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Deep Learning Interpretation of Building Damages  
using Aerial and Ground Photographs 

 
wxy z{

1
´|} ~2 

Yohei UEOKA1 and Satoshi TANAKA2 
 
1 ���������� 	
����� �������� 
     Environment and Disaster Prevention Department, Mikuniya Co.,Ltd. (Formerly Graduate Student, Tokoha Univ.) 
2 ������� 	
����� 
     Graduate School of Environment and Disaster Research, Tokoha University 
 
   This paper presents a study on deep learning interpretation of building damage using aerial and ground photographs. 
After disaster occurred, to be implementer various building damage survey, but it is a problem that the investigation 
will be prolonged due to the wide range of afflicted areas and lack of unvestigators. In this study, using aerial and 
ground photographs, detection of building damage by CNN. As a result, high discrimination accuracy was obtained in 
the 2 classification using aerial photographs and in the 2 and 3 classfication using ground photographs.  
 
Keywords : deep learning, building damage evaluation, CNN, aerial photograph, ground photograph, other 

classification 
 

 
ÇÈ�����
��������� !"#$#%&'()*+�,

-./0"1234(56789:;<,-=)*+�

><,- !?@AB�=CD�E%FGHIJKDL

236789:;<,- !���M2 2 N'��H�
OP=H&'=KDQR!�����STUV%,-/

0.WXT123#J)*+�><,-( !+�KJ

)*Y+�Z:H><[2,-(\R!PY,-H5=

�R�]^_.�`"1!abAcYdefghiYj

k%l+�mjhYno=%2JX!UVSpqr%,

-.WXT123KSK/sY,-tu( !+�?.

vwx�yJ2P=f,-zY{|�}~D!��f�

�Y�TpE.�E�!,-Y���.��=%CDL

23�YJX!�������QLD5!���(qr

%,-H/0(E2��.WXT1DL23 
����f����%l��ST��KJ+�?@Y

�� !�:Y��(��Y+�)*Y��. T12

JX!�������Q¡2+�¢£Y¤¥� ¦��

§¨(\2=©~T1~23 
� ª«!¬®�Y¯°�QLD±²�³.´&"1D

L23%S(5��>µ�QLD !¶·¸·�¹º»

¼½¾¿Àº��CNN�HÁL2P=(ÂL;ÃÄ:.
 T1DL23PY��HÁLD����ST)*+�

;ÃHQP%Å��.%"1DL23J=~�ÆÇT 1)

( !ÈÉÊË?ÌY+���HÁLD!����Q

MÍ?���Y)*+�:;ÃYÎ�Ï�pLDÐÑK

DQR!ÒÓÔÕ=ÒÓÔÖ×Õ=LCJ 2 �»ØY;
Ã( !\2Z:YÄ:(;ÃÎ�(\2P=.�Ù"

1DL23KSK!3 �»ØÖ�Y+�;Ã�pLD 
Ú=ÛlÐÑ"1DL%L3 
� �P(Ü��( !����QMÍ?����CNNH
ÝÁ"ÞD!3 �»ØY)*+�;ÃYÎ�Ï�pLD

ÐÑ[23 
 
ÉÈ��� ��Ê-��������-
�����		��Ê�

CNNYßà !áÁâã PythonHÁL!äåºæÀ
º�� ChainerHáÁKJ3 
� CNN Yçè¼ !Network in Network2)�NIN�HéÁ
KJ3NIN �Q¡2²êëQMÍìíîºî»ïºð !
Chainer(ñò"1DL2 ImageNetçè¼ 3)HéÁK!ó

�²Y·HÜ���ÝKJó�ô�õöKJ3Ü���

Q¡2 CNNYçè¼H÷ 1�ø[3Üùúû»æ( !
227ü227pixel Y��Hd�!��Yq��H`L!ýþ
��¼Y�:ôH 0�1 �õöKJèºðH CNN �d�
KDL23�³��=KD!�³Y���¾	
í� 

