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(a) Image with GT boxes (b) 8 x 8 feature map
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(c) 4 x 4 feature map

Liu, Wei, et al. "Ssd: Single shot multibox detector." European conference
on computer vision. Springer, Cham, 2016.
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Road Damage Detection and Classification
Using Deep Neural Networks with Smartphone Images

H.Maeda, Y.Sekimoto, T.Seto, T.Kashiyama, H.Omata

1. Background 4 . Experiment

Although D01 and D44 were detected with relatively high recall

Major disadvantages of previous road damage detection o . .
and precision, the value of recall 1s low 1n the case of D11 and D40

1. No common dataset for a comparison of results Table.1 Precision/Recall/Accuracy of each category
D00 DO1 | D10 | D11 | D20 | D40 | D43 | D44
2. Many studies have been limited to the detection or classification Recall 1040108910201 005|068 002|071 085
of damage in only the longitudinal and lateral directions Precision| 0.73 | 064 | 099 | 095 | 0.68 | 099 | 0.85 | 0.66
Accuracy| 0.81 | 0.77 | 0.92 | 0.94 | 0.83 | 0.95 | 0.95 | 0.81

% The dataset were divided into 8:2 for training and testing.

2. Method

Considering the processing speed and accuracy, we used SSD with MobileNet
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Inference speed (ms) for one 1mage are
30 ms (on GPU) and 1.5 s (on smartphone)

(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

Fig.1 Overview of SSD

Liu, Weil, et al. "Ssd: Single shot multibox detector.”
European conference on computer vision. Springer, Cham, 2016.

3. Road Damage Dataset ©. Future Research

We traveled through every municipality covering approximately 1,500 km in total. . . :
And all the imagef were v);sually ir?spe)(/:ted andganlr::gtated / * we shall increase the amount of training data and devise the structure

The dataset includes 9,053 damage images and 15,435 damage bounding boxesof 2 new neural network to improve the detection accuracy of
categories that cannot be detected well.

4000

3500

5 o  we shall determine whether a trained model can be transferable
: o to 1mages collected from locations other than Japan.
é 1500

502 B I. - I' _ oomell  Bm -i _ m -A.nm ul I' II

Sumidalvard 168 660 20 61 21 19 201 482 1632
Nagakute@ity 482 477 169 58 351 14 90 659 2300
® Adachi@vard 529 1013 153 279 172 11 191 567 2915
B Murorani@ity 671 574 124 88 1192 189 50 712 3600
B NumazulXity 560 807 245 129 735 165 161 908 3710

6. Appendix

TOTAL 2768 3789 742 636 2541 409 817 3733 15435

-it.2 Statistics of the dataset
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Fig.3 Definition of the damage type and sample images

Fig.5 Distribution of the damages in each municipality

All the dataset is publicly available!
https://github.com/sekilab/RoadDamageDetector
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