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Design of Real-time MR Contents using Substitute Videos of
Vehicles and Background based on Black Box Video

Sung-Ho Kim

Professor, Department of Computer Science and Engineering, Sangji University

o
=

4>jﬁ fle

F

ol s BAAR BYH DEER R 5P GHS /IO AYS FRUS AR
AT 2|3 gEE A FHE A SN A2e 0E IHY 29X LeEeonn 48
28 % Sl A0 MR SHE AL G SAUE, A2 SR Facka 2 A gend
A7 3% ool 1 deT F3 YOLO AISE AHgUTt. B, A& A4 S W]
G2 AL RGB AWHE PHOR St Mask 1S AR A MR EH2E 919 A48 7}
A B D) B GHOIH FEE A G 2719 2L 272 hAEe B =RAHE UAZF MR
= A} 5 A8 U ABHolHOR Selslgion] VR 2Hx oAl 48K B8 4 9L
Aow g,

10 oy FO

FHO - AFE S, AF A4S, dA 94, MR, E2d, YOLO

Abstract In this paper, we detect and track vehicles by type based on highway daytime driving
videos taken with black boxes for vehicles. In addition, we design a real-time MR contents
production method that can be newly created by placing substitute videos of each type of
detected vehicles in the same location as the new background video. To detect and track vehicles
by type, we use the YOLO algorithm. And we also use the mask technique based on RGB color
for substitute videos of each type of vehicles detected. The size of the vehicle substitute videos to
be used for MR content are substituted by the same size as the area size of the detected vehicles.
In this paper, we confirm that real-time MR contents design is possible as a result of experiments
and simulations and believe that It will be usefully utilized in the field of VR contents.
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Fig. 1. Example of semantic segmentation[1]
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Fig. 2. Example of YOLO vehicle counter [13,14]
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(a) Black box foatage on the highway

(b} Detecting and tracking of vehicles from black box video
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Fig. 3. System Configuration and Flow Chart
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(c) Asubstitute video

Fig. 5. A real time MR contents simulation result

%, Fig. 59 b)olA A& 2 =449 5842 EY

2 (d)ollA UFOLt 402 A= 2 =&
A A d AEFlAE s AHERE I (a)e
1280x720 Z719] AT}t 30fpsE A *Fe
LA (ololubE] QXD1000 2E) F7F 33 HAo]
t}. ()= Royal Gorge Route RailroadE 2AAL9]
Aol ZFet F BN (A 22 HIEE
TH = A2 5840t £ =29 A% 9 A&
ojdZ 97t AlA® AL HoERE= FIAA
Windows 10914 Anaconda 3 7|¥t9] Python v3.7
3 MS Visual CodeE ARMEst9Cm™, Numpy,
imutils, OpenCV2 9] glo|BejgE F7t= AR&s}
Aot 2 =RolAe ot 299 AE EYEta
VEEFE ATH 271 25 JAF £ 7S 1% Ay 9
Algdol o] AbgSkeiTh 11 AR A HE 2 54
o] AgH o= o|Fojd A, AAZE MR 2= A2
= 91gt Aol vEhd EAIES llgs Eskal
ot J8ug B =304 Aoker EHdtA QA 78t
A s 9 oA G4 ol&et AARE MR Edl=
AAlE A FAdol ofd T9d= ARER A F A
Efo|d AijoflA & & 1ol MR E8120] QlojA
NMZE ZoFE Zidsiltar AR 4= QA =it
A= 2 =EolA= Table 13} Zo] A= A&0] £#

—

(d) A MR content implementation result

2l 7% AFOIA] B ol AARE MR EH1Z Az,
2 97 992 Bgons 71E Avee) RS

ek 5 itk

Table 1. Differentiation from existing research results

. Existing This
Division Researches Research
Front and rear
vehicle detection Q Q
Detected Vehicle Replacement x o
MR Content Design x o
n o
5. 22 ¥ ¥3 A7

2 =2de A
K

N o2

A
g
2
=

& MO AYE ¢
T2 =S 7 A2e

s9402 dAsh B @_Al MR 2
2 Aao] R5Te AARNT 4F L 4
oStk AFg BaNAY TR F7 7
PgNH AEE AFL AT A FI4L 909
L A2 A 719 2L 54 v

