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ABSTRACT

This paper proposes a deep convolutional neural network (DCNN) based on the YOLOvV3
architecture to design an end-to-end vehicle detection and tracking system. It is considered feasible to
use the fine-tuning method because the increase in detection accuracy of vehicles is quite limited even
through retraining the entire DCNN using humerous images in the ImageNet dataset. To facilitate use
of the fine-tuning method, we designed a custom database that includes three different types of
vehicles, namely buses, cars, and trucks. In the pre-training phase of the fine-tuning method, the
proposed method achieved a classification rate of 98%. In vehicle detection, we used four test videos
with different scenarios, namely highways, alleyways, night lanes, and urban roads, to achieve
detection rates of 78.8%, 69.1%, 86.2%, and 88.1%, respectively. The CPU only-based detection
speed can reach 420-470 ms per frame when the input image size is 1920 x 1080 pixels. The overall

average detection rate and false alarm rate for the four test videos was 82.1% and 9.8%, respectively,
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which indicates the feasibility and effectiveness of the proposed method.

Key Words: deep learning, deep convolutional neural network ( DCNN ) , vehicle classification,

Vehicle detection
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LTI FAE 2 o O BETERE ~ %0+ 75  IHBIE (Objectness)
RAMBEAIMRS - Hop | SR8 | RS | R
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5. A CIRHVEEREDRIE - B (a) Ed: (Bus)» (b) RE (Truck) - (c) /NEH (Sedan) J (d) fKJRKE (SUV) >
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( http://host.robots.ox.ac.uk/pascal/VOC/voc2007/ ) H1F7a
JERER T B » W B R A R B = T IERU BRIt
0B 1 7] » FHARVEESE O HiRhE 7 (a) B (b) ot e
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FE B ERVHEHRAE - K T RS FHE U OB RAE S A
HIkBEH - BRA sigmoid BRI RIS E - ERETHHI RS
EAE (0,1) HEN (RAEEMRERYREATER 1) - R85
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P RSB /E L FAAEE - pu T pr R el FUAERY R B Bl R
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b, =(co(t,)+c,)/W; b, =(c(t,)+c,)/H

. (2)
b, =p,e" /W; b, =p,e" /H

CX
P
Cy E-... I....I.I..IIE
: b, .
E O'Ct ) E bx=octx)+cx
Pr | by ._.l " |l: b=o(t )+c
. vy y/ Ty
: o(t) » b =p e
E E bh=pheth

8. Yolov3 FRHEREREE (BECRR18])

=~ GRS
BT AREERPTAIIESE £4: (Operation System; OS) £y
Linux Ubuntu 16.04 - £ 458 & 5 22 22 5% ( Integrated

=

Development Environment; IDE ) & Python 3.5 64 {i7 JTAYRR
A & Keras 2.1.6 » Tensorflow 1.8.0 F1 Opencv-python
3.4.1.15 - REHLEITIE Intel i7-7770 pEEies - - HEMHA
16 GB fysC &R - WACA 11GB CiEHEHY GTX 1080Ti Hl5E
7 NVIDIA GPU & - AEEafr AlE - 9% %EE Google
Images -

B B 1 40K B Rt P P S fe S Y B [ 7 2 B
T+ VRE R RESE =R HAE 5 AR o PR e
VR R R EAE R B Sy R Ry 684 - 699 F 648 5 o BEE
THERHY 3/4 oG IR MRl 4 - HoBRAy 1/4 RIFEMONE - H
W 1 PR °

width vs. height of anchors in VOC-2007
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log width vs. log height of anchors in VOC-2007
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(b)

B 7. B VOC2007 FIS&FRHEHREFARIEE BIZRE » FIF K-means ZEEATEA 9 {# anchor boxes A FIREHTE ~ &5
HAEFE AR : (a) SMERRETAET HIZENE - 50 > (b) BB RETAEE HIZIENE - S
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(—) FerReERs PR RS B PR RS R
TETHIIGRIE B » A SRR ATiR 1A G 0 SRR
FEFREEERE (Precision) » A A% (Recall ) DL, fl1-score &5
[EBE > HeHbEEEERNT

L. T
recision = 3
P TP+ FP (3
recall = ™ (4)
TP+FN
f, —score = 2 (5)

1/ precision+1/ recall

Hrt TP (True Positive ) 1 FP ( False Positive ) 47 RIZRIE
TEANSERR I S R P2 o0 JHA 5051 - T FN (False Negative )
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Precision Recall fl-score
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3. AN BTGB S S SRR AR R

Bt HEH fH
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