100 =K!�³Y���H 2000 �!�Ý���� 
Adam4)HÁLJ3 
 

 
� �- � !"��#$ ��� �%&'-

 
����������

��()���

2016 «�Ü?Ì�QLD��%+�.��KJ���
H��=K!���îØ�.��KJ�X����Hé

ÁKJ3 1 �Y����� !���ST���Y)*
.�CDL23�P(!)*.��Y4���2MÅ�

q��� RóK!227ü227piexl �!
í�KJ3÷ 2

 No.42, 2018. 5



 

 2 

�����QMÍt?��Y��Y RóK��Hø[3

N�!P1T RóKJ���»"¼#¡H`CJ3�

����M2+�;$� !�%T�M2�����M

2+�	&º¿ 5)HéÁKJ3�Y;$no�Damage 
Grade'D0ST D5#(Y 6(¯�H5=��� 1�)=
�!+�%KH*[ D0ST+ÔH*[ D5Y 6(¯�»
"¼#¡H`CJ3 
��������

1996 «ÈÉÊË?ÌQMÍ�Ü?Ì�QLD��"
1J?�+���HÁLJ3ÈÉÊË?ÌY+���

 !Ì�,-./�R0Ã1z�Y)*+�:;Ã2

I�pLD!)3��4.è5ð¼�KJèºð 6)Hé

ÁKJ3�Ü?ÌY+��� !6mT�M2t?,-

�MCD��KJ��HéÁKJ3"T�!7+�)*

Y���pLD +�KDL%L?@(��KJ)*�

�HÁLJ3 
Ü��( !)*+�><,-�Q¡289AcY×

:H��=KDÐÑKJ3#;!+���ST×:Y<

=.\2¯H��Y4���2MÅ�>óK!227ü
227pixel �!
í�KJ3N�! R?CJ���»"
¼#¡H`CJ3)*+�><,-( !ý@Y+�

Z:H;Ã[2JXYA*'%+���.Ò���B2

ACY+�><noDÁEF�<=Z:YGø�Õ7)�

ø"1DL23PY<=Z:YGø� !@)=�<

=Z:.Z:HSTZ:IY 5 JK�¯¡T1!�1L
1YA*'%<=��.ø"1DL23PP(Ò+�%

KÕY(¯HM}K 6 JK=KJ�÷ 3�3÷ 3 HN©
�!�� 1 �)=�Ò+�%KÕSTÒIÕY 6 (¯�
»"¼#¡H`CJ3 
 

 
� *- +,�-./#01-

 

 
� 2- 3456���78-

 
ËÈ()����	
�Å���
�������9:;�<'�
� CNN �d�[2èºð�¾¿HOëKJ3#;PQ'
%ÐÑ=KD 6JKY Damage Grade( %�!Ò+�%
KÕ=Ò+�\RÕY 2 �»Ø�RS�KDÐÑKJ3
CNN ( !ý�»Ø�Q¡2����H�T~2P=.
U#KL="1DL23�P(!Ò+�%KÕY��H

Ò+�\RÕY��=VW���%2MÅ�»XYæ�

>óKVW����T~J3"T�!P1TY��H 6:4
YGZ([\èºð=Ð]èºð�¯¡J3* 1 � 2 �
»Ø�Q¡2èºð�¾¿Hø[3 
� N�!3�»ØY;Ã�pLDÐÑKJ33�»Ø( !
D0HÒ+�%KÕ!D1= D2HÒ+�]Õ!D3ST D5
HÒ+��Õ=KJ3PYs!ý�»ØY���� 

Ò+��Õ.�5^%SCJJX!Ò+�%KÕ=Ò+

�]ÕY����HÒ+��ÕY��=VW���%2

MÅ�»XYæ�>óKVW����T~J3"T�!

