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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
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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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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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s}: AR AL SEstA S 4 9
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oo @25 750] oJ3t 913 A7
NEE T

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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