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PERCENT OF 
PAVEMENT AREA 

AFFECTED BY 
CRACKING

CONFINED TO WHEEL PATHS (CW)
PREDOMINANT CRACKING CLASS

CLASS I CRACKING
Width < 1/8”

CLASS II CRACKING
1/8” < Width ≤ 1/4”

CLASS III CRACKING
Width > 1/4”

(Including Raveling & 
Patching)

DEDUCT DEDUCT DEDUCT
0 – 5 0.0 0.5 1.0

6 – 25 1.0 2.0 2.5
26 – 50 2.0 3.0 4.5

51+ 3.5 5.0 7.0

PERCENT OF 
PAVEMENT AREA 

AFFECTED BY 
CRACKING

OUTSIDE OF WHEEL PATHS (CO)
PREDOMINANT CRACKING CLASS

CLASS I CRACKING
Width < 1/8”

CLASS II CRACKING
1/8” < Width ≤ 1/4”

CLASS III CRACKING
Width > 1/4”

(Including Raveling & 
Patching)

DEDUCT DEDUCT DEDUCT
0 – 5 0.0 0.0 0.0

6 – 25 0.5 1.0 1.0
26 – 50 1.0 1.5 2.0

51+ 1.5 2.0 3.0
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% Distress Area
01 – 05
06 – 25
25 – 50 

51+
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Manual 
ratings of 
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Define the 
random forest 
model (hyper-
parameters) 

Identification 
and extraction 

of input 
parameters 
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Building the 
random forest 

classifier 
(estimators)

Extraction of 
input 

parameters 
from 
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data (images)

Use the 
random 

forest 
classifier to 
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data

Output the 
classification 

to the SQL 
database and 

.csv file



3021 LCMS pavement images
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Feature Formula

Arithmetic mean �̅�𝑥 =
1
𝑁𝑁
�

𝑖𝑖=1

𝑁𝑁
𝑥𝑥𝑖𝑖

Standard deviation 𝜎𝜎 =
1
𝑁𝑁
�

𝑖𝑖=1

𝑁𝑁
(𝑥𝑥𝑖𝑖−�̅�𝑥)2

Root mean square 𝑅𝑅𝑅𝑅𝑅𝑅 =
1
𝑁𝑁
�

𝑖𝑖=1

𝑁𝑁
𝑥𝑥𝑖𝑖2

Skewness 𝑅𝑅𝑆𝑆 =
1
𝑁𝑁
�

𝑖𝑖=1

𝑁𝑁 (𝑥𝑥𝑖𝑖−�̅�𝑥)3

𝜎𝜎3

Kurtosis 𝐾𝐾 =
1
𝑁𝑁
�

𝑖𝑖=1

𝑁𝑁 (𝑥𝑥𝑖𝑖−�̅�𝑥)3

𝜎𝜎3

Interquartile range 𝐼𝐼𝐼𝐼𝑅𝑅 = 𝐼𝐼3 − 𝐼𝐼1
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Standard Deviation PDFAverage PDF RMS PDF

Kurtosis PDF Skewness PDF IQR PDF



          
     

None Low Med Sev

None 260 7 0 0
Low 15 270 53 1
Med 3 49 230 3
Sev 0 8 20 78

Category Precision Recall F1-score Support
None 0.94 0.97 0.95 267
Low 0.81 0.80 0.80 339
Med 0.76 0.81 0.78 285
Sev 0.95 0.74 0.83 106

Accuracy 0.84 997
Macro 
Avg. 0.86 0.83 0.84 997

Weighted 
Avg. 0.84 0.84 0.84 997

Typical Confusion Matrix for Current Model Typical Classification Report for Current Model

Predicted

Actual
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Raveling Percentages - 0.1-mile Data I-10 Duval County
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Building and Training of the Model Categorizing Images
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Cracking Model

OGFC DGFC

Crack Deduct

CO Deduct

Rav Deduct

CW Deduct CO Deduct

aX1
(b+(0.1X

2
-0.025)) aX1

(b+(0.1X
2
-0.025)) aX1

(b+(0.1X
2
-0.025)) 

c(d ∙ r1+e ∙ r2+f ∙ r3)g

X1 = CO Crack %
X2 = Avg. Crack 
width (in)X1 = CW Crack %

X2 = Avg. Crack 
width (in)

X1 = CO Crack %
X2 = Avg. Crack 
width (in)

X1 = CW Crack %
X2 = Avg. Crack 
width (in)r1 = Low Rav %

r2 = Mod. Rav %
r3 = Sev. Rav %

CO Deduct [0,3]

CW deduct [0,7]

CW Deduct [0,7] CO Deduct [0,3]

CRACK RATING = 10 – (CW + CO)

CW Deduct

CRACK RATING = 10 – (CW + CO)

aX1
(b+(0.1X

2
-0.025)) 





QUESTIONS SECTION
THANK YOU!
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