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Quantitative Evaluations of Deep Learning Models for Rapid Building
Damage Detection in Disaster Areas
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Abstract

This paper is intended to find one of the prevailing deep learning models that are a type of Al (Artificial
Intelligence) that helps rapidly detect damaged buildings where disasters occur. The models selected are SSD-512,
RetinaNet, and YOLOv3 which are widely used in object detection in recent years. These models are based on one-
stage detector networks that are suitable for rapid object detection. These are often used for object detection due
to their advantages in structure and high speed but not for damaged building detection in disaster management.
In this study, we first trained each of the algorithms on xBD dataset that provides the post-disaster imagery with
damage classification labels. Next, the three models are quantitatively evaluated with the mAP(mean Average
Precision) and the FPS (Frames Per Second). The mAP of YOLOV3 is recorded at 34.39%, and the FPS reached
46. The mAP of RetinaNet recorded 36.06%, which is 1.67% higher than YOLOV3, but the FPS is one-third of
YOLOV3. SSD-512 received significantly lower values than the results of YOLOv3 on two quantitative indicators.
In a disaster situation, a rapid and precise investigation of damaged buildings is essential for effective disaster
response. Accordingly, it is expected that the results obtained through this study can be effectively used for the
rapid response in disaster management.

Keywords : Deep Learning Model, One-Stage Detector, Very High-Resolution Satellite Image, Damaged
Detection, Disaster Management
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Fig. 1. Workflow of the research: (A) Phase 1; (B) Phase 2;
(C) Phase 3
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2.2.1 SSD-512
SSD(Single Shot Detector):= ©Ju]z] U] 24| & Al&361A
AAsE7] Sl ATE 154 719 A&7 ”‘% gtk

_Hl

(Liu et al., 2016). SSD9] W22 wdof g2 A VGG-
160] AHEE|QTL, SHsol= ILSVRC CLS-LOC glo|g Al
o] S8¥Igck. SSDE Qe ol 24 wAelA
Yot= Sehold Y=L RPN(Region Proposal Network)
TP AAA1%] 93w, kel ojlxlolA S A 5 9l
=% multi-scale feature mapsS Z|-8-3}Ith Multi-scale
feature mapso|gt dlo] A& o Z5h= 2FYS o8] 7]
9] feature mapol|A] 58 5l= A2 oJu|stc). SSD+= multi-
scale feature map HHA]-S 2-8-3f = ojm| x| tfat W ¢l
o] theFel =719 AAHE 4148 AR 4= Qi) SSD+= H]
28 A7]of ik 194 718 57191 YOLOvIe] B]s) -
$3F ou|R] A& HA] e S Holw o th(Liu
etal., 2016).

2.2.2 RetinaNet

RetinaNet>- 7|&2] 1t 78l 7A%7] mdEo) 7}73
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o] AA A= 2] H8l Al HeEd Eﬂ‘OM(Lm
et al., 2017). Class imbalancet= AR & 430 o|u]x]

= T o=
O] 1A %4 <(positive sample)©| B} % (negative sample)
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of wlsl MeslA A-E 739 "l mde] RAA ks 7]
2= EAE oJujgtc) o]o RetinaNet2 class imbalance
AE sidsh] ffsll focal lossE HHof| 4]-8-5itt. Focal
loss= 7 Feoll gk 7HsA5 RB5aL AR g9 A
Sh= WA 0 2 A BREE ok vy o) el s}
Fol A9A= A& ettt ERL, RetinaNet:> TheFeh 2
AL o] AAS 7A]8}7] $]5}o] ResNet 7]HF2] FPN(Feature
Pyramid Network) #+2& #]-8-31t}. FPN 12+ thoFsh &~
AASLaL, Z} feature map@] A=)
A& FE9l A= ARk ol
=

o 1g-& £3) 207 7% 4%

£ T o2 Wy BRS vus) S43 AR 4
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2.2.3 YOLOvV3

