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[Abstract]

This paper has proposed an algorithm that detecting for dense small vehicle in large image efficiently. It
is consisted of two Ensemble Deep-Learning Network algorithms based on Coarse to Fine method. The system
can detect vehicle exactly on selected sub image. In the Coarse step, it can make Voting Space using the
result of various Deep-Learning Network individually. To select sub-region, it makes Voting Map by to combine
each Voting Space. In the Fine step, the sub-region selected in the Coarse step is transferred to final Deep-Leaming
Network. The sub-region can be defined by using dynamic windows. In this paper, pre-defined mapping table
has used to define dynamic windows for perspective road image. Identity judgment of vehicle moving on each
sub-region is determined by closest center point of bottom of the detected vehicle's box information. And it
is tracked by vehicle's box information on the continuous images. The proposed algorithm has evaluated for
performance of detection and cost in real time using day and night images captured by CCTV on the road.

» Key words: Ensemble Deep-Learning Network, Voting Map, Dense Small Object Detection,
High Resolution Image, Dynamic Windows
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I. Introduction
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3. Dynamic Sub-Window

Y % 9IX0j M2 =2 37| 0y

1 = window#1

AR 7| (W xH)

200 41 679 x 582

572 967 x 813

733 1256 x 1045

894 1544 x 1276

1054 1831 x 1506

Fig. 5. Dynamic sub windows mapping table



50 Journal of The Korea Society of Computer and Information

£ g HoEoh 7]@AoR w29 Gio] TR+
Perspective View EX12 vjero 2 0]8] i Y=o o
4 =olo] I Y A7E Akt Hol 22 Adith

Fig. 6. Compared dynamic sub window with static method

Fig. 6 & A% A1 9E 90 £4 A8 Ar.00] &8
Aol gt oA S WolZET sl WALl Alekg A&t
7] 9lol Wast &4 B PO R4S vlas] v, 5
ool = 7ho] xlake AEa] o) Was Awoo] Jha
7} AR HE AEouAle] A9 4t ngKoR Wt
ghel, £ AJE 9EQ wAle 7)o AEoet siol

TPsale mmres o 4 9tk

4. Vehicle Identify Judgement on Overlapped
Region Between Sub-Windows

UE S B4 A Goloz Bast, 7} A

()
1 of

Aojr] LEMES HEH 4¢ A AE 99
Qu{RY ojo] Tasth Thef AH gl Qus 7t
SA7E EAE 4% ol EAle Y F92S TR0k
7He} B FHoA o WA HEE ol o]2igt
s shte] EAPE SR = Y] =M=
2 4 W7 H2of o]t XIS shto] QUAE HE =
AL 4 =5 Ste Aol REEA] B asi.

Fig. 7 2 M8 Ao LAste oWy 9] Ue
o Erlsts skl ARgol 24 AMB A=LollM FEEof
s 2 drE Eolet. Fig. (@) & A8 ¥
& ofAlo]H, (b), (0) & 2 A8 oM M AFF
Z dAlolct. (d) & (b)° (o)) Bt SG7t At ofA]
S BoEh o5 A XS] e F 7H AE g
A B G2 2o o] 2nE Itz 53T 4
stte] xigol &+ 7He) QEAER QA= FAI7E LAY
it 712A 0z R FEoll oA AFFe] st HAX|7}
o 8517 meol Ut AFAR] ARE st
ZIEoz A st S MRS Attt

=
=

o

=

0

Ir

O
o ox
2> 4o Hn

M

Fig. 7. Identity decision of vehicles in the overlap
area for each sub windows

Qe oA BT 4 Qe e F7HRIR 2
g 4 Qth Fig. 8 & o] & 7IX|9] H9-5 mlst Zlog
A-1(A]8 o

SA-1(AE9 1) 7} SA-2(NBGY 2) o] A Golo]
N2 GO G)S BaY 1 Aol ouY g
o 2A Skt Aa)et s T AL (b)E CEA

