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A STUDY OF VEHICLES TRACKING ACROSS A PEDESTRIAN CROSSWALK
APPLYING DEEP LEARNING TECHNIQUE
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This paper describes a moving vehicle detection and tracking algorithm that is useful for crossing

a pedestrian crosswalk using an omnidirectional camera. The omnidirectional camera is suitable for such

applications due to its wide viewing angles without blind spots; however, since captured image from the

omnidirectional camera is distorted that are not suitable for conventional object tracking algorithm. In

order to overcome the omnidirectional camera image distortion problem, we propose a new algorithm that

is consisting of YOLOV3 and a deep SORT algorithm. The YOLOvV3 is mainly detecting object type and

location and the deep SORT is used to track each detected object. The combination of these two algorithms

enables robust and stable object tracking even if occlusion phenomena has happened. The validity of the

proposed algorithm is confirmed by applying actual captured pedestrian crosswalk movie images.
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Fig.1 Schematic of vehicle recognition verification
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Fig.2 Experimental equipment
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Fig.3 Omnidirectional camera image
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Fig.4 Panorama converted image (lower lens image)
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Table.1 Computer specifications

0° angle(deg) 360°

Topics Spec
oS Ubuntu 18.04 LTS
CPU Intel Core™ i7-9700 CPU @ 3.00GHz
GPU NVIDIA GeForce GTX 1650
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Fig.5 Input data

Fig.6 Output image with bounding boxes
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Fig.8 Output image and zoomed image

Table.4 Detection result

Number Class Confidence score
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4 Car 0.399
5 Truck 0.300
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7 Car 0.112

Fig.8 TIXR—DWiENR, 2 fHO 7 7 A(®, @)& LT
B EShT-.

IOU % 0.5 ICRYET D 2 & T, iR A A T Omj{g T
BN TODHEATH/S T EBGOMRRHIATHET
HDHN, BEBREOMENECRTL 2D ZERNb-o
7.

4. BMEEEHDES
BEEATIE & SERTRGE O R & B, ARFZED AR T



HBYTNIA MCABEORIIE b T v F 2 T &I
DVAT LERET D, RET D ETHR LT IR
HRWEZ LTI RT.

Pl: HEhE O HEER L OME

P2: HEELDO N T v ¥/

P3: HEYENEN TV D 1O E SR

5. REFZE

Fig9 ICET DV AT LDOMNETT. B2 HA
A FWGE ) T EBICER L, YOLOV3 I AT
5. YOLOv3 CHEH(“Car”, “Bus”, “Truck”)D 7 7 A, /3
DT AV TRy I A MGEEA AT TS L
HBEND, BERHMELZT5. T L THBREDO Y
VTA VTR VAT =B E N T X TTATY XA
T % Deep SORT[13, 14, 15]iC AF1L, YOLOv3 THitt
L7-HEENEHT 57 L —ATE—DHDThHLINE
AT 5. F—72 BB ESER STV D X, TS
BEHEO R LEEN LR MLEFHE L, BEHESIEE
STWHDONEHET D, UFICFEMEIR~D.

Omnidirectional camera l
Raw image (Input) Object tracking
l By Deep SORT
Image convert l
To panorama image Checking 1D and
l calculating vectors
Object detection - l
By YOLO-v3 Finish object detection
I and tracking

Fig.9 Flow of the developed system
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Fig. 10 Object tracking in successive frames
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Fig.11 Object tracking in successive frames

6. FRIIEER

RELEFEEZNENRGEL TV L.

(1) BBEOEERBEDOHMIE
BEERHMAEICE L CRAET 5. EER CRIEL
Fig.7 &R UH#CTIT72 5. Fig.12 \ZH Mg & FaiER
THEMRH SN OYLRE %, Table.6 127 7 AL



A=A T Y. HATER THERHE S TWZHEIEO
DBLAIATPENGTZWY RS Z &N TE .

Fig.13 Object tracking in successive frames

Fig.12 Output image and zoomed image
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