YOLOvV3+= Darknet-53-2 #2002 31 1¢hA| 7|6 A<
7] WA1S A8k AXA] 2otk (Redmon et al., 2018).
Darknet-53-2 YOLOv20j|A] W2 © 2 A}-&% Darknet-192]
NWE Mo g, 1ok Jeksla Al45 AR AA1E Sl 2
A YERA F25 7HItE B3 YOLOV3+= theFet 27
o] A S 7FA 5kl A} FPNI} -AFSE 4] © & multi-scale
feature map2 2§43tk Darknet-53-2 HIEO 2 37)]9] T} =
719] feature map= AAJSIL, 2719] 2 feature mapo]|
A& (upsampling)& =33tk o]t 25 vl =
YOLOV3+ Z} feature map o 25 E| A9 9o 43} B
Foll Bagt AR =S 253 4= Itk YOLOv3= 9 o &
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7 g Qgirk ol S7he] i) uhAg vheke 2 Ao
AE ol&dt= YOLOv29] B3} o He3t o5& 7155t
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71 &3} tH(Redmon ef al., 2018).
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FRecall = 5 Ty @
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CH(Lin et al., 2016; Lin et al., 2017). AP+ Precision-Recall
Curve?] HAE AARSE 7Fo 2, 2dkA o] Precision-Recall
Curve= A|ZLAZL FeO] FAlo]7] wZo] &A% T4
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All-point interpolation-2 X% recall levelo]| 4] 3l Recallo]]
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AUC(Area Under Curve)E AlAFItE AP AlAF 742 Eq.
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APall = E(Rn+l - }zn )P)imerp (Rﬁr] ) (3)
F)interp (Rn+ 1) = _ max P(}}) (4)
R:R=R,.,

mAP= B[ A E glo[EAl ZdA|of thek APS| Bt ghe =2, o
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1 N
mAP= ]—VZAR ®)

i=1

2.3.2 O|0|X| X2|&=E Tot

FPS= Hefd welo] 2 A2|d o= gl oJvx|e] &
oJujgit). YubA o 2 FPS7} 25K} 2A ZAEH o &
o] 715 oA E AT uf F-&shetar dehE 4= 9
Ch(Yang et al., 2021). 1 Aol A= o] ZiA] Q14 L5
Z45H= 2 E R FPSE Aeala, o|u]A] Ha|&wst weE
5 A oS- 2ol Hgdsiehar skl

2.4 =5 H|o|EAl

Z| ol W2 "eld 7IE Aol AAI7A] el A
o Hok AsA717] el tiete o] @Ea glolHAlS
AF-8-5HcH(Groener et al., 2019; Van Etten et al., 2021). S{ 2]
ek el 2kl HlolE 7|gke 2 ko] 3w, o
5 o[BS 27]= gl o] Aol mi$- A5 4Q1 B
T 713 ey Aekstar et 1o wlofEAle A
25k 2ol o2 ofg]Fol ortE| AL, 53]  HlolH A
715 7M1= FaARIoN YA GA L 7 HlolEAlE A&t
= 22 dlold 3RE AEshs A Aol B2 Y
T AITES A BAITE

2 AFFollAE= i HelgAe] EAIE S5317] flsh
xView2 Al challengeo| 4] A|#-3}+= xBD d|o|gAlS -8
SF3IT}. xBD+= 45,000kl ZA4 6714] 53] A (R4, 22
], Z-p, A FE AR, sEAIDell thigt 850,0007) ©]
Fol A& AAE Zshe tiati gloJeAlelch xBD T
olgjAlo] Q= AE MA= EMS(European Macroseismic
Scale)-982 7|HFS. & &l JDS(Joint Damage Scale) &3+
of whel A9 e] Ao AEo] dubt EAEU=A]
3] 4cHA|(No-damage, Minor-damage, Major-damage,

386

Destroyed) = JLEHT} <5oll= 0.55me] It e s
7H 1@ 5,1987 0] ARgEIleH, B olnfAls F
ARt Z] ol thgt At A-$-9] oju] x| 2 /= U Th(Gupta
etal., 2019).

2.5 stg 24 2 §lo|m mf2to|E

H 5L Google Colaboratory(©]3} Colab) E-30)| 4 4=
BY=|9dct. Colab-2 Googleiit | A Al gah= ZFek¢-= 7[5k
9] =3 7t 3+ (Integrated Development Environment,
IDE)S = F7FAQl A7 §lo] BefeAloA 2§ 7Hagt
Jupyter notebook 274-& A|ggict &5 diojelAle] of
3k 352 Colaboll Al Al 5-5h= Held 358§ 145 GPU
2l Tesla-T4= Foff o] Folft). AFollA AHEH ZEE =
= Python ZZ 2 7|4 0]} Pytorch ZH YT 7|Hto =
TFZEen], MS COCO tlofefAlof tis Abdsets 4
= AR