P1TY��H 6:4 YGZ([\èºð=Ð]èºð�
¯¡J3* 2� 3�»Ø�Q¡2èºð�¾¿Hø[3 
� #J!_�³�`=KD![\èºð��KDèºð

abH`CJ3�X¿»Ø¿Yõ��Hight!Low�!c
��d!efghXií�YM}H/0[2P=(!è

ºð�H 12j�ab"ÞJèºð�¾¿5OëKJ3 
 

Ì �- * =>?��@	Å�����9:;-

�  
+�\R +�%K 

[\ Ð] [\ Ð] 

 RóKèºð 1,011 1,011 

èºðab%K 607 404 607 404 

èºðab\R 7,284 404 7,284 404 

 
Ì *- 2 =>?��@	Å�����9:;-

�  
+�%K +�] +�� 

[\ Ð] [\ Ð] [\ Ð] 

 óK�� 117 117 117 

ab%K 71 46 71 46 71 46 

ab\R 852 46 852 46 852 46 

 
����ABCD�
#;!2�»ØYèºð�¾¿� CNNHÝÁKJ3÷

4��³2IHø[3÷ 4MR!èºðab%KYèºð
�¾¿( !���. 250 �Hk~J=PT(<lm
.�n�o}K WX!_�³.��KJ3��!èº

ðab\R( !èºðab%KMR5_�³Hpq[

2P=.(EJ3* 3 �èºðab%K=èºðab\
RY�1L1YÐ]èºð��[2rV`sHø[3�

Y2I!èºðab%KY;ÃÄ: !79.58%!èºð
ab\RY;ÃÄ: 81.44%(\R!2 tíX¿Z:Ä
:.u�KDL2P=.^TS�%CJ3 
 

 
� E- * =>?��@	ABCD-

 
N�!3�»Ø�¯¡Jèºð�¾¿� CNNHÝÁK

J3÷ 5 ��³2IHø[3÷ 5 MR!èºðab%K
Yèºð�¾¿( !���. 220 �Hk~J=PT
(<lm.�n�o}K WX!_�³.��KJ3�

�!èºðab\R( !èºðab%KMR5_�³

Hpq[2P= (EJ3* 4 �èºðab%K=èº
ðab\RY�1L1YÐ]èºð��[2rV`sH



 

 3 

ø[32I=KD!èºðab\RYuZ�QLD5!

;ÃÄ: 46.38%=vL2I=%CJ3 
 
Ì 2- * =>?ABF�GH��#$�Í����IJ	

KLÎM-

�  
Predicted Class 

+�%K +�\R 

ab%K 
True 
Class

+�%K 320 84 

+�\R 81 323 

accuracy = 79.58% 

ab\R 
True 
Class

+�%K 331 73 

+�\R 77 327 

accuracy = 81.44% 
 

 
� N- 2 =>?��@	ABCD-

 
Ì E--2 =>?ABF�GH��#$�Í����IJ	

KLÎM-

�  
Predicted Class 

+�%K +�] +�� 

ab%K 
True 
Class 

+�%K 25 14 7 

+�] 11 13 22 

+�� 5 20 21 

accuracy = 42.75% 

ab\R 
True 
Class 

+�%K 27 12 7 

+�] 10 27 9 

+�� 15 21 10 

accuracy = 46.38% 
 
ÏÈ������	
�Å���
��������9:;�<'�
#;����YuZ=Vw�!Ò+�%KxHxyÕ

=Òzx{xIÕ�Ö|!Ò+�]Õ=Ò+��Õ=}

[�Y 2 �»Ø(ÐÑKJ3PY=E!Ò+��ÕMR
5Ò+�]ÕY�.����.^%SCJJX!Ò+�

]ÕY��HÒ+��ÕY��=VW����T~2M

Å�!»XYæ�>óKVW����T~J3"T�!

