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Multi Modal Sensor Training Dataset for the Robust Object
Detection and Tracking in Outdoor Surveillance
(MMO (Multi Modal Outdoor) Dataset)
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ABSTRACT

Dataset is getting more import to develop a learning based algorithm. Quality of the algorithm definitely
depends on dataset. So we introduce new dataset over 200 thousands images which are fully labeled
multi modal sensor data. Proposed dataset was designed and constructed for researchers who want to
develop detection, tracking, and action classification in outdoor environment for surveillance scenarios.
The dataset includes various images and multi modal sensor data under different weather and lighting
condition. Therefor, we hope it will be very helpful to develop more robust algorithm for systems equipped
with difference kinds of sensors in outdoor application. Case studies with the proposed dataset are also
discussed in this paper.

Key words: Outdoor Surveillance, Action Classification, Object Detection & Tracking, Mobile Robot,
Multi Modal Sensor Dataset

e = S, A B¢ LT Thd Popz S w gl
9. AeHE A= ABE AuolA tas e
AANE 33 A3 2Ho] BE AF] FE Ao FHo R Hat diEo|rta ok A9 Al
o Rt Ao S mE Y E AHs 2R 2R A9l A9 Wg, A9 An 53 B 7]
Aol At O R ATk Auls 23 ARE B 229 A7 8 A% HAEs} AgHa ok
A NAE HAhE B IdH AATH dA= E =5y dTE A9 Au] 284 @3 AF=E
¥ Corresponding Author: SeungMin Baek, Address: " Advanced Robotics Lab. LG Electronics Inc.
(06772) Yangjae 2(i)-dong, Yangjae-daero 11-gil, Seoul, (E-mail : jaekwang3d.lee@lge.com)
Korea, TEL : +82-2-6912-6401, E-mail : seungmin2.back """ Advanced Robotics Lab. LG Electronics Inc.
@lge.com (E-mail : hyoungrock.kim@lge.com)
Receipt date : Jul. 10, 2020, Approval date : Jul. 28, 2020 T Advanced Robotics Lab. LG Electronics Inc.
" Advanced Robotics Lab. LG Electronics Inc. 3 This research was supported by Institute for Informa-
(E-mail : dongki.noh@lge.com) tion & Communication Technology Promotion (IITP)
™ Advanced Robotics Lab. LG Electronics Inc. grant funded by the Korea government (MSIT) (2017-0-
(E-mail : wonkeun.yang @lge.com) 00306)

™ Korea Institute of Robotics & Technology Convergence

(E-mail : uty@Xkiro.re.kr)



80| ZH| SZ0N 23 4
e rﬂﬂlﬁok 3 TRk ol Aahe dshe
d1e|EE st FAolth B A7s JREFA
7183 7FAIITP)oI A R kel 2017 A F-E] 713 5

T 93 A BA WY A FHS o
dolelulo] 28 ¥ =8
18 B ATE HE 5o o

oft gt v
4y o)l
o T

ol
A
M T
52y
%) o
8L,
> Kl
= o

)Y
<, o
o

i
ook

o
E g
QT o
_?": 1t
X Ho

g b

)
E)
o 4

¥

o.,im'?(“
E &
2

_mm,‘l
K
o T g

>

2
>
= 1
ol
o,
o

S uele 4
% 9l A A28 of
z:'l.

faot. dF& 59 W,

ox

tlo N o
o

N g

9
o
U e
:(u)l‘_',
,z
Lok
31
o rE
=
%
N
=
®
2
o

2 g 4 (Task)E T3V &3, € 94 7
W 2H(Thermal Camera)y U-e]E A 7}d 2H(Night
Vision Camera) H|°]E]7} F7}5] o of gt} uhetA
thFgk AlA HlolHE 58 4 e A4 Al="H
ol E & & e gugFo] ot

B aps 73 obday A=xg) B
Ui A dofjellA] AP EQLom o] Aol 4] Thek
gF B3 A Ay e tisl] HElRE AlA] 1310]
E —’F%‘J,@ﬂ’g}ﬁ , GaE]E NS 4SS X
HEE Q0 43| dlolEAl ¥t °P‘4
ol A9 HolHE t grs}
F2 5 A Alve] 8 Aol
dolEAlS FR3sIa, AA
7] Labeling @ ©lo|E &S 2 oF
FS g R3GT ' tolEHE &85t
et ot AN A AR
F< ML H H2=ES
7}"6"5‘]":}.