2 AFHollA = 7 mdlo] 2 A9] e Awes 7t mdlo]
225k stolw whetu]ElE A-8-5H3loH, T 8- Table 1
it gk

Table 1. Hyper parameter configuration

Parameter SSD-512 RetinaNet YOLOV3
Optimizer |Stochastic Gradient Descent with Momentum
Learning
rate 0.01 0.001 0.001
Momentum 0.9 0.9 0.9
Welght 0.0001 0.0005 0.0005
ecay
Batch size 16 16 16

7} w0 stol whetulEz Bdo] A5 -8 Y=
of| A A8t 4r-e A-8-5}9 11 (Liu et al., 2016; Lin et al., 2017,
Redmon ez al., 2018), 718 Ztell thall Hd 2L AR 7}
=S 1A Aee s 5 32 A8skrt vl Abe]=
(batch size)= OB} Bk 7o wra A5k 8
F2 % 1003] =P=|QlaL, 717 upr|atol| Sk Mo of

3 k2 Sshct.



Quantitative Evaluations of Deep Learning Models for Rapid Building Damage Detection in Disaster Areas

Table 2. Quantitative evaluation for damage detection

Model | Precision | Recall mAP Trta!ining
ime
SSD-512 36.1% 45.14% 31.99% | 360 min
RetinaNet | 41.15% 46.98% 36.06% | 1,020 min
YOLOv3 | 43.15% 43.05% 34.39% | 480 min

2 100 ]| 3= F(epoch) 2] 3+45-2 53 RetinaNet-2 36.06%
2 SSD-512, YOLOv32} v sl 212} 1.67%, 4.07% T =
o mAPE 71255} Al do 2 e A7) Aol da] o
vk} Be AEE 7 BANER BoSHe Recall?h B
& st A A slaste] Anht QAIsH=A Brbsh
= Precision®] 7} EofA] ofBA| 7| S E|l=A]of thsf A
HE 4= It} SSD-5129] RecallS 45.14% 2 T2 T 4o
Hsl AA A HEE dikE F Sl oS3 A9 vle
& WA o AFE A F S AEe S-S Yujske
Precision®] FA] Wo} el 4591 mAP7} WA At&
Z|tk RetinaNet2 AA| 2@l = 714 =28 RecallS 7|2
SHHA] Precision A 71 2231 YOLOv3o|| H|3)| T 2%
gk 2ol S Mo} AT O 71 o mAPE 71SaRc)
YOLOV3:= 7FAF W8 Recall - 7| 23193 01, SSD-512H )
7% 3= Precision 7| 5310 F7F =79 mAPE A%t
SF5A] 7o) A= RetinaNet2 100 o] 32 7.9 gk<50f F 1,020
Ho] & Q3}9A|TE SSD-512% 9F 3605, YOLOv3+= 2F 480
Hol g 2 3}k

Fig. 2= Hsfi7hA] 219 oA &, FLet A oof gt
o] 7] A5 A|ZEkst Zlo]c). Ground truth®} 7}

glo] 747] ATHE-S u|wabd SSD-512% Ao Alujgt

I~

Moo o oY AN

E9] 471}, Major-damagel} DestroyedS No-damage

3 &g 43t 37) 2lEgick RetinaNet-2 7o
st AEo] 27, Major-damageE Destroyed 2 25
St 237k 27) shelEj9ic). vlAlEke 2 YOLOVAE: 717
| Aufjst AEo] 17}, Major-damaget} DestroyedE No-
damage= ZE 223 A3y} 271 gelxqich YOLOv3
= L&F 279 747} RetinaNetat 22 27] = veht
A4k, RetinaNetd} @2] 1]3}] A2l 214 S No-damage 2 7+
AJ8HA] F3lth= oAl RetinaNet?} Hehe SHof Zfo]
7} Qlt}h. ATFA 0 2 RetinaNeto] YOLOv3®} SSD-5120]
ula) AN o2 St 7] A melth: AL 2l

& % giek

2

(A) Frmund truth

(B)SSD-512

(C)RetinaNet

destroyed

Bl oo [ ra v

Fig. 2. Results of damage detection: (A) Ground truth; (B)
SSD-512; (C) RetinaNet; (D) YOLOv3

Fig. 3 FPS®} mAPo]| ciet 2348 $34 0.2 el
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Fig. 3. mAP-FPS Chart