P1TY��H 7:3 YGZ(![\èºð=Ð]èºð
�¯¡J3*5�2�»Ø�Q¡2èºð�¾¿Hø[3 
N�!Ò+�%KxHÕ!ÒyxzÕ!Ò{xIÕ

�Ö|!Ò+�]Õ!Ò+�4Õ!Ò+��Õ=}[�

Y 3�»Ø(ÐÑKJ33�»Ø�QLD5 2�»Ø=V
w�����H�T~2~OH`CJ3"T�!P1T

Y��H 7:3 YGZ(![\èºð=Ð]èºð�¯¡

J3* 6� 3�»Ø�Q¡2èºð�¾¿Hø[3 
#J!_�³�`=KD![\èºð��KDèºð

abH`CJ3��Y�`��!�X¿»Ø¿Yõ�!

c��d!efghXií�YM}H/0[2P=(!

èºð�H 18j�ab"ÞJèºð�¾¿5OëKJ3 
 
Ì N--* =>?��@	Å�����9:;-

�  
+�] +�� 

[\ Ð] [\ Ð] 

 RóKèºð 1,268 1,268

èºðab%K 761 507 761 507 

èºðab\R 13,698 507 13,698 507 

 
Ì O--2 =>?��@	Å�����9:;-

�  
+�] +�4 +�� 

[\ Ð] [\ Ð] [\ Ð] 

 óK�� 820 820 820 

ab%K 493 327 493 327 493 327 

ab\R 8,874 327 8,874 327 8,874 327 

 
����ABCD�
#;!2�»ØYèºð�¾¿� CNNHÝÁKJ3÷

6��³2IHø[3÷ 6MR!èºðab%KYèºð
�¾¿( !���. 250 �Hk~J=PT(<lm
.�n�o}K WX!_�³.��KJ3��!èº

ðab\R( !èºðab%KMR5_�³Hpq[

2P=.(EJ3* 7 �èºðab%K=èºðab\
RY�1L1YÐ]èºð��[2rV`sHø[3�

Y2I!èºðab%KY;ÃÄ: !83.62%!èºð
ab\RY;ÃÄ: 78.00%(\R!èºðab\RYè
ºð�¾¿Y�.;ÃÄ:.v|[22I=%CJ3�

Y��Y�p=KD!èºðabY��Y��( %L

S=©~DL23 
N�!3�»ØYèºð�¾¿� CNNHÝÁKJ3÷

7��³2IHø[3÷ 7MR!èºðab%KYèºð
�¾¿( !���. 350 �Hk~J=PT(<lm
.�n�o}K WX!_�³.��KJ3��!èº

ðab\R( !èºðab%KMR5_�³Hpq[

2P=.(EJ3* 8 �èºðab%K=èºðab\
RY�1L1YÐ]èºð��[2rV`sHø[3�

Y2I!èºðab%KY;ÃÄ: !74.71%!èºð
ab\RY;ÃÄ: 77.37%(\R!3 tíX¿Z:Y
Ä:u�.r>"1J3 
 

 
� O- * =>?��@	ABCD-



 

 4 

Ì P--* =>?ABF�GH��#$�Í����IJ	

KLÎM-

�  
Predicted Class 

+�] +�� 

ab%K 
True 
Class 

+�] 443 64

+�� 102 405

accuracy =83.62%  

ab\R 
True 
Class 

+�] 420 87

+�� 136 371

accuracy =78.00%  
 
 

 
� P- 2 =>?��@	ABCD-

 
Ì Q--2 =>?ABF�GH��#$�Í����IJ	

KLÎM-

�  
Predicted Class 

+�] +�4 +�� 

ab%K 
True 
class 

+�] 222 93 12

+�4 50 240 37

+�� 6 50 271

accuracy = 74.71% 

ab\R 
True 
class 

+�] 223 98 6

+�4 37 256 34

+�� 8 39 280

accuracy = 77.37% 
 
����R?;����IJ	Å���
� 3 �»Ø�³çè¼��Ø¿èºðHd�K!�Y;
Ã2I�pLDÐÑKJ3�Ø¿èºð !<=Z:Y

Gø�ñò"1DL2Z:HSTZ:IY 10�Y��H
ÁLJ3÷ 8�!3�»Ø�³çè¼HÁLJ�Ø¿èº
ð��[2;Ã2IHø[3÷ 8MR!10�4 6�Y�
�.Ý �;ÃKJ2I=%CJ30�!Z:{=Z:

IY+��QLD ;Ã2IY��:5ÂL��!Z:

H!Z:y!Z:z�pLD !��:.v�Ý �;

Ã(E%L=LÅ2I=%CJ3 
 
ÐÈST��
� Ü��( !����QMÍ?����CNNHÝÁ"
Þ!)*+�;ÃYÎ�Ï�pLDÐÑKJ32I=K

D!�����QLD !Ò+�%KÕ=Ò+�\RÕ

Y 2 �»Ø(\1�!80%Z:Y��'ÂLÄ:(+�
;Ã.Î�(\2P=.^TS�%CJ3#J!?��

��QLD !2�»Ø!3�»Ø=575%-80%YÄ:(
+�;Ã.Î�(\2=LÅ2I. T1J3KSK!

;Ã.(E%SCJ���pLD !�Y��HÐÑ[

2#(� �CDL%L3t�!CNN ( Grad- CAM8)

=LÅ��HÁL2P=(!��Y�H;ÃKDL2Y

SH�º¿�¾ù(*[��.ò�"1DL23�P(!

PYMÅ%��HÁLD!;Ã2IY��HÐÑ[2P

=.��Y��(\23 
 

 
� Q- 2 =>?ABF�GH�U$R?;����IJ	

Å��ÑVW�XÒYÓ-

 
ÔÕ-
Ü��(áÁKJ���� !���îØ�ST��L

J�LJ3#JÜ��H�X2�\JR!������

�%����!%TÍ�����Y�� ¡¢£� �

õ§�%)¤¥HLJ�LJ3}KD¦¤H*[3 
 
Z[\]�
1) ÆÇ§, �%��, ¨©ª, «¬, ®4¯, 4°±², ³´µ�, 
�¶§·, ¸®¹º, »¸¼½'ÈÉÊË?ÌYt?��Q
MÍ����HÁLJ±²�³�M2)*+�:;Ã, ?@¾
Ó��¿ÀÁ, No. 39, pp. 85-88, 2016. 

2) Min Lin, Qiang Chen, Shuicheng Yan: Network in Network, https://
arxiv.org/pdf/1312.4400.pdf, 2018« 4Â 20Ãt�. 

3) Preferred Networks, inc.: Chainer, https://github.com/chainer/chaine
r, 2018« 4Â 20Ãt�. 

4) Kingma, Diederik, and Jimmy Ba.: Adam: A Method for Stochastic 
Optimization, arXiv:1412.6980, 2014. 

5) �%Ä�, ®4¯, ÅÆª'����;$�M2 2016«�Ü
?Ì�Q¡2ÜÌÇY6789:;<,-Y§¨Ï�È[2

nÉ'ÐÑ, ?@¾Ó��ÊËÁ, No. 32, 2018 
6) )bÌ)3��4'�ë 7 «� ÈÉÊË?Ì+�,-�Í
�Ù_, 1996. 

7) ÎÏÐ(��ÑÒ)'���B2ACY+�><noDÁEF 
N©ÓÔ(<=Z:YGø), http://www.bousai.go.jp/taisaku/pdf/jir
ei-lt.pdf, pp. 1-15, 2018« 4Â 20Ãt�. 

8) Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramak
rishna Vedantam, Devi Parikh, Dhruv Batra: Grad-CAM: Visual Exp
lanations from Deep Networks via Gradient-based Localization, arXi
v:1610.0239, 2017. 




