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1 d A A g e %S A 0 Mask R-CNN & T 3o B 5 chd Bt
PR Y - fBF ¥ 302 gm R enE R B ¥ % 1 Faster R-CNN -

MEE 24 B BOUIE RRE Y 2 dm R A

Abstract

In intelligent transportation systems, vehicle detection and classification at
urban intersections has always been an important issue. With the rapid development
of unmanned aerial vehicles (UAVs), more and more researches have been starting to
perform image-based traffic analysis on aerial videos rather than CCTV videos. In
this study, one of the recently developed deep learning architectures, namely Mask R-
CNN, was adopted for vehicle detection and classification tasks in aerial images. In
order to detect the area of a vehicle more precisely, the pixel-level segmentation of
each vehicle was extracted and fitted by a rotatable bounding box. In the meantime,
this study divided the detected vehicles into four categories: sedan, truck, bus and
other. The experimental result shows that the mean Average Precision of Mask R-CNN
is significantly better than that of another commonly used deep learning architecture,
Faster R-CNN.

Keywords: Aerial Image, Image Processing, Deep Learning, Vehicle Detection and

Classification.
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1% Mask R-CNN 1§ il & & £ % 30 8 0 2 i

WEREFAESD h®Ae 0 pF LRI R LT A kAR AR
FIEAR o A7 E 3E 8 4 s(Intelligent Transportation System, ITS)? > 3 5
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IR p Rt R E R o g R Y "?’f-fﬁ‘ﬁ/? R W g

TR R e d RS L TR 2 T 0 1 BRIk R 8 4R
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Scope Definition

Flight Planning
£ »

Flight Implementation Data Acquisition

Data Analysis

Data Interpretation

u7% H Bl (Khana et al., 2017)

I
Vehicle detecting and tracking method

Vehicle shape
detecting

|

Image registration

Image feature
extraction

Road parameters

Vehicle tracking

B 4% 14 R 22 3 i 42 Bl(Wang et al., 2008)
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1 Mask R-CNN # 3 2 8 52 4 B 7 2 4@

= [l (Histogram of Oriented Gradient, HOG) ~ Adaboost ¥ Harr-like BHcE &
HELAPFADEE R A E U RIIREE HZ I FLOMFS S PR o
FHERLFFREY oA B F3F 5 PG #Bé xE‘lF" g R

BFul i AR 'g\“”"' ‘\A’fr’A\ B> e+ E AL A Ki‘ﬁ_u = ek e Hodol
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D e 7 A M ' éﬁ#d.ﬁi‘_.‘s}’é&“ ERUVES X3 SN N T S
g B *-‘;@—i > ;‘;é PIHARTEI R REGS AL ZEPRETY R IRY

AR T DB A ) R A R o R A A
% g lg\:fi‘,{%:{l{iﬁiplmtm H & ¥ * o5 7& jem bR G
TN R R I S Rl LS .w@w* s\«& RS X R
e SN = - .'g:v' iﬁ w7 fe R R (Scale)t A2 < B % LR ek
%K#ﬁfx’;eﬁ d P ERERRY TS "“ﬁﬁzyﬁ E S FNR AR R A A
;zgims;f;#gzip,i? A Y %ézaﬁﬂ%:é‘fs.?of—** e

A

BoY g % “L’E’J‘_# [0 5-Rus - TR R s ,,L,_.% Z,";f’g__;._f# = 3- Ti =8 Ay
FRE D D FREY R oz - -

Training stage

Training
videos

Detection stage

Ll

Region Proposal i
Networks (RPN) '
i

i

1

Vehicle detection
with Faster R-CNN

Fast R-CNN

Vehicle detection results

(b)

Bl 3 Xu & X 74 2 (a) & §m i Rl A2 B & (b) 2 i plg % (Xuetal., 2017)

Xu % 4 (2017) & 2016 + #- Faster R-CNN(Regions with Convolutional
Neural Network features)(2016) 2 £ * *+ 7 4p 2 (2 & 48 0 ] & &> 4o B] 3 #7
Too pHBB RIS @A e B4 mr—,?—,ﬁ:—r s Wrpr & v i 1] 94.94% o d A
FE S A o B AL T LGRS A SRR R Y P
[ .ﬁxmﬂ&ﬁé K J_iﬂg’,fzjf B iﬁ:‘zu;‘{ LA N R R