IO X&E Hejd o) 7] A2t F7EA|3EQ] mAP
£, Y52 o|u]A] A& H7HA|ES] FPSE ofw|gtct. o]
0]A] Aej& SHoA= YOLOV3ZE 2 46719 ofm|A|
& Aget9aL, SSD-512+= =4 31712 o]u|x] & A |st3iTk
YOLOv37} SSD-512 11} T 52 FPSE 7| &5 ATE F+ &
Gl A5 AATE ou|A] A2 71521 25 FPSE 21}y BHA
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RetinaNet2 Al & 3 7pAF 4281 712] AJ52 HAANE,
oAl AjEles 29 4R th2 F o] Bis| ofwlx|
A2l 27} ejehs 48 skt o1& 53 YOLOV37}

At 5 X[ Sof| ciel 2153t wjsfsgrtoll A 7 et B
e 7RIt Zle geld = Qloitk
YOLOV3= AitA| o 9] -2 2=l tisf RIS 454
O 2 YRR 57 ARl = =] Aol AfiskA
U A= vs) A= AR ERste 59 A IA
T} Fig. 49} Fig. 5= W0 Sh<5of S-g-5]4] of=2 Aol
A

gt YOLOV3 S| 74A] & 2-579] Aaff Abeflo|th

no-domage 0.33

Fig. 4. An example of failure cases for small sample
detection: (A) Ground truth; (B) Prediction

Fig. 4= YOLOV3 Hdlo] 2k2- H&of v|sigx|E Auf
3t AHE1E Hojwth Fig. 4(A)2] Ground truthE AbmE
e deEs 1T 4= =T, Fig. 4B)ollA] Holxo
YOLOV3: w38l A2 S5k o] Asfshick ol
HH AEo] deHQl A& FEE FAISHA] EshlaL, 1
9] 27] A A2 Aol &3f) mdlo] |5k o ofH &S
Z¥-2- A} (hard sample)o]ct.

;

Fig. 5. An example of failure cases for classification: (A)
Ground truth; (B) Prediction

Fig. 5= YOLOV3 2dlo] 71%9] wja) Hxo] tjgt 257
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o] thaf Alufgt A S HojZth Fig. 5(A)] Ground truth
£ AR Major-damage?} Minor-damage A&E°] &=
Zhe 2l 4= ¢l=Hl, Fig. 5(B)ellA] Hol5zo] YOLOV3=
Minor-damage 7153 Major-damage 2 25 H-375}31 T 0]
+ Minor-damagel} Major-damage?l A-Eo] Atz o= L
Fo] 4=43g} No-damage, Destroyedo] H|3f| gefje] Z}o|7} =
A 947] wjolek. o oA Fig. 49] & AL} o] mo]
A8l ofele Aol ek

ol2|gh Auf A= = Aol A S8k A o] AR 1T
A 718 A7 |2h= Aol 71013k wheba] g% 27t
ZYEThH Y EQ = 720 71413} el 22|35 Fof ot=
AlEol ek Al e e A2 desel BE =l =
Al A0 288 4= gl gl 2dE sk A A
e 4 98 Ao AR

OOF O
a5 =<

A

2=

TollA= 2= 9SS E8S At = A
e 7R X F7tol] At ey 2d
FATE o] & 918l 2Rl 194 7|9 A =71
J Hglo] SSD-512, RetinaNet, YOLOvV3
ShAT: E3E Heket vlsf) A= H7HE 18
tlolElM}l xBDE ok AR 2 o]-8-5H3laL, TlofeAl
TAIE 7Nk Sl Hiols S 71W S 285t
EAE AE HolEE ghslgi) o] %, 7t el
H7H e om|A] AEj&=E v|astr] fis At
714 3#Q] mAP2} FPSE =&35)9ith HEdo 7 v &
9] mAPL} FPSE 54| aLesto] Al&3t wjsiz)
B7tol| 71 et mdS Akl

FrgollAel e a7t A49S = AA
2 wkE oln]x] AY&LE Al a5 e,
2 Hgolis % 27lo] 2% nefsolof gk A3 Az}
YOLOV3:= 34.39%2] mAPS} 467112] 24 o]n]z| Zg|&w
= 7]=5}9ck SSD-512= 31.99%2] mAPS} 3179] o]u]%]
Ae|&eg Holw & X|3to Al ZE YOLOv3®]| Hs) B
d5& 7150k5dck v RS 2 RetinaNet 4] HeHe &
Hof| A YOLOV3]| H|3}] 1.67% =2 36.06%2] mAPE 7|=
Sjou}, ofulx] HeAE Zwo]At YOLOV3S] 359 |
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