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Development of Detection and In-painting in 3D Object Texturing
Occlusion Area for Digital Twin Construction
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Research Institute, Shinhan Aerial Survey CO.,LTD
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Abstract An important element of a digital twin is to model and provide realistic spatial information
without an occluded area for real objects. In 3D spatial information modeling, however, an occluded
area inevitably occurs due to the shooting angle and shooting time. In this regard, this study
implemented a technology that can detect a specific object using the latest technology, Al, and remove
and in-paint it. In this study, the occlusion-causing object was automatically detected using the ResNet
algorithm and the occlusion area in-painting in the texturing image. For the experimental data, the
ResNet algorithm was applied to street trees that cause the most occlusion in building modeling to
produce a street tree dataset and automatically detected and analyzed the results. Street trees, which are
unstructured data, can be detected using the ResNet algorithm and removed using the DeepFillv2
algorithm, producing texturing images of shops and apartments that are restored using the adjacent

pixels.
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Fig. 1. VGGNet, Plain CNN and ResNet structure
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Fig. 2. DeepFillv2 Framework



F=Aer1etel=EA A23d A10%, 2022

4.1 HO[EHM I TIE7HY

3 BRE 752 A% WYY AE Bde
A= A S fEshe AAl gt Fort 2
83 7has, At 53 22 54 AAof it ek
dlo]g7} "asitt. o2 fsf & A7olA= Fde ol
83 33 B R 75T gAY Aol 28 4
o= HA G HlolHA F50] The Rt AlAEE st
Aot 7o) =8 Y82 2y Y2 E81e], A
sto] SPS AASkE 7sez Pl 2T
Hlo[E= json AR ARl HolEAle] e
st ARgARE A, ThRS, A, &80 5 5
g AAE s 4 QJEE o)

ot

S DR

686

4goka ol 74 U A8k g AIstact F
sl o] 8% 3319 BNAR PHoA B2
e AAFoR HMGelo] Wk oleie HlaxY
o4 WS WAgde BR%E, AAY F5F 59
geloz walE A7 3D B EAL At

7le d<lolth. ofd A 7&d

Learning)& °1-85t] HAg FUsh=

55719 Deep
AAE dlolE

e S U o} Sio A A si

g FRarstct.

A dolEA At 9%t 7142

Fig. 5. Deep Learning Module Development

A shelolelo] AT AES ot At Ba
Stk ol 918 A selolEle] oF 10%o] sk
Aol olgtiel 43 2alg AAsigon, olF 9
A 4% 5L ISt A% 715 AZ dold &
o4 AZToIEE ol 83le] olulXE mYstel Hug
o ehEge AL olF ARt A% FE Fl
scoreS ol83te] SgTlolElo] HetEol AR o
Qlskc.

Fig. 6. Progress of Deep Learning Module
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Fig. 8. Progress of Object Detection Module
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