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Predicting Highway Concrete Pavement Damage using XGBoost
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Abstract : The maintenance cost for highway pavement is gradually increasing due to the continuous increase in road extension
as well as increase in the number of old routes that have passed the public period. As a result, there is a need for a method of
minimizing costs through preventative grievance Preventive maintenance requires the establishment of a strategic plan through
accurate prediction old Highway pavement. herefore, in this study, the XGBoost among machine learning classification-based
models was used to develop a highway pavement damage prediction model. First, we solved the imbalanced data issue through
data sampling, then developed a predictive model using the XGBoost. This predictive model was evaluated through performance
indicators such as accuracy and F1 score. As a result, the over-sampling method showed the best performance result. On
the other hand, the main variables affecting road damage were calculated in the order of the number of years of service,
ESAL, and the number of days below the minimum temperature —2 degrees Celsius. If the performance of the prediction
model is improved through more data accumulation and detailed data pre-processing in the future, it is expected that more
accurate prediction of maintenance-required sections will be possible. In addition, it is expected to be used as important basic
information for estimating the highway pavement maintenance budget in the future.
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Fig. 1. Research Methodology
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Table 1. Leveling Standard According to The Highway Pavement
Condition Index (HPCI)

Level HPCI Condition Measure
Level 1 More than 4.00 Very good Do nothing
More than 3.50 and . .
Level 2 less than 4.00 Good Preventive repair
More than 3.25 and Somewhat | Repair and maintenance
Level 3 i
less than 3.50 good if necessary
More than 3.00 and . .
Level 4 less than 3.25 Normal Repair and maintenance
Level 5 More than 2.50 and Somewhat Improvement if necessary
less than 3.00 poor
Level 6 More than 2.00 and Poor Improvement
less than 2.50 P
Improvement on a
Level 7 Less than 2.00 Very poor preferential basis

source: Korea Expressway Corporation (2018)
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Table 2. Data Collection Status

N Route No. Area
1,10, 12,15, 16, 20, 25, 30,
34,449 35, 37,40, 45, 50, 55, 60, 65,
110, 253, 300
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Table 3. Exposure Environment Grading Guideline

Instruction
Daily average temperature
© Number of (Note 1) less than 0C 45 days or more
freezing and -
thawing days Lowest daily average
per year temperature (Note 2) less 90 days or more
than -2C

® Annual deicing agent usage 13 tons / two-lane-km or more

® Annual accumulated amount of snowfall 60cm or more

@ Number of snowing days per year 14 days or more

450m or more

source: Koh et al. (2015)
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Table 4. Data Set

Standard | Minimum | Maximum

Average L
9€ | deviation | value value

1. Service Year 56 2.1 20 8.0

2. Number of days
with intense heat

3. Precipitation 7,857.5 | 2,739.6 | 2,306.0 | 14,095.0

4. Number of days
with the average
temperature of
less than 0C

104.0 69.8 1.0 283.0

Environment 450 46.1 0.0 166.0

Factors

5. Number of days

withthelowest | 20 /| 4313 | 150 | 6100

temperature of
less than -2
6. Numberofsnow | o5 | 098 | 610 | 10380
days
Transporta- |5 gon 39,3299(38,133.1| 20 |2154400
tion Factor

H0 st=asnere] =28 H213 62 20204 119

EM40] A2 & WET(Annual Average Daily
Traffic; AADT) I} 22 Eth gt Hih= 6159 B olE &
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TAT} 20] AUTHGharaibeh et al, 2003; Lee, 2013).
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Table 5. Data Classification

HPCl Service Year Classification
Section A 32 6 0
Section B 28 4 1
Section C 1.5 8 1
Section N ‘ 42 ‘ 2 ‘ 0
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Table 6. Result of Data Classification

No Damage (0) Damage (1)

N 31,716 (92.1%) 2,733 (7.9%)
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Table 7. Set of Values for Best Hyperparameters

oeta | sampe | Oversamle| K
learning_rate 0.01 0.01 0.01 0.01
n_estimators 10,000 10,000 10,000 10,000
max_depth 6 9 3 9
min_child_weight 3 5 3 1
gamma 0.1 0.3 0.0 0.0
reg_alpha 1e-05 1e-05 1e-05 1e-05
subsample 0.5 0.7 0.8 0.7
colsample_bytree 0.8 09 0.8 0.8
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Table 8. Loss Function Result 03 -
Original Under Over Combine
Data Sample | Sample | Sample 0.2 1
n_tors(Early Stopping) 1,914 748 4,979 986 o 1000 2000 3000 4000 5000
(c) Oversample
Train Log Loss 0.13 0.28 0.18 0.12
Test Log Loss 0.14 036 0.20 0.15 . XGBoost Log Loss
07 — Train
Test
_ _ - 06
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Table .9 Confusion Matrix 021
D]' L T T T T T T
Predict Actua True False 0 200 400 600 800 1000
True True Positive(TP) False Positive(FP) (d) Combine Sample
False False Negative(TN) True Negative(TN) Fig. 8. Loss Function according to the Number of Training Iterations
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Table 10. Performance Metrics

Performance Metrics

(TP +TN) / (TP+FN+FP+TN) ; Accuracy is how close a measured

Accuracy value is to the actual (true) value.

TP / (TP + FP) ; Precision quantifies the number of positive class

Precision predictions that actually belong to the positive class.

TP/ (TP + FN) ; Recall quantifies the number of positive class

Regal predictions made out of all positive examples in the dataset.

2/ (1/ Precision + 1/ Recall) ; F-Measure provides a single score
that balances both the concerns of precision and recall in one
number.

F1 score
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Table 11. Accuracy Result

Original Data | Under Sample | Over Sample
Accuracy 0.95 0.91 0.95 0.95

Combine Sample
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