Tang * * (2017) & 2017 # 3% 417 fe $% AA>* Faster R-CNN 0.2 i i 78]
> B - A2 fmik % g (Vehicle Proposal Network, VPN) » 2 & 7 f &
Rk A A E D Rk R o RS %waﬁ¢ﬁ$%wmm
Classification Network, VCN) i :&— #H 5 FE Rl > T A~ B3 + 8
WEFARFod AN ERA GRRAFRAFY 20UV FE A EMA D
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Bl 4 Tang ¥ * K3+ 2 7 #£ Bl(Tang et al., 2017)
Sommer % 4 (2017) & 2017 # #- Faster R-CNN #2 FCN(Long et al., 2015)
& PR 5 T o BB £ A B HRLS R RS R g SRS
T F " region proposal f4 ZF#cE 0 g b B L R 1 ad i RPN AR
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£ BiEeA S 2 RS E R o

Region
Proposal Fusion Classifier
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Segmentation ﬂ—

] 5 Sommer 3 4 3K 3+ 2 7 1 Bl (Sommer et al., 2017)
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1% Mask R-CNN il & & 87 % 40 B . 2 4@

RO 5 ATE D FARARR o d AR PR L 2R o

HERBPPERP G B LS B AL R Rk
TAGE TN A AR %Y WEHET Y S bR R HA

>~ W ﬁf}

b
8 g e R (7 R 248 1 (Region of Interest) sffiB o #1515
B R~ A ugsr A2y ROI BRI Y B o @ R R8T A%
Airgk* He & £ (2017)#7#%& 2 Mask R-CNN 7 4% - 1% Mask R-CNN ﬁ%l A
2y ¥ (Mask)#5 21 2 f@ s s o GRSt R U O RS- S-S L)
W% kP ek & B e 52 B4 & (Rectangle Fitting) » B~ % d 448 +
Z + #1352 2_ ¢ B +=(Bounding Box) -

4
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« =T s M

Mask R-CNN

Detection& .
Classification VEhICIetype

Image .
stabilization — ROl extraction —*

Video —

Rectangle Vehicle

Segmentation .. — L.
fitting position

F16 AF g =ik 2 42
31 %3 W RAE

BRI Z AR GEFIEL I A2 o d R AP AE X TR
P ERP G i R Y Tl F A AR R 7 R 18 (Image
Alignment) > FE TS R i? iR B R E P BF AR - BT e Rk
g4 B e AFT 7 % d Evangelidis ¥ Psarakis #7# J! ¢ ECC(Enhanced
Correlation Coefficient) 8 i 42 # tw(Evangelidis et al., 2008) » i% i& 45 & $i5 »

Bt A0 B e % e M i SR - B 33 enig e A
¥

? drr B B B REL > REFERER G- RehT e B
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Template

Input Image

Estimated
transformation

nohoh,
h._

» (ecc) =+ |

Warped
Input Image

B 7 ECC # ¥4 ;2 2 /427 & Bl (Evangelidis et al., 2008)
AEFTEYZ R T ES RS 75 % ~ 247 R 5 1920x1080 -
%Vﬁﬁﬁﬁ%iﬁﬁuﬁ%%¥ﬂﬁ&%ﬁﬁﬁ?°%ﬁ%@@%i“
EJEeng dp Y o Lt 3R 5@ g 7 1024x1024 #FiT5 ROl. -
BZSGERET o PR @ ER T Y e ¥ 3 AR RGN 2 0
B R o 4o 8 #7on o

"’ (wd)

, 1T
LY

‘;. i,‘lf 4
) Gy

y

B 8 ROI % % H&]
3.2 1% Mask R-CNN f iel/35: 2§

b g A SR FAHB S - e EA N A
FraR et ERPH? HImdmesergp 8 RCNN 2 4
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1% Mask R-CNN # 5 4 47 5 4 % fh? 2 4

BOBGY DR FAN TS ERBRFS N RAR LY hir ) oR-
CNN 7 H 4~ 48 1) «P'J Fy %#H% PR EL RS i?dﬁﬁ R
Y #M  Ren % 4 4 2015 & 3t R-CNN & (7 i 1+ > 5 B 1 7
1 Faster R-CNN(Ren et aI., 2016) - p #* > Faster R-CNN = 5 f - 482 ¥

WRIB Ry A2 - o EFRAAPDLEF R AR T Hh PR
BN AT o A EREARE R G P AR E AT R enR R Hn] AL
BRRAZ PG O T ERM BRI R AR ST AR KA

Faster R-CNN % — 4ai & 5 4 = i (L3RI Pl ehde i@ o= > drfiid Jf o i
$2 qpef o 4oR 3(b) -