F3F A A

-

ol
mO

~ & oo 9o
22
oo+
o o

£ r?-i

)

r$L'

o
o
o o

S o> W
o

o

Jo o B Loy 3@ Mot
o
=
>§

do ot (T 2
o 1o

fr 2
S
K

N

<]

o

o

fo &
oX,
f~ e

32 o oy

Ny Eﬁ o
)
gl g v m e

£

A HlolE

2
= ]

Y
fu}
2
32
°
Y
U[o
ol
S

i
2

Y

S wehA A, o
HolHE I5% Al sl 23] Yl e
I EelHAS BE AMAST AFY 5 Ye
G GuelEat olol Bl A& e, Ao
% dolHAoR AEE duelEe T
B4 ZFe 249 oz AL g

r°l'

ot A9l ZEl 2 MA JIEt &58 HOEHO0I~ #= 1007

“lO

2. HO|E{Al 1A T EX]
2.1 AJAEI 1A

B ERoA Akete HolEAe 49 F<l A
SRS 98 A5y JuEH A2Ye 711}3;

b 7Mool B AR EE A 5o AAE
A% B FAsE mEol Aok 2e3 oo MEY
AA ElolElet AR AE 8 24 mE| A%E
83l B8 7)he] FHAEE WETL o] F 0§
ol 4% £ 8 214 mEol glk miAow 7}

o] UEY @ 4 e B4 Asdow

A zHo ABA THE=
Fig. 13} 2t} ﬁﬂ] 347 (Security Environments)oll
Jd= ZEH olo]HEZRE (Multi-Agents) HAS5H
HE] 22 AlA Ho]EHZ7HMulti Modal Sensor Data)
b 7R A SR SREFLE JEEH o
E S FolA At ARl ol A (Security
Environments) ©1% f/%& #93A "ok

2.2 Hlo|E{Al 714

21 Aol ARG oeldEd R\ A=
23 2t 015 olo|dE 283 14 oo
EolE Fig 29 2 mEo] R3]0} 91 o] 53

o)A E L] 79+ Fig. 29] &3 3D LiDAR Al
7} H"LE]“H AT

=)

F

ofh =

>
2o O

Haslslr] 23
x5t 1, LIDAR

%) 229 995 44 22 Y3 49T

°
)
2
[o
fot
4
<t
il
b
L osﬁ
® %
mlm
e
o
2~
32
_\1
n)
=~ 9
_VE
w2

7t 1; %LMHM ﬂﬂ&,

< oo A A el o st

e 9 F4 g5y dHd 7A ]t’i GPS, 3D
LiDAR tlolEl= Aottt oigh AA HEe] B
Z FTHOE ALY F UEE HolHA A A A

53 LIDAR dlolEfol tisiy = & Al&bet 2



1008

ZEIDICIOES =2 M233 K8=(2020. 8)

. Sensor Data
for security

- ,.

Abnormal Situations

Multi-modal

Detectiol

Probability based

3D Structure Temperature

Fig. 1.

; = ;
Heat Sink |
=

Ventilation

Cooling Fan|

Fig. 2. Configuration of Multi Modal Sensor Module,
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Table 1. Scenario and Action Type

No.| Situation | Action Type Example No.| Situation | Action Type Example
e d sitting on
1 Normal 1¢ down 9 | Abnormal a chair —
on ground
fall down
sitting on
2 Normal standing 10 | Abnormal | ground —
fall down
tanding —
3 Normal walking 11 | Abnormal standing
fall down
. walking —
4 Normal running 12 | Abnormal
fall down
sitting on running —
5 Normal a chair 13 | Abnormal fall down
sitting on
6 | Normal & 14 | Abnormal | convulsions
ground
stand —
sit o drunk
7 | Normal " 15 | Abnormat | ¢"
ground — person
stand
stand —
it
8 Normal o (.)n a 16 | Abnormal etc. others
chair —
stand
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Fig. 5. XML : Annotation of multi modal sensor data for detection and tracking.
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Total # of Images = 237,937
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Fig. 6. Configuration Dataset.
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Fig. 10. MMO Dataset on various environments for ac—
tion classification
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Table 2, The performance for our algorithm using data—

set
Dataset Performance (mAP)
KITTI 56.52

MDP (Day) 56.01

MDP (Night) 55.24
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Fig. 11, Multi modal dataset: (Top—Left) RGB(D435) (Top—middle) IR (Top—Right) Depth (Bottom—Left) Night Vision
(Bottom—middle) Thermal (Bottom—Right) RGB(Global Shutter)

Fig. 12. Action classification using RGB with Depth(Left) and thermal Image(Right) (Left) Rain Condition, (Right) Night
Condition,

Anchor Refinamenl Modula

RGB Image

Thermal
Image

Cbject Detechon Module

Fig. 13. RefineDet with anchor refine module to use multi modal data,
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Fig. 16. Evaluation for tracking performance.
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