYPERPARAMETERS

 Library: scikit-learn (Python)

« Classifier: RandomForestClassifier
 Number of Trees (Estimators): 1000

« Evaluation Metric: Out-of-Bag Accuracy.

 Tree Building: Gini impurity test with | wlEemT fe
bootstrapping e BT

o Train/Test Split: 67% ’rromlngﬁ%%—’res’r
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IDENTIFICATION AND EXTRACTION OF INPUT
PARAMETERS FROM IMAGES

Feature Formula

Arithmetic mean

Standard deviation

Root mean square

Skewness

Kurtosis

Interquartile range




EXTRACTION OF INPUT PARAMETERS FROM ]
IMAGES

——
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* Pixel values from 0-255

« Lighter pixels represent higher
elevations (z-coordinates)

* Image size 1020 by 1524 — about 13ft
by 20ft

« Each pixelis 4 mm

« Statistical information based on the
pixel values is used to generate a 606-
length vector for eachimage =

px t
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IDENTIFICATION AND EXTRACTION OF INPUT
PARAMETERS FROM IMAGES

RMS PDF

Kurtosis PDF Skewness PDF |IQR PDF
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BUILDING RFC ESTIMATORS

Typical Confusion Matrix for Current Model
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Typical Classification Report for Current Model
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USE THE RANDOM FOREST CLASSIFIER TO
CLASSIFY THE PRODUCTION DATA

Severe




OUTPUT THE CLASSIFICATION TO THE SQL
DATABASE AND .CSV FILE




CRRPUG 2024

pd ~
~ 7

Q20000060

< N
~ Ll




FUTURE APPLICATIONS OF MACHINE LEARNING
FOR RAVELING ANALYSIS

« Forecasting raveling performance

« Raveling rating separate from
crack rating *

* Improved rejection of false
positives based on pattern
recognifion

« Section Gggreg '
memaory
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Raveling by Severity

RavTotalPerc

FORECASTING RAVELING PERFORMANCE

Pav Age: 5 years

Pav Age: 11 years
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RAV RATING SEPARATE FROM CRACK RATING

Cracking Model

OGRC DGFC
CW Deduct CO Deduct CW Deduct CO Deduct
Crack Deduct Rav Deduct X,=CO Crack % EEEER X, =CW Crack % =GO Crock-%
X,= Avg.Crack [EEEEE X, = Avg. Crack X, = Avg. Crack
X,= CW Crack % r, = Low Rav % R width (in) B Wwidth (in) width (in)
XQ.: Av.g. Crack r,= Mod. Rav % gl “ A N ;)l\
WileliaN(la)) r, = Sev.Rav % QX (0+(0.1 -0.025) \\M QX [o+(0.1X -0.025)) QX [o+(0.1 -0.025))
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CO Deduct [0,3]
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IMPROVED REJECTION OF FALSE POSITIVES BASED
ON PATTERN RECOGNITION

Secftion aggregation
based on memory
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QUESTIONS SECTION

THANK YOU!
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