SA-1

542
S4-2

O0f23 AEEE

(b) In the case of a vehicle is fully included on
overlap area

Fig. 8. Relation for vehicle on each sub windows

Fig. 8 (a) & RIgo] o83 gjojo] 227t ARA 9
2 SA-1 ool Al FAV} 42T SA-2
feyo] sl Ret woli- ojAjolcy. oju} X}y
SR £ ofejol B SAsp ey o)
%10 g2t A2lg Fsi0l $U of

oX
Ho

ol

rr
A

= rl
A
O{Z

dr Mo o8 1 rfr
N

oX gx d
ulc)

o
£

ujn
Y,



Ensemble Deep Network for Dense Vehicle Detection in Large Image 51

¥%l Fig. 8 (b) 9] %94 Algo] SA-1 Jol et
gr Zgwo] 91, SA-2 Yol xF AAPE AEE:
Arlolet. o] 29 xjage] slet 54 YA7E F Fejol
Nzt o) theo] 247 ke Ao A2jw]
et xlge] S1Er FA9IA7} SA-1 Geie] Astgl 9
2R EAsH: %9 SA-2 9 UpAT A g Yo

e Aleye] et wlmslel 714 717k Aol guet
Y32 ZolFo] FU RO AT 4 Y= 3k
2 4B elo] 9Bj3) 710l ot e ojujxle] Fe
of met 54 YL Uy Eolo] vl oz skt

]

IV. Experimental Result
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(a) DSW #1 (b) DSW #2
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Fig. 10. Integrated dynamic sub—windows
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Fig. 11. Fine detection result image using DSW
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F1-Score & A1 ()i} 22 $410.2 48 4 ck20]

F— Score = 2 < (Precision < recall) / (Precision + recall)

(1)



Ensemble Deep Network for Dense Vehicle Detection in Large Image 53

T o]u]x] WAZ 0|85t ¢ Faster R-CNN 2
Precision 1} Recall o] Zz¥zF 0.91, 0.77 = L}Qh_
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= 7t dajd &gu2]&59] 7ro] Precision & 0.96~0.98,
Recall € 0.95~0.960.2 o F1-Score = 0.96 9]
2 wolzglrt
Table 1. Vehicle detection result for each
deep-learning method
obj. | TP | FN | Fp | Frec| Re | Fi
ision | call |Score
Single
Faster
R-CNN 1568 | 1210 | 358 113 | 091 | 0.77 | 0.83
[12]
Single
SSD [13] 1568 | 1128 | 440 86 0.93 | 0.72 | 0.81
Single
YOLO 1568 | 1019 | 549 158 | 0.86 | 0.65 | 0.74
[14]
Proposed
(Faster | 1568 | 1512 56 62 0.96 | 0.96 | 0.96
R-CNN)
Proposed
(SSD) 1568 | 1489 79 23 0.98 | 0.95 | 0.96
Proposed
(YOLO v2) 1568 | 1507 61 45 0.97 | 0.96 | 0.96
ol ol Mokt AAgl0] Tl AT 2E A
Hlsf] A&g0] PEHE A2 ¢ 4+ don, £33+ Hiyd
o nalzol £50 2 WS WAl ot 2L ZhE
BojE 4 grke A & 4 9t

5. Tracking Result
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Hojr, 7—|}7—|} EL?:_] Az wrAll ROkt B4 Yro
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oo @25 750] oJ3t 913 A7
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Table 2. Comparison for tracking results

Vehicle |Maintain | Missed | Changed | Accurate

Single o

Based 120 86 22 12 71.67%
Proposed

Dynamic 120 117 3 0 97.50%
Window

A= 2R gt daE2 AR A A A
9] st B4 YR A u 2715 o] &5l on, F|Aa
T HY S A &sto| sYst IDE ROt s st

1. 29 AE ¥H, & 120009] X}k tisto] A&lst
Pt & Q0] 74 ID7F SAIEE 49 86Hf, ID
£ Qloje]= 49 220, HAEE 49 1202 Exf
73 AR 71.67%5 BRI 8 d=e WA D
£ XI5k 497 1174, %‘l% 3271 3tigion, A
she 4 9E o] B2l FEYE 97.50%F BoIRSIh
D 9w 90| A9 Ajef AEgol W] mhzo] G 12
U7t %5 Aol wet ARHRIAY D7} EAEE A0S
wlo] Bojx9lc} £3] Ato] AHA Yt AL D 7} ok
2 xfapo] AlbR AL Aol %97t wo] WAlstoict. vt
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V. Conclusions
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