A
PE Agstaon, Wie 2
7] Y- Mask 7§o] §-83itte AL RISy

Xﬂﬂ? A gt



218 SSHEE=EX| H113H H6E

o} & =04 AAlsta A E AlEoldo R g
Qg MR E€l2&= AFE o]8ot= BE AYPAS
Fo8 AXZF EFEA G4 7|9k MR 812 A& €
& Eopoll &8 & Utk FFT Aollxe AFE
BajurA ,T’_-/}-EE _}_ﬂ- z—u quxc]-.g_ /‘HE“?‘ Eoﬂx{]—
oF WA gal 1&H R0 Hid Wit HEH ARF
T A2 AA FAoE iAot} gtk T, X
MR "= A& FopollA fstal Y= AAL 7|5
360% T2kt VR 9 360% 7HEt2 #9s 360%
FYAE 0|83t AAZE MR E8120] AT F7HHQd
Aot AY 9 Al EHo]AS B dotalA} gt

m_g

REFERENCES

[11  https://docs.openvinotoolkit.org/latest/omz_mod
els_intel_semantic_segmentation_adas_0001_des
cription_semantic_segmentation_adas_0001.html

[2] O. Ronneberger, P. Fischer & T. Brox. (2015,
October). U-net: Convolutional networks for
biomedical image segmentation. In International
Conference on Medical image computing and
computer-assisted intervention (pp. 234-241).
Springer, Cham.

3] V. Badrinarayanan, A. Kendall & R. Cipolla.
(2017). Segnet: A deep convolutional
encoder-decoder architecture for image
segmentation. /EEE transactions on pattern analysis
and machine intelligence, 39(12), 2481-2495.

DOI : 10.1109/TPAMI.2016.2644615

[4] A Kendall, V. Badrinarayanan & R. Cipolla.
(2018). SegNet: Model Uncertainty in Deep
Convolutional ~Encoder-Decoder Architectures
for Scene Understanding. arXiv  preprint
arXiv:1511.02680

[5] H. Zhao, J. Shi, X. Qi, X. Wang & J. Jia. (2017).
Pyramid scene parsing network. In Proceedings
of the IEEE conference on computer vision and
pattern recognition (pp. 2881-2890).

[6] G. Lin, A. Milan, C. Shen & I Reid. (2017).
Refinenet: Multi-path refinement networks for
high-resolution semantic segmentation. In
Proceedings of the IEEE conference on computer
vision and pattern recognition (pp. 1925-1934).

[71 H. LI et al. (2018). Pyramid attention network for
semantic segmentation. arXiv preprint
arXiv:1805.10180.

[8] L. C. Chen, G. Papandreou, F. Schroff & H.

Adam. (2017). Rethinking atrous convolution for
semantic image segmentation. arXiv preprint
arXiv:1706.05587.

[91 L. C. Chen et al. (2018). Encoder-decoder with
atrous separable convolution for semantic image
segmentation. In Proceedings of the European
conference on computer vision (ECCV) (pp.
801-818).

[10] M. Yang, K. Yu, C. Zhang, Z. Li & K. Yang.
(2018). Denseaspp for semantic segmentation in
street scenes. In Proceedings of the IEEE
conference on computer vision and pattern
recognition (pp. 3684-3692).

[11] C. Yu et al. (2018). Bisenet: Bilateral segmentation
network for real-time semantic segmentation. In
Proceedings of the FEuropean conference on
computer vision (ECCV) (pp. 325-341).

[12] https://github.com/guptavasul213/Yolo-Vehicle-Counter

[13] J. Redmon & A. Farhadi. (2018). Yolov3: An
incremental  improvement. arXiv  preprint
arXiv:1804.02767.

[14] T. N. Doan & M. T. Truong. (2020, November).
Real-time vehicle detection and counting based
on YOLO and DeepSORT. In 2020 12th
International Conference on Knowledge and
Systems Engineering (KSE) (pp. 67-72). IEEE..
DOI : 10.1109/KSE50997.2020.9287483

[15] D. Bolya, C. Zhou, F. Xiao & Y. J. Lee. (2019).
Yolact: Real-time instance segmentation. In
Proceedings of the IEEE/CVF International
Conference on Computer Vision (pp. 9157-9166).

[16] Y. H. Lee & Y. Kim. (2020). Comparison of CNN
and YOLO for Object Detection. Journal of the
semiconductor & display technology, 19(1), 85-92.

A M &(Sung-Ho Kim)

- 19984¢ 8¥ : HA
slaNZstA A

- 20059 2¢¥ ¢ sAYEY AFE
staNZshatAp

- 20064 3¥ : AAIH

- 20184 3Y~FA : AA ety AFE Tl w
- T Eok 1 AREIHG L, HFE ofunleld, w 7

A, MBAYFARY, S8, AFEAY, Web3D, el
ulcjo], A2l AL

- BE-Malil : kimsh1204@sangji.ac kr



