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Application Research on Obstruction Area Detection of

Building Wall using R-CNN Technique
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Abstract

For constructing three-dimensional (3D) spatial information occlusion region problem arises in
the process of taking the texture of the building. In order to solve this problem, it is necessary to
investigate the automation method to automatically recognize the occlusion region, issue it, and
automatically complement the texture. In fact there are occasions when it is possible to generate a
very large number of structures and occlusion, so alternatives to overcome are being considered.
In this study, we attempt to apply an approach to automatically create an occlusion region based
on learning by patterning the blocked region using the recently emerging deep learning
algorithm. Experiment to see the performance automatic detection of people, banners, vehicles,
and traffic lights that cause occlusion in building walls using two advanced algorithms of
Convolutional Neural Network (CNN) technique, Faster Region-based Convolutional Neural
Network (R-CNN) and Mask R-CNN. And the results of the automatic detection by learning the
banners in the pre-learned model of the Mask R-CNN method were found to be excellent.
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Figure 1. In case of a occlusion area (a) an
aerial photograph (b) a ground photograph
Source: Naver Aerial View and Street View
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Figure 2. Obstacle detection results
Source: Levi et al. 2015
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Figure 3. Occlusion area restoration process (a)
Occlusion areas of building wall (b) Masking of
occlusion areas (c) Restored building wall
texture

Source: Hammoudi et al. 2012
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R-CNN: Regions with CNN features
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Figure 4. Object detection system overview of
R-CNN algorithm
Source: Girshick et al. 2014

de EHQQE AAEX ) e dse HolEr
(Simard et al. 2003). R-CNN< gAlolA] £H g

= Kﬂ@ﬁ}ﬂ O] 7|9t Sk56HH CNN Gi4tof|A]
¢e EFOT SYMI} Linear regressionz A 7
&£ SITh R-CNN2 8 HaOZFH Selective
Search WO i]ﬂ 5= 2ol ©F 2000719

OJA}O] AAJOIL} El

AB X2 2

m

O] AHEHK] S A

JJ% 4= R-CNN 7|H g4
TI=OIT) Girshick et al. (2014)+= O3t &A1&
getoll whet A AZol o] SIFTH HOG 711
LIICIEHD £ A1} LERATE SIICE

H L) AlE Faster R-CNN1}F Mask R-CNN &

Pi ol

_4

UEIEE =Yool AXERE Sl Faster
R-CNN2 oA SiLiel #aldds B0 24|

EIXIE 4=3lI5HH, Region Proposal Network(RPN)
CHAIE CNNQHof| ' 20jA] R-CNNQ| &i1e|50] Fet
it £ ZAIE 76T (1" 5)

CNNE SISH feature mapOllA sliding window
£ 0]8510] 2t anchorPICH BEAO] F4-5 ALFSITE
(719 6) Mask R-CNN2 Faster R-CNNS H& =
2o Hied H2olA] Aol sfdets Ae 2t g
A= niAZdsk=s UWEKIE F71st Aoltt. (O™ 1)
gekot g4 QIRIE FEo] flof Mgk o=
CNNE El6l0o] M7= QXS TAAIATHRen et
al. 2015; He et al. 2017).

216 TX|HIt ZEXE, H48H H23S. 2018

classifier

proposals ;
Region Proposal Networ!
feature maps

Figure 5. Object detection system overview of
Faster R-CNN algorithm
Source: Ren et al. 2015

[ 2k scores | | 4k coordinates ‘ <4 k anchor boxes
cls layer \ ' reg layer
256-d D

1 intermediate layer

[ ]

sliding window:

conv feature map

Figure 6. Region proposal network (RPN)
Source: Ren et al. 2015

7 IolM A=) H

S BRG] 98l Faster R-CNN BPHE Mask
R-CNN &S ARE5tal Hlul 2418 A

Jue =X LTS, R, 7124, St
HolEE =0 HAR|0] BHlsH g AF
Sl¥a 2 AEZIE H(https://www.instant-
streetview.com)Ol|A] Z4ZISHICT.

faster R-CNN O] AT tensorflow git



R-CNN 7|48 0|83 28 ¥

Faster R-CNN
w/ ResNet [19]

class

7X7 ave -

Rol Tes ||x2048 2048

e

Figure 7. Head architecture of Mask R-CNN.
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Figure 9. Object detection results (a) Faster
R-CNN (b) Mask R-CNN
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Figure 10. Object detection results (a) Faster
R-CNN (b) Mask R-CNN
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Figure 11. Object detection results (a) Faster
R-CNN (b) Mask R-CNN
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annotator tool

Table 1. Experimental environment.

Operating System Ubuntu 16.04 64bit
CPU Intel core i7-7700 @3.60GHz
RAM 16GB
GPU Geforce GTX 1050 Ti 4GB
Language Python 3.6
Toolkit Keras, Scikit-image, OpenCV2
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(b)
Figure 13. Banner detection results (a) Input
Image (b) Output Image
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Figure 14. Banner detection results (a) Input
Image (b) Output Image
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(b) o (b)

Figure 15. Tree detection results (a) Input Figure 16. Tree detection results (a) Input
Image (b) Output Image Image (b) Output Image
Table 2. Definition of precision and recall. o The results of precision-recall in banner class
Source: Powers and David 2011 o 0.93 092
1 0.84
true condition 081 0. . 0.79
positive negative %
= 0.6
positive True Positive | False Positive g 054 048
. f 5§
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Number of training images

Figure 17. The results of precision-recall in
banner class
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The results of precision-recall in tree class
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Figure 18. The results of precision-recall in
Tree class
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RSt HYRMoE O CiYfot 1A FE Yol MM WlAI7|= 427t B2 0|8 F&55t=
CHoHS Ol ek QUCE 2 A7e 22 HiFED A= Hald 7|8 Y1e[ES 0|85t HAX|
o o Eststn, shE7|E HMAEY Xts AESHs S AT & W 2K F==0|M 38 d
ME 2= Convolutional Neural Network (CNN) 7|2 o] gFAb=l 211H|ZF 9l Faster Region-based
Convolutional Network (R-CNN)Z} Mask R-CNN 27}X|& O|&23}0{, HE B £#H A| HAHE St
St AREL S XM, MBS0 Ciet Xts BHA[Ste des Yot 7| fls A dt, Mask R-CNN
of O|2| a5 ZEO| HAtS StEAA RAtSEA[Ste HEE So B 80| 52 AuE &g
URAULE.
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