F Fpt 0 AFTF 513 Mask R-CNN 7 3 (7 47 2 A4 3] erfd i - 3-8
FRZPPGT HB s gR e 20 3R A RCNN 47 o 488 iR
il m§1‘?ﬁ E NI el éig Long % 4 (Long et al., 2015) . 2015 & % #
G- R A CNN e s BB H - N N MR EadRge @ PRRA S
R 0 R gl }_@a‘&ﬁ] FHELHE rﬂﬁ“ﬁ’» Z # Fully
Convolutional Networks(FCN) » 4] 9 #77% o #iE -5 FF 778 1L 12 FHcm F
’éa% Wedp ) BRSO ARE R IR S L T ok BT A A s;

(R - Jfﬂ*% ° ip 'Wi,\, s i» ﬁt Mask R-CNN 2 745 * >
/; B~ WRlfeas B2 < Bl gt [ X

forward /inference

backward/learning

2

B9 FCN 7 #®l(Long et al., 2015)

BripHir 2 > APEE R T Mask R-CNN
5 Wl J_ipﬁ v 2 fmE ¥ 0 B 10(a) = Faster R-CNN i
s LIRS A % LIE{/F'L%’F‘E_’} % P'{; # 2 H{/Flj_ﬁv}:ﬁaﬂlj Fi**
L) FasterR CNN gl 5l ende 238 B = 2 ?faé%?ﬁ;%ﬁﬁ PERC IO Ik SRl
B 10(b) = Mask R-CNN 1 ;)5 % » ¥ 45 %3 . Mask R-CNN ™ 7 e g ¢

=
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@ Y (mask) & & 75 K 88 gm0 SR 4B T SR iR bo]
10(C) - 2 ¥ » i d BB D N4 LR B AU Gd B S R
IK\FE,|7 |g\%‘<‘!:,a

@] 10 (a) Faster R-CNN 1 g/~ 25 % % ; (b) Mask R-CNN 7 P& %
(C) Mask R-CNN 14 jp|/ 4 kaFI_E*ﬁ_

3.3 #8 ipf FE FEVRE RBRER TR

d 5 Mask R-CNN s #h B3 8 % « » iz § ook it 2 fm e )
PR T AP R AR (TAETR S 0 B o] il B 424 T
mgﬂ, 40 & BER L kB Rt B R R - A MJ’# Mask R-CNN &g §
BT o *&;ﬁ—l‘ ¢ (Rotating Calipers);# & ;* (Toussaint, Godfried T.,
1983)45 ”"ﬁx" - if’?’ﬂ—&»‘”‘ B bR BB EY 0 LY s
AR o A FRAT UG NEG SN 4 BUEREARTE o TS TR
LA Sl %gbm %’i% B3 auEAides JEEE A B @ﬁ’lﬁ*ﬁ%‘kﬁiﬁi’{zr
Bl 11 #7 o

T ~REHREFEL
41 REBEBBEERIFTH
AR AR B IES YL K Windows 8 17 kL~ 54 Intel® Core™
i7-5820k CPU@3.30GHz - = %8 80G - % 7+ + NVIDIA GTX1080Ti 11G

THRRE T T 0 4 10241024 < ) Z PIREF AR GRS o I iR
B RT3 5 3fps e

Py REREE S SR B TE D § RS
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1 Mask R-CNN # 3 2 8 52 4 B 7 2 4@

fa o MBET AP S E AT 2 L 1024x1024 (345 B el 5 fps o A K 6 B R

ez R Y (AoBl 12(0) 0 BiE A T PE P F R D Rl § 7 PEB?F"’
RS PR o DA BT SRR Y (0B 12(b)) o A E
454 & A")""ﬁﬁ”f‘m?’ daE R EE > 1 Ufps 4 I B4k 4 720 3R

EE I

Bl 1l B8 E 5%

BIEE R Y 2 D dElcE Aot 1 9rm 0 AT Y L 3 A4 o B
A G Ufpsy & 7 180 R BIFEE & o R D dmpF > A F“ﬂz"-?' A G E B
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¢ g &
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KRR R H B T Ltk A §E o
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1 Mask R-CNN # 3 2 8 52 4 B 7 2 4@

