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Abstract

Traditional illegal parking enforcement operates on a post-detection basis, meaning that violations are identified
long after the driver has left the vehicle. This approach has limitations in ensuring smooth traffic flow and
pedestrian safety.

To address these issues, this paper proposes a system that integrates YOLO-based object detection, the Darknet
framework, and MOSSE-based Multi-Object Tracking (MOT) technology. The system identifies vehicle parking
events and detects driver exit events from surveillance footage. The proposed approach achieves over 91%
detection accuracy for identifying driver exit moments. Instead of relying on license plate-based enforcement, this
system aims to provide proactive guidance by immediately issuing on-site warnings and notifications before the
driver moves away from the vehicle, encouraging prompt vehicle relocation and reducing illegal parking incidents.

B keywords : Illegal parking ; Real-time detection ; Object tracking ; Driver disembarkation ; Proactive enforcement
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Figure 3. Overview of Object Detection and Tracking
System Using YOLO, Darknet, and MOSSE
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Figure 4. Video Situation Awareness Algorithm for Parking
and Stopping Points
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Figure 5. Example 1 of Video Situation Awareness at
Parking and Stopping Points (Classified as a
Regular Pedestrian)
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Figure 6. Example 1 of Video Situation Awareness at
Parking and Stopping Points (Classified as a
Driver Exiting After Parking)
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This Study
J8 7. = =22 &4 F Pseudo Code

.

7. zbEE/A ] A QA&
AE T2 Fr oA Ao T QAE

Al 8 A& SRl o R i )

= AQ)E AL & Stk
~ NoDP
"= NoTP
NoDP : 1451 Abersh ahepe] Aa) 4,
NoTP : se)Ql) Abekst heke] AA AR 5

b Aol #4244 s AW B

=
=

QoA ANH TR A $AAL 5
sk Aol Qi WA Aure sy as

oA ANAR R AEE 5 o), A

=29l o] QIAEA ek WA FEA AR
A FAYoR Felste] AET 5 ol
gt L =R g 7 EAES vz TR
Aol Qi A Aol FAE AW, FAFE

p = p: & waE 3)
NoDB = 128l 28 akak AlAle] 2pekae,
NoTD : A %A Aol A a4 Aol A e
t}. FPPI (false positives per image)
FPPI:= 244 #1%(Object Detection) A5 3
7hell A ARRE = Aol
Total False Positives( FP) FrameCount

FPPr= Total DataSet Count @

D= A Ag Holy Zadd A 23
At Aol opd A3 HEH(eAHE
e zedde] 8 vEs AEd 7 e

FPPIE ol Wo

g



o] 5sh= WhA, 3hakgt &A= Aol A3k
Al A B A &sh= 5A o] Atk

[2%) 812 AA] @4 L& A A Aty &
1YFE AFsH] fste] Fa AR
g o AL sHAeE ol who
2 U2 AbS AR ek 3RS 2 R
]

4) FA7+< parking

5) 07 33 AF A4

Figure 8. On-Site Video Situation Experiment (Classified as

a Driver Exiting After Parking)
O 8 S o ME MEH(FA = 5HkF 2TAR

(213 9= 14, 2, sk 34 A
A% QES dEn G2 AAT ol
o (23 8le] 5/ B2 Foe s A

20253 058 ADLED|CIO{ X4 23

Box)sh F#7] F4& Agehis e} 9)

Astel, Aol W= LA Aol 4
AN waAe ARE) we] FH Aa
of A vhe-d wash GAA Hi 5ol o)
ok FEAGA A LA A oz A
W Qe A ol A e w2t By
Aol efokdew wElS B 4 gl

Figure 9. Detailed On-Site Video (Classified as a Driver
Exiting After Parking)
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