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A Study on Model for Drivable Area Segmentation
based on Deep Learning
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ABSTRACT

Core technologies that lead the Fourth Industrial Revolution era, such as artificial inteligence, big data, and autonomous driving,
are implemented and serviced through the rapid development of computfing power and hyper-connected networks based on the
Infernet of Things. In this paper, we implement two different models for drivable area segmentation in various environment, and propose
a better model by comparing the results. The models for drivable area segmentation are using Deeplab V3+ and Mask R-CNN, which
have great performances in the field of image segmentation and are used in many studies in autonomous driving fechnology. For
driving information in various environment, we use BDD dataset which provides driving videos and images in various weather conditions
and day&night time. The result of two different models shows that Mask R-CNN has higher performance with 68.33% loU than DeeplLab
V3+ with 48.97% IoU. In addition, the result of visual inspection of drivable area segmentation on driving image, the accuracy of Mask
R-CNN is 83% and DeeplLab V3+ is 69%. It indicates Mask R-CNN is more efficient than Deeplab V3+ in drivable area segmentation.

= keyword : Drivable area segmentation, Segmentation, Deep Leaming, Deeplab V3+, Mask R-CNN, BDD Dataset

1.4 £ a Mz s AdA o] AAHL glon e ojdo= A
A% ZPE As EE EAlo] =8t glth 59
43 A FA S PEHY AYEA AFAS HEdE T olflA AN EollE HRE EF 2
NEe 24 d B Aol FA Peige) sgo A 71Ee] A dHERA elnA) & AEe $HE <
2 A2E ANE WA HAG ATAS Bopa g ASHE BT ohek 9 &) dekd 44 ol
2y YR Aol sldeA BaE B ZAld o) g 5 2l =G, olS MReR 4 dumnA2
oIt E THE 947149 A&F Az BE
7 Baal A9E 7 ok
1 Department of Computer Science and Information Engineering, o =20 0] 31Al S
Korea National University of Transportation, Uiwang Gyeonggi, AEFed A Ve A MR, 914, i Al
16106, Korea. oZ TAET A T2 T A f1A R FH
* Col:responding author (sscho@.ut.ac.kr) ARES AZ Q4 =& F33s 92 7%} o]xl‘g_
[Received 28 August 2019, Reviewed 23 September 2019, Accepted AHE RO 08 BES AL A%, 18T

12 October 2019]

Journal of Internet Computing and Services(JICS) 2019. Oct.: 20(5): 105-111 105
http://dx.doi.org/10.7472/jksii.2019.20.5.105



Held 7[gke

F4

olr
02
12

FE 2o e AT

EEHE w23 JgsA Fsle Aore
ol@dt 71&e A7) X F2 AA

o TTw

]
o 414?—5—_ A £2 914e] BT BPelH o7

E02 98t Al WA 9 o] At}
B =R A o BHANE A 2715
B Qe ANGe] FFaAE Ped RUSE 7Hs

DR R FELE
NECEACEER LA
Il el AT

2o

ml

rl

9 QoA Bol AREE TAER 38 BEAHI
I 2] 7h Bake Bl Aol Fa AuE 98 H v
A 9N, B2 9H, e 9, blsh 2e B g
W 243} Folzk BAIN ) T G AT

olEAl4lE ZHO ShErlolHE Al

% =i 2ol 283 Bl tiste] 7hes] A&
3, 334 Bd e As B uE sl Alotes vy
0}11:]. o] & g& oA A|Qtel= wpHo R A
Hol¥ sgog AgS Wt

TR olu|Ae] U3t AA 7} EAS=A, AT
O ool AR E=AE BRAFE 7I5de IA A
7 Z(Object Detection)} ¥ H(Segmentation) 2 W& 5~ 9
o AAAE L B-F(Classification) S 3313 A A=
(Bounding Box)& &3l A€ 9IA& Yepdth 282
olu|R & A @92 T3 o' AA S 2AA #

=~

Seln g AZRT o A 92 A S

Classification + Localization Object Detection

h:sp Sh;tp
1

Instance Segmentation

Semantic Segmentation

(a2l 1) Object detectionZ} segmentation
(Figure 1) Object detection and segmentation
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2.1 DeeplLab V3+
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(Figure 2) BDD dataset Drivable Areas
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(Table 1) Proposed drivable area segmentation
algorithm
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(Table 2) Experimental conditions

CPU | Intel(R) Core(TM) i7-6700 CPU @ 34.0 GHz
RAM | 64 GB

SsD | 250 GB

GPU | NVIDIA GeForce GTX 1080

oS Ubuntu 16.04.1 LTS (4.4.0-71-generic)
CUDA 9.0 & cuDNN 7.5.0
SW TensorFlow 1.12.0

Python 3.6

(Original Image) {(Segmentation) <{Labeled Image)

(3% 3) BDD Gllo[E{M: &= o|n|x|, da 2&, 21HE o[a|x|

(Figure 3) BDD dataset: original image, segmentation,
labeled image
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(Table 3) DeeplLab V3+: Compare PASCAL VOC
2012 with BDD dataset

Datasets Loss Time IoU
PASCAL VOC 2012 | 0.6577 349ms/step 0.8741
BDD Dataset 04382 | 1,118ms/step | 0.4897
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(Table 4) Mask R-CNN: Compare COCO with BDD
dataset
Datasets | Layers Loss Time IoU
heads | 1.1820 | 536ms/step
C0oCo 4+ 11020 | 69%ms/step | 0.6563
all 0.6098 | 818ms/step
heads | 1.1796 | 498ms./step
BD]z?tzset 4+ 07375 | 66lms/step | 0.6833
all 04372 | 778ms/step
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(Table b) Test result of Mask R-CNN: and DeeplLab

V3+
Mask R-CNN DeepLab V3+
True (TP) 83 69
False (F:P) 17 31
Precision 83% 69%
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(Table 6) Fault segmentation for drivable area

Mask R-CNN Deeplab V3+
Opposite Side 5 20
Shoulder 8
Parking Area 3
Center Line 1
No Segmentation 0
Total Fault 17 31
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