21 PIREZHB TR

42 RE%S %

i iR YRR e R 0 3 ¥ @ % Intersection over Union
(IOU) ke AR > B3 BR3P F A FIA 1 enind FF%2
T Flp R A b i IOU shR i R AN R R R en
R ER Rl E it 6] o @ R-CNN A - f i pIpF > » € L3500 %
B¥ oy chf BT > BB E IOU <+t TR EPF R 2T £ F 5P R
P o 4o@ 13 #757 o

Area of Overlap
loU =

Area of Union

B 13 10U 7+ & B

FI* QU E NEfsis 27 A B L Fopint €2 fplisL
T AT U s FES fE AP g T T 32 & (Average Precision, AP) k § 1T T
Bath o 4oB 14 507 o AP A7 kR TR R FRR itk 0 H- B D
FiMn T Er R R Ao LGSR RLNR N EG
AP b o 3 iFE At B AR el R A AR E B s
Brandgmied o RS E Mo BFE A 8 ohT IS A 358 (mean Average
Precision, mAP) -

115



REUEHE ¥4 E FoPH AR-OrEL-

Mean Average Precision: example

(] ] ] | re—
ween [BOUBOUEE

Recall 02 02 04 04 04 06 06 06 08 10
Precision 1.0 05 067 05 04 05 043 038 044 05

l l l = relevant documents for query 2
woee [JBOUBUBUOD

Recall 0.0 0.33 033 033 067 067 1.0 10 1.0 10
Precision 00 05 033 02504 033 043 0.38 033 0.3

average precision query 1 = (1.0 +0.67+ 0.5+ 0.44 +0.5)/5 = 0.62
average precision query 2 = (0.5 + 0.4 + 0.43)/3 = 0.44

mean average precision = (0.62 + 0.44)/2 = 0.53
B 14 AP:*% 7+ & B (Lavrenko, 2013)

% 2 5 43pIEEFSMAP B% > & 10U i 0.7 e iR Mask R-
CNN ' mAP S5 F e E D 73tz dpR e B8 Lo F 2mAP
PG MR F]A & AR e R AAF O BB T FE R FE AR ot
o j€A 27 g 4 Mask R-CNN i jpj»2 % v Faster R-CNN P 2 { >
% Mask R-CNN & jp| 5 % it S % B erph £ & 48 > 3 2548 mAP +* Faster
R-CNN #% = { & -

% 2 Faster R-CNN ¥# Mask R-CNN 2. mAP * fiz

© FasterRCNN  MaskR-CNN
~ Videol 0.648 0.754
~ Video2 0.610 0.748
~ Video3 0.677 0.783
"~ Videod 0.674 0.772
~ Average 0.652 0.764

BT AAPLR 4 BRIEEC Y OSFHFR D TATHBERY IR
TALE MR AL Gt bR T AW BT L BB AT BIAZIE S 2 B
RS EARFIRT ) R A A E R R E R S gy R
KW A & o

03 LB AERREA S S 0 Al AP R HT A fR e

1 3

f%g\mﬁ ’ ﬁv’.aﬁ.gmg%%fﬁé\ﬁ o KA 3 R% ¢ v F‘ a4
SRR G AR RFIED T A EARE B mr;x%;},,
gmag s de bV UE R A HERASFES 4o Ra H3021 50 ARG
SR R R Frm“ % iE 99.4%; L P WA P gL B gt
45 75 96.8%F I FE A 4E o
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iie
.
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o )

o oy 154.
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1% Mask R-CNN # 5 4 47 5 4 % fh? 2 4

23 B fh B2 0K e

Classification
Sedan Truck Bus Others

G q Sedan 5500 18 14 0
;ﬁﬁﬂ Truck 199 359 18 0
Bus 1 1 61 0

Others 5 0 0 0

i~%

kF g ¢ AP Mask R-CNN $+ %5 4p 828 71 2@ 4 Rl 22 & 4

T EETHEE BT LA E D fede e A Pt 57 Mask R-CNN £ Faster
R-CNN %% > 5d 9 5% %4> Mask R-CNN § B4t 22 a2 ifc? 35 41 2 4
&S pE R B BR 0 4p it Faster R-CNN %38 A= { 4 & i » 47 75
oo

IURAFYFRARD I PR T REEYR R R AE

A AT BRI e "'ﬁp%—'fé_f E AR T B ER S L
ORI RTALE S R B PR T T R B TR R e A D
7T EET rﬂ@1"$s]“n‘(Robustness) Vo 25 deirin g REEH
kig- HE A BRI REEFREY ALK E S EA e B 42
”F“F'&EL_/‘* te F AR 3 e h T o
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